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Abstract— Autonomous navigation requires robots to gen-
erate trajectories for collision avoidance efficiently. Although
plenty of previous works have proven successful in generating
smooth and spatially collision-free trajectories, their solutions
often suffer from suboptimal time efficiency and potential un-
safety, particularly when accounting for uncertainties in robot
perception and control. To address this issue, this paper presents
the Robust Optimal Time Allocation (ROTA) framework. This
framework is designed to optimize the time progress of the
trajectories temporally, serving as a post-processing tool to
enhance trajectory time efficiency and safety under uncer-
tainties. In this study, we begin by formulating a non-convex
optimization problem aimed at minimizing trajectory execution
time while incorporating constraints on collision probability as
the robot approaches obstacles. Subsequently, we introduce the
concept of the trajectory braking zone and adopt the chance-
constrained formulation for robust collision avoidance in the
braking zones. Finally, the non-convex optimization problem is
reformulated into a second-order cone programming problem
to achieve real-time performance. Through simulations and
physical flight experiments, we demonstrate that the proposed
approach effectively reduces trajectory execution time while
enabling robust collision avoidance in complex environments.
Our software' is available on GitHub, along with the developed
autonomy framework’, as open-source ROS packages.

I. INTRODUCTION

With the widespread deployment of unmanned aerial ve-
hicles (UAVs) across diverse indoor applications, extensive
research efforts in autonomous navigation have yielded well-
established solutions to the challenge of generating collision-
free trajectories for quadcopters. Nonetheless, achieving tra-
jectories that are both spatially collision-free and tempo-
rally efficient involves the simultaneous consideration of
multiple constraints, including obstacle positions, control
limits, trajectory smoothness, etc. This complex interplay of
constraints can potentially lead to suboptimal time efficiency.
In addition, inappropriate trajectory time allocation can let
the robot approach the obstacles fast, leading to high motion
uncertainty and elevating the risk of collision despite the
spatial trajectory being collision-free. As a result, developing
a robust and optimal framework for time allocation becomes
imperative to enhance both navigation efficiency and safety.

There exist three primary challenges associated with time
allocation within trajectory generation. Firstly, the overall
objective is to minimize trajectory execution time. Some
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Fig. 1.
trajectory with the optimal time allocation for efficiency and safety.

Navigation using the customized quadcopter. The robot follows the

trajectory representation and generation techniques, such as
MPC-based [1] and polynomial-based [2] methods, rely on
pre-defined time allocation, resulting in inflexible timing
and non-optimal trajectory execution periods. Secondly, the
optimization process must occur in real-time. Although nu-
merical gradient descent methods [3][4] have been devel-
oped for polynomial-based trajectories, resolving non-convex
problems poses constraints on achieving real-time capabili-
ties. Lastly, effective time allocation must ensure trajectory
safety marked by uncertainties in perception and control.
Even if convex optimization methods [5][6] can yield compu-
tationally efficient minimum-time solutions, these solutions
could potentially induce rapid movements toward obstacles,
increasing collision risks amid uncertain conditions.

To solve these issues, this paper proposes the Robust
Optimal Time Allocation (ROTA) framework. This algo-
rithm serves as a post-processing tool aimed at minimizing
execution time while enhancing the safety of quadcopter
trajectories under uncertainties. The framework employs a
chance-constrained formulation to quantitatively represent a
trajectory’s collision probabilities and incorporates our pro-
posed trajectory braking zone to establish adaptable velocity
constraints for robust collision avoidance. The highly non-
convex optimization problem from this framework is subse-
quently reformulated into a second-order cone programming
(SOCP) problem, well-suited for robot onboard computer
execution. The novelties and contributions of this work are:

o Chance-constrained time optimization formulation:
We adopt the chance-constrained scheme to generate
time allocation for efficiency and collision avoidance.

o Trajectory braking zone determination: We propose
the trajectory braking zone determination algorithm to
efficiently find the trajectory deceleration time intervals.

o Second-order cone programming reformulation: The
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original non-convex optimal time allocation problem
is reformulated into a second-order cone programming
(SOCP) problem to achieve real-time performance.

II. RELATED WORK

Time allocation within trajectory generation methods typ-
ically falls into two primary categories: algorithmic-based
and optimization-based approaches. Given the central theme
of enhancing collision avoidance robustness in this study by
time allocation, this section will first discuss two categories
of time allocation methods and then review related research
in path planning and trajectory generation under uncertainty.

The algorithmic-based methods allocate the trajectory time
based on a handcrafted algorithm and process. In [7], the
time allocation heuristic based on robot kinematics is applied
for each path segment to generate smoother trajectories.
Similarly, Jamieson et al. [8] design a mapping algorithm to
find the proper time allocation for the geometric trajectory
to satisfy the kinodynamic limits. Likewise, to limit the
maximum control input of the trajectory, Liu et al. [9] in-
crease the time interval between trajectory positions. In [10],
an iterative adjustment algorithm is designed to modify the
time interval of the non-uniform B-spline curve to generate
feasible trajectories. In [2], the time span between each
waypoint is increased if the trajectory exceeds the control
limits. While algorithmic-based methods exhibit efficiency
in generating time allocations, their primary focus often re-
volves around addressing trajectory feasibility concerns. As a
consequence, these methods are unable to guarantee optimal-
ity in trajectory time efficiency. There exist several trajectory
generation algorithms that use fixed time allocation. The
MPC-based methods [1][11][12][13] require a predefined
planning horizon for trajectory generation. Some polynomial-
based methods [14][15][16][17] optimize the trajectory based
on the fixed time intervals between waypoints.

The optimization-based methods generate proper time al-
locations by solving an optimization problem. In quadcopter
trajectory planning, Mellinger et al. [3] utilize constrained
gradient descent with numerical methods to solve the non-
convex time allocation problem to minimize the trajectory
snap. Later, Bry et al. [4] expand upon the minimum-
snap concept to simultaneously minimize trajectory snap and
execution time. In the work of [18], the concept of the
progressive curve is proposed to minimize the difference
with the user-input trajectory progress. Seeking the shortest-
time trajectory, Liu et al. [6] apply the search-based plan-
ning method and minimize the time for quadcopter motion
primitives. To attain spatial and temporal optimality, the
alternating minimization method [19] is proposed to solve
the spatial-temporal trajectory optimization. This approach’s
computational efficiency is subsequently improved by trans-
forming the problem into unconstrained optimization [20].
Within [21], the initial spatial trajectory is generated, and
feasible time allocation is established via least-square curve
fitting. The second-order cone programming for time allo-
cation makes its debut in [22], later extended to quadcopter

trajectory generation in [5], demonstrating effectiveness in
aggressive flight in complex environments [23].

Recent years have seen plenty of research in quadcopter
navigation and collision avoidance for encountering various
sources of uncertainties. The introduction of the NanoMap
concept in [24] addresses this challenge by storing historical
noisy pose estimations, mitigating the adverse impact of pose
drift on obstacle avoidance. To achieve robust navigation
under sensor uncertainty, Zhang et al. [25] model the en-
vironment as deterministic and probabilistic known regions.
Florence et al. [26] apply a probabilistic model to assess
robot maneuvers, enabling fast and robust collision avoid-
ance. The learning-based approach proposed in [27] tackles
camera noise implicitly, facilitating aggressive navigation. In
recent research trends, chance-constrained approaches have
gained prominence. The linearization technique presented
in [1] significantly enhances computational efficiency and
exhibits robust dynamic obstacle avoidance for vision-based
quadcopters [11]. This chance-constrained concept is further
expanded to address the simultaneous avoidance of static and
dynamic obstacles in subsequent works such as [12] and [13].
Benefiting from its efficiency and robustness, our proposed
framework also integrates the chance-constrained approach
to constrain collision probability for time allocation.

III. METHODOLOGY

This section first establishes our time optimization prob-
lem (Sec. III-A) through the introduction of the time map-
ping function, the concept of the braking zone, and the
incorporation of probabilistic collision constraints for time
optimization. Following this, we detail the approach for
determining the trajectory braking zone (Sec. III-B). Lever-
aging the trajectory braking zone, we present linearization
techniques to assess the probabilistic collision constraints in
Sec. III-C. Ultimately, Sec. III-D transforms the non-convex
optimization problem into a second-order cone programming
problem to improve the computational efficiency.

A. Problem Definition & Optimization Formulation

Time Mapping Function: Given a continuous and spa-
tially collision-free trajectory, oy, € R3, from an arbitrary
trajectory planner, the position at time 7 can be written as:

Utraj(T) = [O—:(raj(’r)a O—Z—aj(’r)a O—tzraj(’r)]Tv TE [TOan}' (1)

Note that, for clearer distinction, here we use the symbol 7
to represent the trajectory time variable, and we will also
introduce the other time variable ¢ to represent the system
real time in the following contexts. To reallocate the time
progress of the given continuous trajectory, we need to use
a mapping function that maps the system real time to the
original trajectory time. We define this mapping function as

the time mapping function h with the parameters 6 as:
T=h(t;0), {h:t—71}, t, 7R, ()

in which the system real time can be mapped to the original
trajectory time, and the mapping function is a monotonically
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(a) A collision-free trajectory for detouring to avoid obstacles.
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(b) A collision-free trajectory for passing a narrow corridor.

Fig. 2. Visualization of the trajectory braking zone. The trajectory’s sample
positions are depicted as blue and red points, with the red points denoting
points within the trajectory braking zone. (a) The robot decelerates to ensure
robust collision avoidance when it is approaching obstacles. (b) The braking
zone aims at making the robot decelerate to pass a narrow corridor safely.

increasing function. Thus, the new time reallocated trajectory

Oqj With respect to the real time vairable ¢ is:
Teaj (1) = Ouaj (T) = 0uwaj (h(t;0)), 3)
the new corresponding velocity can be written as:
Gy (1) = 01y (7) - h(t:0), @)

and also the reallocated acceleration can be calculated by:

O-t:aj (t) = O—t/raj (T) ! h(tv 0) + Jt/r/aj (T) : h2 (t; 0)7 (5
where we use the dot and prime symbol to represent the
derivatives to the real time ¢ and the trajectory time T,
respectively. Following the quadcopter controller design in
[28], we will use the time reallocated position, velocity, and
acceleration as control input for trajectory tracking.

Trajectory Braking Zone: We define the trajectory brak-
ing zone as the time intervals that the robot needs potential
velocity decrease within the trajectory duration. The intuition
behind the trajectory braking zone is to enhance collision
avoidance safety and time efficiency by making the robot
decelerate when it is approaching obstacles and subsequently
re-accelerate upon exiting the braking zone, as shown in Fig.
2. The set of positions Sy, along the trajectory located within
the braking zone should adhere to the following conditions:

Sp. = {p; € R%|(0; — p;) - vi > 0, |0; — p;|]2 < dwn}, (6)

where p; and v; denote the position and velocity of the
ith sample, respectively. Moreover, o; indicates the nearest
obstacle to position p;, and dy, represents a user-defined
distance threshold. Consequently, the corresponding braking
zone Ty, with respect to the original trajectory time is:

sz - [7—3277})2}7 Otraj (ng) = Po> Utraj(’rjl‘)z) - pfa (7)

where p, and p; represent the initial and final positions
within the braking position set Sp,. In order to implement
braking maneuvers within the braking zones, we dynamically
restrict the robot’s maximum velocities at each time step,
adjusting them according to the proximity of obstacles. This

adaptation is achieved through the imposition of collision
probability constraints on the trajectory within the braking
zones. The determination of the trajectory braking zone and
the formulation of detailed constraints will be elaborated
upon in Section III-B and Section III-C, respectively.

Time Optimization Formulation: With the introduction
of the time mapping function and the trajectory braking zone,
we can formulate the time optimization problem. Since we
aim at minimizing the total execution time (real time) of the
trajectory, the optimization objective can be written in terms
of the time mapping function using the chain rule:

Ty T .
Jiime(0) z/ 1dt :/ h(t;0) dr. (8)
0 0

Following the recommendations from [5], we add another
objective to improve the time mapping function smoothness:

T 2
Tamoon(6) = / (t: 0)dr. ©)
0

As a result, to achieve the above objectives and ensure
robust collision avoidance in the trajectory braking zones,
we formulate the chance-constrained time optimization for
the parameters 6 of time mapping function h(t;0) as:

mgin u7total(9) = \Zime(a) + A - Jsmooth (9) (10a)
st. Pr(p(t) € Cy) <A, V h(t;0) € [70*,757],  (10b)
Vinin S V(t) S Vmax; Amin S a(t) S Amax (IOC)
p(t) = 0" (1), V(1) = 6" (1), a(t) =&7(1)  (10d)

The symbol C; denotes the set of collision positions at
time ¢, and A is a parameter for adjusting the weight of
objectives. It’s worth noting that in Eqn. 10b, we require that
the trajectory positions within the braking zones must exhibit
collision probabilities below a specified threshold denoted
as A. Considering the implicit representation of the time
mapping function h(t; ), this optimization task becomes
highly non-convex. As a result, Sec. III-D will detail our
approximate methods for efficiently attaining the solution.

B. Trajectory Braking Zone Determination

This section introduces the algorithm (Alg. 1) for de-
termining the trajectory braking zones. As discussed in
Sec. III-A, these braking zones correspond to specific time
intervals requiring robot deceleration to ensure robust colli-
sion avoidance. Moreover, the braking points are defined as
the trajectory’s sample positions within the braking zones,
adhering to the relationships detailed in Eqn. 6.

Given an input collision-free trajectory, we first determine
the local region, Sjca € R3, a 3-dimensional bounding box
containing the entire trajectory. Utilizing an occupancy voxel
map to represent the environment, we iterate through each
voxel point o} and insert the occupied ones into a k-d tree T
(Lines 5-8). By constructing this k-d tree, we efficiently store
all occupied voxels for efficient nearest obstacle-checking
operations. Then, we traverse through each sample position
p; on the trajectory to find its nearest obstacle o; (i.e., the
occupied voxel). If the trajectory position p, and obstacle o;
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Algorithm 1: Braking Zone Determination

1T« ®; > Initialize an Empty K-D Tree
2 B+ 0; > braking points container
3 M <+ occupancy voxel map;

4 Oy, < input collision-free trajectory;

5 Siocal < findLocalRegion (o,);

6 for o} in Sjocy do

7 if M.hasCollision(o}) then

8

9

T.insert(o}) ; > Insert into K-D Tree
for p, in 0y, do
10 o, < T.nearestNeighbor(p,);
1 v; < getTrajectoryVelocity(p,);
12 if (0, —p;) - v; >0 and ||o; — p;||2 < dn then
13 B.append(p,);
wu 0T M TEY] «— convertToTimelntervals(B);
15 [Ty, ..., N Tp) < refine([OT72, ... .M Trav));
16 return T;,;

satisfy the conditions in Eqn. 6, the position p, is added into
the braking points container B (Lines 9-13). Subsequently,
we can find the corresponding time of braking points in
B and merge them to obtain the raw time intervals (Line
14). The final braking zones are refined from the raw time
intervals by merging and removing short intervals (Line 16).

C. Chance-Constrained Formulation

This section details our chance-constrained formulation for
the positions within the trajectory braking zone, as described
in Eqn. 10b. We begin by assuming that the robot trajectory
positions, p, and the obstacle positions o follow the Gaussian
distribution as p ~ N (p,%,) and o ~ N (0,%,). So, for ith
position p, in the braking zone, the collision condition C;
with the corresponding nearest obstacle o; can be written as:

Ci = {p; €R3|Hpi—oi”QC <1}, (11)

where we assume the safe region of the robot is enclosed
by an ellipsoid with semi-axis lengths of [a,b,c] and Q,
is dlag(a27 = 62) So, under the Gaussian distribution as-
sumption, the collision probability can be calculated by:

mmecn:/ p(p: — 0:) d(p; — o), (12)
[p; —oif, <1

which is the integral of the probability density function of
the new Gaussian variable p, — o0, over the collision region.
Since there is no analytical solution to Eqn. 12, we begin to
derive the linearized approximation form by performing the
coordinate transform of Eqn. 11 as the follows:

Ci = {p; € R?|||pl — o;]| < 1}, (13)

where p; = Qc% p, and the collision condition region is
transformed from an ellipsoid to a sphere by eliminating
Q.. Subsequently, we can perform the linearization for the
transformed collision condition (Eqn. 13) as:

O = {p; e R’al (p] —0;) <1}, (14)

where a; = ‘ pL —% __ With the linearized collision condi-

—0;
tion, we can approx1mate the collision probability using:

Pr(p, € CP"*) = Pr(a] (p} —0;) < 1), (15)
where the analytical solution can be further calculated as:
}erf( 1- a?(iz — 6i) 7
2 2al (S5, + Xo)a;

(16)
and Er QC E QC is the transformed covariance matrix.
As a result if we want to ensure the collision probability is
less than the predefined threshold A, we have to constrain the
covariance matrix X, . Based on the relation between motion
and uncertainty descrlbed in [29][30], a linear function is

adopted to describe the relation between the robot velocity
‘v and the standard deviation ’s along the ith axis:

=diag("s* ¥ s> 7 s%), (1)

1
+

Pr(al (b} —0,) < 1) = 5

s =miv+b, Y,

where the coefficients m and b can be found by experiments.
To obtain the velocity limit for each position that satisfies the
collision constraint (Eqn. 10b) in the trajectory braking zone,
we can solve the linear system that combines Eqn. 16 and
17 with the probability threshold A. After determining the
velocity limit for each position, the constraints described in
Eqn. 10b are transformed into linear velocity constraints.

D. Second-Order Cone Programming Formulation

To solve the optimization problem (Eqn. 10a) efficiently,
we reformulate the optimization into a second-order cone
programming (SOCP) problem. Inspired by methods [22][5],
we begin by introducing two functions, «(7) and S(7) for
representing the time mapping function h with the equations:

a(r) = h(t;0) = 7, B(r) = h(t;0)° = +2.

Moreover, since the integration in the objective (Eqn. 10a)
does not have an analytical form, we discretize the trajectory
by 7 in terms of the original trajectory time 7. The discrete

interval number N = % and the functions «, 8 become:
[BO»ﬂla"'aEN]a (19)

where we assume « is a piecewise-constant fucntion, and 3
is a piecewise-linear function which should satisfy:

(18)

a = [ag,a1,...,an—1], B =

hi = o, hy = \/E+2 Pt ,i€0,N].  (20)
Also, o and (3 need to satisfy the following relations:
PO Tl R 1)
oT

So, the objective function is written in terms of « and f3 as:
N

sjtota ’

Since the SOCP requires a linear objective function, two new
slack variables ¢ € RNV*! and v € RY are introduced:

Bi = 2-(6)- (5 )>CQ

i XNw)im (22

G < (23)
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where each ; and (; satisfy a rotated cone Q,.(3;, %,Q).
So, the new objective function will become the following:

N

2
Tt (v, ¢) = —— 4+ X ay) - OT 24
totat (@, €) ;(Q+C¢+1 ) 24)
We further simplify the objective with the variable ~:
2
= 2- () (G+Gr) > (2% (25)

TG+ G
where variable ~; and (; + (;+1 forms a rotated cone
Qr(vi, ¢ + Cit1,2). So, the final form of the objective
function becomes a linear expression in terms of o and ~:

N

»7tolal(a77) = Z('Yi + A Oéi) - OT.

=0

(26)

Next, we can derive the velocity constraints (Eqn. 10c):

||Jt/raj(T) : h(tﬂg)”% < Vr2nax = ||VZH§ ’ ﬂl < Vrznax' 27

With the same linear expression, the collision constraints
(Eqn. 10b) can also be expressed by the adaptive velocity
limits described in Sec. III-C at each sample position. Next,
the acceleration constraints can be expressed by:

—Amax < 0l (7) - 1(t;0) + 01 (7) - h2(£;0) < Amax (28)
(29)

= —Amax < V- + ;- B < A

Consequently, we derive both the collision and control con-
straints into linear forms. Together with the linear objective
function and two rotated cones, the optimization becomes a
second-order cone programming formulation. The « and
solutions can reconstruct the time mapping function h.

IV. RESULT AND DISCUSSION

To evaluate the proposed time allocation performance,
we conduct simulation experiments and physical flight tests
in different environments. The algorithm is implemented
in C++ and ROS with the SOCP solver Mosek. We use
the PX4 with Gazebo/ROS for the simulation environments
running on Intel i7-12700k@3.8GHz. The physical tests
are performed using our customized quadcopter with an
Intel RealSense D435i camera and an NVIDIA Orin NX
computer. The parameters m and b in Eqn. 17 are set to 0.2
and —0.1, respectively, based on the experiments, indicating
negligible uncertainty under 0.5m/s velocity. The threshold
collision probability A is set to 0.01% for each trajectory
position. We apply a B-spline-based trajectory planner [31]
to generate collision-free trajectories and adopt the visual-
inertial odometry (VIO) algorithm [32] for state estimation.

A. Simulation Experiments

We conduct simulation experiments with different settings
to evaluate the performance of the proposed time allocation
framework. The sample environments and trajectories with
different control limits are shown in Fig. 3. Notably, the left
trajectory is generated with a maximum velocity of 1.0m/s
and an acceleration of 3.0m/s? while the right one has a
maximum velocity of 3.0m/s and a maximum acceleration

Sample Trajectory 1
(a) Vmax=1.0m/s, ap., =3.0m/s?

Sample Trajectory 2
(b) Vimax=3.0m/s, @ =9.0m/s?

Fig. 3. Visualization of two sample trajectories with different control limits.
(a) Sample trajectory 1 is planned with a maximum velocity of 1.0m/s
and acceleration of 3.0m/s2. (b) Sample trajectory 2 is generated with a
maximum velocity of 3.0m/s and acceleration of 9.0m/s2.
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Fig. 4. Visualization of the time mapping function from two distinct test
samples with different control limits. The top figures depict the mapping
relationship between the system real time and the original trajectory time,
while the lower figures illustrate the time mapping function curve.

of 9.0m/s%. The resulting time mapping functions of left
and right trajectories are visualized in Fig. 4. The top figures
show the mapping relation between the system real and the
original trajectory time, and the bottom figures draw the
curves of the time mapping functions. From the top left
figure, one can see that sample trajectory 1 (with lower
control limits) has a shorter trajectory duration after the
time allocation, and the time mapping results in a faster-
progressing trajectory. This can also be observed in the
bottom left curve, as the time mapping function is always
higher than the original time curve (the reference curve).
However, the algorithm outputs the opposite results for
sample trajectory 2 (with higher control limits). The time
mapping relation shows a longer execution time and slower
trajectory progression, and the time mapping function is
lower than the reference curve. Since our objective is to
reduce the total time, the time progress of trajectory 1 is
optimized for a shorter execution time. However, because of
trajectory 2’s higher uncertainties due to its larger velocities,
the collision constraints in Eqn. 10b slow down the trajectory
in the braking zones, increasing the total time.

The comparison of the velocity and acceleration profiles
of sample trajectory 1 before and after optimization is
visualized in Fig. 5. Note that the shaded regions indicate the
trajectory braking zones. From the comparison between the
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Fig. 5. Visualization of the original and optimized velocity and acceleration
profiles, where the maximum velocity is set at 1.0m /s with an acceleration
of 3.0m/s?. Notably, the optimized profiles exhibit a reduced trajectory
duration. The shaded regions indicate the trajectory braking zones, where
the optimized velocity profile shows the robot’s deceleration behaviors.

origin and optimized profiles, we can see that the optimized
profiles reach larger but feasible velocities and accelerations,
reducing the total time. Besides, from the braking zone re-
gions, we can see that the optimized velocity profile exhibits
the deceleration maneuvers for safe collision avoidance.

To evaluate the effectiveness of safe collision avoidance
with the proposed framework, we conduct experiments in
environments with different obstacle densities and different
control limits. For each setting combination, we run 50
trajectories with and without our time allocation method
and record the collision rates. From the results in Table
I, we can see that the collision rate will increase with
higher obstacle densities and larger velocities without time
allocation. However, when the time allocation is applied, the
collision rates can be maintained at relatively lower levels.

TABLE I
COLLISION RATES EVALUATED FROM 50 SAMPLE TRAJECTORIES WITH
(LEFT) AND WITHOUT (RIGHT) THE PROPOSED TIME ALLOCATION.

Collision Rate w/ and w/o the Time Allocation in 20mx20m map
Obstacle Density | v=1.0m/s | v=2.0m/s | v=3.0m/s
Low (0.025/m?) 0% / 0% 0% / 0% 0% / 2%
Mid (0.043/m?) 0% / 2% 2% 1 8% 4% 1 10%
High (0.063/m?) 0% / 6% 2% / 12% 2% / 14%

The computation time of the proposed time allocation
framework is shown in Table II. We record the computation
time under different sample time J7 for local (7m) and long
(30m) trajectories. For the local trajectory, the computation
time is only around 10-30ms when §7 € [0.05,0.1]s, bring-
ing negligible latency for local collision avoidance. More-
over, even for the global long trajectory, the computation
time can stay below 1s for a sample time greater than 0.005s.

B. Physical Flight Tests

To verify the performance of the proposed algorithm in the
actual robotic system, we conduct the navigation experiments

TABLE I
MEASUREMENT OF TIME ALLOCATION COMPUTATION TIME.

Sample Time  Comp. Time (7m)  Comp. Time (30m)

o1 = 0.5s 0.006s 0.018s
ot =0.1s 0.017s 0.049s
ot = 0.05s 0.026s 0.085s
6T = 0.01s 0.093s 0.400s
6T = 0.005s 0.178s 0.840s
o7 = 0.001s 0.857s 5.440s

Side View Top View

Fig. 6. Visualization of the trajectory with the braking zone (red dots) in the
physical flight test shown in Fig. 1. The planned trajectory and the historic
trajectory are represented as the blue and black curves. The quadcopter
reduces its velocity within the braking zone for safe collision avoidance.

using a customized quadcopter with the velocity limits of
1.0m/s, 1.5m/s and 2.0m/s and the acceleration limits of
1.0m/s%, 1.5m/s%, 2.0m/s? in two different environment
settings. The example of one physical flight test (with the
limits set t0 Vyyqz = 2.0m /s and amae = 2.0m/s?) is shown
in Fig. 1. The visualization of the trajectory with the braking
zone is presented in Fig. 6. We use the voxel map mentioned
in [33] to represent the environment, and the map is inflated
by the robot size. In Fig. 6, one can see that some parts of
the planned trajectory (represented as the blue curve) can
be close to obstacles for collision avoidance. Our proposed
braking zone determination algorithm can find these risky
parts of the trajectory as the trajectory braking zone (shown
as the red dots), and our optimal time allocation allows the
robot to decrease the velocity for safe collision avoidance.

V. CONCLUSION AND FUTURE WORK

This paper proposes the Robust Optimal Time Allocation
(ROTA) framework to minimize the trajectory time and
improve the collision avoidance robustness. Our approach
formulates an optimization problem aimed at determining a
time mapping function that minimizes time while imposing
constraints on collision probability. Notably, we introduce
a chance-constrained collision formulation within the tra-
jectory braking zone, enabling the transformation of prob-
ability constraints into linear representations. Furthermore,
our reformulation of the original non-convex problem into
a second-order cone programming (SOCP) problem ensures
real-time performance. The simulation results prove the ef-
fectiveness of our proposed method in significantly reducing
trajectory execution time while concurrently decreasing the
likelihood of collisions. Furthermore, physical flight experi-
ments demonstrate the framework’s capability to enable safe
navigation for quadcopters in complex environments.
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