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FELP:Fast and Effective Autonomous Flight on
Large-Scale and Cluttered Environments Based
on Unified Linear Parametric Map

Hongyu Nie ™, Xingyu Li

Abstract—Current AAV autonomous flights exhibit efficient per-
formance in both indoor and field environments. However, they
often face significant challenges in large-scale and cluttered en-
vironments, where the vast amount of captured data can lead to
computation and storage bottlenecks. Additionally, the existing
gradient-based planning methods depend on appropriate resolu-
tions to adapt to different scenarios. In this letter, we present
FELP, a fast and effective autonomous flight system for large-scale
and cluttered environments based on the unified linear paramet-
ric map. It can enhance the adaptability of planners to diverse
environments. First, by the random mapping method (RMM), the
original irregular points in low-dimensional space are mapped into
the high-dimensional space, where the points are approximately
linearly separable or distributed. Leveraging the features of this
mapping space, we can quickly obtain the occupancy state and
Euclidean distance (the distance to the nearest obstacle) rather than
relying on a large number of queries and repeated iterations. Then
we learn a unified linear parametric model about grid maps and
ESDF maps. Based on the linear parametric model, path searching
is quickly executed in the front-end. Unlike traditional methods
that compute the ESDF through interpolation, the closed-form
ESDF can be solved efficiently, enabling real-time online trajectory
optimization in the back-end. Compared to EGO-Planner, FELP
reduces the mapping time by 68% and the planning time by 29%.
Simulation and real-world experiments are conducted to verify
their comprehensive performance compared to typical methods
and state-of-the-art methods.

Index Terms—Autonomous navigation, occupancy grid map,
ESDF, trajectory optimization.
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Fig. 1. The whole framework of autonomous flight includes two parts: the
front-end, which performs path searching on the grid map, and the back-end,
which handles trajectory optimization on the ESDF map.

1. INTRODUCTION

UTONOMOUS aerial vehicles (AAVs), especially

quadrotors, have become widely utilized in various ap-
plications such as search-and-rescue [1], target tracking [2]
and map reconstruction [3]. This widespread use is primarily
attributed to their compact size and high-speed flight capabil-
ities. However, building suitable maps to enable quadrotors’
autonomous navigation on large-scale and cluttered scenarios
presents significant challenges due to limited onboard computa-
tional resources. As is seen in Fig. 1, grid maps and ESDF maps
are commonly used for path searching and trajectory optimiza-
tion, respectively. A desirable map for autonomous navigation
must accommodate a high-quality environmental model and
ensure good performance in motion planning.

Occupancy grid map can distinguish between occupied,
free, and unknown regions of the environment, which is crucial
for motion planning. Despite its good performance in A* path
search [4], and autonomous exploration [5], it poses challenges
due to high computation and storage consumption in large-scale
scenes. Furthermore, to detect small obstacles in the cluttered
scenes, an occupancy grid map with sufficiently high resolu-
tion significantly increases computational complexity. The main
drawback of these maps is that they will face challenges in bal-
ancing memory consumption and mapping accuracy, especially
for large-scale and unstructured environments.

ESDF map: are primarily used for gradient-based trajectory
optimization in the back-end [6] [7]. Based on the global occu-
pancy map, the ESDF map (local map) is constructed based on
Euclidean distance [8] [9], representing the distance between the
trajectory and its nearest obstacle. Euclidean distance and gra-
dient values are derived by interpolation [10] [11]. Interpolation
necessarily depends on suitable resolution. A finer resolution
enhances the accuracy of distance and gradient calculations.
High-precision ESDF maps facilitate trajectory optimization to
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safely avoid obstacles, and it performs better in complex scenes.
However, for lightweight multi-rotor systems with limited
resources, it is necessary to balance computing efficiency and
accuracy, especially for large-scale and complex environments.

To tackle large-scale challenges, we propose a novel linear

parametric map for AAV navigation, motivated by the need
to enhance planning efficiency in resource-constrained AAVs.
This map reduces computational demands by avoiding itera-
tive calculations and storing only essential model parameters.
Furthermore, our adaptive ESDF map requires no resolution
adjustments for various environments, streamlining the planning
process and reducing computational overhead.

The contributions of this paper are summarized as follows:

e In occupancy grid mapping, we use RMM to transform
it into a classification task to learn a linear parametric
model. The novel linear parametric model is continuous
and memory-saving, which can accelerate the kinodynamic
path searching efficiency in the front-end.

® Based on the above occupied grid map model, the gradient
of the occupancy degree can be obtained to reduce a large
number of queries and improve the efficiency of calculating
Euclidean distance.

e In ESDF mapping, we use RMM to transform it into a
regression task to learn a linear parametric model. Un-
like traditional ESDF maps that relies on interpolation
by appropriate resolution, a closed-form ESDF map is
obtained by the linear parameter model. The continuous
and arbitrary resolution ESDF map is effectively used for
trajectory optimization in the back-end to adapt to different
scenarios.

II. RELATED WORK

A. Occupancy Grid Map

Occupancy grid maps are a common and classic map type
for motion planning in [4], [7], [13]. Representation form and
update approaches of occupancy grid map are important factors
for robotics systems in motion planning. Based on the assumed
representations of the map model, occupancy grid maps are
classified into two types: explicit representation and implicit
representation.

Explicit representation assumes priori discretization of the
space into voxel grids, and then estimates the occupancy state
(free or occupied) by the Bayesian-based [14] [15] [16]. The
occupancy grid map can be classified into three categories based
on its data structure: grid-based map [5], tree-based map [17],
and hash table-based [18]. Although these maps are simple
and efficient, the main drawback of these maps is that they
will face challenges in balancing memory consumption and
mapping accuracy, especially for large-scale and unstructured
environments. To address these challenges, recent research has
focused on developing more efficient mapping techniques for
AAVs. [19] proposes a method for converting 3D voxel maps
into 2D occupancy maps, which is particularly beneficial for
efficient path planning for both AAVs and ground robots.

Implicit representation is a continuous map, which can cap-
ture the relationship between spatial locality and model envi-
ronments through continuous occupancy distribution. Gaussian
process regression is proposed to acquire occupancy state (free
or occupied), which has been extended to 3-D scenes [20].

While the Gaussian process is capable of capturing the correla-
tions among grid cells through a covariance matrix, they either
suffer from O(n3) computational complexity with respect to
the number of measurement data or require large amounts of
memory, making them impractical for online path planning,
especially in large-scale environments. Besides, some novel
learning-based methods use occupancy networks [21], neural
radiance fields [22], and DeepSDF [22] to occupancy mapping.
Typically, these methods needs a large amount of training data
and time to obtain a high-quality map.

B. ESDF Map

ESDF maps have attracted widespread interest in robotics
motion planning, and have been applied since [23]. [8] proposed
an envelope algorithm to pre-compute an ESDF map so that the
query process can be executed in O(n) time. Unfortunately, the
computation cost is extremely high when maintaining a global
ESDF map in large-scale environment. To reduce the time on
computing ESDF, [24] use GPU programming techniques to
quickly construct ESDF map for motion planning. Recently, [25]
used Neural Radiance Fields to construct an ESDF map. Ad-
ditionally, [26] evaluated the use of Neural Euclidean Signed
Distance Fields for distance-aware local path planning, showing
promising results in 3D local path planning applications. The
‘Voxblox’ method and FIESTA are proposed in [10] [11] to
build the ESDF map incrementally. The Euclidean distance
and the gradient values are obtained by interpolation. These
gradient-based planning methods can use the ESDF map for
obstacle avoidance [4] [27] [7]. Furthermore, [28] proposed
Robo-centric ESDF, a fast and accurate whole-body collision
evaluation tool that can be applied to any-shape robotic planning,
enhancing the capabilities of ESDF-based methods in complex
environments.

In summary, in this letter, we utilize a unified paradigm of
linear parameter models to construct occupancy grid maps and
ESDF maps, thereby enhancing planning efficiency for resource-
constrained AAVs.

III. UNIFIED LINEAR PARAMETRIC MAP

Occupancy grid maps and ESDF maps are commonly used
for path searching and trajectory optimization, respectively. In
occupancy grid mapping, the key is to estimate the occupancy
state. Traditional methods, such as Bayesian methods, need to
store a large amount of predicted data for the evaluation of
occupancy states. To obtain such a discrete map and then access
the occupancy state for path searching brings challenges to
storage and computing, especially for large-scale environments.
In ESDF mapping, it is necessary to calculate and save the
Euclidean distance of every center voxel from the global grid
map. For the distance and gradient values of random point
this local map, which are calculated by interpolation through
appropriate resolution. However, it still needs to find a balance
between efficiency and accuracy. To solve the above problems,
we propose a lightweight and continuous linear parametric
model for occupancy mapping and ESDF mapping. Firstly,
in online autonomous navigation in the field environment, the
AAV obtains a series of irregular point cloud datasets D =
{x;,t;}£ ,, the data in the low-dimensional space of the origin
are irregularly separable. We use RMM to project the irregular
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points into a high-dimensional space where they become ap-
proximately linearly separable. This transformation is crucial
because it allows us to represent the environment with a simple
linear model, significantly reducing the computational cost of
subsequent occupancy and distance estimations. The random
mapping matrix S is obtained as follows:

S =G(Wz) (1)

where W is defined as a M x N matrix. In particular, all
elements of W are generated from a uniform distribution be-
tween [-1, 1]. M is the random mapping dimension, which is
typically determined by trials. Here, S is defined as the M x L
random mapping matrix. G(+) is the sine function, G(-) = sin(-).
Assuming M is large enough, the mapping matrix G(W z) can
map the original irregular points into a high-dimensional space
set, where the points are approximately linearly separable or
distributed. To uphold this assumption, the RMM needs suffi-
cient capacity, including a well-chosen activation function and
dimension M, ample and representative training data, effective
feature extraction for the task, and acceptable sensor noise levels
to ensure reliability.

In an occupancy grid map, the discrete target vector ¢ repre-
sents the occupancy state (0 for free, 1 for occupied). We use
RMM to transform this into a classification task to learn a linear
parametric model. In an ESDF map, the continuous target vector
t is the Euclidean distance. By treating the ESDF modeling as
a regression problem, we attempt to build a linear parametric
model between position and Euclidean distance.

In this letter, the linear classifier (grid map) or regression
model (ESDF map) f(z) = 3Tg(Wz) is learned online for
fast autonomous flight. From the practical perspective, M can
be much less than L to reduce the computation complexity. It
should be noted that the weight matrix is generated at random
from a uniform distribution, thus avoiding the process of training
and constructing the kernel. So, it will have better real-time
performance.

A. Learning Occupancy Grid Map

In the occupancy grid map, we use RMM to transform it into a
classification task to learn a linear parametric model as follows:

f=fB) =p"gWz)+b=p"s+b=p"s (2

To simplify the notations, we expand 3 with b and s with 1.
When autonomous flight in large-scale environments, we learn
a linear classifier model f(x,3) = 8Tg(Wz) to update the
occupancy state. To solve 3, we minimize the objective function
with L2-norm regularizer, as following:

1& 1
J(B) = §Z(t¢—y¢)2+§a\|ﬁ|\§ 3
1=1

where « is the regularizer, y; is the predicted occupancy state
value (0 or 1). To fast real-time update, the stochastic gradient
descent (SGD) method can be used to update 3 as follows :

m (9t~ 85+ allBl)
() e

The learning rate is denoted by 7,. The time complexity of
Stochastic Gradient Descent (SGD) is O(kLp), where k rep-
resents the iteration number, L represents the number of cloud
points, and p represents the mean number of occupancy points.

Biy1 = B —
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Algorithm 1: Kinodynamic A* With Linear Parametric
Map.

Input: D, g(v), M, a 6, s, g, heuristic
Output: P = {p;}

I 2, T <+ getLocalPothloudData(D)
2: W b < random(M, size(x)[1]), random(M, 1)
30 S« g(Wz+b)
4: [ < SolveLinearModel (S, T, cx)
5: occuState + BT g(Wz +b)
6: gridMap < GenerateGridMap(occuState)
7: Initialize
8:  while not PathFound(s) do
9: current <— SelectCurrentNode()
10: if ReachGoal(current, g) V AnalyticExpand(current)
then
11: Prune(current)
12: return RetrievePath()
13: end if
14: for neighbor € GetNeighbors(current, gridMap) do
15: if occuState(neighbor) == 1 then
16: if checkKinoDynamicFeasible(neighbor) then
17: continue
18: end if
19: end if
20: ProcessNeighbor(neighbor, heuristic)
21: end for
22: end while
23: return P

Consequently, the SGD algorithm efficiently updates the map in
linear time. Based on the parametric map, kinodynamic A* is
performed quickly in Algorithm 1.

The algorithm combines A* path planning with linear para-
metric mapping to enhance the path search process by efficiently
computing and updating occupancy states. The process starts
with preprocessing the dataset D, where the getLocalPoint-
CloudData function extracts spatial and occupancy information
from locally perceived point cloud data. As a local perception
database, D supports the training of the feature set x and target
set T'. The algorithm initializes a random mapping matrix W
and bias vector b, applies a linear transformation Wz + b to
the feature set, and derives state representations (S) using a
nonlinear activation function g. A linear model is then solved to
calculate the model parameter (), which are used to compute
the occupancy states (occuState) of nodes. Finally, a linear
parametric map is constructed to model the environment for
path searching.

After initialization, the algorithm proceeds to path search.
Using the Initialize function, it assigns the computed occuState
to configure the initial node’s state, ensuring accurate initial-
ization. During planning, the algorithm checks if the target is
reached or if the path is expanded. If so, it calls Prune to remove
redundant paths and returns the final planned path. Otherwise, it
identifies neighboring nodes using GetNeighbors and evaluates
their safety by verifying occuState(neighbor) = 1. Dynamic
feasibility checks are conducted through checkKinoDynam-
icFeasible to ensure compliance with physical and dynamic
constraints. For valid neighbors, the path costs are calculated
via a heuristic function [4], and the path data is updated using
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Fig. 2. The data in the original space is irregularly distributed. By following
our previous work in [ 12], it can be mapped to a high-dimensional space, which is
either linearly distributed or separated. We applied RMM to the occupancy grid
map and ESDF map in a unified paradigm, respectively. Then, path searching
and trajectory optimization are executed on the novel linear parametric maps.

Fig. 3. By the RMM method, the original point clouds are mapped to a high-
dimensional space, and the red and green points are linearly separated by the
blue hyperplane. Red points falling into a voxel are marked as occupied, while
green points falling into a voxel are marked as free.

ProcessNeighbor. If a path is successfully identified, the algo-
rithm returns the path set P. By integrating global search with
efficient environmental modeling, this method enables fast and
effective path planning in large-scale environments.

B. Learning ESDF Map

In ESDF map, each voxel stores the occupancy state and the
distance to the nearest obstacle, as illustrated in Fig. 3. Based
the linear parametric model (grid map), our goal is to find the
nearest obstacle with respect to each voxel(z, y, z). Taking 1-D
as an example, the initial ESDF values of occupied voxels are set
to 0, while those of free voxels are set to ¢n f. Each point within
the same column must be visited and accessed to calculate the
distance to the nearest obstacle within that column. The ESDF
map requires sweeping each column to obtain ESDF values. The
process begins from each occupied voxel with a distance of 0
and increments monotonically in free voxels. This procedure
can be described as follows:

G(z.y.2) = min {lk—z|D(wy,k)} 6

where G(z, y, z) is the distance values of each voxel when scan-
ning the first dimension. Scan begins on the Z-X-plane. Perform
the scanning process along the X-axis while keeping the values
on the Y-axis and Z-axis unchanged. Based on different obstacle
situations on the grid map, we divided them into three cases to
calculate the Euclidean distance. As shown in Fig. 4, in case 1,
all the points on this column are occupied. Unfortunately, the oc-
cupancy status of each voxel on this column cannot be obtained
if we don’t visit the voxel in advance. Traditionally, we need
to access the occupancy status of each voxel and calculate the
distance between each voxel to the nearest obstacle. To reduce
a large amount of access and repetitive iterative calculations,
we use a linear parametric model to obtain the occupancy status
of batch voxel in advance. Firstly, based on the model in (2),

Algorithm 2: Euclidean Distance.

Input: OccState, 3, ESDF 1,42, ESDF i,
Output: Distance field: D

1: Function updatedist(OccState, x, 3)

2: forxz € [ESDFp,in(x), ESDF,,q.(x)] do
3 fory € [ESDFp,in(y), ESDFp,0.(y)] do
4. Initialize casel, case2, case3 as false
5

if W == (0 and OccState(0) == 1

then
D(z) =0, case2 = true
7. elseif 285D —— ) and

OccState(0) == 0 then

@

8: D(z) = oo, casel = true
9: else if M # ( then
10: D(z) = FILLESDF(Z, 0), case3 = true
11: end if
12: end for
13:  end for

14: forx € [ESDF,,;n(x), ESDF,,q.(x)] do
15: for z € [ESDF,in(2), ESDF,,q4.(2)] do

16: D(y, z) = FILLESDF(y, D(z))
17: end for
18: end for

19: fory € [ESDFp,in(y), ESDF,,0.(y)] do
20: for z € [ESDF,in(2), ESDF,,4.(2)] do

21:  D(,y,2) = FILLESDF(z, D(y, 2))
22: end for
23: end for

24: End Function

batch voxel {z} = {21, 22, 23, . . ., 21} of occupancy status can
be directly obtained using the following formula:

0BT g(Wx)

vfz = Oz

(6)

V f. means the gradient of the occupancy degree. In case 1, the
gradient of the occupancy degree V f, = 0, which means the
occupancy state of all voxels on this column is the same. If the
first visited voxel is free, all voxels on this column are free, then
the Euclidean distance values are set to co. Similarly, in case 2,
if the first visited voxel is occupied, all voxels on this column
are occupied, then the Euclidean distance values are set to 0. In
case 3, the gradient of the occupancy degree V f, # 0, which
means both free and occupied voxels exist on this column. We
need to visit all voxels in this column to calculate the nearest
distance to each voxel. As seen in Fig. 5, the distance function
of each voxel can be represented as a parabola. Essentially, it is
to find the lower envelope of the union of all parabolas, which
can be formulated as

D(z,y,z) = min {(z - 1)2} + G(2,y,i)? (7)

i€cols

where D(x,y,z) is the 3-D Euclidean distance values,
G(x,y,i) is a constant value and it is already calculated by
FILLESDEF() in [29]. The detailed process of calculating the
3-D Euclidean distance is described in Algorithm 2.
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Fig. 6. The green B-spline trajectory is the trajectory to be optimized, and
each red dot stores the Euclidean distance of the grid center point. The Euclidean
distance and gradient values of p are calculated by interpolation and the closed-
form method.

IV. CLOSED-FOrRM ESDF

To obtain the Euclidean distance and gradient for point p on
the ESDF map, we use a 2D example where each voxel stores
the distance at its center. As shown in Fig. 6, C'1 — C,, are
voxel centers, and the ESDF values for pl and p2 are computed
via linear interpolation function f() using Zhou et al.’s 3D
function [4].

dp,=f(c1,c2,tz,resolution), dp,=f(cs, ¢4, ty, resolution)

@®)

Example of occupancy state determination and Euclidean distance calculation for three cases in the map.

dp = f(p1,p2, ty, resolution) ©)
Vfa,, (10)
Vid,, an
Vi, = f(Vfp,V fp,,ty,resolution) (12)

= f(e1, 2, ty, resolution)

= f(es, ca, ts, resolution)

dp, is the distance value of pi, dy,, is the distance value of
p2, V fa, 1is the gradient value of pi, V fq, is the gradient
value of po. It can be seen from (9) and (12) that the distance
value d,, of point p is calculated via interpolation between p;
and p». Gradient value V fg  of point p is also calculated via
interpolation between fq, and fq, . Both the distance and
gradient values of point p rely on resolution. Undoubtedly, the
resolution size will affect the accuracy of the ESDF map. To
solve this problem, we attempt to build a linear parametric model
between position x and Euclidean distance D as follows:

D=n"gWz) (13)

The m solution form can refer to (4). The gradient values can be
directly derived by the closed-form function as follows:
oD

B B o (n"G(Wa))
Vie= g0 =7 2

Unlike traditional methods that require extensive interpolation
and repeated iterations, we can obtain the distance and gradient
values via the linear parametric model. The parametric model
can be regarded as an implicit representation of the ESDF map.
For an arbitrary point p = {Q1, @2, Q3,...,Q,} on the map
in Fig. 6, the distance and gradient values can be obtained
by substituting the optimal path point p into the parametric
model (13), and (14) respectively. This eliminates the need
for computationally expensive interpolation, making it partic-
ularly beneficial in large-scale environments where traditional
ESDF methods suffer from resolution-dependent accuracy and
increased computational complexity.

(14)

V. TRAJECTORY OPTIMIZATION

In this paper, we adopt B-spline [4] to conduct gradient-based
trajectory optimization. For a p;-degree B-spline trajectory de-
fined by N + 1 control points {Qq, @1, - .., @n}, the overall
cost function is defined as:

ftotal = )sts +)\cfc+)"d(fv +.fa)
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Fig. 7.
Fast-Planner, and the blue trajectory is generated by EGO-Planner.

N-pp+1
=k > Qi1 —2Qi+Qiaf*  (15)
i:pbfl
N—pp
+)" Z mln)
1=pp
N-pp N-pp
taa YD Fhae @)+ Y Flad,.d,)
{z,y,z} i=pp—1 i=pp—2

where fs and f. are smoothness and collision cost. f, and f4
are dynamic limits on velocity and acceleration. A, A, and A4
trade off the smoothness, safety and dynamic feasibility.

Here F () is a penalty function for general variables as follows:

2

Flz,y) = {(w—y) ;

0, T >y

Ty (16)

Collision Penalty: The trajectory is optimized on the local ESDF
map to avoid obstacles safely.

D(Qi) - Sy)? D(Q)<S
FC<D<Q1>>={< Q=57 Dieyse

where D(Q);) is the Euclidean distance obtained from (13), Sy is
the safe distance between an obstacle and the trajectory. Unlike
traditional ESDF maps that rely on interpolation, we obtain
distance and gradient values from a closed-form ESDF map.
We obtain gradient values by directly computing the derivative
of F. with respect to Q;.

7)

o~ IEADIQ))_(2D@)5/D@) D@y <5
¢ dQ; 0 D(Qi) > Sy
(18)

VI. EXPERIMENT AND RESULTS

A. Experiment Settings

The planning framework is summarized in Fig. 2. We follow
Fast-Planner on our novel unified linear parametric map. We
verify the performance of our method in different cluttered
environments. We set the regularization coefficient o to 0.01 to
reduce model complexity and avoid overfitting. A key design
challenge is balancing real-time performance with mapping

(b) Resolution=0.15

(¢) Resolution=0.1

Comparison of fully autonomous flight experiments at different resolutions. The red trajectory is generated by FELP, the green trajectory is generated by
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(a) Comparison of updating time (b) Comparison of updating time
of the global grid map with dif- of the ESDF map and planning
ferent methods. time with different methods.
Fig. 8.  Comparison of the proposed method against two SOTA planners with

the same control parameters.
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Fig. 9.  Sensitivity analysis of RMM performance to random matrix W (ten
trials): Occupancy state classification (left), ESDF value regression (right).

accuracy. We found that a mapping dimension of M = 200 pro-
vides an optimal trade-off, enhancing model performance with
manageable computational costs while maintaining accuracy.
This is noted in [12], and it served as the basis for our selection
through multiple experiments.

B. Grid Map: Kinodynamic Searching

We use the same kinodynamic path search method [4] to
evaluate the search efficiency in occupancy grid maps with
different occupancy mapping methods. We perform a ROS
simulation in a 50 x 50 x 4 m map with 60 randomly deployed
obstacles. For comparison purposes, the popular uniform grid
map [4] is compared using the same kinodynamic path searching
methods. Mapping time, access time, and memory consumption
of the grid map are crucial for path searching in the front-end.
Thus, mapping time, access time, and memory consumption are
presented in Table I. The mapping time of RMM, referring to
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Fig. 10.

Fast autonomous flight in a large-scale forest environment. The map is colored by height, and the blue trajectory is executed by the quadrotor.

TABLE I
THE PROPERTIES AND PERFORMANCE OF DIFFERENT OCCUPANCY MAPPING METHODS

Resolution Method map form update Access time  Storage space mean AUC  Search time
RMM linear classifier SVD 0.073 0.128 0.931 0.0053
Resolution = 0.2 Bayesian filtering  uniform grid  probabilistic fusion 0.271 23.764 0.962 0.0072
RMM linear classifier SVD 0.132 0.613 0.921 0.0067
Resolution = 0.15 Bayesian filtering  uniform grid  probabilistic fusion 0.451 39.764 0.873 0.0132
RMM linear classifier SVD 0.273 3.123 0.901 0.0083
Resolution = 0.1  Bayesian filtering  uniform grid  probabilistic fusion 0.851 53.764 0.8512 0.0329

TABLE I
PLANNER COMPARISON

Planner method ~ ¢(s) Length tpspr tpian Success rate (%)
Fast-Planner 26.31 63.6 4.2 2.71 80
EGO-Planner 2426 525 0 1.3 90
FELP-Planner  23.02 51.01 0.03 0.92 100

its training time, is more efficient than that of the uniform grid
map, given the iterative nature of Bayesian filtering. Besides that,
Bayesian filtering must keep the probability values to determine
the occupation status, which brings challenges due to high com-
putation and storage consumption in large-scale environments.
Unlike Bayesian methods, our linear parameter map only needs
to update and store some limited model parameters, making its
storage more efficient, especially for large-scale environments.
The novel parametric maps can be easily accessed by substitut-
ing g(Wz +b) into (2), giving rise to a shorter access time.
Thus, as seen in Table I, compared to other methods at different
resolutions, our path search time is the shortest. We tested the
robustness of our occupancy grid map model by varying only
the random matrix W. As shown in Fig. 9, the impact on AUC
values was minimal.

C. ESDF Map: Trajectory Optimization

We compare the proposed planner with two state-of-the-art
methods, Fast-Planner [4] and EGO-Planner [30], using their
default recommended parameter settings. Undoubtedly, resolu-
tion is a crucial factor in ESDF map construction and trajec-
tory optimization. As seen in Fig. 7, different resolutions are
used for trajectory optimization in the back-end. The average
performance statistics, ESDF updating time, and planning time
are shown in Table II and Fig. 8. The results show that our
closed-form ESDF map has better performance in ESDF up-
dating and planning time. A similar sensitivity analysis for the
ESDF map model, shown in Fig. 9, revealed a negligible impact
from varying the random matrix W on its performance.

Fig. 11.  Fast autonomous flight in a cluttered indoor environment. The map
is colored by height, and the blue trajectory is followed by the quadrotor.

(a) Fully autonomous flight in an (b) Fully autonomous flight in a
indoor environment. field forest environment.

Fig. 12.  Fully autonomous flight in two different scenarios.

D. Real-World Experiments

We perform autonomous flight tests using a 360° field-of-view
Lidar Mid360 on the NVIDIA Jetson Xavier NX, which features
a 6-core NVIDIA Carmel ARM v8.2 64-bit CPU, a 384-core
NVIDIA Volta GPU with 48 Tensor Cores, and 8 GB of 128-bit
LPDDR4x RAM. One experiment involves navigating through
pre-determined waypoints in a cluttered indoor environment
(approximately 15 x 25 x 4 meters), where obstacles are spaced
less than one meter apart, with the smallest having a radius of
less than a meter, as shown in Figs. 11 and 12. The drone follows
the designated waypoints while dynamically avoiding obstacles.
The maximum flight speed can reach 8 m/s. Therefore, this
experiment demonstrates that the proposed method is capable
of performing aggressive flight in cluttered environments.
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A field forest scene is conducted for fast aggressive flight
experiments to further validate our method. This field environ-
ment is a real-world outdoor scene, approximately 30 x 100 me-
ters in area, characterized by dense trees, randomly distributed
obstacles (trunks, branches), and both large-scale and unstruc-
tured features. The large amount of irregular point cloud data
from sensors poses challenges to building high-quality maps
and executing efficient real-time planning on limited resources.
The drone should perform agile flight to avoid obstacles such
as trunks and leaves in the forest, as shown in Fig. 10 and
12. The experiment shows that the proposed method enables
fully autonomous flight in a large-scale and complex field
environment.

VII. CONCLUSION AND FUTURE WORK

We use RMM to build grid maps and ESDF maps into a
unified linear model framework. The proposed linear map model
has significant advantages in autonomous navigation, especially
in large-scale unstructured environments. First, based on the
parameter representation form of the grid map, we can map
the grid map and access the occupancy status in a faster way,
allowing us to quickly complete kinodynamic path searching
in the front-end. Secondly, we can quickly solve the Euclidean
distance instead of iterating extensively. Unlike traditional meth-
ods, where the ESDF map is obtained by trilinear interpolation,
its accuracy and computing efficiency depend on resolution.
The learned linear parametric model can obtain the closed-form
ESDF map, which is then used for high-accuracy and effective
trajectory optimization in the back-end. Finally, we validate our
proposed map in various complex environments. The results
show that our method possesses better comprehensive perfor-
mance in terms of mapping time, memory consumption, access
time, accuracy, and planning time.

In the future, we will perform large-scale multi-AAV explo-
ration based on this particular environmental model. This linear
parameter model representation has the following advantages.
Firstly, updating restricted model parameters to store and map
the occupancy grid map efficiently. Secondly, this lightweight
environment model is very suitable for information exchange
under limited bandwidth.
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