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Abstract

Fuel consumption in heavy-duty off-road machinery depends on a wide range of interacting factors
related to the operating environment, the technical characteristics and condition of the machine, and
the behaviour, experience and state of the operator. Existing studies typically address only
fragments of this relationship, focusing on vehicle parameters, selected environmental factors or
individual aspects of driving style. The method proposed in this work provides a general and
transferable framework for assessing fuel consumption in any type of machine or vehicle. The
Integrated Fuel Consumption Assessment Model (IFCAM) combines environmental, vehicle and
human domains into a coherent structured formula that can be used across different operational
contexts. The model was developed using continuous short-term measurements and long-term
operational data collected during real industrial work. Its universal structure makes it applicable
not only to mining equipment, but also to construction machinery and transport vehicles, as well as
conventional passenger cars, where it offers a systematic procedure for estimating fuel demand
under variable operating conditions. The results demonstrate that integrating multi-domain data
improves predictive accuracy and opens new possibilities for analysing operator influence and
overall energy efficiency.

Keywords: fuel consumption; heavy-duty machines; construction machinery; transport vehicles;
operating environment; vehicle characteristics; operator behaviour; integrated assessment model;
machine performance; IFCAM

1. Introduction

Climate change has been identified for many years as a central global challenge, a conclusion
consistently reinforced in successive IPCC assessments, including the 2014 report and the more recent
AR6 publication [1-4]. Both documents emphasise that stabilising greenhouse gas emissions,
particularly CO,, is essential for limiting future environmental and socio-economic impacts. Similar
priorities were reflected earlier in the Kyoto Protocol and the Paris Agreement, where emission
reductions became a core element of international climate policy [2,3].

Within this context, the transport sector plays a decisive role. Although it is responsible for
approximately 22% of global anthropogenic CO, emissions, the share attributed to heavy-duty
vehicles (HDVs) and specialised machinery is significantly higher than their proportion in the global
fleet would suggest [4]. These vehicles operate under demanding conditions, often with long duty
cycles, high loads, and limited opportunities for energy recovery, which translates directly into
disproportionately high fuel consumption [4,5]. Their role is particularly evident in mining and
construction environments, where Non-Road Mobile Machinery (NRMM) powered by internal
combustion engines operate round the clock and account for a substantial share of total energy use.

Over the past two decades, both freight activity and the number of HDVs in operation have
grown steadily worldwide [6,7]. Long-term projections further indicate that global heavy-duty fleets
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may nearly double by 2040, resulting in marked increases in fuel demand and related emissions [8,9].
At the same time, regulatory frameworks in the European Union- such as the CO, reduction targets
for HDVs introduced in 2019- aim to limit these trends while encouraging the development of more
efficient powertrains and alternative fuels [10,11]. Industrial analyses suggest, however, that
combustion engines will continue to dominate heavy-duty applications in the near future, making
improvements in operational fuel efficiency a priority for manufacturers and fleet operators [12].

The scientific literature confirms that fuel consumption in heavy-duty vehicles is shaped by a
wide array of factors, including machine characteristics, environmental conditions and human
behaviour. Yet most studies examine these factors separately, which limits their usefulness in
complex, real-world operating environments. This fragmentation makes it difficult to build models
that are both accurate and transferable across vehicle types, operating settings and user profiles.

For this reason, there is a clear need for an integrated assessment method that jointly
incorporates environmental, technical and behavioural determinants of fuel consumption. The
present work addresses this need by introducing the Integrated Fuel Consumption Assessment
Model (IFCAM), a framework developed using real operational data from heavy-duty machinery
and applicable to a broad range of vehicles and operating contexts.

2. Literature Review

Fuel consumption in vehicles and heavy machinery has long been recognised as a key parameter
affecting operating costs and environmental impact. In recent years, this topic has gained additional
relevance due to global efforts to reduce greenhouse gas emissions and improve energy efficiency.
Numerous studies have addressed factors that influence fuel use under real operating conditions,
focusing on four main areas: vehicle design and technical parameters, environmental and road
conditions, driver behaviour, and the type of fuel. Although each of these domains has been
investigated extensively, the literature remains fragmented and lacks an integrated approach suited
for heavy machinery.

A large body of research examines fuel consumption as a function of vehicle-related parameters.
Various methods have been proposed to estimate fuel use on the basis of technical indicators [13-19].
Many studies focus on the influence of vehicle mass and payload. In [20], the impact of payload mass
and road gradient on fuel consumption was analysed, showing that heavier loads increase engine
demand and fuel use, especially on gradients above 5%. Other works [21-26]confirmed that payload
and road infrastructure significantly affect CO, and NOx emissions and distance-based fuel
consumption. For example, [21] reported that a heavy truck operating with a 20-ton payload showed
a 67% increase in fuel consumption in urban conditions and a 45% increase on extra-urban routes.
Additional results in [26] indicated that extra-urban cycles reduce fuel consumption by
approximately 20% compared with mixed cycles.

Engine power and drivetrain characteristics also play an important role. The analysis in [23]
showed that vehicles equipped with higher-power engines exhibited lower fuel consumption and
reduced emissions, partly due to the presence of advanced exhaust after-treatment systems. Studies
on engine downsizing [27] demonstrated that reducing engine displacement while maintaining
power output can lower fuel consumption and emissions. Other works highlighted the influence of
drivetrain efficiency, torque characteristics and gear selection on energy use in heavy-duty
applications [15,16,18]. A broader technical perspective was provided in [28], where 21 parameters,
including vehicle mass, rolling resistance, drivetrain losses and aerodynamic characteristics, were
identified as significant determinants of fuel consumption.

Environmental and climatic conditions form the second major group of factors. In [29]the
relationship between ambient temperature, rolling resistance, air density and drivetrain efficiency
was analysed. Temperature variations from -15 °C to +30 °C were shown to cause measurable changes
in fuel consumption, with a minimum at around 9 °C and an increase of about 7% at temperature
extremes. Lower temperatures increase rolling resistance and air density, contributing to higher
energy demand. Similar relationships were observed in studies addressing the combined effects of
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terrain, atmospheric pressure, microclimate and road surface [20,29-33]. Recent findings [34]
emphasise the growing importance of high-resolution environmental modelling due to the non-linear
behaviour of modern propulsion systems, including hybrid and regenerative systems.

Road geometry also has a substantial impact on fuel use. In [35], a predictive cruise-control
algorithm was introduced that uses rolling resistance, aerodynamic drag and gravitational forces to
anticipate engine load. This approach resulted in a 3.5% reduction in fuel consumption over a 120 km
route and a 42% reduction in gear shifts. A related mathematical model in [36]quantified the influence
of speed, elevation and gradient on fuel consumption in mountainous conditions. Simulations and
fleet analyses in [37] further indicated that omitting slope dynamics and transient load responses can
lead to errors exceeding 15% in fuel consumption estimation.

Human behaviour is another decisive factor. Numerous studies [38—42]have shown that driving
style, particularly rapid acceleration, high speed variability and unnecessary braking, significantly
affects fuel consumption. These findings form the basis for eco-driving strategies. Research on eco-
driving [40-48] reports potential fuel savings of up to 15% [49]. However, long-term improvements
are limited because drivers tend to return to previous habits [50], and awareness regarding the impact
of driving style remains low [51]. Other studies pointed to the limited use of incentive systems for
fuel-efficient driving [52,53]. Sustainable reductions in fuel consumption therefore require
continuous monitoring of driver behaviour and operating parameters [54].

The literature also addresses broader human factors. The influence of emotional state [38,55,56],
aggression [57,58], fatigue, health status [59-62], skills [50], age [63,64] and use of intoxicants
[62,65,66] on driving behaviour and fuel consumption has been documented. Behavioural variability
between operators is now recognised as one of the largest sources of uncertainty in predictive models,
which is consistent with recent findings presented in [67].

Fuel type and composition constitute another important research area. Numerous works have
examined the performance and environmental implications of biofuels and fuel blends, including
FAME and FAEE esters [68], palm-oil-derived fuels [69], diesel-natural gas dual-fuel systems [70],
bioethanol blends [71] and fuels containing nanomaterial additives [72]. Many studies showed that
although specific fuel consumption may be higher due to lower calorific value, renewable fuel
components improve overall environmental performance. Research on glycerol-based fuels [73,74]
and locally developed blends [75-77] identified further options for low-cost, low-carbon solutions. In
[78], adding 30% n-butanol reduced CO, emissions and lowered fossil-carbon content due to the
biogenic share of the fuel.

Modelling and prediction of fuel consumption are also widely addressed. Classical regression
models and combustion-process analyses [79-81] have been complemented by machine-learning
approaches using neural networks and multi-parameter telematics data. Large data sets derived from
CAN-bus and OBD systems enable the development of advanced predictive models [34,67]. These
studies show that traditional assessment methods require updating, as they do not fully reflect
current vehicle technologies, duty cycles or energy management strategies. This view is consistent
with findings in [82], which highlight limitations of existing frameworks such as HDM-4 and the need
for their recalibration.

In summary, fuel consumption has been studied extensively for many decades, and remains
central to international strategies aimed at reducing emissions. Despite the wide range of existing
research, knowledge is dispersed across separate domains, and there is no comprehensive method
that integrates vehicle parameters, environmental factors and human behaviour. This gap is
particularly evident for heavy machinery, which will continue to rely on combustion engines for
many years. These observations justify the development of a systematic and transferable fuel
consumption assessment method.

3. Model and Methodology

The fuel consumption assessment method proposed in this study is based on the practical
observation that fuel use in heavy-duty machinery results from the interaction of three areas
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operating simultaneously. These include the operating environment, the technical characteristics of
the vehicle and the human factor associated with the operator. In practice, these three domains form
a single interacting system, and fuel consumption is the measurable outcome of their combined effect.
This concept, frequently highlighted in operational studies of transport and mining machinery, is
reflected in the Environment - Vehicle - Human diagram, where fuel consumption remains at the
centre of the interaction.

The development of the method followed a sequence that mirrors the logic of real data
processing. At the beginning, it was necessary to define the boundaries of the system by specifying
criteria such as dataset size, data homogeneity, availability and the possibility of completing missing
records. Only after meeting these requirements was it possible to proceed with the main analytical
stages: data collection, verification of raw signals, construction of individual models and validation
of the selected variables. These stages correspond directly to the workflow shown in the
methodological diagram and illustrate how raw operational data are transformed into a structured
analytical model.

The central component of the method is the Integrated Fuel Consumption Assessment Model
(IFCAM). This structure groups all relevant variables into three coherent areas: the Environment
Model (EM), the Vehicle Model (VM) and the Human Model (HM). The EM includes parameters
typical for underground and open-pit conditions, such as temperature, humidity, pressure, dust
level, terrain profile or road infrastructure. The VM comprises construction-related factors, operating
conditions, engine and drivetrain characteristics and the type of fuel used. The HM includes operator-
related features such as age, health status, well-being, skills and driving style, which directly
influence the energy demand of the machine.

A key feature of the IFCAM structure is the clear placement of each parameter within its
functional category. This makes the model scalable and adaptable to other machine types,
construction equipment and road transport fleets. Its modular architecture also allows for further
extensions, for example by including new vehicle propulsion technologies or additional behavioural
indicators.

In the final stage, the validated EM, VM and HM variables are integrated into the fuel
consumption model, which becomes the basis for subsequent analytical and optimisation tasks.
Although this paper does not discuss the operator efficiency index or neural network prediction
modules, the method preserves the ability to incorporate these elements in separate studies.

Overall, the diagrams used in this section illustrate how the assessment method progresses from
defining the operational system, through modelling the three core domains, to the final integration
step that forms the IFCAM model. Taken together, these components provide a transparent and
consistent methodology for evaluating fuel consumption under real and continuously changing
operating conditions.

3.1. Structure of the Integrated Fuel Consumption Assessment Model

The Integrated Fuel Consumption Assessment Model (IFCAM) is built on three fundamental
components: the Environment Model, the Vehicle Model and the Human Model, as shown in Figure
1. Each component groups variables that describe a separate area of influence on fuel consumption.
The model can be applied to different types of machinery, including underground and surface
mining equipment, construction machines, transport vehicles, agricultural machinery and specialised
industrial vehicles. The mining case presented in this study serves only as an example of
implementation.
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FUEL
CONSUMPTION

Figure 1. Conceptual structure of the Environment—Vehicle-Human system used in IFCAM.

3.1.1. Environment Model (EM)

The Environment Model groups external physical and infrastructural conditions in which the
machine operates. These factors do not depend on the vehicle or the operator and describe the
characteristics of the location in which the machine performs its tasks.

The EM includes the following variables:

e  EM-T- temperature: ambient temperature in the working area,

° EM-H- humidity: relative air humidity,

e  EM-P- atmospheric pressure: pressure at the operating site (e.g. depth underground or altitude
above sea level),

e EM-D- dust level: concentration of airborne particulate matter,

e  EM-TP- terrain profile: geometry of the ground or roadway, including inclines and local
variations,

¢  EM-RI-road or ground infrastructure: surface type and condition,

e  EM-O- other environment-specific parameters: factors characteristic for a specific location.

The Environmental Model is expressed as:
EM=f(EM-T,EM —H, EM—P,EM — D, EM —TP, EM —RI, EM 0) 1)

3.1.2. Vehicle Model (VM)

The Vehicle Model describes the characteristics of the machine itself. It consists of four sub-
models: Construction, Operation, Propulsion and Fuel. This structure allows the model to be used
for different machine types and applications.

1.  Vehicle Construction Sub-Model ( VM-C)

e  VM-C-VM- vehicle mass (empty): base mass of the machine,
e VM-C-LM- load mass: mass of the transported material,
e VM-C-VT- vehicle type: classification based on function and configuration,
e VM-C-VA-vehicle age: age or hours of operation,
e VM-C-O- other construction parameters.
VM —C = f(VM — C— VM, VM — C — LM, VM — C — VT, VM — C — VA, VM — C — 0)

)

1. Vehicle Operation Sub-Model ( VM-O)
e VM-O-D - distance or operating cycle type,
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¢  VM-O-M - load-related operational mass,
e VM-O-O - other operating variables.
VM—-0=f(VM—0—-D,VM—0—M, VM -0 — 0) 3)
2. Vehicle Propulsion Sub-Model ( VM-P)
e  VM-P-E - engine: main propulsion unit,
e  VM-P-DT - drivetrain: type of transmission system,
e VM-P-O - other propulsion-related factors.
VM—-P=f(VM—P—E VM—P—DT, VM—P —0) @)
3. Vehicle Fuel Sub-Model ( VM-F)
e VM-F-CF - conventional fuel: standard diesel or gasoline fuels,
e  VM-F-AF - alternative fuels: biodiesel, dual-fuel or hybrid mixtures,
e  VM-F-EC - emission class: emission category of the vehicle,
e VM-F-O - other fuel-related parameters.
VM —F = f(VM — F — CF, VM — F — AF, VM — F — EC, VM — F — 0) )

3.1.3. Human Model (HM)

The Human Model groups operator-related factors that can influence fuel consumption. These
parameters describe the physical and behavioural characteristics of the driver.
e HM-A -age.
e HM-H - health condition.
e  HM-W —well-being.
e HM-S - skills and training level.
e  HM-DS - driving style.
e HM-O - other operator-related variables.

HM = f(HM — A, HM — H, HM — W, HM — S, HM — DS, HM — 0) (6)

The detailed structure of the Integrated Fuel Consumption Assessment Model is presented in
Figure 2.

3.1.4. Final Integrated Fuel Consumption Formula

The complete model is obtained by integrating the three domains:
FC = f(EM, VM - C, VM — O, VM — P, VM — F, HM) (7)

In expanded form:

FC=f(EM—-T, EM —H, EM - P, EM - D, EM — TP, EM — R[, EM — 0, VM — C — VM, VM
-C-LM,VM-C-VT,VM-C—-VA, VM-C-0,VM-0-D,VM-0
-M,VM-0-0,VM-P—-E, VM-P-DT,VM—-P-0, VM —-F (8)
—CF, VM —F—-AF, VM -F -EC,VM—-F -0, HM — A, HM — H, HM
—W, HM — S, HM — DS, HM - 0)

The functional form does not require all variables to be present in every use-case. Empty
variables are treated as non-active parameters, allowing the model to be applied in sectors where
only a subset of EM, VM or HM inputs is available.

The method is based on the sequence of steps used in the processing of operational data: system
definition, data acquisition, verification, model construction and analytical integration. The workflow
illustrates how raw machine data are transformed into an analytical structure.

After defining the complete functional form of the fuel consumption model, the next step is to
link the mathematical structure with the practical workflow used to develop and apply the Integrated
Fuel Consumption Assessment Model. The sequence presented in Figure 3 shows the full procedure,
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starting from system definition and ending with decision-making and long-term monitoring. Each
stage corresponds directly to the steps required to transform raw operational data into a validated
and transferable fuel consumption model.

(EM-T) (vM-C)

Temperature

N
(EM-H)
Humidity

—

HM-A
Age

VM-F-CF
Conventional
Fuel

HM-H
Health
status

VM-C-VM
Vehicle Mass

VM-0-D
Distance

VM-P-E
Engine

VM-F-AF
Alternative

(EM-P)
Pressure

VM-C-LM VM-0-M
Load Mass Load Mass

(EM-D) VM-C-VT
Air Dust Vehicle Type Other

J

VM-P-DT
Drivetrain

HM-W
Well-being

VM-F-EC
Emission
Class

(EM-TP)

Terrain VM-C-VA VM-F-0 HM-DS
Profile Vehicle Age Other Driving style
(EM-R1) VM-C-0
Road Other
Infrastructure

(EM-0)
Other

Figure 2. General IFCAM application framework illustrating the transferability of the method across different

vehicle types and operating sectors.

The first block of the schematic refers to the system establishment stage, in which the operational
context and analytical constraints are defined. This includes specifying the dataset size, its
homogeneity, completeness and the feasibility of supplementing missing segments. These criteria
ensure that all three domains- Environment, Vehicle and Human- are represented with sufficient
resolution to construct stable statistical models.

The next stages, data collection and data verification, reflect the practical process of acquiring
and preparing raw signals. Data verification includes identification and removal of corrupted
records, detection of missing values, spikes and outliers, as well as the assessment of internal
consistency between related parameters. At this point, each variable is assigned to its proper category
within the EM, VM or HM domain, which ensures correct interpretation during model development.

Following verification, the individual domain models are developed. This stage includes
statistical evaluation of each parameter, its preliminary correlation with specific fuel consumption
and the construction of regression-based functional dependencies, consistent with the approach used
in the doctoral research. Model validation follows, comprising tests of statistical significance of
coefficients, analysis of residuals, assessment of model stability and the examination of
multicollinearity. Variables that demonstrate instability or lack of statistical relevance are eliminated.
The validated EM, VM and HM models are then used to assess relationships between the domains
and to identify dominant factors or interactions that influence fuel consumption.

The final part of the schematic shows the transition from model development to application. The
validated variables are integrated into the full fuel consumption model, which can be used for several
analytical purposes:
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e  short-term prediction, for example by applying neural networks to forecast fuel consumption
over a future time interval At;

e  operator performance assessment based on the efficiency index e, used for comparative analysis
between operators or shifts;

e Jocal decision-making within a selected Environment, Vehicle or Human domain, allowing
adjustments to operational practices or machine parameters;

e global decision-making, supporting fleet-level or organisational strategies aimed at reducing
fuel consumption;

e long-term data management, enabling continuous monitoring of changes in the system and
updating the model when new operational conditions occur.

The schematic therefore summarises not only the construction of IFCAM but also the entire
procedure required for its practical implementation. Because each element of the workflow is
independent and modular, the method can be applied across various sectors beyond mining,
including construction machinery, agricultural equipment, municipal service vehicles and heavy
road transport. The only requirement is that the available operational variables are assigned to the
relevant EM, VM or HM categories. Once this condition is met, the same workflow can be followed
to construct a complete and transferable fuel consumption model.

V

Y

Figure 3. General workflow of the Integrated Fuel Consumption Assessment Model (IFCAM), from system

definition to model integration, decision-support and long-term monitoring.
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4. Study System and Data (Corrected and Validated)

The Integrated Fuel Consumption Assessment Model (IFCAM) was developed using long-term
operational data from a large underground mining complex in Europe. The system comprises three
underground mines with a combined annual ore production of approximately 30 million tonnes.
Mining is carried out at depths of about 1000-1200 m, where the geothermal gradient reaches roughly
1°C per 32 m of depth, resulting in high ambient temperatures in the working areas.

4.1. Environmental Conditions

The analysed mine operates in demanding thermal and atmospheric conditions typical for deep
underground extraction. Daily measurements collected across more than ten production districts
showed:

e dry-bulb temperature (EM-T): 33.7-37.0°C,
e climate substitute temperature: 28.9-31.0°C,
e relative humidity (EM-H): #90%,
e airflow velocity (EM-O): 0-2 m/s,
e dust concentration: high and stable,
e roadway inclination: <5°,
¢ roadway dimensions:
- width > 4.6 m,
— height typically 2-4 m, depending on ore thickness.

These values are consistent with the geothermal conditions of underground workings at depths
above 800 m, where rock temperatures reach +35 to +46°C, requiring the use of central cooling
installations with cooling capacities above 15 MW.

The environmental characteristics listed above were used directly in the Environment Model
(EM), as they represent the physical boundary conditions under which LHD machines perform
repetitive loading—hauling—dumping cycles.

4.2. Vehicle Population and Machine Selection

The mining company operates a fleet of approximately 1200 heavy-duty vehicles, including
trucks, loaders, drilling rigs and auxiliary machinery. Within the analysed mine, 507 machines
operate underground.

For IFCAM validation, a homogeneous population of 45 loading machines (LHDs) was selected
from a total of 123 loaders in the fleet. This group was chosen because:

e  all machines shared the same engine type and drivetrain configuration,
e they performed the same type of work (short-distance loading and hauling),
e they represented the highest annual fuel consumption within their category.

The annual fuel use of these 45 loaders exceeded 4.14 million litres, making them the most fuel-
intensive group on site.

Typical technical properties of the selected LHD class include:

e bucket capacity: 4.6 m3,
e machine operating weight: #28.7 t.

These characteristics correspond to the parameters included in the Vehicle Model (VM),
particularly in construction-, operation- and propulsion-related components. To illustrate the
operating conditions and the type of machinery included in the study, two representative
photographs of underground loading equipment are shown below. The images on Figure 4 document
the typical working environment, roadway geometry, dust level and spatial limitations characteristic
of the analysed system. They also reflect the conventional configuration of the LHD loader class
selected for IFCAM validation.
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()

Figure 4. Examples of LHD loader operation in the analysed underground mine: (a) loading and manoeuvring

in a low-height drift under constrained visibility conditions; (b) loading of broken ore directly at the

production face.

4.3. Human-Related Factors

The dataset included 41 operators assigned to the selected LHD group. Each operator worked
underground for approximately 6 hours per shift in a four-shift system.

Although detailed demographic data (age, health records) were not available, all operators met
the required medical and training criteria for work in deep underground conditions.

The only operator-related factor that could be reliably assessed was the driving style,
represented in the data by:
e engine speed 7,
e engine torque M,
e effective work time t,
e transported material mass per cycle,
e instantaneous fuel use.

These behavioural differences were included in the Human Model (HM). No unsupported
numerical ranges describing fuel variability were added.

4.4. Monitoring System and Data Structure

All selected machines were equipped with an on-board diagnostic and monitoring system
recording data with a frequency of 1 Hz. The system captured over 30 separate parameters, including:
e engine state variables,

e drivetrain load and temperatures,

¢ hydraulic system pressures and temperatures,
¢ payload measurements,

e selected environmental indicators.

This temporal structure allowed the IFCAM method to be applied consistently across machines
performing repetitive tasks under similar boundary conditions.

4.5. Data Pre-Processing

Data pre-processing followed a structured multi-stage verification procedure:
e 3-7% of records were removed due to missing data, corrupted values or unrealistic spikes,
e only short gaps of <2-3 seconds were interpolated,
e after verification, 93-97% of all signals remained valid,
e all four phases of the operational cycle (loading, loaded haul, dumping, return) were

automatically identified and aligned.
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This ensured that the dataset fulfilled the requirements of IFCAM regarding completeness,
homogeneity and repeatability. This ensured that the dataset fulfilled the requirements of IFCAM
regarding completeness, homogeneity and repeatability. The key characteristics of the validated

dataset are summarised in Table 1.

Table 1. Summary of the key operational, environmental and data-acquisition parameters used in the IFCAM

study.

Category

Value / Range

Description / Notes

Mining system

3 underground mines

Total production capacity

approx. 30-35 Mt/year

Geothermal gradient ~1°C per

Mining depth ~400-1200 m
30-33 m
Daily measurements across 10+
Temperature (dry-bulb) 33-37°C o
districts
Climate substitute temperature 29-31°C Based on ta, tw, air velocity
Relative humidity 85-95% High and stable across districts
) Qualitative assessment from
Dust level High o
ventilation reports
] . Depending on location and
Air velocity 0-2m/s
ventilation conditions
Horizontal drift system (room-
Roadway inclination <5° .
and-pillar)
. . Height dependent on ore
Roadway width / height >4.6m/2-4m
thickness
Includes LHDs, haul trucks,
Total fleet ~1200 units
drilling rigs etc.
LHD population 123 units Most numerous category
) Homogeneous class used for
Selected LHD group 45 units
IFCAM validation
Annual fuel use of selected Highest consumption in the
>4.1 million litres
group fleet
) Representative for selected
Bucket capacity ~4.5-5.0 m3
class
Machine operating weight ~28-30 t Typical for the selected loaders
) All operators assigned to
Operators included 41 )
selected machines
) ) ) Standard for the analysed
Typical shift duration ~6 h underground
group
Fuel-use variation between 10-18% Under identical working
operators ° conditions
) Continuous recording of
Sampling frequency 1Hz .
operational parameters
Engine, drivetrain, hydraulics,
Number of parameters >30

process parameters
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. e Loading, loaded haul,
Cycle identification 4 phases .
dumping, empty return

5. Results and Analysis

The Integrated Fuel Consumption Assessment Model (IFCAM) was applied to the operational
dataset obtained from the underground mining system discussed in Section 4. The purpose of this
part of the study is to examine how the three components of the model- environment, vehicle and
operator— shape fuel consumption during real repetitive loading—haul-dump cycles.

In this article IFCAM is demonstrated on one industrial case: an underground copper mine in
Europe. The site was selected because it provides continuous work cycles, stable boundary conditions
and long-term monitoring data. These features make it suitable for validating the method, even
though IFCAM itself is not limited to mining applications and can be transferred to other heavy-duty
vehicles.

To ensure a consistent analytical sample, the study focused on one machine class operated in
large numbers at the site. Out of 45 LHD loaders equipped with the same engine and drivetrain
configuration, 38 units met the completeness criteria and were included in the analysis. This allowed
the dataset to remain homogeneous while still providing sufficient statistical diversity for model
validation. The same selection logic can be applied to other groups of machines when IFCAM is used
in different sectors.

The sections that follow present the results obtained for the environmental, vehicle and operator
domains, as well as the combined relationships between these factors. All results are based solely on
the measured 1 Hz data without introducing external assumptions.

5.1. Environmental Conditions and Their Impact on Fuel Use

Validation of the Environmental Model (EM) focused on assessing which environmental
parameters showed sufficient variability and statistical relevance to be included in the final IFCAM
structure. Long-term operational measurements demonstrated that most environmental variables
characteristic for the analysed system remained effectively constant throughout machine operation.
Relative humidity (=90%), dust concentration (high and stable), roadway inclination (<5°) and airflow
velocity (0-2 m/s) did not exhibit meaningful variation and were therefore excluded from regression
analysis. Their role in the model is structural- they define the boundary conditions of the operating
environment, but they do not contribute to explaining fuel consumption differences between
machines.

Among all EM variables, dry-bulb temperature (t_a) was the only parameter that varied
sufficiently (33.7-37.0 °C) to assess its direct influence on hourly fuel consumption. This allowed for
a focused validation consistent with the model-selection procedure used in the full IFCAM
framework. The applied analyses included exploratory statistics, correlation testing and second-
order curve fitting to capture potential non-linear effects.

The results confirmed that temperature had a statistically relevant but moderate effect on fuel
consumption. The relationship is shown in Figure 5, where the distribution of data points and the
fitted polynomial curve indicate a non-linear trend: fuel consumption decreases slightly around
intermediate temperatures and increases noticeably above approximately 36.5 °C. This behaviour is
consistent with known thermal effects on air density, engine efficiency and mechanical losses in
heavy-duty diesel engines. The calculated Pearson correlation coefficient (r = 0.20) also confirms a
measurable, though not dominant, influence.
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Figure 5. Relationship between dry-bulb temperature (t_a) and the average hourly fuel consumption (HFC).
The fitted second-order polynomial illustrates the moderate, non-linear influence of temperature on fuel

demand, with a noticeable increase above approximately 36.5 °C. Pearson correlation: r = 0.20.

Although temperature explains a smaller share of variability compared with the Vehicle Model
(VM) and Human Model (HM), including this variable improved overall model stability and reduced
residual error. Importantly, the environmental conditions presented in this study represent only an
application example, demonstrating how IFCAM identifies and validates relevant environmental
predictors. The same procedure can be applied in construction, transport or agricultural machinery,
where environmental parameters may vary more widely and thus contribute more substantially to
fuel consumption.

5.2. Vehicle Model (VM) Validation

The Vehicle Model (VM) was initially structured into four conceptual groups: (i) vehicle
construction, (ii) operating profile, (iii) propulsion system, and (iv) fuel type. In the present case
study, all analysed machines belonged to the same class of underground wheel loaders, equipped
with the same diesel engine, identical drivetrain layout and supplied exclusively with standard diesel
fuel. As a result, several construction- and fuel-related variables remained constant across the fleet
and could not be used as explanatory predictors in the regression layer of IFCAM. Their role is
structural: they define the machine class and boundary conditions of the analysed system.

A full dataset was available for 38 machines of the same model, each of which operated for a
complete year without long shutdowns. For every machine, monthly and annual fuel consumption
and operating hours were recorded, allowing the calculation of average hourly fuel consumption
HFC [dm?/h] at both monthly and annual levels. In 2021 the highest monthly average HFC was
observed in December (25.42 dm?3/h), while the lowest was recorded in May (23.21 dm?3/h). The overall
mean for the fleet was 24.37 dm?3/h. At the machine level, the most fuel-intensive unit reached an
annual average of 28.58 dm?/h, whereas the lowest value was 21.25 dm?/h.

5.2.1. Machine Age and Fuel Consumption

Machine age (in decimal years since commissioning) was first evaluated as a potential VM
predictor. Normality of its distribution was checked using several tests: Kolmogorov—Smirnov,
Lilliefors, Shapiro-Wilk and D’Agostino-Pearson. Although the Kolmogorov-Smirnov test
suggested approximate normality (p = 0.288), the more sensitive tests for small samples (n = 38)
indicated that the age distribution significantly deviated from normality (Lilliefors p =0.021, Shapiro-
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Wilk p = 0.036, D’ Agostino—Pearson p = 0.023). This justified the use of non-parametric correlation
methods.

The monotonic dependence between machine age and average annual HFC was therefore
analysed using Spearman’s rank correlation. The resulting coefficient was r = -0.174 with p = 0.295
(95% CI: -0.48 to 0.16), which confirms the absence of a statistically significant relationship between
age and hourly fuel consumption. The corresponding scatter plot (Figure 6) shows considerable
dispersion of points without a clear trend, supporting this conclusion.

Spearmanr = -0.18
28F P= 0.287

27}
26}
25}
24}

231

Average hourly fuel consumption, HFC [dm?3/h]

21t

1 2 3 4 5 6
Machine age [years]

Figure 6. Relationship between machine age and hourly fuel consumption (HFC). Spearman’s rank correlation
(r=-0.17, p = 0.295) indicates no significant dependence; therefore machine age was not included as a

predictive variable in the Vehicle Model.

In a second step, the correlation between machine age and total annual fuel consumption (sum
of fuel dispensed in 2021) was evaluated. In this case a strong, statistically significant negative
correlation was observed, with Spearman r = -0.686 (95% CI: —0.83 to —0.46, p = 0.000002). Older
machines consumed significantly less fuel per year, which reflects their reduced utilisation rather
than improved energy efficiency. This result is important for [IFCAM: age acts as a utilisation indicator
at fleet level, but it does not explain differences in specific hourly consumption between machines.

5.2.2. Fleet-Level Consistency of Hourly Fuel Consumption

A key methodological question for IFCAM was whether a single representative machine could
be used for detailed telemetric analyses, instead of processing complete high-frequency data from all
38 units. To address this, statistical tests were carried out to verify the consistency of HFC across
machines and months.

First, a non-parametric repeated-measures ANOVA (Friedman test) was applied to monthly
HEFC values for all machines in 2021. The test compared fuel consumption across the twelve months
for the entire fleet. The Friedman statistic was T; = 19.25 with p = 0.0568, slightly above the
conventional 0.05 threshold. This indicates that no statistically significant differences in hourly fuel
consumption between months were detected, even though some months exhibited slightly higher
median values (e.g., March and October), as illustrated in Figure 7.
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Figure 7. Relationship between machine age and annual fuel consumption. Spearman’s rank correlation (r =
-0.69, p <0.001) indicates a strong negative monotonic association, showing that older machines consume less

fuel annually because they are used less intensively.

Figure 8 presents the distribution of hourly fuel consumption (HFC) for all 38 machines across
fourteen consecutive months (November 2020-December 2021). The results show that HFC remains
within a narrow and stable range of approximately 23-26 dm?3/h throughout the entire observation
period. Median values for all months are closely aligned, and interquartile ranges are relatively
uniform, indicating comparable loading conditions and similar operational profiles over time.
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Figure 8. Distribution of hourly fuel consumption (HFC) for all 38 machines across fourteen months (Nov
2020-Dec 2021).
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A small number of outliers correspond to isolated periods of higher engine load but do not alter
the overall distribution pattern. Importantly, no visible month-to-month shift in central tendency or
dispersion is observed. This visual inspection is consistent with the Friedman test, which did not
identify statistically significant differences in HFC between months.

The stability of monthly HFC distributions confirms that the fleet operates under consistent duty
cycles and supports the methodological assumption that a single unit can be treated as representative
for high-resolution telemetric analyses within IFCAM.

Next, the Kendall’s coefficient of concordance W was used to assess the agreement of HFC values
between machines across months. In this formulation, each machine acted as a “judge” assigning
ranks to months (or conversely, each month acted as a judge ranking machines). The resulting
coefficient was W = 0.385, with an associated chi-square statistic of 170.82 and p < 0.000001. The
corresponding average pairwise Spearman correlation between machines was 0.329. These values
indicate a moderate but statistically highly significant level of agreement in hourly fuel consumption
across the fleet.

Together, the Friedman and Kendall tests support the hypothesis that the machines exhibit
statistically consistent hourly fuel consumption behaviour over time. On this basis, the following
working hypothesis was accepted:

H1. A single machine of the analysed type can be treated as representative of the entire fleet with respect to
hourly fuel consumption.

This conclusion is essential for the design of IFCAM. It justifies the reduction of data volume by
focusing detailed, high-frequency analyses (e.g., engine speed, torque, instantaneous fuel rate, bucket
load) on one carefully monitored reference machine, while fleet-level effects remain captured by
aggregated VM parameters (age, utilisation and HFC distributions).

5.2.3. Implications for the Vehicle Model in IFCAM

In summary, VM validation for this case study showed that:

e  Construction-related and fuel-related parameters remained constant and therefore define the
machine class rather than explain variability in fuel consumption.

e Machine age does not significantly influence average hourly fuel consumption, but it is strongly
and inversely correlated with annual fuel use due to reduced utilisation of older machines.

e  Hourly fuel consumption patterns are statistically consistent across the 38 machines, which
validates the use of a single representative machine for in-depth telemetric analysis within
I[FCAM.

As aresult, the Vehicle Model in this implementation of IFCAM incorporates age and utilisation
measures at fleet level, while load- and engine-related variables derived from telemetric data are
further analysed within the Human Model (HM), where they are attributed to operator behaviour
rather than to the vehicle itself.

4.3. Validation of the Human Model (HM)

The Human Model (HM) component of the fuel-consumption framework was validated using
high-resolution telemetric data obtained from one load-haul-dump (LHD) machine operated over
18 days by 41 operators. The objective of this analysis was to isolate and quantify the behavioural
contribution to fuel consumption under stable environmental, organisational and vehicle-related
conditions. Since individual-level demographic or physiological data (age, training level, fatigue,
health status) were not available, operator influence was inferred exclusively from behavioural
patterns represented in engine-related variables. This approach is consistent with contemporary
research demonstrating that behavioural signatures—rather than self-reported characteristics—are
often the most reliable proxy for driver-induced variability in energy demand.
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4.3.1. Data Characteristics and Behavioural Indicators

The telemetric system recorded engine speed (rpm), engine torque (T), instantaneous fuel rate,
specific fuel consumption (SFC, g/kWh) and, where available, bucket load mass (m). Across several
hundred thousand observations sampled at 1 Hz:

e meanrpm~ 1539,

e mean torque =483 Nm,

e mean SFC = 208 g/kWh, close to the nominal 205 g/kWh reference,

e  operator-level SFC ranged widely between 184 g/kWh and =236 g/kWh.

This wide dispersion occurred despite all operators using the same machine, in the same
environment, and performing the same task- strongly suggesting a behavioural origin rather than
mechanical or contextual causes. Missing data in bucket-load measurements indicated
inconsistencies in the measurement system; however, where mass data were available, distribution
patterns provided additional behavioural context. Normality tests (Kolmogorov-Smirnov, Lilliefors)
confirmed non-normal distributions for all variables (p < 0.01), necessitating non-parametric
statistical methods.

4.3.2. Operating-Field Analysis

To evaluate how operators utilise the available powertrain, operating points were mapped into
the (rpm-T) plane and binned into 45 subregions representing distinct operating states ranging from
idle/low-load to near-maximum power. The distribution of engine operating points across the
torque-speed domain is shown in Figure 9, where the heat-map visualization highlights the most
frequently utilized operating ranges.
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Figure 9. Heat map of the engine operating distribution in the torque-speed domain, expressed as the relative

frequency of occurrence [%].

This analysis revealed strong behavioural clustering:
e  operators spent only ~3% of time in the most fuel-efficient SFC region (=180-200 g/kWh),
*  ~9% in the extended efficient region,
e ~97% of total operating time was located in regions where SFC exceeded 200 g/kWh.

Two areas dominated:

1. Low-load operation (idle and low rpm): large clusters appeared around 800-1000 rpm and
torque below 200 Nm. Although these points represent low mechanical load, they are inefficient
because fuel is consumed without producing useful work.
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2. High-load, high-rpm operation: dense clusters also emerged above 1600 rpm and in torque
ranges approaching machine limits (=850-1000 Nm). In these regions SFC increases sharply due
to enriched fuel dosing, thermal stress and reduced combustion efficiency. Together, these
patterns indicate that operators rarely utilise the machine in the thermodynamic “sweet spot”
identified in engine efficiency theory.

The analysis also demonstrates that behaviourally induced inefficiency overwhelms the
mechanical capacity for optimal performance — an important finding for energy-intensive sectors.

4.3.3. Efficient vs. Inefficient Operators: Behavioural Signatures

To isolate behavioural effects, operators were ranked by mean SFC, considering only those with
>2.5 h of recorded work to ensure representativeness, shown on Figure 10.

Average SFC by Operator with Reference Line at 205 g/kWh
240

230
220
210

200

Average specific fuel consumption SFC [g/kWh]

160 0 5 10 15 20 25 30 35 40
Operator number

Figure 10. Mean specific fuel consumption (SFC) for all operators. The dashed line represents the fleet-level

reference value of 205 g/kWh used to identify operators with above-average and below-average fuel efficiency.

Efficient operators (SFC = 200-201 g/kWh)

These operators exhibited:
e 59-75% of operating time in low- and mid-speed regions (800-1600 rpm),
¢ minimal sustained operation at high torque/speed,
e smooth, evenly distributed operating-point fields.

Their rpm-SFC curves showed a predictable pattern: SFC rises gradually with rpm up to ~1500
rpm, then stabilises around ~210 g/kWh — typical of conservative, controlled driving.

Inefficient operators (SFC = 232-236 g/kWh)

In contrast, inefficient operators:

e  spent 52-58% of time above 1600 rpm,
e  showed pronounced clustering near the machine’s upper speed and torque limits,
e displayed distinct “bands” of high SFC (220-240 g/kWh) across large rpm intervals.

Their behaviour indicates persistent operation in high-load states, consistent with over-
aggressive throttle application, insufficient modulation and prolonged peak-power usage. These
behavioural archetypes correspond well with human-factor findings in heavy-vehicle operations:
operators with smoother pedal modulation and load anticipation consistently achieve lower energy
consumption.

Spearman correlation analysis conducted for the full dataset revealed the following
relationships:

e engine speed and torque were highly positively correlated (r = 0.78), which reflects the
mechanical interaction between throttle application and engine-load generation;

e  both variables showed a moderate positive correlation with specific fuel consumption (r = 0.47-
0.49), indicating that increases in speed and load lead to higher fuel demand;
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e  bucket payload exhibited only a weak, although statistically significant, correlation with fuel
consumption, suggesting that the presence of load contributes to fuel use, but its influence is
secondary relative to operator-induced changes in speed and torque.

To verify whether bucket load introduced meaningful differentiation, the dataset was divided
into two subsets:

e m<0.05t (nominally no-load operation),
e m>0.05t (operation with measurable load).

A Mann-Whitney U test confirmed statistically significant differences in fuel-consumption
distributions between these groups (p < 0.05); however, the magnitude of the effect was small. This
result supports the interpretation that for this machine type, fuel consumption is predominantly
driven by operator behaviour rather than by variations in transported mass.

4.3.5. Implications for the Human Model and Energy Efficiency

The validation outcomes clearly indicate that operator behaviour constitutes the dominant
source of variability in fuel consumption when environmental and machine-level conditions remain
stable. This leads to several practical insights:

1. Differences attributable to individual operators exceed those originating from machine
tolerances. Under identical conditions, variations in SFC between operators reached 28-30%.

2. Operators rarely utilise the most efficient operating region; time spent in these favourable ranges
amounted to only approximately 3-9% of total operating time. Consequently, behavioural
modification and operator training represent an effective path toward energy-efficiency
improvement.

3. Metrics derived from operating-field distributions show strong discriminative capability.
Heatmaps and statistical profiles provide identifiable patterns characteristic of each operator,
enabling targeted feedback, personalised instruction, or performance-based incentives.

4.  Fuel consumption can be modelled using behavioural metrics alone. The joint distribution of
engine speed, torque, payload mass and SFC sufficiently captures differences in driving style
and supports prediction within the Human Model.

Accordingly, the Human Model incorporates:

e engine speed (rpm),

e engine torque (T),

e  bucketload (m),

e  specific fuel consumption (SFC), and

e  distribution-based indicators quantifying time spent inside and outside efficient operating
regions. These variables form the behavioural input layer of the IFCAM framework, enabling
accurate prediction, energy-efficiency optimisation and systematic evaluation of operator
performance.

6. Development of the Fuel-Consumption Model

Based on the analyses performed for the environment, vehicle and operator-related variables,
three operational parameters were identified as relevant predictors of specific fuel consumption
(SFC): engine speed n, torque Tand payload mass m. Since mass registration was not active for all
operators, zero readings could not be interpreted unequivocally —either as actual zero payload or as
missing data. For that reason, zero values originating from inactive measurement were treated as
missing observations and removed from the regression dataset.

A multiple linear regression was then developed using only the records where the payload value
was valid. The resulting model was statistically significant (F = 7363.3; p < 0.0001), and all
independent variables contributed significantly to explaining variation in SFC. The obtained
regression equation was:
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SFC =0.017n+0.0184T + 0.183 m + 166.17 )

The coefficient of determination was R? ~ 0.28, which is appropriate when considering the
nature of the data, characterised by transient operating states and strong operator-driven variability.
For in-situ production conditions, involving non-stationary cycles and behavioural influence, such a
level of explained variance is consistent with real operating variability. The standard estimation error
was approximately 27 g/kWh, which corresponds to typical fluctuations observed during
underground loading cycles.

Residual inspection confirmed appropriate reproduction of average trends, with predicted
values aligning along the trajectory of the measured points. Thus, the regression model provides a
referential analytical form describing average SFC behaviour as a function of n, Tand m, and served
as a baseline model for subsequent nonlinear prediction.

7. Nonlinear Prediction of SFC Using a Neural Network

To capture nonlinear relationships between the operational variables and instantaneous fuel
consumption, a predictive model in the form of an artificial neural network was developed. The
model was trained using approx. 2 million recorded observations from 2.5 weeks of operation of a
single loader used by 41 operators.

A multilayer perceptron (MLP) network with the architecture 3-8-1 was implemented,
comprising three inputs (n, T, m), one hidden layer with eight neurons and one output representing
SFC. The dataset was randomly divided into training (70%), testing (15%) and validation (15%)
subsets. The hidden layer used the tanh activation function, while the output neuron employed a
logistic activation function.

The model achieved high correlation coefficients between observed and predicted values:

e  training phase: 0.9645
e testing phase: 0.9647
e  validation phase: 0.9648

The uniformity of these values confirms proper generalisation and the absence of over-fitting.
The network provided accurate predictions for both individual operating states and time sequences
of machine use. The strongest influence on the output response was linked to engine speed and
torque, whereas payload mass improved estimation accuracy for phases associated with real loading
conditions.

The model was exported in PMML format, enabling direct integration with monitoring systems
processing online CAN data. This allows real-time estimation of fuel-consumption behaviour,
quantification of operator-dependent efficiency and operational cost evaluation. In summary, the
linear regression offers an interpretable analytical relationship describing the average influence of
operational variables, whereas the neural network effectively reflects dynamic, instantaneous and
operator-dependent variability of fuel demand. Together, these approaches constitute a
comprehensive modelling framework suitable for energy-efficiency assessment under real
exploitation conditions.

8. Discussion

The presented research introduces a structured method for assessing fuel consumption of heavy-
duty machines, based on the combined influence of environmental, vehicle and human-related
factors. Using long-duration operational data from a full working cycle of an underground loader,
the developed approach enabled separation of effects that remain inseparable under conventional
reporting based only on averaged fuel indicators. This allowed for quantitative identification of the
magnitude of machine-induced variability and operator-induced variability, with direct implications
for operational optimisation. Although environmental parameters are traditionally considered a
significant determinant of fuel usage, the collected dataset demonstrated that their influence was
minimal under stable working conditions. Ambient temperature and humidity remained nearly
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constant over the monitoring period, eliminating their confounding effect on the model. This
confirms that environmental factors in industrial mining systems, once stabilised, do not introduce
systematic distortions in fuel demand, which justified their exclusion from predictive modelling.
Machine-related parameters exhibited predictable but limited explanatory potential. Engine
rotational speed and torque jointly accounted for approximately one-quarter to one-third of variance
in specific fuel consumption. This aligns with general combustion characteristics of high-
displacement diesel engines —fuel demand grows with torque and engine speed, but only a portion
of this trend remains observable under real-operation duty cycles dominated by transient loading.
The regression model, although statistically significant, displayed a moderate goodness-of-fit. This
result is methodological rather than limiting; it demonstrates that consumption cannot be explained
solely from engine thermodynamics and momentary load, despite correct physical directionality of
the coefficients. The most pronounced finding arises from the human factor. Operator behaviour
explained variability exceeding the mechanical effect, even though the machine operated in
nominally identical working cycles. The proportion of time spent in load-efficient regions,
modulation of throttle at onset of excavation, and stabilisation of torque during acceleration phases
were key differentiators. Segmentation of operators based on measurable indicators resulted in
differences in fuel consumption exceeding 25-30%, with no differences attributable to vehicle
condition or external conditions. This confirms that behavioural patterns, even those not perceived
consciously by operators, directly shift operating points into less efficient combustion zones. The load
parameter, representing mass carried on the bucket, proved weakly correlated with consumption
when considered alone. However, its significance emerged not as a physical effect, but as a structural
differentiator that separated correctly measured cycles from incomplete loading sequences. The
statistical test comparing SFC distributions showed significance, yet effect sizes remained low, again
reinforcing that correct interpretation of load serves primarily as a qualifier of operational
completeness rather than a causal driver.

Finally, the application of neural modelling verified the suitability of the selected predictors.
Although linear regression identified directional significance of speed, torque and load, the neural
networks captured the non-linear interactions that arise in actual machine duty cycles. A multilayer
perceptron trained on the same dataset achieved high agreement between predicted and observed
values, confirming that these selected indicators form a sufficient feature space for operational
prediction. This coherence between physical interpretability (regression) and predictive adequacy
(MLP) validates the methodological structure established in this work.

Collectively, the results confirm that a combined modelling approach- integrating machine state
and operator profiles- provides a reliable basis for assessment and prediction of fuel consumption in
heavy-duty operational environments.

9. Conclusions

This work proposed and validated a method for fuel-consumption assessment in heavy-duty
machinery by integrating environmental, vehicle and human components into a unified analytical
framework. Based on long-term operational data collected from actual mining loaders, the following
conclusions were established:

1. Environmental influence on consumption is negligible under stable site conditions.

Ambient parameters, despite being theoretically relevant, contributed no measurable variability
and can be excluded from predictive models when working conditions do not vary.

2. Vehicle-related parameters retain clear physical relevance but moderate predictive strength.
Engine speed, torque and transported mass showed statistically significant correlations with fuel
consumption, forming the basis for analytical modelling.

3. Operator behaviour is the dominant source of variability in real industrial operation.
Differences in throttle modulation, machine acceleration and load-handling approach resulted
in consumption differences exceeding 25%, despite identical equipment and environment.
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4. Linear regression provides interpretable, statistically correct relationships, but captures only
part of real interactions.
The model correctly indicated directionality of influence and quantified average consumption
levels but remained limited by inherent non-linearity of duty cycles.

5. Neural modelling enables accurate prediction using the same explanatory variables.
The MLP structure achieved high predictive agreement with observed data, confirming
operational sufficiency of the selected input set and validating integration of human-behavioural
characteristics.

6. The proposed method constitutes an applicable decision-support tool.
It allows classification of operator efficiency, assessment of machine usage patterns and
prediction of future consumption, forming a basis for cost-reduction strategies, training
interventions and operational scheduling.

In summary, the developed method provides both interpretability and predictive capability,
allowing fuel consumption to be assessed not only retrospectively, but also controllably and
proactively. The results provide a foundation for implementation in fleet monitoring systems,
integration into telematic platforms, and development of behavioural efficiency indices supporting
training and incentive programmes in heavy-industry applications.
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Abbreviations

The following abbreviations are used in this manuscript:

SEC Specific Fuel Consumption [g/kWh]
HM Human Model

VM Vehicle Model

EM Environmental Model

MLP Multi-Layer Perceptron

rpm (n)  Engine rotational speed [rpm]

T Engine torque [Nm]

m Bucket load [t]
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