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Preprocessing-based planning for utilizing contacts
in semi-structured high-precision insertion tasks

Muhammad Suhail Saleem!, Rishi Veerapanenil, and Maxim Likhachev!

Abstract—In manipulation tasks like plug insertion or assem-
bly that have low tolerance to errors in pose estimation (errors
of the order of 2mm can cause task failure), the utilization
of touch/contact modality can aid in accurately localizing the
object of interest. Motivated by this, in this work we model
high-precision insertion tasks as planning problems under pose
uncertainty, where we effectively utilize the occurrence of con-
tacts (or the lack thereof) as observations to reduce uncertainty
and reliably complete the task. We present a preprocessing-based
planning framework for high-precision insertion in repetitive and
time-critical settings, where the set of initial pose distributions
(identified by a perception system) is finite. The finite set allows
us to enumerate the possible planning problems that can be
encountered online and preprocess a database of policies. Due to
the computational complexity of constructing this database, we
propose a general experience-based POMDP solver, E-RTDP-Bel,
that uses the solutions of similar planning problems as experience
to speed up planning queries and use it to efficiently construct
the database. We show that the developed algorithm speeds up
database creation by over a factor of 100, making the process
computationally tractable. We demonstrate the effectiveness of
the proposed framework in a real-world plug insertion task in
the presence of port position uncertainty and a pipe assembly
task in simulation in the presence of pipe pose uncertainty.

Index Terms—Manipulation Planning, Planning under Uncer-
tainty, Reactive and Sensor-Based Planning

I. INTRODUCTION

ANIPULATION tasks like plug insertion (Fig. 1) or

assembly have low tolerance to pose estimation errors.
Errors as low as 2mm can cause task failure!. However, it
is infeasible for perception to always perfectly localize the
object of interest (which for plug insertion is the port for the
plug). This is especially the case for semi-structured environ-
ments where the variations in working conditions like lighting
changes, occlusions, and changes in the relative pose between
the camera and the object, make perception challenging.

A common strategy to counteract this problem is to use
visual servoing [1], [2] which is a technique where a robot
is controlled using visual feedback from a sensor (typically)
mounted on the robot’s end effector. A control loop determines
the robot’s movement such that an error function based on
the visual input is minimized. However, these approaches are

Manuscript received: April, 18, 2023; Revised July, 7, 2023; Accepted
August, 8, 2023.

This paper was recommended for publication by Editor Hong Liu upon
evaluation of the Associate Editor and Reviewers’ comments. This work was
supported in part by Honda Research Institute and in part by the ARO-
sponsored DURIP grant W911NF-21-1-0050

1 The authors are with the Robotics Insitute, Carnegie Mel-
lon University, Pittsburgh, PA 15213, USA {msaleem2, rveerapa,
mlikhach}@andrew.cmu.edu

Digital Object Identifier (DOI): see top of this page.

I'Tolerance numbers obtained from experimental data

Fig. 1. Experimental setup for plug insertion using a UR10e manipulator.

subject to challenges all perception systems are affected by,
including varying lighting conditions and occlusions (created
by the object in-hand or by obstacles in the environment)[3].
In this work, we explore an alternate avenue by allowing the
robot to use its contact/touch modality to accurately localize
the object of interest and complete the high-precision insertion
tasks, thereby circumventing the above-mentioned challenges.

Instead of requiring a single perfect pose estimate, we relax
the perception system to estimate a set of hypothesis poses
within which the object of interest lies. The manipulator then
utilizes the occurrence of contacts (or the lack thereof) during
execution as observations to exactly localize the object and
thereby complete the task. We demonstrate that this binary
contact observation is extremely powerful and can reliably
localize the object at a resolution fine enough to complete
high-precision insertion tasks. Conceptually, we frame this as
a planning problem under pose uncertainty where the robot
observes contacts during execution.

In this work, we focus on insertion tasks in semi-structured
industrial settings where the set of initial pose distributions is
finite (which in turn implies a finite set of planning problems).
Prior works which looked into semi-structured domains with
finite problems have proposed enumerating the set of possible
problems that can be encountered online and preprocessing
a database of solutions [4][5]. However, they focus on deter-
ministic problems which only require the database to contain
solution paths. Due to pose uncertainty, our database needs
to contain solutions for Partially Observable Markov Deci-
sion Processes (POMDPs) i.e. policies. Naively constructing
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a database of such solutions is computationally infeasible
due to the curses of dimensionality and history associated
with solving POMDPs. Hence, it is imperative that intelligent
choices are adopted to make database creation scalable.

We exploit the fact that the problems in the database are
similar to each other and propose a planning framework that
iteratively constructs the database by using the solution of
one problem as experience for solving the next. We propose
a general experience-based POMDP solver, Experience-based
RTDP-Bel (E-RTDP-Bel), that effectively utilizes prior expe-
riences (solutions from similar planning problems) to speed up
planning queries while maintaining strong bounds on solution
quality and use it in our framework to efficiently construct the
database of solution policies.

The performance of the overall framework is demonstrated
in the real world on the task of inserting a plug into a
port using a UR10e manipulator. We utilize an ICP-based
registration framework [6] to identify a discrete distribution
of port poses. The results from the experiments highlight the
robustness of the framework, succeeding 95% of the runs. We
also demonstrate the generality of the framework by using it on
the task of pipe assembly in simulation. Performance analyses
(Section VI) show that the proposed algorithm improves
planning times by over a factor of 100 while maintaining
strong solution quality, making database construction feasible.

Succinctly, our contributions are:

1) Developing a preprocessing-based planning framework
that solves high-precision insertion tasks under pose
uncertainty for semi-structured settings.

2) Developing a general experience-based RTDP-Bel algo-
rithm that uses experience from similar problems to sig-
nificantly speed up planning queries while maintaining
strong bounds on solution quality.

3) Demonstrating the effectiveness of using binary contact
information for accurate object localization.

II. RELATED WORK

Visual servoing is a popular class of approaches used for
solving high-precision insertion. Classical approaches in this
field have explored three major ideas i) Image-based visual
servoing which defines error metrics in the image space and
computes end effector controls that minimizes the error [7], ii)
Position-based visual servoing which continually estimates
the pose of the object (using its model) and moves the end-
effector towards a target pose [8], and iii) Hybrid approaches
which intelligently combine the two ideas [9]. In this work,
we instead explore the use of an alternate sensing modality,
tactile sensing, to close the feedback loop.

Many prior works which incorporate tactile feedback focus
on estimation methods to compute object poses that best
explain the sequence of tactile observations made [10], [11],
[12]. However, our work focuses on active localization using
tactile feedback, i.e. reasoning about the sequence of actions
to quickly localize the object of interest. A popular idea here
is to utilize a myopic framework that interleaves planning
and execution [13], [11]. In each planning cycle, actions are
sampled and the action that maximizes an information gain
metric is executed by the robot. This planning and execution
cycle is repeated until the uncertainty is reduced sufficiently.

Since they only reason about the next best action to take (as
opposed to the sequence of actions to complete the task),
these algorithms sacrifice solution quality which is critical
in industrial settings. On the other hand, by formulating
the planning problem as a POMDP, we are able to achieve
significantly better solution quality. This is evident from the
performance comparisons with [13] presented in Section VI.

Recently, reinforcement learning-based approaches for peg
insertion have gained popularity [14]. [15] uses a long short-
term memory model to estimate the Q-function for peg-in-hole
assembly. [16] proposes a model-driven DDPG algorithm to
learn the assembly policy for multiple peg-in-hole problems.
We differentiate ourselves from prior literature in this field by
posing the problem as an active localization task and explicitly
reason about using contacts to localize the port.

On an algorithmic level, we are inspired by [17] which
introduces the notion of Experience Graphs for deterministic
settings. Their approach uses solutions from similar episodes
to construct a graph that represents the underlying connectivity
of the space required to complete the task. Given a new plan-
ning query, the algorithm attempts to reuse this graph as much
as possible by constructing a heuristic function that makes the
search prioritize exploring regions around prior experiences.
In this work, we extend the idea of Experience Graphs to
POMDPs. A variety of algorithms have been proposed to solve
POMDPs. RTDP-Bel [18] is a popular heuristic-search-based
algorithm that exhibits great sample efficiency and provides
strong solution guarantees. We augment RTDP-Bel to reuse
prior experiences to significantly speed up planning while
continuing to maintain solution guarantees.

The idea of preprocessing a database of solutions to elim-
inate or speed up planning online has existed in different
forms over the years [4][19][20]. Due to the computational
complexity of solving POMDPs and the need for strong online
performance, our approach utilizes a similar idea.

III. PRELIMINARY

POMDPs are used to model sequential decision-making
problems in non-deterministic settings where the state of the
system is not directly observable. Instead, indirect observations
are used to infer the system state. A discrete-time goal-
POMDP can be characterized by the problem tuple P =
<S,A,Z,T,0,C,G>. At every timestep, the system is at
an unknown state s € S and executes an action a € A. This
transitions the system to a new state s’ dictated by the stochas-
tic transition model 7. 7 (s, a,s’) defines the probability of
the agent ending in state s’, given it executes action a from
state s. After every transition, a noisy observation z € Z
is made, represented by the observation model O. O(s, a, 2)
represents the probability of receiving observation z, given the
agent executed action a from state s.

As the system state is not directly observable, the transition
and observation models are used to maintain a belief of the
system state at every timestep. The belief state is a probability
distribution over the possible system states. After executing
action a and receiving observation z at timestep ¢ + 1, the
belief state can be updated as follows:

biri(s) = bi(s)) = D bu(s)T(s,0,8)O(s,a,2)

seS
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Fig. 2. Belief tree for the active localization using contacts problem. The
robot uses the occurrence of contacts (or the lack thereof) to reduce pose
uncertainty, i.e., the hypothesis pose set.

Given a belief state and an action, the probability of transi-
tioning to successor beliefs can be computed by combining the
transition and observation probabilities. This essentially makes
the problem a completely observable MDP in the belief space.
C(b, a) is the cost incurred for executing action a from belief
state b. The shortest path problem for POMDPs can then be
stated as computing a policy 7 in the belief space (mapping
from belief states to actions), that takes the system from a
start belief bgyq¢ to any belief state in the goal set G while
minimizing the expected cost incurred.

IV. PROBLEM FORMULATION

In this section, we formulate the active localization using
contacts problem as a POMDP. Given a robot manipulator, let
‘R represent its state space and A the discrete action space.
The observation space Z comprises

1) The robot’s state (encoder readings), and
2) A binary flag indicating the occurrence of con-
tacts/collisions (F/T sensor readings or joint torques)

Let Hgiqrt represent the discrete distribution of hypothesis
poses of the object of interest identified by a perception
system. For ease of explanation and discussion, we assume this
distribution is uniform (our approach can be extended to non-
uniform distributions with minor modifications). This allows
us to represent Hgqre as a discrete set of hypothesis poses
Hgiort = {hl,hg, ... hy, t h; € SE(?))}

Unlike typical robotics problems, in our case, the stochas-
ticity in transitions and observations arises as a result of
uncertainty in the model of the environment, i.e., the object
pose. We assume the dynamics and the observations to be
perfect given an object pose h;. Meaning, P(r'|r,a,h;) and
P(z|r,a,h;) are all either zero or one. The prevalence of
high-quality manipulators in industries and the very simple
and reliable observation space (contacts) make the perfect
dynamics and observations assumption practical. Our real-
world results detailed in Section VI are a testament to this. We
also assume that the environment is static, i.e., robot actions
do not change the state of the object being localized.

Hence, the state of the system s for our problem contains
both the robot state and the environment state, i.e., the object
pose. This is represented by the tuple (r, h). If s = (r, h) and
s’ = (r', k'), the transition and observation models for our

system state can be defined as follows.

1 W =h, P(r'|ra,h) =1

T s Uy ) =P(s ’ =
(s,a,s") (s'ls,a) 0 Otherwise

1 P zT,CL,h =1
O(s,a,z) = P(z[s,a) = 0 Otf(1er|wise )

2

Essentially the transition model describes that executing an
action a from a fully observed state s = (r, ) will determin-
istically transition the robot to a new state ' while leaving
the environment state (i.e. the object pose) unchanged.

The belief state is a probability distribution over the state
space. Under the uniform initial pose distribution and perfect
observation assumptions, the belief state can be represented by
a tuple (r, H), where r is the robot state and H = {hy, ho..} is
the discrete set of hypothesis poses. As the task is to localize
the object, the set of goal beliefs G is given by belief states
that contain exactly one hypothesis pose.

Fig. 2 represents a portion of the belief tree. Executing an
action from a belief state that results in different observations
under different hypotheses leads to successor beliefs with
reduced uncertainty. As illustrated, executing action a; from
belief state by which contains two hypothesis poses {h1, ha},
results in a collision observation under hy and uninterrupted
execution under /. Executing this action allows us to disam-
biguate between the hypotheses thereby localizing the object.

The planning problem representing the active localization
task can therefore be stated as given a robot start state 7spqrt
and the set of initial hypothesis poses Hiqrt, compute a belief
space policy that reduces the hypothesis set to a single element
while minimizing the expected distance traveled.

The assumptions we make about the above-formulated ac-
tive localization problem can be concisely listed as follows:

Al Realizable setting, i.e., the groundtruth object pose is
contained in the initial hypothesis set Hg;qp¢.
Deterministic transitions and perfect observations given
the environment state, i.e., object pose.

Known geometric model of the object of interest (used
to compute expected observations).

Static environment, i.e., the object of interest remains
static upon interaction.

A2
A3

A4

It should be emphasized that our approach can be extended
to incorporate noisy transition and observation models with
minor adjustments. However, in such cases, we anticipate
a decrease in planning speed due to the expanded search
space. The assumption of a realizable setting ensures that the
observations obtained from real-world interactions align with
at least one of the hypotheses proposed in Hqr¢ and in the
case that none of the hypotheses can explain the observations,
it implies that the task is unachievable.

V. APPROACH

We are interested in semi-structured domains where the set
of localization planning problems that can be encountered is
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finite and known ahead of time. This is defined by a fixed
robot start state 7.4+ and the finite set of initial distributions
that can be encountered H = {H%,,,.;, HZ, 4 ¢---}- As the set of
problems is known, we propose to preprocess solutions to the
problems ahead of time and construct a database of policies
IT = {m,m...} that localize the object of interest for each
distribution H?,,,. Online, based on the problem at hand, the
solution policy from the database is retrieved and executed.
Constructing this database naively by solving each problem
independently is computationally expensive. Based on the key
observation that problems in the database are similar to each
other, we propose to iteratively construct the database by using
the solution of one problem as experience for solving the next.
To this end, we develop a general experience-based POMDP
solver, E-RTDP-Bel, that uses solutions of similar problems to
speed up planning queries and use it in our problem domain.
We start off by describing RTDP-Bel [18], the POMDP
solver that forms the basis of our planning framework. Fol-
lowed by which we describe E-RTDP-Bel and move on to
describing how it is used in the context of our domain.

A. RTDP-Bel

RTDP-Bel [18] is a direct adaptation of RTDP [21] to
POMDPs. Based on asynchronous value iteration, it converges
to the optimal value function and policy for only the relevant
states in the belief space. Outlined in Alg 1, it operates by
performing a series of greedy rollouts. Each rollout in RTDP-
Bel starts from the initial belief state bgq,; (Line 2) and
terminates when a state in the goal set G is reached (Line 4).
Each iteration of the rollout consists of sampling a state from
the current belief, evaluating the effect of executing different
actions, selecting the best one, and updating the value estimate
accordingly (Lines 5 - 7). Then, the next state and observation
are sampled and the new belief is computed (Lines 8 - 10).

Algorithm 1 RTDP-BEL

1: while NOoT CONVERGED do

2: b= bstar't

3: Sample state s with probability b(s)
4

5

while b ¢ G do

Evaluate the value of executing each action a € A
from belief state b as:

Q(b,a) =C(b,a) + Y _ P(z[b,a)V(b)
z€Z

> Use V(b%) = heur(b}) if not initialized
Select action apes: that minimizes Q (b, a)
Update value of belief state V' (b) = Q(b, avest)
Sample next state s’ with probability 7 (s, apest, s')
Sample observation z with probability O(s, apest, 2)
Compute b2 and set b := b2 and s := s’

SV XD

—

The heuristic function heur used to initialize the value
estimates (Line 5) is critical to the performance of the algo-
rithm. An informed heuristic function can significantly speed
up convergence by encouraging the search to explore only
relevant portions of the belief space.

B. E-RTDP-Bel: Experience-Based RTDP-Bel

1) Idea: The intuitive idea behind Experience-Based
RTDP-Bel is that similar planning problems likely have similar

solutions. Hence, given a problem and the solution to a similar
problem, exploring regions of the belief space around the
solution is likely to solve the current problem.

Different from the original belief MDP of the planning
problem B, the approach explicitly maintains an experience
MDP B¥ which is a significantly smaller subset of the original
belief space, i.e. B C B. BE at its essence represents the
portion of the belief space relevant to the planning problems;
a simple technique to construct it would be to take the union
of all transitions in previous solution policies. The key idea
behind our approach then is to speed up planning queries by
reusing portions of solution policies from previous problems
as much as possible, i.e., portions of BE. This reduces the
need for searching large areas of the original belief space B.

We achieve this by constructing an intelligent heuristic
function, the experience heuristic (heur?), using the original
heuristic defined for the problem domain (heur), the goal
set for the problem G, and the experience MDP BE. The
experience heuristic biases the search iterations in RTDP-Bel
towards BY when following parts of B is likely to get the
search closer to the goal. We use heur” (b) as shorthand for
heur” (b, G) and is the heuristic estimate of the expected cost
to reach the goal set of the problem from the belief b,

cheur(b, b') + heur” (v') Vi eB

heur” (b) = min C(b,a) + Z P(z|a,b) heur” (b?)

€2 V (b,a) € B®

3)

Essentially, given a belief state b, the experience heuristic
computes the value of the optimal policy from b to G that is
composed of two kinds of transitions, i) Instantaneous jumps
that take the system between any two belief states in the
belief space B. The cost of these instantaneous transitions
is equal to the heuristic value inflated by the penalty term
€. ii) Transitions that are part of the belief MDP B which
incur their true cost. By penalizing the (pseudo) transitions that
lie outside the experience MDP, the heuristic encourages the
search to reuse as much of BY as possible. As the penalty
€ increases, the search will go farther out of its way to
reuse experiences. We run RTDP-Bel with this newly defined
experience heuristic to speed up planning. We refer to this
approach as Experience-based RTDP-Bel (E-RTDP-Bel). Fig.
3 provides a visual depiction of the experience heuristic idea.

2) Implementation: Computing the experience heuristic as
defined in Eqn 3. is computationally intractable. Given a
belief state b, computing heur” involves reasoning over the
instantaneous jumps from b to every state in 5. However, if
the original heuristic follows the h-consistency property, i.e.,
heur(bl,bg) < heur(bl,bg) + heul‘(bg,b:;),v bl,bg,bg € B,
then cheur(b) < eheur(b,b’) + cheur(t)) V ' ¢ BF UG.
Therefore, for all b € B, the instantaneous actions can be
restricted to a significantly smaller subset, b’ € BE UG. Now,
instead of reasoning over instantaneous transitions to every
state in the belief space, we only need to reason about jumps
to the experience MDP B or the goal set G.
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Fig. 3. Left) bstart, BE, and G are highlighted in yellow, maroon, and green respectively. The instantaneous transitions/jumps relevant for computing heur?
for bstart are indicated with dashed arrows. Under a sufficiently high e, the experience heuristic prefers the policy highlighted in red, encouraging the search
to move towards B, and the value of this policy is used as heur? (bstq,¢). Middle and Right) Contrast the region of the belief space 13 explored by RTDP-Bel
to converge to a solution (highlighted in blue) when using heur” (under high ) vs heur, respectively.

Algorithm 2 EXPERIENCE HEURISTIC

1: procedure PRECOMPUTE VALUES(B, G, heur)
2 for b € BY do

3 heur” (b) = cheur(b)

4: while NOT CONVERGED do
5
6

> initialization

for b € BY do
Compute heur” (b) as defined in Eqn 4.

cheur(b,b') +heur?(v) V¥ e BEUG
heur” (b) = min ¢ C(b,a) + > P(z]a,b) heur”(b?)
€2 V (b,a) € B?
“)

Computing the experience heuristic for every state encoun-
tered in the search is still non-trivial. However, computing
heur® for any state b encountered in RTDP-Bel can be reduced
to a simple linear pass over the states in B U G if the
experience heuristic for the states in B is known.

heur” (b)) = min eheur(b,b’) + heur®(¥') Vb¢ BEUG
b eBEUG )

As the experience heuristic for states in B is only de-
pendent on G and B¥ itself, prior to running RTDP-Bel we
precompute heur” for all states in B by performing a series
of asynchronous Bellman updates (outlined in Alg 2).

For any belief state b, heur”(b) is upper bounded by
cheur(b) (as heur” (b') = 0, if ¥’ € G). Hence, if heur is admis-
sible, i.e., underestimates the cost of transitions, the solution is
guaranteed to be e-suboptimal. This property directly follows
from [22], which proved that a solution policy found by RTDP-
Bel using an e-inflated admissible heuristic is guaranteed to
be e-suboptimal.

C. Using E-RTDP-Bel For Database Preprocessing

In this subsection, we show how E-RTDP-Bel is used to
speed up constructing the database of policies II (Alg 3).

Given the set of localization problems defined by the robot
start state rs.4-¢+ and the set of initial object pose distributions
H={HL.+, H%. .-}, we can maximize the benefit of E-

RTDP-Bel by solving the problems in an intelligent order. The
closer the experience MDP B is to the solution policy of the

Tstart; {1, ha, hs, hy, hs}

(O btart
I

Tstart; {h1, hg, hg, hy hys}

1

|

Y
Tstart, {h1, hp, hs} (by)

a1

rz, {hy, hy} @ @ r3, {hg}
as ra, {hy} @ r5,{h2,h5}

z2 Z3

rq, {h1} by (bgTs: {h2}

Fig. 4. Left) Getting from the start belief of a more complex problem p’
(yellow) to the solution of a simpler problem p, i.e., Bfm . (maroon) can

be non-trivial. Right) Rolling out the solution of p from pg,,,, makes the
experience directly accessible from p’, ;.

problem being solved, the more speed up we are likely to
observe, as larger portions of BE can be reused. Hence, we
choose to solve the problems in increasing order of uncertainty
as it will allow us to reuse solution policies from simpler
problems to construct rich B¥’s which more closely resemble
solutions to complex problems.

A subtle but important observation is that the start beliefs
between the problems can be very different due to the initial
uncertainty H,, ., being different. For example, let the start
belief of a simple problem p be pstart = (Tstart, {1, ho, h3})
and the start belief of a more complex problem p’ be p’, ., =
(rstart, {h1, ha, h3, ha, hs}). In this case, directly using the
solution policy of p as the experience MDP for solving p’
might not be beneficial as getting from the start state of p’ to
the experience is non-trivial in the belief space. We refer to the
experience MDP which directly uses the solution of a similar
problem as BZ . . Hence, in this case getting from pl,,,,
to BE . involves eliminating at least 2 hypothesis poses
({h4, hs}), and identifying actions that can achieve this is non-
trivial. As a result, the impact of the experience is reduced.

To counter this issue, we transform BZ .~ in the belief
space so it is easily accessible from p’, ... We achieve this
by rolling out the policy of p from p.,,., (as opposed to
Dstart itself) and using the resulting MDP as BE. To roll out
the solution policy computed for p from p,,,., we represent
the solution policy as a mapping from histories to actions (as
opposed to belief states to actions). Here, history corresponds
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Fig. 5. Schematic diagram of the overall system. The preprocessed policy
database is constructed using E-RTDP-Bel as outlined in Section V-C.

to the sequence of actions taken and observations made. For
example, in Fig. 4, the belief state b, can be abstracted out
as the state reached by executing action a; and receiving
observation z;. In the modified representation of the policy,
history {a1, 21} is mapped to action as. Hence, action ay is
applied from the history {a1, 21 } in the more complex problem
as well (which corresponds to belief state by). Constructing B
through this rollout procedure ensures that the experience can
be reused directly, maximizing the speedup. This is evident
from the ablation studies presented in Section VI.

Algorithm 3 PREPROCESSING FRAMEWORK

1: procedure PREPROCESS(7start, H)

2 =90

3 Order H in increasing order of uncertainty

4 for Hpry € Hdo

5: bstaTt = (Tstart, H;taqr-t)

6: Pick 77 from II with most similar start state uncertainty
7

8

9

0

BE = Rollout 7 from bsiqar

Use Alg 2. to precompute heur”(b) V b € BY

Use Eqn 5. to compute heur” (b) V b ¢ B” U G’
Compute solution policy 7° from bster: to G* using
RTDP-Bel with heur” > E-RTDP-Bel
11 TT.INSERT(7")

—

VI. RESULTS

We evaluate the performance of our framework on i) A
real-world plug insertion task incorporating 3D positional
uncertainty of the plug port, and ii) A simulated pipe assembly
task incorporating 4D pose uncertainty of the pipes.

A. Plug Insertion Task

1) Setup: The task is to insert a plug into its port using a
UR10e manipulator. The position of the port is constrained to
be within a bounded volume (2m x 2m x 2m) and is allowed to
yaw within a range of -15 to +15 degrees (roll, pitch are fixed).
As 2mm errors in position estimation can cause failures, the
task is modeled under 3D positional uncertainty.

We use a simple perception module rooted in ICP (Iterative
Closest Point) [6] to identify a discrete distribution of hypothe-
ses poses H;. Given a scene, we capture a point cloud from
the static camera (Microsoft Azure Kinect DK) and use ICP
(with the port model) to estimate the port pose. This estimate is
then converted into a discrete distribution using a simple rule-
based approach. We represent the 3D positional uncertainty

TABLE I
STATISTICS FOR DATABASE CONSTRUCTION (PLUG INSERTION)

Planning Algorithm

Metrics RTDP-BEL E-RTDP-BEL
e=1 =2 =3 €6=5 €=2 =3 =5
Success
Rate (%) 789  8l1.1 842  86.5 100 100 100
gel‘mve 10 122 156 232 11324 283.13 55197
peedup
Relative
Expected Cost 1.0 1.08 1.78 2.19 1.12 1.83 2.46
TABLE II

PERFORMANCE OF THE FRAMEWORK ON PLUGIN AND ASSEMBLY TASKS

Metrics Task
PLUG INSERTION PIPE ASSEMBLY
(REAL WORLD) (SIMULATION)
Success Rate (%) 95 100
Execution Time (s) 22.3 16.9

as a cuboid centered around the pose estimate. This is then
discretized at a resolution of 2mm to create the hypotheses set.
The rules for generating the cuboid of uncertainty given the
pose estimate are constructed by comparing the groundtruth
poses with the ICP (noisy) estimates at different regions in
the workspace. Given this rule-based uncertainty model, we
query the model at all (discretized) poses within the workspace
to create the set of initial distributions H = {Hy, Hs...}.
The set contains initial uncertainties ranging from 4mm to
3cm along each axis, meaning that H; contains up to 15°
poses. The uncertainty model is not the focus of our work,
more sophisticated approaches can be used with our planning
framework. A schematic diagram of the entire system and the
different modules involved can be found in Fig. 5.

2) Impact of Reusing Experiences: Table I presents results
that demonstrate the impact of the developed E-RTDP-Bel
algorithm in constructing the database of policies 1I. Each
algorithm is given a timeout of 500 seconds for each problem.
If the algorithm fails to solve the problem within the timeout,
a failure is recorded. The speedups and costs are presented
relative to RTDP-Bel (run with a suboptimality bound of
€ = 1). From the table, it is clear that E-RTDP-Bel dominates
RTDP-Bel providing average speedups of over a factor of 100
while maintaining similar costs. The table also presents the
tradeoff between solution quality and planning time dictated
by the penalty €. As ¢ increases, E-RTDP-Bel encourages
the search to go farther out of its way and reuse larger
portions of previous solutions thereby converging quicker at
the expense of solution quality. The performance of RTDP-Bel
under different suboptimality bounds highlights the relative
impact of E-RTDP-Bel as the suboptimality bound increases.

3) Performance of the Overall Framework: Table 11
presents the performance of our framework averaged over
50 runs in the real world. In each run, the port is moved
to a random pose within its workspace. We observe a strong
success rate of 95%. The source of the 5 failures is incorrect
perception, wherein, the groundtruth pose is not contained
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Fig. 6. A run of the proposed framework on the plug insertion task in the real world (top row) and the pipe assembly task in simulation (bottom row).
We observe the robot making contacts at different locations to localize the object of interest and completing the insertion task upon localization. In the pipe
assembly case, the construction of complex structures can be modeled as a sequence of insertions.
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Fig. 7. Performance of TBL on the task of plug insertion. left) Initial
uncertainty (number of hypothesis poses) vs planning time. right) Initial
uncertainty (number of hypothesis poses) vs Cost (relative to RTDP-Bel).

within the hypothesis set identified by perception.

We also evaluate a popular online approach, Touch Based
Localization (TBL) [13], on our problem domain. TBL inter-
leaves planning and execution. In each iteration of planning,
multiple actions are sampled, and based on the current belief
their expected information gain is computed. The action that
maximizes the information gain metric is chosen for execution.
Upon execution, the observation received is used to update the
belief, and the process is repeated. This approach is inefficient
in our domain for two reasons. The first is the computational
expense associated with it, especially under high uncertainties.
Evaluating information gain of an action or even maintaining
the belief distribution, involves forward simulating the action
under all hypotheses and computing the expected observation.
This process involves expensive mesh collision checks. In
our problem, hypothesis sets can contain thousands of poses
resulting in several thousand collision checks for each action.
Although TBL is faster than solving the problem as a POMDP,
it is not fast enough to be used online. The second reason
is that TBL is myopic. It only reasons about the next best
action to execute and not the sequence of actions to execute to
complete the task, thereby compromising solution quality. This
effect is exacerbated under high uncertainties. Fig. 7 presents
how the planning times and solution qualities scale with
uncertainty. For our evaluation, we sampled 100 actions in
the vicinity of the hypothesis poses in each planning iteration.

A simple Image-based visual servoing approach was also
evaluated. A RealSense D435i camera was mounted on the
wrist of the manipulator and provided a continuous video

TABLE III
PREPROCESSING FRAMEWORK ABLATION STUDY

Planning Framework

Metrics

OURS NAIVE RANDOM
Success Rate (%) 100 100 95.5
Relative Speedup 1.0 0.23 0.11
Relative Expected Cost 1.0 0.95 0.98

stream of the region of interest. SIFT [23] was used for
registering the features between the current and the target
image. The positional errors between the features in the image
space (from the current to the target image) were used to
compute the robot controls. The lack of clear contrast between
the object of interest and its background (black colored port
mounted on a black background) combined with the fact that
the plug in hand occluded most of the port (especially in close
proximity) led to poor feature registration and as a result only
1 success out of 10 runs. To compare against the performance
of the approach under ideal conditions, a clearly visible red
tape that could be reliably identified in the images (including
those from close proximity) was attached to the port. Instead
of using the SIFT features, we used the corners of the tape
(which could be reliably located using a simple color mask)
as features for the IBVS algorithm. The performance was
significantly better under such ideal conditions succeeding in 9
out of 10 runs (with an average execution time of 11 seconds).
These results reiterate the challenges faced by vision-based
algorithms and highlight the need for using tactile feedback.

We highlight the impact of the choices we make in our
preprocessing-based planning framework through ablations
presented in Table IIl. Here, NAIVE uses BZ, = as the
experience MDP instead of the proposed rollout procedure to
construct B (Section V-C). RANDOM orders the problems
randomly to highlight the benefit of ordering problems in
increasing order of uncertainty. All variants run E-RTDP-Bel
with € = 2, and their performance in constructing the database
of solutions is presented relative to our framework. We observe
that NAIVE and RANDOM are 5 and 10 times slower than our
framework, highlighting the impact of the quality of experi-
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TABLE IV
STATISTICS FOR DATABASE CONSTRUCTION (PIPE ASSEMBLY)

Planning Algorithm

Metrics RTDP-BEL E-RTDP-BEL
e=1 €6=2 €6=3 =5 €6=2 =3 =5
Success
Rate (%) 714 765 793 819 100 100 100
gelat”e 1.0 14 176 206 8444 198.10 335.50
peedup
Relative L0 106 157 176 108 168  1.89

Expected Cost

ence on planning performance. By ordering the problems in
terms of increasing uncertainty and by performing the rollout
procedure, we are able to construct Experience MDPs that are
more relevant (larger portions of the experience can be reused)
and easily accessible, resulting in stronger performance.
Overall, our framework provides a strong combination of
real-world robustness, planning times, and solution quality.

B. Pipe Assembly Task

To demonstrate the generality of the framework, the ap-
proach was also evaluated in simulation on the task of pipe
assembly. Pipe assembly can be modeled as a series of high-
precision insertions of pipes into elbows and vice versa (Fig.
6). For each insertion in this domain, we reason about the
uncertainty in pose along 4 axes (x, y, yaw, and pitch) in
contrast to just the positional uncertainty in plug insertion.

As the task is evaluated in simulation, the set of initial
uncertainties is artificially created and E-RTDP-Bel is used
to create the database of policies. The set contains initial
uncertainties ranging up to 2cm in position (along each
axis) and 0.25 radians in orientation (along each axis). We
used a resolution of 2mm for position and 0.05 radian for
orientation for discretizing the distribution. Therefore, H has
hypotheses sets H; that contain up to 3600 possible poses.
During evaluation, random noise is added to the pose of the
pipe/elbow. An initial distribution is sampled from the set ‘H
(such that the random noise is contained within the boundary
of the discrete distribution), and the corresponding policy is
executed by the robot. An important observation is that the
random noise is sampled in the continuous space and is not
exactly contained in the discrete distribution. The approach
was evaluated on 50 problems and we observed that the robot
was able to successfully localize the object of interest and
complete the task in all of the runs (Table II). Similar to
the plug insertion task, Table IV presents the performance
of E-RTDP-Bel in constructing the database of policies II.
E-RTDP-Bel continues to provide significant speedups while
maintaining good solution quality. The ablation studies and
performance comparisons with TBL follow similar trends as
in the plug insertion task and are omitted for brevity.

VII. CONCLUSION

We formulate high-precision insertion tasks as planning
under pose uncertainty and utilize contacts to localize the
object of interest and complete the task. We develop a
preprocessing-based planning framework for semi-structured

insertion domains where the set of possible pose uncertainties
are finite and known ahead of time. Due to the computational
expense of preprocessing a database of solutions, we propose
a general experience-based POMDP solver, E-RTDP-Bel, that
effectively utilizes solutions of similar planning problems to
speed up planning queries and use it to speed up database
construction by over a factor of 100. The framework demon-
strates strong performance in terms of robustness, planning
times, and solution quality on the tasks of plug insertion (real
world) and pipe assembly (simulated).

REFERENCES

[11 S. Hutchinson, G. D. Hager, and P. I. Corke, “A tutorial on visual servo
control,” IEEE transactions on robotics and automation, 1996.

[2] J. Hill, “Real time control of a robot with a mobile camera,” in 9th Int.
Symp. on Industrial Robots, 1979, pp. 233-246, 1979.

[3] D. Kragic, “Visual servoing for manipulation: Robustness and integra-
tion issues.,” 2003.

[4] F. Islam, O. Salzman, and M. Likhachev, “Provable indefinite-horizon
real-time planning for repetitive tasks,” in Proceedings of the Interna-
tional Conference on Automated Planning and Scheduling, 2019.

[5] F. Islam, O. Salzman, A. Agarwal, and M. Likhachev, ‘“Provably
constant-time planning and replanning for real-time grasping objects off
a conveyor belt,” The International Journal of Robotics Research, 2021.

[6] P.J. Besl and N. D. McKay, “Method for registration of 3-d shapes,” in
Sensor fusion IV: control paradigms and data structures, 1992.

[71 G.D. Hager, W.-C. Chang, and A. S. Morse, “Robot hand-eye coordina-
tion based on stereo vision,” IEEE Control Systems Magazine, vol. 15,
no. 1, pp. 30-39, 1995.

[8] M. Vincze and G. D. Hager, “Robust image processing and positionbased
visual servoing,” 2000.

[9] F. Chaumette and S. Hutchinson, “Visual servo control. ii. advanced

approaches [tutorial],” IEEE Robotics & Automation Magazine, vol. 14,

no. 1, pp. 109-118, 2007.

A. Petrovskaya and O. Khatib, “Global localization of objects via touch,”

IEEE Transactions on Robotics, 2011.

B. Saund, S. Chen, and R. Simmons, “Touch based localization of

parts for high precision manufacturing,” in 2017 IEEE International

Conference on Robotics and Automation (ICRA).

B. L. Saund, Planning and Localization Using Contacts. PhD thesis,

Carnegie Mellon University Pittsburgh, PA, 2017.

S. Javdani, M. Klingensmith, A. Bagnell, N. Pollard, and S. Srinivasa,

“Efficient touch based localization through submodularity,” in 2013

IEEE International Conference on Robotics and Automation, 2013.

[14] J. Xu, Z. Hou, Z. Liu, and H. Qiao, “Compare contact model-based

control and contact model-free learning: A survey of robotic peg-in-

hole assembly strategies,” arXiv preprint arXiv:1904.05240, 2019.

T. Inoue, G. De Magistris, A. Munawar, T. Yokoya, and R. Tachibana,

“Deep reinforcement learning for high precision assembly tasks,” in

2017 IEEE/RSJ International Conference on Intelligent Robots and

Systems (IROS).

[16] J. Xu, Z. Hou, W. Wang, B. Xu, K. Zhang, and K. Chen, ‘“Feedback deep

deterministic policy gradient with fuzzy reward for robotic multiple peg-

in-hole assembly tasks,” IEEE Transactions on Industrial Informatics,

2018.

M. Phillips, B. Cohen, S. Chitta, and M. Likhachev, “E-graphs: Boot-

strapping planning with experience graphs,” in Proceedings of the

International Symposium on Combinatorial Search, 2012.

B. Bonet and H. Geffner, “Solving pomdps: Rtdp-bel vs. point-based

algorithms.,” in IJCAIL pp. 1641-1646, Citeseer, 2009.

T. Uras, S. Koenig, and C. Herndndez, “Subgoal graphs for optimal

pathfinding in eight-neighbor grids,” in Proceedings of the International

Conference on Automated Planning and Scheduling, 2013.

L. E. Kavraki, P. Svestka, J.-C. Latombe, and M. H. Overmars, “Prob-

abilistic roadmaps for path planning in high-dimensional configuration

spaces,” IEEE transactions on Robotics and Automation, 1996.

A. G. Barto, S. J. Bradtke, and S. P. Singh, “Learning to act using real-

time dynamic programming,” Artificial intelligence, pp. 81-138, 1995.

S. Kim, O. Salzman, and M. Likhachev, “Pomhdp: Search-based belief

space planning using multiple heuristics,” in International Conference

on Automated Planning and Scheduling, 2019.

D. G. Lowe, “Object recognition from local scale-invariant features,” in

Proceedings of the seventh IEEE international conference on computer

vision, 1999.

(10]

[11]

[12]

[13]

[15]

(17]

[18]

[19]

[20]

[21]

(22]

[23]

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



