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Abstract— Motion planning techniques for quadrotors have
advanced significantly over the past decade. Most successful
planners have two stages: a front-end that determines a path
that incorporates geometric (or kinematic or input) constraints
and specifies the homotopy class of the trajectory, and a
back-end that optimizes this path to respect dynamics and
input constraints. While there are many different choices for
each stage, the eventual performance depends critically not
only on these choices, but also on the environment. Given a
new environment, it is difficult to decide a priori how one
should design a motion planner. In this work, we develop
(i) a procedure to construct parametrized environments, (ii)
metrics that characterize the difficulty of motion planning in
these environments, and (iii) an open-source software stack that
can be used to combine a wide variety of two-stage planners
seamlessly. We perform experiments in simulations and a real
platform. We find, somewhat conveniently, that geometric front-
ends are sufficient for environments with varying complexities
if combined with dynamics-aware backends. The metrics we
designed faithfully capture the planning difficulty in a given
environment. All code is available at https://github.com/
KumarRobotics/kr_mp_design.

I. INTRODUCTION

Motion planning algorithms for Unmanned Aerial Vehicles
(UAVs) have been extensively employed in different tasks
like delivery, monitoring, and inspection in industrial and
agricultural settings. Geometric search-based and sampling-
based planning methods [1]-[6] can find a trajectory in a
cluttered environment efficiently. However, finding a feasible,
near-optimal, and executable trajectory for a quadrotor is
nontrivial because of the complex nature of quadrotor dy-
namics. Directly optimizing the feasible trajectories [7]—[9]
together dramatically increases the complexity of the prob-
lem, making it difficult to deploy algorithms on-board with
limited computation. Thus, a two-stage approach [10, 11],
where a front-end algorithm provides an initial guess for
the optimization and a back-end planner further refines the
trajectories, significantly improving the performance of the
algorithms. Crucially, the performance of the back-end opti-
mization depends on the quality and optimality of different
front-end methods.

However, there is a lack of designing guidelines and
systemic evaluation for choosing front-end and back-end
algorithms, where those guidelines and evaluation depend
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Fig. 1. Overall trajectory evaluation for planning methods in different
environments. The top figure demonstrates different front-end initial paths
in a maze map and the bottom one shows the comparison of different back-
end trajectories (thick lines) in a parameterized 3-D obstacle map. The blue
polytopes are safe flight corridors.

on the environments. Firstly, previous evaluations of planning
algorithms are usually based on a single type of environment
with a similar number of obstacles [12]-[14]. More specifi-
cally, there is a lack of indoor navigation scenes, which have
walls that are hard to randomly generate and evaluate, unlike
the obstacles in their outdoor counterpart. Secondly, there is
a lack of modular comparison between different categories
of planning methods. Most evaluations focus on one stage
while keeping the planner of the other stage fixed, and do
not provide guidelines on choosing a two-stage planner for
a given environment. These two problems are indeed hard to
solve since the same two-stage planner performs drastically
differently in different environments. In addition, because
algorithms are often tuned for a given environment, it is
hard to evaluate their performance holistically. Lastly, while
conducting evaluations of system and hardware capabilities,
the diverse sensor types and algorithms of other non-planning
software introduce additional complexity making it difficult
to attribute performances that are solely due to the planners.

10033



Front-end

Dynamic | Geometric
e

Standard
Environments

Perception | i
(point clouds, 3
images) :
Goal i Enviornmental |

| complexity |

[ Start State ] Signature (ECS) |:

Front-end Metrics

Trajectory Planning

>< L Trajectory Par
Initial

...... N .

Sampling | Search gr)’<

Output

Control

Final Trajectory

Simulation] L Hardware ]

Back-end

ization W H

L State Representation ]

Performance Metrics }

4

[ Back-end Metrics ]

Fig. 2.

The architecture overview of the evaluation pipeline. The inputs for planning are the start state, goal tasks, and the standard environments from

different sensors. The trajectory planning is modularized into the front-end and back-end stages, and divided in terms of its planning strategies and problem

formulation.

To address these gaps in the literature, we propose an
evaluation framework to robustly design and compare plan-
ners across a broad spectrum of environmental types. Instead
of finding the best planners, we believe we should offer
consistent recommendations on choosing the most appro-
priate planner in different environments. We propose the
Environment Complexity Signature (ECS) to evaluate the en-
vironmental difficulty of different planning tasks. To evaluate
this metric and offer a parameterized map for evaluation,
we open-source two new types of environments resembling
indoor and outdoor settings. We extensively conduct exper-
iments on these environments, along with some real-world
datasets using various two-stage planners to illustrate how
the environment can affect the best strategy for choosing a
planner, illustrated in Fig. 1. We developed a standardized
input/output pipeline and brought in popular planners across
the spectrum for evaluation. The full pipeline is shown in
Fig. 2, where most performance metrics are obtained from
a simulator. To validate that this metric also is grounded in
reality, we conduct experiments on our hardware platform
Falcon 250 v2 UAV [15]. The contribution of this work can
be summarized as:

o The first open-source modular two-stage software stack
with different planners and evaluation infrastructure.

¢ An evaluation criterion called Environmental Complex-
ity Signature (ECS) to evaluate any given environment,
which yields an estimate of the planner performance.

o Two new types of parameterized point cloud generators
that can generate both outdoor and indoor environments.

II. RELATED WORK

The effectiveness of planning algorithms depends on both
the environment configuration and map representations [13,
16, 17]. Environment configuration defines the characteristics
of the obstacles within the planning setting. For instance,
outdoor environments typically feature obstacles with convex
geometries like cylinders and spheres, simplifying the plan-
ning process [12]; indoor environments often present more
intricate challenges due to the non-convex obstacles [13, 14].
Previous work has analyzed planner performance in a wide
array of environment configurations, ranging from forests
and narrow passageways to disaster zones and urban land-
scapes [18]. Despite these efforts, there is a notable lack of a

common metric to evaluate the complexities and challenges
of different environmental configurations.

Not-surprisingly, the environment configuration highly
influences the choice of map representation. For sparse
environments with convex obstacles, geometric representa-
tions, such as ellipsoids or polytopes, are preferred due to
their simplicity in both memory requirement and constraint
formulation [19]. However, they often assume polytopes or
spherical obstacles. As the density of obstacles increases,
geometric obstacle representation becomes unwieldy, and
discrete representations, such as fields or grids, are pre-
ferred [20, 21]. However, in dense environments that are
also structured, discrete representations may be suboptimal,
since planners are prone to have solutions that are trapped
by the grids in a local minimum, particularly for reactive
planners [17]. The practical adoption of planning algorithms
for real-world scenarios is determined by elements like the
specific environment, available computational resources, and
the importance of fulfilling real-time constraints.

Motion planning evaluation is frequently associated with
different specific scenarios like perception tasks, autonomous
navigation, and localization [22]-[25]. For specific planning
algorithms, [26] evaluates the back-end minimal control
trajectory optimization in scenarios of simple environments
like spherical obstacles. To systematically compare the obsta-
cle avoidance algorithms, [25, 27] access the environments
in terms of traversability and relative gap size, which are
one-dimensional sampling-based metrics and cannot capture
the complexity of both indoor and outdoor environments.
Indeed, a thorough assessment of an algorithm’s robustness
and adaptability, should span a wide array of environmental
configurations, which is not found in the literature.

Some previous work tried to compare motion planners
extensively, including [28], focusing on mobile manipulation
tasks, and [29], focusing on hard problems to test the limits
of algorithms. However, new environments in both work need
to be generated manually, making evaluation of a planner’s
long-term performance difficult.

III. ENVIRONMENT METRICS

A. Environments

To comprehensively validate the metrics and evaluate the
environments, we provide both simulated and real-world
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environments, as shown in Fig. 3. In simulation, we provide
two new types of 3-D parameterized environments:

e Maze maps are randomly generated using Kruskal’s
algorithm [30] and parameterized by p, the likelihood
that each wall element is deleted. We care about these
maps since they resemble indoor environments, and
offer different homotopy classes in 2-D for front-end
planner comparisons.

e Obstacle maps are generated by placing objects of
different shapes into free space, which is determined by
multiple geometric parameters of each type of obstacle.
We select typical geometric convex objects like cylin-
ders, ellipsoids, polytopes, and non-convex-like circles
or gates to model scenarios, such as forests, warehouses,
and gate racing.

Besides simulated environments, we also provide Real maps
cropped from STPLS3D [31] and M3ED [32] point cloud
datasets, consisting of some common environments like
forests, urban cities, streets, and indoor spaces.

B. Environmental Complexity Signature (ECS)

Even though the environments we generated can be param-
eterized during generation, there is still a lack of a common
description between all three types of environments. To bring
all types of environments into a unified description, we define
the Environmental Complexity Signature (ECS) with three
metrics to distinguish the environment from sparse to dense,
from dispersed to cluttered, and from unstructured to well-
structured.

Since all common sensors for perception like LiDAR or
camera-based sensors all have discrete outputs, we choose
to represent an environment with 3-D points. For a specific
quadrotor modeled as a sphere, we use its radius r to scale
the bounded environment X € R? with an absolute size s, x
Sy X 5,. We use a grid discretization with a resolution equal
to the radius of the quadrotor to approximately quantify the
discretized environment X'?. The occupancy point positions
we take for evaluation are the center points of grids, defined
as X4 = {0;}N, C X4, where o; € R? is 3-D coordinate
of i-th grid, N is the number of total occupied grids.

1) Density Index: The first metric is a measure of the
density of the obstacles in the environment and is given by:

3. N

Sy Sy-Ss

d(x?) = (1)
The index function d(X?) € [0,1] computes the ratio of
occupied grids over total grids in the bounded space. As
the density index increases, the number of obstacles in the
environment also increases accordingly.

2) Clutter Index: Similar to the relative gap size [25]
to quantify the narrowest gap in the environment for the
quadrotor to go through, dispersion quantifies the largest
empty ball (2-norm) in the environment [33], which provides
the lower-bounded space to insert a quadrotor with any
orientation. We use the ratio of the radius of the quadrotor

clutter index  : 0.0564

density index : 0.1554
structure index : 0.3380

Fig. 3. Examples of real maps (top), maze maps (middle), and obstacle
maps (bottom) with different ECS values.

scaled by dispersion to define the level of clutter in the
environment,
—1

1
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where X J‘free C X denotes the discretized closed free space
set, p(+) 1s a metric function that the point in the free space
that doesn’t intersect with the occupancy points, here we use
L? metric. The clutter index of a feasible environment should
be in the range [0, 1] to at least allow the quadrotor to stay
in the environment, where ¢ = 1 indicates that the quadrotor
barely fits in the environment.

3) Structure Index: In addition to describing the geomet-
ric complexity of the environment, we want to characterize
the topological complexity which is naturally described by
the number of homotopy or homology classes of trajectories
between a start and a goal [34, 35]. However, the homo-
topy or homology classes of the whole environment are
notoriously difficult to compute without traversing all the
combinations of collision-free start and end goals. Instead,
we capture the topological features by using the approx-
imated “surface area” of obstacles. Obstacles with more
holes (higher genus) have a larger surface area than a solid
object (zero genus). Accordingly, we define a structure index
that essentially measures qualitatively distinct paths in the
environment, using

N

s = £ 300, ®

i=1
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where () is an indicator function that evaluates to 1 if
the obstacle grid has any direct neighbor to the free space,
and s(X?) € [0,1] counts the ratio of the cell points with
neighbors over all the obstacle points.

With the above metrics, we introduce a single measure
of environmental complexity called the Environmental Com-
plexity Signature (ECS) and explore the effectiveness of
different front and back-end planners.

ECS = (d(x%),c(Xx?),s(x%)) . “4)

This index is independent of the quadrotor size and invariant
to translations and orientations.

1V. DESIGN AND EVALUATION OF MOTION PLANNERS
A. Map Representation for Planning

The best map representation for motion planning can be
different in terms of environment configurations and tasks.
However, in order to evaluate all different planners in these
environments, we employ standardized map representations
for front-end planners and back-end planners.

For front-end methods, we use voxel map representation
M, (res, size) defined by its resolution and total relative
ranges, which enjoys O(1) collision check complexity. We
set its resolution to half the radius of the quadrotor to ensure
the efficiency and accuracy of the map. Given the front-end
initial path, we employ general space representation as a safe
flight corridor and use the method in [10] to cover the path.
The corridor is a series of overlapped and ordered convex
polytopes Mc(U£i1 Py) in the free space, and formulated
as linear constraints in the back-end optimization.

These standard map representations offer universal support
for grid-based and sampling-based front-end methods and
make constraint formulation easy for back-end optimization.

B. Planning Algorithms

We focus on two-staged planners for their balanced effi-
ciency and optimality.

The front-end planners consider different levels of fidelity
and can plan in geometric space, input space, or state space,
considering a quadrotor as a multi-order integrator. High-
fidelity front-end planners can provide a more dynamically
feasible initial trajectory, which is crucial for back-end
planners. The specific front-end methods arranged from low
dimensional to high dimensional are

o Geometric Search: Jump Point Search (JPS) [2] is a
improved grid search method, similar to A*, in 3-D.
This method is complete and serves as the baseline for
if the map is feasible.

o Geometric Sampling: RRT* [3] in 3-D uses sampling
to find a path quickly using rewiring to improve path
quality with a time limit iteratively.

o Input Space Search: Motion Planning Primitive (MPL)
[4] uniformly select a range of inputs in 3-D (Cartesian
coordinates’ accelerations) and build a graph online for
planning.

o Input Space Sampling: SST (Stable Sparse RRT) [5]
randomly samples both input and input duration in 4-D
to iteratively provide better solution with a time limit.

o State Space Search: Dispersion Planner [6] builds
a graph offline in state space in 6-D (2-D Cartesian
coordinates positions, velocities and accelerations), so
that a solution can be found online quickly.

The back-end planner uses first-order or second-order meth-
ods for further trajectory optimization. Hard-constraint opti-
mization methods [36] are firstly proposed and applied but
due to the infeasibility and time allocation problems [37],
soft-constraint optimization [11, 38] became more prevalent,
and often faster. In these methods, there are two main
categories of solutions: those that simplify quadrotors as
multi-order integrators so that differentially flatness can be
exploited [36, 39]; and those that use full quadrotor dynamics
for planning [40]. We take the state-of-art method from each
category for the following comparisons, as

« Differentially Flatness: GCOPTER [38] uses a bilevel
scheme and finds an unconstrained unique solution on
the lower level and encodes constraints as a penalty term
in the upper level. Since time allocation between flight
corridors is often considered difficult, we note that this
method also does time allocation optimization.

o Full Dynamics: ALTRO [41] also uses a bilevel opti-
mization that uses iLQR on the lower level for solving
the problem fast, and formulate constraints as Aug-
mented Lagrangian on the upper level. This method
does not optimize the total trajectory time, and does
not perform time allocation across polytopes.

We explore whether higher fidelity front-end planning
influences back-end performance. Therefore, we put the
combination of these planners to test on the previously
mentioned three types of environments with varying levels
of difficulty.

V. RESULT
A. Setups

We generated feasible point clouds for 600 Obstacle maps,
600 Maze maps, and 600 Real maps, each with varying
difficulty, with the same size of 20 m X 10 m x 5 m. The real
maps are composed of 400 cropped maps from STPLS3D
[31] with three different landscapes, and 200 cropped maps
of Wharton State Forest, Pennovation outdoor and indoor
scenes in M3ED [32]. The quadrotor has a radius of 0.2 m
and each environment is discretized to a voxel grid with half
of the quadrotor’s radius for a more accurate measurement.
To reduce collisions caused by discretization error, we inflate
the obstacles by 0.3 m. we use fixed start and goal positions
for each Maze map and randomize the start and goal for
other maps. We filter the maps using JPS between start/goal
locations, so all maps are feasible.

We conduct simulation experiments among all feasible
maps for different combinations of front-end and back-end
planning algorithms. The experiments are conducted on a
desktop with AMD Ryzen Threadripper 3960X, and we
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Fig. 4. The visualization of the distribution of different maps. The left figure demonstrates the ECI values of maze maps, obstacle maps, and real maps.
The right three figures show how many planners (out of the 10 we consider) succeeded in generating a safe trajectory .

use ROS C++ implementations of all algorithms, RRT* and
SST are from OMPL [42]. To make a fair comparison for
planning algorithms, we set the same goal threshold of 1 m
for all front-end planners. Keeping real-time planning in
mind, we set the front-end planning timeout to 0.2 s. We
set the maximum velocity and acceleration to 3.0 m/s and
2.0 m/s?. The quadrotor has a mass of 1.5 kg, with a
maximum thrust is 31 N. To ensure the accuracy of the
discrete dynamics, we set ALTRO’s discrete dynamics with
fixed time intervals of 0.1s.

To evaluate the final performance of the planning stack,
we evaluate success rate, collision rate, and computation
time of front-end planners. For back-end planners, we further
evaluate average jerk and duration of the trajectory in
addition to the front-end metrics. Lastly, to test the quality of
the trajectory, we evaluate the energy cost and tracking error
in a simulator, and verify its accuracy in the real world.

B. Comparisons in Map Metrics

The distribution of different maps and how many planners
succeeded is shown in Fig. 4. We consider the success
percentage as the difficulty of the planning problem. The real
maps in our datasets lie in a smaller range of ECS than syn-
thetically generated obstacle maps. With the augmentation of
obstacle maps, we see that the clutter index is the strongest
indicator of planning difficulty. The maze maps with fewer
walls have lower clutter indices, resembling urban real maps
in ECS and in difficulty.

On Fig. 5, we show the scatter plot of ECS for real maps.
There is a distinct vertical cluster of 31% maps that has a
high success rate and varies only in structure index. From
inspection, we see that they are mostly flat terrain without
obstacles in the vertical direction, while the other maps are
more varied. With ECS, it is clear that these maps represent a
very common scenario in the dataset, and should be avoided
if we want to test more challenging scenarios.

C. Planning Performance

To analyze the performance of different combinations of
planners in different maps, we show the success rate result
in Tab. I. The third column is the front-end success rate,
and the last two columns are the total combined success rate
using different back-end planners.

Fig. 5. GMM clusters (n = 2) of real maps from M3ED [32] and STPLS3D
[31] . There is a distinct cluster (black) with similar density and clutter
indices values around [0.07,0.04]. Random samples from each cluster are
shown.

TABLE I
PLANNING SUCCESS RATE ON DIFFERENT MAPS.

Map Frontend Total Success
Method Success | GCOPTER  ALTRO
JPS 100.0% | 80.0% 91.6%
RRT* 98.5% 91.6% 95.6 %
Real MPL 87.4% 85.2% 86.4%
SST 73.8% 70.7% 61.7%
Dispersion | 75.4% 71.3% 68.3%
JPS 100.0% | 87.1% 75.2%
RRT* 99.8% 99.1% 81.2%
Maze MPL 18.7% 18.7% 18.7%
SST 33.8% 31.8% 16.9%
Dispersion | 86.0% 75.2% 50.4%
JPS 100.0% | 69.8% 89.5%
RRT* 99.8% 89.8% 96.0%
Obstacle | MPL 82.8% 79.0% 74.8%
SST 73.1% 68.8% 47.2%
Dispersion | 76.5% 71.5% 55.1%

For front-end planners, geometric methods like JPS and
RRT#* have higher success rates than dynamically feasible
methods, especially in maze environments with higher clutter
index. Comparing success rate drop from frontend planner
to backend planner, JPS sees more drop than RRT* because
JPS plans follow the curve of obstacles, which generates
a large number of corridors, making the backend problem
more difficult. Comparing back-end planners’ success rates,
ALTRO usually has a high success rate but underperforms
GCOPTER in maze maps due to its inability to handle long
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TABLE II
PERFORMANCE OF PLANNERS FOR SUCCESSFUL RUNS

Total Avg. Avg. Avg. Avg.
Frontend . A . .
Comp. Time (ms) Traj. Time (s) Traj. Jerk Sq. (m2/s5) Tracking Error (cm) RPM3 %1010
Method T~C0rr;p. ) GCOPTER | ALTRO | GCOPTER | ALTRO | GCOPTER | ALTRO | GCOPTER | ALTRO | GCOPTER | ALTRO
ime (ms
JPS 77 815 115 8.60 10.31 4.55 2.99 2.1 1.3 7.79 11.13
RRT* 109 479 135 8.45 8.37 4.47 3.35 2.1 1.7 5.40 5.84
MPL 184 328 216 8.10 9.15 4.23 3.93 3.6 1.8 6.84 8.87
SST 204 538 269 8.91 14.45 4.72 5.63 2.0 2.3 8.93 31.14
Dispersion 185 586 244 9.07 11.60 4.72 6.38 2.0 2.7 7.73 18.42

sequence node points.

For successful planning iterations, qualitatively, MPL pro-
duces the best trajectories visually, while JPS and RRT*
produce very similar near-optimal geometric trajectories, as
shown in Fig. 2. Both SST and Dispersion planners suffer
from the high dimensional nature of their state space, making
sub-optimal long winding trajectories. As a result, ALTRO
suffers in success rate since it takes the front-end path as
the reference trajectory. Contrarily, GCOPTER only utilizes
the overlapped flight corridor during optimization. A more
detailed quantitative evaluation of more trajectory metrics
in all maps is shown in Tab. II. For large-scale planning
with a longer flight corridor, GCOPTER takes a much
longer computation time but outputs shorter trajectories than
ALTRO. As ALTRO will directly use the total trajectory time
of the front-end planner, when the quality of the front-end
trajectory becomes worse (SST, Dispersion), ALTRO usually
finds a trajectory that is worse than GCOPTER in terms of
trajectory time, jerk, and power.

Hyperparameter Tuning: For a fair comparison between
methods and to achieve the best performance of all methods,
we perform Bayesian hyperparameter tuning for the most
sensitive parameters of each method using Optuna [43].
Varying the thrust-to-weight ratio from 1.5 to 2.0 also has
minimal effect on the performance of the backend planners.
The parameters tuned can be found on the project website.

With the above evaluation results, we are able to provide
a practical and thoughtful guideline for choosing a planner
in different environments.

Guidelines: In large-scale and cluttered indoor environ-
ments (like mazes), RRT* + GCOPTER combines the best
geometric initial path and a flatness-based back-end opti-
mizer to achieve near-perfect performance. In environments
with larger gaps (like urban and sparse forests), optimizing
the full dynamics (ALTRO) can provide better trajectories
and higher success rates, with different front-ends such as
MPL to increase trajectory smoothness while minimizing
computation time, and RRT* to increase success rates and
decrease trajectory time.

D. Real-world Experiments

We use the customized hardware platform Falcon 250
v2 in [15] to validate our evaluation pipeline in real-world
scenarios. To isolate the effect of estimation and perception

error, indoor experiments are conducted in a space with
motion capture systems, as shown in Fig. 6 (a). We conducted
several experiments with different front-end and back-end
planners and demonstrated one comparison of the final
trajectories in Fig. 6 (b, c).

(b)

(c)

Fig. 6. Experiment setting and planned trajectories. (a) The experiment
environment with a motion capture system. (b) and (c) are the planned
trajectories of ALTRO (dark blue) and GCOPTER (dark red) with the same
front-end planner using RRT* (yellow). The green axis sequences are the
executed odometry of the quadrotor. The experiment video is available at:
https://youtu.be/xLHHDwW3IQr4

VI. CONCLUSION

In this paper, we introduce a novel, modular software
stack for two-stage planning algorithms. We then introduce
two new types of parameterized environments along with
real datasets for thorough planner evaluations. Lastly, we
introduce a map evaluation criterion called ECS and make
the key observations that planners should be evaluated with
consideration of environmental properties. We make specific
recommendations for the best two-stage planners for dif-
ferent environments. Interestingly, our results suggest that
integrating dynamic constraints into the front-end planners
may have only little to no effect over geometric front-end
planners in easier environments, and has a negative effect on
more difficult environments.

For real-world navigation with an unknown environment,
our approach can be extended through online ECS evaluation
coupled with finite horizon planning. The best planner can be
selected depending on ECS variations. We believe using the
ECS is a first step for planner selection and customization
for the robotics community.
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