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While a recent growth in autonomous vehicles may suggest a shift to green energy, these vehicles largely fail to prioritize
efficient path planning and energy usage. In this study, we look at path planning algorithms utilizing different heuristics to
quantify an energy proxy cost for various paths. We provide different environments to our autonomous vehicle using real-life and
simulated LiDAR scans and construct cost criteria to select the path that best minimizes relative energy consumption. Utilizing
Dijkstra and A* path planning algorithms, two commonly used algorithms in autonomous path planning, different paths were
created by minimizing energy efficiency heuristics. To test the generated paths, we constructed our own model autonomous
vehicle with a built-in LIDAR which was used to run paths and map different environments. The data was then collected, placed
into several tables and analyzed to find the most efficient balance of time and energy efficiency when creating our cost criteria
equation. We found that our energy-optimized path planning algorithms reduced the measured electrical energy consumption by
11-19% across our tested environments (mean = 15.2% + 3.4%) without requiring large additional amounts of computing time
and travel time. Implementing energy optimized heuristics in path planning algorithms can lead to energy efficient savings that
are worth incorporating into future autonomous vehicle research, making it a worthwhile early step to ensuring that a shift to
green autonomous vehicles can maximize its environmental benefits and work more effectively.
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Introduction

The past few years have witnessed the introduction of au-
tonomous vehicles, with autonomous cars like Waymo in-
creasing its scale by over 76% in California just last year.
While large scale electrification has contributed to some re-
ductions in transportation emissions, current autonomous ve-
hicles are not optimized to maximize energy efficiency and
minimize carbon output. This gap remains especially impor-
tant as the transportation sector is one of the world’s largest
contributors to greenhouse gases, and even marginal improve-
ment can create huge leaps in emissions reduction when put to
scale. The primary objective of this study was to modify ex-
isting algorithms used in autonomous vehicles with a cost cri-
teria equation which would allow planned paths to maximize
their energy efficiency under controlled experimental condi-
tions.

Currently, the integration of LiDAR technology into au-
tonomous vehicles has significantly advanced their ability to
visualize and navigate complex and moving environments
while being able to plan paths with large increases in preci-
sion. However, existing path planning algorithms primarily

1 Bellarmine College Preparatory, California, USA

focus on only optimizing for shorter distances while neglect-
ing energy consumption considerations. Recent studies have
highlighted the importance of optimizing path planning for
energy efficiency to enhance positive environmental impacts
and bolster sustainability. Research has shown that optimizing
path planning can improve energy usage up to 10.36% com-
pared to traditional methods'. Moreover, the development of
cost functions that account for factors like inclines and turns
has been named as a promising approach to address energy
inefficiencies in autonomous vehicles?.

Furthermore, research from Verma and Kumar highlights
the computational adaptability of popular path planning algo-
rithms like A* and Dijkstra suggesting that additional heuris-
tics in path planning are very feasible on a larger scale”. De-
spite all these advancements, there is still a lack of a compre-
hensive framework on the integration of LiDAR based path
planning with energy efficient heuristics. This study aims to
address this research gap by testing various heuristics and im-
plementations that can help address energy efficiency without
compromising feasibility in small-scale experimental systems.

To address this challenge, we looked at path planning algo-
rithms, the decision-making process in which autonomous ve-
hicles build their routes, which we found was the most direct
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way to address energy efficiency. Using the two most common
path planning algorithms in autonomous vehicle navigation,
Dijkstra and A*, we built a system to compare the shortest
path to a path with heuristics added to optimize for energy ef-
ficiency. Using LiDAR scans taken from a scale replica of a
Tesla Model Y and simulated LiDAR scans, we were able to
create different terrains and circumstances for the algorithms
to map through and develop a thorough understanding of the
best path implementations to reduce energy consumption.

We chose to use path planning as the focus of this study
as it’s a substantial way of energy conservation, enabling the
usage of heuristics including incline and turn minimization
which we chose as the major important energy conservation
factors. While these results cannot be directly scaled to real-
world autonomous vehicles, optimized path planning demon-
strates measurable benefits within controlled environments.

Limitations

This study did come with several limitations. First, while our
simulation system and 1:20 scale model allowed for highly
controlled testing, full-scale autonomous vehicles contain sig-
nificantly more complex dynamics, including battery dis-
charge rates, regenerative braking, varying tire pressures, air
resistance, weather effects, and real-world traffic conditions.
Additionally, our energy cost function does simplify energy
usage into inclines and turns, ignoring factors such as accel-
eration/deceleration cycles, regenerative braking, and vehicle
load. Future studies should attempt to collect and analyze
detailed energy consumption data across larger scales, incor-
porate full vehicle models, and validate cost functions with
high-frequency motor and battery measurements. Finally, our
test environments included largely static obstacles, while au-
tonomous vehicles must be able to recognize and adapt to dy-
namic changes, including moving obstacles, pedestrian behav-
ior, and varying terrain.

Methods

The structure of this study included 4 main steps. First, we
constructed a physical scale replica of a Tesla Model Y from
scratch, powered by a raspberry pi. We then used boxes and
other real-world objects as well as python programs to create
real-life and simulated environments to test programs. Next,
we experimented with two path planning algorithms, A* and
Dijkstra, to determine the effects of implemented heuristics
on energy consumption proxies while creating a cost criteria
equation in the process to determine the most efficient path.
Finally, data was collected, organized and reviewed to under-
stand the feasibility of implementing these programs in fu-
ture autonomous vehicle research without additional inconve-

niences.

Model Vehicle Construction and Lidar Integration

To ensure realistic conditions and maintain control while test-
ing our path planning algorithms, we constructed a 1:20 scale
model of a Tesla Model Y (weighing 22.4 Ibs.) with a Rasp-
berry Pi processing unit and LiDARs integrated on the roof.
The car’s motions were controlled via two DC motors oper-
ated through an Arduino. The model’s shell and mounts were
all modeled in Fusion 360 and 3D printed using regular PLA
filament. The car utilizes 1000aMH Adaftruit lithium-ion bat-
teries with a runtime of roughly 10 hours. This model vehi-
cle served as a scale representation for autonomous cars while
providing us with additional flexibility to test algorithms and
conditions in constrained environments both indoor and out-
door. The model’s integrated LiDAR system spins continu-
ously to properly map the surrounding environment and gen-
erate 2D planar range data which is sent to the car’s processing
unit for occupancy grid mapping and path generation. To cre-
ate diversified testing scenarios, we used real data from the
LiDAR scans as well as scans of a 50x80 feet simulated envi-
ronment. We chose to utilize an RPLidar model for this study
due to its reliability in detailed planar mapping, as any un-
detected obstacles would alter path planning algorithms and
derail the accuracy of the study.

Note that scaling results from a small model vehicle to full-
sized autonomous cars is not straightforward. Many physical
factors including wind resistance, tire-road friction, vehicle in-
ertia, and battery efficiency scale nonlinearly with size. As a
result, energy costs observed in our model car may not always
translate linearly to real vehicles, and the quantitative trends
we observe should be interpreted in context and as preliminary
demonstrations rather than as exact predictions for full-scale
systems.

Environment Construction and Terrain Simulation

To evaluate the performance and results of the various im-
plemented path planning algorithms, we scanned and simu-
lated a variety of environments with varying factors includ-
ing obstacle size and density, inclines, and path curvature. To
simulate real world scenarios, the test environment included
ramps, barriers, boxes and more materials to simulate the pri-
mary conditions that affect energy usage such as steep slopes
and frequent/unnecessary turns. Additionally, the simulated
environments were generated from artificial LIDAR scans al-
lowing for an increased range of testing conditions and more
reproducibility with tests. Using both physical and simulated
scans provided for a more holistic view of the conditions most
impactful to energy usage and presented a much more com-
prehensive understanding of path planning performance and
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necessary adjustments.

The largest physical test environment we designed was
50x80 feet, which does not reflect full-scale urban or high-
way driving. Consequently, traffic, pedestrians, variable road
surfaces, and other factors were not modeled. These factors
limit the real-world applicability of our findings, highlight-
ing the need for further testing on full-scale vehicles or larger,
more complex environments. Additionally, human route pref-
erences and real-world traffic conditions could affect energy
efficiency outcomes. A route optimized for minimal inclines
may not always be practical if it passes through heavily popu-
lated areas, resulting in increased travel time or energy usage.

Path Planning algorithms: Dijkstra and A*

For our path planning algorithms, we chose to implement
A* and Dijkstra’s, two widely used path planning algorithms
in autonomous vehicle navigation. Dijkstra’s algorithm was
regarded as the baseline for comparison as it consistently
mapped out the shortest possible path in terms of distance or
time without considering any energy related costs. The A*
algorithm was then modified with our Heuristic optimization
criteria to account for energy usage factors including mini-
mizing time spent on inclines and minimizing turns. Heuristic
weights were systematically tuned throughout the tests to find
the best possible balance between distance and the vehicle’s
energy efficiency.

Cost function development for energy efficiency

To quantify each path’s energy cost, we constructed a cost
function that incorporated the various factors impacting the
routes. Distance served as the baseline for our cost metric
with additional turns and time spent on inclines weighted as
additional penalties. Measured motor currents during test runs
were used to determine that inclines increase energy usage by
an approximate factor of 2-3 relative to level terrain, while
frequent turns increase energy usage by a factor of 1.5-2.
These values were used to assign heuristic weights in the cost
function, providing an empirically grounded basis for energy
penalties.

Our cost function included 3 primary variables, E, W, and
C, where W represents the weight given to inclines and ad-
ditional turns in relation to a straight path, C represents the
total number of cells travelled along a certain stage of the path
(straight, turns, inclines), and E represents the total energy us-
age. The total cost function for each path was calculated in the
following equation:

Etotal = (Cdistance) + (Cincline : "Vincline) + (Cturn : VVturn) (1)

Real energy consumption was measured by logging motor
voltage and current at a 10 Hz sampling rate. Total energy was

calculated as E = Y'(V X I X At), where V is the voltage, I is
current, and At is the period in which the tests run. This energy
measurement validates the cost function as a proxy metric, al-
lowing us to make a quantitative comparison between different
paths within our experimental models.

However, our cost function does simplify real-world energy
consumption by only considering distance, turns, and inclines.
In actual vehicles, additional factors such as acceleration and
deceleration cycles, vehicle speed, tire pressure, ambient tem-
perature, wind resistance, car mass, battery health, and regen-
erative braking can significantly influence energy usage. The
formula represents a proxy for energy efficiency rather than an
exhaustive measurement of vehicle power consumption.

Data Collection and Performance Evaluation

For each test environment, we chose a set starting point and
goal point and allowed A* and Dijkstra’s to generate their var-
ious paths. The paths were then sent to the processing unit
where our algorithms evaluated them on three different crite-
ria: total path length, energy cost, and real-world efficiency
as measured by the model vehicle. LIDAR-derived occupancy
maps were visualized to ensure the algorithms’ accuracy and
validate object recognition and detection. We then recorded
the results of the real world and simulated path runs and con-
ducted final evaluations to verify the consistency of the algo-
rithm’s performance. Each environment was tested with 10
repeated trials per algorithm, and results are reported as mean
+ standard deviation shown in our results section.

Computational Tools and Implementation

All of the algorithms and data processing were implemented
through Python programs with visualization and path planning
algorithms carried out using libraries including matplotlib,
NumPy, and MATLAB for 3D modeling. LiDAR data was
preprocessed and used for occupancy grid mapping with the
path planning algorithms being executed on grid-based maps
before they were finally turned into drive commands for the
vehicle to execute. This processing pipeline was designed to
best replicate real world processing pipelines for autonomous
vehicle path planning and control to ensure that vehicles are
consistently updated and making the appropriate navigation
decisions.

Results

Path Length and Cost Comparison

Both Dijkstra and A* algorithms were able to deliver feasible
paths across each of the tested environments, yet there were
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Fig. 1 Flowchart representing full pipeline of code from LiDAR scan input to drive commands being executed.

some significant changes when the energy optimized heuris-
tics were applied in the A* algorithm. As expected, Dijk-
stra’s algorithm consistently delivered the shortest possible
path while the A* algorithms provided a slightly longer one
with notable differences in energy evaluation.

Figure 2 shows a comparison of the two algorithms’ cho-
sen paths in a simulated terrain with larger grey squares rep-
resenting inclines and smaller black squares representing ob-
stacles. While the path solution from Dijkstra’s traversed a
shorter distance, the A* path largely avoided inclines and min-
imized turns significantly. The trade-off resulted in a 12-18%
longer path for the A* algorithm while creating an 11-19%
reduction in predicted energy cost.

Occupancy Grid (80x50)

] —— Dijkstra
. ]
- . '

Fig. 2 Example of path planning in a simulated LiDAR
environment. The solution from Dijkstra’s (red) maps the shortest
possible distance from starting point to goal. Heuristic optimized A*
path minimizes the amount of turns while eliminating all inclines
possible. Note: on part where blue A* algorithm stops, and Dijkstra
continues, Dijkstra and A* paths overlap.

Real Vs Simulated Environment Results

The same trend was observed in both simulated and physi-
cal environments. The only difference was a varying magni-
tude. In real world tests using the scale model vehicle, the
optimized A* algorithm measured a 11% * 2% lower energy
cost while simulated environments showed significantly larger
reductions, measuring 19% + 3% on average. Average energy

cost was calculated by averaging the difference in energy costs
between Dijkstra and A* algorithms in simulated and real ter-
rains. The large percentage difference between simulated and
real-world environments can be attributed to additional fac-
tors in real world tests including friction, air resistance, and
general voltage sag or internal resistance within the real world
model.

Algorithm efficiency and Practical Implications

While the optimized A* algorithm consistently provided a
more energy efficient path, it did require a 12-18% increase
in processing time than the Dijkstra algorithm when mapping
out paths. Nevertheless, this additional time is largely negli-
gible as both paths were consistently produced in under 1.7
milliseconds for all trials. This suggests that this form of
eco routing is sustainable within small-scale experimental sys-
tems. However, in real-world scenarios, longer travel times
could reduce user acceptance and increase the general wear
on vehicles. Such trade-offs highlight the need to balance en-
ergy efficiency with practical considerations such as customer
convenience and vehicle longevity.

Conclusion

Key Findings

This study analyzed the impacts of heuristics optimized for
energy efficiency in autonomous vehicles by comparing en-
ergy usage of paths generated by different path planners.
While Dijkstra’s algorithm consistently produced the shortest-
distance routes, our optimized A* algorithm generated paths
that reduced energy usage by 11-19% on both real and simu-
lated environments by largely avoiding inclines and unneces-
sary turns. This came with minimal computational overhead
as processing times remained under 1.7 milliseconds on the
Raspberry Pi-based platform used in our model tests. These
findings meet the primary objective of the study, providing
evidence for improved energy efficiency in controlled environ-
ments when using heuristic-based path planning, supported by
our cost-criteria equation.

It is also important to consider that the observed improve-
ments in energy efficiency may result from the modified cost
function rather than the algorithm itself. A* incorporates
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Table 1 Energy cost results for individual tests in real and simulated environments, with averages, standard deviations, and percent reductions
for the optimized A algorithm relative to Dijkstra. Costs calculated using energy cost function.

Real & Simulated Environment Test Results

Test Real - Dijkstra (J) | Real - Optimized | Simulated - Dijkstra (J) | Simulated - Optimized A*

A% (]) @
1 102 90 104 80
2 98 88 97 82
3 100 89 99 81
4 101 91 102 83
5 99 88 98 79
Avg 100 89 100 81
Std +2 +2 +4 +3
Reduction (%) | — 11% - 19%

heuristic weights to account for inclines and turns, while Di-
jkstra is applied using a distance-only metric. Future work
could isolate algorithmic performance by applying identical
energy-aware edge costs across different algorithms.

Relevance to Existing Literature

Our findings align closely with the rapidly growing body of
research surrounding eco-routing and energy-aware path plan-
ning, which show the significant role routing can play in ve-
hicle energy consumption and emissions. Early research by
Barth and Boriboonsomsin has shown how optimizing vehi-
cle routing and driving behavior can substantially reduce fuel
consumption and greenhouse gas emissions, particularly when
road grade and driving conditions are considered®. Subse-
quent studies continued quantifying the impact of road grade
on energy usage and consumption, demonstrating that inclines
are often a dominant contributor to increased fuel and energy
consumption within autonomous vehicles®.

Research on energy-efficient routing algorithms has contin-
ued to expand beyond traditional shortest-path formulations
as we explored within our study. Research from Ericsson et
al. has shown that shortest-distance routes are largely subopti-
mal when fuel consumption is considered, which motivates the
use of energy efficient path planning thorough multi-objective
cost function®. Additionally, Pourazarm et al. showed how in-
corporating energy consumption into vehicle routing and path
planning can contribute to significant reductions in overall en-
ergy usage without egregious additional computational costs-’.
Research by Artmeier et al. extends this concept to electric ve-
hicles, demonstrating that energy-optimal routing often devi-
ates from the shortest path due to terrain and vehicle efficiency
constraints providing evidence that the average shortest possi-

ble path does not necessarily minimize energy inefficiencies®.

From an algorithmic viewpoint, the main theoretical foun-
dations of heuristic-based path planning have been established
on a broader scale. The A* algorithm, which was popular-
ized by Hart et al., has provided a framework for incorporat-
ing heuristic constraints into shortest-path search while still
maintaining an optimal path?. Later studies have shown that
A* and Dijkstra’s algorithm, the two path planning algorithms
we focus on in our study, have primarily differed in their ef-
ficiency searching for paths but not the quality of their solu-
tions when operating under the same cost functions*. This dis-
tinction supports our study’s interpretation which claims that
observed energy savings largely arise from the modified cost
criteria rather than from the algorithms’ structure alone.

The integration of environmental and energy efficiency-
based objectives into computational decision-making has been
a large focus of the growing field of computational sustain-
ability. Gomes highlights the importance of embedding our
sustainability goals directly into algorithmic frameworks to
efficiently address environmental concerns and scale sustain-
ability efforts'’. Related work has proven the impact of traf-
fic congestion, route curvature, and stop-and-go behavior on
vehicle emissions, emphasizing the need for continuous opti-
mization on the route-level 1.

LiDAR-based mapping and navigation has also been re-
searched alongside autonomous systems. Thrun et al. has
established several probabilistic approaches to real-world au-
tonomous vehicle mapping and localization to form the ba-
sis for occupancy grid navigation'?. Zhang and Singh have
demonstrated the effectiveness of these LiDAR-based scan-
ning and mapping techniques for large-scale efficient naviga-
tion within structured environments'?. These studies support
the feasibility of using planar LiDAR data and scans to de-
velop reliable path planning in controlled environments as we
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attempted to do within our study.

Finally, prior research has emphasized the multitude of
trade-offs that come with the application of eco-routing.
Demir et al. showed that minimizing emissions or energy
consumption leads to trade-offs with shortest-path objectives,
which may create conflict within complex transportation net-
works' ¥, Studies on shortest time-dependent routing and ve-
hicle dynamics highlight the need for a balance between effi-
ciency, travel time, and user acceptance for real-world appli-
cability!®. Together, these studies have helped contextualize
the results we gathered as an early experimental validation of
energy-aware and efficient routing rather than a definitive real-
world deployment solution with full practical applicability.

Future Directions

In alignment with our study, we suggest that future research
should focus on validating eco-routing heuristics and opti-
mized path planning in full-scale autonomous vehicles to cap-
ture real-world energy consumption. Application to modern
fleet-scale or ride-sharing systems could help quantify the ex-
act societal benefits, including emissions reduction and energy
efficiency. We also encourage a focus on studying a wider va-
riety of algorithms with diversified heuristics to isolate spe-
cific heuristic benefits and algorithm distinctions. Ultimately,
eco-routing and energy-efficient path planning can help max-
imize the environmental benefits of the broader shift to au-
tonomous systems and green technology.

Conclusion

This study demonstrates that implementing heuristic opti-
mization in path planning algorithms for autonomous vehicles
leads to significant improvements in energy efficiency com-
pared to shortest-distance routing. By limiting factors such as
turns and inclines, we were able to reduce energy costs by up
to 19% in test environments while preventing excessive com-
putational increases. These findings highlight the potential of
eco-routing as a strategy to reduce vehicle emissions, though
real-world testing is required before scaling to full-size au-
tonomous fleets. Ultimately, the optimization of path planning
to prioritize energy efficiency contributes to smarter, more en-
vironmentally sustainable autonomous vehicle systems.
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