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Abstract—1In this paper, we propose a novel mapping-
planning framework for autonomous quadrotor navigation.
First, a polyhedron-based mapping algorithm is presented
to fully exploit the information of the onboard sensor data.
Polyhedra are generated to approximate the segmented clus-
ters of occupied voxels. Then, customized data structures are
designed to extract information for motion planning in real
time. With complete knowledge of the shape, position, and
number of the observed obstacles, we can conveniently generate
smooth trajectories with sufficient obstacle clearance along
the most desired direction. Before searching for the initial
path, a local topological graph is constructed to keep the path
expanding in the most favorable topology class. The following
path search is segmented based on the graph vertices, which
allows fast convergence. The refined trajectory is obtained after
smoothing, and large deviations are penalized in the formulated
optimization problem to preserve the original clearance. Finally,
we analyze and validate the proposed framework through
extensive simulations and real-world quadrotor flights.

I. INTRODUCTION

Robust and efficient motion planning algorithms are cru-
cial for quadrotors to achieve autonomous flight in complex
environments. As the bridge between the perception and
planning modules, environment representation has a huge
impact on the quality of the generated trajectories. Various
algorithms have been proposed to build maps for navigation,
and each corresponds to different planning methods.

As the most commonly used type, volumetric maps dis-
cretize the space into voxels of equal size. Such maps can
distinguish safe regions from obstacles by storing the ac-
cumulative occupancy probabilities. This environment repre-
sentation is adopted by multiple search-based and sampling-
based planning methods like [1]-[3]. However, the compu-
tational overhead increases exponentially for more precise
descriptions. Also, the occupancy status alone is insufficient
to generate high-quality trajectories. Maps like Truncated
Signed Distance Fields (TSDFs) and Euclidean Signed Dis-
tance Fields (ESDFs) provide extra distance information of
each voxel, and are widely used for gradient-based trajectory
optimizations [4]-[6]. Although [7] and [8] enable online
incremental construction of ESDF maps, updating and main-
taining the distance fields still require intensive computation.
Besides, the distance gradient can be misleading and cause
local minima [9]. Recently, some studies have focused on
the problem of constructing three-dimensional topological
graphs for navigation [10]-[12]. Such sparse graphs are
resistant to sensor noises, and the topology information they
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Fig. 1. Overview of the proposed mapping-planning framework.

provide can greatly accelerate the path search. In addition,
the planner can avoid local minima by selecting from dif-
ferent homotopy classes. However, they all require offline
calculation due to the complex construction process.

In this paper, we propose a novel mapping-planning frame-
work (shown in Fig. 1) to navigate the online quadrotor
flight. For the mapping module, the environment information
is fully extracted and utilized by generating polyhedra to
represent observed obstacles. Such an environment is directly
derived from the occupancy grid map, therefore the con-
struction is computationally inexpensive. Since the geometry
information of the obstacle is completely contained in the
polyhedra, various information can be provided for motion
planning. For the planning module, we first efficiently build a
local topological graph covering the potential searching area.
The graph is then utilized to guide the segmented motion
primitives-based path search. Finally, a polynomial-based
optimization method is adopted to obtain safe and smooth
trajectories. The contributions of this paper are summarized
as follows.

¢ A novel mapping algorithm, which constructs a poly-
hedral environment online and provides comprehensive
obstacle information to facilitate motion planning.

o A topological planner, which adopts a segmented
searching strategy for acceleration and efficiently gen-
erates trajectories with sufficient obstacle clearance.

« Extensive simulations and real-world experiments are
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II. RELATED WORK
A. Environment Representation

The mapping approaches can be roughly classified into
two categories: cell decomposition and roadmap. For three-
dimensional environments, regular cells are discrete, non-
overlapping cubes. For example, octomap [13] uses a hier-
archical structure to store the occupancy probability and is
resistant to sensor noises. But it fails to provide more infor-
mation other than the occupancy status. Geometric shapes are
also adopted for decomposition. Wahrmann et al. defined and
built swept-sphere-volumes (SSVs) to approximate obstacles
[14]. However, fixed shapes are inaccurate for planning in
complex environments. In [15], Majeed et al. modeled the
obstacles as convex polyhedrons with six faces, and the
search space was circumscribed in the form of a half cylinder.
A roadmap is a union of curves such that all start and
goal points in the free space can be connected by a path.
There are various types of roadmaps, such as the visibility
graph [16], the Voronoi graph [17], and the topological graph
[10]. A recent work proposed by Fan et al. developed a
dynamic updating method to generate visibility graphs [18].
Polygons were generated to approximate obstacles, and the
three-dimensional cases were implemented by dividing the
space into two-dimensional layers.

B. Kinodynamic Motion Planning

The existing methods can be divided into search-based and
sampling-based. For search-based methods, a lattice of states
repeated at regular intervals are constructed and applied for
searching. Liu et al. generated motion primitives based on
the differential flatness of quadrotor systems and achieved
online planning [19]. Zhou et al. designed a novel heuristic
function for motion primitives by formulating an optimal
control problem [20]. In [21], motion primitives without
safe ends were eliminated and a gain function was designed
for quadrotor exploration. However, the above methods are
bothered by the high computational complexity when plan-
ning in an obstacle-dense environment. Building a sparse
topological graph can greatly accelerate the graph search, but
it is performed offline due to the high calculation cost [10].
Similar to lattice-based approaches, sampling-based planning
methods connect discrete state samples using collections
of feasible motions. Proposed in [22], Kinodynamic RRT*
algorithm computed state transitions with a time and energy
cost function. To decrease the time cost of the random
sampling, Ye et al. presented a topology-guided kinodynamic
planner. They employed a biased sampling strategy based on
the built topology graph [23]. However, only a few homotopy
classes were extracted for sampling.

III. POLYHEDRAL ENVIRONMENT CONSTRUCTION

In this section, we present the proposed polyhedral en-
vironment construction algorithm. Our method starts with
an occupancy grid map built from the onboard sensor data.
The original voxels are abandoned afterward to reduce the
storage requirements. The detailed procedures are described
as follows:

A. Obstacle Surface Clusters Extraction

We define the outermost layer of voxels of an occupied
voxel cluster as the obstacle surface. We first extract the
surface voxels since they can preserve the geometry in-
formation of obstacles, whilst the voxel number is greatly
reduced compared to the original cluster. This is efficiently
implemented based on the following property of the grid
map: an occupied voxel does not belong to the surface if and
only if it has six direct neighbors. Then the obtained surface
is segmented into different clusters based on the Euclidean
distance [25] and each surface cluster is corresponding to an
observed obstacle.

B. Convex Polyhedron Generation

In this step, we construct a convex polyhedron for each
surface cluster to extract the preliminary geometry infor-
mation. We solve the problem by constructing a three-
dimensional convex hull that completely surrounds the clus-
ter. The Quickhull algorithm [24] is adopted due to its
high efficiency. The generated polyhedron is then stored as
triangle meshes using the face-list data structure. Note that
the merged surfaces and edges are excluded. The volume of
each polyhedron is also calculated for future processing.

C. Concave Polyhedron Approximation

In this step, we further fit the obstacles with concave poly-
hedra if the previous approximation is overly conservative
and compresses the solution space. A convex polyhedron will
shrink if it satisfies:

Vconv/ Vs < Vzhresh (1)

where V,,,, and V; represent the volume of the convex poly-
hedron and the surface cluster, respectively. Vi.s, determines
the accuracy of the polyhedral environment.

The concave polyhedron is generated based on the original
convex one as shown in Alg. 1. Note that ®, is represented
by ®, and ®;, and is written as a separate variable just for
the convenience of description. The process can be divided
into curvature calculation and polyhedron update. Surface
normals are calculated using PCL’s NormalEstimation [25]
(line 2). To orient all normal vectors 72, consistently away
from the polyhedron surface, the viewpoint v, is set to be
the cluster centroid. In this way, the following relationship
holds:

(v, —pi) <0 2)

where p; is the voxel in the surface cluster. The two principal
curvatures 1 and ko can be applied to characterize the local
shape of the surface. Consequently, we use x; and kg to
locate the dents on the obstacle surface. Following the CAN
method [26], we adopt the least square fitting algorithm to
calculate curvatures (line 4). A group of normal curvatures
K is first calculated using the normal vector of each surface
voxel and its neighbors. Then the principal curvatures are
obtained by formulating an optimization problem based on
the Euler formula

K = K1 c0s°0 + ko sin20 3)

10098



() (®) (©

Fig. 2. Illustration of the polyhedron update. (a) The interior vertices P
and @ are obtained by computing the principal curvatures. (b) (c¢) Collision
checks are conducted to find planes that ensure safety while shrinking:
triangle ABC' and PBC. The polyhedron is updated by eliminating the
largest shrinking volume: tetrahedron APBC and PQBC.

where x is the normal curvature in the direction making an
angle 6 with the first principal direction. As presented in
table I, k¢p1, Kino, Kens should satisfy

Kth1 > Keh2 > 0 > Kepa €]

In this way, interior voxels are stored in ®.,, and Py,
respectively (lines 5-8).

Algorithm 1: Concave Polyhedron Approximation

1 Notion: Vertex Set @, Index Set ®;, Triangle Mesh
Set ®,, Surface Cluster Set @, Potential Triangle
Set ®,,, Convex/Concave Vertex Set ®copno/Peonc;

2 ¢, «+ CalculateNormal(®,);

3 for p; in ¢, do

4 K1, kg < CalculatePrincipalCurvature(p;);
5 if kK1 > Kip1 and ko > Ko then

6 L P oo.insert(p;);

7 else if ko < K43 then

8 L P one.insert(p;);

9 while — FitTight(®.,,®;,Vip,esn) do
10 for peony in Peony do

11 if — NearExistingVertices(p.on.,®,) then
12 for 7; in ®; do

13 if SafeTetrahedron(7;,p.on.) then
14 | ®,.insert(r;);

15 Tn < GetLargestVolume(®,,p.ony);
16 ShrinkPolyhedron(7,,®,,?;,P,);

17 UpdateWithConcavePoints(® ..., P,,P;) ;

The second step is to shrink the polyhedron until its
volume no longer satisfies the condition of (1) (line 9).
Interior vertices with larger x; are selected first (line 10).
We iterate through ®, and add the triangle 7; to @, if
the intersection between ¢; and the current surface cluster is
empty (lines 13-14). Here ¢; denotes the tetrahedron formed
by peony and three vertices of 7;. To reduce the time cost, we
use KD-tree to narrow down the checking range to voxels
inside C;, where C; is the circumsphere of ;. Then, we
select 7, that allows the largest shrinking volume from &,
(line 15). Finally, the polyhedron contracts around peon,. @,
and ®; are updated by adding one more vertex p.., and

TABLE I
CORRESPONDENCE BETWEEN SURFACE SHAPE AND PRINCIPAL

CURVATURES
K1 <0 k1>0
k2 <0 Concave Ellipsoid Hyperboloid Surface
k2>0  Hyperboloid Surface Convex Ellipsoid

replacing 7,, with three new triangles. Normal vectors of the
newly added planes are also calculated and inserted into ®,,
(line 16). The shrinking process for ®.,,, and ®,,. are the
same and the latter is omitted for brevity (line 17). Note that
voxels in ®.,,. are not used until &, is empty to ensure
that ®,, is completely enclosed by the new polyhedron. The
update process of a convex polyhedron is shown in Fig. 2.

D. Data Structures Design

Now that polyhedra have replaced occupied voxels to
represent the observed obstacles, we can obtain diverse
environment information by dealing with three-dimensional
geometries. We present our Sphere Bounding Volume Hi-
erarchy (SBVH) for real-time information queries and Co-
ordinates Information Structure (CIS) for topology and ob-
stacle distance extraction. Note that data structures can be
customized to accommodate different planning methods.

The CIS (described in Table II) of the queried coordinates
p; is obtained by the following process. By searching the
SBVH, we first insert the polyhedron into the nearest poly-
hedron set @, if it satisfies

lpi — 05|l — 75 < diresh )

where o; refers to the centroid coordinates of the polyhedron,
and r; is the radius of its SBVH root node. The indices
of the polyhedra in ®,,, are stored in ®;4,. The maximum
horizontal distance between two vertices of each polyhedron
in ®,,, is stored in ®, to approximate the circumradius.

Then, we find the nearest surface position to p; of each
polyhedron in ®,,;,. With the nearest triangle mesh provided
by SBVH, The desired position p. can be obtained by pro-
jecting p; onto the plane containing the triangle. As shown
in Fig. 3, the projection p; lies in one of the seven regions
(R1 ~ RT) and each case corresponds to a different p.. To
distinguish the region to which p; belongs, we compute its
position in the barycentric coordinate system. The problem
is solved if p; lies in R,, R, or R,. Otherwise (as the case
in Fig. 3), we further calculate the angle between vectors
PaPc and pap; to locate p.. In this way, the unsigned nearest
distance is calculated by

di = \/Ip}? + Ipepi? ©)

d; is set to negative if

—pe) <0 )

where e; is the surface normal at p.. If p; lies in R1, e; is
given by Section III. Otherwise, the pseudo normals [27]
are used instead. Finally, the nearest coordinates and the

€; - (Pi
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Fig. 3. The plane is divided in two ways to search for p.. Left: the plane is
! !
divided based on the position of p,. Right: position of p, in the barycentric

coordinate system is mapped to R1 ~ Ry. In this case, 8 < 90° and p; is
mapped to R3. Therefore, p. lies on the edge papc

corresponding distance are placed in the CIS, which is then
utilized by the planning module.

TABLE I
COORDINATES INFORMATION STRUCTURE

Name Meaning

coordinates of the nearest voxel

the nearest position set @, X
P coord of each polyhedron in ®,,,

the nearest distance set 4 distance to the coordinates in P,

polyhedron index set ;g indices of @,y

circumradius of the horizontal cross

polyhedron circumradius set ®, section of each polyhedron @,y

IV. MOTION PRIMITIVES-BASED TOPOLOGICAL
PLANNING

In this section, we present the proposed topological plan-
ner to obtain safe and dynamically feasible trajectories.
The obstacle clearance is also maximized based on the
extracted environment information. The detailed algorithms
are described as follows.

A. Local Topological Graph Generation

As shown in Alg. 2, the breadth-first search (BFS) frame-
work is adopted for local topological graph construction. For
each iteration, we first try to build an edge to connect n. and
n;. (line 5). For cases where a collision exists, an expansion
starts with finding the collision position and calculating its
CIS. @, is obtained by extending the polyhedron centroid
outward along the direction perpendicular to n;n. by a
distance, and the distance is obtained from the ®,. of a CIS
(line 6). New edges are then built between n; and each
node in @,. If the collision still occurs, such a neighbor
will be updated using the CIS of the new collision position
(lines 7-8). The new neighbor is obtained by expanding the
nearest position in ®.,,-¢q outward until it lies out of the
polyhedron. Safe edges are then generated and added to the
graph (line 9). For another case, the edge directly connecting
n; and n. is added to the graph (line 12). The final graph
consists of topologically distinct paths from ng to n. and is
recorded using the coordinates of its vertices. Fig. 4 shows
the construction process of the local topological graph from
a two-dimensional perspective.

©) d

Fig. 4.  Illustration of constructing a local topological graph. (a) (c)
Expanding safe neighbors (yellow dots) based on @, if edge n;n. is not
safe. (b) Expanding one neighbor based on ®.,,.4 if edge n;n. collides
with the same obstacle again (for n; on the upper side). (d) No expansion
if edge m;ne does not intersect with any polygons. The generated graph
consists of edges (red line segments) and vertices (blue dots).

Algorithm 2: Local Topological Graph Generation

1 Notion: Topological graph G, Node queue (),,, Start
node n,, End node n.;

2 Qn.Enqueue(ny);

3 while -Q,,.empty() do

4 n; = @,.Dequeue();

5 if = CheckEdgeSafety(n;,n.) then

6 ®,, + QueryandExpand(n;,n.);

7 if - CheckEdgeSafety(n;, ®,,) then
8 | QueryandUpdate(n;,®,,);

9 G + UpdateGraph(n;,®,);

10 Q... Enqueue(d,,);

1 else

12 L G + UpdateGraph(n;,n.);

B. Motion Primitives-based Path Search

The concept of "segment goal" is proposed in [28], which
generates virtual intermediate goals to accelerate planning
algorithms. In our case, the vertices obtained from the
topological graph naturally serve as intermediate goals to
guide the path search. If = and y coordinates of the current
state are close enough, the current goal will be switched to
the next vertex.

Following [19], we approximate the quadrotor system as a
second-order integrator. Thus the system state vector is =
[p,v, 2] and the control input vector is u = [ay, Gy, az]T
The motion primitives are generated by uniformly discretiz-
ing the control space. Aimed to find a path with low control
cost, low time cost, and high obstacle clearance, the cost of
a motion primitive with an interval 7 is defined as:

= [l wdr 0, DI pmlE @)
% J
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where w is the time weight to minimize the path duration.
p; are the intermediate states of the primitive, and their
coordinates are queried to obtain CISs. The sum of the
vectors p;p; refers to the repulsive force from the nearby
obstacles, which requires primitives to be close to the medial
axis between obstacles. The second term is set to infinity if
the nearest distance set of a CIS contains negative values.

C. Polynomial-based Trajectory Refinement

We adopt a three-dimensional polynomial p(¢) with m
segments, and each segment p;(t) of order n to represent
the trajectory. Considering that the obtained path is only
segment-wise C? continuous, we formulate an optimization
problem to improve its smoothness. However, extensive
deviation from the initial path is not desired during the
optimization to maintain the obstacle clearance. Therefore,
the cost function is designed as:

J=AJs + Apdp 9

where J is the smoothness cost as the k'"-order squared
derivative integral of the trajectory. J; is the bounding cost
to punish the deviation. The optimization problem can be
described as:

m—1 e T
wing =S ("R [ ) - ool
1=0

s.t. x(0) = xg, x(T)=2xr
P () = p)(0),i € {0,1...m — 2}, 5 € {0,1,2}
pi(Ti) = po(m), 1€{0,1...m—2}

(10)
where p,(t) is the original path. 7; and T" are the duration of
the " segment and the whole trajectory, respectively. The
equality constraints are formulated as above to restrict the
start and end states, the continuity between two consecutive
segments, and the intermediate positions. Since the costs
are independent, J is obtained by accumulating over axis
x,y, 2. The above optimization is solved by reformulating an

unconstrained quadratic programming problem as described
in [29].

V. EXPERIMENTAL RESULTS AND ANALYSIS
A. Simulation Experiments

The following simulation experiments are implemented
in ROS with C++ running on a 2.7 GHz Intel i5-11400H
processor. The resolution of the occupancy grid map is set
to 0.1m.

1) Polyhedral Generation Module: We first validate the
mapping algorithm in a 15 x 15 X 5m environment, which
is larger than the actual sensing range. Rectangular obstacles
with heights of 1.0 to 1.5m are randomly generated in the
environment. As shown in Fig. 5(a), convex polyhedra are
built for each obstacle cluster. The timing information of
each step is presented in Table III. We run 20 tests for
each group with different obstacle numbers and calculate
the average time cost, respectively. Since convex polyhedra
are sufficient to approximate most clusters, the cost of the

shrinking process is not included here. The result shows that
although the cost increases dramatically when more voxels
require to be clustered, the overall computational time is
always below 100ms even when the obstacles are extremely
dense. As a result, the update frequency can be maintained
at over 10Hz.

With Vs set to 0.7 in (1), a few convex polyhedra are
overly conservative and need a tighter approximation. As
shown in Fig. 5(a), the underfitting cluster is circled in red
and zoomed in for illustration. For the cluster in Fig. 5(b),
Veomv/ Vs is well below 0.7 due to the concave obstacle shape.
By setting k¢p3 to -0.2 in (4), peone are found and visualized
by red dots in Fig. 5(c). Then a concave polyhedron is
generated by replacing two original triangles with six new
triangles closer to the centroid. V,,,,/V;s grows from 0.58 to
0.88 after shrinking. The run time is 17.68ms for 2652 grids
in this case, which is sufficient for online updates.

(a) (b) (©)

Fig. 5. Visualization of the polyhedral environment in the simulation

TABLE III
POLYHEDRAL ENVIRONMENT CONSTRUCTION RUN TIME

. Total Surface Euclidean | Quick
Obstacle Number Time | Extraction | Clustering Hull
/Voxel Number

(ms) (ms) (ms) (ms)
15/16085 22.53 16.63 5.44 0.46
20/22019 28.82 21.36 6.89 0.57
30/33536 44.20 32.96 10.41 0.83
50/42572 62.24 45.23 15.98 1.03

2) Topological Graph-guided Path Searching Module: As
shown in Fig. 6(a), a local topological graph is created
between the start and the target position, containing paths
(green line segments) from different homotopy classes. The
graph is recorded by its vertices (red dots) and is utilized to
guide the path search. The building time is always below
Sms, which is acceptable for rapid online planning. The
shortest path in the graph is selected and the corresponding
vertices are utilized as the "segment goals". We compare
our method against a state-of-the-art motion primitives-based
path searching algorithm proposed in [19]. Both taking the
quadrotor acceleration as the system input, Fig. 6(b) shows
that our method is capable of generating a smoother initial
path (red curve) with more obstacle clearance. For a fair
comparison, we apply the same optimization algorithm for
two initial paths. As shown in Fig. 6(c), our trajectory (red
curve) is much smoother and shorter, meanwhile maintaining
sufficient clearance when traversing between obstacles.

2) Benchmark Comparisons: We compare our path-
searching and trajectory refinement methods with algorithms
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Fig. 6.

(a) The constructed local topological graph. (b) The comparison
of the front-end trajectories in the simulation. (c) The comparison of the
back-end trajectories in the simulation.

proposed by Zhou et al. [20] and Liu et al. [19] in a 40 X
40 x 5m map (shown in Fig. 7). The maximum velocity
and acceleration are set as 3m/s and 2m/s?, respectively.
The simulations are conducted with 150 and 300 random
obstacles, and Table IV demonstrates the results. For path
search, three methods all generate motion primitives for
kinodynamic planning. However, with the knowledge of
environment topology, the proposed method tends to expand
neighbors in the most desired homotopy class and thus leads
to trajectories with the shortest length. Moreover, our method
generates initial paths with sufficient obstacle clearance,
which results in the highest success rate in obstacle-dense
environments. For trajectory refinement, although we formu-
late a quadratic programming problem like [19] as well, the
optimized trajectories still enjoy enough clearance due to the
designed bounding cost. In addition, our method achieves
considerable efficiency improvement for two reasons: Topo-
logical vertices guide the segmented graph search into safe
areas, thus saving the cost of aimless expansions. Besides,
an analytical solution exists for the formulated optimization
problem, and its computational effort is negligible.

(@) (b)

Fig. 7. (a) Flight simulation in the environment with 150 obstacles. (b)
Flight simulation in the environment with 300 obstacles. Brown curves are
the executed trajectories.

TABLE IV
BENCHMARK COMPARISON RESULTS

150 Obstacles 300 Obstacles
Comp. | Traj. Succ. Comp. | Traj. Succ.
Method Time Len. Rate Time Len. Rate
(ms) (m) (%) (ms) (m) (%)
Proposed 20.67 | 29.97 | 100.00 | 29.60 | 32.40 | 89.17
Zhou. [20] 26.58 31.03 | 100.00 | 41.14 3432 | 87.93
Liu. [19] 22.16 31.98 86.88 35.28 3594 | 60.10

B. Real-world Experiments

The custom-built quadrotor platform (shown in Fig. 8(a))
is equipped with a JETSON Xavier NX for onboard com-
puting, a Pixhawk flight controller for stabilization, and a
forward-facing RealSense D435i to provide depth images.
The localization information is obtained from the NOKOV
motion capture system. Real-world flight experiments are
conducted in an unknown indoor environment as shown
in Fig. 8(b). The original occupancy grid map and the
corresponding polyhedron map are shown in Fig. 8(c) and
Fig. 8(d), respectively. We abandon the occupied voxels
below 0.15m and above 2.3m to segment the floor and
the ceiling. The height constraint is posed during the path
search. The collision check is implemented by regarding the
quadrotor as a sphere with a radius of 0.2m.

(©) @

Fig. 8. (a) Hardware setting of our custom-built quadrotor. (b) A snapshot
of the quadrotor crossing the unknown environment, and the average flight
speed is 1.5m/s (c) The original occupancy grid map. (d) The polyhedral
environment within the sensing range. The surface noise of the original map
is covered by the generated planes, resulting in smoother trajectories.

VI. CONCLUSIONS

In this paper, we propose a novel mapping-planning frame-
work to generate high-quality trajectories online. Based on a
pre-built occupancy grid map, convex and concave polyhedra
are generated to extract environment information. Served as
the bridge between the two modules, data structures are
designed to obtain the nearby obstacle information of the
queried position. To acquire better initial paths, we construct
a local topological graph to guide the motion primitives-
based graph search. With the path sticking to the obstacle
medial axis, we formulate a quadratic programming prob-
lem to obtain smoother trajectories with adequate obstacle
clearance. The experimental results demonstrate that our
method outperforms the selected benchmarks in terms of
computational efficiency and trajectory quality. Real-world
autonomous flights are performed to verify the robustness
and efficiency of the proposed framework.
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