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This paper presents the development of a real-time path-planning optimization approach to controlling the motion
of space-based robots. The algorithm is capable of planning three dimensional trajectories for a robot to navigate
within complex surroundings that include numerous static and dynamic obstacles, path constraints and performance limitations. The methodology employs a unique transformation that enables rapid generation of feasible
solutions for complex geometries, making it suitable for application to real-time operations and dynamic environments. This strategy was implemented on the Synchronized Position Hold Engage Reorient Experimental
Satellite (SPHERES) test-bed on the International Space Station (ISS), and experimental testing was conducted
onboard the ISS during Expedition 17 by the ﬁrst author. Lessons learned from the on-orbit tests were used to
further reﬁne the algorithm for future implementations.

1. Introduction
Real-time guidance and navigation for autonomous vehicles of all
kinds is a challenging technical problem, but one that holds great
promise for enabling major leaps in future capability. The next generation of autonomous robotic systems, such as self-guided aircraft and
space-based robots will need to have the capability to analyze and
interpret their own environment in order to design and conduct their
mission [1]. Computing power and sensor technologies have advanced to
the stage that it has become possible for an autonomous machine to
gather data and construct an internal model of its surroundings fast
enough to use that information for real-time decision making. Given a
continuously evolving internal model, it is necessary to plan and replan
an optimal approach for conducting a given maneuver, especially where
dynamic obstacles are involved. To accomplish this, near real-time trajectory optimization techniques with not only terminal constraints, such
as position and velocity, but interior-point constraints, representing static
and/or dynamic obstacles, physical boundaries and performance

restrictions, have been studied extensively (for instance [2–11]).
Interior-point constraints, which can be mathematically represented in
forms such as equality constraints, second order inequality constraints
and logical constraints, are particularly important for many spacecraft
proximity operations, where the reaction time available to cope with
unknown or off-nominal situations is greatly reduced. However,
interior-point constraints represent complex, nonlinear, non-convex
optimization problems, which are challenging to solve in a
time-efﬁcient way [3–5,12,13].
To address this problem, this paper presents a novel trajectory optimization approach, referred to as the Admissible Subspace TRajectory
Optimizer (ASTRO) algorithm, which overcomes these challenges by
transforming the problem into a higher dimension parameter space that
is well suited for real-time generation of feasible, near-optimal trajectories. The ASTRO algorithm is capable of planning three dimensional
trajectories for space-based robots to navigate in close proximity to
complex surroundings that include numerous static and dynamic obstacles, path constraints and performance restrictions.
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Non-Linear Program (MINLP). Richard et al. [20] for example uses MILP
to solve for a minimum-fuel path for microsatellites inspecting the
outside of the ISS. Multiple vehicles can be included in the optimization,
modeled as obstacles to each other. As more obstacles and more vehicles
are introduced, the problem becomes increasingly complex, and
computationally expensive to solve. While branch and bound algorithms
[4,20] can be used to reduce the number of solutions that need to be
calculated, the complexity of the optimization problem still makes it
difﬁcult to solve in real-time.
Blackmore [3], also uses branch and bound techniques but in a
disjunctive convex program, where the overall non-convex problem is
split into convex sub-problems. These sub-problems gradually build up to
the complete constraint set, through branch and bound algorithms. Other
techniques have been applied to similarly break up and simplify the
problem, and then gradually build up the complexity, such as Lu and Liu
[7] with Second-Order Cone Programming (SOCP). The work of Eren
[25] is an example where the problem is modiﬁed with several different
strategies to overcome each of the sources of non-convexity. Another
example by Kobilarov [5] uses a technique called homotopy, where the
initial solution is obstacle free, and then the problem is iteratively
deformed to the ﬁnal orientation by growing the size of obstacle constraints. These aforementioned simpliﬁcation techniques, while effective,
have only been demonstrated with static obstacles and a single vehicle.
Other branching techniques, such as genetic algorithms [26,27] and
Rapidly expanding Random Trees (RRTs) [28] have been used to solve
path planning problems with obstacles. Luo et al. [26] for example use
spheres of safety and cones around lines of approach as constraints.
Different branches, or generations of solutions are culled if they violate
the obstacles. Generally these techniques have been demonstrated for
static obstacles only, and plan the path of a single vehicle [26,28].
Extension of RRT methods such as RRT* [10] and MRRT-S [9,29] show
impressive results for robotic arms in three dimensions with obstacle
constraints [9,29,30], yet generally have longer computation times than
what is practical for real time operation of a mobile robot in a dynamic
environment.
Potential ﬁelds, as employed by Munoz and Fitz-Coy [31] have been
used in a variety of forms to plan trajectories around obstacles [1,6,12,
32–35]. The goal location is given an attractive potential and obstacles
present repulsive potentials. Most of the techniques are limited to two
dimensional problems with a static obstacle ﬁeld. Xue [6] includes dynamic obstacles and planning for multiple vehicles, where an avoidance
strategy is implemented on top of a potential ﬁeld once an obstacle is
within close proximity. Gyroscopic forcing in a potential ﬁeld has been
shown by Chang [35] to be effective to maintain separation between
pairs of vehicles in a swarm of many vehicles. Both of these approaches
generate trajectories for all vehicles together in the one optimization
routine. This makes the problem quite large, and hence difﬁcult to
solve quickly.
A different approach to overcoming the non-convexities of path
planning around obstacles is to use a collocation approach, and include
consideration of collision avoidance in the cost function for the resulting
parameter optimization problem. It is in this category that the approach
employed by ASTRO can be viewed. ASTRO uses Legendre polynomials
to represent the trajectory which enables a transformation of a complex
cost function into a simple, convex form and to enable rapid computation
of the trajectory integrals and derivatives. Obstacle constraints are
considered with penalty functions in the parameter optimization of the
transformed problem. Such an approach can plan three dimensional
trajectories with static and dynamic constraints in a manner that has
potential for real-time operation.
Since the early development of ASTRO in 1994 [36], there has been
an emerging ﬁeld of pseudospectral trajectory optimization which employs similar techniques to ASTRO by representing the trajectory with
Legendre polynomials and their derivatives [37]. This class of methods
was ﬁrst described by Elnagar in 1995 [38] and was expanded by Ross
and Fahroo [39]. It has since been shown to be effective for a range of

The core components of ASTRO were tested on the International
Space Station (ISS) with the Synchronized Position, Hold, Engage, and
Reorient Experimental Satellites (SPHERES) research facility, which
consists of three autonomous robotic spacecraft maneuvering in a 6-degrees-of-freedom microgravity environment. To do so, a custom interface
was designed to enable the ISS crew to use MATLAB directly on a SpaceStation Support Computer to program and execute the algorithm, performing real-time commanding and telemetry communications with the
SPHERES robots. ISS operational rules typically do not allow the crew to
change the software of any system on the ISS directly. As such, the
development of ASTRO aboard the ISS was itself a space ﬁrst: the ﬁrst
time that an astronaut onboard the ISS was a Principle Investigator for
the research being conducted, and the ﬁrst ever use of MATLAB aboard
the ISS. A series of test cases were conducted to demonstrate the ability of
ASTRO to incorporate increasingly complex constraints while producing
admissible (feasible) trajectories for a SPHERES robot to follow. Initially,
all constraints were simulated virtually, but the robot actually ﬂew
physically inside the habitable volume of the US Laboratory on the ISS.
Simpliﬁed validation tests were ﬁrst performed with simulated static
obstacles, after which a second SPHERES robot was used to present a real,
dynamic obstacle. The second robot was programmed to get in the way of
the ﬁrst one, which was using the ASTRO algorithm for real-time path
planning. Speciﬁcs on the implementation and the experimental results
are presented in this paper.
The core contributions of this paper are: the formulation of ASTRO,
the on-orbit implementation, testing and lessons learned.
The remainder of this paper is organized as follows. Section 2 provides an overview of existing approaches for solving complex, nonlinear
trajectory optimization problems. Section 3 elaborates the main contributions of this work, and Sec. 4 details the theoretical development.
Preliminary simulation results in Sec. 5 demonstrate the effectiveness of
the proposed approach for a complex path planning problem. In Sec. 6,
the on-orbit implementation and experimental results from the ISS are
presented and discussed. Sec. 7 describes improvements to the approach
driven by the results of the on-orbit tests, before conclusions in Sec. 8.
2. Background
There are a range of existing approaches for trajectory optimization
that can be categorized into a number of areas. These include the indirect
methods, which use calculus of variations techniques to indirectly solve
the problem with Lagrange multipliers and Hamiltonians, and direct
methods, which use approximation techniques to solve the complete
optimization. Common direct methods include shooting and multiple
shooting, collocation and the more recent evolutionary algorithms.
Collocation methods are a widely used, and have a number of readily
available tools (such as GPOPS on MATLAB [14], and SOCS from Boeing
[15]). These methods represent the trajectory with a set of basis polynomials that are forced to match discrete points along the continuous
trajectory. Evolutionary algorithms, such as genetic algorithms use
”survival-of-the-ﬁttest” concepts to generate the solutions, and are
becoming more and more popular [16]. Refer to references [16–19] for a
review of the different optimization methods and associated advantages
and disadvantages. Across the variety of trajectory optimization
methods, there are a range of techniques to deal with the challenge of
interior point constraints and solving, in near real-time, the associated
nonlinear, non-convex optimization problem.
Obstacle constraints are one type of interior point constraint that is
very important in trajectory optimization for proximity operations. In
particular, dynamic obstacle constraints are important for autonomous
collision avoidance and coordinating the paths of multiple vehicles. One
common approach to address the dynamic constraint problem is to
represent obstacles as convex polygons, and use binary variables to turn
inequality constraints for each side on and off to have only the closest
sides to the path active [4,8,20–24]. The binary variables become part of
the overall path optimization performed as a MILP, or a Mixed Integer
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performing a low-order spline to meet the boundary conditions of a
relaxed problem (i.e. without constraints). A gradient descent optimization approach can then be used to search for an optimal trajectory. A
special feature of the ASTRO algorithm is its ability to perform the
parameter optimization by projecting numerical gradient information
onto the sub-space of parametric variations that enforce the boundary
conditions. As such, each iteration meets the boundary conditions
perfectly, and subsequent iterations move closer to a solution that satisﬁes the other constraints as well. Relative weights in the cost function
are used to assure that constraint violation gradients dominate the
parameter search while any constraints remain active. These properties
of the algorithm enable rapid convergence to an admissible solution, and
then to an optimal or sub-optimal (local minima) solution.

complex problems [16,18,19]. The pseudospectral approach has been
demonstrated for operation in three dimensions with obstacle constraints
[11,40,41], and with potential for real-time operation [11], yet without
considering dynamic obstacles. Hurni et al. [2] did demonstrate real time
operation with dynamic obstacles, but for a two dimensional problem.
The results demonstrated by these authors came after the investigations
described in this paper. In retrospect, ASTRO could now be viewed as
being in the class of pseudospectral trajectory optimization, but as a
method particularly focused on solving the combined problem of
real-time, three dimensional trajectory optimization with consideration
of dynamic obstacles.
3. Primary contributions
The techniques described above cover a range of methods to manage
obstacle constraints in trajectory optimization problems. There are no
standout techniques that achieve all three goals of:

4.1. Problem statement
The general guidance problem addressed by the ASTRO algorithm is
that of generating an optimal ﬂight path for an autonomous space-based
robot through its environment in order to accomplish some task. It must
start with the robot's current position and velocity and end up at some
ﬁnal desired state. Along the way it must avoid geometric constraints
(physical objects), remain within restricted volumes and maneuver
within the performance limitations of its actuators (thrusters etc.). This
problem is illustrated in Fig. 1.
The deﬁnition of optimality in this case is taken to be a combination
of: minimizing the path length between the initial position at the initial
time xðt0 Þ and the ﬁnal position at the ﬁnal time xðtf Þ, and minimizing
the variations in velocity along the path. This deﬁnition of optimality
gives the shortest path that has sufﬁciently smooth changes in velocity
(reducing the accelerations that need to be applied by the actuators and
hence reducing the cost of actuation). The deﬁnition of optimality is
chosen to facilitate the transformations detailed in this paper. The initial
_ 0 Þ and xðt
_ f Þ. The boundary
and ﬁnal velocity vectors are speciﬁed as xðt
conditions can be expressed as follows

1. Planning three dimensional trajectories;
2. Considering dynamic obstacles; and
3. Computing in a manner that has potential for real-time operation.
Several techniques can address two of the three goals, but require
further developments to achieve the third. To achieve all three goals is
the aim of the development of ASTRO.
In this context, the primary contribution of this work is the development and then on-orbit testing of ASTRO. In the development of
ASTRO, there are two core innovative components. (1) The formulation
of the problem to use Legendre polynomials to transform a complex, nonlinear cost function into a simpler form that can be quickly computed. (2)
The use of a subspace projection technique to ensure boundary conditions are always met throughout an iterative optimization, enabling rapid
generation of collision free trajectories – an important strength of
the technique.
For the on-orbit testing of ASTRO, the key contributions are (1) the
development of the architecture to implement and test the algorithm on
the SPHERES free ﬂying robotic test facility onboard the ISS, (2) the
validation of core capabilities of the algorithm and (3) the lessons learned
from the experiments. The ﬁnal contributions of this paper are the reﬁnements to the ASTRO algorithm addressing the lessons learned from
the ISS tests to improve computation time and the handling of dynamic obstacles.

_  0 ÞÞ
fBC1 ¼ ðxðt
  0 Þ;
 xðt
¼ 0
fBC2 ¼ x tf ; x_ tf ¼ 0

(1)

The cost function to be minimized is the integral of the velocity
squared over time, which can be viewed as minimizing the integral of the
velocity magnitude (path length) with additional penalties on large
variance in the velocity. The cost function is expressed by
2
t 
2
_ 2 þ zðtÞ
_ 2 þ yðtÞ
S ¼ ∫ tf0 xðtÞ
_
dt

4. ASTRO algorithm

(2)

and the functions xðtÞ, yðtÞ and zðtÞ, (i.e. the path speciﬁed by the vector
xðtÞ) are to be determined by the algorithm. This is complicated by the
environmental obstacles, and these can be described by functions of the
same variables. As a simple example, the deﬁnition of a wall could be
x < 5, meaning that if x ¼ 5 the robot has hit the wall. If the trajectory
xðtÞ includes portions for which x  5, then that amounts to a constraint
violation. An admissible solution is one that meets the initial and ﬁnal
boundary conditions at xðt0 Þ and xðtf Þ and does not violate any of the
geometric constraints along the trajectory. In addition there are performance constraints on the ability of the robot to maneuver, and these can
be expressed as functions of the higher derivatives of the trajectory. For
another simple example, limiting the required acceleration along one

The ASTRO algorithm effectively solves a guidance problem, while an
inner-loop controller handles the task of trajectory tracking. To ensure
that the trajectory can be followed, the maneuvering capabilities of the
vehicle are incorporated as acceleration and velocity constraints within
the optimization. In other words, the solution is not allowed to ask for
maneuvers that the vehicle cannot achieve given its mass properties and
the limitations of its actuators (e.g. thrusters). The optimization strategy
is based on a two-stage approach. The ﬁrst stage is designed to identify
admissible trajectories as quickly as possible. These trajectories meet the
initial and ﬁnal boundary conditions while avoiding all spatial (obstacles
or boundaries) and performance constraints. The second stage uses any
remaining computation time to reﬁne the solution towards an optimal
trajectory.4
The optimization itself is accomplished by using an augmented cost
function that penalizes a combination of path length and active
constraint violations. The ﬂight path velocity is parameterized using
Legendre polynomials. Initial parameter estimates are obtained by

€

axis could be described by x ðtÞ < 100, meaning that an achievable acceleration due to thruster magnitude and mass properties is less than 100
units. As with the geometric constraints, an admissible solution for the
trajectory and its higher derivatives must not violate these performance
constraints. In general, the geometric and performance constraints can be
described by

_
fci ðxðtÞ; xðtÞ;
x€ðtÞÞ  0;

4

The solution trajectory might be sub-optimal, being caught in a local minima, due to
the inherently non-convex nature of planning trajectories with obstacles.
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Fig. 1. The ASTRO algorithm optimizes the path from xðt0 Þ to xðtf Þ.

where n is the number of constraint functions. Note that the ASTRO algorithm is designed to ﬁnd an admissible trajectory – a solution that
satisﬁes Eqs. (1) and (3), very quickly, and then spends any remaining
computation time to optimize further by minimizing Eq. (2). This twostage search is achieved by constructing an augmented cost function of
the form

that represent the velocity trajectory x_ i ðtÞ. Time is normalized such that
t 0 2 ½1; 1. The trajectory xi ðtÞ is represented by a sum of the indeﬁnite
integrals of the Legendre polynomials, where the constant of integration
is set so that each polynomial is equal to zero at t ¼ ±1. The position
trajectory is then expressed as:

n
 2 X
J ¼ fs S þ
Kj max fc2j
t2½t0 ;tf 
j¼1

xi ðt 0 Þ ¼
(4)

Kj ¼

2

0; if fcj  0
Wj ; if fcj > 0

S ¼

In general, Eq. (4) represents a difﬁcult and nonlinear optimization
problem. The ASTRO algorithm transforms this into a simpler problem by
parameterizing the velocity by Legendre polynomials and normalizing
the time interval such that certain orthogonality properties of Legendre
polynomials can be used to its advantage. The parameterization is
expressed as follows

J¼

1

2

o
(9)

k¼0

nþ1
X
2

fj ðCÞ

(10)

j¼1

Cik Pk ðt 0 Þ

2

3
C11 ⋯ C1n
where the rows of C ¼ 4 ⋮ ⋱ ⋮ 5 correspond to coefﬁcients of the
C31 ⋯ C3n
Legendre polynomials that parameterize the curves for xi ðtÞ, and the fj
represent the maximum violation along a given trajectory for each
constraint function. The n þ 1 term represents the path length cost

(6)

k¼0

where

t0 ¼ 2

Cik2 ∫ 1 ½Pk ðt 0 Þ dt 0

In Eq. (9), Pk are the standard Legendre polynomials and therefore the
integral can be evaluated off-line. The result is that the cost function is
reduced to a sum of parameters weighted by ﬁxed values. Due to the
orthogonality of Legendre polynomials, all of the cross terms are zero,
and this reduces the computation by a factor of N, which is the minimum
order of the polynomials required to ﬁnd a solution [36]. This simpliﬁcation of the cost function is a key component of the algorithm that enables rapid computation.
Since the ﬂight path, velocity along that path, and all geometric and
performance constraints can be expressed as functions of xðtÞ and higher
derivatives, referring to Eqs. (6) and (9), the full cost function in Eq. (4)
can be written as

4.2. Legendre polynomial parameterization

N
X

3 X
N n
X
i¼1

(5)

These values only need to be chosen to assure that the constraint
violations dominate the cost function when the constraints are active.
Once a solution is found that drives the second term in Eq. (4) to zero,
then the resulting trajectory is admissible.

x_i ðt 0 Þ ¼

(8)

Over the normalized time interval, and taking advantage of the
orthogonality of Legendre polynomials, the cost function in Eq. (4) can be
reduced to the following

2

where fs ðS Þ is the path length cost function from Eq. (2). The coefﬁcients
Kj represent the relative weights Wj for each constraint function, and are
given by



N
tf  t0 X
Cik ∫ Pk ðt 0 Þdt 0
2
k¼0

t  t0
1
tf  t0

(7)

2

term fnþ1 ðCÞ ¼ fs ðS Þ.

The Cik terms are coefﬁcients of the Legendre polynomials of order k
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4.3. Formulation as a convex search space

½Cik new ¼ ½Cik old þ δCik

The advantage of transforming the cost function from Eq. (4) into Eq.
(10) is that it can be shown that the optimization of path length can now
be performed on a convex space using a simple gradient-descent procedure. In the case where obstacle constraints are included, the convexity
of the complete problem can not be maintained, yet the formulation aids
in the optimization of the solution once the constraints are satisﬁed. In
Eq. (10), J is a convex (positive-deﬁnite) function of fj ðCÞ, but it is not, in
general, convex with respect to the parameters Cik or to the parameter


errors ðCik  Cik
Þ, where Cik
are the optimal values of the coefﬁcients for
the optimal trajectory.
If the cost function could be restricted, however, such that J is positive

deﬁnite with respect to ðCik  Cik
Þ, then a gradient ð∂J=∂Cik Þ based search
algorithm could be made to converge to the optimal solution. This can be
seen as follows.
First, recall the deﬁnition of a positive-deﬁnite function: VðxÞ is
positive deﬁnite if Vð0Þ ¼ 0; VðxÞ > 0 for x≠0, and VðxÞ > gðjxjÞ where
gð⋅Þ is a non-decreasing function.


Second, deﬁne ΔCik ¼ Cik  Cik
, and note that ð∂J=∂Cik Þ ¼ ð∂J=ΔCik
Þ

since ð∂J=∂Cik
Þ ¼ 0. Now assume that JðΔCik Þ is a positive-deﬁnite
function of ΔCik , and the problem is to search over the space deﬁned

by Cik for the optimal parameters Cik
. Since J ¼ 0 only for ΔCik ¼ 0, and
J > 0 for all other values of ΔCik , there is a unique minimum for J.
Likewise, ∂J=ð∂jΔCik jÞ  0 by the deﬁnition above, and therefore
∂J=∂ΔCik ¼ 0 only at ΔCik ¼ 0, or at other local inﬂection points in the
parameter space. Local minima, however, would require that

∂J=ð∂jΔCik jÞ < 0 over some interval between that point and Cik
, which
violates the deﬁnition of positive deﬁnite. Therefore, if JðΔCik Þ is
positive-deﬁnite, ΔCik ¼ 0 is the only extremal point, and any other point
has a negative gradient ∂J=ð∂Cik Þ pointing in the direction of the global
minimum (except when ∂J=ð∂Cik Þ ¼ 0, which can be handled by a
minimum step-size).
To make the cost function Eq. (10) positive deﬁnite in the parameter

errors ðCik  Cik
Þ, consider the revised function

where

J' ¼ J  J  ¼

nþ1
nþ1
X
2 X
2


fj ðCÞ 
fj ðC Þ
j¼1

δCik ¼ α

Now, since J' and J only differ by a constant, a procedure which
minimizes J' also minimizes J. Thus, provided the conditions on fj ðCik Þ
are met, the optimization of JðCik Þ can be accomplished by the
same method.
The restrictions on the form of fj ðCik Þ, which apply to the path length

∂2 f j
þ fj ðCik Þ 2  0
∂Cik

€

2

_
penalty fnþ1 ðCÞ ¼ fs ðS Þ and to any constraint functions fcj ðxðtÞ; xðtÞ;
x ðtÞÞ
can be easily satisﬁed for the path length cost function, performance
constraints and physical boundary constraints, but not for obstacle constraints. In particular, the path length in Eq. (9), can be simpliﬁed as
follows. Deﬁne the path length function fs as
3 X
N
 2 X
fs S ¼
Ik Cik2
i¼1

(16)

k¼0

where

Ik ¼ ∫ 1 ½Pk ðt 0 Þ dt 0
1

2

(17)

and now apply the condition deﬁned in Eq. (13). The result is

4

3 X
N
X
i¼1

!2
þ

Ik Cik

3 X
N
X
i¼1

k¼0

!
Ik

k¼0

3 X
N
X
i¼1

!
Ik Cik2

0

(18)

k¼0

which is clearly satisﬁed since all summation terms on the left are positive. For the constraint functions, most physical or performance
related constraints that would be of interest can be expressed generally by

(11)

gðXÞ  g0

(19)

or


fc ðXÞ ¼

½gðXÞ  g0 2 ; if gðXÞ > g0
0; if gðXÞ  g0

(20)

€

where xp , x_ p , and x p are constants and where XðtÞ is given by

3
xðtÞ  xp
_  x_ p 5
XðtÞ ¼ 4 xðtÞ
x€ðtÞ  x€p
2

(12)

(21)

For instance, a spherical obstacle constraint located at xp with radius
rsphere is represented by:

equivalently:
2

(15)


4. The pseudo-gradient search algorithm above will converge to Cik
.

J  is the cost for the optimal solution. Note that J' is not a realizable cost
function, since J  is unknown, but it simply differs from the original cost
by a constant scalar. Now consider the positive-deﬁnite criteria for J 0


with respect to ðCik  Cik
Þ. Since J 0 ¼ 0 when Cik ¼ Cik
, and J 0 > 0 when

0

Cik ≠Cik , we have that J is positive deﬁnite in ðCik  Cik
Þ if
0
∂J'=∂jΔCik j  0. This condition is equivalent to saying that ∂J =∂Cik must
be non-decreasing (i.e. monotonic). Therefore, in terms of Eq. (11), J 0 is

positive deﬁnite with respect to ðCik  Cik
Þ if the following condition
is satisﬁed:

nþ1
X
∂2 J 0
∂fj
¼2
∂Cik2
∂Cik
j¼1

∂J 0
þ βik
∂Cik

with α > 0 and βik ≠0; and

j¼1

nþ1
X
∂J 0
∂fj
¼2
fj ðCik Þ
ismonotonic
∂Cik
∂Cik
j¼1

(14)

gðXÞ  g0 ¼ 



xðtÞ  xp



þ rsphere

(22)

(13)
and a limit on acceleration of alim is represented by:





Assuming these conditions on fj ðCik Þ given by Eq. (13) are satisﬁed,
then the following are true:

gðXÞ  g0 ¼

1. J 0 is a positive-deﬁnite function with respect to the parameter errors

ðCik  Cik
Þ;

2. The point Cik ¼ Cik
is a unique minimum for J 0 ;

, J 0 can be reduced by a discrete step in Cik , that is
3. For any Cik ≠Cik

To maintain the convexity of the cost function, the constraint functions gðXÞ need to be convex (∂2 g=∂X2  0) [42]. While the acceleration
constraints are convex, the obstacle constraints are not. Hence for a
complete problem with obstacle constraints the cost function is not
convex, and the algorithm is susceptible to being caught in local minima.
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and the parameter adjustments are now limited to the 3N  12 degrees of
freedom remaining. δC is the gradient step from any generalized solver,
with the step size α and a non-zero constant β. δC⊥ amounts to a projection of the negative gradient of J onto the sub-space of parametric
variations that enforce the boundary conditions. This concept is a key
feature of the ASTRO algorithm and is illustrated in Fig. 2.
By parameterizing the trajectory with Legendre polynomials, starting
the optimization with an initial guess that meets the boundary conditions, and enforcing those conditions by a projected gradient, the ASTRO
algorithm is capable of quickly ﬁnding sub-optimal solutions that meet
all constraints. By searching a limited subspace with reduced degrees of
freedom, it can then converge on optimal or sub-optimal (local minima)
solutions very quickly as well.

Yet the strength of the formulation is in facilitating rapid generation of
feasible solutions that avoid the obstacles, after which the convexity of
the path length cost can be used to quickly move to the nearest
sub-optimal solution (local minima).

4.4. Boundary conditions and projected gradient search
With the cost function deﬁned by Eq. (10) a gradient descent optimization method can be employed to follow the negative gradient of J
with respect to the parameters Cik (∂J=∂Cik ) to direct towards a feasible,
and then optimal trajectory. To generate admissible sub-optimal solutions as quickly as possible, a gradient projection is used to assure that
the boundary conditions at t0 and tf are always met. In fact, these equality
constraints are very useful in providing an initial guess for the trajectory
parameters, and, more importantly, they can be used to reduce the degrees of freedom in the search space.
P
From the trajectory parameterization xi ðt 0 Þ ¼ Nk¼0 Cik ∫ Pk ðt 0 Þdt and
P
velocity parameterization x_ i ðt 0 Þ ¼ Nk¼0 Cik Pk ðt 0 Þ, the boundary conditions can be written as follows

XBC ¼ PBC C

5. Preliminary simulation results
To demonstrate the capabilities of the ASTRO path-planning algorithm a simple scenario is shown that involves planning a trajectory
through a ﬁeld of stationary geometrical obstacles between initial and
ﬁnal boundary conditions deﬁned by:

xðt0 Þ ¼ ½ 0 0:5 0 m
_  0 Þ ¼ ½ 0 0 0 m=s
xðt
x tf  ¼ ½ 0 0:5 0 m
x_ tf ¼ ½ 0 0 0 m=s

(24)

or

2

xðt0 Þ
6 xðt
6 _ 0 Þ
4 x tf
 
x_ tf

yðt0 Þ
_ 0 Þ
yðt
ytf 
y_ tf

3 2
zðt0 Þ
∫ P1 ð1Þdt ∫ P2 ð1Þdt
6
zðt
_ 0 Þ 7
P2 ð1Þ
7 ¼ 6 P1 ð1Þ
ztf  5 4 ∫ P1 ð1Þdt
∫ P2 ð1Þdt
z_ tf
P2 ð1Þ
P1 ð1Þ

3
⋯ ∫ PN ð1Þdt
⋯ PN ð1Þ 7
7C
⋯ ∫ PN ð1Þdt 5
⋯
PN ð1Þ
(25)

The trajectory is set to be completed in 100 s, i.e., tf ¼ 100 s. Four
external cylindrical constraints with radius of 0.05 m, joined at 90 and
centered at the origin, form a 0.26 m  0.26 m  0.1 m enclosed cuboid
obstacle with a small opening in the middle that the initial guess trajectory can pass through. Two spherical constraints with radius of 0.1 m
centered at 0.2 m and 0.2 m along the y-axis provide additional obstacles that must be avoided to ﬁnd an admissible solution. Each of these
bodies are obstacle constraints and hence are constraints of the type that
do not satisfy the requirements for a convex search space. The selection of
obstacles gives a complex, non-convex problem to solve.
As shown in Fig. 3, the initial guess is a straight line between two
points and passes through both spherical constraints as well as the
enclosed (but admissible) region between the four cylinders. In the dimensions of the problem, the trajectory appears to be trapped. Any
perturbations to the trajectory would apparently pass through the walls
of the cylinders. Yet with the weighting on the obstacle constraints
making them dominate the cost function, the early update steps produce
trajectories that jump outside the obstacles to a feasible solution, which is
then optimized to produce one of the many equivalent sub-optimal, local
minima solutions.

In this equation XBC is the matrix of boundary conditions, PBC is a
directly computable function of the Legendre polynomials, and C represents the matrix of coefﬁcients to be optimized for the trajectory. There
are 12 equations and 3N unknowns (i.e., the elements of C). If the
polynomials are limited to 4th order, then the coefﬁcients of C are
uniquely determined. This represents (exactly) the cubic-spline curve
between the initial and ﬁnal positions and velocities, which is an ideal
initial guess for the trajectory. So Cstart ¼ P1
BC XBC for N ¼ 4.
From this initial guess it is possible to assure that all future optimization steps maintain the boundary conditions by projecting the gradient
in such a way that it does not span the space of the 12 degrees of freedom
already determined by the boundary conditions. For N > 4, there are
ð3N  12Þ additional degrees of freedom over which to search in order to
avoid constraints and minimize the cost function. This is accomplished by
partitioning the C matrix as CN3 ¼ C⊥N3 þ Cjj , such that
N3

XBC ¼ PBC CN3



¼ PBC C⊥N3 þ CjjN3

6. ISS on-orbit experimental results

(26)

The ASTRO algorithm has been experimentally tested on the

where

PBC C⊥N3 ¼ 0

(27)

In other words, the columns of Cjj are in the row-space of PBC , and the
columns of C⊥ are in the null-space of PBC . Any variation of C⊥
that maintains PBC C⊥N3 ¼ 0 will assure that the boundary conditions are
not disturbed. Given an arbitrary gradient step in the matrix C, given by
δC ¼ δCjj þ δC⊥ , the desired component of that step is δC⊥ , since it won't
change
the
boundary
conditions.
Using
the
fact
that
PBC δC ¼ PBC δC⊥ þ PBC δCjj ¼ PBC δCjj , the projected gradient step is

i
h

1
δC⊥ ¼ I  PTBC PBC PTBC PBC δC

(28)

where

δC ¼ α½∂J=∂C þ β

(29)

Fig. 2. Gradient projection algorithm - reduces search space and assures boundary
conditions.
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Fig. 3. Successive steps of the path-planning algorithm from initial guess to ﬁnal solution.

uncertainties [46] to name a few. Future versions of space-based robots
like these will one day perform independent work inside and outside
space vehicles, enable complex formation ﬂight missions, and may
perform routine, hazardous or difﬁcult tasks that are not feasible or
efﬁcient for humans to perform. The SPHERES platform is ideal for
investigating the technical approach for many future robotic applications
in a 6 DOF microgravity environment.

SPHERES (Synchronized Position Hold, Engage, Reorient Experimental
Satellites) [43] research facility aboard the International Space Station.
SPHERES is an experimental test-bed that has been used to test a wide
range of algorithms for applications such as formation-ﬂying of satellites
[44,45], attitude control and ﬂight path control in the presence of

6.1. Experimental setup
The SPHERES facility operates three robotic spacecraft aboard the
International Space Station. Each robot resembles a complete satellite
bus with cold-gas propulsion, power, communications, processing, and
metrology capabilities. The propulsion systems utilize compressed CO2
gas with on/off thrusters. The metrology system is based on a 6DOF IMU
and a pseudo-GPS system which uses ultrasound time of ﬂight measurements. An Extended Kalman Filter (EKF) combines the inertial body
measurements and the global ultrasound measurements to obtain a full
6DOF estimate of the robots within their operating volume inside the ISS
[47,48]. The communication system uses a single TDMA (Timing Division Multiple Access) based RF channel to communicate its state to
neighboring robots; the timing of the TDMA is controlled by the user
interface (GUI) which operates on an ISS laptop. Fig. 4 shows a picture of
three SPHERES robots aboard the ISS. The dynamics of each robot are
well approximated by a double integrator model [49].
ASTRO research used the SPHERES Engineering GUI (instead of the

Fig. 4. Picture of three SPHERES performing a test onboard the ISS. (Photograph credit:
NASA-SPHERES).
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Fig. 5. SPHERES ASTRO implementation system overview.

GUI regularly used aboard ISS5). The Engineering GUI provides real-time
state and debug information to scientists. For this test session the scientist
was aboard the ISS. The SPHERES Engineering GUI provides real-time
information about: (1) 13-element state vector (position, velocity,
quaternion, and angular velocity), (2) three types of debug vectors (all
numerical), (3) detailed SPHERES status information, and (4) the ability
to see raw communication packets.
The state and debug information were essential to enable successful
research aboard the ISS. Yet, they were not sufﬁcient for these tests, since
it is not possible to interpret the ASTRO paths when presented solely
through numerical data in debug vectors. Further, many of the obstacles
and constraints were virtual elements, not physically present aboard the
ISS. Therefore, the GUI functionality had to be augmented to provide
tools which visualized the output of ASTRO, the obstacles, and the paths
followed by the SPHERES robots.
Traditional algorithm development with SPHERES is programmed
in C via the Texas Instruments Code Composer Studio IDE. This IDE
provides the interfaces to the C6701 DSP used aboard the SPHERES
robots [50]. The interfaces include access to real-time threads for
estimation, control, and autonomy. However, the DSP has limited
processing capabilities (it operates at 167 MHz, has 16 MB of RAM,
and 256k of available FLASH). In addition, the IDE does not provide
any standard mathematical routines which would enable fast reconﬁguration of algorithms. Further, the Cþþ development environment
did not provide the desired visualization routines to enable real-time
evaluation of the performance of the ASTRO algorithm. Due to the
limitations of the DSP development environment, the SPHERES team
developed new tools for algorithm programming aboard the ISS, and
allowing the use of MATLAB through a real-time distributed-computing environment. The development of this tool is an important
contribution from the work presented.
The SPHERES Engineering GUI was modiﬁed to enable real-time
communications with MATLAB to: (1) provide multiple visualization

tools, (2) allow for easy modiﬁcation of the script ﬁles that implement the
algorithms and, (3) provide substantial mathematical tools to simplify
development. For the purposes of ASTRO, the SPHERES Engineering GUI
was simply a communications link between MATLAB and the SPHERES
robots. The calls to MATLAB were done via multi-threaded calls, allowing
the GUI to maintain the 5 Hz TDMA communications link while MATLAB
ran the ASTRO algorithm. This allowed MATLAB to have longer periods
of processing time.
6.2. Real-time trafﬁc control model for distributed robotic systems
The resulting distributed computing system created a multi-frequency
environment where the SPHERES robots implemented a periodic realtime path-following closed-loop control algorithm and MATLAB was
used to implement a semi-periodic near-real-time path planning algorithm. This architecture is presented in Fig. 5. The MATLAB thread
performed the same sequence of operations: (1) collect all data queued
since the previous run, (2) trigger the ASTRO planning task, (3) show
visualization data, and (4) send the new path target points to the robot.
The data are transmitted by the GUI on the next SPHERES TDMA communications cycle. In parallel, the SPHERES robots and GUI implemented
a 1 Hz PID control loop which had been proven to work in prior SPHERES
tests aboard the ISS. As with all SPHERES tests, the robots provided their
own estimation utilizing an Extended Kalman Filter (EKF) which merges
IMU (20 Hz) and global metrology ultrasound time-of-ﬂight information (5 Hz).
The SPHERES communications system automatically queries the EKF
at 5 Hz and downloads that data to the SPHERES GUI via a wireless link.
Therefore, the MATLAB ASTRO implementation had state information
available at up to 5 Hz. In the cases when a second robot was used as a
dynamic obstacle, the updated state of that robot was available at 5 Hz
through the same channel. Even though the state information is available
at 5 Hz, the implementation of the ASTRO algorithm is not designed as a
periodic process. Rather, the implementation attempts to obtain an
optimal solution, but if a maximum period is reached, the current best
trajectory is returned. To maintain a minimum path update frequency,
the implementation of ASTRO returns updates at a ﬁxed time limit
(regardless of optimality).

5
The GUI regularly used aboard the ISS provides limited information about the robots
and is intended primarily for operation, but does not have sufﬁcient information for direct
iterative research.
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6.3. Solver implementation
With a tight deadline for the test session on the ISS, the setup of the
architecture described above took priority, and led to there being limited
time to implement the ASTRO algorithm. As such, only a partial version
of ASTRO was implemented, one that used the MATLAB nonlinear
optimization routine fmincon rather than the full ASTRO gradient descent
method. This meant that the tests focused on the parameterization and
cost function formulation of ASTRO, and unfortunately did not test the
beneﬁt of the projected subspace component.
For all tests, 7th order polynomial coefﬁcients for each axis were used
as parameters for optimization. Boundary conditions for start and end
states were enforced using equality constraints, and the remaining path
constraints were supplied as general nonlinear inequality constraints in
the form of Eq. (3). The solver was conﬁgured to use the built-in mediumscale Sequential Quadratic Programming (SQP). The use of fmincon and
SQP, as opposed to ASTRO's projected gradient method, degraded the
efﬁciency of the onboard path planner, but was unfortunately necessary
due to limited implementation time.
6.4. Test scenarios
A sequence of tests was devised to validate incremental features of the
algorithm, and test it under various conditions. For all tests, combinations of the conﬁgurable parameters were available to the operating crew
member including:
Fig. 6. Initial on-orbit demonstration, validating the distributed architecture.

the total time for a test to be executed, tf ;
the ﬁnal target location, xf ;
the time available for computation before the algorithm should be
stopped and the path sent to the robot;
the order of the Legendre polynomial series expansion; and
a set of ﬁve constraints which could be activated or deactivated, each
in the form of Eq. (20):
– planes restricting the robot motion to stay within the ISS test
volume;
– maximum velocity;
– maximum acceleration;
– three spherical obstacles (conﬁgurable center and radius); and
– three ellipsoidal obstacles (conﬁgurable center and axis sizes).

SPHERES global metrology system in comparison to the reference path
generated from the solver. The robot successfully navigates the edge of
the obstacle with close tracking of the reference trajectory.
In all subsequent tests, the distributed planning and control architecture was conﬁgured to run ASTRO as an online path planner as
illustrated in Fig. 5. In this mode, the GUI repeatedly executed the ASTRO
optimization routines using the current position and velocity of the robot
as one of the boundary conditions. After the solver converged, or a time
limit expired, a single target was transmitted to the robot, and the optimization was restarted. Ideally the full path would be transmitted, but
this was a deﬁciency imposed by the implementation onboard. The
bandwidth to communicate from MATLAB to the SPHERES was limited,
which restricted the size of the message being sent to one future target
position. Additionally, MATLAB was only able to run on a single thread,
so could not run a separate process to frequently send updated targets to
represent the full trajectory.
Fig. 7 shows a repeat of the initial validation test with the online
planning method enabled. Darker colors in the ﬁgure show later trajectories. In comparison to the ﬁrst test, the robot still navigates around the
obstacle, but there is a gradual drift in the trajectory as the solver repeats
the optimization. The most likely cause of this behavior is that as the
robot drifts towards positive z, for instance, each replanned trajectory
also moves further towards positive z at the starting point. The waypoint
that is selected from these trajectories is then further towards positive z,
which reduces the distance to the robot along the z direction. Without a
large error, the PID controller takes much longer to integrate a command
above the minimum thruster ﬁring time and correct the drift.
The next test introduced a more cluttered obstacle ﬁeld with three
ellipsoids between the initial position and the ﬁnal target. Fig. 8 displays
trajectories created by the ASTRO solver as the robot moved to different
positions in the work area. Each initial condition starting from a feasible
location resulted in a feasible trajectory plan, validating the ability for
the algorithm to plan on-line from arbitrary initial conditions.
In many cases, the actual trajectory followed by the robot varied
signiﬁcantly from the desired paths created by the solver due to an
important implementation error. In each optimization cycle, the trajectory was planned from the current position of the robot and the

The ISS test objectives can be summarized as follows: (1) validate the
distributed computation architecture, computing optimal paths on a
central computer and sending target commands to the robots, (2) validate
the capability of ASTRO to function as a real-time path planner starting
from arbitrary initial conditions, (3) determine the limitations of ASTRO,
in number of constraints, complexity, and speed, and (4) Perform path
optimization with the inclusion of other robots functioning as real dynamic obstacles.
The sequence of tests designed to achieve these goals started with a
single-shot path planning case with one spherical obstacle, followed by
the same case using ASTRO as an on-line planner. The scenario was then
made more complex with more obstacles. Next, an actual dynamic
obstacle was introduced before increasing the complexity of the scenario
again by mixing static and dynamic obstacles.
6.5. Experimental results
The ﬁrst test veriﬁed the distributed control architecture with a
simple scenario. A single 0.3 m spherical obstacle was placed between
the starting point and the end goal, and the robot acceleration was
constrained to 0.05 m/s2. One complete optimization loop was executed
to produce a locally optimal feasible trajectory. After convergence, the
GUI sequentially transmitted targets to the robot, indexing the trajectory
with total elapsed time. Fig. 6 displays the trajectory as estimated by the
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Fig. 9. Intended result of the computation lag compensation: selecting a target to be
reached at the end of the next optimization cycle. The target is intended to be set ahead of
the current position but near the current trajectory.

trajectory starting in the upper left corner as the robot drifted downward.
As it reached the second point (the black dot at z ¼ 0), the optimization
completed, and it received target 1 (open circle). The large curvature,
and long computation time caused the target to request an infeasible
traversal of the obstacle. Note that if the full trajectory was transmitted to
the robot, this would not have occurred. While in transit, the GUI optimization started at the second point, eventually producing target 2. Even
the seemingly small change in starting position gave a large change in the
time indexes along the trajectory, causing the target to be selected closer
to the starting position and commanding the robot to oscillate across the
obstacle, an effect which repeats with the third target.
The oscillating issues were made salient by the large computation
times of 10–20 s. These times resulted due to the limitation of using
fmincon and SQP rather than ASTRO's projected gradient method. Improvements in computation time by implementing the complete ASTRO,
and the ability to communicate a complete trajectory, rather than a single
waypoint, will ameliorate the issue observed.
A second SPHERES robot was used as a real and dynamic obstacle for
the next set of tests. In the ﬁrst dynamic obstacle test the obstacle robot
(SPHERES 2) was commanded to move between ﬁxed start points and
end points, while SPHERES 1, using ASTRO as an online planner was
tasked with moving from a starting point before SPHERES 2 to a ﬁnal
point past the end point of SPHERES 2 (i.e. overtaking the second robot).
In each optimization cycle, the state of SPHERES 2 was communicated
from the SPHERES, through the communication architecture, to MATLAB
(see Fig. 5). The communicated state is used to create a set of spherical
obstacle constraints for each timestep to effectively create a cylinder
extending from the current position along the velocity vector to a predicted ﬁnal position (assuming constant velocity). Each of these constraints are modeled with a radius equal to double the radius of the
SPHERES, to represent the obstruction one SPHERES robot would present

Fig. 7. Repeated optimization applied to the initial validation test, showing a gradual drift
in the trajectory.

transmitted target selected by indexing the new trajectory at twice the
optimization computation time. The time offset was intended to place the
next target at the predicted position of the robot at the completion of the
next optimization cycle. Recall that sending a single future target point
rather than the full trajectory was an implementation limitation. Ideally
ASTRO would send the full path each cycle. The intended behavior of this
work-around is illustrated in Fig. 9. This replanning and target selection
approach is based on the assumption that the trajectories have minimal
curvature and don't vary substantially with each replan. When these assumptions are violated it can cause unstable oscillations in the selection
of targets: an effect that is strongly accentuated when the computational
time is large, leading to targets that are selected far along the trajectory.
Fig. 10 shows the same scenario as Fig. 8 with the transmitted targets
and true trajectory overlaid. With the computational lag, the trajectory
can deviate signiﬁcantly from the planned path if the single target point
is not chosen correctly. In the ﬁrst iteration, the solver produced the

Fig. 8. Feasible trajectories from repeated optimization cycles at several robot locations in
a complex obstacle ﬁeld.

Fig. 10. Transmitted single target oscillation back and forth across obstacle at each
solver iteration.
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issue already discussed above: an issue which meant that the actual path
of SPHERES 1 did not follow the commanded targets.
A more challenging scenario with a mix of virtual static obstacles and
real dynamic obstacles was then run. In this case, SPHERE 2 was set to
orbit a central, virtual spherical obstacle, a path that calls for more
change in the velocity vector than the previous case, and hence presents a
greater challenge as a dynamic obstacle. SPHERE 1 was tasked to move
diagonally through the permissible volume (a cube assigned inside the
ISS), then traverse one of the sides of the permissible volume before
moving back along the other diagonal (i.e. a set of three different goal
locations). The test results demonstrated that the algorithm can handle
complex scenarios with large changes in the motion of dynamic obstacles. In Fig. 12 it can be seen that the trajectory adjusts to curve around
the dynamic constraint successfully in the two different positions of the
dynamic obstacle. Note that the actual trajectory did not follow the
sequence of planned paths and waypoints due to the single target issues
discussed above; hence the history of target waypoints are not shown.
While the test results showed successful handling of dynamic obstacles, they also identiﬁed a number of areas for improvement. One
particularly clear observation was that the method of representing the
dynamic obstacle constraint over time was too conservative, taking up
too much of the feasible space that in reality was free to traverse.
Additionally, the modeling of the dynamic constraints by many spherical
obstacles resulted in a large number of constraints to check, slowing the
optimization computation.

Fig. 11. Planned path (bold line) in one time instance around a real dynamic obstacle (red
sphere), with history of estimated paths (blue line for SPHERE 1 and red line for SPHERE
2) and transmitted targets (black stars). Path planned from closed black circle to open
black circle.

to another.
The results from this test case, while still affected by the implementation limitations discussed above, did show that the planner could
consider dynamic obstacles and adjust plans accordingly. For instance in
Fig. 11 the planned path (bold) has adjusted to curve around the
constraint represented by the obstacle (red). In Fig. 11 the blue line is the
estimated path of SPHERE 1, and the red line is the estimated path of
SPHERE 2. The black stars are the history of transmitted targets. The
dispersion of the these target points is still related to the ”single target”

6.6. Lessons learned
The on-orbit investigations were hampered by a number of unfortunate limitations:

Fig. 12. Planned path (bold line) at a given time instance around a real dynamic obstacle (red shape) and simulated static obstacles (grey), with history of estimated paths (blue line for
SPHERE 1 and red line for SPHERE 2). Path planned from closed black circle to open black circle.
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full ASTRO algorithm.6 All tests are within a restricted geometry,
representative of a junction of six corridors on the ISS, have a performance constraint on the maximum acceleration (limiting to 0.005 m/s2),
and include one or more dynamic obstacles. To further decrease the
calculation time, a relaxed problem with only dynamic constraints is ﬁrst
solved, then the geometric and performance constraints are progressively
introduced and the problem re-solved using the previous solution as the
initial guess. This technique resulted in a 3 times speed increase for the
two robot test case.
Supplementary video related to this article can be found at https://
doi.org/10.1016/j.actaastro.2017.10.001.
These simulations also utilized an improved method of modeling
dynamic obstacles that makes use of the full ASTRO implementation.
Instead of deﬁning a set of constraints that restrict the whole path of a
dynamic obstacle, one spherical obstacle is deﬁned, with a center point
trajectory. When checking an ASTRO planned trajectory for collisions
with the obstacle constraint, each point is checked only against the dynamic obstacle position at the corresponding time. This means that: (1)
the obstacle only restricts the feasible space where it is at the time, and
(2) only one constraint needs to be checked, rather than up to 100,
improving computation time. Additionally, the obstacle trajectory can be
deﬁned to follow any type of motion, which is of use if more was known
about the dynamics of the obstacle. With uncertain estimates of the
obstacle position, there is the potential that this new approach may not
be conservative enough, in which case the size of the constraint could
be increased.
The new method of modeling dynamic obstacles allows for more
restrictive planning tasks to be achieved, such as shown in Fig. 13. This
test case reﬂects a more challenging form of the tests performed on the
ISS, with a dynamic spherical obstacle (SPHERES 2) modeled such that it
moves to obstruct a robot (SPHERES 1) planning a path from ½0:5; 0; 0.
m to ½0:5; 0; 0 m. The corridors have a radius of 0.155 m. The two
SPHERES are represented as spheres with radius 0.05 m. The SPHERES 1
center point is modeled to follow the planned trajectories. At regular 10 s
intervals SPHERES 2 changes direction to move at a constant speed of
0.007 m/s towards the mid point of the direct line from the current
location of SPHERES 1 and the target ﬁnal position (i.e. SPHERE 2 is
actively trying to get in the way). At the same time SPHERES 1 is modeled
to observe the position and velocity of the obstacle and uses the information to replan a trajectory.
Fig. 13 depicts the path taken by SPHERES 1 (dark sphere) to get
around SPHERES 2 (light sphere) within the grey corridor. The solid line
is the path taken, and the dot-dash lines are interim planned trajectories
before the path is replanned at each black circle.
The robot's trajectory updates to weave above and below, side to side
to result in a safe path around the obstacle (stages of updates are shown
in the bottom three images in Fig. 13, where the dashed black line is the
current planned path). An animation of the scenario is shown in Video S1
in the supplementary material (online version only). A further series of
complex planning simulations, demonstrating the enhanced capability of
the algorithm are presented in Morrell's work [55,56].
Supplementary video related to this article can be found at https://
doi.org/10.1016/j.actaastro.2017.10.001.

The restricted timeline for the on-orbit test session meant that fmincon
and SQP were used rather than the full ASTRO gradient descent
algorithm.
The limitation in communication bandwidth, and lack of multiple
MATLAB threads meant only a single target could be transmitted.
The large computation times, due to the use of fmincon, coupled with
the need to send a single target required a lag compensation in
sending the target, which led to the unstable oscillations.
Despite these limitations, the investigations were still able to achieve
a number of the initial goals. The general architecture was validated, as
was the use of ASTRO in planning on-line from arbitrary locations, in a
manner that could deal with dynamic obstacles.
There were also a number of key lessons about the implementation of
on-line path planners that may be beneﬁcial to practitioners in general.
The experiments highlighted, that in cases where computation time
is limited:
Infrequent single waypoint communication is ill-advised. A full trajectory, or a section of a trajectory should be communicated for the
vehicle to follow.
Careful consideration is required for designing the replanning strategy, in particular for:
– Indexing the commanded targets or target trajectories, to avoid
potential oscillations in commanded path.
– Selecting where to initiate a new planning cycle from.
Uncertainty in the computational lag makes designing the replanning
strategy very challenging.
A suitably tuned inner loop feedback controller is critical to have a
reliable prediction of where the vehicle will be at a point in the future,
to have smooth transitions to newly planned trajectories.
Many of the issues experienced could be addressed with relatively
simple measures: implementing the full ASTRO algorithm and utilizing
the more modern hardware now available to enable the communication
of a full trajectory and a reduced computation time. Nonetheless, the
lessons learned are still valuable for implementation of on-line path
planning for other systems where the computation times are slow with
respect to the vehicle dynamics.
7. Post-ﬂight improvements
The lessons learned from the on-orbit implementation of ASTRO were
used to further reﬁne the algorithm. In addition to implementation
changes addressing the limitations outlined above, there were a number
of improvements that were made to the ASTRO algorithm:
Using the full ASTRO gradient descent method;
Compiling the optimization code; and
Updating how dynamic obstacles are modeled, to be less conservative
and more computationally efﬁcient.
Since completion and review of the ISS onboard experiments, the full
ASTRO algorithm with projected gradient descent has been implemented
in both interpreted MATLAB and compiled C-Mex versions. Combining
the projected gradient subspace descent, with a BFGS [51–54] quasiNewton descent method results in a computational speed increase up
to 40 times the fmincon implementation for equivalent problems.
Compiling the algorithm then improves the speed by another 2–3 times.
This speed increase would be sufﬁcient to overcome the computation
time issues experienced in the on-orbit implementation.
Example times for the preliminary simulation and more challenging
simulation cases are shown in Table 1. The timing comparisons were run
with 64 bit MATLAB R2014a on an Intel Core i7-3520M,
2.9 GHz processor.
The additional simulations are designed to test the capability of the

8. Conclusion
This research accomplished two objectives: the development of an online path planning approach for operation in the presence of complex and
dynamic constraints, and the demonstration of this algorithm aboard the
International Space Station in a true 6-DOF environment. As demonstrated by simulation and in space, the ASTRO algorithm rapidly identiﬁes feasible trajectories for a free-ﬂying robot to navigate between 3D

6
Test case “2 Adversarial” is presented here. Test cases “2 Robots” and “6 Robots” can
be seen in Video S2 and Video S3 of the supplementary online material.
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Table 1
Path planning calculation times and improvements.
Average times (s) per path plan
Test Case

1st Sim.
2 Adversarial
2 Robots
6 Robots
a

Plan Cycles

1
10
6
24

Standard Code

Improve-ment
Compiled

fmincon

P.G.a

fmincon

P.G.a

(old/new)

3.84
41.04
43.36
35.65

0.85
5.09
1.02
2.41

3.02
20.74
41.04
23.01

0.40
1.58
0.41
1.45

9.59
26.00
106.72
24.63

P.G. ¼ Projected Gradient method.

Fig. 13. Simulated planned and executed trajectories for the 2 SPHERES adversarial test case.

and used a more effective method of representing dynamic obstacles, all
helping to improve the speed of the algorithm by more than an order of
magnitude. The effectiveness of the improved algorithm has been shown
in simulation with a challenging scenario including geometric and performance constraints with dynamic obstacles. The updated and improved
ASTRO algorithm will be tested onboard the ISS as part of a new visionbased navigation system for space robotics.

boundary conditions within surroundings that include numerous static
and dynamic obstacles, geometric constraints and performance limitations. This approach has two core innovative components. One: the
formulation of the problem to use Legendre polynomials to transform a
complex, non-linear cost function into a simpler form that can be quickly
computed. Two: the use of a subspace projection technique to ensure
boundary conditions are always met throughout an iterative optimization, enabling rapid generation of collision free trajectories.
ASTRO was demonstrated aboard the International Space Station by
combining the SPHERES facility with an onboard laptop with access to
MATLAB software. The implementation created a multi-threaded asynchronous design with a periodic PID path following controller and an
aperiodic implementation of ASTRO.
The ISS tests validated the system architecture, as well as the use of
the ASTRO algorithm for planning trajectories from arbitrary initial
conditions, and demonstrated a capability to handle dynamic obstacles.
The tests also identiﬁed a number of unfortunate implementation limitations. An incomplete implementation of ASTRO led to large computation times. Limited communication bandwidth required single waypoint
targets to be sent rather than full trajectories, with the targets indexed to
account for computational lag. The combination of these factors led to
undesirable oscillations of transmitted targets when replanning online.
Nonetheless, the results provided some valuable lessons learned for
implementation of computationally limited systems. To improve the onorbit performance, it is planned to communicate the complete trajectory,
utilize more powerful hardware, and implement the full ASTRO algorithm, including the improvements made following the ISS tests. These
improvements have implemented the full algorithm, compiled the code,
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