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The use of formation flying of distributed space systems, especially for space-based interferometry, is receiving

much attention by mission designers. Optimal maneuver planning for these missions is critical to ensure the safe

operation of the spacecraft and tomaximize themission science returns.One suchmission, Darwin, requires complex

observation scheduling complicated by a number of interconnected temporal constraints placed on the mission.

Following a defined maneuver planning architecture this paper introduces a science operations planner that helps

maximize observation time through science operations schedule optimization. Comparison of this method with a

simple benchmark planner is given and shows that schedule performance increases of up to 12% can be achieved.

Though these increases can only be achieved using significantly more computational resources than the benchmark

planner, they are found using constraints that would allow the planner to be able to operate autonomously onboard

one of the formation spacecraft.

Nomenclature

a = vertex index number N: f1; . . . ; kg
cj = task completion duration for task j, days
D = mean task duration of a tour, days
E = set with infinite number of elements and range

R: f0; . . . ; 3g representing a number line
f = task prioritization flag N: f1; . . . ;1g
I = number of iterations of the science operations planning

algorithm
i, j = index numbers for sets N: f1; . . . ;1g
k = number of vertices in Ui
L = tour duration, days
li;j = duration of the vertex vi;j, days
Mi = set of nodes � N representing all achievable tasks

starting from ni
mi;j = maneuver duration from task i to task j, days
N = set of nodes representing all science tasks
ni = node i 2 N
_O = mean rate of extra observation time gained using the

science operations module instead of the benchmark
planner to plan tours, h/day

Oi = set of nodes � N representing all tasks within field of
view defined by ��ti�

p = number of vertices in T
pwaits = number of “wait” vertices in T
R = task/time ratio of the tour, tasks=day

r = random number generated from a normal distribution
with zero mean and variable �

RBP = task/time ratio of a tour generated by the benchmark
planner, tasks=day

RSOM = task/time ratio of a tour generated by the science
operations module, tasks=day

S = set of star positions represented in ecliptic longitude
s�ni� = ecliptic longitude of star associated with node ni,

�

T = set of vertices in tour
ti = time of task completion for node ni
Ttarget = user-defined minimum tour duration, days
Ui = set of all vertices from ni to all nodes inMi

Vi = set of all vertices from ni to all other nodes
vi;j = vertex from ni to nj
Vi;sort = set of vertices Ui sorted by increasing vertex duration

li;j
V� = set of vertices Vi;sort arranged with prioritized vertices

at the beginning
v�ka = vertex representing the ath element of V�

Wi = set of vertices connecting ni to nj 2 Oi

_� = angular rate of the field of view, deg/day
��ti� = ecliptic longitude of antisun vector at time ti,

�

� = standard deviation of the random number generator

I. Introduction

A UTONOMOUS formation flying of spacecraft to perform
separated spacecraft interferometry is a theme for many space

missions [1–4]. ESA’s Darwin mission proposal uses four space-
craft flying in formation to perform interferometry on distant stars to
identify the existence of extrasolar planets and analyze their atmo-
spheres [5]. To ensure the accuracy and stability of the observations
the spacecraft and formation guidance and control systems must be
able to perform a number of different maneuvers including station-
keeping, formation-keeping, and reconfiguration maneuvers to a
high accuracy. The planning of these maneuvers is crucial to ensure
spacecraft safety and ensure the mission maximizes the science
returns while minimizing fuel cost. This paper is concerned with
the science operations scheduling side of maneuver planning and
describes an approach to scheduling that can operate autonomously
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onboard a spacecraft in real-timewithin a unifiedmaneuver planning
architecture.

The necessity of science operations planning can be emphasized
by considering the Darwin mission. The goal of the mission is to
identify extrasolar planets and analyze their atmospheres using
interferometry from the vicinity of the sun/Earth L2 point. The target
star catalogue contains approximately 450 stars.¶ Each star requires
at least three separate observations for planet detection and up to
six additional analysis observations if a planet is detected. This
potentially leads to over 4000 individual observations ranging in
duration from 1

3
day to approximately 85 days [6]. With a 5-year

mission profile and to maximize the number of observations that can
be completed within this time it is important to carefully plan the
science operations schedule. A priori planning of the observation
schedule for the entire mission cannot be accomplished, however,
because there is no information regarding which stars within the
mission star catalogue have planets. Therefore real-time scheduling
is required as this allows for updated information to be included in the
planning algorithm. There are a number of observation planning
issues that must be addressed by this real-time algorithm that are
specific to Darwin:

1) The formation must remain pointing within 45 deg of the
antisun vector [6]. The field of view for the mission therefore is
constantly rotating (at a rate of approximately 0.986 deg/day) and
every star in that field of view remains there for approximately 90
days/year. The scheduling of observations on stars that leave thefield
of view before the observation is complete must be avoided.

2) Additional scheduling time constraints are also posed by the
maneuver time required by the formation to slew between target stars
and the calibration time required to correctly image the star.

3) Planet detection observations must be scheduled before atmo-
sphere analysis observations.

4) Multiple detection observations are required to confirm planet
detection [6]. These multiple observations must be separated by
enough time so that any potential planet can be observed at different
points around its orbit. For a sun/Earth-like system this could be as
much as 90 days (quarter of an orbit).

5) Once the detection observations have been completed there will
be analysis time required to confirm detection and determine the
planet’s orbital characteristics. This will delay the scheduling of the
atmosphere analysis observations.

6) Depending on the orbital characteristics of the detected planet
occultation by (or transit of) the parent star may occur. Atmospheric
analysis of the planet during these times needs to be avoided further
constraining the scheduling of observations.

7) For the number of stars in the catalogue and the number of
separate observations thatmight be performed on them there is a high
likelihood that completing all the observations will takemuch longer
than the planned 5-year mission duration.

All these planning issues make science operations planning a
complex problem, hereafter called the science task assignment
(STA) problem (where a “task” is defined by a combination of the
target star and the type of observation performed).

In this paper a science operations planning algorithm, the science
operations module (SOM) is introduced and defined within a larger
maneuver planning architecture. The SOM is compared with a
simple benchmark scheduling algorithm and shown to be superior in
planning observation schedules for a Darwin-like interferometry
mission.

II. Previous Contributions

Planning and scheduling for autonomous spacecraft is a relatively
new concept that has been put into practice in various forms on a
number of space missions. These include Cassini [7], Rosetta [8],
and Deep Space One [9]. A useful introduction to the planning
systems used at NASA and specifically for Deep Space One and
Earth Orbiter One from the New Millennium Program is found in
[10]. It describes the benefits of ground-based and onboard opera-

tions planners as “reduced costs, increased responsiveness, increased
interactivity, increased productivity, and simplified self-monitor-
ing.”The planners use “symbolicAI” (artificial intelligence) routines
to review any given plan, identify the flaws, and iteratively remove
the flaws to create a flawless plan. These papers, however, describe
operations planners that take into account all of the subsystems and
payloads on a spacecraft and find a schedule that allows the most
efficient use of spacecraft resources. More recently an autonomous
mission planning system was introduced called the Multi-Agent
Planning System (MAPS) [11,12]. It is designed for a fully
autonomous deep-space mission and combines the results from a
number of planning agents (representing the spacecraft subsystems)
with a planning manager agent to create mission operations sched-
ules for the complete spacecraft. This is implemented in C�� and
Java, respectively, but the authors only provide the architecture for
the model, not the details of how the planner actually achieves its
goals. Addressed in [11,12] is the problem of automating spacecraft
operations; however, they do not address optimization within the
planning environment. The tasks are scheduled within the time and
resource allocation constraints defined, but no attempt is made to
improve a plan once an achievable schedule has been found. This is
different than the situation to be solved by the SOM. Because there
will always be many more tasks available than can be completed in
any defined time period, the SOM must optimize the schedule to
increase the number of observations completed.

NASA’s Starlight dual-spacecraft interferometry mission [1] is
used as a baseline for examining interferometry mission schedules
that reduce fuel expenditure and encourage fuel balancing between
the spacecraft in a similar mission planning problem to that of the
STA [13]. Fuel consumption dynamics for each maneuver are based
on a free-space model described in [14]. In [13] maneuvers are
separated into three types: retarget, resize, and reorientation. Each
star, separated by retarget maneuvers, is imaged using a number of
resize and reorientation maneuvers. The optimization of the maneu-
ver schedule is likened to a travelling salesman problem (TSP). A
“chained local optimization” (CLO) algorithm combining simulated
annealing and local search optimization techniques is developed to
solve the TSP. The authors used a benchmark tour as a comparison
that involves completing all the resize and reorientation maneuvers
for each star before retargeting to the next star. The results show that,
for a number of different scenarios, the optimized tour is capable
of reducing the fuel consumption of the spacecraft performing all
maneuvers by a significant amount compared with the benchmark
tour. This is achieved by combining resize, reorientation, and retarget
maneuvers on multiple targets instead of performing all the resize
and reorientationmaneuvers on one target before moving to the next.
These results are noteworthy in understanding the necessity for the
SOMas an analogy can bemade. In the paper, each star has a number
of resize and reorientationmaneuvers, eachwith their associated fuel
costs. Likewise, the stars in theDarwin catalogue each have a number
of observation tasks with their associated time costs. By extension it
may be inferred that combining the science tasks for Darwin in
an appropriate schedule is more time optimal than performing
the observations in a more intuitive systematic fashion. There are a
number of factors, however, that [13] does not address. The problem
is time invariant and there are no pointing constraints. This means
that a star’s availability for observation is not included and the
duration of each maneuver is omitted (because fuel consumption is
the only factor being investigated). Furthermore, a fixed number of
maneuvers are investigated, and each solution finds a tour that
encompasses them all. As previously discussed, the SOM will have
to find a tour with temporal constraints from a large number of
possible tasks that will not all be able to be completed within the
given time. Therefore, although the paper reveals some interesting
trends with respect to interferometry mission scheduling, its relative
simplicity prevents itsmethods from being used to emulate the SOM.

The mission scheduling problem can be likened to a TSP. In the
basic TSP the salesman has to visit a number of cities, and the tour is
optimal if the shortest route is chosen. The TSP and a variant, the
vehicle routing problem (VRP), are cornerstone challenges within
the field of operations research. Similar problems can also be found¶den Hartog, R., private communication, May 2006.
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in computer network routing literature. There are many different
kinds of constraints that can be added to the TSP, including time
windows (visiting a point within a specified time period) [15], path
constraints (minimizing the number of times a separate point is
crossed, e.g., a river) [16], or sequential constraints (visiting a point
before another) [17]. These constraints can all be made applicable to
the STA problem. There are also a vast number of different methods
that can be employed to solve these problems. Exact algorithms like
branch and bound, cutting plane, and linear programming are good
for finding solutions with a relatively small number of points to visit.
For larger problems, heuristics have been developed that quicklyfind
good solutions (greater than 97% optimal). These include nearest
neighbor [18], simulated annealing [16], genetic algorithms [19], and
ant algorithms [20].

Another analogy is the single machine scheduling problem
(SMSP) found in manufacturing. In this problem there is a list of n
jobs (science tasks). Each job has a release time (the time the task
enters the field of view), a duration (the observation time of the task),
a deadline (the time the star leaves thefield of view), and aweight (the
importance of completing the task). The goal of any algorithm to
solve this problem is to minimize the total number of late jobs
(i.e., those completed after their deadline). Again, a number of con-
ventional and innovative methods have been employed to solve this
problem including branch and bound [21], local search [22], and
memetic algorithms [23]. Both the TSP and SMSP represent
problems in combinatorial optimization and are close analogies to
the STA problem. There is one fundamental difference, however.
The TSP and SMSP aim to find a schedule for a fixed number of
cities/jobs. The STA problem, on the other a hand, involves a larger
number of tasks than can be completed in the available time, and
no task can be selected if it overruns its “deadline.” This means
that conventional combinatorial optimization methods like branch
and bound, linear programming, and genetic algorithms cannot be
used for solving the STA problem. Even if the optimization occurs
over a fixed number of tasks (rather than over time), the pool of tasks
that can be selected is far larger than the size of the set to be
optimized. This also renders conventional combinatorial optimiza-
tion techniques incompatible with the STA problem.

III. Maneuver Planning Architecture

The science operations planning algorithm presented in this paper
is part of a larger maneuver planning architecture (MPA) [24] as
shown in Fig. 1. The goal of the MPA is to optimally plan formation
maneuvers for the mission including the selection of the target
and observation, the requirement for station keeping (if any), the
selection of the relative spacecraft positions that satisfy the obser-
vation goal, and the design of the trajectories to perform the
maneuver. The MPA is designed to run during each observation

phase of the mission to plan for the next maneuver phase (when the
formation reconfigures to perform a different observation). Each
stage of the MPA uses optimization to accomplish various goals
including maximizing observation time, minimizing maneuver
time, minimizing fuel consumption, fuel balancing throughout the
formation, collision avoidance, and thruster plume impingement
avoidance. The stage descriptions are as follows:

1) The SOM, which contains the science operations planning
algorithm, accesses the mission catalogue and current known for-
mation configuration, and optimizes an observation schedule that is
used to define the next science operation to perform.

2) The station-keeping module (SKM) uses the optimized
schedule to calculate whether to perform a station-keepingmaneuver
during the next maneuver phase. If the next maneuver phase is
selected for station keeping then the SKM outputs the station-
keeping maneuver details. Otherwise there is no output from this
module.

3) The position assignment module (PAM) [25,26] selects the first
observation in the SOM’s optimized schedule and cross-references it
with the mission catalogue to obtain the formation configuration
details that satisfy the observation requirements (e.g., pointing
direction, baseline size, formation configuration, etc.). Then, using
the current formation configuration details, it optimizes the final
relative positions of the spacecraft to satisfy the desired configuration
details. If a station-keeping maneuver is required then it is absorbed
into the calculation. The outputs of this module are the spacecraft
positions required to achieve the final formation configuration.

4) The trajectory design module (TDM) [26] uses the current
formation configuration and the final formation configuration to
optimize a collision and plume avoiding trajectory for each space-
craft to follow.

5) The final stage is the control stage and is not strictly part of the
maneuver planning process. In the control stage each spacecraft
follows their planned trajectories whereas a real-time collision
monitoring algorithm is used to assess the accuracy of the trajectory
following and intervene if deviation occurs.

Because the MPA is designed to run during every observation
phase, the onboard catalogue can be updated from the ground as new
information is made available. This means the SOM is likely to
produce a different optimized schedule every time it is run, therefore
keeping the target selection as optimal as possible.

IV. Problem Formulation

This section highlights the STA problem definition and introduces
the SOM and the benchmark planner (BP) as possible solutions.

A. Problem Definition

Consider a setN of nodes, representing science tasks, and a setS of
star positions, representing the ecliptic longitude of each star in the
catalogue. Each pair of nodes ni 2 N and nj 2 N is connected by a
vertex vi;j 2 Vi, where the set Vi represents all possible vertices vi;j
connecting ni to all other nodes. Relativeweighting of the nodeswith
respect to the other nodes is given by the flag f (f 2 N: f1; . . . ;1g).
If the node contains a flag (i.e., nfi ) then the node (task) can gain
priority scheduling with f� 1 the highest priority, f� 2 the next
highest, and so on. If the node does not contain a flag (i.e., ni) then
there is no weighting for that task. Flags and their priorities can be
added to any task throughout the mission by the science team to
prioritize tasks within the schedule. Mi is a set of nodes (� N)
representing all achievable tasks from node ni connected by vertices
in the setUi (� Vi). A diagram of the nodes and sets defined thus far
is given in Fig. 2, and the construction of Mi is detailed in the
following.

Let li;j be the duration (in days) of the vertex vi;j 2 Vi connecting
ni to nj 2 Mi

li;j �mi;j � cj (1)

where mi;j is the maneuver duration and cj the task completion
duration. For this implementation of the SOM,mi;j is calculated fromFig. 1 Maneuver planning architecture.
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the angular separation of the initial star s�ni� 2 S and the target
star s�nj� 2 S and a fixed formation angular rate _�� 0:02 deg s�1

(this rate matches the average maneuver angular rate observed when
maneuver planning using the PAM [25])

mi;j � _�js�ni� � s�nj�j (2)

If s�ni� � s�nj� then mi;j � 0.
The tour is a set T of p vertices vi;j 2 T of duration L where

L�
Xp
k�1

lki;j (3)

and

L 	 Ttarget (4)

with Ttarget a user-defined minimum tour duration. The goal of the
SOM is to find a tour that maximizes the number of vertices pwithin
the minimum tour duration Ttarget. Ttarget can have a range from
0.116 days (the shortest task duration) to the entire mission lifetime
of 5 years, however, the size of Ttarget will directly affect the length of
time it takes to calculate a tour and the relative performance of the
tour. For example, a combination offiveTtarget � 4 days tourswill be
quicker to calculate than one Ttarget � 20 days tour, but the latter will
likely be a more optimal tour than the former. Ttarget is a minimum
tour duration (as opposed to a maximum tour duration) so that tours
can be generated that have a duration of at least Ttarget. If Ttarget was a
maximum tour duration, the user would have less control over the
length of the tour desired.

B. Science Operations Module Core Algorithm

At each nodeni, the set of nodesMi is generated fromwhich the set
of vertices Ui can be calculated. This allows for the scheduling
constraints detailed in Sec. I to be applied to Vi. Mi is found as
follows:

1) Generate set Oi � N, representing all possible nodes with star
positions s�ni� 2 S such that

��ti� �
�

4

 s�ni� 
 ��ti� �

�

4
(5)

where ��ti� is the ecliptic longitude of the antisun vector and ti is the
time when the node (task) ni completes.Oi contains all the tasks for
stars within the field of view bounded by�45 deg from the antisun
vector.

2) Calculate setWi, representing all the vertices connecting ni to
nj 2 Oi.

3) To obtain the set of verticesUi (and henceMi) remove from the
set of verticesWi all the vertices where

ni � nj (6)

and

s�nj� 
 ��tj� �
�

4
(7)

where

��tj� � ��ti� � li;j _� (8)

s�nj� is the star position for node nj, ��tj� is the ecliptic longitude of
the antisun vector, and ti is the time when the node (task) nj
completes. The first condition, shown in Eq. (6), ensures that the task
the formation is originally assigned to ni is not included in the setMi,
thus preventing task duplication. The second condition, shown in
Eq. (7), eliminates any tasks that cannot be scheduled as their star
would leave the field of view before the task could be completed.
After applying the constraints,Ui contains all the achievable vertices
from ni. The set of nodesMi can be obtained by examining Ui and
extracting all the nodes nj.

4) If during step 3 Ui ) � then no suitable vertices exist and a
wait vertex of 24 h in duration is imposed on the tour to allow��ti� to
move across the sky. The 24 h wait duration is chosen as it provides
an approximately 72% chance that a new star will enter the field of
view during thewait. If no new star enters the field of view during the
wait period then another wait period is imposed on the tour. If two
waits are required then the chance that a new starwill enter thefield of
view during this second wait period rises to approximately 92%. The
24 h wait, therefore, provides a balance between a long enough
duration to increase the chance that a new star will enter the field of
view but not too long as towaste time. The preceding percentages are
obtained by calculating the differences in ecliptic longitude of
adjacent stars in the catalogue as a function of _� to find the field of
view slew times between adjacent stars.

A diagram showing the set definitions for Mi and Ui is given in
Fig. 3. In this example the set N � fn1; . . . ; n10g is reduced to the
set O1 � fn2; n4; n5; n6g through application of the field of view
defined by ��t1�, shown in Eq. (5). From O1 the set W1�
fv1;2; v1;4; v1;5; v1;6g of vertices is calculated. Applying the con-
ditions in Eq. (6) and (7) for node n2 the vertex v1;2 is removed
because n2 is outside the ��t2� field of view. Assuming no violations
of Eqs. (6) and (7) occur for nodes n4, n5, and n6 the final vertex set
is U1 � fv1;4; v1;5; v1;6g, and, hence, M1 � fn4; n5; n6g is obtained.
M1 contains all the nodes (i.e., science tasks) that can be completed
from node n1.

After Ui is calculated a decision process (described in the fol-
lowing sections) selects vi;j 2 Ui, and the node is added to the tour.
A file recording the status of each task (the taskflag file) is then
updated, thus ensuring an up-to-date reference for the next iteration
of the decision process. This process is repeated for nj, etc., until
L 	 Ttarget, at which point the tour is terminated. A flow diagram
showing this shell algorithm can be found in Fig. 4. Vertex selection
is the process that differs between the SOM and benchmark
approaches to the STA problem.

Fig. 2 Diagram of the node and vertex sets used in the SOM.

Fig. 3 Set definitions for generating Mi and Ui.
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The goal of the algorithm is to maximize the number of vertices
(and hence the number of completed tasks) in the tour T. Because
there is no fixed tour time (Ttarget only represents a minimum tour
time) the metric chosen to rate the performance of a tour is the task/
time ratio R:

R� �p � pwaits�
L

(9)

where pwaits represents the total number of wait vertices imposed on
the tour (see preceding step 4). In the tour performance calculation
pwaits is removed from the total number of vertices p because the
wait vertices account for scheduled time not allocated to science
observations. The time signature of the wait vertices (24 h per wait)
remains in the total tour time L because they negatively affect the
performance of the tour. In evaluating the performance of a tour a
higher task/time ratio indicates a better use of time within the tour.

C. Benchmark Vertex Selection Process

The benchmark vertex selection algorithm uses the principle of
nearest neighbor selection [18]. The nearest neighbor here refers to
nearest neighboring tasks as opposed to nearest neighboring stars.
Here the nearest neighboring task is the one that takes the shortest
time to complete. At each node one vertex needs to be selected from a
group of all available vertices for that node (i.e., the set Ui). For the
benchmark, the selected vertex is simply the one with the smallest
completion time associated with it:

v i;j �min
li;j
Ui (10)

The benchmark algorithm is “greedy” in nature in that it always
selects the shortest vertex regardless of how it affects the tour later on.
The vertex selection is locally optimal over one node but a tour
constructed using the benchmark is unlikely to be globally optimal
over Ttarget because the algorithm only examines a small section of
the complete solution space. This method, however, is useful as a
benchmark as it is easy to implement and provides solutions quickly.

D. Science Operations Module Vertex Selection Process

The SOM version of the vertex selection algorithm is a simplified
version of the basic ant colony optimization metaheuristic [19]. As
before, at each node one vertex needs to be selected from a group of
all available vertices for that node (Ui). This vertex is chosen using a
weighted stochastic process. First Ui is sorted in ascending order of
li;j such that

Vi;sort 2 fmin
li;j
Uk
i1; . . . ;max

li;j
Uk
ikg (11)

Some of the nodes that the vertices in Vi;sort point to may have

prioritization flags (i.e., nfi ). These vertices are moved to the
beginning of Vi;sort in order of prioritization to create the set V�.
ThereforeV� is the setUi sorted into ascending order and rearranged
to ensure prioritized vertices are at the beginning. v�ka is the ath
element of V�, which has k elements (i.e., a 2 f1; 2; . . . ; kg). If the
first element in V� represents a prioritized vertex then the SOM
selection is simply this element:

v i;j � v�k1 if f ≠ � in nfj (12)

If there are no prioritized vertices then a separate decision process is
implemented.

The set E represents a number line that linearly maps to V�:

E! V� (13)

such that

E0 ! v�k1 (14)

and

E3 ! v�kk (15)

A random number r is generated from a normal distribution with a
mean of zero and a variable standard deviation (�). When � � 1,
there is a 99.7% chance that jrjwill lie between 0 and 3. The vertex is
chosen such that

Ejrj ! v�ka � vi;j (16)

with

a�
�
jrj
3=k

�
(17)

(i.e., a is rounded up to the nearest integer).
For example, suppose V� contains 20 vertices (i.e., k� 20) if
jrj � 0:5, then a� 4. The selected vertex is, therefore, the fourth
vertex in V�:

Ej0:5j ! v�204 � vi;j (18)

The complete selection process can be visualized more clearly in
Fig. 5, where there is no vertex prioritization applied to the vertices.
Equations (16) and (17) are invalid for cases where jrj> 3, thus a
final constraint needs to be introduced:

v i;j �max
li;j
Ui � v�kk : jrj> 3 (19)

Because jrj is weighted toward zero, the selection of vi;j is
weighted toward those vi;j 2 V� with shorter task completion times
li;j. The strength of this weighting can be modified by altering �. As
� ! 0, the probability of jrj being a small number increases, thus the

Fig. 4 Flow diagram for the core SOM algorithm.

Fig. 5 Example vertex selection using the SOM.

638 BURGON ET AL.



likelihood of selecting shorter vertices increases. Eventually,
however, � will be so small that only one choice of vertex becomes
available, and the algorithm will emulate the benchmark. � is a
tunable parameter within this algorithm.

This stochastic approach to vertex selection is not locally optimal
but seeks to find better tours than the benchmark as it has the chance
to examine a larger area of the solution space. It is unlikely, however,
that a better solution will be found on the first attempt, and so this
approach is enhanced by multiple iterations with the chosen tour
being the best performing of the family of tours generated. The
number of iterations I is another tunable parameter for this algorithm
and greatly affects its performance and efficiency.

V. Initial Conditions and Definitions

To analyze the performance of the BP and SOM planning
algorithms it is necessary to define some initial conditions that affect
the calculations.

A. Star Catalogue and Observation Tasks

The star catalogue used for the algorithm contains coordinate
data for the stars and task duration data for the observations to be
performed on those stars. The list of target stars for the Darwin
mission contains 447 stars [6]. Star distribution is fairly even in both
ecliptic longitude and latitude, which assists the planning algorithms
in avoiding large and time-consuming retarget maneuvers. For each
star there are 7 observation tasks that can be performed, one planet
detection task, and six individual spectroscopy tasks (defined by the
spectral band observed). The task duration for every task is set
depending on the spectral class of the star as in Table 1. Note how the
duration of the detection tasks is generally less than the duration of
the spectroscopy tasks. As there are 7 tasks for each of the 447 stars,

the star catalogue holds 3129 task duration values.However, because
each detection task is required to be repeated 3 times [6] the total
number of potential tasks for the mission is 4023.

B. Simulating Planet Detection

In order for the algorithms to allow the scheduling of spec-
troscopy tasks some of the stars in the catalogue must have planets.
As the existence of these planets is not known, it is necessary to
simulate this requirement. The simulated probability of a star
having a planet is arbitrarily set to approximately 10% giving
47 stars from the catalogue chosen randomly to host one planet each
with the distribution even in ecliptic longitude but slightly biased
in negative ecliptic latitude. It is reasonable to assume that no one
portion of the sky will yield more planets than the next, and so
this distribution can be viewed as fairly typical of what one might

Table 1 Task durations for stars of different spectral type [6]

Spectral Type F G K M

Task Time (days) Detection 2.410 0.533 0.339 0.300
Spectroscopy <7:2 �m 1676 a 85.80 38.30 10.89

8–9:2 �m 9.450 1.560 0.987 0.460
9:2–10 �m 34.60 6.620 3.950 1.965
10–13:2 �m 1.900 0.386 0.228 0.116
13:2–17:2 �m 3.410 1.040 0.618 0.376
>17:2 �m 62.50 34.90 26.10 20.46

aTheF-type star less than less than 7:2 �m spectroscopy task duration is 1676 days as defined in [6]. However [6] notes that this is too long and advisesmeasures to decrease this
time.

Table 2 Simulated task distribution for five mission stages

Taskflag Year0 Year1 Year2 Year3 Year4

Detection tasks Completed 0 1044 1313 1341 1341
Remaining 1341 297 28 0 0

Planets Found 0 38 47 47 47
Not found 47 9 0 0 0

Spectroscopy tasks Completed 0 60 160 201 222
Remaining 282 222 122 81 60

Table 3 Science operations planning considerations and their implementation

Constraint Inclusion Implementation

Maneuver time Partially Fixed at 0:02� s�1

Calibration time No N/A
Formation pointing constraints Yes Field of view moves at a fixed rate of 0:986�=day
Detection task scheduling Partially At least one other task must be scheduled before a detection task can be repeated a

Planet detection analysis time No Spectroscopy can be scheduled immediately after third detection task
Planet orbital characteristics No N/A
Science task weighting No Tasks are given equal weighting

aWith this definition the time between repeated detection tasks will up to approximately 2.5 days (Table 1), however, in reality the required separation time is likely to be much
larger (greater than 90 days) depending on the orbital characteristics of the planet

Fig. 6 Sample benchmark tour for Year2, Ttarget � 80 days,

Startstar� 1.
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find in reality. As previously calculated there are 4023 potential
tasks for the mission. However this number was calculated
assuming a 100% planet-to-star probability. Using the 10% planet-
to-star probability shows that, for this analysis, there are 1623 tasks
for the mission of summed duration approximately 14.8 years (far
longer than the planned 5-year mission lifetime).

C. Initializing Mission Stage Markers

The performance of both of the planning algorithms will be
affected by the time in the mission the algorithms are run. At the
beginning of the mission, with no planets detected, the majority of
tasks scheduled will be the shorter detection tasks. As the mission
progresses, less detection tasks will be available and the longer
spectroscopy tasks will start to be scheduled (because planets will
have been found). By the end of the 5-year mission duration only
spectroscopy tasks will be scheduled, as all the detection tasks will
have been performed. Performance analysis of the planning
algorithms at different stages of the mission is carried out using
taskflag files that record a snapshot of the current task distribution for
every year of the mission as in Table 2. Here “Year0” describes the
beginning of the mission, “Year1” describes the end of the first year
of themission, and so on. The data in Table 2were obtained using the
BP with a target tour time of 365 days, 730 days, etc. Table 2 shows
by the beginning of the fourth year of the mission (“Year3” task-
flag file) all the detection tasks have been completed and only
spectroscopy tasks remain.

D. Operating Conditions

In Sec I a list of planning considerations was given specifically re-
lating to science operations planning for the Darwin mission. The
algorithms described in this paper do not take into account all the
complexities involved with these considerations. Table 3 lists the
planning considerations and how they are implemented within the
software. The omission of some of the considerations is mainly due
to lack of data and the desire to simplify the algorithm for onboard
operation. The partial implementations are work-arounds due to lack
of data but still add the same level of complexity to the problem.

E. Hardware

The analysis was performed within theMATLAB 2006a software
environment running in Windows XP Professional on a 3.06 GHz
Intel Pentium 4 PC with 1 GB of RAM. It is assumed that these
computer resources would be similar to those available onboard
spacecraft by an estimated launch date circa 2030.

VI. Planning Algorithm Examples

This section shows examples of the tours optimized by the BP and
SOM planning algorithms and includes details on how the variable
parameters in the SOM were tuned.

A. Benchmark Planner Example

A sample BP tour, shown in Fig. 6, was generated using the
Year2 taskflag file Ttarget � 80 days and starting from star 1 in the
catalogue. The star index numbers from themission catalogue can be
seen next to the stars’ ecliptic coordinates. The stars are joined by a
dashed line (--), and arrows (!) represent the direction of travel. For
clarity the tour data are given in Table 4. The stars are represented by
their index numbers in the mission catalogue. Task 1 represents a
detection task and tasks 2, 4, and 6 represent the less than 7:2 �m,
9:2–10 �m, and 13:2–17:2 �m spectroscopy tasks, respectively,
(as in Table 1). The time row represents the cumulative completion
time of the task at each star (incorporating the maneuver time to
retarget to the star). The entire tour takes 90.12 days to complete and
with 18 tasks gives R� 0:1997 tasks=day.

The tour is very dynamic with large retarget maneuvers imple-
mented both in increasing and decreasing ecliptic longitude. This is
because the field of view moves very slowly in relation to the
frequency of the tasks scheduled and the maneuver time is signifi-
cantly less than the observation time. There are a number of parts of
the tour that involve multiple retargets between two stars performing
detection tasks (i.e., between stars 62 and 63 and between stars 63
and 56). This is due to the constraint that prevents detection tasks
being scheduled consecutively. This implementation of the detection
task scheduling constraint (Table 3) creates a scheduling situation
that is unlikely to be replicated on a real mission, as the detection task
repetition rate would have to be far lower than that simulated here.

Performance data for tours generated using the BP at other stages
in the mission are shown in Table 5. For this data all the tours start at
the same place, star 1 in the mission catalogue. The difference in
Ttarget for the different mission stages is partly to allow for long
enough tours to be generated (because near the end of the mission
only the longer spectroscopy tasks will remain to be scheduled) and

Table 4 Sample benchmark tour (Year2, Ttarget � 80 days,

Startstar� 1)

Star Task Time, days

1 1 0
40 1 2.43
56 1 4.85
404 6 8.30
56 1 10.76
62 1 13.18
63 1 15.59
62 1 18.00
63 1 20.41
56 1 22.84
63 1 25.26
67 4 29.22
1 4 33.20
52 4 39.85
74 4 46.48
82 2 57.37
37 2 68.28
117 2 79.21
106 2 90.12

Table 5 Performance data for the BP algorithm

Taskflag Year0 Year1 Year2 Year3 Year4

Ttarget, days 5 40 80 160 320
R, tasks=days 3.298 1.553 0.200 0.051 0.039
Mean task duration, days 0.303 2.386 5.301 10.384 25.397
p 17 63 18 9 17
pwaits 0 0 0 0 4

Fig. 7 R vs I for Year2, Ttarget � 80 days, Startstar� 1.
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partly to ease the computation burden on the stochastic SOM (a large
Ttarget for Year0 takes a long time to calculate due to the number of
available tasks and the short duration of those tasks). The data show
an apparent performance decrease as the mission progresses. This is
to be expected as the availability of shorter tasks decreases as the
mission progresses resulting in an increase in themean task duration.

B. Tuning the Science Operations Module

The SOM has two tunable parameters that affect its performance
and its computational burden. The first is the standard deviation of
the random number generator � used in the vertex selection process.
A high � increases the likelihood a longer duration vertex will be
chosen whereas a small � decreases that likelihood. However, �
cannot be too small or else no choice is available and the algorithm
emulates the BP. The second parameter is the number of iterations I
that are performed before the tour is selected. The time required for
each iteration to complete depends upon Ttarget and the mission stage
selected. For example, the longest iteration duration would be for a
high Ttarget at stage Year0. Better performing tours are found using
more iterations but at a cost of calculation time. Tuning � and I is
important to achieve the best balance between performance and time
efficiency for the SOM.

1. Tuning the Number of Iterations I

The first parameter to tune is the number of iterations I. Figure 7
shows the relationship between the number of iterations and the best
tour performance. The data were generated for mission stage Year2,
Ttarget � 80 days, and starting at star 1 in the mission catalogue and
� � 1. The data points (
) represent the 20 generated tours for each I,
and the data points (�) represent the mean. The line represents a
logarithmic best fit of the mean. As expected, tour performance
increases with increasing I. However, because of the logarithmic
nature of the progression, the differences in R at high numbers of
iterations become very small. Because the calculation time
associated with I follows a linear trend, the SOM appears to operate
within the law of diminishing returns. Doubling the number of
iterations at high I only marginally increases the tour performance.
This trend is also seen for the other mission stages and leads
to a trade-off between maximizing I for tour performance and
minimizing I for calculation efficiency. Comparing the tour perfor-
mance for 10,000 iterations in Fig. 7 and the benchmark tour cost
from Table 5 for the Year2 mission stage, it is clear to see that the
mean SOM performance is approximately 50% less than the BP. By
increasing I for the calculation the SOM should eventually be able to
match the BP’s tour performance, and further increasing I will
eventually lead the SOM to the globally optimal tour for the initial
conditions.

Table 6 shows the length of calculation time required by the SOM
to reach the benchmark performance values from Table 5. Assuming
the logarithmic best fit of the mean data from theR vs I data continue
to be valid as I increases, the best fit equations are used to extrapolate
the number of iterations required to reach the benchmark R. Mean
iteration duration data for each mission stage are then used to
calculate the time required to obtain performance results similar to
the BP. The calculation times in Table 6 show that the calculation
time required by the SOM to attain the benchmark performance ratios
varies from approximately 3.6 h to an unattainable 11 million years.
Table 6, therefore, shows that increasing I is generally not a feasible
method to increase the performance of the SOM and that tuning �

from a value of � � 1 is the only other alternative. This tuning,
however, does require a fixed value for I.

Because the SOM is designed to run during the observation phase
of theDarwinmission there is a limit to how long the calculations can
take. In Table 1 the 10–13:2 �m spectroscopy task forM-type stars
is the shortest observation at 0.116 days (approximately 10,000 s),
therefore the SOM cannot not take any longer than this to complete
its search for a tour. The most appropriate limit, therefore, is to
impose a 10,000 s calculation time limit rather than a number of
iterations limit. This calculation time limit was used for all further
SOM calculations in this paper.

2. Tuning the Standard Deviation, �

From the I-tuning analysis it is shown that when � � 1 the SOM is
unable to find tours performing better than the benchmark without
violating the calculation time limit. This is because the size of �
determines the size of the solution space that algorithm has to search
though. If the solution space is too large then the algorithm cannot
find the “good” tours due to all the “bad” ones also present. Reducing
the size of � decreases the size of the solution space making it less
likely for bad tours to be generated. � however cannot be reduced
indefinitely as there is a minimum boundary �-value that causes the
SOM to emulate the BP. This can be seen in Fig. 8. The chart shows
mean tour performance for varying � for the Year1 taskflag with
Ttarget � 40 days. The standard deviation is plotted on a logarithmic
scale whereas R is plotted on a linear scale. The data points (�) are
the mean performance from 20 repetitions of the algorithm. The
individual repetition data are not shown as the spread is indiscernible
from the mean data points. Also shown is the benchmark per-
formance for Year1 at 1:5533 tasks=day represented by a dashed
line.

The data in Fig. 8 show that the performance increases with
decreasing � surpassing the benchmark performance between � �
0:1 and 0.2. Decreasing � past this point increases the performance to
a maximum (� � 0:07) before it falls again to the benchmark value.
This shows thatwith careful setting of � the SOM is able tofind better
performing tours than the BP within the 10,000 s calculation time
limit. These results are the same for the other mission stages except
the � value that generates the highest performing tour changes.

Table 7 shows how the optimal � changes at different mission
stages by decreasing from 0.1 to 0.03 throughout the mission. This is
due to task availability at each stage of the mission. Because of the
large number of available tasks early on in the mission, the long
duration tasks are very unlikely to be selected and so a relatively large
� can be maintained. Later on in the mission, however, task
availability is greatly reduced, and so the likelihood of selecting a

Table 6 SOM tour performance extrapolation

Taskflag Logarithmic fit equation Benchmark R, tasks=day Iterations required to
reach benchmark

Mean iteration
duration, s

Time to reach
benchmark, h

Year0 y� 0:0154 ln �x� � 3:0853 3.2977 �9:76 
 105 0.623 �169
Year1 y� 0:034 ln �x� � 0:0858 1.5533 �5:55 
 1018 0.064 �9:86 
 1013

Year2 y� 0:0076 ln �x� � 0:0269 0.1997 �7:49 
 109 0.048 �99866
Year3 y� 0:0018 ln �x� � 0:0271 0.0510 �5:84 
 105 0.042 �6:81
Year4 y� 0:0027 ln �x� � 0:0078 0.0389 �1:00 
 105 0.131 �3:64

Fig. 8 R vs � for Year1, Ttarget � 40 days, Startstar� 1.
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long duration task is greatly increased. Reducing � lowers the chance
of a long duration task being chosen. If the same � is maintained
throughout the mission then tour performance will suffer in the
later stages. If � is allowed to decrease, however, maximum tour
performance can be maintained.

C. Science Operations Module Example

A sample SOM tour is shown in Fig. 9 generated using the Year2
taskflag file, Ttarget � 80 days, and starting from star 1 in the
catalogue (the same initial conditions as the exampleBP tour, Table 4
and Fig. 6). The star index numbers from the mission catalogue can
be seen next to the star’s ecliptic coordinates. The stars are joined by a
dashed line (--) and arrows (!) represent the direction of travel. For
clarity the tour data are given in Table 8. The stars are represented by
their index numbers in the mission catalogue. Task 1 represents a
detection task and tasks 2, 3, 4, and 6 represent the less than 7:2 �m,
8–9:2 �m, 9:2–10 �m, and 13:2–17:2 �m spectroscopy tasks,
respectively. The time row represents the cumulative completion
time of the task at each star (incorporating the maneuver time to
retarget to the star). The entire tour takes 81.62 days to complete
and with 18 tasks gives R� 0:2206 tasks=day. Although the BP
example tour also scheduled 18 tasks it took an extra 8.5 days to
complete; therefore, the SOM example is a much better performing
tour.

VII. Planning Algorithm Comparison

In this section the SOM and the BP algorithms are compared to
assess their abilities in solving the science task assignment problem.
A comparison of the data from the BP analysis and the SOM analysis
can be found in Table 9. For each mission stage the mean task/time
ratio (RSOM) for the SOM algorithm from Table 7 is compared with
the BP algorithm results (RBP) from Table 5. The performance
increase is a measure of how much larger RSOM is than RBP as a
percentage of RBP. The difference between RSOM and RBP and the
mean task duration D (taken from Table 5) is used to calculate the
mean rate of extra observation time gained (hours/day) during each
mission stage if using theSOM instead of theBP to plan the schedule:

_O� 24 
 �RSOM � RBP�D (20)

The data in Table 9 show that by tuning the number of iterations
(or fixing the calculation time) and the standard deviation � the SOM
is able to outperform BP in task scheduling. The increase in per-
formance varies for different mission stages. This is partly due to the
different task availability and task characteristics at each mission

stage and partly due to the starting star of the tour. The Year4 data
from Table 9 show no significant increase in tour performance using
the SOMover the BP. This is due to a combination of the starting star
of the tour (described in the following) and the fact that near the end
of the mission there is simply little choice available in scheduling the
tours (only 60 tasks remain for Year4, Table 2). With this lack of
choice and the fact that the remaining tasks will all have similar
duration times increases the likelihood that the BP and SOM tours
will have similar performances.

Another factor affecting the performance variations is the starting
star for the tour. The SOMwill produce very similar performing tours
for starting star indexes adjacent to one another in the mission
catalogue because the task availability for these starting stars will be
roughly the same. For starting stars separated my many degrees of
ecliptic longitude, however, tour performance (and comparison with
the BP) will vary noticeably. Table 10 shows comparison data
generated exactly the same way as for Table 9 but with the starting
star at star 336 in the mission catalogue. The ecliptic longitude of
star 336 is approximately �90� from star 1. The performance
increases in Table 10 aremuch lower than in Table 9 emphasizing the
effect of the tour starting star on the comparative performance of the
SOM. The data show, however, that the SOM has a performance
increase over the BP over all mission stages, and comparing other
tours generated with different starting stars confirms this. The SOM,
therefore, is able to consistently outperform the BP (with varying
degrees of performance) for all mission stages and all tour starting
stars.

In real terms the performance increase can be described as the
increased observation rate for a schedule optimized by the SOM. The
last rows in Tables 9 and 10 show this rate using the mean task
duration from Table 5. The data show that up to 3 hours=day extra
can be assigned for science observations when schedule planning
using the SOM. This demonstrates the SOM’s ability to generate
tours that are more time efficient, maximizing observation time
and the number of observations performed, hence minimizing the
time taken to perform the reconfiguration maneuvers to move the
formation from one task to another.

Table 7 Change of optimal � with mission stage

Ttarget, days Optimal � RBP, tasks=day Mean RSOM,
tasks=day

Year0 5 0.1 3.2976 3.6241
Year1 40 0.07 1.5533 1.5996
Year2 80 0.07 0.1997 0.2204
Year3 160 0.04 0.0509 0.0557
Year4 320 0.03 0.038904 0.038905

Fig. 9 Sample SOM Tour for Year2, Ttarget � 80 days, Startstar� 1.

Table 8 Sample SOM tour (Year2, Ttarget � 80 days,

Startstar� 1)

Star Task Time, days

1 1 0
400 4 3.97
404 6 7.38
404 3 16.83
1 4 20.80
56 1 23.24
40 1 25.66
62 1 28.08
63 1 30.49
62 1 32.91
67 4 36.86
52 4 43.49
63 1 45.91
56 1 48.33
37 2 59.23
74 4 65.87
56 1 68.28
63 1 70.71
82 2 81.62
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VIII. Further Development

A number of the complex timing constraints introduced in Sec. I
have not been implemented in this version of the SOM (Table 3).
This has partly to do with a lack of information regarding these
constraints and partly a desire to simplify the problem to give the
algorithm a performance that would enable its operation onboard a
spacecraft. The constraints not modeled include calibration time,
detection task scheduling, planet detection analysis time, and the
planetary orbital characteristics. Constraints partially modeled or not
implemented include the maneuver time and the science task
weighing. Fully implementing these constraints would provide a
much more accurate tour reflective of the Darwin mission.

1) Detection task scheduling and the planetary orbital character-
istics could be modeled by giving each of the tasks a time range in
which they can be executed. This range would be calculated for each
task to ensure the correct order of tasks performed (i.e., detection
before spectroscopy), appropriate task separation (i.e., between
detection tasks), and correct planetary alignment (i.e., to avoid
occultation or transits during observations). The time range would
be referenced during the core algorithm (Sec. IV.B, the reduction of
Vi to Ui) and only tasks for which time range included ti would be
selected forUi. Should a time range pass and the task not completed,
then the time rangewould need to be updated for the next appropriate
range.

2) The calibration time constraint could be implemented by adding
this duration to Eq. (1).

3) Planet detection analysis time could be implemented in two
ways. In one implementation spectroscopy tasks are simply
unschedulable (through the use of a flag) until detection has been
confirmed. This is simple to implement but will give less accurate
schedules due to the unknown analysis duration. In another imple-
mentation the time range concept introduced previously can be used
with the time range offset to account for a standard or expected
analysis time.

4) A more accurate maneuver time can be modeled by including a
maneuver planning algorithm (such as the PAM [25,26] or the TDM
[26] introduced in Sec. III). The inclusion of this algorithmwould not
only give more accurate maneuver durations but also allow for the
analysis of other concepts, like fuel consumption. The disadvantage,
however, would be the increased complexity of the algorithm de-
creasing thenumberof iterations thatcanbeachievedwithinanygiven
time limit and, therefore, affecting the algorithm’s performance.

5) Finally, the science taskweighting can bemodeled as suggested
in the problem formulation (though not implemented in the analysis).

IX. Conclusions

The science operationsmodule (SOM) and the benchmark planner
(BP) are two algorithms that aim to solve the science task assignment
(STA) problem for separated spacecraft interferometry missions
like Darwin. This paper has introduced the SOM as part of a larger
maneuver planning architecture (MPA) that aims to solve the
optimal spacecraft formation flying maneuver planning problem at
all levels including task scheduling, station keeping, and formation
reconfiguration. Analysis of the SOM shows that with careful tuning
of its two variable parameters it is capable of generating science
operations schedules that outperform the simple BP (when the
performance metric is to maximize the ratio between the number of
observations scheduled and the time taken to complete the schedule).
Though the performance increase varies greatly depending on the
starting star for the schedule and themission stage, the SOM is able to
increase the amount of time spent performing science observations
by up to 3 hours=day. This emphasizes the necessity for science
operations planning for separated spacecraft interferometry missions
when the total number of possible observations far outweighs the
mission duration.
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