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Fig. 1: We improve assistive robot interactions by generating robot motions (e.g., grasping a pitcher) that specifically minimize object occlusion
by the robot from the user’s perspective.

Assistive robot arms provide people with upper mo-
tor disabilities a way to independently complete daily
activities [1]. Research into shared autonomy investigates
how to augment user teleoperation of a robot arm
with intelligent robotic assistance to make assistive
robots easier to use [2]. However, during assistance,
shared autonomy systems may move the robot into
positions that occlude important parts of the scene
from the user. We address this problem by generating
robot arm trajectories that are optimized to be minimally
occlusive (Fig. 1) of the important parts of the scene. We
extend past work on human-aware motion planning
[3, 4] to include visibility. This is especially relevant
for our target application of assisting wheelchair-bound
users with upper limb mobility impairments, who have
significant constraints on their viewpoint [5–7].

We face two challenges. The first is a tradeoff between
accomplishing a task and minimizing occlusions, even
as manipulating objects to accomplish the task will
inevitably cause occlusions. For example, in Fig. 1(a)
the user wants to grab the pitcher. A naı̈ve plan (Fig.
1(b)) would undesirably occlude the pitcher from view.
Instead, we want to generate paths that minimize
occlusion (Fig. 1(c)) [8–11]. To do so, we need a precise
mathematical definition of what it means to occlude in
this scenario, which is our second challenge.

Past work has identified the importance of mini-
mizing occlusions during manipulation tasks [12] and
identifying spatio-temporally salient parts of the scene
[13]. Our preliminary eyetracking studies reveal that
a user’s gaze shifts to various locations during a ma-
nipulation task (e.g., target object, robot end-effector,
and other parts of the scene). Furthermore, the most
salient feature can change throughout a single task. For
example, consider the task of pouring a glass of water
from a pitcher. When grasping the pitcher, the most
salient feature is the handle. When preparing to pour,
the position of the glass becomes salient. And as pour-

ing begins, the spout becomes salient. Thus various
features are important both spatially and temporally
as the task is being executed [14, 15].

In this abstract, we present this concept of visibility
optimization as a combination of optimizing the saliency
function via trajectory optimization and learning spatio-
temporal saliency.

I. PROBLEM FORMULATION

We work with a robot endowed with a configura-
tion space Q, a trajectory ξ : [0, 1] → Q, and the
environment E. We are also given an imager I (e.g.
from the perspective of the user’s eye) that renders
an image I(q, E), dependent on the robot configuration
and environment, which captures occlusions.

We assume that we are given a set of saliency features
each of which is of the form f ≡ (ξf , If ) where ξf :
[0, 1]→ R3 is a trajectory of the feature (for example the
spout as it is being manipulated) and If : [0, 1]→ [0, 1]
is an indicator function that indicates when in time that
feature should be visible.

We now define the occlusion function o as

o(f, t) =


0, if If (t) = 0

1, if If (t) = 1 and P (ξf (t)) 6∈ I(ξ(t), E)

−1, if If (t) = 1 and P (ξf (t)) ∈ I(ξ(t), E)

where P projects the trajectory onto the image. Integrat-
ing over the trajectory and summing over our saliency
features, we get:

o(ξ) =
∑
f

∫ 1

0

o(f, t) dt (1)

We can now frame the optimization problem as:

ξ∗ = argmin
ξ∈Ξ

o(ξ) s.t. constraints (2)

By optimizing for (2), we can generate trajectories
that minimize occlusion of our saliency features. To



learn task-specific saliency features, we record users’
gaze patterns as they perform daily household tasks,
like dialing a phone or pouring a pitcher [16]. By
optimizing for visibility with these user-generated gaze
patterns, we hope to create better user-focused manip-
ulation.

REFERENCES

[1] V. Maheu, J. Frappier, P. S. Archambault, and
F. Routhier, “Evaluation of the jaco robotic arm:
Clinico-economic study for powered wheelchair
users with upper-extremity disabilities,” in 2011
IEEE International Conference on Rehabilitation
Robotics (ICORR), pp. 1–5, June 2011.

[2] S. Javdani, S. S. Srinivasa, and J. A. Bagnell,
“Shared autonomy via hindsight optimization,” in
RSS, 2015.

[3] J. Mainprice, E. A. Sisbot, L. Jaillet, J. Cortés,
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J. R. Flanagan, “Eye–hand coordination in object
manipulation,” the Journal of Neuroscience, vol. 21,
no. 17, pp. 6917–6932, 2001.

[14] M. F. Land and M. Hayhoe, “In what ways do eye
movements contribute to everyday activities?,”
Vision Research, vol. 41, pp. 3559–65, Jan. 2001.

[15] M. Hayhoe and D. Ballard, “Eye movements in
natural behavior,” Trends in Cognitive Sciences,
vol. 9, no. 4, pp. 188–194, 2005.

[16] S. Barreca, C. K. Gowland, P. Stratford, M. Hui-
jbregts, J. Griffiths, W. Torresin, M. Dunkley,
P. Miller, and L. Masters, “Development of the che-
doke arm and hand activity inventory: theoretical
constructs, item generation, and selection,” Topics
in stroke rehabilitation, 2015.


	I Problem Formulation

