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Abstract: Driver behavior, vehicle dynamics, and operating conditions strongly influence fuel consumption in open-pit 

mining operations. This study proposes a driver behavior-aware fuel optimization framework that integrates a digital twin 

architecture with reinforcement learning to improve fuel efficiency of heavy-duty haul trucks. The framework combines 

a data-driven vehicle dynamics surrogate, explicit modeling of driver behavior, and proximal policy optimization to 

enable safe and scalable policy learning within a realistic simulation environment. Historical telematics data were used 

to construct the digital twin and evaluate the learned policy under controlled operating conditions. Experimental results 

show that the reinforcement learning agent produces substantially smoother driving behavior, characterized by stable 

speed regulation and elimination of aggressive acceleration and braking events. Compared to historical operator driving, 

fuel consumption per kilometer, computed using rollout-level aggregation of cumulative fuel consumption and total 

traveled distance, was reduced from 4.45 L/km to 3.02 L/km, corresponding to a 32.05% improvement in fuel efficiency. 

The results demonstrate that explicitly modeling driver behavior within a digital twin-based reinforcement learning 

framework can yield significant fuel savings while maintaining realistic and interpretable driving strategies. The proposed 

approach provides a promising foundation for the development of decision-support and driver assistance systems aimed 

at improving energy efficiency in open-pit haulage operations. 

 

Index Terms: Digital Twin, Reinforcement Learning, Fuel Efficiency, Driver Behavior Modeling, Open-pit Mining, 

Heavy-duty Haul Trucks, Proximal Policy Optimization. 

 

 

1.  Introduction 

Fuel consumption in open-pit hauling operations is a major contributor to operational costs and environmental 

impacts. Large off-highway haul trucks operate under highly variable conditions, including load fluctuations, varying 

road grades, haul road characteristics, and diverse driving styles, which collectively lead to substantial variability and 

inefficiencies in energy use. Previous studies have reported that hauling activities alone account for a significant 

proportion of total energy consumption in surface mining operations, often exceeding one-third of total fuel use, making 

fuel optimization a critical objective for sustainable mining practices [1–3]. Conventional approaches to reducing fuel 

consumption in mining haulage systems primarily focus on improving vehicle design, increasing engine efficiency, and 
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optimizing haul roads. While these strategies have yielded measurable benefits, they typically require significant capital 

investment and infrastructure modifications. In contrast, driving behavior is increasingly recognized as a dominant and 

more flexible factor influencing fuel consumption, particularly in heavy-duty vehicles. Empirical studies have shown that 

speed management, acceleration smoothness, braking intensity, and anticipatory driving behavior can significantly impact 

fuel consumption even under similar operating conditions, without requiring changes to vehicle hardware [4–7]. 

Recent advances in onboard telematics systems have enabled the continuous collection of high-resolution operational 

data from mining fleets, including vehicle speed, payload, fuel consumption, road grade, and control inputs. These 

developments have created new opportunities for data-driven modeling and intelligent decision-support systems, aimed 

at enhancing operational efficiency. Machine learning-based fuel consumption models have been successfully applied to 

mining haul trucks and other heavy-duty vehicles, demonstrating improved prediction accuracy compared to traditional 

physics-based approaches under complex and nonlinear operating conditions [2, 8–11]. However, most existing studies 

still focus on predictive analytics and offline evaluation, providing limited support for adaptive or policy-based fuel 

optimization. 

In parallel, the concept of the digital twin has emerged as a powerful paradigm for representing, analyzing, and 

optimizing complex industrial systems. Digital twins provide a virtual equivalent of a physical asset that is continuously 

informed by operational data, enabling simulation-based evaluation, performance analysis, and "what-if" scenario testing 

throughout the system's lifecycle [12–15]. In transportation and industrial applications, digital twins are increasingly being 

adopted for system monitoring and decision-making support. However, in the mining and transportation context, most 

digital twin implementations remain descriptive in nature and are rarely integrated with learning-based control or 

optimization frameworks [16–18]. 

Reinforcement learning (RL) has demonstrated strong potential for solving complex sequential decision-making 

problems in energy-efficient control and eco-driving applications. Policy gradient methods, such as Proximal Policy 

Optimization (PPO), have been shown to learn stable and fuel-efficient driving policies through iterative interactions with 

simulated environments [19–22]. 

Despite these advances, applications of reinforcement learning in mining transportation systems remain limited. 

Existing studies often rely on simplified or synthetic simulation environments and typically do not explicitly incorporate 

real-world driver behavior, even though driving style is a key determinant of fuel efficiency in real-world transportation 

operations [23–25]. This limitation has also been consistently identified in recent systematic literature reviews of adaptive 

machine learning applications for fuel optimization in mining haulage systems [26]. This gap highlights a key limitation 

of current research: the lack of an integrated framework that simultaneously combines real-world operational data, driver 

behavior modeling, and reinforcement learning within a digital twin environment for fuel optimization in open-pit mining 

haulage systems. Without such integration, reinforcement learning-based solutions risk generating control policies that 

are unrealistic, overly idealistic, or difficult to implement in a mining operational context. 

To address this gap, this study proposes a driver behavior-aware fuel optimization framework that integrates a data-

driven digital twin with a reinforcement learning agent. The proposed digital twin combines a surrogate vehicle dynamics 

model learned from real-world telematics data, an explicit representation of driver behavior, and an environmental model 

reflecting realistic operational constraints. Within this framework, a PPO-based reinforcement learning agent is trained 

to learn fuel-efficient driving policies through interaction with a virtual environment, rather than a physical system. By 

enabling a direct and fair comparison between historical operator driving behavior and reinforcement learning-derived 

policies under identical operating conditions, this study provides a practical and scalable approach to improving fuel 

efficiency in mining haulage operations. The proposed methodology can be applied to a wide range of heavy-duty vehicle 

systems and provides a foundation for future intelligent driver assistance and autonomous haulage applications.  

2.  Method 

2.1.  Study Area and Data Sources 

A.  Data Description 

This study utilizes operational telematics data collected from an open-pit haulage system operating HD785 haul 

trucks. This dataset represents a real-life production haulage cycle performed under varying load and grade conditions 

and captures actual driver behavior during daily mining operations. The use of telematics data and on-board monitoring 

has become a standard and effective approach to analyzing fuel consumption and operational performance in mining 

haulage systems, as it provides direct access to high-resolution measurements that reflect real-world operating conditions 

[5,8–9]. Typical recorded variables include vehicle speed, instantaneous fuel consumption, payload mass, and road 

gradient. Together, these variables provide a comprehensive description of vehicle movement, energy consumption, and 

operating conditions throughout the transport cycle, forming a reliable basis for data-driven modeling and subsequent 

digital twin-based simulation and optimization [13]. 

B.  Data Preprocessing and Feature Engineering 

Raw telematics signals are pre-processed and transformed into behavior-aware features for digital twin modeling 

and reinforcement learning. All variables are synchronized to a fixed three-second sampling interval to ensure temporal 
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alignment across vehicle conditions, control actions, and environmental conditions. Fuel consumption and distance 

traveled are computed at each time step by numerically integrating the recorded fuel rate and vehicle speed signals. Fuel 

efficiency is evaluated using fuel consumption per unit distance, which is defined as the ratio of cumulative fuel 

consumption to total distance traveled. This definition can be formally stated as: 

 

   Fuelkm =
∑ Ft

T
t=1

∑ Dt
T
t=1

                                                              (1) 

 

where Fₜ denotes the fuel consumption (L) at time step t, and Dₜ represents the traveled distance (km) at time step t, and 

T represents the total number of time steps within a haulage segment. These metrics enable consistent comparisons across 

driving profiles and operating conditions in heavy-duty haulage systems [2,8]. Load data are converted into discrete load 

states representing unloaded and loaded operations, while road gradient is described as both a continuous variable (in 

degrees) and a categorical class (downhill, flat, uphill) to capture physical effects and operational context [9,16]. Driver 

behavior is explicitly encoded through normalized control signals corresponding to acceleration, braking, and retarder 

use, scaled to the unit range (0, 1) for numerical stability during reinforcement learning. Additional features capturing 

short-term speed variations and stopping-related behavior are included to reflect driving smoothness and control intensity, 

which are known to impact fuel consumption in heavy-duty vehicles [23,27]. The resulting feature set integrates vehicle 

motion, energy use, road conditions, and driver behavior into a unified state representation that supports fuel-efficient and 

operationally realistic policy learning in a digital twin environment. 

2.2.  Digital Twin Architecture 

The proposed digital twin represents a virtual counterpart of the physical haul truck system by integrating vehicle 

dynamics, driver behavior, and environmental conditions within a unified simulation framework. The digital twin is 

constructed in a modular manner to ensure interpretability, extensibility, and compatibility with reinforcement learning-

based control. Such modular digital twin architectures are widely adopted to support data-driven modeling, simulation, 

and optimization in complex industrial systems, including mining operations [15–16]. 

A.  Vehicle Dynamics Model 

The Vehicle Dynamics Model (VDM) represents the relationship between vehicle operating conditions, driver 

control inputs, and fuel consumption. In this study, the VDM is implemented as a data-driven surrogate model trained on 

historical telematics data collected from open-pit mining haul truck operations. This surrogate model predicts 

instantaneous fuel consumption as a function of vehicle speed, road gradient, load, driver control intensity, and the status 

of the energy-saving mode. A machine learning-based surrogate model is adopted instead of a purely physics-based model 

to capture nonlinear interactions between operational variables that are difficult to model analytically, particularly under 

varying load and terrain conditions. Similar data-driven approaches have been shown to provide accurate fuel 

consumption predictions for mining haul trucks and other heavy-duty vehicles when sufficient telematics data is available 

[2,8–9]. 

In a digital twin, the VDM serves as a transition model for fuel consumption, enabling rapid and stable fuel usage 

simulations during reinforcement learning applications without the need for computationally expensive physical 

simulations. 

B.  Driver Behavior Model 

Driver behavior is represented in the digital twin as an explicit control layer that links reinforcement learning policy 

actions to operationally meaningful driver inputs. In heavy haulage operations, fuel consumption is significantly 

influenced by driving style, particularly through the regulation of the speed and intensity of acceleration, braking, and 

retarder use. Empirical studies consistently demonstrate that smoother control inputs and moderated longitudinal actions 

can lead to substantial improvements in fuel efficiency for heavy-duty and off-road vehicles [4,27]. Therefore, driver 

behavior in the proposed framework is modeled as a structured and controllable component, rather than as stochastic 

variability.  

In the digital twin environment, driver behavior is operationalized through a behavior-aware actuation mechanism 

that maps continuous RL actions to normalized driver control signals. At each simulation step, the RL policy generates 

continuous throttle commands. Positive actions are translated into accelerator intensity, while negative actions are 

converted into braking or retarder intensity using conditional logic that reflects realistic haul truck operation, such as 

increased braking emphasis at higher speeds and prioritized retarder use on downhill segments. The resulting behavioral 

signals, such as acceleration, braking, and retarder use, are normalized to the range (0, 1) to ensure numerical stability 

during learning and consistent interaction with vehicle dynamics surrogates.  

This behavior-aware formulation enables the digital twin to generate realistic driver behavior trajectories that are 

directly governed by learned RL policies while remaining constrained by physically and operationally meaningful control 

patterns. As a result, the emerging driving behavior aligns with established principles of eco-driving and energy-efficient 

control, where subtle speed regulation and moderate control intensity play a central role in reducing fuel consumption 

[23,27]. 
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C.  Environment Model 

The Environment Model defines the operational context and physical constraints within which haul trucks operate 

within the digital twin. Its primary role is to ensure that the state transitions generated during reinforcement learning 

remain realistic, safe, and representative of actual open-pit hauling conditions. The Environment integrates road gradients, 

load conditions, speed limits, and fuel consumption constraints into the simulation loop, thereby restricting the policy 

search space to a region that is physically and operationally feasible. Vehicle speeds are constrained within a predefined 

operational range that reflects typical haul truck operating practices. A lower speed limit is imposed to prevent unrealistic 

stop-and-go behavior, while an upper speed limit ensures compliance with safety considerations and mine operation 

policies. These constraints are enforced at each simulation step by clipping the predicted vehicle speed, preventing the 

reinforcement learning agent from exploiting unphysical or unsafe acceleration patterns. 

Fuel consumption is regulated using a fuel-per-distance constraint within the simulation environment. The raw fuel 

consumption estimates generated by the vehicle dynamics surrogate model are converted to fuel consumption per distance 

values and further constrained within a plausible operating range. This mechanism prevents extreme or numerically 

unstable fuel estimates that might arise from surrogate model prediction errors, particularly under conditions of low speeds 

or near-zero distances. The corrected fuel consumption is then used for both reward calculations and performance 

evaluation, ensuring consistency between the learning objective and the evaluation metric. 

Episode termination conditions are defined based on the maximum distance travelled and the number of simulation 

steps. Distance-based termination ensures that each episode represents a complete transport segment rather than an 

arbitrary time span. In contrast, step-based termination prevents excessively long episodes that could bias the learning 

process. Together, these termination criteria enable fair and repeatable evaluation of different driving policies under 

identical operating conditions. By explicitly embedding operational constraints and termination logic into the environment 

model, the digital twin provides a controlled yet realistic simulation setting for reinforcement learning. Environment 

design that takes these constraints into account reduces the likelihood of learning unsafe or impractical driving behaviors 

and aligns learned policies with real-world transport operations, a key requirement for digital twin-based optimization 

frameworks in mining and transportation systems [16,28]. 

2.3.  Reinforcement Learning Framework 

A.  Problem Formulation and State Space 

The fuel optimization task is formulated as a Markov Decision Process (MDP), where the goal is to learn a driving 

policy that minimizes fuel consumption per unit distance while maintaining smooth, safe, and operationally feasible 

vehicle behavior. At each discrete decision step, the agent observes the current operating state of the haul truck and selects 

a control action that determines the vehicle's motion and subsequent fuel consumption through interaction with the digital 

twin environment. This formulation is consistent with established reinforcement learning approaches for continuous 

control problems in transportation and energy-efficient driving applications [22,29].  

The state vector is designed to capture key variables that characterize the haul truck's instantaneous operating context 

and directly affect fuel consumption. Specifically, these states include the vehicle's current speed, road gradient, load state, 

and eco-mode state. Vehicle speed reflects the motion state and direct control objectives, road gradient captures terrain-

induced load variations, load represents mass-dependent energy demand, and eco-mode state encodes the vehicle's 

inherent efficiency constraints. Together, these variables provide a concise yet adequate representation of the operational 

context for fuel-related decision-making in transport operations. 

Fuel consumption is not explicitly included in the state vector. Instead, it is implicitly determined by the interaction 

between the agent's control actions, state variables, and a data-driven surrogate for vehicle dynamics embedded in the 

environment. This design avoids oversimplifying the learning problem while ensuring that fuel-related outcomes remain 

causally linked to controllable driving decisions, a common practice in reinforcement learning-based energy optimization 

frameworks [30–31]. 

B.  Action Space 

The action space is defined as a continuous control variable representing throttle modulation, which directly regulates 

vehicle acceleration and deceleration. Actions are constrained within a fixed range and mapped to vehicle speed changes 

subject to operational and physical constraints imposed by the digital twin environment. A continuous action space is 

crucial for heavy-duty vehicle control, as discrete-action formulations tend to lead to abrupt speed changes, oscillatory 

behavior, and reduced ride smoothness, which are inconsistent with realistic haul truck operation. 

In the proposed framework, a reinforcement learning agent issues a single continuous throttle command at each 

decision-making step. Positive action values correspond to acceleration requests, while negative values represent 

deceleration commands. These commands are then translated into acceleration, braking, or retarder control signals 

through the driver behavior model, ensuring that speed transitions remain smooth and operationally feasible. This 

formulation enables the agent to learn more detailed speed regulation strategies that balance fuel efficiency and ride 

smoothness. 

This type of continuous control formulation is widely adopted in studies of eco-driving and reinforcement learning-

based vehicle energy management, where fine-grained longitudinal control is a key determinant of energy efficiency and 
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policy stability [22,30]. By restricting the action space to a single interpretable throttle dimension, the proposed approach 

maintains control realism while avoiding unnecessary policy complexity. 

C.  Reward Function 

The reward function is designed to promote fuel-efficient and smooth driving behavior while respecting operational 

feasibility constraints inherent to open-pit haulage operations. Fuel consumption per unit distance is penalized to directly 

encourage energy-efficient driving behavior, whereas excessive speed fluctuations are discouraged to avoid aggressive 

driving patterns that may lead to unnecessary fuel usage, increased mechanical stress, or reduced drivability. At each 

decision step 𝑡, the reward is defined as: 

 

𝑅𝑡 = −𝛼 Fuelkm − 𝛽 ∣ Δ𝑣𝑡 ∣                                                                   (2) 

 

where Fuelkmdenotes the instantaneous fuel consumption per kilometer estimated within the digital twin environment, 

Δ𝑣𝑡 represents the change in vehicle speed between two consecutive time steps, and  and  are weighting coefficients 

controlling the trade-off between fuel efficiency and speed smoothness. The weighting coefficients are set to α = 1.0 for 

the fuel consumption penalty and β = 0.05 for the speed smoothness penalty, thereby prioritizing fuel efficiency and 

discouraging abrupt speed variations during policy learning. 

This reward formulation aligns with established reinforcement learning-based eco-driving and vehicle energy 

optimization studies, where penalizing energy usage and speed variability has been shown to yield stable and fuel-efficient 

control policies [22,32–33]. By explicitly incorporating speed variation penalties, the reward discourages oscillatory 

control behavior that is unrealistic for heavy-duty haul trucks operating under load. In addition to the primary reward 

components, operational penalties are enforced within the environment to discourage infeasible or unsafe behaviors, such 

as overspeeding under downhill conditions or violating predefined speed limits. These penalties are implemented as hard 

or soft constraints within the digital twin rather than as standalone reward terms, ensuring that the learned policy remains 

within realistic operational boundaries during training. 

Beyond reward-based penalties, safety-related operational constraints are integrated into the digital twin 

environment to prevent infeasible driving behaviors. These constraints consist of predefined speed limits and feasibility 

checks that restrict the agent from generating unsafe actions, especially on downhill segments or under variable traction 

conditions. Enforcing these constraints during both training and evaluation ensures that the learned policy adheres to 

realistic operational safety boundaries. 

D.  PPO Configuration 

Policy optimization is performed using PPO, a policy-gradient reinforcement learning algorithm designed to ensure 

stable learning through constrained policy updates [19]. By limiting the deviation between successive policy updates via 

a clipped surrogate objective, PPO effectively balances exploration and stability, making it particularly suitable for 

continuous control problems with noisy or complex dynamics. In the proposed framework, PPO is used to train a 

stochastic policy that maps the observed digital twin state variables to continuous throttle actions. Policy learning is 

carried out through repeated rollout simulations within the digital twin environment, where the agent iteratively updates 

its policy parameters based on cumulative rewards obtained from simulated haulage trajectories. This simulation-based 

training enables safe and efficient policy optimization without direct interaction with physical mining equipment. 

PPO has been widely adopted in vehicle control and energy-efficient driving applications due to its robustness and 

ability to learn smooth control strategies under operational constraints. Prior studies have demonstrated the effectiveness 

of PPO-based approaches for fuel economy optimization, eco-driving, and energy management in both conventional and 

electrified vehicle systems [22,30–31]. These properties make PPO a suitable choice for learning stable and fuel-efficient 

driving policies within the proposed behavior-aware digital twin framework. 

The reinforcement learning agent was trained using the Proximal Policy Optimization (PPO) algorithm as 

implemented in the Stable-Baselines3 library. Unless otherwise specified, the training configuration adhered to the default 

hyperparameter settings of Stable-Baselines3: a learning rate of 3 × 10⁻⁴, a discount factor (γ) of 0.99, a clipping parameter 

of 0.2, a batch size of 64, and 2048 environment steps per policy update. The policy network employed a multilayer 

perceptron (MLP) architecture. Training was conducted for 100,000 interaction steps within the digital twin environment. 

During training, the PPO agent maintains a stochastic policy that enables exploration of the action space through 

probabilistic action sampling. For evaluation purposes, however, the trained policy is executed with deterministic action 

selection to ensure consistent, reproducible performance comparisons across evaluation episodes. 

Experiments were conducted using the Google Colab computational environment with GPU acceleration (NVIDIA 

A100). The surrogate vehicle dynamics model was trained on approximately 1.93 million telematics samples, and the 

PPO policy was trained for 100,000 interaction steps within the digital twin simulation environment. Although the dataset 

was relatively large, the training process required only moderate computational resources and was completed within 

practical runtime limits. These results indicate that the proposed digital twin-based reinforcement learning framework is 

computationally feasible for large-scale fleet optimization scenarios. 
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2.4.  Training and Simulation 

Reinforcement learning training is conducted entirely within the proposed digital twin environment, implemented as 

a custom Gymnasium-compatible simulation (HaulTruckEnv). This environment includes a data-driven vehicle dynamics 

surrogate model for fuel prediction, a behavior mapping component that converts policy actions into driver control signals 

such as acceleration, braking, or deceleration intensity, and operational constraints on speed and fuel consumption per 

unit distance to ensure realistic haul truck behavior. 

Policy learning is performed using PPO, a stable policy gradient algorithm widely used for continuous control tasks 

[19]. The agent was trained using a multilayer perceptron policy (MlpPolicy) within a vectorized environment wrapper 

(DummyVecEnv) to ensure compatibility with the Stable-Baselines3 training pipeline [34]. Training is conducted over a 

fixed number of interactions totaling 100,000 time steps, during which the agent collects rollout trajectories, updates the 

policy using the PPO clipped surrogate objective, and iteratively improves the expected return through repeated policy 

updates. 

Each simulation episode begins by sampling the initial operating context from historical telematics records, including 

initial speed, road gradient, payload, and energy-saving mode status. The agent then selects a continuous throttle action 

at each step, which translates into a speed change subject to operational speed constraints. Episode termination is triggered 

when a predetermined range limit is reached or the maximum number of steps is exceeded, ensuring that rollout 

trajectories are finite and comparable across experiments. 

2.5.  Evaluation and Validation 

After training, the learned policy is evaluated using deterministic action selection to ensure repeatable performance 

assessment across multiple simulations. Policy evaluation is conducted over multiple episodes, each initialized with a 

randomly selected operating context. During each episode, total fuel consumption and total distance traveled are 

accumulated from the step-level simulation output, allowing for the calculation of fuel consumption per kilometer. 

Additionally, descriptive driving statistics, including average speed, maximum speed, and average slope, are calculated 

to characterize the operational regime and stability of the learned driving behavior. 

The primary evaluation metric is fuel consumption per unit distance (L/km), calculated as the ratio of total fuel 

consumed to total distance traveled during each simulation. Aggregate results are reported as the average performance 

across all evaluation episodes. This simulation-based evaluation approach is consistent with standard reinforcement 

learning evaluation protocols in continuous control settings [19,29]. 

3.  Results 

3.1.  Overview of Experimental Setup and Evaluation Scope 

All experiments were conducted entirely within the proposed digital twin environment using a data-driven vehicle 

dynamics surrogate model. The evaluation compared historical operator driving behavior with driving policies generated 

by a reinforcement learning (RL) agent trained using Proximal Policy Optimization (PPO). To ensure a fair comparison, 

environmental conditions, including load and road gradient, were kept constant across both operator-based and RL-based 

simulations. The results presented in this section focus exclusively on the quantitative results obtained from the simulation 

runs and model outputs. 

3.2.  Digital Twin Surrogate Model Validation 

The performance of the digital twin vehicle dynamics surrogate was evaluated by comparing predicted fuel 

consumption rates with actual telematics observations. The surrogate model was trained and tested on a large-scale dataset 

comprising approximately 1.93 million samples, using seven input features that represent vehicle motion, operating 

conditions, and driver behavior. 

Table 1. Vehicle dynamics surrogate model performance 

Metric Training set Test set 

RMSE (L/h) 31.693 34.418 

R² 0.813 0.780 

 

Table 1 reports the performance of the vehicle dynamics surrogate model using standard regression metrics. The 

model achieved a root mean square error (RMSE) of 31.693 L/h on the training dataset and 34.418 L/h on the test dataset, 

with corresponding coefficients of determination (R²) of 0.813 and 0.780, respectively. The close agreement between 

training and test performance indicates consistent predictive behavior across unseen operating conditions. 

To further illustrate predictive accuracy, Fig. 1 presents a scatter plot comparing predicted and actual fuel 

consumption rates for the test dataset. The majority of data points are distributed around the diagonal reference line, 

indicating a strong correspondence between model predictions and observed fuel consumption values over a wide 

operating range. 
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Fig.1. Random Forest VDM Performance: Actual vs Predicted Fuel Rate 

Overall, these results indicate that the vehicle dynamics surrogate model accurately captures the nonlinear 

relationship between operating conditions and fuel consumption, supporting its use as a transition model for subsequent 

reinforcement learning experiments. 

3.3.  Reinforcement Learning Training Performance 

The reinforcement learning agent was trained within the proposed digital twin environment using PPO for a fixed 

number of interaction steps. The training process remained numerically stable under the defined state, action, and reward 

formulation, with no evidence of divergence or collapse of the learned policy. 

 

 

Fig.2. PPO training reward trajectory during learning 

Fig. 2 presents the evolution of the mean training reward. Due to the penalty-based reward structure adopted in this 

study, reward values remain negative and exhibit non-monotonic fluctuations. Nevertheless, the reward trajectory remains 

bounded throughout training and does not show signs of instability or uncontrolled oscillations. These observations 

indicate that PPO is able to maintain stable policy updates within the constrained digital twin environment. The 

effectiveness of the learned policy is therefore assessed through rollout-based evaluations of driving behavior and fuel 

consumption performance, as presented in the subsequent sections. 

3.4.  Speed Profile Comparison: Operator vs RL 

A.  Time-Series Speed Profiles 

Fig. 3 presents a comparison of time-series speed profiles between historical operator driving behavior and the speed 

trajectory generated by the RL agent under identical operating conditions. The operator speed profile exhibits frequent 

and abrupt fluctuations, including rapid accelerations and decelerations, as well as intermittent low-speed intervals 

throughout the haul cycle. 

In contrast, the RL-generated speed profile maintains a comparatively smooth and stable velocity over time. The 

reduced oscillation in the RL-generated speed trajectory indicates more consistent speed regulation and fewer aggressive 

control actions. This difference highlights distinct driving patterns produced by the two strategies, with the RL policy 

favoring steady-state operation within the prescribed operational speed bounds. 
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Fig.3. Time-series speed profiles of historical operator driving and the RL agent under identical operating conditions 

B.  Speed Distribution Analysis 

To further quantify the differences in speed regulation patterns, the vehicle speed distributions for historical operator 

driving and the RL-generated policy were analyzed. Fig. 4 presents the speed distributions for both driving strategies. The 

operator's speed distribution spans a wide operating range, reflecting substantial variability throughout the transport cycle. 

In contrast, the RL agent exhibits a highly concentrated speed distribution centered around a single operating speed, 

indicating consistent and tightly regulated speed control over time. 

 

 

Fig.4. Speed distribution of historical operator driving and the RL agent 

The cumulative characteristics of these distributions are illustrated in Fig. 5, which shows the cumulative distribution 

function (CDF) of vehicle speeds for the operator and the RL agent. The operator's CDF increases gradually, confirming 

significant dispersion in speed selection during operation. In comparison, the RL agent's CDF displays a nearly vertical 

transition, indicating that most operating time is spent within a narrow speed range with minimal variability. 

 

 

Fig.5. Cumulative distribution functions (CDF) of speed for historical operator driving and the RL agent 
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Quantitative statistics supporting these observations are summarized in Table 2, which reports key speed distribution 

metrics. Historical driving data showed a mean speed of 24.03 km/h with a standard deviation of 9.11 km/h, and speed 

values ranged from approximately 8.10 km/h (5th percentile) to 37.85 km/h (95th percentile). In contrast, the RL agent 

maintained a constant operating speed of 15.00 km/h throughout the evaluated episodes, resulting in zero variance and a 

fully concentrated interquartile range. These distribution-level statistics quantitatively confirm the reduction in speed 

variability and highly consistent speed regulation achieved by the RL-generated driving policy. 

Table 2. Statistical summary of speed distribution metrics for historical operator driving and the RL agent 

Metric Operator RL Agent 

Mean speed (km/h) 24.03 15.00 

Standard deviation (km/h) 9.11 0.00 

5th–95th percentile (km/h) 8.10 – 37.85 15 – 15 

Interquartile range (IQR) 13.14 0.00 

 

As indicated by the statistics in Table 2, the RL agent maintains a nearly constant operating speed across the 

evaluated episodes. This constant-speed behavior reflects the relatively stable operating conditions represented in the 

digital twin simulation. In the evaluated haul segment, road gradient, payload state, and operational constraints remained 

largely consistent, leading the RL agent to adopt a steady-state speed regulation strategy that minimizes unnecessary 

acceleration and braking. Such behavior aligns with established eco-driving principles for heavy-duty vehicles, where 

maintaining a stable speed reduces transient engine load fluctuations and improves fuel efficiency. In real-world open-pit 

mining operations, additional factors, such as traffic interactions, queuing at loading or dumping points, and abrupt terrain 

variations, may introduce greater speed variability. Incorporating these dynamics into the digital twin environment 

represents an important direction for future research to enhance policy realism further. 

3.5.  Fuel Consumption Performance 

Fuel consumption performance is evaluated using aggregated fuel-per-distance metrics calculated over the full 

simulation, complemented by time-series visualizations to assess the temporal consistency of fuel use under identical 

operating conditions. Performance comparisons are made between the operator's past driving behavior and the policy 

generated by the reinforcement learning agent in the same digital twin simulation environment. Fuel efficiency is 

quantified as fuel consumption per unit distance, calculated from cumulative fuel use and total distance traveled during 

each evaluation episode. 

 

 

Fig.6. Time-series comparison of fuel consumption per step (L/step) between historical operator driving and the RL agent under identical operating 

conditions 

Fig. 6 presents the time-series comparison of fuel consumption per step between the operator and the RL agent. The 

operator's fuel consumption profile exhibits pronounced fluctuations across simulation time steps, reflecting frequent 

changes in speed and throttle input during the haul cycle. In contrast, the RL agent maintains a nearly constant fuel 

consumption per step, consistent with its stable speed regulation behavior observed in the preceding analyses. 

Quantitatively, the historical operator recorded an average fuel consumption rate of 4.45 L/km. In comparison, the 

RL agent consumed 3.02 L/km under the same operating conditions across multiple evaluation episodes, corresponding 

to an average reduction of approximately 32.05% in fuel consumption per kilometer relative to the operator benchmark. 

These values are obtained from aggregated fuel and distance metrics over the evaluated haul cycle. Figure 6 further 

illustrates the temporal evolution of fuel consumption per step, highlighting the substantially reduced variability achieved 

by the RL-generated driving policy. 
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3.6.  Driving Behavior Metrics Comparison 

Driving behavior metrics were calculated to quantitatively assess the differences in smoothness and driving control 

between the historical operator's driving and the RL-generated policy. The evaluated metrics included speed variability, 

acceleration stability, stopping behavior, and the occurrence of harsh acceleration and braking events. 

Table 3. Driving behavior metrics comparison between historical operator driving and the RL agent 

Metric Operator RL Agent 

Number of samples 600 560 

Mean speed (km/h) 13.71 15.00 

Speed standard deviation (km/h) 13.59 0.00 

Mean absolute speed change (km/h per step) 15.30 0.00 

Standard deviation of speed change (km/h per step) 19.43 0.00 

Mean absolute acceleration (m/s²) 1.42 0.00 

Stop ratio (%) 43.67 0.00 

Harsh acceleration ratio (%) 41.40 0.00 

Harsh braking ratio (%) 39.23 0.00 

 

As summarized in Table 3, the operator's past driving behavior exhibited substantial variability in speed and 

acceleration. The operator exhibited a standard deviation of 13.59 km/h in speed and an average absolute speed change 

of 15.30 km/h per step, indicating frequent fluctuations in speed. In contrast, the RL agent maintained a constant operating 

speed of 15.00 km/h, resulting in zero speed variance and no changes in speed between steps. 

Acceleration-related metrics further highlight this difference. The operator's driving profile exhibited an average 

absolute acceleration of 1.42 m/s², while the RL agent produced no acceleration or deceleration events during the 

evaluated episodes. Furthermore, the operator exhibited a high proportion of stopping events (43.67% of time steps), as 

well as frequent sudden accelerations (41.40%) and sudden braking events (39.23%). These events were largely absent 

from the RL-generated driving policy. This comparison confirms that the RL agent learned a very stable and controlled 

driving behavior in the digital twin environment. The observed reduction in variability in speed, acceleration magnitude, 

and sudden driving events is consistent with the smoother speed profiles and lower fuel consumption reported in the 

previous section. 

The zero values observed for several driving behavior metrics in Table 3 reflect the steady-state operating regime 

learned by the RL agent. Because the learned policy maintains a stable speed trajectory throughout the simulated haul 

segment, unnecessary acceleration, braking, and stop-and-go behavior are largely avoided. Such smooth longitudinal 

control is consistent with eco-driving principles, where minimizing abrupt speed changes contributes to improved fuel 

efficiency. In real-world haulage operations, however, additional operational disturbances such as traffic interactions, 

loading delays, and terrain variations may introduce greater variability in these metrics. 

Overall, the experimental evaluations demonstrate that the proposed digital twin-based reinforcement learning 

framework yields consistent and measurable performance improvements. The vehicle dynamics surrogate model achieves 

sufficient prediction accuracy to support reinforcement learning-based simulations, and the PPO agent demonstrates 

stable training convergence in the digital twin environment. Compared to historical operator driving, the RL-generated 

policy produces a smoother speed profile with significantly lower variability and lower fuel consumption. Under identical 

operating conditions, fuel consumption per kilometer is reduced from 4.45 L/km for operator driving to 3.02 L/km for the 

RL agent, which equates to a 32.05% improvement. Driving behavior metrics further confirm the improved smoothness 

and stability of the RL-generated driving policy. 

3.7.  Interpretation of Fuel Efficiency Improvement 

The experimental results demonstrate that the proposed behavior-aware digital twin and reinforcement learning 

framework can achieve substantial reductions in fuel consumption compared to historical operator driving under identical 

operating conditions. The observed improvement is primarily attributable to the learned policy’s ability to maintain a 

stable and near-constant operating speed, thereby reducing unnecessary acceleration and deceleration events. The results 

suggest that digital twin-based, behavior-aware reinforcement learning constitutes a promising approach in heavy-duty 

vehicles, where longitudinal control smoothness directly affects engine load and energy losses [4,35]. 

These findings are consistent with prior empirical studies, which indicate that smoother speed regulation and 

moderated control intensity can yield significant fuel savings without requiring changes to vehicle hardware or 

infrastructure [4,27,35]. In the context of open-pit haulage operations, where vehicles operate under repetitive cycles and 

relatively predictable routes, the influence of driving behavior on fuel consumption becomes even more pronounced [1]. 

The results therefore reinforce the notion that driver behavior optimization represents a high-impact and operationally 

feasible lever for improving energy efficiency in mining transportation systems. 

While the RL-generated policy converges toward a near-constant operating speed under the evaluated conditions, 

the reinforcement learning framework does not enforce a predefined speed heuristic. Rather, the RL agent develops a 



Driver Behavior–aware Fuel Optimization Using a Digital Twin and Reinforcement Learning Approach for Open-pit Haul Trucks 

Volume 18 (2026), Issue 4 – Page 165 

control policy through interactions with the digital twin environment, utilizing observed operational states such as vehicle 

speed, road gradient, and load conditions. Consequently, the observed steady-state behavior emerges as an optimal 

strategy under the relatively stable operating conditions modeled in the simulation, rather than being explicitly defined as 

a deterministic rule. 

3.8.  Role of Explicit Driver Behavior Modeling 

The main contribution of this study lies in the explicit representation of driver behavior within a digital twin 

framework. Unlike conventional approaches that treat driver behavior as stochastic noise or implicitly embed it in vehicle 

dynamics models, the proposed framework models driver behavior as a controllable and learnable component that directly 

mediates the relationship between control actions and fuel consumption. 

By mapping reinforcement learning actions to interpretable driver control signals such as acceleration, braking, and 

retarder usage, the digital twin enables the learning process to internalize eco-driving principles in a structured manner. 

This behavior-aware formulation allows the agent to discover fuel-efficient driving strategies that remain operationally 

realistic and consistent with established driving practices, in which longitudinal control patterns play a dominant role in 

determining energy consumption for heavy-duty vehicles [7]. Similar observations have been reported in recent studies 

on driving behavior recognition and fuel economy evaluation, highlighting the dominant role of longitudinal control 

patterns in determining energy consumption for heavy-duty vehicles [23–24]. 

From a methodological perspective, treating driver behavior as an explicit control layer improves interpretability and 

practical relevance. Learned policies can be more easily analyzed, validated, and potentially translated into driver 

assistance or training systems, bridging the gap between data-driven optimization and real-world implementation [36,37].  

3.9.  Contribution of the Digital Twin Architecture 

The proposed digital twin architecture provides an effective platform for integrating real-world telematics data, data-

driven vehicle dynamics modeling, and reinforcement learning-based control within a unified simulation environment. 

By embedding a surrogate vehicle dynamics model trained on historical operational data, the Digital Twin enables fast 

and stable simulation of fuel consumption while preserving the essential nonlinear relationships between vehicle state, 

driver behavior, and environmental conditions, which are critical for realistic heavy-duty vehicle modeling [38]. 

Compared to existing digital twin applications in mining, which are often limited to monitoring, visualization, or 

descriptive analytics, the proposed framework extends the digital twin paradigm toward prescriptive optimization through 

learning-based control. This aligns with recent reviews emphasizing the need for digital twins to evolve from passive 

representations into active decision-support and optimization tools [16,39]. 

Moreover, the modular separation of vehicle dynamics, driver behavior, and environment models enhances 

extensibility and scalability. Such modular digital twin architectures have been widely recognized as a key enabler for 

adapting models across different assets, operating conditions, and optimization objectives without fundamental redesign 

[14–15,40]. The proposed framework can therefore accommodate alternative surrogate models, additional behavioral 

features, or more complex environmental representations, supporting its applicability to a broader range of haulage 

systems and operating scenarios. 

While the surrogate vehicle dynamics model achieves an R² of 0.780 on the test dataset, its primary purpose is to 

serve as a computationally efficient transition model for reinforcement learning simulations in the digital twin 

environment. Both the reinforcement learning-generated policy and the historical operator driving profiles are evaluated 

using identical surrogate model assumptions, ensuring that the reported fuel efficiency improvements reflect relative 

performance differences rather than absolute fuel consumption estimates. 

3.10.  Comparison with Existing Studies 

The results of this study are broadly consistent with prior reinforcement learning-based eco-driving and energy 

management research, which has demonstrated meaningful reductions in fuel or energy consumption under controlled 

simulation conditions. Studies in on-road and off-road domains report that reinforcement learning can effectively learn 

smooth and energy-efficient control policies when supported by appropriate state representations and reward formulations 

[22,31]. More generally, recent surveys and reviews of reinforcement learning applications in control and transportation 

systems have highlighted the effectiveness of policy-gradient methods for learning energy-efficient control strategies in 

complex environments [41]. 

Direct quantitative comparison with existing work remains challenging due to differences in vehicle types, operating 

environments, evaluation protocols, and performance metrics. In particular, many prior studies rely on simplified vehicle 

models or synthetic driving cycles to facilitate training and evaluation [22]. In contrast, the present work leverages real-

world telematics data and explicitly models driver behavior within a digital twin environment. As such, the reported fuel 

savings should be interpreted as indicative of the framework’s effectiveness within its defined scope rather than as a 

universal benchmark across mining operations, a limitation commonly acknowledged in recent reviews of digital twin-

enabled mining and transportation systems [16,18]. 
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3.11.  Limitations and Future Research Directions 

Despite the promising results obtained in this study, several limitations exist that contextualize the scope and 

applicability of the proposed framework. First, the experimental evaluation was conducted entirely within a digital twin 

environment using a data-driven vehicle dynamics surrogate model. Although the surrogate model demonstrated adequate 

predictive accuracy and supported stable reinforcement learning, discrepancies between simulated and real-world 

behavior may still emerge, particularly under operating conditions that are rarely represented in historical data or during 

extreme events. Second, the reinforcement learning policy evaluated in this study was optimized under controlled 

operating assumptions, resulting in a highly stable driving pattern with limited speed variability during the evaluation 

episodes. While this behavior is desirable for isolating fuel efficiency effects and ensuring fair comparisons with historical 

operator data, it does not reflect the full range of adaptability required in real-world haulage operations involving traffic 

interactions, stochastic disturbances, or dynamically changing routes. 

Third, the evaluation focused on a limited set of operators, routes, and operating conditions, with load and road 

gradients held constant to ensure methodological fairness. While this design choice allows for robust performance 

comparisons, it limits the generalizability of the reported fuel savings across a broader and more heterogeneous range of 

mining scenarios. 

Future research will address these limitations by extending the proposed framework in several directions. Multi-

episode and multi-route evaluations will be conducted to assess policy robustness across different operational contexts 

and operator profiles. Environmental uncertainty and stochastic disturbances will be incorporated into the digital twin to 

increase realism and test the policy's adaptability. Furthermore, hybrid control strategies that combine reinforcement 

learning with rule-based safety constraints or human involvement mechanisms will be explored to enhance operational 

acceptability. Finally, integrating with real-time fleet management and driver assistance systems is a promising path to 

translating the proposed approach into a practical decision-support tool for surface mining operations. 

4.  Conclusions 

This study presented a driver behavior-aware fuel optimization framework for open-pit haul trucks by integrating a 

digital twin architecture with reinforcement learning. The proposed framework combines a data-driven vehicle dynamics 

surrogate, explicit driver behavior modeling, and PPO to enable safe and scalable learning of fuel-efficient driving 

strategies within a realistic simulation environment. Experimental results demonstrate that the digital twin surrogate 

provides sufficient predictive fidelity to support stable reinforcement learning. Compared to historical operator driving, 

the reinforcement learning policy produced substantially smoother speed regulation, eliminated aggressive acceleration 

and braking events, and reduced speed variability. Under identical operating conditions, fuel consumption per kilometer 

was decreased from 4.45 L/km to 3.02 L/km, corresponding to a 32.05% improvement in fuel efficiency. A key 

contribution of this work lies in explicitly modeling driver behavior as an integral component of the optimization process. 

Rather than optimizing fuel consumption solely through abstract control objectives, the proposed approach establishes a 

clear behavioral pathway linking speed stability and smooth driving patterns to measurable fuel savings. This behavior-

aware formulation enhances interpretability and aligns learning-based optimization with practical operational 

considerations in heavy-duty haulage. While the learned policy exhibits highly stable speed regulation under controlled 

evaluation conditions, this behavior reflects the objective of isolating fuel efficiency effects and provides a foundation for 

future extensions incorporating greater operational variability. Overall, the results indicate that digital twin-based, 

behavior-aware reinforcement learning represents a promising approach for fuel efficiency improvement in open-pit 

mining operations. By enabling controlled experimentation and interpretable policy learning within a realistic simulation 

environment, the proposed framework provides a foundation for future development of decision support and driver 

assistance systems aimed at reducing fuel consumption while maintaining realistic and operationally feasible driving 

behavior. 
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