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Abstract— This paper presents an automated part localiza-
tion technique for performing fixtureless assembly operations
in a human-robot collaborative workcell. The main focus of
this paper is to localize the part in the least possible time
and ensure the part is not damaged during the contact-based
probing phase due to the uncertainty in the preliminary pose
estimation. Given the preliminary estimate of the part pose
in the workcell, we automatically generate contact patches on
the part for probing. We then estimate the probing time by
considering the different subset of patches and select the subset
with the least estimated probing time. The robot motions for
part probing consider the potential error in the initial estimate
to keep the part safe during the contact-based localization
procedure. The probed positions of the contact patches are
used to reduce the uncertainty in the part pose. We have
characterized the performance of the developed method using
both simulation and experimental studies. 1

Index Terms— Fixtureless assembly, human-robot collabora-
tive workcell, contact-based localization, part probing, uncer-
tainty reduction, sensor feedback.

I. INTRODUCTION

Robots are being effectively utilized in high-volume as-
sembly tasks. In these applications, the part being assembled
is localized using custom fixtures. Since the accurate part
pose is known to the system, robots can carry out the
assembly tasks. The use of custom fixtures in a human-robot
collaborative workcell for a low-volume manufacturing task
is not feasible because the efforts to design and produce
them do not align with the time scales and production return
on investment. Therefore, robots are currently not used
in these applications. Fixtureless assembly is a potentially
viable solution in small production volume applications.
Non-contact based perception-based localization is rarely
adequate to provide sufficient accuracy because of the
noise present in the captured images and inaccurate camera
calibration. Contact-based localization techniques can be
used to improve the pose estimate obtained from the non-
contact based perception system as they are readily available
and require low-cost sensors to achieve the required accuracy
levels.
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Fig. 1: Setup of a human-robot collaborative workcell for
fixtureless assemblies. (a) Robot 1 - UR5; (b) Robot 2 -
Right arm of ABB YuMi; (c) Bulky part.

The automated part localization technique should meet
these logical requirements:

1) Efficient probing task execution: Minimize probing
time and hence reduce idle time for the human and
the robot.

2) Safe execution of probing: Ensure part safety while
probing even in the presence of pose uncertainty.

3) Satisfy performance constraints: Reduce the uncer-
tainty in the pose estimate to the desired level to
perform the assembly operation.

This paper mainly focuses on automating the contact-
based part localization procedure for fixtureless assemblies
in a human-robot collaborative workcell. We are interested in
building an automated contact-based part localization tech-
nique to meet the above-described requirements. The main
motivation of this work is to build an efficient contact-based
probing technique that can choose the contact patches on the
part automatically, based on the initial pose estimate obtained
from a low-cost non-contact based perception system. This
technique can reduce the stress on the human operator to
manipulate bulky parts in the workcell. The human operator
is responsible for participating only in the complicated
sections of the assembly task. Fig. 1 shows the setup of the
human-robot collaborative workcell for fixtureless assembly
tasks. The system has to localize the part within the workcell
and execute the assembly task. For a given initial part
pose, the system generates a set of feasible contact patches.
The system iteratively selects a random subset of contact
patches from the set and verifies if the uncertainty reduction
criteria are met. Different subsets require different probing
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execution time. To ensure efficient execution, the system
considers different subsets of the contact patches which meet
the uncertainty reduction criteria until the value of probing
execution time stops improving. To ensure the safety of
the part in an uncertain environment, the motion planner
considers the potential estimation error while generating
trajectories.

A force-sensitive resistor (FSR) is used to probe the part.
If an inertial measurement unit (IMU) is available, then the
accurate orientation estimate is obtained and the number of
contact patches is reduced (explained in section III). The
role of the human operator is to attach and detach the IMU
(if needed) from the part, carry out tasks that require fine
motions and intervene in the event of any failures.

II. RELATED WORK

Human-robot Collaboration. Recent advances in human-
robot collaboration have proposed architectures to improve
task efficiency, flexibility, and reduce production cost [1]–[5].
Johannsmeier and Haddadin [6] proposed a task allocation
framework comprised of an abstraction layer that describes
the assembly planning problem and an allocation layer that is
responsible for the task execution and failure handling. Kuehl
et al. [7] proposed a robot-based process chain in which a
dual-armed robot was used to execute subtasks that were
formerly performed manually.

Part localization using sensor feedback. Several algo-
rithms have been presented to localize symmetrical and
unsymmetrical parts by probing the part at strategic locations
and by minimizing the sum of the squared distances of the
measurement points with respect to the part surface [8]–
[12]. Bimbo et al. [13][14] used a robot’s tactile sensors
to refine the pose obtained from the vision system. Bone
and Capson [15] proposed a vision-guided system for a
fixtureless assembly workcell. They used a 2D vision system
to estimate part pose for grasp and then used a 3D vision
system to align the part before it is assembled. Previously
in [16], we presented a method to reduce pose uncertainty
using simple, sensorless, fine-positioning moves for smaller
parts. In [17], we introduced the technique of fine-tuning the
pose estimate using sensor feedback, but the method was
used on small parts with the IMU integrated within the part.
In this paper, we use the fine-tuning technique in a human-
robot collaborative workcell with an objective to improve the
capability of the robots to handle bulky parts and thus reduce
the stress on the human operator.

Motion planning under uncertainty. The safety of the
human and the workpiece is a crucial element in the collabo-
rative setup. Motion planning algorithms like [18] have dealt
with uncertain work environments. Burns and Brock [19]
proposed a utility-guided roadmap planner that incorporates
uncertainty directly into the planning process. In our previous
work [20][21], we characterized the effect of perception
uncertainty on the success of the motion plan to extract the
part from the bin. The scene was represented using a three-
dimensional point cloud and Monte Carlo simulations were
used to estimate the success rate of a motion plan.

III. WORKCELL DESIGN

The human-robot collaborative workcell consists of two
robots and a human operator. A user interface (UI) estab-
lishes a communication between the robots and the human
operator. The UI displays the current status of each sub-
system in real time and alerts the human operator if any
failures occur. The bulky part is delivered to the workcell by
an external agent, the moderately heavy subassemblies are
fetched by the robot from the part feeder, and the light parts
are fetched by the human operator from the part tray. An
initial pose estimate of the bulky part is obtained using the
color image of the scene.

The assembly operation is executed based on a given
assembly sequence. The geometry and characteristics of
the part and the subassembly are well represented with a
computer-aided design (CAD) model and the system has
complete knowledge of the grasp strategy for the subassem-
bly. We assume that the error between the commanded end
effector position and the actual end effector position can be
characterized.

To execute a fixtureless assembly operation involving a
bulky part, the subsystems in the human-robot collaborative
workcell can be listed as follows

1) Part placement: The bulky part is transported to the
workcell using an external agent with a pre-attached
fiducial marker (in this case, ArUco). We assume that
the pose of the marker is known relative to the part
origin. We also assume that the subassembly has been
placed in the workcell by a previous operation and its
pose is known.

2) Sensor attachment: If an IMU assist is available, the
human attaches the IMU to the part and specifies the
relative orientation between the part and the IMU. We
assume that the sensor placement is error-free.

3) Initial pose estimation using vision system: An initial
pose estimate of the part, based on the ArUco fiducial,
is obtained from a low-cost perception system based
on the ArUco library [23][24]. The uncertainty in the
pose estimate obtained from this system is known.

4) Part immobilization: Since the assembly task is ex-
ecuted without the use of any fixtures, the bulky
part is immobilized by one of the robot arms. The
initial pose estimate is sufficient to immobilize the
part. We assume that the set of points feasible for
part immobilization is given, and the part pose is not
disturbed during immobilization.

5) Contact patch selection: Based on the part geometry,
estimated part pose, and the kinematic constraints
of the robot, the set of feasible contact patches are
generated. The set of contact patches that meet the
uncertainty reduction criteria and have the asymptotic
value of the estimated probing time is selected. (refer
to section V and section VI for details). Fig. 2 shows
the selection of contact patches on a chosen part.

6) Part probing and uncertainty reduction: The robot
uses an FSR to probe the part at the selected contact
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Fig. 2: Selection of three contact patches on the part. The
lines indicate the normal at the center of the contact patch.

Fig. 3: Illustration of part probing at the first contact patch
in the selected set.

patches in impedance control mode. Based on the
probed positions of the contact patches, the uncertainty
in the part pose is reduced. Fig. 3 illustrates a probing
action which is referred as a contact move in the paper.

7) Execution of the assembly operation: The human oper-
ator and the robot collaborate to execute the assembly
operation. The motion plan for the robot is generated
using a Stochastic Trajectory Optimization for Motion
Planning (STOMP) algorithm [25].

8) Sensor detachment: If IMU assistance was utilized,
the human detaches the sensor after the assembly is
completed.

9) Handling failures: The human operator is responsible
for crisis management in situations like part drop-off
during transport, failure of pose estimation etc.

If an IMU assist is available, the orientation of the part can
be obtained by attaching the sensor to the part. Since IMU
reduces the uncertainty in the part orientation, the number
of required contact patches is reduced and thus the probing
time is reduced. The accurate orientation estimated by the
IMU can be utilized to ensure part safety while probing the

part. Table. I lists the minimum number of contact patches
to be selected, depending on the type of assistance available
from the IMU.

IV. PROBLEM FORMULATION

Consider a bulky part, P, and let {P} represent the
coordinate frame attached to P. Let the world coordinate
frame be denoted as {W}. Let WTP be represented as
{x, y, z, α, β, γ}, where (x, y, z) represents the origin of {P}
relative to {W} and (α, β, γ) represents the Euler angle
representation of {P} relative to {W}. Let WT̃P represent
the initial pose estimate obtained from the perception system
and the uncertainty associated with it be represented as Up.
Up is modeled as a set of Gaussian distributions.

Given WT̃P and Up, the goal is to generate the set of
feasible contact patches and select a subset of N contact
patches from the set such that the selected subset satisfies
the uncertainty reduction criteria and has the least estimated
probing time.

V. GENERATING THE SET OF FEASIBLE
CONTACT PATCHES

To generate the set of feasible contact patches, the CAD
model of the part is rendered at the estimated pose and
the portion of the part lying outside the robot workspace is
filtered out. The internal faces and the faces with normal
pointed downwards are filtered out. Based on the initial
pose estimate, the following criteria are considered for the
generating the set of feasible contact patches.

1) Ensuring part safety during contact: The contact patch
is selected on a non-compliant and a safe region (a
region with stiffness greater than a preset threshold) on
the part. This validation of criterion is performed using
the information from the CAD model of the part. Any
contact with the part outside the contact patch must be
avoided.

2) Surface of the contact patch: The contact patches must
lie on the convex part surface to avoid collisions. The
part surface of the contact patch must not have an
edge. Such features can increase the uncertainty in the
probed position of the contact patch.

3) Kinematic constraints: The trajectory for the contact
move should satisfy the kinematic constraints of the
robot.

The contact patches satisfying these three criteria are
denoted as the set of feasible contact patches. Each patch
is represented using the center of the patch (relative to the
part origin) and the direction normal of the patch (as shown
in Fig. 2). If the number of non-planar contact patches in the
set is less than N , then the bulky part has to be repositioned

TABLE I: IMU assist

IMU assist Roll Pitch Yaw N ≥
3-DOF X X X 3
2-DOF X X 4

No assist 6
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using the external agent and the whole process has to be
repeated.

VI. SELECTING CONTACT PATCHES

In this section, we discuss the selection of contact patches
based on the uncertainty reduction criteria and the estimated
probing time. If an IMU assistance is available, the human
attaches the IMU to the part and specifies the orientation
of the part relative to IMU (denoted as imuRP). If WR̂imu
denotes the orientation estimate obtained from the IMU, the
part pose can be updated as

WR̂P ← WR̂imu
imuRP,

WT̃P ←
[

WR̂P
WP̃org

0 1

]
,

(1)

where WR̂P denotes the updated rotation matrix in the part
pose estimate. The CAD model of the gripper is grown by the
level of uncertainty in the pose estimate obtained from the
perception system and represented using a bounding box as
shown in Fig. 4. The part is probed using one of the probes,
P1 or P2, based on the position of the contact patch. If the
robot has built in force sensors, the external probes are not
necessary. A contact move refers to a linear motion along
the estimated normal of the contact patch such that the first
contact between the FSR and the part is within the boundary
of the contact patch. A contact move is comprised of three
phases-

1) Approach phase: The part is represented by consid-
ering a potential error in the initial pose estimate.
STOMP is used to generate a trajectory based on this
model. The end effector is aligned such that the probe
is pointed along the normal of the contact patch.

2) Contact phase: A contact move is executed while
constantly obtaining feedback from the force sensor.
When a contact is established, a steep decrease in the
resistance across the sensor is observed. The robot halts
motion when this event occurs.

3) Retract phase: The position of the FSR is recorded as
the probed position of the contact patch and the robot
slowly retracts along the direction of approach.

In each iteration of the simulation, a random selection of N
contact patches in which at least three non-planar patches are
considered. The trajectory for probing the part will include
the three phases of the contact move for each contact patch.
The system verifies the uncertainty reduction criteria and
estimates the probing time for the selected set of contact
patches.

A. Satisfying Uncertainty Reduction Criteria

The uncertainty reduction criteria depend on the lowest
value of the tolerance in the parts included in the assembly
task. Let pi and ni represent the position and the normal
vector of the ith contact patch, relative to {P}. Given the
measurement variance in the FSR measurements, εp∗, the
translational error, d, along any direction for the selected
contact patches [26] is bounded by

Fig. 4: Representation of the gripper while executing the
contact moves.

d ≤

√
(Fε(l, l)− 1)εp∗

λp
, (2)

where l indicates the degrees of freedom in the two variances.
Fε(l, l) is the critical value of the F-distribution. If Np =
[n1, n2, · · · , nN ]T , λp is the smallest Eigenvalue of NT

p Np.
Given the measurement variance in the IMU, εo∗, the

estimate of the orientation error, θ, along any direction for
the selected contact patches [26] is bounded by

θ <

√
(Fε(l, l)− 1)εo∗

λr
, (3)

where Fε(l, l) is the critical value of the F-distribution, Nr =
−[(n1×p1), (n2×p2), · · · , (nN ×pN )]T , λr is the smallest
Eigenvalue of NT

r Nr.

B. Optimizing Estimated Probing Time

The trajectory for probing the part at N contact patches is
divided into small sections. If Ji represents the joint angles
obtained from the inverse kinematic solver at the end of a
particular segment, Si, and Ji−1 represents the joint angles
at the end of a previous segment, Si−1, then ∆J is the
maximum of the difference between J and Ji−1. If the joint
velocity of the robot is known, the time taken by the robot
to move from the first segment, So, to the last segment, Sn,
can be computed as

Probing T ime =

Sn∑
So

∆J

Joint V elocity
,

where ∆J = max[Ji ∼ Ji−1].

(4)

The set of contact patches which satisfy the uncertainty
reduction criteria and have the least estimated probing time
is chosen for execution.

VII. SIMULATION RESULTS

We considered a workcell with a UR5 robot arm. The
reachability of the robot was represented with a sphere of
radius 85 cm. Six different parts shown in Fig. 5 were
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TABLE II: Absolute error in the the estimated pose

Position (mm) Orientation (degrees)
Source Mean Std Source Mean Std

Perception 7.0 5.7 Perception 9.21 8.41

FSR1 0.5 0.22 IMU 3.34 2.26
FSR2 1 0.5

Fig. 5: Six parts considered for the experiments.

used. Table II summarizes the absolute error in the esti-
mates obtained from the perception system and the sensor
measurements. The perception error was the difference
between the expected and estimated pose of a marker relative
to another marker. The error in the IMU measurement was
the difference between the actual orientation of the IMU
(mounted on the end effector of the robot) relative to {W}
and the IMU reading. To compute the error in the position
measurement using the FSR, a contact patch was considered
at a known position in {W}. Contact moves were executed
and the position of the end effector (onto which the FSR
was mounted as shown in Fig. 4) was noted when the drop
in resistance across the FSR was observed. The error in the
position measured by the FSR was the difference in the actual
position of the contact patch and the position of the FSR on
the end effector. FSR1 and FSR2 in Table II correspond to
two force-sensitive resistors with different uncertainty in the
position measurement.

A. Motion Planner Accuracy

We conducted simulations to test the efficiency of the
motion planner to probe the part within the boundaries of the
contact patch in the presence of uncertainty. 20 trials were
considered for each part shown in Fig. 5. In each trial, the
part was placed at an arbitrary pose and noise was added to
the part pose to simulate the uncertainty in the pose estimate.
10 contact patches were selected at random from the set
of feasible contact patches. A contact move was considered
a success if the position of the first contact between the
probe and the part was within the boundary of the contact
patch. Table III summarizes the success rate of the motion
planner for the different estimation uncertainty and different

TABLE III: Success rate of motion planner to execute a
contact move. The values indicate the number of trials
in which the first contact made by the FSR with the part
was within the selected contact patch.

Radius of
contact patch Perception Perception with IMU assist

1 cm 90.17% 94.25%

1.5 cm 94.83% 98.58%
2 cm 96.33% 99.75%

sizes of the contact patch. The percentage values indicate
the reliability of the motion planner to probe the part within
the contact patch and ensure part safety in the presence of
pose uncertainty. It can be inferred that the performance of
the system is more efficient when an IMU assist is utilized.
Similarly, the motion planner has a higher success rate when
the radius of the contact patch is larger than the uncertainty
in the pose estimate.

B. Uncertainty Reduction Criteria

Experiments were conducted to verify the uncertainty
reduction criteria for the selected contact patches. The maxi-
mum error bounds in the position and the orientation estimate
was set at 2 mm and 5 degrees, respectively. An additional
20 trials were performed to test the uncertainty reduction
criteria, again starting with an arbitrary pose and adding
a requisite amount of noise to simulate uncertainty of the
position. The set of feasible contact patches was generated
based on the estimated part pose. Assuming IMU assistance
to refine the orientation estimate of the part, three feasible
contact patches were selected at random. The uncertainty
reduction expected to be obtained from the selected contact
patches was estimated using Eqn. 2 and Eqn. 3, respec-
tively. The number of iterations required to randomly select
patches which satisfy the uncertainty criteria is recorded
across twenty trials. Fig. 6(a) and Fig. 6(b) show the mean
and standard deviation of the iterations required to meet
the uncertainty reduction criteria for 2 different levels of
uncertainty in the probed position (the uncertainty in the
probed positions is mentioned in Table II). It can be inferred
that the average number of iterations required to meet the
uncertainty reduction criteria is directly proportional to the
uncertainty in the probed position. It is easier to find a set of
contact patches satisfying the uncertainty reduction criteria
compared to finding an optimal solution based on the probing
time requires a significantly higher number of iterations.

C. Number of Iterations to Minimize Probing Time

Experiments were conducted to determine the number of
iterations needed to select N contact patches with the least
probing time. This final experiment echoed the procedure
from first two, producing one last set of poses with included
uncertainty. The algorithm was allowed to run for 10000
iterations and in every iteration, three feasible contact patches
were selected at random. The iterations in which the selected
contact patches do not meet the uncertainty reduction criteria
were discarded. The probing time for the selected set was
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Fig. 6: Mean and standard deviation of the iterations required
to meet the uncertainty reduction criteria using (a) FSR1 and
(b) FSR2.

Fig. 7: Mean and standard deviation of the iterations required
to find the set of contact patches with the least estimated
probing time.

estimated using Eqn. 4. The set of contact patches with the
least estimated probing time was retained. The optimizer was
considered to reach an asymptote when the variation in the
predicted execution time over 100 trials was less than 1%.
Fig. 7 shows mean and standard deviation of the iterations
at which the optimizer reached an asymptote for each part.

In this case, the number of iterations needed to meet the
uncertainty reduction target is far fewer than the number of
iterations needed to find the solution with the least prob-
ing time. Hence we treat this problem as the optimization
problem that minimizes the total execution time. The total
execution time accounts for both the probing execution time
and the computation time. The computation time depends
on the computing hardware. In our case, 1000 iterations
of selecting a set of contact patches and evaluating them
took 204 ms with an Intel(R) Core(TM) i7− 6820HQ CPU
at 2.7 GHz. Once the solutions obtained do not show any
appreciable improvement (> 1%) in the estimated probing
execution time, we terminate the search and execute the

probing moves.

VIII. ILLUSTRATIVE CASE STUDY

We considered a task to assemble the metal brackets (sub-
assembly) on a cabinet door (bulky part) in a human-robot
collaborative workcell (Fig. 1) without using any fixtures.
The uncertainty bounds were set at 2 mm and 5 degrees in
position and orientation, respectively. The workcell consisted
of two robots (UR5 denoted as the primary robot arm and the
right arm of ABB YuMi denoted as the secondary robot arm)
and a human operator. The cabinet door was delivered to the
workcell using a UR10 robot as shown in Fig. 8(a). A Kinect
v1 was used to detect the ArUco marker attached to the door
and estimate its 6-DOF pose in the workcell. The human
attached an IMU to the cabinet door as shown in Fig. 8(b).
The secondary robot arm was used to immobilize the part as
shown in Fig. 8(c). The set of 3 contact patches which met
the uncertainty reduction criteria and had the least estimated
probing time was chosen. The primary robot arm was used
to probe the part at the selected contact patches as shown in
Fig. 8(d). The pose estimate of the part was fine-tuned based
on the probed position of the contact patches. The primary
robot arm was used to fetch the subassembly and place it
at the designated place on the door as shown in Fig. 8(e).
The human operator completed the screwing operation to
permanently attach the brackets on the cabinet door as shown
in Fig. 8(f). The IMU was detached from the door once
the assembly operation was completed. Please see a video
illustrating our process at /https://youtu.be/E9IUc5p9Qck

IX. CONCLUSION

This paper presented an automated contact-based part
localization technique for fixtureless assembly tasks in a
human-robot collaborative workcell. The technique generated
the set of feasible contact patches and selected the subset
which met the uncertainty reduction criteria and was efficient
in terms of the probing time. Results showed that the success
of the motion planner was very high when an IMU assistance
was available. An illustrative case study was presented to
show how the proposed methods can be used to facilitate
human-robot collaboration on assembly tasks.

In the future, we will be interested in using multiple robots
for contact-based probing. We are also interested in seeing
how cameras mounted on the robot end-effector can be used
to improve the reliability of the operation.
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