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Abstract— Robots are often employed in hazardous or inac-
cessible environments, such as disaster sites, extraterrestrial
terrains, agricultural fields, and ocean floors. Autonomous
operation is crucial in these scenarios to reduce reliance on
human operators and enable real-time decision-making. How-
ever, robots must balance multiple, often conflicting, objectives.
These objectives are subject to change based on new data
or evolving conditions. This paper presents a novel approach
to dynamic multi-objective trajectory planning. The proposed
method leverages the boundary intersection decomposition
technique to adaptively plan trajectories that balance multiple
evolving objectives. Our approach ensures efficient and effective
exploration by continuously optimizing the trade-offs between
changing objectives. We show that our method performs on
average 34% better in terms of solution quality on the dynamic
multi-objective trajectory planning problem as compared to
prior work.

I. INTRODUCTION

Robots are often used to explore environments that are
dangerous or infeasible for humans to visit, such as disaster
sites [1]-[3] and other planetary bodies [4], [5]. Robots
also aid in monitoring phenomena like plant health for
agricultural applications [6], [7] or seafloor mapping [8], [9].

In these scenarios, it is advantageous to operate au-
tonomously, without time-intensive human decision-making.
However, a robot should balance all factors that a human
operator would: risk to the vehicle, power constraints, scien-
tific information gain, or the importance of particular regions.
All these objectives that must be balanced are subject to
change over time or as the robot gains more information. For
example, taking a measurement in one place may change the
robot’s belief about similar locations. Any algorithm should
be able to adapt to this changing environment, as a human
decision-maker would. In general, an autonomous trajectory
planning algorithm should be able to effectively balance all
objectives, even as those objectives change over time.

This work develops a novel method for addressing the
problem of dynamic multi-objective trajectory planning.
Given objectives that may change over time or with new
measurements, we wish to efficiently plan the most effective
trajectory for a robot to traverse. In order to achieve a good
trade-off between objectives, we propose a method based
on the boundary intersection decomposition approach [10],
which ensures that even as objectives change over time, our
method provides solutions that adapt well for every objective
(see Figure 1). We show through experimentation on real-
world data that our method consistently produces better
quality solutions than prior work.
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Fig. 1: Boundary intersection-based dynamic multi-objective
ergodic search (BI-MO-ES) plans a trajectory which balances
multiple objectives, adapting the trajectory over time as
these objectives change. This method prioritizes finding a
trajectory which gives a good trade-off between objectives.

II. BACKGROUND AND RELATED WORK
A. Planning for Exploration and Exploitation

This work focuses on the exploration of objective maps.
An objective map represents a prior belief about the spatial
distribution of information or reward over an area. We wish
to plan a trajectory which both explores the region and
prioritizes visiting the areas corresponding to high reward.

1) Coverage and Informative Path Planning: In general,
Coverage Path Planning (CPP) methods plan trajectories that
visit all points in a given region [11]. CPP methods discretize
the space and devise methods to exhaustively visit every
location [12]-[17]. In contrast, an Informative Path Planning
(IPP) method aims to maximize information gained over a
trajectory [18]. IPP methods may not produce a trajectory
that visits every location (covers the space), but instead will
construct the most informative sequence of actions [18]-[24].

2) Ergodic Planning: We wish to consider both explo-
ration of a region and exploitation of available information.
Ergodic search strikes this balance between exploration and
exploitation by planning trajectories such that the distribution
of information seen by the robot matches the distribution
of information in the objective map [25]. We adopt ergodic



search as our path generation strategy in this work due to its
balanced approach and straightforward implementation.

Ergodic search optimizes a trajectory such that the Fourier
coefficients of the trajectory’s spatial time-average statistics
match the Fourier coefficients of the spatial distribution of
the objective map. The spatial time-average statistics of the
trajectory represent the proportion of time a robot spends at
any state x € X' (where X C IR is the d-dimensional search
domain), and are defined as
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where ~y(t) represents the trajectory over time ¢t and §
is the Dirac delta function. The ergodic metric compares
the Fourier coefficients of the spatial time-average statistics
of the trajectory (cy) with the Fourier coefficients of the
spatial distribution of the objective map (£x). This quantifies
the difference between the information in the map and the
information seen by the robot. The goal of ergodic search
is to minimize the ergodic metric, such that the information
seen by the robot matches the information map. The ergodic
metric is defined as

K
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where \j are the weights assigned to each Fourier coef-
ficient, and K is the number of Fourier bases chosen (we

9, — 4t
choose K = 10). For this work, \; = (1 + Hiu ) °
meaning more importance is placed on lower frequency
Fourier components, which correspond to large-scale vari-
ations in the objective map.

The original ergodic search algorithm finds optimal con-
trols that minimize the ergodic metric for a robot with defined
dynamics [25]. However, the ergodic metric can be used to
directly optimize the trajectory points in the spatial domain if
the dynamics of a particular robot are not known or relevant.

B. Multi-Objective Optimization and Pareto Optimality

We wish to solve the multi-objective problem of ex-
ploration of multiple maps with a mobile robot. A multi-
objective problem is defined in general as

minimize F(x)=[f1(z), fa(x),...
subject to x € §)

where x = [z1, 22, ..., 2 v] represents a solution (decision
vector), fn,(z) represents the m™ objective function, M
is the total number of objective functions, and 2 is the
feasible decision space. We focus on planning a trajectory
that covers multiple objective maps simultaneously. Thus,
our solutions, or decision vectors x, are trajectories, and
our objective functions f,,(x) represent a coverage metric
for each objective map (for example, the ergodic metric
described above).

Multi-objective optimization typically focuses on finding
Pareto optimal solutions. Pareto optimality refers to the
concept of finding “non-dominated” solutions: solutions for
which there exists no other solution that can perform better

in one objective without performing worse in another. The
set of all non-dominated solutions for a particular problem
is called the Pareto front [26].

C. Decomposition of Static Multi-Objective Problems

A few approaches exist for transforming a multi-objective
optimization problem into a set of scalar optimization prob-
lems. This process, called decomposition, collapses the
multi-objective problem into a set of independent single-
objective problems, which can then be minimized (or max-
imized) using any optimization method. It is advantageous
to decompose the multi-objective problem because it allows
for use of well-established and effective single-objective op-
timization strategies. We evaluate the weighted sum, Tcheby-
chev, and boundary intersection methods.

1) Weighted Sum: The weighted sum approach solves
a series of scalar optimization problems which are each a
weighted sum of every objective function [26] [27]. This
approach uses a weight vector A = (A1,...,\,)T where
A; > 0 for all ¢ = 1,...,m. The weight vectors are
normalized such that - | A; = 1. Thus, the multi-objective
problem becomes the following scalar optimization problem
for every choice of A: .
minimize g¢*°%(z|\) = Z Aifi(z) @

i=1

subject to x €

2) Tchebychev: This approach uses the Tchebychev func-
tion to create a set of scalar optimization problems. The
Tchebychev function penalizes the distance between a par-
ticular solution and a “reference point” for the prob-
lem, which represents an “ideal point” in objective space
(min{ f;(z)|xz € Q} for all ¢ = 1,...,m) [26] [27]. This
method again uses a set of normalized weight vectors A =
(A1, .-+, Am)T. The scalar optimization problem is then

minimize g¢'*°(x|\, 2*) = max {Ni(lfilx) — 27))}
i=1,...,m
subject to x € )

where z* = (z},...,2%)T is the reference point.

3) Boundary Intersection: The boundary intersection ap-
proach decomposes the multi-objective problem into a series
of scalar optimization problems where the objective is to
minimize the distance between a solution and a reference
point in objective space, subject to the constraint that the
solution lies along a particular line in objective space.
This method again defines a series of weight vectors A =
(A1,...,Am)T, which represent different lines in objective
space. We use the penalty-based boundary intersection for-
mulation, which uses a soft constraint to encourage solutions
to lie along the line defined by A:

minimize g% (x|, 2*) = di + Oda
subject to x € (2
F _ T 6
wtere. 4, LE@ = ©

dy = [|F(z) = (z" + diA)|l.
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Fig. 2: Visual representation of penalty-based boundary
intersection on a two objective problem. Modified from [27].

F(z) = (fi(x),..., fm(x)) represents the solution in ob-
jective space, z* is the reference point, € is a user-defined
penalty factor, and the values d; and dy are illustrated in
Figure 2. Choosing an appropriate penalty factor 6 is an
important consideration in using the boundary intersection
method [10]. For this work, we use 8 = 100, which was ex-
perimentally determined, evaluating by orders of magnitude.

Boundary intersection has significant advantages over both
the weighted sum method and the Tchebychev method. In
contrast to the weighted sum method, boundary intersection
can model non-convex Pareto fronts [26]. Using the same set
of weight vectors, the boundary intersection approach will
generally give a more uniformly distributed set of solutions
than the Tchebychev method [28]. Additionally, the weight
vectors for boundary intersection have an interpretable mean-
ing in objective space (see Figure 2), in contrast to the weight
vectors used in the other two methods. Thus the weights
for boundary intersection can be chosen in such a way
that particular locations in objective space are “covered” by
solutions. Given these advantages, we choose to incorporate
the concepts of boundary intersection in our approach to the
dynamic multi-objective optimization problem.

D. Dynamic Multi-Objective Optimization for Path Planning

Prior work ([27], [29]-[31]) utilizes the above decom-
position methods for multi-objective trajectory planning in
which the objectives do not change over time. However,
our contribution is in dynamic multi-objective trajectory
planning, which demands a modified approach. A dynamic
multi-objective problem (DMOP), in which the objective
functions can change over discrete time steps, is defined as

minimize F(x,t) = [f1(z,1),..., fm(x,t)]

. )
subject to x €S}

where ¢ is the discrete time index and other variables
are defined as in Equation 3. For our work, this means the
objective maps that we wish to cover can change over time,
due to measurements or changing environmental factors.

Methods for solving dynamic multi-objective problems
differ in their approach from those solving static multi-
objective problems. While static multi-objective problems
attempt to model one unchanging Pareto front, dynamic
multi-objective problems must constantly adapt to model a
Pareto front that changes with time.

A few efforts have been made to apply dynamic multi-
objective optimization to mobile robot path planning. Ajeil

et al. use an algorithm inspired by echo-location of bats
[32]. A similar work uses a different bio-inspired approach,
modified aging ant colony optimization (AACO), to solve the
trajectory planning problem in dynamic environments [33].
Gul et al. use yet another nature-inspired approach, the grey
wolf optimizer-particle swarm optimization algorithm (PSO-
GWO) [34]. These existing trajectory planning algorithms
only address objectives of the path itself, like length, smooth-
ness, and obstacle avoidance. Existing work only introduces
a dynamic element in obstacles that can move, and do not
consider other environmental factors that can change with
time. There is a lack of work that focuses on mobile robot
coverage of multiple dynamic objectives.

E. Dynamic Multi-Objective Ergodic Search

Our prior work presents a method for generating trajec-
tories for a mobile robot that take into account multiple
objective maps that change with time. The Dynamic Multi-
Objective Ergodic Search (D-MO-ES) [30] method builds
on static Multi-Objective Ergodic Search (MO-ES) [31] by
predicting how best to construct a trajectory at each time step
after changes occur in the environment, using relatively little
prior information about how each objective map changes.
However, this prediction method can degrade in effectiveness
as objectives change significantly beyond what the method
has examples for. D-MO-ES uses only a few examples to
generate a prediction function, and once the maps change
significantly from their original state, there is no guarantee
that the prediction function remains accurate. Also, D-MO-
ES needs example data in order to construct the prediction
function, which is not feasible in many situations.

It is advantageous to use a method for dynamic multi-
objective ergodic search that does not rely on prior data. In
this work, we present a method for dynamic multi-objective
ergodic search which uses the boundary intersection method
to find a solution that balances each objective without the
need for prior information.

III. BOUNDARY INTERSECTION-BASED DYNAMIC
MULTI-OBJECTIVE ERGODIC SEARCH

Our approach to solving the problem of multi-objective
ergodic search for dynamic information maps builds on the
concept of boundary intersection decomposition. We de-
sign a method, boundary intersection-based dynamic multi-
objective ergodic search (BI-MO-ES) that efficiently re-plans
a trajectory each time an objective changes, while maintain-
ing a Pareto optimal trade-off between each objective.

A. Ergodic Search Enhancements

We use ergodic search to plan trajectories to balance
exploration and exploitation of information. We modify
ergodic search for mobile robot exploration by optimizing
directly for trajectory points in the spatial domain rather than
optimizing for controls based on robot dynamics. This allows
the function to generalize better to robots with different
dynamics, and allows sample points along the trajectory to
be more evenly distributed. To ensure even distribution, we



add the following cost to the ergodic metric, which penalizes
the distance between each neighboring trajectory point:

gap cost = ( x OinnaéiN(%(n) — Yz(n—1))? ®)

+(1y(n) =y (n = 1))?)

where ( = 1 is a user-chosen penalty factor. An additional
term is also added to constrain the end point of the explo-
ration, as it is often desirable that a robot stops at a particular
location. We add a penalty on the distance from the end point
to some desired point. Given a trajectory point y(n) and a
desired point p, the penalty is

point cost = ax (('ym(n) —pe)?+ (vy(n) — py)Q) ©)

where o = 10 is a user-chosen penalty factor. Our method

also uses a length budget to restrict the length of the

trajectory, as a robot often will only have enough energy or

time to traverse a particular distance. Given a budget length

b, the cost on the trajectory length is calculated as follows:
N

length cost = 3 x ‘ Z(fyz(n) — Ye(n —1))2 (10)
n=0
+(y(m) = (0~ 1)%) ~ b)
where f = 100 is a user-chosen penalty factor. These

additional terms ensure that the paths generated by our
method and all baselines are the same length, have the same
start and end location, and have similar spacing between
trajectory points, allowing them to be compared fairly.

B. Adapting Boundary Intersection for Dynamic Objectives

Each time the environment changes, due to time-varying
objectives or robot actions, our method will generate a single
solution to the dynamic multi-objective problem. Although
the boundary intersection method is designed to produce
a set of possible trajectories for a static multi-objective
problem, our work extends these concepts to the dynamic
case. We make two innovations: 1) we adaptively determine
a reference point as objectives change, and 2) we ensure a
good trade-off between objectives by intelligently choosing
where a solution lies in objective space.

1) Reference Point Calculation: Every time an objective
changes, the “ideal point”, or the best possible value of
each objective, also changes. To produce a trajectory using
boundary intersection, our method must calculate the refer-
ence point every time the environment changes, as follows:
first, single-objective ergodic search is performed to obtain
an optimal trajectory for each objective map individually.
Performing single-objective ergodic search determines the
best ergodic value possible to achieve on each individual
objective, as considering an additional objective(s) will nec-
essarily degrade performance in the other. The combination
of the best ergodic values forms the reference point for these
maps at this time step. Figure 3 visualizes these values.

For a three objective problem, for example, to obtain one
solution from our method, we must plan four trajectories
(three single-objective to find the reference point, one multi-
objective to obtain the solution). This still results in a
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Fig. 3: Process for obtaining the reference point (z*) and
defining the desired solution line (\) for our method. One
single-objective solution is obtained for each objective, and
the best objective values are combined to form the reference
point. The desired solution line is chosen to lie in the middle
of the space of possible solutions, ensuring a good trade-off.

reduction in the number of solutions planned in contrast to
approaches which attempt to cover the entire objective space.

2) Defining the Line in Objective Space: Each time objec-
tives change, our method should generate a single solution
to the multi-objective problem that effectively balances all
objectives. Intuitively, a well-balanced solution will be one
that lies close to the center of the Pareto front, or on the
“knee” of the Pareto front curve. Knee points have been
shown to be desirable solutions to multi-objective problems
in the absence of other operator preferences, so they act as
a good heuristic for quality solutions [35]-[39].

We use this concept of knee point solutions to inform
our trajectory optimization. Using the boundary intersection
method allows us to define a line in objective space (\)
that our desired solution should lie along. Our novel method
defines a line that intersects the positive ideal point (best
possible values of each objective, or the reference point) and
the negative ideal point (worst values of each objective). This
ensures the solution adapts to the changing environment, and
will always lie in the “middle” of the feasible objective space,
giving a good trade-off between each objective. An example
for a two-objective case can be found in Figure 3, but this
concept extends to more than two objectives. Defining this
line in M -objective space to produce a high quality solution
as objectives change is a novel contribution of our method,
distinct from the normal use of boundary intersection, which
plans a set of solutions for static objectives.

IV. EXPERIMENTS

We perform three sets of experiments, each with different
objectives, to test the utility of our approach. Trajectories
are planned over 100 time steps (each dynamic objective
changes every time step), with re-planning occurring every
10 time steps. We use 50 random start and goal positions to
test performance over a variety of different scenarios.

A. Objectives

All our experiments use the entropy map formulation
proposed by Candela et al., which models the uncertainty of
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Fig. 4: Objective maps for all experiments with example
planned trajectories. Entropy and shade are dynamic objec-
tives while the region of interest map and risk are static.

scientific information over a region [40]. This dynamic map
will change as the robot explores and collects geologic in-
formation. To evaluate performance on the entropy map, we
measure the percent reduction in entropy over the trajectory.
Our second dynamic objective is a map of shadowed regions
over the same area as the entropy map. We assume a solar-
powered robot should remain in sunny areas, so we evaluate
performance based on the percentage of the trajectory in the
sun. Our static objective maps are a simulated Gaussian map
representing interest in a particular region, and a risk map
constructed from the digital elevation model of the terrain,
related to the slope at each pixel. Trajectory performance
on both static objectives is evaluated based on the ergodic
metric. Figure 4 shows which objectives are used for each
of our three experiments.

B. Methods of Comparison

We compare our novel method with three other methods
of dynamic multi-objective ergodic search: D-MO-ES ([30]),
MO-ES + TOPSIS ([30], [31], bounded to planning five
trajectories per replanning cycle), and the “equally weighted”
method. MO-ES + TOPSIS plans a set of solutions at each
time step and chooses the best one based on the TOPSIS
method [41]. The equally weighted approach uses weighted
sum decomposition to plan one solution each time step which
weights each objective map equally.

C. Metrics of Evaluation

1) TOPSIS Closeness: There are several methods of
choosing the “best” solution from a set of Pareto optimal
solutions, including the technique for order of preference by
similarity to ideal solution (TOPSIS) [41]. This technique is
the most widely used and is an efficient and intuitive method
of selecting a solution from a Pareto optimal set [42], [43].
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Fig. 5: Visualization of the TOPSIS closeness measure (left)
and the hypervolume ratio metric (right).

The TOPSIS method chooses a solution that is closest to the
positive ideal point (best possible value of each objective)
and farthest from the negative ideal point (worst possible
value of each objective) [41]. To do this, TOPSIS uses a
“closeness” measure,

s
S_+ S,

where S_ and S, are the Euclidean distances from the
solution to the negative and positive ideal point, respectively
(see Figure 5). The closeness metric is unit-less, so it can
be used to compare two solutions with different ideal points.
Since each time step in the dynamic multi-objective problem
will have different ideal points, this metric allows us to
compare trajectories across different time steps. A higher
closeness measure indicates a better quality solution.

2) Hypervolume Ratio: Another measure of solution qual-
ity is the hypervolume ratio, which we have devised specif-
ically for this work. The concept of hypervolume [44] is
generally used to evaluate the quality of a set of solutions; a
higher hypervolume means a solution set covers the objective
space well. We adapt this concept to measure the quality of
one solution, normalized based on the positive and negative
ideal points for each time step. We measure the hypervolume
(or area for two objectives) between a solution and the
negative ideal point. We then measure the hypervolume
between the positive ideal point and negative ideal point.
The closer the ratio between these two values is to 1, the
better the chosen solution is. A visual representation of this
metric for two objectives can be found in Figure 5.

3) Planning Time: We measure the planning time of each
trajectory to compare the efficiency between methods.

C an

V. RESULTS AND DISCUSSION

Results for all experiments can be found in Table I. Our
method, boundary intersection multi-objective ergodic search
(BI-MO-ES), performs on average 43% better in terms of the
hypervolume ratio than the next best method, and 34% better
in terms of TOPSIS closeness. We can calculate the p-values
between all baselines and BI-MO-ES for these two metrics
using the double sided Wilcoxon signed-rank test [45]. These
p-values are all appreciably less than 0.01, meaning this
result is statistically significant.

For the two-objective tests (Experiments 1 and 2), we see
that in all metrics except one, BI-MO-ES outperforms all
other methods tested. The weighted method outperforms our



Experiment 1: Two Objectives (Dynamic Entropy and Static Gaussian Map)

% Reduction Ergodic Metric Hypervolume Closeness Time per
of Entropy T for Gaussian Map | Ratio 1 to Ideal Point 1 | Trajectory (s)
Equally Weighted | 8.056 + 3.150 0.356 4+ 0.080 0.253 + 0.374 | 0.420 £ 0.114 3.6 +23
MO-ES + TOPSIS | 7.903 £ 3.587 0.149 £+ 0.099 0.121 £ 0.147 | 0.603 £ 0.078 16.8 + 5.3
D-MO-ES 8.027 £ 3.195 0.399 £ 0.081 0.049 4+ 0.125 | 0.313 £ 0.156 35+21
BI-MO-ES 7.840 £ 4.041 0.140 £ 0.036 0.363 4+ 0.102 | 0.662 £ 0.086 12.1 £ 3.1
Experiment 2: Two Objectives (Dynamic Entropy and Static Risk)
% Reduction Ergodic Metric Hypervolume Closeness Time per
of Entropy 1 for Risk Map | Ratio 1 to Ideal Point 1 | Trajectory (s) J
Equally Weighted | 7.896 + 3.899 0.033 £ 0.006 0.661 + 0.466 | 0.536 4+ 0.193 33+ 1.2
MO-ES + TOPSIS | 7911 + 3.856 0.049 £+ 0.010 0.605 + 0.609 | 0.813 4 0.128 16.7 £ 5.5
D-MO-ES 8.026 £ 3.327 0.042 £+ 0.012 0.243 £ 0.479 | 0.560 £ 0.323 33+ 1.2
BI-MO-ES 8.112 + 3.674 0.031 + 0.007 0.991 £+ 0.149 | 0.982 £ 0.051 142 £ 3.9
Experiment 3: Three Objectives (Dynamic Entropy, Dynamic Shade, and Static Risk)
% Reduction % of Trajectory | Ergodic Metric Hypervolume Closeness Time per
of Entropy 1 in Sun 1 for Risk Map | Ratio 1 to Ideal Point T | Trajectory |
Equally Weighted | 7.811 4= 4.588 | 80.08 £ 9.297 0.036 + 0.008 | 0.338 £ 0.230 | 0.530 + 0.207 33+ 12
MO-ES + TOPSIS | 7.965 £ 3.624 | 78.94 £ 9.142 0.039 + 0.011 0.398 + 0.360 | 0.768 £ 0.130 11.6 + 3.8
D-MO-ES 7.997 + 3.231 77.96 £+ 9.312 0.049 £ 0.016 | 0.193 £ 0.331 0.558 £ 0.285 33+12
BI-MO-ES 7.965 £ 3.469 | 79.02 + 8.753 0.038 + 0.009 | 0.538 + 0.271 0.793 + 0.127 16.5 + 5.0

TABLE I: Results from evaluation using both real and synthetic data. Our method is Boundary Intersection Multi-Objective
Ergodic Search (BI-MO-ES). All values are averages taken over 50 trials of each method, £ standard deviations.

method in Experiment 1 in terms of entropy reduction, at
the expense of performing poorly on the Gaussian map. In
contrast, our method strikes a good balance between the two.

We also see that for Experiment 2, our method has an
average hypervolume ratio and closeness measure very close
to 1 (the highest possible value). The entropy and risk
maps in this experiment are correlated, because they are
derived from the same geologic features. That means there
is not a large trade-off between trajectories that perform
well on entropy versus those that perform well on risk.
All the other methods tested (weighted, MO-ES + TOPSIS,
and D-MO-ES) are based on the weighted sum method of
decomposition. Thus we find empirically that our method,
based on boundary intersection, is better at finding solutions
close to the ideal point for multi-objective problems with
correlated objectives than the weighted sum method.

For Experiment 3, our method does not outperform others
when evaluated on individual objectives (entropy reduction,
percent of trajectory in sun, and ergodic value of risk map).
However, we see that BI-MO-ES has the best hypervolume
ratio and closeness to the ideal point among all methods.
Even though it does not win individually on any one objec-
tive, our method gives a solution that has the best trade-off
between objectives, which is a higher quality solution overall.

As far as planning time, the BI-MO-ES plans a trajectory
faster than MO-ES + TOPSIS on the two-objective experi-
ments, but is consistently slower than the equally weighted
and D-MO-ES methods. Because of the reference point cal-
culation, BI-MO-ES performs n+-1 trajectory optimizations:
n optimizations to calculate the reference point, where n
is the number of objectives, plus one to plan the solution
trajectory. In contrast, the weighted method and D-MO-ES
only plan one trajectory every step, so they are significantly
faster. When using BI-MO-ES we incur a time penalty, but

reap the benefits of a much better quality final solution.
Future work will explore increasing the efficiency of the
reference point calculation for BI-MO-ES.

VI. CONCLUSIONS

We show in this work that our boundary intersection-based
ergodic search method for dynamic multi-objective trajectory
optimization outperforms prior work in terms of several
important metrics. Our method extends the concepts of
decomposition of a multi-objective problem to the dynamic
case, by intelligently optimizing for good quality solutions
even as objectives change. Using our method, we consistently
find a solution that is closer to the positive ideal point in
objective space than other methods tested. This is impor-
tant when planning for planetary rovers and other mobile
robots, as we would like these robots to autonomously make
intelligent movement decisions without the aid of human
operators, under changing environmental conditions or with
the collection of new information.

The BI-MO-ES method performs 34% better in terms of
the TOPSIS closeness metric and 43% better in terms of
hypervolume ratio than the next best approach. Much of the
planning time increase for our method is due to the reference
point calculation, which demands n trajectory optimizations
for a problem with n objectives. In the future, it would be
useful to formulate a method that eliminates the need to plan
many reference trajectories in order to obtain a reference
point, so this approach could produce high quality solutions
more efficiently.
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