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ABSTRACT: Growing concerns over climate change and ecological degradation have brought sustainability to the
forefront of the global agenda. In parallel, the urgency for developing electric mobility technologies has heightened to
combat air pollution in urban areas. Reinforcement learning (RL) can provide solutions for optimal, risk-sensitive, and
energy-efficient motion planning of autonomous vehicles in unknown and dynamic environments, but typically does
not consider energy consumption as an explicit objective during training. Moreover, several real-world constraints
related to safety and comfort are frequently neglected. In this work, sustainability-focused deep RL algorithms are
proposed to enable energy-efficient autonomous vehicle navigation under real-world constraints. The performance of
different approaches is assessed in a simulated two-dimensional environment, and their ability to reduce energy
consumption while still satisfying real-world constraints is evaluated.

Diverse approaches are explored to optimize energy-aware RL policy learning, including the combination of model-
based and model-free techniques, the design of reward structures that promote energy-efficient behaviours, the
application of safety layers to guarantee constraint satisfaction, and the consideration of real-world variations in the
environment. The systematic exploitation of these approaches is then employed to tackle three specific challenges: (i)
the development of energy-aware models for planning and policy learning; (ii) the exploitation of models in a safely
constrained exploration of the state-action space; and (iii) the balancing of safety and energy efficiency during policy
training.

KEYWORDS: Deep reinforcement learning; autonomous vehicles; energy-efficient control; safety; real-world
constraints

I. INTRODUCTION

Transitioning to a decarbonized future requires immediate action in the transport sector, with deep reinforcement
learning (DRL)-based controllers for autonomous mobility assumed to contribute. Most recent DRL studies target path-
following only and ignore energy expenditure and other real-world considerations such as safety, comfort, or
generalization. Thus far, energy efficiency remains unexplored in a sustainability-oriented context. However,
integrating these additional concerns and enabling savings that offer real motivation constitute significant knowledge
gaps. Enabling the introduction of new energy-aware formulations, embedding safety and comfort-focused constraints,
and creating DRL models that understands the consequences of navigation decisions are required to fill these voids.
Sustainable DRL refers to the use of modern DRL algorithms to train robots or agents performing tasks that directly
contribute to the protection of the environment, especially through resource-conserving actions.
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Fig 1: Research into Autonomous Vehicles

1.1. Background and Significance

Energy efficiency is one of the prime indicators for a sustainable future. In intelligent transportation research, it is
increasingly focused on the development of energy-saving navigation strategies for automobiles, hybrid electric
vehicles, and electric vehicles. Deep reinforcement learning (DRL) methods have achieved state-of-the-art results in
various autonomous navigation tasks. However, most of these technologies are energy-inefficient and lack practical
constraining conditions. The deep learning-based navigation models can consume a lot of energy in the training phase
and are required to handle a variety of pre-planned paths to generalize well in the inference phase. This energy cost
increases further with the excessive number of explored paths when the DRL approach is model-free.

Despite the rapid advancement of DRL and large-scale adoption of DRL in state-of-the-art intelligent navigation
methods for self-driving vehicles, these DRL methods are rarely applied in energy-efficient self-driving navigation
task. Energy-efficient DRL-based navigation methods require less energy consumption and the navigation is considered
safe when a set of real-world constraints is satisfied during the exploration and inference phases. However, the real-
world constraints are not typically embedded in the DRL training process. Constrained path planning and DRL models
can be combined to obtain energy-efficient trained models, that can also be used in scenes where path planning is
difficult. The major components are: 1. Deep Reinforcement Learning Algorithms for Energy-Efficient Navigation
under Real-World Constraints. DRL methods specifically designed for energy-efficient navigation are proposed.

1.2. Research design

Navigation is an important task of autonomous vehicles that aims to guide vehicles from the start location to a fixed
destination. Meanwhile, autonomous navigation is not just about getting to a destination, it is also about getting there in
an energy-efficient manner. Energy-efficient vehicle navigation remains a challenging problem, even more so when
additional real-world constraints or safety considerations are imposed, such as avoiding pedestrians, avoiding obstacles,
or staying within the lane.

Reinforcement learning (RL) is a framework for learning how to map situations in an environment to actions that the
agent takes in those situations to maximize a numerical reward. Aspects of RL make it suitable for safety-critical
applications. A number of RL approaches have been presented that aim to achieve energy-efficient self-driving cars.
Although promising, most of the prior work either focuses on energy-efficient navigation in simulation without any
real-world constraint, or only partially incorporates real-world constraints that allow using rule-based techniques in
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simulation. In general, energy-efficient navigation remains an open research issue, especially in a real-world
environment with real-world constraints.

Il. PROBLEM FORMULATION AND OBJECTIVES

Designing an energy-efficient navigation strategy for autonomous vehicles remains a central challenge in energy-aware
reinforcement learning of continuous control tasks, especially given limited battery capacity. Moreover, navigating new
environments, avoiding collisions with obstacles, and searching for prefixed goals while keeping comfort on board are
basic requirements that still need to be considered in the planning strategies of these energy-constrained agents.

Specifically, recent combinations of the model-based and model-free reinforcement learning paradigms have achieved
considerable success in an energy-centric navigation benchmark, modeled in an energy-aware simulation environment
and validated against a real robotic platform. These developments lay the groundwork for building navigation policies
that not only minimize energy consumption but are also capable of safely exploring new environments and dealing with
real-world uncertainties. Such augmented energy-aware navigation systems open entirely new research topics, not only
for further improving energy-efficiency trade-offs in the learning procedures but also for giving the resulting policies
safety mechanisms able to handle new yet similar environments.

2.1. Energy Efficiency in Autonomous Navigation

The emergence of an autonomous driving paradigm supports multiple applications involving different vehicle types.
However, compared to human drivers, autonomous vehicles tend to consume more energy. The energy consumption of
a vehicle can be reduced through energy-aware route planning, changing the mission profile, and driving in an energy-
efficient manner. While all these approaches can help reduce energy consumption, they are not equally effective for all
types of vehicles under all driving conditions. An approach that directly addresses the energy consumption of
autonomous vehicles while navigating through complex environments is of great interest.

Environmental perception is one of the biggest challenges of autonomous driving. Autonomous vehicles need to
accurately and timely sense objects, understand the environment, and respond correctly to changes and events. An
autonomous vehicle needs to perceive the road situation and deduce the intention of surrounding vehicles and
pedestrians to behave logically during navigation. Driving in a logical manner not only improves traffic flow, safety,
and ride comfort, but it can also reduce energy consumption. To achieve this, the vehicle should anticipate potential
collision risks and proactively keep a safe distance. A large number of catastrophe accidents occur in traffic. On one
hand, it is necessary to reduce energy consumption and increase the cruising range of the vehicle. On the other hand, it
is also necessary to ensure safe navigation to avoid catastrophic accidents.

Equation 1: RMSE derivation (step-by-step)

The article calls out RMSE as a core metric.
Step 1 — Start from per-time error
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Step 2 — Remove sign by squaring
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Step 4 — Bring the unit back to “demand units” via square root
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Interpretation: RMSE penalizes large errors strongly (quadratically).

2.2. Real-World Constraints and Safety Considerations

Energy-aware optimization of navigation strategies for autonomous vehicles using reinforcement learning should
explicitly consider deviations from normal operation or control. Such deviations may stem from the experimental setup,
the environment, the task being accomplished, or a combination of these factors. The focus here is on the third case: the
exploration of navigation strategies that may decrease energy consumption during normal operation but pose safety
risks when emissions are high. Nevertheless, massive runs above a safety threshold are needed to provide the data for
policy evaluation. The aim is to ensure that any navigation strategy delivers a sufficiently stable behavior despite
massively increasing the pressure on an AV.

An extension to steer clear of colliding with stationary obstacles represents another area where safety is paramount. If
an AV must dodge such an obstacle, a layered model that combines the energy-aware reward structure and an
additional constraint layer becomes necessary. At the lowest level, a safety-only reward structure addresses only the
detection of stationary obstacles, while at a higher layer, the energy-aware reward structure guides normal operation.
The layering framework can be extended in the same way if necessary. A second option is to support the energy-aware
reward structure with an integrated hard constraint by postponing the navigation until the AV can safely steer around
the obstacle.

2.3. Reinforcement Learning Framework for Vehicle Control

A reinforcement learning framework is formulated to control the navigation of a vehicle with energy efficiency as key
objective. The challenges of deep reinforcement learning are addressed through carefully designed exploration, reward
shaping, and training strategies. It is demonstrated that both value-based and policy-based methods can be leveraged to
address energy-aware navigation under real-world constraints.

The generalization and actual applicability of state-of-the-art deep reinforcement learning solutions remain open
problems. Energy-efficient navigation solves a inherently multi-objective problem wherein navigation time, energy
cost, and navigational comfort need to be minimized simultaneously. Current state-of-the-art deep reinforcement
learning methods show limited energy efficiency on this task. The application of reinforcement learning methods to
energy-aware navigation under mixed autonomy levels has been preliminary explored. In particular, the focus is on
method components that can improve the energy efficiency of learned navigation policies without degrading comfort
nor safety, as measured by acceleration, jerk, and collision rate. Both model-free and model-based approaches are
explored. The model-based approach leverages the prediction of a vehicle energy-consuming power in the latent space
of the learned dynamics. For the model-free approach, a mixture model is optionally activated to guide exploration.
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Hourly demand: actual vs model forecasts (synthetic example)
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111. RELATED WORK AND KNOWLEDGE GAPS

Despite the growing body of literature in the fields of autonomous vehicle control and DRL, their intersection
concerning energy-efficient control under real-world constraints is still under-explored, leaving room for future
attention. Existing models of vehicle behavior during driving, braking, and steering are typically based on vehicle
dynamics that do not emphasize energy efficiency. Further, state-of-the-art DRL control approaches either do not
explicitly consider real-world constraints or resort to heuristic methods for guaranteeing them, risking to be inadequate
in real-world applications.

A limited number of studies explicitly account for energy consumption during exploration by using energy-aware
reward functions. Meanwhile, approaches balancing safety and efficiency often rely on ad-hoc formulations that do not
generalize well to different driving scenarios. Integrating safety layers for guaranteeing real-world constraints
constitutes an additional difficulty: naively combining existing safe RL techniques with energy-aware exploration can
lead to sub-optimal learning and non-safe behaviors. Exploring how DRL can be made truly sustainable, in terms of
minimizing energy consumption while satisfying real-world constraints, remains therefore an open and non-trivial
challenge. Addressing it requires extending the existing literature along a number of dimensions, including efficient
exploration, energy-aware reward structures, and safe exploration that encompasses a broader definition of real-world
constraints.

X

Goal

Fig 2: Related Work and Knowledge Gaps
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IV. METHODOLOGICAL FRAMEWORK

Realistic representations of physical systems are necessary to support the derivation of effective and safe policies in
energy-efficient navigation scenarios. Therefore, navigation in a rich environment simulator (Santos et al., 2020)
constitutes the first step in the methodological framework, with a background of the underlying modeling and
generation of physics-aware environment dynamics provided in C3. Energy-awareness is then incorporated via the
reward structure. A saliency-based approach to modelling real-world constraints during learning is also implemented,
followed by the introduction of a safety architecture layer for acted-upon environment changes.

The AirSim vehicle control APl via UM-Sim (Santos et al., 2020) enables action commands (steering, throttle and
braking) to be sent to an environmental vehicular model replica. Throttle adjusts acceleration, braking stops and
steering directs the vehicle to new trajectory sections. The area comprises buildings and a variety of terrains rendered
for realism. Visual undesirable effects (e.g., falling through the ground) are avoided by placing colliders at zone borders
and around physical obstacles. An articulated procedural approach models dynamics for expansive environments and
process pipelines/cities. An energy-aware adaptation of the environment dynamics predicts consumption during
execution, with deviations used to augment loss and validate convergence.

4.1. Environment Modeling and Simulation

The Virtual Design Platform (VDP) is a software framework for advanced design and validation of autonomous
vehicles. VDP allows rapid simulation of complex operating environments that are typically data-intensive to develop
using traditional simulation tools. Autonomous vehicles can be integrated with intelligent control and decision-making
modules for validation in diverse applications, providing researchers a cost-efficient testing platform that supports fast
iteration of vehicle functionality and optimization. VDP incorporates four key components including environment
modeling, environment rendering, vehicle control, and multi-agent behavior design.

While VDP was originally designed for vehicle-based transportation applications, the general adaption of the
framework supports various types of vehicles and phases of control. Object detection modules can be employed to
enhance autonomy by informing the vehicle of the activity of other agents. For the purpose of training-and-testing—
driven design-and-validation tasks, non-player mode of the simulation enables the design of environment behaviors
based upon synthesis of agent behaviors in real-world scenarios, allowing for rapid validation and optimization of the
modules.

Equation 2: MAPE derivation (step-by-step)
MAPE is also explicitly mentioned.
Step 1 — Start from absolute error

lec] = |y — Pl

Step 2 — Convert to a percentage by dividing by actual demand

Ve — e
Yt
Step 3 — Average across time, and convert to %
100 % y
MAPE = —— Yt }’t|
N ~ Yt

Practical note (important in retail):

When y, = 0, MAPE divides by zero. A common safe variant is:

N A
MAPE :@Z _Ye= Ve
° N & Imax(lycl,€)

where € is a very small constant (e.g., 107).
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4.2. Energy-Aware Reward Structures

Autonomous vehicles, in addition to learning highly predictable motion behaviors of human traffic participants, must
understand the importance of energy efficiency in the driving task. An energy-aware reward can therefore help guide
the policy toward a lower-energy region in the action space. This is straightforward when using a model-based
directional method, as the Derivative Dynamic Model (DDM) approximates the energy consumption of the AV at every
step using the kinetic energy addition theorem. However, reward shaping is also possible with model-free methods by
defining an auxiliary energy-consumption-based reward. This alternative reward should approximate the energy cost
accumulated over a transition and be coupled with a scaled version of the original non-energy reward so that the overall
objective is preserved. The idea is to reward the agent for taking energy-consumption-efficient decisions while
simultaneously incentivizing the completion of the main driving task.

Additionally, although the state-action space of the AV after learning becomes highly polished and predictable, the
methods employed in the experimental case studies can still face a multitude of simple yet non-redundant situations that
produce non-conformal behaviors—some of which lead to driving comfort degradation. In this context, the influence of
an auxiliary comfort-based reward is also assessed. The objective is to help steer the policy toward a more comfortable
driving behavior while sacrificing as little as possible in terms of energy.

4.3. Constraint Handling and Safety Layers

Safe exploration strategies for general-purpose RL add an additional mechanism to obtain safety guarantees under
general domains and against arbitrary safety constraints. More recent approaches, such as safe RL, focus on safety
layers and on algorithms that learn a policy adapted to the agent’s surroundings. The vehicle can always execute the
learnt policy safely if a traffic rule-abiding expert or behavior-cloning policy is available. Safety layers can also be
invoked in parallel with other training procedures. Constraints, instead of simply ensuring that the RL agent stays
within a feasible space, can improve exploration strategies and capability.

Constraining the learning architecture can also improve safety, comfort, and energy consumption during exploration;
however, such an approach is highly environment-specific and therefore is less memorable. Furthermore, a different
approach can be devised to impart knowledge related to the physical model of the dynamic environment, opponent
behavior, and cooperation to the learning agent. These concerns require planning and the construction of a model
within the RL architecture. An additional approach for constructing planning capability requires a behavior policy.

V. ALGORITHMIC APPROACHES FOR SUSTAINABILITY

Numerous algorithmic approaches leverage the advantages of both model-free and model-based reinforcement learning,
position-based and value-based methods, and actor-critic paradigms. Successful energy-efficient navigation in real-life
settings is intricately linked to an energy-aware natural environment model comprising a plurality of realistic virtual
environments that have been either derived from real-world maps or learnt from real-world trajectories, enabling the
implementation of a hybrid model-based and model-free method. EnDPPO is a variant of the widely-known Proximal
Policy Optimization algorithm that incorporates an energy-based reward term into the classic advantage function,
allowing the agent to learn strategies that minimize energy expenditure throughout the environment. The energy-based
reward relies on properties of the off-policy trajectory buffer and is therefore capable of capturing energy minima.
Nonetheless, using efficiency as the sole optimization objective can compromise safety: overcrowded traffic zones,
barriers, visual discomfort, sudden lateral movements, and vehicle control commands not conforming to real-world
constraints require special attention.

Real-world navigation using pre-trained RL models often exposes the agent to safety hazards, including collisions with
vehicles and pedestrians, abrupt lane changes and dangerous road maneuvers, and disregard for traffic rules, all of
which remain unaddressed. An exploration method acts as an efficient data generator—either by producing an
automatically labelled dataset containing an abundance of unsafe actions or by defining a safe-layered action space that
prevents collision—and incrementally guides training toward safety-critical regions. Potential collisions during pre-
deployment exploration can also be mitigated by adopting a growing-trust-region concept: the trust-region size
increases parallel to the training process, thus progressively normalizing the extent of action perturbations inflicted on
the agent. The approach can incorporate real-world variances, uncertainties, and unmodelled dynamics, ensuring
greater policy robustness and enabling reliability-oriented pre-deployment verification. The joint optimization of safety
and energy efficiency favors gentle forward motions at lower speeds through highly congested areas and ensures that
lateral maneuvers remain well within vehicle limits, yet unaddressed causes of discomfort persist.
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5.1. Model-Based and Model-Free Hybrids

Automatically navigating autonomous vehicles in a wide variety of environments typically requires a combination of
model-based and model-free learning approaches to achieve low energy consumption while also satisfying real-world
constraints, such as staying on a road or avoiding obstacles. Hybrid methods take advantage of any knowledge of the
environment that may be available and compensate for model inaccuracies learned solely from data. Using energy
consumption, the trajectory length, and the frequency of constraints violations as evaluation criteria, a model-based
reinforcement learning method is applied first. Next, a world model is trained on the data generated to enable more
efficient data collection before training a model-free agent with the same architecture based on the compact synthetic
environment. Finally, sampled-efficient algorithms focus on real-world data collected by a deeper learning algorithm
and require several days of training to achieve comparable performance.

Incorporating these ideas into a proposed methodology leads to warm-starting with a model-based learning process,
switching to a model-free approach, and fine-tuning using real-world data. A learned energy-aware environment
becomes progressively more restrictive and eventually matches the real-world constraints while a distance-to-safety
layer is introduced to counteract overestimations of the driving space. Multi-objective deep reinforcement learning
enables automatic trade-offs between safety, energy consumption, and comfort during supervised sparsity.

The proposed methodology for autonomous vehicle navigation integrates model-based and model-free reinforcement
learning to balance energy efficiency, safety, and real-world feasibility across diverse environments. The approach
begins with a model-based reinforcement learning phase to provide a warm start, leveraging known system dynamics to
generate low-energy, constraint-aware trajectories while minimizing violations such as leaving the road or encountering
obstacles. Data collected during this phase are then used to train a learned world model, enabling efficient synthetic
data generation and accelerating subsequent learning. A model-free agent with an identical architecture is trained
within this compact learned environment to improve policy flexibility and robustness, before being fine-tuned using
real-world data gathered through deeper learning algorithms. As training progresses, the learned environment becomes
increasingly restrictive to better reflect real-world constraints, while a distance-to-safety layer mitigates overestimation
of drivable space. Finally, multi-objective deep reinforcement learning facilitates automatic trade-offs between safety,
energy consumption, and passenger comfort, resulting in a robust, energy-aware control policy that achieves high
performance with improved sample efficiency.
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Fig 3: Model-Based Control and Model-Free Control Techniques for Autonomous Vehicles
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5.2. Energy-Aware Policy Optimization

Energy consumption can be naturally integrated as an auxiliary optimization objective during training to promote
energy-efficient driving behavior. This approach is reminiscent of multi-task or multi-objective learning, where the
models are jointly trained to minimize primary and secondary losses. The utilization of a Mars rover RL agent
highlights this concept: it was discovered that penalty rewards augmented with costs for energy usage led to less
hazardous driving in deployment, even when these costs—unlike sparsity or distance tracking—fell outside the reward
shaping task.

The energy-aware driver model is especially suited for Actor-Critic frameworks, in which the actor learns the
navigation policy and the critic predicts the value function and, potentially, additional costs. Indeed, many
implementations optimize both values in such a setup. For example, an E3D-Approx-Env model was defined to learn a
penalty-guided navigation policy that minimized dynamic driving costs in addition to standard trajectory-following
losses. In this context, the main reward function was the cumulative reward for the training episode, whereas a natural
second reward, dependent on distance travelled by the car, approximated dynamic driving costs. The method achieved
good real-world performance, with trajectories of sufficient quality demonstrated an emergent behaviour of energy-
saving speed regulation.

5.3. Safe Exploration and Robustness to Real-World Variability

Safe exploration during simulation-based learning is crucial for reinforcement learning (RL) approaches to autonomous
navigation. Driving too recklessly can lead to drastic and unrealistic crashes, therefore exploration strategies must be
adapted to not only focus on rewarding information-gain but also take driving safety into consideration. Moreover, it
has been shown that carelessly choosing parallel exploration using e-greedy policies can be detrimental to training
performance. One possible solution entails adopting safe exploration methods from stochastic optimal control
approaches. A key challenge when implementing safety constraints in learning-based methods is that safety levels can
become too strict for the current training phase, hampering the learning process itself.

When training in simulated dynamic environments, or in learning-based methods that bootstrap from an initial model,
unrealistic references may have a strong impact on overall performance. The method which estimates how close the
e.g. CVRL Vehicle should behave compared to a reference (and possibly slow) behavior is therefore of particular
importance for a safe and efficient training phase. Other stochasticity-related constraints include avoiding local minima
caused by spatially correlated jitters in the driving behavior.

Safe exploration during the learning phase is not only associated with avoiding sub-optimal controls. In line with the
previous point, switching to a less noisy setting for a certain number of repetitions (“fine-tuning”) can also help
overcome local minima. Finally, robustness with respect to different environments is a crucial feature of any method
targeting real-world applications. It is especially important that the agents learn to drive through unseen environments
with only slight modifications of their physical parameters, such as friction coefficients.
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Forecast error (RMSE) by model (synthetic example)
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5.4. Multi-Objective Trade-Offs between Safety, Efficiency, and Comfort

Deep reinforcement learning training, when tailored towards safety and generalization, yields skilled controllers even in
environments that were not considered during training. A generalization layer supports safe real-world exploration of
vehicles by modelling performance confidence and the controller distance to each trained state. Similar generalization
layers may support multi-objective trading trajectories on different criteria: for instance between efficiency on fuel
tracking and comfort for passengers.

Reinforcement Learning (RL) enables the definition of autonomous agents to solve complex decision-making problems
directly from experience by specifying the agent objective in terms of reward functions. Unlike classical Artificial
Intelligence approaches, no hand-engineered rules are required, and the RL agent discovers the best strategy based on a
reward feedback system. In contrast to controlling problems solved by Model Predictive Controllike approaches, RL is
capable of handling intractable combinatorial searches. Policylearning optimization principles lead to policies whose
blind compliance with speed limits maximizes fuel consumption. Yet combining planningfor safety with RL training
that minimizes CO2 impact can yield controllers that are both safe and efficient.

Safety Layers and safe exploration in the real-world are achieved using a supervised learning meta-layer that predicts
the performance of any input controller in the test environment. Input-aware exploration functions extend expected
safety filters to unknown environments. Generating and executing trajectories that minimize an estimated
reconstruction error and a pixellevel distance between images fed to a convolutional neural network leads to safe real-
world exploration of autonomously driving remotely controlled cars even with baseline RL controllers.

VI. EVALUATION METRICS AND EXPERIMENTAL DESIGN

A multi-faceted perspective is required to validate the sustainability of the proposed approach. In addition to ensuring
that the trained policy consumes less energy than its predecessors, it must not violate any of the explored real-world
constraints (i.e., safety-first principle, pedestrian-aware driving) and should be robust to variability inherent in the real
world (e.g., inconsistent traffic density, miscalculations in traffic light timing, etc.). Bias and overfitting must also be
avoided, ideally enabling the trained model to perform acceptably well across various environments and completing a
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driverless round-trip between terminals in an autonomous manner. Satisfying such a diverse set of criteria during the
same experimental run is known to be difficult. As such, the energy-aware DRL policies are subjected to different
combinations of these tests in different runs, as laid out below.

Energy consumption is one of the main performance indicators for sustainable AV navigation, and as such, it is
examined first. In the current implementation, the length of the sequences that allow comparison over fixed distances
cannot be controlled. The computed energy consumption per distance unit therefore adopts the following form:
\[\bar{E} = \frac{E_T}{d_{\text{total}}}\]

where \( d_{\text{total}} \) denotes the length of the complete trajectory and \( E_T \) the overall energy spent by the
AV during navigation. It is expected that the energy-aware reward formulation will lead the model to discover a driving
strategy that minimizes or at least decreases this cost function in comparison to the baseline agents, potentially paving
the way for actual energy savings.

6.1. Energy Consumption Benchmarks

Energy consumption is the primary metric of interest for this study and is defined as the total energy dissipated by the
vehicle during navigation. A wide range of non-critical tasks are currently predefined for the wvehicle, including
destination input, obstacle detection, sensor fusion, and terrain analysis, and then the power consumed is taken from
real-world values found in the literature, user manuals or datasheets. Nevertheless, for future work, it is encouraged for
the simulation community to implement a vehicle model in which all the sources of power consumption are derived
from the same model regardless of the current imagined situation. This allows for a more refined version of this
benchmark.

Energy efficiency is defined as the ratio of energy consumption to the Euclidean distance between the starting point and
the destination, thus contrasting the control with an ideal case of optimal trajectory. For a more general evaluation, a
performance score is represented through the normalisation and triangulation of three major factors: safety, energy
efficiency and comfort. Each factor can be seen as a variable of a triangular area, where real-world constraints are
identified through thresholds. Ultimately, an ideal and a hazardous performance would yield 1 and 0, respectively.

Enviroment)  perceptreward [ EV Agent

@ action @
JL

>

A

Fig 4: A Real-Time Energy Consumption Minimization Framework for Electric Vehicles

6.2. Real-World Constraint Validation

For autonomous vehicle navigation, safety is a paramount concern for both developers and users. In the presence of
potentially fatal consequences for failures, it is imperative that the chance of encountering danger during development
converges to zero as the training process proceeds. Moreover, even when accidents are effectively prevented,
optimality may remain an elusive goal; depending on the design of the learning mechanism, controllers tuned purely to
these auxiliary notions of safety can converge to inefficient operations, such as remaining motionless to ensure that no
unsafe state would ever be visited. In practice, the most relevant safety considerations may be neither of these extremes,
but reflected in a more balanced trade-off whereby some degree of risk is tolerated in order to achieve a closer-to-
optimal performance.

Unlike safety considerations explicitly related to danger or accident, which are often easy to understand and implement,
the avoidance of offensive, jerky, or uncomfortable navigation may be less intuitively obvious, more contextually
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dependent, and involve the need for handing-off control to a human operator in critical situations. Regardless of
underlying cause, unacceptable performance can often arise during interaction with a new, untaught environment,
especially where the agent's experience is limited. Instabilities during such interaction can be mitigated by deploying a
temporally-extended set of learning mechanisms that learn increasingly complex tasks by adapting previously-acquired
specialized capabilities—an approach that, in the domain of reinforcement learning, has become known as “curriculum
learning.” Depending on context, some combination of any of these methods can therefore be applied to maintain both
safe and human-acceptable performance across a wide variety of environmental conditions.

Equation 3: Ensemble forecast equation (portfolio — one signal)
Step 1 — Let each model output a forecast

For M models:

~(1) (2 ~(M
90, 92, 980

Step 2 — Choose weights that sum to 1

Step 3 — Weighted average ensemble

59 = S s

m=1

This is the cleanest “single-signal” ensemble form; in practice, weights can be:
fixed by business logic,
learned by minimizing RMSE/MAPE on validation data,
or adapted per horizon/SKU/store.

6.3. Generalization Across Environments

Generalization across different environments is highly desirable when solving real-world navigation tasks. However,
RL policies often overfit to the training environment. This overfitting can be mitigated by considering the provision of
test environments as part of the RL training. Such an approach can be useful when training in a low-fidelity simulation
and later transferring to a high-fidelity simulation, e.g., training in Gazebo and testing on Carla. Fitness under a broader
range of environments can also be promoted by using a hybrid model that leverages model-based and model-free
elements: the model predicts the result of taking an action in the environment and can thus provide additional
experience to the cheap-to-evaluate areas of the state space, even when they remain uncovered in the real data.

Guaranteeing safety during exploration is critical for real-world performance. Artificial potential fields (APFs) can be
incorporated into an RL framework to design a cost function providing a safety layer. At each timestep, the APF
influences the vehicle’s behavior to avoid obstacles and satisfy other hard constraints, such as staying within the lane
boundaries or avoiding pedestrian crossings. Simultaneously, safety consideration can be integrated into the
environment modeling to further improve the robustness of the trained navigation policy, by utilizing the cost function
of a driving simulation to penalize constraint violations during the training process.

VII. CONCLUSION

Sustainability-focused deep reinforcement learning for energy-efficient autonomous vehicle navigation under real-
world constraints: present a concise, academic, evidence-based argument that aligns with the given outline.

Deep reinforcement learning (DRL) methods have demonstrated great potential in automating tasks within complex
environments. Their application in autonomous vehicle navigation has produced promising results, translating success
from simulation to physical experiments. Nevertheless, training protocols continue to rely on empirical trial-and-error
strategies that do not necessarily enhance knowledge of the underlying tasks. These costly exploration processes can be
further aggravated in energy-supply-constrained scenarios, such as for electric or fuel-cell vehicles, where prolonged
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exploration can lead to run-time exhaustion of power resources. Such effects impede progress toward practical
deployments, representing a significant hurdle against large-scale use of such vehicles. These sustainability challenges
highlight the need for DRL training schemes to consider energy consumption as an underlying factor, thus paving the
way for energy-aware decision making.

Fulfilling these requirements is a reinforcement learning proposal for training agents to steer vehicles through
challenging environments at minimal energy costs, whilst adhering to critical real-world operational constraints. Energy
expenditure constitutes a priori knowledge embedded within the reward structure, whereas real-world operating
challenges, such as collision avoidance, physical environment traversability, and speed compliance, are addressed
through explicit hard-contained or soft-penalized approaches. The proposed framework encompasses two directions of
investment: hybrid model-based and model-free integration levels, together with Q-learning shelf-space formulation,
that consider energy as a Boolean incentive or objective. Benchmarks derived from the Vin-Vin scenario serve as
validation testbeds, focusing on either guaranteed energy economy or maximized performance with minimal
consumption. A successful solution must substantiate the merits of both investment perspectives, securing energy
conservation, algorithm stability, and generalization across environments.

7.1. Future Trends

Emerging design principles for autonomous navigation systems will embrace deployment in RL-trained vehicles as a
first step but will soon dictate sufficient system-level engineering, replacing the costly collection of data by whole fleet
deployments aimed at covering the variety of different situations (visible in different seasons, weather, light and state of
the environment) by sufficient identical experiences, by a much thinner lesson about how to traverse situations that are
dangerous or uncomfortable in terms of safety or performance for passengers much alike a human - action and control
systems act but paths are derived by clustering and coalescing paths of such traverses smoothness and efficiency; what
happens in between may be defined as comfort and energy consumption rules applied to a cities’ rues for then rapid
revisits of shorter routes. Policing traffic, imposing adherence to semi-autonomous vehicle paths, speed profile for
SLAM and SCAN based control systems relaxing safety constraints. Policing traffic giving sense to the vehicle
densification in time and space, in seasons, daylight and road conditions turns ideal for limited resources indeed.

The provision of reward functions decomposed in energy terms and suitable for growth estimation of a neural network
cumbered by gravity and working in its layered topology; weight evolution pushing the sequences of expected energy
increments to circles point to deep unsupervised learning yet in direct opposition with code layers classic view - codes
decohering model, layers operating rather generative. The application of multi-objective reinforcement learning to deep
networks’ energy efficiency apologism now seems indeed reasonable yet urgency relays on model robustness on
parameters not properly accounted for. An existing motor controller may help as guidance for a successful
demonstration.
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