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Abstract— Robots often localize to lower navigational errors
and facilitate downstream, high-level tasks. However, a robot
may want to selectively localize when localization is costly (such
as with resource-constrained robots) or inefficient (for example,
submersibles that need to surface), especially when navigating
in environments with variable numbers of hazards such as
obstacles and shipping lanes. In this study, we propose a method
that helps a robot determine “when to localize” to 1) minimize
such actions and 2) not exceed the probability of failure (such as
surfacing within high-traffic shipping lanes). We formulate our
method as a Constrained Partially Observable Markov Decision
Process and use the Cost-Constrained POMCP solver to plan
the robot’s actions. The solver simulates failure probabilities to
decide if a robot moves to its goal or localizes to prevent failure.
We performed numerical experiments with multiple baselines.

I. INTRODUCTION

Self-localization is crucial in robotics, as it seeds situ-
ational awareness and enables a robot to perform down-
stream tasks such as object manipulation and navigation.
In many real-world tasks, an autonomous robot perceives
its environment (including self-localization), plans, acts, and
then repeats this cycle continuously. However, a robot may
seldom want to localize when localization is costly. Let us
consider examples where an autonomous underwater vehicle
(AUV) navigates through high-traffic shipping lanes [1] to
deliver supplies, search for critical items such as black boxes
from crashed aircraft, or assess post-tsunami underwater
damage (Figure [I). Typically, AUVs localize accurately by
surfacing to collect GPS data because underwater dead-
reckoning drifts over time, and sonar-based localization is
infeasible in featureless environments. However, surfacing
risks collisions with ships and increases operating time.

We explore scenarios where continuous localization may
be unnecessary or not required, challenging the traditional
perceive-plan-act paradigm. Instead, can a robot plan and
act for extended durations, localizing only when necessary?
Specifically, we aim to address the question: when should a
robot localize to avoid exceeding the probability of failing a
task? We argue that this question is non-trivial. For example,
what is the appropriate state uncertainty threshold to trigger
localization in a given scenario? Furthermore, should the
AUV localize preemptively before unsafe regions? If so, how
far in advance (when)?

We propose a move-localize behavior planner based on
a constrained Partially Observable Markov Decision-making
Process (POMDP) to address such questions. A constrained
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Fig. 1: An underwater vehicle follows a path to perform a
task (like searching for an aircraft’s black box) and must
choose when to localize, which requires surfacing and poses
a collision risk in shipping lanes. Continuous localization
(bottom path) is inefficient yet safe. Selective localization
(top path) is more efficient and desirable since the vehicle
searches underwater longer. But deciding when to localize to
avoid hazards and stay on the path is more challenging.

POMDP allows us to decouple failure probabilities and
rewards and reduce ad-hoc reward tuning. Our formulation
proposes the probability of failure as a cost constraint with
a threshold and creates a reward strategy that penalizes
localization.

II. RELATED WORK

Our work explores the idea “when an agent should local-
ize”, filling a research gap and potentially seeding a novel
subarea. To support our assertion, we examine the questions
active navigation and path planning tasks have explored and
compare them to ours.

Active perception [2], [3] explores how an agent behaves
to achieve one or more goals [4] and has seeded many active
approaches, including active localization, active mapping,
and active SLAM. Active localization [5], [6] addresses
where an agent moves and where it looks to localize itself
[7]1-[10] or a target [11], [12]. Active mapping, or the
next best view problem [4], determines where an agent
moves to map the environment as accurately as possible (for
example, [13], [14]). Finally, active SLAM determines where
an agent moves to map and localize to reduce the uncertainty
in its belief and map [4]. These methods minimize the
uncertainty of the agent, its target(s), or the environment,
assuming frequent or perfect localization. In contrast, we aim
to minimize localization actions while avoiding task failure
without guaranteeing minimal agent uncertainty.



Path planning seeks collision-free paths in environments
with static or dynamic objects [15], [16], addressing how an
agent moves between configurations. Path planning methods
often assume localization is guaranteed or a robot localizes
whenever possible [17]-[21]. Unlike these works, we explic-
itly plan when to localize to reach our goal.

Tasks related to path planning, such as path selection
and dynamic trajectory re-planning, address which path an
agent follows [22] or when to deviate [23]-[25] from a
preplanned path. These tasks typically aim to minimize the
state uncertainty of the agent, implying frequent localization
[22]. In contrast, we aim to mitigate failure, which does not
inherently require frequent localization.

Contributions. We introduce an active localization
method that decides when agents should localize, contribut-
ing a) the first step towards novel methods that decide when
an agent should localize, b) a hierarchical planning method
based on a constrained POMDP, and c) an open-source
implementation [26] of the Cost-Constrained, Partially Ob-
servable Monte-Carlo Planning (CC-POMCP) solver, a con-
strained POMDP solver.

III. PROBLEM STATEMENT
Our objective is for the robot to safely reach the goal.
We seek a policy = fa;;:::;an,.,;,,.0d that 1) minimizes
localization events and 2) maintains the probability of fail-
ure below a threshold ¢ while navigating the path X =
vointsJ- Here, failure includes collisions during
localization or entering an unsafe region. This objective is:
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where T is the total number of actions, a;.7 is the sequence
of move and localize actions, and b(Sg) is the initial belief at
the start of the path. Finally, denotes the set of all possible
action sequences over T timesteps.

We address objective (I) using a constrained POMDP.
We chose this approach for two reasons: POMDPs have
addressed many sequential decision problems (for example,
see [27]), and constrained POMDPs allow us to separate
rewards and costs, simplifying the reward model. We use
a constrained POMDP solver to find an action sequence that
balances feed-forward (“rarely” localize) and feedback (lo-
calize “often”) actions, depending on the failure probability.

IV. WHEN TO LOCALIZE? A POMDP FORMULATION

We design our planner’s behavior using the CC-POMCP
solver [26], employing a hierarchical planning strategy like
[28]. This strategy separates high-level (whether to move or
localize) and low-level planning (how to move or localize).
Algorithm [T provides a general description of how our high-
and low-level planners control the robot and update the belief
as the robot performs actions. The remaining text describes
Algorithm (1| in the context of our proposed AUV setup.

High-Level Planner (HLP). The HLP action space is
defined as A = Tmove; localizeg. If the agent chooses

Algorithm 1 SafeNav Active Localization Algorithm

Initialize High-level planner (HLP) with initial belief h(S)
and actions a; 2 fmove; localizeg, and Low-level planner
(LLP) with path Xj.N
t=0
while not in a terminal state do
HLP performs roll-out using b(S¢) to select at
if a; = move then
LLP computes motion command Uy
LLP truncates path, removing current waypoint
Robot executes Ut
HLP uses U¢ to compute b(Sty1)
end if
if a; = localize then
Robot receives observation Ogaee
HLP updates b(St) using Oge, producing b(S¢s1)
LLP uses b(St41) to plan hazard-free path to goal
end if
HLP receives reward r¢ and, if applicable, cost C¢
t=t+1
end while

points*®

to move, we use the transition model to propagate the
belief to the next waypoint, a failure state, or a goal state.
Then we skip the observation step. If the agent localizes,
it surfaces to collect GPS observations, updates its belief,
and submerges without moving horizontally. Since surfacing
poses a collision risk with boats, the agent will enter a failure
state if it localizes within a shipping lane. Finally, regardless
of the action, the agent receives a reward and a cost if using
CC-POMCP.

Lower-Level Planner (LLP). The LLP determines the
sequence of open-loop commands the robot will execute if
the action is “move.” If “localize” is chosen, the LLP makes
the AUV surface, update its belief using GPS data, and
submerge using no horizontal motion.

State and Measurement Spaces. We define these spaces
as the agent’s position within a grid Z R2. The goal
state is located at the end of the robot’s pre-defined path.
Furthermore, we define the failure states as any location
where the agent collides with an obstacle. In the context
of an AUV, failure states include collisions with underwater
obstacles or trying to surface within shipping lanes. We
provide specific details of these failure states in Section

Reward and Cost Models. The agent receives a reward
and cost after executing an action. Our reward model reflects
the objective in @3 lotal = Fgoal + move + lNocal + Ifail-
Here, rgoa is the reward for reaching the goal, and Imove,
lNocal, and I'gaj) are the penalties for moving, localizing, or
entering the failure state, respectively.

The cost model encodes the constraint in @]) setting a cost
constraint threshold € for the maximum number of particles
allowed to enter a failure region. We say ¢ =p  Np, where
Np is the number of belief particles and p is the maximum
percentage of particles allowed in the failure region.
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Fig. 2: This figure illustrates our training environment
(ENV-TRAINING), a 30 30 2D grid world we used to
determine the parameters for our online algorithms (shown
in Table [I). The salmon-colored rectangles denote shipping
lanes where boats sail while the AUV navigates underwater.

Fig. 3: This figure depicts a screenshot of ENV-TUNNEL, one
of our evaluation environments. The environment contains
obstacles in brown, localize hazards (such as shipping lanes)
in red, the (yellow) start and (green) goal positions, and the
pre-defined path the AUV should follow.

V. NUMERICAL EVALUATIONS

The following subsections describe our experimental setup
(Section [V=A) and results (Section [V-B). Experiments ran
until the AUV reached a goal or failure state, and the results
were based on 100 runs for each HLP.

A. Setup

High-Level Planners (HLPs). We used three types
of HLPs in our experiments. The first type was offfine,
uniformed, cost-unaware static planners. Here, uninformed
means the planners did not use the belief to determine the
next action. These static policies (SP) were (M1x, L) (that
is, move once, then localize), (M2x,L), and (M3x,L),
representing traditional action sequences with varying local-
ization intervals. The second type was POMCP, an informed,
online, cost-unaware planner. We used POMCP to assess
the advantage of employing a cost constraint. Finally, the
third type was CC-POMCP, which we used to implement
our proposed algorithm. CC-POMCP is an informed, online,
cost-aware planner.

POMCP and CC—POMCP Details. We used the POMCP
algorithm from the pomdp_py Python library [29] and im-
plemented the CC-POMCP algorithmy'|using the same library.

Code: https://github.com/troiwill/when-to-localize-pomdp
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Fig. 4: This figure illustrates our real-world evaluation
environment called ENV-STT. The image shows a grid
overlaying a Google Maps screenshot of the southwestern
portion of St. Thomas, U.S. Virgin Islands. The green cells
represent obstacles (land masses), the grey cells denote open
water, and the white cells represent the AUV’s pre-defined
path. The AUV starts at the University of the Virgin Islands’
(UVI) Marine Center and ends at Lindbergh Bay Beach.

Both algorithms used the same parameters in all experiments,
except for the parameters shown in Table [ These param-
eters were derived through a parameter search using the
ENV-TRAINING environment. Furthermore, whenever the
AUV moved to another grid cell (via a motion command),
the AUV had a 94% chance of moving to the appropriate
cell and a 6% chance of over- or undershooting the cell. We
also added noise during particle reinvigoration (the update
phase) for both algorithms, which helped mitigate particle
deprivation. Finally, we used the GNU Parallel software [30]
to run our online planning experiments in parallel due to each
algorithm’s high runtime during planning.

Low-Level Planner (LLP). As we mentioned in Section
[[V] the LLP determines the low-level motion commands that
the robot should perform to go to the next waypoint based
on the high-level action. Thus, if the high-level action was
move, the LLP determines the next command (that is, up,
down, left, or right) using the belief’s mean. If the high-
level action was localize, the LLP determines if the AUV
is still on the path using the belief’s mean. If the AUV is
not on the path, the LLP finds the nearest waypoint along
the path and computes a collision-free path to this waypoint
using breath-first search.

Environments. @ We  created one  environment
(ENV-TRAINING) to find parameters for POMCP
and CC-POMCP (Figure [2) and two environments
(ENV-TUNNEL and ENV-STT) for evaluation (Figures
[l and ). The AUV knew the locations of the failure states
(obstacles and shipping lanes) and goal states. Finally, we
set the initial state of all particles to the start state.

B. Results

We compared the HLPs in terms of the physical fail-
ure rates, number of localization actions, and cumulative
collisions. The SP results represent an ideal scenario, with
no path deviations or collisions, serving as a lower-bound
performance benchmark for each SP.



Planner Tgoal Tlocal Tfail # Particles an ¥ K Tree Depth  # Sims  Max % of Particles Failed
POMCP 100 -5 -10 1000 N/A 0999 150 8 2000 N/A
CC-POMCP ? -3 -100 ” 0.001 0.9 200 ? ” 10%

TABLE I: Online Planner Parameters. Here,

Physical Failure Rates of Online Planners

n is the step size,

Physical Failure Rates of Online Planners

is the discount factor, and is the explore constant.
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Fig. 5: The Physical Failure Rates (top) and Cumulative Percentage of Collisions (bottom). This figure depicts the results
for the ENV-TRAINING (left), ENV-TUNNEL (middle), and ENV-STT (right) environments. Here, the failure rates refer to
the number of times the robot left the map or collided with an obstacle while moving or localizing. Each graph shows the
mean and standard deviation for each algorithm. Due to POMCP’s poor performance, we clipped the cumulative percentages
(bottom graphs) to 100%. Finally, the red dashed horizontal lines in the bottom graphs show the collision threshold of 10%.

Physical Failure Rates. Since the SPs do not consider the
environment and belief when planning, they will fail due to
collisions within shipping lanes in the ENV-TRAINING and
ENV-TUNNEL environments (Figures [2] and [3). However,
since POMCP and CC-POMCP account for the shipping lanes,
no online planner failed due to localizing within a shipping
lane. This means that POMCP and CC—-POMCP only failed
(physically) due to underwater collisions or leaving the map.

Generally, POMCP failed four times or more than
cc-poMcCP (Figure [3] top). We believe the disparity is due
to the difference in the parameters (Table [[). For example,
POMCP has a small failure penalty, which may have caused
POMCP to execute more risky policies (such as never lo-
calize) and ultimately collide with obstacles. Unfortunately,
these were the only parameters that enabled POMCP to reach
the goal for each environment.

In the ENV-TUNNEL environment, both algorithms had
similar failure rates (Figure [3). We believe the rates are sim-
ilar due to the difficulty of the environment. Figure [6] (bottom
left) shows that POMCP never localized in ENV-TUNNEL,
while CC-POMCP localized frequently before the first and
after the last shipping lanes. Due to the arrangement of the
shipping lanes, both algorithms incurred high uncertainties
due to executing 12 or more consecutive motion commands

without localizing, increasing the probability of the AUV
colliding with underwater obstacles.

Localization Actions. Ideally, the number of localization
actions for each SP planner represents the lowest number
of times a robot would localize in a given environment.
Generally, CC-POMCP varied in the number of localization
actions executed based on the environment (Figure [6). For
example, although the average localization counts were sim-
ilar in ENV-TRAINING (Figure [§] top), their variances were
lower when we performed an ablation study by removing
the shipping lanes (Figure [6] top left). In another example,
CC-POMCP avoids localizing between the shipping lanes in
ENV-TUNNEL (Figure |6] bottom left). Instead, CC—POMCP
localized prior to the first and after the second shipping lanes.
We believe CC-POMCP did this because of the small gap
between the shipping lanes and the high belief uncertainty
due to multiple open-loop motion commands. Finally, in
the ENV-STT environment, CC-POMCP typically localized
along the southern part of the airport and relatively more
within Lindbergh Bay (Figure [6] bottom right). We believe
CC-POMCP does not localize near the Marine Center or
along the western part of the airport because a) there are less
number of obstacles near the AUV’s path and b) the AUV’s
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