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SUMMARY

Mission planning is a complex motion planning problem specified by using Temporal Logic con-
stituting of Boolean and temporal operators, typically solved by model verification algorithms with
an exponential complexity. The paper proposes co-evolutionary optimization thus building an itera-
tive solution to the problem. The language for mission specification is generic enough to represent
everyday missions, while specific enough to design heuristics. The mission is broken into compo-
nents which cooperate with each other. The experiments confirm that the robot is able to outperform
the search, evolutionary and model verification techniques. The results are demonstrated by using a
Pioneer LX robot.

KEYWORDS: Evolutionary robotics; Robot motion planning; Mission planning; Cooperative co-
evolution; Genetic algorithm.

1. Introduction
Imagine working in a modern futuristic office that provides a robot instead of a human peon to carry
out all the clerical jobs. A typical instruction you would give to the robot is to: Deliver five papers to
five different people, get an approval from any of your project investigators and then to get the consent
of the head of the department, to take attendance of students operating at different laboratories,
meanwhile to also check for office mail, and simultaneously to also get you some stationery from
the office after the request for stationery has been approved by the administrator and the list of
requirements has been gathered from all the sub-ordinates. The other workers in the office may
have similar requirements given to the robot via a web interface. The robot must be able to plan its
sequence of actions so as to cater to all the requirements, while optimizing the total span of time
it takes to complete all the tasks. This problem is called as the mission planning problem, while
the complex task given to the robot is called as the mission. Classic robotic systems believed that
any robotic problem can be decomposed into going to the site of interest, doing some manipulation
and coming back. This is called as the classical problem of robot motion planning which is to find a
solution to the query “Go from A to B avoiding obstacles”."> The mentioned unit tasks in the problem
involve interaction and manipulation along with mobility, which is also now a rather solved problem.

The context of application is service robotics, wherein the robots are required to render a number
of services in a home or office environment. The instructions given to the robots are complex expres-
sions written in a formal language, representing the problem and the constraints of the problem. The
robot must solve for the problem statement and get a sequence of steps to be performed in order to
fully solve the problem. This constitutes a higher level problem that is expected to be solved by the
robot and is called as the problem of mission planning.

Any general mission is a specification using Temporal Logic,>* which consists of Boolean oper-
ators (and, or, not) and temporal operations (next, eventually, globally, until). The given Linear
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Temporal Logic (LTL) formula can be converted into an automaton. The transition system speci-
fies the feasibility of transiting from one state to the other. The problem is hence to find a string
representing a solution, which is accepted by the automaton representing the temporal logic and the
specified transition system. The approach is widely used, however suffers the problem of complexity.
The conversion of the temporal logic into an automaton has an exponential complexity with respect
to the number of propositional variables. Further, most solutions do not cater to optimality.

Currently, the model verification techniques are widely used for mission planning, the futuristic
scenario will see far too many users that will explode the number of proposition variables and render
the model verification techniques as useless. In this paper, the approach is hence to use evolution-
ary computation for the problem of mission planning. The evolutionary computation techniques are
probabilistically optimal and probabilistically complete. They are hence good candidates to solve
problems with a very large number of variables.

Evolutionary computation has found its application in a large number of planning and scheduling
problems. The current problems being solved by using evolutionary computation are generalizations
of the generic Travelling Salesman Problem and do not have temporal constraints. The generic heuris-
tics and methods used do not hold good for the case of temporal constraints. The aim here is to hence
use evolutionary computation for the aspects of scalability, probabilistic optimality and probabilistic
completeness; while to also enable a better generalization of the problem by allowing more realistic
and complex problems to be specified by using a formal language.

Evolutionary computation cannot simply replace the search operation to solve the full class of
problems that can be represented by LTL, because the development of a system for verification of
the solution is still exponential in complexity. Hence, a new language is proposed to represent the
mission. The language designed should have the characteristics of representing a wide variety of
missions of everyday life, while being verifiable in a polynomial time. Further, the language should
have some structure that can be exploited as heuristics by the search technique. In this paper, a
language is proposed that ensures all the characteristics.

Cooperative evolution®® is a very useful technique to evolve good components that make up the
complete problem. Each component has its own evolution system undergoing selection, crossover,
mutation and other evolutionary operators. However, the fitness of a component is not assigned based
on its own individual goodness, but based on how well does it cooperate with the other components
to best solve the particular problem. A related problem is competitive evolution wherein the different
solutions compete with each other by assignment of a fitness relative to the performance of the
solution when competing with the other solutions. The different solutions therefore encourage each
other to improve themselves by developing good characteristics.

The main contributions of the paper are: (i) A new language is proposed for the specification
of missions inspired by real-life scenarios. (ii) A co-evolutionary approach to mission planning is
proposed which is scalable to a very large number of mission sights, while being probabilistically
optimal and probabilistically complete. The co-evolutionary optimization attacks the problem struc-
ture for the design. (iii) Structure of the problem is exploited to design heuristics for good initial
population generation and evolution. (iv) Results are shown over very large problem sizes, unsolv-
able by all known solvers to similar problems. The proposed approach easily surpasses search-based
approaches, model verification-based approaches and other evolutionary approaches. Overall, the use
of evolution for such a problem is a very new approach to the best of the knowledge of the author.
(v) Results are demonstrated on the Pioneer LX robot using ROS framework.

2. Related Works

To the best of the knowledge of the author, the paper is the first attempt to solve such complex
missions using evolutionary computation and therefore there is no direct related work. However, it
is necessary to understand the independent advances of the two communities of model verification-
based mission planning and evolutionary planning, so as to appreciate the proposed work.

The well-adopted mechanism of solving the problem is by the use of model verification techniques
with an exponential complexity. Kress-Gazit et al.” used LTL specification as a mission to generate
a controller for the robot in both discrete and continuous domains, while also extending the work to
the multi-robot scenarios. In another work, Lahijanian et al.® incorporated the use of probabilities to
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compute a mission plan only if all components of the plan adhere to the probabilistic safety spec-
ified by the user. The LTL language was so generalized to incorporate probabilities. The transition
probabilities were learnt by using Reinforcement Learning. While many papers of the domain do
not account for optimality, the work of Svorenova et al.” modelled preferences and rewards so as
to always focus the search towards the states satisfying the goal criterion, while also maximizing
for the rewards. Lyons et al.!” further introduced uncertainties and made a framework for mission
verification with multiple robots. While the current results in this cluster are very encouraging, the
approaches can never scale up to the level of future demands due to the exponential complexity
involved.

Efforts are however made to generate quality solution in small computation times. Bhatia et al.'!
used sampling for the low-level planning. They also showed the phenomenon of exploration of the
transition system to provide more information to make the plans at the higher level so as to satisfy
the mission specification converted into an automaton. The work was also extended12 to the use of
hybrid nonlinear dynamics and a lazy evaluation of the high-level plans by the low-level planner.
In another similar work, McMahon and Plaku'® proposed the use of heuristics to guide the expan-
sion of the search tree. The aim was to get a solution early, while to also get a solution of low cost.
Jeong et al.'"* proposed the use of Q-RRT* algorithm that quickly finds a solution and then con-
verges to the optima. The algorithm was used for directing robots operating using a Developmental
Episodic Memory-based Mechanism of Thought implemented using Adaptive Resonance Theory-
based network. Heuristics are also used in solving problems of task planning and geometric planning
in an integrated manner,'> while task planning closely represents missions. Some overall mecha-
nisms of task planning and interactions with low-level planners are shown in the work of Maraghy
and Rondeau.'®

The other community is planning using evolutionary computation, for which the most relevant
approaches come in the use of cooperative co-evolution. However, the approaches have only solved
the problem of multi-robot motion planning and not the problem of mission planning involving the
robots to visit a set of mission sites, which have Boolean and temporal constraints. Wang and Wu'!”
presented such a framework wherein multiple robots were planned in a co-evolutionary framework,
with the inter-robot collisions or collisions with any obstacles handled by penalization. Each robot’s
path denoted a component, while representatives of a component were used for fitness evaluation
of the other component. Similarly, Dongyong et al.'® presented another co-evolutionary framework,
while using multi-objective criterions for fitness assignment. Kala'® used Grammatical Evolution
while co-evolving paths for multiple robots. A memory-based unit stored optimal paths between
node pairs, which was used to speed up optimization. The robots moved in a maze-like structure and
had to cooperate so as not to block each other on the way. In all these contexts, the robot solves for
a classic motion planning problem. Zhang et al.® solved the problem of Air Traffic Management
in which the aircrafts were dynamically grouped and an optimal trajectory was computed by co-
evolution. Berenson et al.?! solved the problem of robot grasping in which three populations were
maintained for source configuration, goal configuration and grasps. The populations cooperated with
each other to optimize the grasping points which were connected using RRT as planning algorithm.
Similarly, Curkovié¢ and Jerbi¢?? modelled the two arms of a robot as populations that cooperated
with each other for planning. The solutions are not generalizable to represent mission planning.

However, using evolutionary computation, some other works solve for missions. In all cases, the
missions are very specific and mostly representing a Travelling Salesman Problem. A generic mis-
sion planning representing Boolean and temporal constraints is yet to be solved by any evolutionary
technique. Xidias et al.?* solved for a group of robotic vehicles visiting a set of robotic sights using
a centralized genetic algorithm. The centralized approach solved for all objectives and constraints
simultaneously. The approach was also extended to incorporate constraints and the use of Bump sur-
faces.?* Kala® used an optimization-based approach to avoid the collision between the robots. The
initial planning was done independent of the robots, while the mutual collisions were resolved using
optimization. Similarly, Xiao et al.?° presented an evolutionary framework for the generic problem of
robot motion planning. In a different sense, Shirazi and Jin?’ used Delaunay triangulation for global
motion planning and a heuristic approach for local motion planning for motion planning of a swarm
of robots. Kala?® solved the problem wherein a team of robots was asked to compulsorily visit a
set of mission sights. From an evolution perspective, the problem was equivalent to a combinatorial
optimization (optimize the visit order of the robots) and a parametric optimization (to assign robots
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to each mission sight). Some temporal constraints in optimization are also shown in ref. [2-39], which
however represent constraints as a geometric (or continuous variable) and not at the task or mission
level.

In another related work, Tsiogas and Lane®' solved a similar mission planning of Correlated
Team Orienteering, wherein a collection of robots was supposed to visit a number of sites, while
maximizing the reward along with some user-specified timing criterions. The authors optimized the
sequences, while also satisfying the resource constraints. Lamont et al.?” first solved the hybrid prob-
lem of route planning and path planning of an aerial vehicle. Thereafter, the trajectory was used for
the motion of a swarm of robotic vehicles. Similarly, Geng et al.>* also made an aerial vehicle solve
the complete coverage problem by visiting all possible sites. The authors first optimized the route and
then the robotic trajectory. Yu and Cai** took the mission of robot exploration, wherein a robot was
supposed to explore and visit a number of sites. The authors used Heterogeneous Interactive Cultural
Hybrid Algorithm, wherein the bounding ceiling spaces were used along with a user interface for a
better performance. Baalbaki et al.>> optimized for assignment and scheduling problem associated
with the multi-robot missions, wherein a type of mission could only be given to some types of robots.
Again, the robots had to collectively solve for all possible tasks in the mission. All such missions and
problem modelling represent a Travelling Salesman Problem constrained by kinematics only, and the
generics of Boolean and Temporal Constraints cannot be easily fed in.

3. Language for Mission Specification

The language is inspired by the everyday requirements of home and office. The language defines a
sub-task as a logical construct of mission sights or places to visit (which in a classical sense serve
as a propositional variable). This makes it possible to state sub-tasks such as visit any three sights,
any two of a group of sights, etc. The fask is defined as a temporal ordering of sub-tasks, which
makes it possible to order the robot to do something followed by something else, and so on. A
mission is a collection of tasks that can be solved in parallel. Consider the example: Get an approval
from any of your project investigators and then to get the consent of the head of department, to
take attendance of students operating at different laboratories. Here the sub-tasks “get an approval
from any of your project investigators” and then “get the consent of the head of department” make
a task which must be performed one after the other, which together with the other task (of only one
sub-task) “take attendance of students operating at different laboratories” make a mission. Complex
English statements can be easily represented by simple logical constructs making a sub-task.

It may sometimes appear that the optimal solution of a task is simply appending the optimal
solution to sub-tasks one after the other. However, the starting location of a sub-task depends upon
the ending location of the previous sub-task, and hence it may be useful to sub-optimally solve a
sub-task so as to end the sub-task at a preferable place for the start of the next sub-task. As in the
above example, delivering paper to some Mr. X at the end may be preferable if his office is close
to the head of department, while a typical Travelling Salesman solution may not call this strategy
as optimal. Similarly, for multiple tasks, solving one task after the other may not be optimal as two
tasks may have related sub-tasks. So, taking attendance from the Robotics Lab just after visiting
Mr. X who sits close to the Robotics Lab is suggestive.

A sub-task (@) is simply a propositional logic of mission sights, given by the grammar (1).

pr=0 (1)
ou=0AoloVol|lo|(o)
o ::=001]002|003]004] . .. ... Qo
Here A is the ‘and’ operator, V is the ‘or’ operator, ] is the ‘not’ operator, ¢ is the ‘eventually’
operator from Linear Temporal Logic (LTL), n is the number of mission sights.
The verification whether a string s satisfies the sub-task given by grammar (1) is simple. First, the

truthness of the terminals is asserted, given by Eq. (2). Here, s(¢) represents the tth character of the
string.

s|=00;iffAr 15 (1) =0; 2)

This is done by making a hash table and marking all the characters in string s as true with a
complexity of O(Jo|+ |s|), where |o| is the maximum size of a sub-task and |s| is the maximum
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length of the string. Replacing all terminals with true or false gives a Boolean expression which can
be easily solved. The expression is first converted into postfix, and then evaluated.

A task () is an ordering of the sub-task wherein all specified sub-tasks must be performed in
the same order, given using the sequencing formulation of LTL, given by Eq. (3). The task can be
understood by the word “then” with the task ¢ specifying perform ¢; then ¢, then ¢3 and so on.

Y =0@1 A2 AO(B3 A -.))) 3)

Similarly, the verification of a string s against a task needs to be ascertained. Let ¢; be the ith sub-
task in the task 1 and let v; be the first index in the string at which the sub-task ¢; is entailed. v; may
be calculated by Eqgs. (4) and (5). Here, s(i : j) denotes the sub-string from index i to j.

_)min; (s (1:))[=¢1) ifs|=¢
el _{ 00 otherwise )
ifvi_ # 00,
, min;(j:s (Vi1 +1:)) [=¢i) s (vi-1 + 1:end) | = ¢y, )
! i>1
00 otherwise

Here, s consisting of sub-tasks ¢, @2, @3 . . . ¢, entails ¥ if v,, # oo. Here, m is the number of sub-
tasks in the task. The algorithm has a complexity of O(|o|.|s| + |s|?), since the sub-task verification
algorithm is called for all sub-strings whose size is under |s|, for a maximum of |s| times.

A mission (x) is defined as a collection of tasks, which must all be performed in any order and
any part of a task or sub-task may be performed anywhere in between another task or sub-task. The
mission is given by Eq. (6). The mission x can be read as perform task | and ¥, and yr; and so on,
in any order.

x =01 AOY2 A0V (6)

Here, p is the number of tasks in the mission. A string s entails the mission simply if it entails every
task specified in the mission given by Eq. (7).

s| = Ox iff s| =, Vi (7

Correspondingly, the complexity of a mission verification system is O (|y/|.|o|.|s| + [y||s]?), where
|| is the maximum number of tasks.

4. Evolutionary Search

4.1. Design philosophy
The problem is to generate a string that satisfies the mission. This can be naively solved by a genetic
algorithm. However, a very strong heuristic exists in the structure by which the language has been
designed. The different sub-tasks form sub-components that are only weakly cross-dependent on
each other. Consider that you are required to take signatures from any two of the three colleagues
(A, B and C) and then from any of the three deans (D, E or F). At first sight, it appears that the
problem can be decomposed into two independent problems of first taking signatures from any two
of the three colleagues, and to use the last colleague as the source of the new problem of taking
signature of any dean. However, if C sits closer to a Dean, it may be better to take his/her signature
at the end, in which case a Dean’s signature will be very easy to take. This does not mean that the
problem is actually completely dependent. If either of these sub-tasks were very complex, it was
better to solve them independently to get some good solution to sub-tasks and then to see how do
they integrate to form a good solution to the task. Co-evolution is hence used, wherein each sub-task
forms a component, which has its own evolution process including the initial population generation
and genetic operators.

The mission consists of a number of tasks, all of which must be solved. The simplest strategy is
to solve all tasks one by one, thereby completing the mission, which is of course far from optimal.
The problem is more complicated as any sub-task in a task may be solved in between any other
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task of the same mission. Further many sub-tasks may be redundant, in which case solving one task
may automatically solve a few others and no further attempt must be made. The co-evolutionary
framework on one hand helps in identifying structures that can be separated, however on the other
hand makes it difficult to check for these constraints.

The solution operates in a two-layer hierarchy, the slaves representing the co-evolutionary sub-task
solvers, and a master genetic algorithm representing the mission solver. The slave co-evolutionary
algorithm is used to generate good solutions to the sub-task. The sub-tasks together make a solution
of the task and thereafter the mission. Therefore, the sub-tasks do not have a fitness component
of themselves. However, the co-evolution style of working can be used for the generation of good
solutions which combine with other good sub-task solutions to generate an overall good mission
solution. Even though a naive implementation of co-evolution could be used for getting good sub-
task solutions, here the overall evolution of the sub-task using co-evolution is coordinated by a master
genetic algorithm. In principality, the master genetic algorithm fuses different sub-tasks together to
make a solution to a task, and the different task solutions to make a solution to a mission. The
master genetic algorithm is responsible for fusing the different sub-components produced by the
slave genetic algorithms evolving good solutions of sub-tasks into a single linear path that solves all
sub-tasks and tasks. The master genetic algorithm takes care of the characteristics noted above. The
two algorithms are naturally linked. The master genetic algorithm, as a population, has pointers to
different individuals of the slaves and the master genetic algorithm does not have its own strings as
population, since its only role is the fusion of slave solutions. The slave genetic algorithm relies upon
the master genetic algorithm for fitness evaluation. The master genetic algorithm indicates the good
solutions that can be formulated by a slave solution and the contribution of a slave solution in this
effect. This is used by the slave genetic algorithm for fitness computation.

4.2. Slave co-evolutionary sub-task solver

First, the easier component is discussed, which is the evolution of the sub-components in cooperation
with each other. This section discusses the complete evolution except for fitness computation. The
solution of a sub-task is a classic combinatorial optimization problem with the difference that not all
the mission sights as mentioned in the sub-task may be visited. On the contrary, only some of these
may be visited, whose number is unknown. Consider asking to visit any two of three colleagues, the
optimal length of the individual is two and not more. Hence the genetic individual is variable in size
and correspondingly the different operators are modified. Assume var(g) denotes the variables which
appear in sub-task ¢, excluding the variables which appear as a negation. The random individual
generated is a concatenation of random permutations of all variables of the sub-task.

The crossover operator is modified to account for the variable size given by Algorithm 1. The
basic motivation is to keep the count of mission sights in the first child same as the count of mission
sight in the first parent, and similarly with the second child. The combinatorial version first constructs
a map of the count of all the mission sights encountered as genes in both the parents. First half of
both the parents are given directly to the children, while the second half of the parents is given to the

Algorithm 1: CrossoverSlave(y, ¢,X,Y)
C1 <~ @, Cz <~
for i from 1 to len(X)/2, add X(i) to C;
for i from 1 to len(Y)/2, add Y (i) to C,
for i from len(X)/2 + 1 to len(X)

if X(7) ¢ C,, add X (i) to C,
for i from len(Y)/2 + 1 to len(Y)

if Y(i)¢Cy,add Y (i) to C,
while size(C;)<size(X)

0, random var(¢)

if o, ¢ Cy, add o, to C,
while size(C,) <size(Y)

o, random var(¢)

if 0, ¢ C,, add o, to C,
return C;, C,
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(a)

Parent 1:
Sequence : |
Source, 03,05, 7y, 0 Child 1:
Problem: ! .
; Co enes till
(Oay v 0a5) A (0 v  Crossover L;
0ag) A (Va3 v Oay) | Point crossover point
Parent 2: Child 2:
Sequence ! [ ] o] | | I
Source, oy, qs, 01, 03, 04
[ o[ o |i”| o [ o] Copy remaining
‘ points from the
other individual if
—_— gene not already
R ENEN Fill vacant Child 1: present
(@7 0 o 0,
S— genes «—
Child 2: randomly 1 i 2
lolo|alala] o] [a] | |
(b)
Mutation Parent Mutation Child
Mutation (swap two
[l o] o] o] identified genes) v Lo oo |a]

Fig. 1. Slave Genetic Framework. (a) Crossover. In crossover, the shaded genes (half) are directly taken from
the parents. The others are inserted from the other parent, only if the gene is not already present. So o3 could
not be inserted from individual 2 to child 1 and o, could not be inserted from individual 1 to child 2. The vacant
genes are randomly filled. (b) Mutation. Two random genes are swapped in the parent to create the child.

opposite child as long as the count of the mission sights does not exceed the count in the parent. To
match count of mission sights, the missing mission sights in the children as compared to the parents
are added in a random permutation.

The mutation operator simply swaps random genes. The algorithm uses crossover and mutation
to create the child population pool, which together with the parent population pool competes for
existence as the population of the next generation. Stochastic Universal Sampling®® with rank-based
expectation’”-38 is used for selection. One of the little programming challenges involved is to take
the mission specification as text, which would be suited for the user, and to parse the string to
identify tasks, sub-tasks and variables and to store them as relevant data structures. The problem
statement consists of a text with every task given in a new-line. Each line is first processed to extract
all sub-tasks. The task string is continuously broken around the “then” operator, until all sub-tasks
are extracted out. The identification of all variables in the sub-task text is done by a regular expres-
sion that extract tokens between operators. In order to check whether a string satisfies the sub-task,
similarly, all variables are replaced by the ground truth available from the string. The string is then
converted into a postfix expression and solved. A typical individual, crossover and mutation operators
are explained in Fig. 1.

4.3. Master genetic algorithm

Co-evolution only generates good components and leaves the task of selection of the components
in order to make a full qualified solution to the complete problem, which is another optimization
problem. Here, a master Genetic Algorithm is used that continuously hunts for better solutions by
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Master Genetic Algorithm Individual (embedded on problem)

do subtask 1 then subtask 2 then subtask 3 Order
O v 0as) A 0oy v Qag) A (Vo3 v Qay) Ooy v Qo Qo) 1
Task 1 /‘\B E] 2
[ [ [ m .
v
Task 2 (bos 02) ~E ( \ i
v Qa3 v Ooy Ooy A Qo3 \ 3
Task 3 / H
ﬂ\ I
]
]
Slave Genetid\Algorithm Fopulation Poo l'
Do subtask 1 then \ subtask 2 then subtask 3 \ 'l
! .'
Task 1 HEEL M i
]
I
I
I
Task 2 } ) 'l
- .'
', I
Task 3 I N l'
1
\ g 1
'. P '
Slave Population Pool
Gene (pointer) for master p Order: Do 1st subtask of task 1, then
individual for task 2, subtask 1 for Task 2 subtask 1 1st sub-task of task 2, then 2nd sub-
task of task 1, then 1st sub-task of

task 3, then 3rd sub-task of task 1,
then 2nd sub-task of task 3.

Fig. 2. Co-evolutionary Mission Solver. The table at the bottom of the figure represents the slave population
with a population pool (shown in every cell) for every sub-task inside a task and an individual representation
as given in Fig. 1. Each cell of individual (shown in the table at the top of the figure) is a pointer to a random
individual in the corresponding slave genetic algorithm population. Order is a sequence of highlighted text.

selecting the sub-components from a slave co-evolutionary setup. Hence two evolutions run in paral-
lel, a co-evolutionary framework that generates good diverse solutions to the different sub-tasks, and
a master genetic algorithm that selects the solutions for sub-tasks in order to make the solution of a
task and mission.

The major design issue in the master is the design of an individual. The design is presented in
Fig. 2. Let gol/ denote the ith sub-task of task j. The generalized mission specification is given by

Eq. (8).
x=0V1 AQYa A L0V, (3)

Ui =0 (dL A0 (PAA O (D5 A..)))

The master genetic algorithm holds a solution from the entire population for every sub-task in repre-
sentation. The master genetic algorithm also holds additional genes specifying the order in which the
sub-tasks must be solved. The order genes are added in addition to the choice of individuals spec-
ifying the solutions to the sub-tasks. Hence, let S denote the solutions of the sub-tasks taken from
the slave population and O denote the encoded order of sub-tasks, as two components of the master
population individual.

Let O denote the encoded order of sub-tasks of a problem in order to solve a mission. The sub-
tasks have a temporal relation in a task, meaning that one sub-task ¢; cannot be performed out of
sequence and has to be executed only after sub-task ¢;_;/ has been completed. Hence the encoding
of operation order of sub-tasks only contains the tasks. At time 7, the task O(¢) is executed, while the
specific sub-task inside O (¢) to be executed is the one as per sequence. Let Z(¢) denote the sub-task

that will be performed at order sequence ¢, a mapping from O to Z is given by Egs. (9) and (10).

AGET 9)
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l.:{count(O(t—j):O(t),1§j§t—l)t>l 10)

1 r=1

A constraint that must be satisfied for feasible setting of the encoding O, is that the size of O should
be the total number of sub-tasks contained in the mission and every task should have exactly the
same number of entries as the number of tasks that it has, given by Eq. (11).

p

size(0) = Z size (Y;), count (O(t) = ;) = sublen(Y;) (11)

i=1

Here, sublen(y;) is the function that returns the number of sub tasks in the task ;. The master genetic
algorithm is a simple genetic algorithm, whose initial population is generated by copying random
individuals from the different populations of the slave co-evolutionary framework. In addition, the
order is initialized, which is a random string satisfying constraint (11). The crossover operator used
is the uniform crossover technique,® wherein randomly approximately half the solutions to sub-
tasks are taken from the first parent and the other half from the other parent. The crossover of order
variables needs to be taken care of as a conventional combinatorial optimization problem with the
exception that variables will repeat, the count however must be constant. The technique is given as
Algorithm 2. The operator is also explained by Fig. 3.

Algorithm 2: CrossoverMaster(X,Y)

//Part I: For the solution to sub-task
XS« S(X), YS< S(Y)
CS] <~ ﬂ, CS2 <~
for i from 1 to len(X.S)
with 0.5 probability, add XS; to CS, add YS; to CS,
with 0.5 probability, add YS; to CS}, add XS; to CS,
//Part II: For order
X0 < 0(X), YO < O(Y)
CO] < @, COQ <~
M; (x) < count of x in XO M;(x) <— count of x in YO
for i from 1 to len(X0)/2,
add XO(i) to CO;, M1 (XO(i))«< M;(XO0(i))-1
for i from 1 to len(YO)/2,
add YO(i) to CO,, My (YO(i))< M (YO(i))-1
for i from len(X0)/2 4+ 1 to len(XO)
if M1 (XO(i))>0,
add XO(i) to CO,, M{(XO0(i))« M;(XO(i))-1
for i from len(YO)/2 4+ 1 to len(YO)
if ML (YO(i))>0,
add YO(i) to CO;, My (YO(i)) < My(YO(i))-1
L1 < @, L2 <~
for all i in M;
while M (i)>0, add i to Ly, M; (i)« M; (i)-1
for all i in M,
while M, (i)>0, add i to L,, M, (i)« M;(i)-1
add random permutation of L; to CO,
add random permutation of L, to CO,
C1 <—< CSl, CO] >, C2 <—< CSQ, C02 >
return Cy, C,

The mutation operator simply selects a different individual for one sub-task, sampled from the
individuals in the sub-task’s population pool. For the order component, the mutation is a simple
swap of two genes given by Algorithm 3. The operator is also described in Fig. 4.
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Fig. 3. Crossover Operator. The letters represent pointers to some individual in slave population as shown in
Fig. 2. The scattered crossover technique is used. For order, half the genes are directly transferred from the
parent, while the other half only if the number of occurrences in the child does not exceed the same in the
parent. So 3 from parent 1 could not be inserted in child 2. The remaining genes are inserted as a random
permutation of left genes.

Algorithm 3: MutateMaster(X)

//Part I: For the solution to sub-task

XS < S(X), r; < random gene

p<— random individual from PopulationSlave,;

XSrl ~Pp

//Part II: For order

X0 <« O(X)

r1 <— random gene in X0, r, <—random gene in XO
swap(X(r1), X(r2))

return <XS§, XO>

4.4. Fitness assignment

One of the most challenging tasks in the framework is the fitness assignment to the individuals, which
guides the evolution. This is done differently for both the master genetic algorithm and the slave co-
evolutionary algorithm. For the master genetic algorithm, the fitness evaluation is simply the cost
(distance) to complete all the sub-tasks, with a penalty proportional to the number of sub-tasks that
could not be completed due to infeasibility. However, care must be given that computation of fitness
shall solve for each sub-task only from the genes taken from that sub-task’s slave population. Hence
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Fig. 4. Mutation Operator. For any cell, the pointer is changed to a different slave individual, and for order any
two genes are swapped.

concatenation of all sub-strings into one string and using the fitness evaluation function detailed
previously is not a solution, as it will reward a slave individual if it also partly solves the next sub-
task in sequence, which may initially look good, but will hamper the structure of the problem and
hence the utility of co-evolution. The fitness function of master is given as Algorithm 4.

Algorithm 4: FitnessMaster(X)
if contains(H,X), return H(X)
XS < 5(X), X0 < 0(X)
counter(yr) <— 1V
() < VY
cost < 0, last <— 0, penalty < 0
for ¢ from 1 to size(SO)
Y<0(t), p < <pg;ffizm(0(t)), solved <« false
for i from 1 to size(SX,)
cost<— cost+d(last, XS, (7)), last< XS, (i)
for all task ¥,
it XS, (i)em (Y1), add XS, (i) to 7w ()
if satisfies(SX, (1:), @),
solved < true, break
if not solved, penalty <— penalty+1
7 ()< @, counter(yr ) <— counter(y)+1
return cost+a.penalty

The fitness function computation is a simple implementation of (4) and (5). The only addition
is that a penalty is added to the cost proportional to the number of sub-tasks not fulfilled by the
planner. Further, once a sub-string of the individual satisfies a mission specification, all subsequent
sub-strings are trimmed off as they are clearly unnecessarily increasing the cost of the solution. The
algorithm is given by Algorithm 4. Since the fitness computation is very complex, a hash table (H)
is used to store the fitness of all individuals. If an individual happens to be repeated, its fitness value
is given directly from the hash table.

For the slave population, the fitness assignment needs to assign a very good fitness if it appears to
be a very good solution of the sub-component as well as if it helps the other sub-components to be
very good, even though itself not being the best. Two metrics are used for fitness assignment for the
slave population. The first is substitution, wherein the best k individuals are taken from the master
genetic algorithm, and the sub-component in the same master population is replaced with the one
whose fitness is being evaluated. The change in fitness value due to this substitution, averaged over
best k individuals is measured. The second component of the slave fitness function comes from the
individual merit. The algorithm for the slave fitness function is given as Algorithm 5.

The slave population has a major responsibility of generation of good solution components and
hence the slave evolution is given a memetic framework by inserting a few iterations of a local
optimization algorithm. The fitness function for the slave is very computationally expensive, and
therefore not usable for even small number of iterations of the memetic framework. The aim in local
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Algorithm 5: FitnessSlave(yr, ¢,X)

N 0

for Y in best k master population individuals
2<—Y,Zy,<X
s1 < 51 + (fitnessMaster(Z) — fitnessMaster(Y))

s1 < si1/k

if not satisfies (X, ¢), penalty < 1,

else penalty <— 0

return s, + B/ X || 4+ o.penalty

optimization is not to add to the complexity of the algorithm. Each individual of the slave represents
a solution to a sub-task, and during local optimization a non-cooperative measure consisting of the
individual’s length (plus a heavy penalty for not solving the mission is used) is used which is compu-
tationally less expensive. If the individual so generated makes the individual worse when judged for
cooperation, the individual will not survive the selection and will die. This is especially very useful
in the initial generations when the population is random and good sub-task solutions can speed up
convergence.

4.5. Overall algorithm

The overall algorithm is given as Algorithm 6. In the algorithm, per is the random per-
mutation generator, [] denotes an ordered list, ‘ is taken as the list append operator,
[[¥1]sublency 1) [¥1Tsublen(y2)s - - - -[¥plsublen(y,) 1] denote an ordered list formed by concatenation of

Yy for sublen(yr)) times, vy, for sublen(1r,) times, and so on.

5. Experimental Setup
This section presents the additional modules and the complete experimental setup. The experiments
are done using the Pioneer LX robot on a ROS framework. The Pioneer LX robot was operated

Algorithm 6: Co-evolutionary Task Solver
Parse Mission Text
/Mnitialize Slave Population
for every task v, For every subtask ¢ in ¢
for j from 1 to slave population size
PopSlave,/,,q,j < random_permutation(var(¢))
/Mnitialize Master Population
for i from 1 to master population size,
for every task i, for every sub task ¢ in i,
Sy, ¢ < random individual from PopSlave,,, ¢
O < per([[V1]sublency 1)+ [¥1]subleny2),.... [¥plsublencyp) 1)
PopMaster' «<—<S, O>
Calculate Fitness of all individuals in master and slave
While stopping criterion is not true
//Master Genetic Algorithm
CrossoverMaster
MutationMaster
Fitness evaluation master
Selection Master
For every task v, For every subtask ¢ in v
//Slave Genetic Algorithm
CrossoverSlave(y, ¢)
MutationSlave(yr, @)
LocalOptimization(y, ¢)
SelectionSlave(yr, ¢)
Fitness Evaluation Slave (i, ¢)
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Fig. 5. Map along with Mission Sites.

using the ARNL libraries. The first step was to make a map of the robot, which is facilitated by the
presence of a lidar sensor and high-resolution encoders present in the robot. A SLAM algorithm does
the task of creating a map. The different sites of interest like classroom, offices, etc. were annotated
during the map creation. The different goals are edited using the Mapper3 software, which allows to
give descriptive names of the goals and to extract their coordinates. The robot needs to be initially
localized manually, if it does not start from home or the last position left. Thereafter, the robot is
able to continuously localize itself. The location can be easily computed by the robot using the
high-resolution wheel encoders along with the lidar scan used to map the readings with the known
map. The robot uses a mixture of deliberative and reactive planning in order to move. The planning
happens by finding a collision-free trajectory connecting the current position to the goal. The onboard
lidar senses any new obstacle and change of map, which is used to make a local map for navigation.
The goal is specified by using ROS messages given to the ARNL library.

The evolutionary algorithm designed needs input as the transition cost between all mission sites.
For the same, Probabilistic Roadmap*’ technique was used to convert the workspace into a roadmap,
the mission sites were added as additional vertices. The specific implementation was adapted from an
earlier approach.*! The roadmap so produced was used by a Floyd—Warshall algorithm to compute
the transitions between all mission sites. A Human Robot Interaction module was developed for the
robot that spoke the task to be performed to let the human understand. The robot planned its path
from any position to the immediate goal using planning on the static map initially built, over which
the sensor readings were mapped and reactively handled by the robot.

The area that could be tested was limited to three rooms only because of presence of stairs and
doors that the robot cannot negotiate. This mechanism to test the robot was extremely painstaking
and hence a synthetic map was created wherein many mission sites were randomly added. Further, a
utility was made to generate and visualize randomly generated missions. Testing was also done using
this simulation setup.

6. Results

6.1. Hardware results
The map produced by the robot is given in Fig. 5. The map also shows the mission sites. In order to
save space, only one result is being discussed.

e Task 1: A requisition needs to be signed by any one of the students and verified by any other
student from the same set for the usage of an equipment. The set of users consist of Divya (25),
Latika (26), Priyanshu (27), Heena (28), Bishnu (29), Mary (29) and Joey (6). The requisition must
then be photocopied for records at the copying station (7). The photocopy must then be returned
to any of the users from the same set of people.

e Task 2: Simultaneously a class needs to be prepared for which a marker is needed from the left
cupboard (23) and a duster from the right cupboard (24). Since it is a pleasant weather, only two
ACs out of the set Wall AC front (15), Wall AC back (16), Back right AC (17) and Back left AC

https://doi.org/10.1017/5026357471900081X Published online by Cambridge University Press


https://doi.org/10.1017/S026357471900081X

Robot Mission Planning 525
- L1 8 - '
w4 g N

*10
11

45 44 40 oD

*11010
*119 11 C— 111 g 1071 *103 9998

Fig. 6. Roadmap and mission sights.

(18) must be switched on, along with light switches (12) and classroom system (13). After the
classroom is prepared, inform the secretary Mary (4).

e Task 3: At the same time a student was involved in disciplinary action and a notice should be
given. The papers will be signed by GCN (1) and RK (1). A printout of evidence must be taken
from office PC(8). The notice must then be given to any one of the culprits, Racheal (21) or
Monica (22).

The results are supplied as a video at ref. [42]. The sequence taken by the robot is (i) Go to (6) Joey
for signature, (ii) Go to Mary (4) for verification, (iii) Go to copying station (7) to take a photocopy,
(iv) Go to Joey (6) to return the documents, (v) Go to Left Cupboard (23) to take marker, (vi) Go
to Right Cupboard (24) to take duster, (vii) Go to Classroom System (13) and turn it on, (viii) Go
to Wall AC Front (15) to switch on the AC, (ix) Go to Back left AC (18) to switch on the AC, (x)
Go to Light Switches (12) to turn on the lights, (xi) Go to Mary (4) to report classroom ready work
completion, (xii) Go to (2) RK to take a signature, (xiii) Go to GCN (1) to take a signature, (Xiv)
Go to Office PC (8) to take documentary evidence, and (xv) Go to Racheal (21) to serve disciplinary
notice.

6.2. Simulation results

The testing is also done over a very long synthetic scenario of a map representing a very big office
scenario with a resolution of 2000 x 1000. In order to test the algorithm, a very complex scenario
with 120 mission sights was taken, shown in Fig. 6.

A random mission generator was used using the operators A with a probability of 0.7, v with a
probability of 0.1 and sequencing operator with a probability of 0.2. The consecutive Vv was limited to
4. The sequence was generated as a “and of or” to minimize the simplification by the V operator. The
operands were random permutation of all the mission sights and 30% of the mission sights randomly
replicated. An abuse of notation is used by skipping the eventual operator, representing sub-tasks in
separate lines with ‘#” denoting the sequencing operator.

In order to save space, the simulations results are only displayed as a video,** which is self-
explanatory. The sub-tasks are listed one after the other and the tasks are listed at different places.
It may appear that the robot travelled long distances, while a Travelling Salesman Problem solution
would have been much smaller. This is exactly the problem with temporal constraints wherein every
sub-task is a small Travelling Salesman Problem and hence the robot is expected to make around 102
traversals, equivalent to the number of sub-tasks. The size considering all the sub-tasks, tasks and
repeated variables was 620, which is extremely large

6.3. Comparisons
In order to analyse the algorithm, six problems are randomly generated. The problem sizes are of
sizes 50, 75, 100, 125 and 150, considering only the distinct variables. The actual size is with a
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30% repetition of variables for sub-tasks and repeated over 2-5 tasks depending upon the size of the
problem. The stopping criterions are 4 min for the problems of sizes 50 and 75; and 30, 40 and 50
min for the problems of sizes 100, 125 and 150, respectively.

The first choice of comparison was the Uniform Cost Search which is an optimal graph search
algorithm. The search failed after a problem size of 12 due to a shortage of memory. In contrast,
the proposed algorithm test cases started with a size of 50. This is a significant difference which can
be analytically explained by the exponential computation time of the Uniform Cost Search. Hence
Iterative Lengthening algorithm was used, a linear memory variant. Again, the algorithm started
taking too much time on a small increase in problem size, and the algorithm could not solve problems
of size larger than 12 for prolonged time. The exponential computation complexity suggests the same
results theoretically as well.

The mechanism adopted therein was to leave optimality as an objective and go for formal verifi-
cation tools. NuSMV** was used to solve the problem. The tool did well while not being optimal.
However, again the curse of dimensionality became effective and the tool could not solve problems
of sizes more than 23 even after leaving it for over an hour.

A more practical comparison was using a basic evolutionary technique without any heuristics
as a baseline method. Here, the fitness evaluation function was kept as a blackbox. Any custom
optimization solver does not have the advantage of representing population of variable sizes, hence
a variable individual sized-genetic algorithm was coded for the purpose. For small population sizes,
it appeared that the method will be effective, however when the problem sizes increased to 25, the
minimum size in the approach, it was not possible to get even a single random individual as feasible.
The evolutionary pressures were towards reducing cost and not reducing infeasibility (which required
an increase in cost). Hence, the solutions kept becoming worse and the technique had to be discarded.

By experiments and using theoretical analysis both, it is evident no solver can solve problem of
such high size. Hence in order to get some comparison, a new evolutionary algorithm was proposed
that represented most of the features of the problem structure and thus attacked the problem structure
to be used as heuristics to the maximum extent possible. The solution does not completely represent
a combinatorial optimization problem, however has most characteristics of combinatorial optimiza-
tion. To exploit this structure both combinatorial and parametric optimization variants of operators
were used. In order to generate an initial feasible solution, random permutations of the variables
appearing in a sub-task were appended to make an initial feasible solution for a task; and thereafter
multiple task solutions were added in a random order to make a feasible solution of a mission. A
few solutions with random permutation of all variables and a few randomly generated solutions of
maximum size were also added. The crossover was similar to the proposed approach while the muta-
tion operator considered mission sight insertion, mission sight deletion, mission site swapping and
replacement of a random mission site with another site. The solution hence most closely represents
the proposed solution with the absence of co-evolution. The fitness function is repeated for all tasks
and the maximum time taken to execute any task is taken as the fitness function.

The results are given in Fig. 7. The results are averaged for 40 independent runs and the standard
deviation is shown by error bars. It is eminent that the proposed approach gives earlier convergence
and converges to better values for large problems as compared to a basic evolutionary approach
modified to the maximum extent to exploit problem structure. Further statistical testing is done for
every problem at the mid-point of optimization and at the end of the optimization. For problem
size 50, the baseline performs better, however for all other problem sizes the proposed approach
performs significantly better than the baseline. The only exception is problem size 75 at the end of
the optimization, in which case neither of the algorithms is statistically significant to the other.

6.4. Analysis

Next some analysis is done specific to the proposed algorithm to get more insights into these. The
results are plotted in Fig. 8. The convergence along with generations for problem sizes is shown in
Fig. 8(a). The computation time is large when the individuals are infeasible and large in size, which
gets reduced in the later generations when the individuals are feasible and have been trimmed. The
computation time along with increasing generations is shown in Fig. 8(b). The analysis did not show
such a strong trend. The computation time largely comes from fitness evaluation that has a complexity
of O(|yr].|o|.|s| + |¥]|s|?). The plot of computation time per generation with problem size is shown
in Fig. 8(c), which shows the same trends. Finally, to understand how difficult optimization is when
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Fig. 7. Comparative Convergence of the algorithms for mission solving.

the problem size increases, the cost per unit problem size is plotted against problem size for different
times. Dividing by problem size gives some basis of analysis since larger problems will have larger
costs. The results are shown in Fig. 8(d). The increase in costs along with increasing time suggests
the increase in difficulty, while the reduction in costs with increasing time is due to convergence.

The algorithm performance is also tested for the stability and performance with respect to the
parameter values. The first parameter is k, the number of individuals against which the co-evolution
checks for performance measure of an individual. The higher value of the parameter is a better
indicator of cooperation, but at the same time takes a lot longer time to compute. The trend for values
of 1, 2 and 3 is shown in Fig. 9(a), plotting the mean and the standard deviation as error bar. It can be
seen that the performance is stable with respect to the parameter values, while higher values show a
slower convergence. The other factor is 8, the relative contribution of the individual merit of a slave
co-evolution individual in contrast to the fitness considering the other individuals in a cooperative
sense. The trend is shown in Fig. 9(b). Initially, the experiments were done on small realistic values
for which the performance was stable. To test the performance very high values of g are also tested.
This obviously results in convergence to a local optimal. Lastly, local search was used to make the
algorithm in a memetic framework. The local search was designed so as to take very little time while
operating on an easy to compute fitness function, or the length of the individual. Hence, no major
trend is seen for different values of the factor which supports the design. The results are shown in
Fig. 9(c). The figure does not show the error bars for simplicity.

7. Conclusions

This paper presents an approach for very complex mission planning using evolutionary technique
where the mission sights have temporal constraints and numerous such mission specifications are
given, to the best of the knowledge of the author. The future expectation from robots is to solve
very challenging missions, which appears outside the computational capabilities of the search-based
techniques. The paper presents a co-evolutionary approach for the same. The approach was far better
than any known technique for the specific language and outperformed a baseline evolutionary plan-
ning technique for very large-sized inputs. The greatest advantage of co-evolutionary computation is
its iterative nature, guaranteeing the availability of solution at any time, even with very large input
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problems which forms an ideal characteristic. Overall, the paper presents a promising evolutionary

solution to a new domain of mission planning.

There are however a few considerations. The humans do not necessarily have minimization of the
total working time as the objective. Humans may consider earlier completion of a task or sub-task
even if that comes with lengthening the solution path. Further, the possibilities of heuristics for the
problem better needs to be explored. The complex missions are usually distributed between robots
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and the missions usually have uncertain information which is available from the sensors only at the
execution time. All this need to be worked out in the future.
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