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A B S T R A C T

Today’s agile humanoid robots are testament to the impres-
sive advances in the design of biped mechanisms and
control in recent robotics history. The big challenge, how-

ever, remains to properly exploit the generality and flexibility
of humanoid platforms during fully autonomous operation in
obstacle-filled and dynamically changing environments. Increas-
ing effort has thus been focused on the challenges arising for
perception and motion planning, as well as the interplay between
both, as foundations of humanoid autonomy.

This thesis explores appropriate approaches to perception on
humanoids and ways of coupling sensing and planning to gener-
ate navigation and manipulation strategies that can be executed
reliably. We investigate perception methods employing on- and
off-body sensors that are combined with an efficient motion plan-
ner to allow the humanoid robot HRP-2 and Honda’s ASIMO
to traverse complex and unpredictably changing environments.
We examine how predictive information about the future state
of the world gathered from observation enables navigation in
the presence of challenging moving obstacles. We show how
programmable graphics hardware can be exploited to create a
novel, model-based 3D tracking system able to robustly address
the difficulties of real-time sensing specifically encountered on a
locomoting humanoid. This thesis argues furthermore that relia-
bility of autonomous operation can be improved by reasoning
about perception during the planning process, rather than main-
taining the traditional separation of the sensing and planning
stages. We use the humanoid robots ARMAR-III and HRP-2 to
investigate and validate such planning for perceptive capability
in manipulation and navigation scenarios.

While humanoid robots serve as the motivating challenge and
application domain for this thesis, much of the resulting work is
general in nature and has applications in other areas of robotics
and computer vision.
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1
I N T R O D U C T I O N

Biped humanoid robots present perhaps the most fascinating
yet challenging research platform in robotics today, with
potential for wide applicability in the human-centric envi-

ronments we inhabit. While the last decade has witnessed major
advances in actuator and mechanism design as well as control
that have granted robots such as Honda’s ASIMO [75] impres-
sively stable walking behavior, to date humanoids have served as
little more than remarkable proof-of-concept platforms demon-
strating the feasibility of robotic biped locomotion. The remaining
challenges span the gamut of fundamental robotics problems,
from low-level, energy-efficient control to natural human-robot
interaction.

Until recently, relatively little effort was placed on equipping
humanoid robots with the ability to use their newly acquired
agility in an autonomous manner to accomplish real-world tasks.
To become truly useful agents, humanoids should be able to
perform a range of tasks with minimal to no supervision, be-
ginning with core capabilities such as autonomous navigation
of their surroundings and manipulation of objects within their
environment. In addition to the fundamental control schemes
successfully developed recently, this necessitates appropriate ap-
proaches to perception and planning to conceptually complete
the ‘sense-think-act’ cycle. As will be discussed, mere transfer of
prior perception and planning strategies from more traditional
mobile robotics may often fail to meet many of the demands
on responsiveness, robustness and accuracy arising from oper-
ation on a complex, high degree-of-freedom system such as a
humanoid.

This thesis will present a series of perception strategies tailored
to humanoid robots and their currently typical operating envi-
ronments that are coupled with efficient planning methods to
accomplish a number of real-world tasks autonomously, focus-
ing specifically on agile navigation in the presence of dynamic
obstacles and, to a lesser degree, on manipulation. The resulting
implementations on the humanoids HRP-2 and ASIMO, exem-
plified in Figure 1.1, represent some of the current state of the

1



2 introduction

(a) (b)

(c) (d)

Figure 1.1: Examples of Humanoid Autonomy. The Honda ASIMO
navigating a challenging ‘gauntlet’ of spinning blade-like
obstacles (a). HRP-2 autonomously localizing and climbing
a set of stairs (b). A simulation of the ARMAR-III humanoid
grasping an apple in a kitchen environment (c) and HRP-2
reaching for an object (d), both in a manner optimized for
‘sensability’ during execution.

art in humanoid autonomy. Our underlying emphasis is on ex-
ploiting robot, sensor, hardware, environment, domain and task
characteristics to efficiently gather sensing data that is sufficient
to reliably accomplish the task at hand, while remaining explicit
enough that the humanoid’s unique locomotion and manipula-
tion abilities can be appropriately employed.

As part of this effort, we present a novel GPU-accelerated model-
based 3D tracking system. While real-time use of this tracker
as the perception component during autonomous humanoid
operation remains the core focus, the state of the art system de-
veloped retains general applicability to a wide range of tracking
applications, such as visual servoing problems, matchmoving or
augmented reality.
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We also make an argument for a novel tight coupling between per-
ception and planning, with the planning stage explicitly taking
into account the robot’s future ability to sense the environment
in every state considered by the planner. Our resulting imple-
mentations on the ARMAR-III as well as the HRP-2 robot, shown
in Figure 1.1, indicate that such planning for ‘future perceptive
capability’ during manipulation and navigation has the potential
to ensure higher task success rates for any task requiring visual
feedback during execution than traditional perception-unaware
planning.

1.1 thesis overview

This thesis presents our work on integrating perception and
planning for humanoid autonomy as follows. In Chapter 2, we
describe and formalize the problem of coupling perception, plan-
ning and execution in the context of autonomous humanoid
operation and identify the key motivating challenges encoun-
tered when operating on a locomoting humanoid robot. Chap-
ter 3 discusses related work in the areas of perception and mo-
tion planning, as well as their implementation and integration
on humanoid robots. An initial approach to a fully integrated
perception-planning-action system employing off-body sensing
and allowing the Honda ASIMO humanoid to walk in rapidly
changing environments is presented in Chapter 4. In Chapter 5,
we move perception on-body for the HRP-2 humanoid and com-
bine it with global localization to perform fast environment
reconstruction for navigation autonomy. Chapter 6 presents and
evaluates the GPU-accelerated 3D tracking system constituting a
substantial contribution of this thesis, and presenting an end-to-
end solution to on-body perception of robot frameworks used in
subsequent chapters. A second major thesis contribution, the con-
cept of planning for future perceptive capability, is first detailed
in Chapter 7 and applied to the problem of planning reaching
trajectories for manipulation on the ARMAR-III and HRP-2 hu-
manoids. Chapter 8 examines and evaluates the same concept in
the context of autonomous navigation planning. Finally, we sum-
marize the contributions of this thesis in Chapter 9 and discuss
future directions.





2
P R O B L E M D E S C R I P T I O N

We begin by attempting to identify key issues and to
unify and characterize the roles of perception and
planning in the context of humanoid autonomy. We

partially adopt notation from the information space framework
as used by LaValle [42] to aid in formalizing the interaction
between perception, planning, and execution.

2.1 formalization

Consider a task T to be accomplished autonomously by the
humanoid as being defined by a series of abstract actions T =

{u1, . . . ,un},uk ∈ U that, when executed by the robot, yield the
desired behavior. Without loss of generality, T might represent
the task of navigating to a specific goal location, climbing an
obstacle or reaching for a certain object in the environment. We
now seek to autonomously discover such a sequence of actions
through planning.

While for all problems of interest to us perfect state information
is unattainable, let xk ∈ X denote the true state state of the robot
and the environment at a particular stage k, with x0 denoting the
true initial state. Transitions between states are given by xk+1 =

f(xk,uk, θk), where θ ∈ Θ(x,u) encapsulates the interference of
nature (as uncertainty, modeling error, etc.) on the execution of
action u in state x. Perception generates sensor observations yk =

h(xk,ψk) that are determined by the sensor model h and affected
by nature sensing actions (e.g. noise) ψ ∈ Ψ(x). The history of
such observations can then be used to update an environment
description ek = {y1,y2, . . . ,yk} ∈ E. As mentioned, perfect state
information is not achievable. Assuming, however, that we are
able to constrain our initial condition to at least lie somewhere
in a space of potential initial conditions I0, we can summarize
all information available at stage k into a state in information
space Ik = {I0, (u1, . . . ,uk−1), (y1, . . . ,yk)}, consisting of our
initial condition space, all actions applied up to this point, and
all sensor observations thus far.

5
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Nature

yk = h( xk ,ψk)

xk+ = f ( xk , uk , θk)

πk { I , (u , . . . , uk− ) ,( y , . . . , yk) }:
uk→

Figure 2.1: The perceive-plan-execute cycle. Perception and planning
are coupled through execution. How perception affects plan-
ning is often considered, while the effects the planning stage
may have on later perception are largely ignored.

The task of the planner is then conceptually to find a information
feedback plan π : I 7→ U that decides an appropriate action to
execute in each information state and that, when applied in the
initial state, yields a sequence of actions in accordance with the
task T to be accomplished. Note that this need not remain fixed
throughout execution. In fact, the plan should adapt throughout
execution via re-planning to changes in the environment and to
compensate for execution errors. It is thus more reasonable to
consider π as a multi-stage feedback plan π = {π1,π2, . . . ,πK}

that allows for a different plan πk to be used at each stage. Fig-
ure 2.1 summarizes the relationships presented here.

These definitions allow us to formally derive the interdepen-
dence between perception and planning. Consider expanding
the equations defining the perception process in stage k:

yk = h(f(xk−1, πk−1 (Ik−1), θk−1),ψk) (2.1)

It is evident that decisions made previously by the planner,
through execution, affect the sensor observations in stage k.
Conversely, consider the information taken into account by the
planner in stage k:

πk : {I0, (u1, . . . ,uk−1), (y1, . . . ,yk) } 7→ uk (2.2)

Here, the planning process evidently relies on prior sensor obser-
vations in determining the next control input uk to generate.
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The reliance of planning on sensed data, given in Equation 2.2,
via cost maps, environment reconstructions, etc. is universally
taken for granted. However, the fact that decisions made during
planning may significantly affect future iterations of perception,
evidenced in Equation 2.1, has received less attention thus far.

2.2 considerations

Given this cyclic interdependence of the perception and plan-
ning processes, together with the use of a biped humanoid as
the robotic platform, several important considerations for suc-
cessful autonomous operation arise. The issues outlined here
serve as motivating challenges to the work in this thesis and the
approaches outlined in Chapters 4–8.

responsiveness When operating on a walking humanoid,
the time-frame in which a single cycle of perceive-plan-execute
must complete to ensure responsiveness to environment changes
or execution errors is very limited. As compute-heavy tasks, per-
ception and planning are particularly affected. Unlike it is the
case for wheeled robots, pausing movement for deliberation or
to gather sensor readings is usually not an option—perception
must operate in real-time and (re-)planning must remain sim-
ilarly responsive, often iterating once per step cycle. During
operation in highly dynamic environments, these constraints on
responsiveness suggest that significant benefit may be gained
from reasoning predictively about the state of the world during
both perception and planning.

robustness The effects of nature (via θ and ψ above) on
perception and execution on a high degree-of-freedom system
can be particularly severe. Complex kinematics imply that a small
change in robot configuration may cause significant changes in
the sensor view of the scene that are difficult to predict, and may
also give rise to self-occlusion issues. Furthermore, large camera
displacement and camera shakiness occur naturally during swift
humanoid locomotion. All of these issues should be addressed by
the perception system to enable informed decisions to be made
in the planning stage.

scope & descriptiveness of perception data For per-
ception to provide the planning stage with useful representa-
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tions to operate upon, the scope of environment maps must be
high-level enough such that motions of meaningful scale (e.g.
navigation across a room) can be planned for. The focus is thus
on on the generation of ‘global’, rather than robot-centric environ-
ment descriptions, and on the integration of local measurements
in a globally consistent manner. Additionally, maps should en-
code enough information to allow for appropriate use of the
humanoid’s unique manipulation and stepping capabilities. For
instance, presence of a height component may be crucial for
maps used during legged locomotion.

accuracy Environment information recovered by perception
is subject to restrictive error tolerances if it is to be successfully
coupled with the robot’s walking controller to enable the robot to
successfully step onto surfaces or avoid obstacles. When planning
stair-climbing motions, for instance, the error in recovering the
height of each step may usually not exceed a few millimeters
to ensure proper foot-ground contact during execution of the
planned leg trajectories.

safety & reliability Prior approaches to motion planning
usually emphasize optimality of generated plans in terms of
distance measures such as path length or in terms of resource
expenditure in traversing said path. For the current state-of-
the-art humanoids and their typical indoor environments, it is
perhaps more appropriate to focus on safety and reliability of
path execution as the desirables to optimize for. Note how both
the perception and the planning process are affected by this
prioritization. For instance, a highly optimal path may be of
very little use to the robot if it leads through an area of the
environment that provides poor sensor operating conditions if
sensor feedback is required throughout execution.

mutual awareness Traditionally, perception and planning
are conceptualized as mostly separate processes, with planning
relying on (at best probabilistic) representations output by per-
ception, but not considering the effects planned actions may have
on perception in the future. Likewise, perception often operates
on a ‘best-effort’ basis, attempting to supply the best data pos-
sible given the sensors and computation available. Knowledge
of the planning process that might be exploited for reliability or
efficiency is seldom regarded. It may be beneficial to advocate
a tighter coupling between perception and planning, informing
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each process about the capabilities and limitations of the other,
to effectively yield ‘planning-aware perception’ and ‘perception-
aware planning’.

Given the prior problem description and characterization, we
posit that a truly successful approach to integrated perception
and planning for humanoid autonomy should carefully take
these outlined considerations into account and may furthermore
benefit significantly by realizing and appropriately exploiting
the mutual interdependence of the perception and planning
processes.





3
R E L AT E D W O R K

Before proceeding to study integrated perception and plan-
ning on humanoids in depth, we now consider related
work this thesis touches upon and aim to give context

for the approaches outlined later in this document. This chapter
seeks to give a general overview of related work. More specific
references are given throughout the remainder of this thesis as
appropriate.

3.1 perception-guided humanoid autonomy

Most of the literature in autonomous robotic bipedal walking
has concentrated on various approaches to reliable, stable gait
generation and feedback, while relatively little work has focused
on developing global locomotion autonomy for biped robots.
Emphasis has primarily been on pre-generating walking trajecto-
ries [28, 88, 58], online trajectory generation [59, 60] and dynamic
balance [70], without accounting for obstacles.

Obstacle avoidance and local planning based on visual feedback
has been studied in humans [66, 67] in order to gain insight
into potential robotic implementations. Several previous sys-
tems have focused on representing the robot environment as
2D occupancy grids [54] or 2.5D height maps [25], using stan-
dard vision techniques as well as stereo [31]. Given knowledge
about the environment, many biped navigation approaches thus
far have implemented reactive perception-based obstacle avoid-
ance [86, 87, 47, 14]. Such methods either do not account for
the global configuration of obstacles between the robot and the
desired goal, or do so in a limited way, which makes locomotion
in truly cluttered environments challenging. Others accomplish
obstacle avoidance using approximate and more traditional path
planning techniques [26, 74] that do not fully employ the unique
stepping capabilities of bipeds. Planning at a different level of
abstraction, such as footsteps [37, 38, 11] has allowed these ca-
pabilities to be directly exploited in order to compute efficient
global navigation strategies for humanoid robots.

11
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Chapter 6 presents a flexible, fast and reliable approach enabling
the humanoid HRP-2 to climb stairs. Several bipeds have suc-
cessfully accomplished stair climbing previously. Sony’s QRIO
robot uses stereo to reconstruct stairs and climb them gradually,
step-by-step [24]. The Johnnie walking robot has successfully and
quickly climbed stairs detected reactively using vision [47, 14].
Honda’s ASIMO humanoid [28] first positions itself precisely
with respect to a set of stairs equipped with fiducials and then
executes a fixed footstep sequence, adjusted according to the con-
tact force with each step, to climb them. The H7 humanoid [61]
has also successfully climbed a set of stairs positioned in front
of it. Most prior stair-climbing approaches carry some a-priori
knowledge of the shape or location of the stairs, or alternatively
tend to carefully execute each stepping-up motion in isolation,
foregoing continuous execution and smoothness for safety.

3.2 sensing on humanoids

The importance of appropriately descriptive and scoped repre-
sentations of sensed data recurs as a theme in this thesis. Fully
general estimation of the 3D scene geometry and camera ego-
motion by image feature tracking and structure from motion
has been extensively studied [79]. However, its computational
complexity has prevented efficient online robotic implementa-
tions. Instead, recent research has focused on combining stereo
correspondence with robot-centric maps [74] or with localiza-
tion using dead-reckoning or visual odometry, leading to sev-
eral successful on-body implementations for humanoids [78, 32].
However, while environment mapping and obstacle detection
from onboard stereo processing [25, 62] allow three dimensional
obstacles to be localized, stereo implementations often cannot
satisfy the delay and accuracy bounds required to have the robot
walk near, on, or over obstacles during real-time locomotion.

Chapter 6 studies a GPU-accelerated, model-based tracking sys-
tem running online on a humanoid robot for autonomous locomo-
tion. As will be shown, such a perception framework addresses
and properly satisfies many of the challenges and considerations
for operation on a humanoid outlined in Section 2.2, especially
with regards to responsiveness, robustness and accuracy of per-
ception. A large body of work exists relating to model-based 3D
object tracking and associated visual servoing approaches [45].
Early work by Gennery [22] first focused on tracking objects of
known 3D structure, with Lowe [49, 50] pioneering the fitting
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of model edges to image edges. Harris’ RAPiD tracker [27] first
achieved such fitting in real-time, with a range of improvements
to the original algorithm having been proposed [1], causing edge-
and contour-based tracking systems to maintain significant popu-
larity [17, 18, 39, 13]. Other approaches employ appearance-based
methods to perform tracking [30] or view tracking as a combina-
tion of wide-baseline matching and bundle adjustment relying
on so-called keyframe information gathered offline [80].

There is an ever increasing body of work regarding the use of
GPUs for general purpose computation. Several good overview
resources exist [68, 65]. Particularly relevant to perception is
the work by Fung et. al. [19]. The use of GPUs in application
areas related to motion planning, computational geometry and
simulation has also significantly increased in recent years [76, 23,
21].

3.3 coupling perception & planning

The topic of Chapter 7 and Chapter 8, advocating a tighter cou-
pling between perception and planning by reasoning about the
former during the latter, relates to the issues of sensor plan-
ning [72] and the next-best-view problem [69]. Traditionally, these
are often considered independently from the problem of plan-
ning the actual robot motions themselves. In light of their natural
interdependence outlined previously, such conceptual separation
between planning for perception and planning for the task at
hand may be somewhat limiting.

In the SLAM community, explicit reasoning about perception
during navigation (e.g. in the form of information gain [7]) has
resulted in significant progress in robot autonomy. The mobile
and multi-robot community has studied the problem of plan-
ning with constraints on visibility in a variety of settings, e.g.
to maintain line-of-sight communications constraints between a
team of exploring robots [33], or to ensure visibility of a moving
target [41]. However, scenarios considered are often amenable
to purely geometric reasoning about visibility, and make ap-
plication to high-DOF systems challenging. Coastal navigation
techniques [73] seek to maximize the number of landmarks seen
along a path to maintain localization. Such approaches tend to
be somewhat less general in nature, applying mainly to the task
of localization during navigation, and requiring specific ways
of statistically computing information gain given a particular
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sensor and known environment at hand. Other work seeks to
combine navigation and view planning by hallucinating poten-
tial look-ahead sensor observations to extend the path planning
horizon and achieve a reduction in path length [57]. Also related
is work [20] that computes a ‘confidence-of-perception’ measure
to decide where to next perform sensing, effectively tackling the
view planning problem.

Chapter 7 considers coupling perception and planning given the
scenario of a robot performing manipulation tasks (e.g., reaching
and grasping motions) under visual feedback in a free-form
environment. Most related to our reasoning is work that explicitly
considers visual servo performance during the planning process
by augmenting the robot configuration with image-features to
arrive at the so-called perceptual control manifold [77]. Limiting
assumptions include the use of a static, external camera and the
ability to analytically calculate the presence of image features in
a particular configuration using forward kinematics.

Work on visual-servo control [29, 40] suggests that errors in the
early sensing stages (due to occlusions, calibration error, low
resolution, distance from the object of interest, etc.) may have
a significant effect on the overall performance of robot motions
controlled by visual feedback, and implies that sensing should
hence be reasoned about throughout the planning process as
well.



4
P E R C E P T I O N - G U I D E D H U M A N O I D
N AV I G AT I O N P L A N N I N G

In light of the motivating challenges outlined in Section 2.2,
how should one instrument appropriate approaches to hu-
manoid perception and couple them with planning to achieve

autonomy? How do we equip humanoids with the necessary per-
ception skills needed to autonomously and reliably navigate,
manipulate and interact in everyday human environments? This
and the following two chapters focus specifically on perception
strategies for tackling the problem of autonomous biped navi-
gation and locomotion in a series of increasingly unrestricted
environments and given more difficult tasks to be accomplished.
By examining the fully integrated perception-planning-execution
systems developed here, we seek to provide insight into possible
solutions to the main research challenges given before.

4.1 vision-guided footstep planning for dynamic en-
vironments

Consider a humanoid robot seeking to autonomously navigate to
a certain location in the presence of a number of potentially un-
predictably moving obstacles that need to be avoided by virtue of
exploiting the humanoid’s unique ability to step around or over
obstacles. Such a scenario reflects some of the basic demands
of obstacle-avoidance present in our typical surroundings and
requires both accurate and frequently updated information re-
garding the configuration of the obstacles and the robot location.
Additionally, we need an efficient method of generating valid
walking paths to the goal that avoid obstacles and are amenable
to adjustment should environment changes be detected.

We address this problem specifically for the Honda ASIMO hu-
manoid by combining fast, vision-based sensing with an efficient
planner operating at the level of footsteps [54]. An environment
map including the robot, goal, and obstacle locations is built in
real-time from vision. The planner then computes an optimal
sequence of footstep locations within a time-limited planning

15
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Figure 4.1: ASIMO navigating in an environment with unpredictably
moving obstacles (pink, moved by an experimenter) and a
changing goal location (light blue).

horizon. The resulting plans are reused and only partially recom-
puted as the environment changes during the walking sequence.

4.2 sensing the environment

In our scenario, shown in Figure 4.1, a Honda ASIMO humanoid
operates in a laboratory room containing a number of planar
obstacles placed on a hard, flat floor. We employ an overhead
camera to compute the position and orientation of the robot (via
two makers attached to ASIMO’s ‘backpack’), the desired goal
location, also indicated by a marker, and all obstacles, idealized
by simple colored cardboard markers on the floor. This lever-
aging of the characteristics of ASIMO’s operating environment
as well as domain knowledge of the navigation task allows us
to directly address several of the considerations of Section 2.2
above. In particular, we can generate appropriately scoped global
maps of the environment containing all pertinent obstacles. The
maps and robot localization are descriptive enough to encode
all information required to plan footstep sequences including
step-over motions. There is no cumulative mapping error or drift,
meaning our maps and recovered robot position remain accu-
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Figure 4.2: Overview of sensing. An environment map of obstacles on
the floor and the robot/goal location and orientation are
computed from ceiling-based vision.

rate. All vision processing employed operates in real-time on
commodity hardware, guaranteeing responsiveness of perception.

We perform a step of color segmentation (using thresholds sam-
pled a priori) directly on the YUV stream of images undis-
torted on the fly as supplied at 25fps by our FireWire camera,
which is calibrated once during an off-line phase. Such segmen-
tation [8, 82] has often been successfully employed when speed
and accuracy are paramount. After a step of morphological post-
processing to eliminate residual noise, we are left with a series
of binary masks indicating presence/absence of each marker at
each pixel. We group pixels corresponding to the same marker
into blobs via a step of connected components labeling. Calcu-
lating blob moments then yields the location of each obstacle in
image coordinates, area, orientation, and major/minor axes. The
flow of vision processing is given in Figure 4.2.

The known geometry of the real-world floor area covered by the
camera view (or, alternatively, knowing the camera’s distance
from the floor) allows us to then convert each blob’s pixel coordi-
nates to metric world coordinates simply via scaling. The angle
that the line connecting the robot’s backpack markers makes
with respect to the horizontal gives the orientation of the robot.

4.3 localization & mapping

To perform footstep planning, the precise location of the robot’s
feet at any particular instant in time is required. To determine
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Figure 4.3: Top-down view of the walking environment (left), vision
system output (center), and corresponding environment map
with current footstep plan generated (right).

the exact foot location, we first query the robot’s kinematics
in real-time to determine the location of the support leg’s heel
relative to the backpack markers. This information, together
with knowledge of which stepping motion is currently being
executed and how far into the motion we currently are allows us
to determine the precise foot locations of both feet to within 2cm
in world coordinates.

A 2D grid of binary valued cells represents the environment. The
value in each cell denotes whether the corresponding terrain is
valid (obstacle free) or invalid (totally or partially occupied by
an obstacle). The environment map is thus a compact bitmap
representation of the free space and obstacles as seen from the
ceiling. Figure 4.3 shows a typical ceiling view of the environ-
ment, the robot and obstacles tracked by the vision system, and
the corresponding map generated.

The use of off-body, global sensing does give rise to a problem
of obstacle occlusion. Even if the robot is perfectly centered in
the camera view (standing directly below the camera), obstacles
close to the feet may be occluded by the robot’s own body. The
occluded area increases as the robot moves towards the edges
of the image. Since obstacles in the occluded area cannot be
seen by the camera, they will show up as free space in the
environment map used by the footstep planner, causing the robot
to potentially step directly onto an obstacle. We overcome this
problem by implementing obstacle permanence in a rectangular
area bounding the robot in the image. The cells corresponding to
the permanence region in the environment map are not updated
from the last value they had before entering the area. This reflects
the assumption that whatever obstacles were last seen in the area
currently being occluded by the robot are still present now. This
rectangular approximation to the shape of the occluded region
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Figure 4.4: ASIMO perception/planning system components. The nav-
igation client gathers updated sensing data from vision,
requests for a new footstep plan to be computed and sends
the commands required to execute the path to the robot.

works well in our trials. More elaborate approaches involving
a top-down projection of a 3D model of the robot in its current
state to determine the occluded pixels exactly are a possibility.

4.4 planning & integration

Our footstep planner ignores the lower level details of leg move-
ment and control as much as possible, employing a higher-level
action set that describes ASIMO’s abilities in terms of possible
footholds that can be reached in one step from any particular
configuration. Full details are given in [54, 11]. During operation,
we have ASIMO execute only the first step of the goal directed
walking sequence the planner generates, before replanning for
the next step, to adjust for possible environmental changes that
may have occurred during that step. To increase our planning
horizon within our limited planning time, we reuse some of the
computation performed for the previous plan, by seeding our
footstep search queue with it. At each step cycle, after receiving
updated sensing data, we check if the previous plan reaches the
goal without obstacle collisions, in which case it can be used
without modification. If the previous plan does not reach the
goal, the footstep planning resumes from the place where it
failed, with all of the steps up to the impasse already in the
queue.
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Figure 4.4 shows how perception and planning are integrated as
a system for ASIMO. A new footstep plan is computed from the
current environment map and positioning data every time the
robot reports that its stance foot has changed during the walking
sequence (indicating completion of a footstep). As soon as an
updated plan is available, the next command in the computed
stepping sequence is sent to the robot. The change in stance foot
is thus the discrete event which triggers replanning based on new
environment data and transmission of commands to the robot.
The time between footsteps, which averages 0.8s, bounds the
planner’s time horizon and hence determines the rate at which
the perception-planning-action loop runs.

4.5 results: asimo & unpredictable obstacles

Figure 4.1 shows ASIMO walking in the laboratory environment
while the surrounding obstacles and the goal location are being
changed unpredictably by a human. The task of the experimenter
is to intentionally block off the currently computed path to the
goal, forcing the planner to recompute the path, reusing from
previous plans any footsteps leading up to the occlusion. The
goal marker is moved every time the robot is about to reach it,
forcing ASIMO to turn and walk into the new direction of the
goal.

During 10–20 trials lasting up to 10 minutes each, ASIMO con-
tinuously traverses the room without stepping on obstacles. We
find the accuracy of perception to allow the robot to step within
less than 2cm of the obstacles. The vision-guided planner re-
acts quickly to the dynamic environment, returning a new path
within one second of a change in the obstacle configuration or
goal position. In many cases a path is computed that causes the
robot to either step over parts of an obstacle (“cutting corners”)
or traversing it altogether if the obstacle is small enough to clear
in one step. The biped capabilities of the humanoid are thus
properly leveraged by our approach.

4.6 predicting obstacle motion from observation

There are of course improvements to the change-driven replan-
ning outlined here. In environments where obstacles move in
a steady manner and changes thus exhibit some degree of pre-
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Figure 4.5: The Honda ASIMO autonomously navigating a gauntlet of
blade-like obstacles spinning at different velocities.

dictability, the motion trajectories of obstacles can be inferred
from observation, allowing for reasoning about not just the cur-
rent state of the world, but also future environment configura-
tions.

For the case of ASIMO, we augment the perception process to
not only report the configuration of obstacles, but also estimate
their velocities. Each obstacle in the environment has its position
and orientation tracked using a Kalman filter updated by mea-
surements from vision at approximately 25 frames per second.
This allows the linear and rotational velocity components of each
obstacle to be estimated with enough precision for the planner
to accurately predict their future configuration. The robot is then
able to plan through dynamic environments in which the obsta-
cles are constantly moving, but where the motion is not known
in advance. Without the velocity information we gather, the robot
could still replan every step to account for updated obstacle posi-
tions, but every path it planned would quickly be invalidated by
the changing state of the world. The estimation of future world
conditions allows planning approaches to generate much safer
trajectories in dynamic environments.

Figure 4.5 shows ASIMO traversing an environment with sev-
eral long blade-like obstacles attached to motors such that they
spin with a constant velocity. We have varied the number, direc-
tion and speed of the spinning obstacles, with the robot able to
successfully navigate these gauntlets and reach its goal. The inter-
play between perception and planning effectively enables ASIMO
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to seek ‘windows of opportunity’ to traverse these challenging
scenarios, reflecting reasoning comparable to what humans apply
e.g. when walking through revolving doors or when crossing
streets with moving traffic.



5
C O M B I N I N G L O C A L A N D G L O B A L S E N S I N G
F O R O N L I N E E N V I R O N M E N T
R E C O N S T R U C T I O N

As seen in the case ofASIMO, where an off-board camera
observed all relevant parts of the environment, the scope
of the representations generated by perception can be

crucial for successful autonomy. To properly plan walking paths
to a specific goal location, larger scale global maps are desirable.
However, restricting perception to employ only off-board sensing
sacrifices robot autonomy and can be susceptible to a range of
sensing limitation arising from the fixed scene view, such as
occlusions and lack of detail or resolution. On-body perception,
however, is inherently limited in range and direction and the
robot-centric data it recovers has traditionally only allowed reac-
tive obstacle avoidance and other short-term navigation strategies.
Ideally, we would like to employ a variety of sensors present
on the humanoid robot and integrate their measurements into a
globally consistent representation of the robot environment that
can be used for planning autonomous tasks.

To this end, we investigate an approach to environment recon-
struction that utilizes both external sensors for global localization,
and on-body sensors for detailed local mapping [55]. We use an
external optical motion capture system to accurately localize
on-board sensors on the humanoid HRP-2. The localization data
provided is accurate, free of cumulative errors and can be acquired
almost instantaneously, ensuring responsiveness. Successive 2D
views of a calibrated camera and range measurements from a
time-of-flight sensor can then be integrated to construct global
environment maps in real-time. Accurate external localization
allows for a 2D occupancy grid of the floor area to be recovered
from the video stream using image warping and segmentation.
Similarly, distance measurements from a range sensor can be
converted into 2.5D height maps of the robot’s surroundings.
In both cases, maps are constructed by integrating sensor data
accumulated over time as the robot moves through the environ-
ment. While each sensor measurement thus only reconstructs a
part of the surroundings seen from a partial view of the scene,

23
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Figure 5.1: Overview of the image-based reconstruction process. An
environment map of obstacles on the floor is constructed
from a calibrated, moving camera localized using motion
capture.

accurate sensor localization allows successive measurements to
be correctly placed in a global map of the robot environment,
which can then be used for planning. The generated maps exhibit
appropriate descriptiveness for the navigation task.

5.1 homography-based ground plane reconstruction

By outfitting an indoor laboratory room with a modern motion
capture system (though any method of acquiring reliable indoor
location measurements would work), we are able to accurately
recover the location and orientation of a camera in terms of a
rigid transform defined by a translation vector t corresponding
to the world coordinates of the camera’s optical center as well
as a 3×3 rotation matrix R representing the direction of the
optical axis. These extrinsic parameters, when taken together
with intrinsics K recovered during calibration, define the full
camera projection matrix M. From this, we can establish a 2D
collineation, or homography H, between the floor and the image,
allowing incoming camera images to be warped onto the ground
plane, effectively yielding a view of the robot surroundings as if
seen from a virtual camera mounted overhead and observing the
scene in its entirety. A step of obstacle segmentation then pro-
duces a 2D occupancy grid of the floor. All processing described
is done in real-time or faster on commodity hardware. Figure 5.1
gives an overview of the reconstruction process.

Consider the full 3×4 camera projection matrix M, defined by
the 3×3 upper triangular matrix of intrinsics K and the extrinsics
gathered from motion capture

M = K
[

R t
]

(5.1)

M uniquely maps a scene point (X, Y,Z) to a point on the image
plane (u, v). This mapping is not uniquely invertible, yielding for
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(a) (b) (c)

Figure 5.2: Example camera image (a). Synthesized top-down view
(b) of the ground plane. Corresponding environment map
generated (c).

each image point only the equation of a ray in space along which
each scene point must lie. Suppose, however, that all points of
interest lie in the Z = 0 plane (i.e. the ‘ground plane’). Such a pla-
narity constraint now allows ground plane points q = (X, Y, 1)T

in homogeneous coordinates to be related to points p = (u, v, 1)T

in the image plane via a 3×3 ground-image homography matrix
H as p ≡ H q. H can be constructed from the projection matrix
M by considering the full camera projection equation

 uv
1

 ≡


...
...

...
...

m1 m2 m3 m4
...

...
...

...



X

Y

Z

1

 (5.2)

and realizing that the constraint Z = 0 cancels the contribution
of column m3. H is thus simply composed of columns m1, m2
and m4, yielding the desired 3×3 planar homography, defined
up to scale with 8 degrees of freedom.

The recovered homography matrix is square and hence easily
inverted. H−1 can then be used to warp incoming camera images
onto the ground plane and thus accumulate an output image, re-
sembling a synthetic top-down view of the floor area. The ground
plane image is thus incrementally constructed in real-time as the
camera moves through the scene, selectively yielding information
about the environment. Updates to the output image proceed by
overwriting previously stored data. The recovered view implicitly
supports varying level of detail, achieved by moving the camera
closer to the scene area of which a higher resolution reconstruc-
tion is desired. Figure 5.2a shows a camera image from a typical
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sequence and Figure 5.2b the corresponding synthesized floor
view. It is worth noting that any scene elements significantly
violating the planarity constraint will appear distorted in the
reconstruction. Once again employing colored markers to denote
obstacles and obstacle segmentation as with ASIMO, we can
use the synthesized floor view to generate binary environment
maps of an arbitrary grid size for planning. Figure 5.2c gives an
example.

5.2 height maps from range sensor data

Height-based maps, often referred to as 2.5D maps since they
cannot represent vertical concavity, are the representation best
matched to a humanoid’s inherent stepping abilities. The addi-
tional depth measurement provided by a range sensor, when
combined with accurate external localization using motion cap-
ture as before, enables us to cumulatively construct such height
maps in real-time. We use a time-of-flight infrared range sen-
sor [64] that is compact and lightweight enough to enable flexible
placement on the humanoid’s body. Our sensor yields 124×160

distance measurements at 30fps, has a 7.5m operating range
and sub-centimeter resolution once calibrated for distance and
exposure against a featureless plane at a known distance. We
also estimate the sensor’s instrinsics during a standard off-line
calibration step [89].

Given the calibrated sensor, we are able to convert per-pixel dis-
tances (u, v,d) into camera-centric 3D coordinates PC = (X, Y,Z)T

of the measured scene points. The extrinsic parameters R and t
localizing the sensor and recovered using motion capture allow
us to construct the 4×4 transform matrix converting between the
world frame and the camera frame in homogeneous coordinates
as:

T =

[
R t

0 0 0 1

]
(5.3)

T is easily inverted and can then be used to reconstruct each
measured scene point in world coordinates via

PW ≡ T−1PC (5.4)

The maximum Z value of the measured scene points over a given
position on the floor can then be recorded to build 2.5D height
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example “box” scene raw sensor measurement point cloud views of reconstructed box

Figure 5.3: The time-of-flight range sensor viewing an obstacle box
placed on the floor (left). Raw measurements recorded by
the sensor (center). Two views of the 3D point cloud recon-
struction of the box (right).

maps of the environment. In practice, we perform some median-
filter smoothing to eliminate residual measurement noise. Fig-
ure 5.3 shows an example reconstruction.

5.3 results : hrp-2 navigation autonomy & intelligent

joystick

When implemented online on the humanoid HRP-2 and com-
bined with an agile, re-planning capable footstep planner similar
to the one outlined for ASIMO, the reconstruction approaches
outlined here enable the robot to once again navigate autonomously
in the presence of unpredictably moving obstacles, using on-body
sensors localized globally.

Figure 5.4a shows HRP-2 walking towards a goal location while
the surrounding obstacles are being moved by a human. Our
homography-based reconstruction approach using the robot’s
head-mounted cameras is used. The experimenter is asked to
intentionally block off the currently computed path to the goal.
The planner quickly adjusts for the sudden occlusion, computing
a sequence of footsteps that allows the robot to reach the goal. By
having an experimenter additionally reposition the goal location,
HRP-2 can traverse the room continuously without stepping on
obstacles.

We also combine our 2D environment reconstruction approach
with an adaptive joystick-based steering method that allows for
intuitive user control of the robot while still selecting safe alter-
nate foot placements in the presence of obstacles [12]. Figure 5.4b
shows HRP-2 under such joystick control. Given a simple ‘for-
ward’ directional command, a detected obstacle is avoided by a



28 combining local and global sensing for online environment reconstruction

(a)

(b)

Figure 5.4: Examples of online environment reconstruction used during
biped locomotion: HRP-2 navigating autonomously towards
a goal location (box) with unpredictably moving obstacles
(a). Avoiding a thin, elongated obstacle during a joystick
controlled walking sequence (b).

sidestepping motion automatically computed using information
derived online from the environment map.

Appropriately fusing measurements from the on-body sensors
and the global localization sensor can be challenging. In par-
ticular, tight temporal synchronization of the sensor data with
the positioning information is crucial for accurate reconstruction.
There is also the question of representation of data fused from
multiple sensors. We currently maintain separate occupancy-grid
and height-map representations for use during planning, but
hybrid methods may be more compact and informative. Still, the
ability to accurately localize on-body sensors gained by equip-
ping the robot’s surroundings with a global localization sensor
(not unreasonable given the typical indoor operating environ-
ments of current humanoids) enables accurate, responsive and
globally scoped representations to be generated from local sens-
ing data that can serve as the perception basis for autonomous
navigation, allowing the robot to more freely navigate environ-
ments of increasing complexity.
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A G P U - A C C E L E R AT E D R E A L - T I M E 3 D
T R A C K I N G S Y S T E M F O R H U M A N O I D
P E R C E P T I O N

Section 2.2 outlined the key requirements and challenges in-
volved in building perception systems for humanoids and
appropriately integrating them with planning to achieve

task autonomy: Responsiveness, Robustness, Scope & Descriptiveness,
Accuracy, Safety & Reliability and Mutual Awareness. Attempting
to optimize for many or all of these at once is a very daunting
task conceptually and computationally. The approaches outlined
in Chapter 4 and Chapter 5 exploit domain, task, environment
and sensor characteristics in order to build approaches to percep-
tion that exhibit some of these qualities. Here, we seek to make
use of novel hardware to ameliorate some of the computational
burden that meeting these goals places on our perception system
in the context of enabling a humanoid to climb stairs.

6.1 motivation

Recall briefly how omnipresent and severe these challenges are
to perception on a walking humanoid. The position of obstacles
and other objects of interest with respect to the robot needs to be
recovered with high accuracy. A localization error of more than
a few (2–3) centimeters at a distance of 2–3m is usually fatal for
tasks involving stepping on or over obstacles. Objects of interest
need to be robustly distinguished in the sensor view from back-
ground clutter and localized reliably even during brisk walking
at human-like speed. Sensor shakiness as well as swift and abrupt
changes in the sensor view as the robot moves its head must be
handled appropriately. The outputs of the perception process—
localization information and environment representations—must
be continuously generated at speeds fast enough to ensure ap-
propriate reaction to changes in the robot’s environment.

Many of the classically favored sensors and perception meth-
ods in robotics tend to not address these issues satisfactorily.
Stereo, while satisfying the responsiveness requirements, often

29
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leads to representations that exhibit too much reconstruction
error to be used for challenging locomotions such as stair climb-
ing. This approach also tends to work poorly at even moderate
sensor-to-object distances. Accurate laser range finders have un-
til very recently remained too bulky for on-body operation on
humanoids. They also require active, controlled sensor move-
ment when mounted to transform their mainly planar distance
measurements into 3D representations. While laser-based re-
construction can operate in real time, it may often be unable
to precisely recover geometry of objects at moderate to high
distances to the sensor due to sparseness of sampling. More tra-
ditional, monocular feature-based approaches tend to function
well for high level robot localization (e.g. via SLAM), but again
fail at precisely recovering the full pose of objects in the robot’s
environment.

Model-based object tracking approaches, on the other hand, have
been shown to tackle these requirements successfully, albeit
chiefly in stand-alone scenarios where a fixed camera tracks
moving objects or cameras are moved smoothly in a hand-held
fashion. When properly implemented, operation proceeds in
real-time at frame-rate. The use of an appropriate 3D model for
the task at hand ensures accuracy in reconstruction objects of
interest. Given an accurate object model, pose reconstruction
error can then mainly be attributed to pixel noise in the camera
image, which remains within acceptable bounds with current
high-resolution CCDs, good quality lenses and proper calibra-
tion. However, model-based tracking at frame-rate on the CPU
alone tends to easily exhaust available compute resources. This
leaves little to no processing resources to deal with ensuring ro-
bust operation during fast, unpredictable sensor motion and the
environmental complexity typically encountered when dealing
with a humanoid robot.

To this end, we accelerate a robust model-based three-dimensional
tracking system by programmable graphics hardware to operate
online at frame-rate during locomotion of a humanoid robot [52].
The tracker recovers the pose of viewable objects relative to the
robot. Leveraging the computational resources of the GPU for
perception enables us to increase our tracker’s robustness to the
significant camera displacement and camera shake typically en-
countered during humanoid navigation. When combined with a
footstep planner and a controller capable of adaptively adjusting
the height of swing leg trajectories, our approach allows HRP-2
to reliably and rapidly localize, approach and climb stairs, as well
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Figure 6.1: The HRP-2 humanoid autonomously climbing a set of
stairs. Environment mapping and robot localization is ac-
complished online using our GPU-accelerated 3D tracker
(tracker view inset).

as to avoid obstacles during walking. Figure 6.1 shows HRP-2
executing a climbing motion, with an inset view of the tracker in
operation using the robot camera.

We believe that mandating the existence of even a simple 3D
model for objects of interest is not an unreasonable requirement
considering the well structured indoor operating environments
currently typical for humanoids. We robustly fit a series of control
nodes initialized from the visible model edges of a given object
to edge features extracted from the video stream in real-time,
yielding the full 6DOF pose of the object relative to the camera.
The recovered pose, together with the robot kinematics, allows
us to accurately localize the robot with respect to the object and to
generate appropriately scoped and descriptive height-based maps
of the robot environment. These can then be used to plan a
sequence of footsteps that, when executed, allow the robot to
circumnavigate obstacles and climb stairs with a speed, flexibility
and success rate not achieved before. Note how no external sensor
or localization system is required. Perception remains completely
on-body. The ultimate result is an end-to-end solution for hu-
manoid perception, operating quickly, accurately and robustly
and suitable for use as a localization and environment recon-
struction component in a wide range of autonomous humanoid
task scenarios.
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6.2 model-based 3d tracking & pose recovery

Our fundamental approach to monocular model-based 3D track-
ing closely follows the method proposed by Drummond and
Cipolla [16]. We manually initialize and subsequently maintain
and recursively update an estimate of the 3× 4 matrix of extrin-
sics E, representing the SE(3) pose of the tracked object relative
to the camera. Together with the 3× 3 matrix of intrinsic parame-
ters K, gathered from calibration, it forms the camera projection
matrix as P = KE.

To estimate the relative pose change between two consecutive
frames, the object model is projected onto the image plane ac-
cording to the latest estimate of the pose Et and a set of regularly
spaced so-called control nodes is initialized along those projected
edges. These are used to match the visible projected model edges
to edge features extracted from the camera image using a Canny
edge detector [9]. The errors in this matching are used to find an
update ∆E to the extrinsic parameter matrix using robust linear
regression. The updated pose of the object is finally calculated as
Et+1 = Et∆E and the procedure is repeated for the next frame.

Recall that the camera projection matrix takes a point from world
coordinates to projective camera coordinates as follows:

(u, v,w)T = P (x,y, z, 1)T (6.1)

with pixel coordinates given by x = u/w and y = v/w. To recover
the rigid transform ∆E, we consider the six generating motions
which comprise it, namely translations in the x, y and z directions
and rotations about the x, y and z axes. These generating motions
can be represented by the following six matrices, effectively
velocity basis matrices:

G1=

0 0 0 10 0 0 0
0 0 0 0
0 0 0 0

, G2=

0 0 0 00 0 0 1
0 0 0 0
0 0 0 0

, G3=

0 0 0 00 0 0 0
0 0 0 1
0 0 0 0

,

G4=

0 0 0 0
0 0 −1 0
0 1 0 0
0 0 0 0

, G5=

 0 0 1 0
0 0 0 0

−1 0 0 0
0 0 0 0

, G6=

0 −1 0 0
1 0 0 0
0 0 0 0
0 0 0 0


The pose update ∆E can be constructed from these Euclidean
generating motions via the exponential map [81] as

∆E = exp

(
6∑
i=1

µiGi

)
(6.2)
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The motion vector µ thus parameterizes ∆E in terms of the six
generating motions G1 to G6. It is µ that we recover using robust
linear regression.

If a particular control node ξ with homogeneous world coordi-
nates pξ = (x,y, z, 1) is subjected to the ith generating motion,
the resulting motion in projective image coordinates is given by:


u ′

v ′

w ′

 = PGi pξ (6.3)

which is given in pixel coordinates by:

Lξi =

(
ũ ′

ṽ ′

)
=

(
u ′
w − uw ′

w2

v ′
w − vw ′

w2

)
(6.4)

We can project this motion onto the model edge normal n̂ at the
control node as:

fξi = Lξi · n̂ (6.5)

Suppose a 1D edge search along the model edge normal deter-
mines that control node ξ is at a distance dξ from the closest
image edge. The individual fi can conceptually be combined
into a Jacobian matrix that determines the effect of each of the i
generating motions on the control-node-to-image-edge distance
at control node ξ. Considering the set of control nodes in its
entirety, we can calculate the motion vector µ by fitting dξ to fξi
for each control node via the usual least-squares approach:

gi =
∑
ξ

dξfξi ; Cij =
∑
ξ

fξi f
ξ
j ; µi =

∑
j

C−1
ij gj

We can now use the recovered motion vector µ to reconstruct the
inter-frame pose update via the exponential map.

Note that this is essentially the same as finding the solution µ to
the equation

Jµ = d (6.6)

where d is the vector of collective node-to-image-edge distances
for all control points, and the tracking Jacobian J is defined by:

Jξi =
∂dξ

∂µi
(6.7)
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Algorithm 1: IRLS(D, F)
Perform iteratively reweighted least squares model-edge to
image-edge fitting

Data: D = {dξ1 , . . . ,dξk }: measured edge-normal distances to closest
image edge for all k control nodes
F = {f

ξ1
{1...6}

, . . . , fξk
{1...6}

}: edge-normal motion resulting
from each of the 6 generators for all k control nodes

Result: µ: motion vector parameterizing pose update

µ = OrdinaryLeastSquares(D, F);
while iteration < max_iterations do

for each control node ξ do
residualξ = dξ -

∑6
i=1 f

ξ
i µi;

end
MAD = MedianAbsoluteDeviation(residuals);
for each control node ξ do

c = abs(residualξ)×0.6745
4.685×MAD ;

weightξ =

{
(1− c2)2 if c < 1

0 otherwise
end
µ = WeightedLeastSquares(D, F,weights);

end

with ξ indexing over control nodes and i over the six generating
motions. Note that Jξi is thus simply equivalent to fξi defined
above. The least-squares solution can thus also be formulated
using the pseudo-inverse as

µ = J†d ≡ (JT J)−1JTd (6.8)

6.3 robust fitting

The rapidly changing and often cluttered views of the world
as observed by the robot camera naturally give rise to outliers
(e.g. a control node falsely ‘snapping’ to a strong background
edge in absence of strong model edges), to which regular least
squares fitting is quite susceptible. While a variety of robust esti-
mation methods have been proposed to ameliorate this problem,
including RANSAC and M-estimators [71], we employ Iteratively
Reweighted Least Squares (IRLS) for robust fitting. The residu-
als of an initial iteration of ordinary least squares with equally
weighted measurements are adjusted in accordance with the re-
sulting motion vector estimate µ1. The measurements are then
re-weighted by applying a bisquare function to the residuals
from the previous iteration, giving lower weights to points that
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do not fit well, essentially in conformance with Tukey’s robust
estimator:

ρtuk(x) =

{
c2

6

[
1− (1− (xc )2)3

]
if |x| 6 c

c2

6 if |x| > c
(6.9)

Algorithm 1 details the IRLS process. We iterate the re-weighted
fitting a number of times until the residuals change only marginally
arriving at the latest estimate for the motion vector, µn. This can
be used to calculate an intermediate estimate for the pose update
matrix, ∆Ẽ. Still considering the same two frames, we re-project
the control nodes using the pose Et∆Ẽ and re-start the entire
inter-frame tracking process. Iterating the pose update process
in its entirety several times for a single pair of frames ensures
the most accurate and robust model-to-edge fitting. Note that
it is only due to the fact that all of the image processing and
edge search takes place on the GPU, as will be shown, that we
even have the CPU resources to execute the model fitting process
in this manner. Using the GPU as a computation platform has
thus effectively enabled much of the robustness our approach
exhibits.

A ‘confidence’ measure assessing approximately how well the
tracker is operating at a particular point in time can be straightfor-
wardly derived from the weights used during IRLS. Conceptually,
we would like the majority of control nodes to get matched to
an image edge (‘edge presence’) and to simultaneously be inliers
during the fitting stage, i.e. to have high weights with the overall
deviation of residuals from the median being low (‘quality of fit’).
These quantities can be combined into a single confidence-like
measure as:

confidence= 0.9MAD

n×max(weightsξ)

∑
ξ∈matchedweight

ξ ∈ [0,1] (6.10)

where n denotes the number of all control nodes and MAD
denotes the median absolute deviation of fitted residuals. Note
how the average is taken over all control nodes, while only nodes
that are actually matched to an image edge will contribute to
the fitting and thus have a non-zero weight (i.e. ξ only iterates
over matched control points). A confidence value of 1 would
thus reflect the ideal tracking situation where every control node
is matched to an edge generated from the actual object — and
thus exhibits a weight of 1. The confidence value is reduced if
some control nodes either don’t get matched to image edges
(e.g. due to occlusion or absence of a strong object edge) or get
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matched to background edges as outliers and are thus assigned
lower weights. We maintain a separate confidence value for each
object tracked and use it together with an empirically determined
threshold value to detect when we have lost track of the object
(resulting in a drastic drop in the confidence value) or when the
object is being fitted to background clutter (resulting in a less
drastic, but detectable drop in confidence).

6.4 robust multiple hypothesis tracking

While the IRLS fitting process outlined above is able to han-
dle even large numbers of outliers, strong background contours
present in the scene may give rise to not only numerous, but cor-
related outliers. To further increase the robustness of the tracker
against incorrect snapping to strong misleading background con-
tours, we consider multiple edge hypotheses for each control
node during the fitting stage. That is, for each control node ξ,
we search along the model edge normal and record distance
measurements dξk to the k closest image edges found, rather
than merely attributing a single measurement to each control
node. Figure 6.2 illustrates. During the initial fitting step, we take
all hypotheses extracted for all control nodes into account with
equal weight. During the subsequent IRLS fitting process, we
then compute weights for each hypothesis at every point again
by using Tukey’s biweight. Now, at each control node, only the
residual corresponding to the hypothesis with the lowest weight
contributes to the fit at each iteration. Effectively, we choose
the hypothesis selected by the multivariate version of Tukey’s
biweight as:

ρ∗tuk(x1, x2, . . . , xn) = min
i
ρtuk(xi) (6.11)

The more hypotheses are available for each control node, the
more likely it is that we will be able to pick the ‘correct’ match
subsequently during fitting. However, the consideration of multi-
ple hypotheses also increases the average per-node computation
time spent searching for model-edge to image-edge matches.
While this effect is rather minor in our GPU implementation, we
restrict our per-node hypotheses to k = 4, for ease of GPU-CPU
data readback.
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Figure 6.2: For each control node ξ, we maintain multiple hypotheses
dξk indicating which image edge the node should match to.

6.5 filtering object pose

We combine measurements (i.e. the recovered pose from each
inter-frame tracking step, Et) using a Discrete Extended Kalman
Filter [84], in a manner similar to the approach used by Klein [35].
The internal state the filter maintains is determined both by in-
tegrating successive, potentially noisy, measurements (during
the correction step) and by a model of the system dynamics
used to predict the system’s behavior (during the prediction
step). These steps alternate throughout the lifetime of the filter.
The main benefits provided by the filter are twofold: for one, it
aids in appropriately integrating successive pose measurements
to eliminate jitter and provide ‘smoother’ pose recovery over
time. Perhaps more importantly, the filter’s embedded dynamics
model provides an estimate of how the object being tracked is
expected to move in the near future. We use the filter state after
each prediction step to start our inter-frame pose recovery pro-
cess. This implies that the pose used to project the model and
initialize edge search now also incorporates predictive informa-
tion from the filter’s internal dynamic model. We have found this
to be especially helpful in situations where the tracked object
is rotating and an aspect change introduces new model edges
that need to be matched. In this case, the new edges tend to ap-
pear at the same location as already existing edges and, without
using predictive information from the filter, have a tendency to
‘snap’ to the already matched edges. The added dynamics serve
to ‘push’ the newly appearing edges to the right location for a
successful match. Figure 6.3 illustrates.
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(a) (b)

Figure 6.3: View of a sake box being tracked (a). New edges (marked
green) appear very close to edges already in view (b). Absent
an object motion model as provided by the Kalman filter,
the new model edges will tend to snap to image edges
already in view.

6.5.1 State Description & Prediction Step

The filter maintains a 12 dimensional internal state, representing
both pose (6DOF) and velocity (6DOF) of the object being tracked.
These are stored as an SE(3) pose matrix, denoted EK|t here,
and velocity 6 vector vK|t holding translational and rotational
velocities, as proposed by Klein [35]. We can thus summarize the
state of the filter at a particular time t by:

xt = {EK|t, vK|t} (6.12)

A constant-velocity dynamic model is used during the prediction
step to yield the prior estimate of future state after a period of
elapsed time δt as:

x−
t+δt

= {EK|t exp(vK|tδt), vK|t} (6.13)

where exp() denotes the exponential map. Being a constant-
velocity model, we model acceleration simply as Gaussian pro-
cess noise (σ2p). The a-priori estimate error covariance is projected
forward in accordance with the constant-velocity model as:

P−
t+δt =

[
I6 δtI6
0 I6

]
Pt

[
I6 0

δtI6 I6

]
+σ2p

[
0 0

0 I6

]
(6.14)

6.5.2 Update Step

Suppose the tracker has just computed a new pose measurement
EM. We integrate this measurement into the filter during the
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correction step. To do so, the relative pose change between the
filter’s prior state and the just recovered pose (in essence the
measurement innovation) is computed as:

L = (E−
K|t+1

)−1EM (6.15)

and then used to find the posterior pose via:

EK|t+1 = E−
K|t+1

exp(K ln(L))) (6.16)

K here is the usual Kalman gain matrix and computed as:

K = P−HT (HP−HT + R)−1 (6.17)

Here, the matrix H relates the state to the measurement and is
set to H = [I6 0] (only pose is measured). Finally, the posterior
covariance is given by:

P = (I6 − KH)P− (6.18)

This now leaves only the measurement covariance matrix R, the
initial state covariance matrix P0 and the process noise variance
σ2p undetermined.

6.5.3 System Identification

P0 is initialized to be the identity matrix and is subsequently
updated as illustrated above in Equation 6.14 and Equation 6.18.
The process noise variance σ2p essentially quantifies the accelera-
tion, in the camera frame, not explicitly modeled by our constant
velocity model. It must be tuned manually and depends on the
scale of the object motions we expect to see during operation. As
such, we set it differently for close-up tracking situations (e.g. an
object on a table) or larger scale tracking scenarios (e.g. obstacles
to be avoided by the robot while walking).

To establish the correct measurement covariance matrix R, reflect-
ing the estimated measurement error, first assume that control-
node-to-image-edge distance measurements d extracted from
edge search are corrupted by Gaussian noise of 1 pixel variance
as d = d̂ + δ. Assume that, as a result, the motion vector µ re-
covered from tracking approximates the true motion vector µ̂,
corrupted by noise as µ = µ̂+ ε. The measurement covariance
matrix R can now be derived via expectation as:

R = E[εεT ] = E[(µ− µ̂)(µ− µ̂)T ] (6.19)
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which, recalling Equation 6.6, reduces further to:

R = E[(J†d − J†d̂)(J†d − J†d̂)T ] (6.20)

= E[(J†δ)(J†δ)T ]

= J†E[δδT ]J†T

= (JT J)−1

It is thus possible to establish the measurement covariance matrix
by way of the tracking Jacobian established previously in Equa-
tion 6.7.

6.5.4 Filtering for Camera Motion

The above approach assumes the typical tracking scenario involv-
ing a stationary camera and a moving object. That is, the process
noise variance σ2p is set up to reflect object centric motions and
the measurement covariance matrix R was calculated via the
tracking Jacobian J, which defines how each of the six generating
motions G1 to G6 executed at the object affect the edge-to-edge
distances. However, these assumptions no longer hold when
we are dealing with a moving camera, such as is the case on a
walking humanoid.

To deal with a moving camera, we modify the extended Kalman
filter to maintain the inverse of the object pose as part of its inter-
nal state. The filter state is thus initially set to the inverse of the
first pose measurement the tracker recovers. Subsequently, sup-
pose the tracker has just computed a new pose measurement EM,
reflecting the object’s pose relative to the camera. We will now
update the SE(3) pose maintained by the filter, EK|t, using the
inverse of the pose measurement. The measurement innovation
(cf. Equation 6.15) is now computed as

L = (E−
K|t+1

)−1E−1
M (6.21)

thus effectively tracking the camera pose relative to the object.
Recall that the filter state after the prediction step, EK|t+1, is
used to initialize the inter-frame pose recovery performed by the
tracker. However, since the internal state now reflects pose of
the camera relative to the object, we must now use its inverse to
initialize the tracking process.

To correctly filter pose in a camera-centric manner, the process
noise covariance σ2p, should also be adjusted. Recall that σ2p
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essentially quantifies the amount of acceleration, not modeled by
our constant-velocity assumption, we expect to encounter during
tracking. Especially when the moving camera is mounted on a
walking humanoid, σ2p will be somewhat different than when
tracking a moving object from a stationary camera, and should
be tuned appropriately.

Most importantly, the measurement covariance matrix R is com-
puted differently when dealing with a moving camera. R =

(JT J)−1 is now calculated from a modified tracking Jacobian that
reflects how each of the generating motions executed at the camera
affect the edge-to-edge distances. Recall that (cf. Equations 6.7,
6.4, 6.5, 6.3):

Jξi =
∂dξ

∂µi
= fξi = Lξi · n̂ (6.22)

with Lξi =

(
ũ ′

ṽ ′

)
=

(
u ′
w − uw ′

w2

v ′
w − vw ′

w2

)

To reflect that the generating motions G1 to G6 are now executed
at the camera, we now define the projective image coordinates
via


u ′

v ′

w ′

 = KGi Epξ (6.23)

Notice how, compared to Equation 6.3, the coordinates of control
point pξ are now first transformed into the camera frame by
the pose matrix E. Subsequently, the generating motion Gi is
applied before ultimately projecting the point onto the image
plane via the intrinsic matrix K. This allows us to establish an
appropriate measurement covariance matrix for scenarios with a
moving camera rather than a moving object.

6.6 leveraging the gpu

All aspects of our 3D tracking system involving image or geome-
try processing are GPU-accelerated. We have implemented our
method using a cascade of fragment programs, shown in Fig-
ure 6.4, written using NVIDIA’s Cg language [51] and operating
on image data stored locally as textures in GPU memory. The
latest incoming video frame serves as input to the filter cascade,
which ultimately outputs a texture containing the (potentially
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Figure 6.4: GPU fragment program cascade defining flow of image
processing, model projection and edge search.

multiple) edge-normal distances dξ for all control nodes on the
visible projected model edges of the object. Exploiting the GPU
allows us to process the full resolution 1024 × 768 YUV 4:2:2
video stream as supplied by a Point Grey Flea2 camera at 30

frames per second. Note that merely two CPU-GPU data trans-
fers are performed: one to upload the latest camera image to the
GPU initially and one to read back the results of the edge search
process.

Color space conversion from the camera-native YUV 4:1:1 to
RGB, a costly process on the CPU, proves very amenable to GPU
implementation. The same holds true for the per-pixel process
of the RGB in accordance with the camera intrinsic parameters
fx, fy,ox,oy (focal lengths and optical center) and the four radial
distortion coefficients κ1, . . . , κ4 and to counteract lens distor-
tion. Each of the standard components of the Canny edge detec-
tor (gaussian smoothing, gradient computation, non-maximum
suppression, hysteresis thresholding) executes sequentially as a
fragment program on the GPU, with the defining Canny param-
eters such as σgauss, threshhigh and threshlow staying fully
adjustable during tracker operation. All image processing results
in a single binary texture indicating presence or absence of an
edge at each pixel.

To fit edges rendered using the current pose estimate to im-
age edges, we assume the existence of a simple 3D model of
the object of interest in terms of its main salient lines and its
faces. Such models are easily generated using CAD or image-
based modeling and photogrammetry software. In particular, we
use Google SketchUp and its Photo Match feature to quickly
generate geometrically accurate textured models from a few pho-
tographs. Figure 6.5 gives an example of the model generation
process, taking about 15 minutes in this case. We subsequently
use the standard OpenInventor / VRML97 format to represent
our object models.

Since we are mainly interested in performing edge-matching at
boundary edges of the object, we perform a step of mesh sim-
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Figure 6.5: Image-based modeling of objects of interest. One of four
input images used for modeling the tea carton (left). Three
sample views of the resulting 3D model (center). Hidden-line
wireframe version of the model used for tracking (right).

plification during a pre-processing stage. Only edges separating
two faces that exhibit different face normals are retained. This
eliminates a large percentage of the interior edges of each face,
which often result from tessellation and do not correspond to
edges exhibited by the real object’s geometry. Furthermore, we
eliminate edges joining two faces if the angle between their corre-
sponding face normals is less than a certain cutoff value (around
20 degrees). Again, such edges often result from approximation
of round surfaces (such as cylindrical table legs, for instance)
by polygons and often do not correspond to ‘true’ edges on the
object. Finally, for complex objects, we also eliminate edges if
their edge length in object space is more than 2.5 standard de-
viations smaller than the mean edge length of the model. This
effectively eliminates the shortest 16% of edges, which often do
not contribute any control nodes useful for fitting and are often
tessellation artefacts.

We then render our model onto the image plane using the cur-
rent pose estimate Et and the camera intrinsics K, performing
depth-buffered hidden line removal efficiently and resulting in
a binary texture containing only the visible edges of the model.
We initialize a number of control nodes along the model edges,
spaced evenly in image coordinates at a user-selectable interval.
Unlike choosing control node spacing in object coordinates, this
ensures that control nodes do not cluster too tightly on edges
that appear short on the rendered model due to perspective
projection. Control node information is provided to the edge
search fragment program as a single four channel RGBA texture,
with the red channel indicating presence/absence, the green
and blue channels encoding the x and y components of model
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Figure 6.6: Representation of input/output data to and from the frag-
ment program matching control nodes to image edges.

edge normal at the control node, and their signs being integer-
encoded in the alpha channel. Figure 6.6 illustrates. The edge
search fragment program then steps along the true model edge
normal (albeit quantized to pixel coordinates) trying to detect
the k = 4 closest image edges to the control node in either the
positive or negative normal direction. Search is performed up to
a certain cutoff distance. If no image edges are found within that
distance, the control node is ignored and does not contribute
to the solution fit. If search is successful, the results are stored
in an output texture a manner similar to the input data format
described above, and shown in Figure 6.6. In case multiple image
edges were found for a control node at position (x,y), the search
results are stored in the output texture at (x,y) and its top, left
and right pixel neighbors. While both the search distance and
the number of control points search is performed on directly
affect the running time of the edge search process, we have not
been able to saturate our GPU-implementation even with many
hundreds of control nodes and edge search distances spanning
more than 50 pixels in either direction of the normal. Figure 6.7a
shows a typical view with the tracked model superimposed in
green, Figure 6.7b shows a view of the model superimposed on
the extracted image edges during object occlusion with a checker-
board. Figure 6.7c shows a view of the tracker during severe
occlusion by an experimenter walking in front of the camera.

The GPU’s abundant compute resources have also enabled us to
handle the tracking of multiple objects present in the scene in a
straightforward manner. A separate pose estimate is maintained
throughout the tracking process for each object of interest. We
then initialize control nodes along each object’s model edges and
pass a single texture containing control node information for all
objects to the edge search fragment program, with search sub-
sequently proceeding as before. During the fitting stage, search
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(a) (b) (c)

Figure 6.7: Stairs being tracked in real time (a). View of model-edge to
image-edge fitting during occlusion (b). Tracker operation
under severe occlusion (c). Views gathered from a handheld
camera for illustrative purposes.

results are then associated with their respective objects and fitting
proceeds separately for each one. Figure 6.8a gives an example.
Since the information pertaining to each control node is encoded
in a single pixel value (see Figure 6.6), it is possible for objects
that overlap in the scene view to generate control nodes at iden-
tical pixel locations. This implies that search results can then
potentially be associated with the wrong object during the fitting
stage. In practice we have found that, unless object overlap is
severe, such wrong associations will simply be treated as outliers
by the robust fitting process and will not cause tracking to fail,
as Figure 6.8b illustrates. Note also that tracking multiple objects
affects only the number of control nodes search is performed on
and the number of robust fitting iterations on the CPU side, but
has no effect on the number of times we iterate between fitting
and search while processing a single pair of frames, currently
the most expensive part of the tracking process due to the per-
formance penalty of readbacks from the GPU to main memory.
The cost incurred by tracking multiple objects is thus relatively
minor.

6.7 results: tracker performance

We assessed the performance of our GPU-accelerated tracker in
a number of standalone (off-body) experiments to quantify its
operating characteristics, such as speed of component subtasks,
accuracy with respect to jitter due to image noise as well as
overall accuracy in recovering the object’s pose when compared
to ground truth.
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(a) (b)

Figure 6.8: Multiple objects being tracked against a cluttered back-
ground (a). Successful tracking of three objects in the pres-
ence of inter-object occlusions (b).

6.7.1 Speed

Table 6.1 gives the runtime, broken down by subtask, for a typical
tracking iteration resulting in an updated pose. Note how the
overall runtime of 32ms allows operation at 30Hz, even when an
unnecessarily high number of control points is used (337 in this
example). We can essentially process camera images as quickly
as our camera can supply them, ensuring responsive on-body
operation. Also note that the edge search process is by far the
most time-consuming subtask, primarily due to the fact that
control points must be initialized from the model edges and
that the two main CPU↔GPU memory transfers (uploading the
control point locations / normals and retrieving the edge search
results) form part of this subtask.

6.7.2 Stability

In order to assess the amount of ‘jitter’ present in the pose
measurements recovered by the tracker, a stationary object was
tracked from a fixed camera mounted on a tripod. The camera
was placed 15cm away from the object. In this scenario, any
changes in the recovered pose over time should be attributable to
noise in the incoming camera images that cause the model-edge
to image-edge distances dξ to vary from frame to frame. A view
of this stationary tracking scenario is shown in Figure 6.9.
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Subtask Runtime

1. Retrieve & undistort camera image 5.8ms

2. Apply Canny edge detector 0.7ms

3. Project model & perform edge search 12ms × 2

4. Compute pose update (fitting) 0.7ms × 2

5. Update Kalman filter 0.1ms

Total 32ms

Table 6.1: GPU-accelerated tracker runtime for a single pose recovery
iteration, broken down by subtask while tracking the stairs
shown in Figure 6.10a. Steps 3 and for are iterated twice
here due to iterated fitting & model reprojection. Number of
control points used: 337.

Figure 6.9: View of a sake cup tracked from a distance of 15cm while
assessing tracker jitter.
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(a) (b)

Figure 6.10: Stairs and camera tracked by motion capture. Stairs
equipped with retro-reflective markers (a). Firewire camera
mounted on a marker-equipped frame (b).

We measured the standard deviation of the recovered tracker
pose, decomposed into translation and rotation, over a run of 110

frames. The apparent Root Mean Square (R.M.S.) of the recovered
translation was 0.0313mm. The apparent R.M.S. of the recovered
rotation (calculated via quaternion averaging) was 0.0235 degrees.
Both of these numbers are in line with results reported previously
for CPU-based approached to edge tracking [16], indicating that
the use of the GPU likely does not introduce any additional
numerical inaccuracy.

6.7.3 Accuracy of Recovered Pose

To assess the absolute accuracy of recovered pose measurements
when compared to ground truth, the tracker was made to track a
set of stairs in an area outfitted with a Motion Analysis 12-camera
motion capture system [56]. Both the stairs and the camera were
equipped with retro-reflective markers and tracked by motion
capture, as seen in Figure 6.10. Motion capture then recovers
the 6DOF pose of the camera and the stairs as a transforms mc T
and ms T , respectively. From this we construct the relative trans-
form between the stairs and the camera as scT = (ms T)

−1 m
c T ,

effectively positioning the camera with respect to the stairs. This
transform then serves as our ‘ground truth’ positioning, which
we subsequently compare to the inverse of the transform recov-
ered by the tracker, E−1. Figure 6.11 shows a visual comparison
of these two recovered transforms, positioning the camera with
respect to the stairs.
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Figure 6.11: Comparative view of the two transforms localizing the
camera with respect to the stairs. The transform recovered
by motion capture (scT ) is shown by a frame with red, green
and blue axes. The transform recovered via the tracker,
E−1, is drawn in cyan, magenta and yellow.

Figure 6.12: Snapshots of tracker operation during the motion sequence
used to evaluate accuracy (left-right, top-bottom).

An experimenter then proceeded to move the camera for 23

seconds in a semi-circular fashion around the stairs, varying also
the distance to the stairs and the height of the camera off the
floor. Figure 6.12 shows selected snapshots of the tracker view
from the run.

Throughout the resulting run, pose information from motion
capture and the tracker was gathered at evenly spaced, identical
points in time, yielding 801 pose samples. Figure 6.13 shows
the resulting pose sequence, decomposed into translation along
x, y and z, as well as rotation described by roll, pitch and yaw
Euler angles. Figure 6.14 plots the 3D trajectory the camera was
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moved along by the experimenter, as recovered by the tracker
and motion capture.
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Figure 6.13: Plots of the recovered transforms from the tracker and
motion capture, decomposed into translation (left column)
and rotation (right column).

The smoother shape of the motion capture curves can be at-
tributed to the faster update rate of the system, as well as a
built-in filtering process. The average translation error through-
out the trajectory along x, y and z was 0.82cm, 0.94cm and
0.52cm, respectively, yielding an overall average translation error
of 1.51cm. Average rotation errors for roll, pitch and yaw (cal-
culated through quaternions) were 0.47 degrees, 0.53 degrees
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Figure 6.14: 3D plot of the trajectory (with position computed relative
to the stairs) the camera was moved along by the experi-
menter, as recovered by the tracker and motion capture.

and 0.64 degrees, for an overall rotation error of 1.03 degrees. It
is worth noting that our use of motion capture coordinates as
‘ground truth’ implies that some additional, though minor, error
may be introduced by calibration errors of the motion capture
system itself or errors in the templates used to recover the pose
of the camera and stairs from the raw locations of the markers
they are outfitted with.

Most importantly, these numbers satisfy the error bounds of the
walking controller used on HRP-2 together with the planner’s
safety margins, where an overall localization error exceeding 2cm
becomes problematic.

6.7.4 Multi-scale Tracking

The edge- and model-based nature of the tracking systems is
implicitly able to handle tracking at multiple scales with the
same edge-based representation of the object to be tracked. In
other words, the distance of the camera from the object to be
tracked is insignificant as long as a sufficient number of model
edges are present in the view and can be successfully matched to
their corresponding image edges. This implies that tracking can
proceed both in situations where the entire model is visible in
the image (Figure 6.15a) or when the object is only partially visi-
ble (Figure 6.15b,Figure 6.15c). Note that since off-screen model
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(a) (b) (c)

Figure 6.15: A door tracked at multiple scales. A single model is used
to track the door when it is visible in its entirety (a) and
when only parts (b) or even only a small subset of the
model (c) are visible in the camera view.

edges do not get rendered (and therefore do not generate control
nodes) and because control node spacing is determined in image
coordinates, there is no significant performance difference be-
tween whole-model and close-up tracking situations. In general,
tracking performance is determined less by the number of edges
visible in the image than by their relative orientations. A close up
tracking situation with edges oriented exclusively in the vertical
direction, for instance, is likely to lead to poor performance, since
such edges merely ‘lock’ the object’s horizontal direction, but
do not yield sufficient information regarding the objects vertical
placement. Scenarios where a mix of model edge orientations is
encountered are thus preferable.

6.8 automatic tracker initialization

An oft-quoted shortcoming of recursive trackers, which recover
relative pose change between subsequent frames rather than
treating each frame independently, is the need for a separate,
a-priori initialization step to determine the object’s absolute pose
once, effectively to establish E0. Many previous approaches tend
to employ a stage of manual pose initialization, during which
the user roughly establishes the object’s translation and rotation
from the camera by way of a graphical user interface. Such
initialization exhibits high accuracy but is undesirable for robotic
applications.

Automatic tracker initialization is essentially a variant of the
recognition problem in vision. As such, most automatic ap-
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proaches to pose initialization conceptually rely on a library
of model images or features extracted from such model images.
These are constructed off-line, show the object of interest from a
variety of viewpoints and are stored together with associate pose
information [6, 46]. The initial scene view is then subjected to
the same feature extraction process and the resulting features are
then matched to the model views. Depending on the granularity
of the model view/pose library, the pose yielded in this manner
may then be close enough to the actual pose of the object to suc-
cessfully initialize the tracker. Alternatively, having established
a 2D-2D matching between the input view and a model view
and knowing also the 3D coordinates of the matched point in the
model view, it is possible to more precisely establish the pose of
the object.

We generate representative model views for each object of inter-
est by rendering a textured model of the object from a variety
of viewpoints. In the most general setting, this is accomplished
by uniformly sampling the view-sphere of camera positions in
spherical coordinates (θ,φ, r). The generality of this approach
is offset by the fact it often generates views that bear little re-
semblance to the object’s likely configuration in the real world
(e.g. a cup viewed from the bottom). It is thus often preferable to
restrict the configurations model images are generated from or
even extend the model generation step by a stage of sample pose
generation, where a library of ‘likely’ poses is generated once
via a GUI. We generate between 8 and 16 model views of the
object for automatic initialization. The views are rendered using
an OpenGL camera with intrinsic parameters set to match those
of the actual camera used to supply video to the tracker, K.

6.8.1 GPU-based SIFT Computation

We use features based on David Lowe’s Scale Invariant Feature
Transform [48] to perform matching between incoming camera
images and our database of model images, though other fast
approaches exist [44]. We chose SIFT features principally due
to their relative robustness to lighting and viewpoint changes
and their suitability for computation on the GPU. We extract
SIFT features from each of the model images. SIFT features ex-
tracted from each incoming camera image are then subsequently
matched to these. All SIFT feature extraction takes place with
subpixel accuracy on the graphics processing unit via a series of
Cg shaders, using a modified version of SiftGPU [85]. Keypoint
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(a) (b) (c)

Figure 6.16: Example SIFT features extracted from one model image
used during tracker initialization. Input model image (a).
Location of SIFT keypoints (b). Visualization of SIFT key-
points (c). A total of 508 features were extracted.

Subtask Runtime

Build DoG pyramid 14ms

Keypoint detection 6ms

Generate list of features 22ms

Compute feature orientations 8ms

Download keypoints from GPU 1ms

Download feature descriptors from GPU 21ms

Misc. initialization / cleanup 9ms

Total 81ms

Table 6.2: SiftGPU runtimes broken down by subtask for the model im-
age shown in Figure 6.16a. 508 SIFT features were extracted.

locations and feature descriptors are subsequently downloaded
back into main memory from the GPU. Computing SIFT features
on the GPU yields very significant speedups compared to even
highly optimized CPU implementations. For the sample model
image of a set of textured stairs shown in Figure 6.16a, a stan-
dard CPU-based implementation of SIFT takes 6.047 seconds to
extract features, while extraction on the GPU takes about 0.67

seconds for the initial iteration. Once the startup overhead of
setting up GPU memory, generating the Gaussian filters etc. is re-
moved on subsequent iterations, feature extraction completes in
roughly 80ms (iterating at around 12Hz) on an NVIDIA 8800GTX
GPU, broken down as shown in Table 6.2. We use the canonical
128-element SIFT descriptors with standard parameters to the
algorithm as in [48].
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6.8.2 Keypoint Matching

The matching process attempts to associate features extracted
from the input image with features from the model images,
seeking to find the model image that most closely matches the
input image. It is from this image that we will then recover the
initial object pose. In order to perform pose recovery, we require
at least 4 non-coplanar points reliably matched between our
input camera image and at least one of the model images.

Conceptually we would like to find, for each SIFT keypoint in
the input image, the keypoint with minimum Euclidean distance
in SIFT descriptor space. However, as outlined by Lowe, simply
choosing the closest keypoint does not perform well, since such
matching does not assess how discriminative that feature is and
can often match keypoints generated from background clutter in
the input image to keypoints in the model images. A solution is
to keep a match between input keypoint and its nearest model
keypoint neighbor only if the second nearest neighbor is signifi-
cantly more distant that the first (where significance is expressed
fractionally as dist1dist2

< k, k often around 0.6).

Such matching requires the ability to efficiently and accurately
establish the nearest neighbors of points in high-dimensional
spaces, which reduces to exhaustive search for finding exact
nearest neighbors. We use Best-Bin-First Search [3] to efficiently
find approximate nearest neighbors that are accurate with high
probability. Best-Bin-First search is a variant on KD-tree search
that remains efficient by searching bins in order from their closest
distance from the query location and by aborting search after ex-
amining a a certain fixed number of nearest-neighbor candidates.

The matches resulting from Best-Bin-First matching can still ex-
hibit a considerable number of outliers due to image noise and
background clutter. We thus filter these further to remove out-
liers by iterating RANSAC on the matches. RANSAC fits a 2D
homography to the matches and returns a set of inlier matches
from the Best-Bin-First matches that have a high probability of
being correct. We allow a maximum pixel error of 5 pixels and
iterate RANSAC enough to obtain a 99% confidence. Note that,
in reality, the SIFT features used here lie on non-planar surfaces
in both the model views and the input view. A 2D homogra-
phy is thus not theoretically sufficient to describe the transform
between model view and input view, but we have found this
approximation to work quite well in filtering SIFT matches. Fig-
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Figure 6.17: SIFT keypoints extracted from camera image while at-
tempting to establish the pose of the stairs in the view.
Found keypoints (red). Subset of found keypoints matched
by Best-Bin-First search (yellow) to keypoints from a model
image, Subset of matched keypoints determined to be
inliers by RANSAC (green). Around 40 keypoints are ulti-
mately kept.

ure 6.17 shows SIFT keypoints extracted from an input frame
(red), matched through Best-Bin-First search to a model image
(yellow) and determined as inliers by RANSAC (green). Note
how we are able to successfully match keypoints even though
texture on the object is extremely repetitive (in fact, the stairs
were simply covered with several repetitions of the same brick
pattern printed on an adhesive). Also note that the images used
to build our model may be taken under substantially different
lighting conditions with a different camera than what we en-
counter in the input views during operation. Slight to moderate
inaccuracies in texture alignment on the model and even model
shape inaccuracies are also not a problem (though an accurately
shaped model is important for the recursive tracking stage). De-
spite this, the method outlined here finds reliable matches that
can be used for pose recovery.

6.8.3 Pose Recovery

The keypoint matching process leaves us with a set of reliable
2D-2D correspondences between the input image and a partic-
ular model image (we pick the image exhibiting the most inlier
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matches among the database of model images). To establish the
full 6DOF pose of the object, however, a set of 2D-2D matches
is not enough (at most, a homography between both point sets
could be recovered).

Fortunately, given the 3D model of the object of interest, we
are able to straightforwardly recover the 3D coordinates of
the SIFT keypoints in the model images. We use OpenGL’s
gluUnproject() function to very efficiently determine the 3D
object coordinates (objx,objy,objz) of a 2D point with image
coordinates (winx,winy) using the graphics hardware. To do so,
we read back the depth buffer of the rendered model image. For
each 2D point, this provides an additional depth coordinate winz
in the range [0, 1]. Given additionally the width and height of
the model image, a projection matrix P, initialized in accordance
with the real camera’s intrinsic parameters, and a modelview
matrix M reflecting the object’s pose as rendered in the model
image, gluUnproject() then recovers the 3D point coordinates
as



objx

objy

objz

W


= (PM)−1


2winx
width − 1
2winy
height − 1

2winz − 1

1

 (6.24)

where W is unused.

With our set of 2D-3D correspondences (input-image coordinates
to object coordinates) thus established, we now use DeMenthon
& Davis’ POSIT algorithm [15] to recover the initial object pose
Ê. POSIT recovers the pose as a rotation matrix and a trans-
lation vector by approximating the perspective projection that
generated the 2D points from their 3D coordinates with a scaled
orthographic projection (POS: Pose from Orthography and Scal-
ing). This estimate is then used to iteratively (IT) compute better
scaled orthographic projections of the keypoints and again ap-
plying POS to those, etc. POSIT converges quickly to an accurate
pose estimate within a few tens of iterations and is fairly robust
to measurement errors or even the odd outlier still present in
our 2D-3D correspondences. POSIT implicitly uses a single-focal-
length pinhole model, while our calibrated camera may exhibit
separate focal lengths for the x and y axes. This is easily ame-
liorated by adjusting the pixel coordinates of the 2D keypoints
input to POSIT a-priori to reflect a single focal length for both
dimensions.
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The pose recovered by POSIT can then be used to initialize our
recursive edge-based tracking process.

6.8.4 Integration

To summarize, the automatic tracker initialization process con-
ceptually encompasses the following steps:

a. Generate a set of model views with associated pose from
the given 3D object model

b. Extract SIFT keypoints from each model image using Sift-
GPU, build Best-Bin-First KD-trees for each model image

c. Extract SIFT keypoints from the input camera image

d. Match input keypoints to each model image’s keypoints
using Best-Bin-First search

e. Filter resulting matching using RANSAC to eliminate out-
liers

f. Pick the matching yielding the highest number of inliers

g. Recover 3D coordinates of model keypoints

h. Run POSIT on resulting 2D-3D matching to recover pose Ê

The entire process iterates at about 0.5 to 2Hz for a scenario
with 8 model images, around 400 SIFT features per model image
and around 800 SIFT features in the input image on an Intel
Core2Duo CPU at 2.13Ghz with 2Gb of memory and an NVIDIA
8800GTX GPU.

In practice, even absent any scene or camera motion, the SIFT
features extracted from two temporally adjacent frames (i, i+ 1)
will not match precisely due to image noise, etc. This may result
in the pose Êi recovered for frame i differing slightly from that
recovered for frame i+ 1. There is also the possibility that the
non-coplanarity requirement for POSIT is violated for a particular
frame and only SIFT points lying on the same object face are
found. To ameliorate this, we let the initialization process run
for several frames, combining the recovered poses by averaging
over time, essentially ‘smoothing’ the pose. This is accomplished
through the exponential and logarithm maps defined on the Lie
group SE(3) which all poses recovered belong to. If Êi denotes
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(a)

(b)

Figure 6.18: Textured model of stairs rendered onto camera view in
accordance with recovered pose. Pose recovered from SIFT
keypoints shown in Figure 6.17 (a). Stairs located in a larger
scene (b).

the recovered pose at frame i, then the smoothed cumulative
pose Ē is defined by:

Ē1 = Ê1
Ēi+1 = exp(12 ln(Ēi) + 1

2 ln(Êi+1))
(6.25)

Figure 6.18 illustrates the result of pose recovery for a set of stairs.
The recovered pose was used to render the model of the stairs
onto the camera image in the appropriate place.
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(a)

(b)

Figure 6.19: Views of example augmented reality tracking sequences.
3D cow model (5,804 polygons) positioned on the top step
of a set of stairs, localized by the tracking system (a). More
complex 3D robot model (46,055 polygons) positioned
similarly (b).
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6.9 results: augmented reality

Since our tracker recovers the full 6DOF pose of objects of interest
and given that the camera intrinsics have been recovered via an
a-priori calibration step, it is very straightforward to superim-
pose rendered objects onto the video stream from the camera
positioned at a fixed or dynamically changing 3D pose to the
tracked objects, simply by chaining the (optionally temporally
varying) desired transform of the virtual object relative to the
physical object with the pose recovered by the tracker.

The resulting synthesized view of the world thus registers vir-
tual elements to the real world in 3D in real-time, resulting in
an ‘augmented reality’ view of the world [2]. The tracking sys-
tem’s low jitter and high accuracy, as detailed in Sections 6.7.2
and 6.7.3 ensure good static and dynamic registration of the
overlaid imagery with the camera images. Provided at least one
object of interest remains trackable, the GPU-accelerated tracker
thus serves as a viable alternative to marker-based augmented
reality approaches [34] or the use of custom sensors for determin-
ing camera pose. Figure 6.19 shows example augmented reality
views, with two virtual objects rendered so as to appear perched
atop a set of stairs.

6.10 mapping, localization & planning

To perform navigation planning for our robot we need a repre-
sentation of the environment, with the robot localized within
that representation. We can establish a map coordinate system
in which the object being tracked is assumed to remain at a
fixed position and orientation in map coordinates, given by a
transform m

o T . Once we have recovered the pose of the object in
camera coordinates (given, say, by a transform c

oT ), it is easy to
position the camera relative to the object. The pose of the cam-
era in map coordinates is then straightforwardly recovered as
m
c T = m

o T
o
cT = m

o T (coT)
−1, essentially positioning the camera

in a consistent coordinate system relative to the object of interest.

For footstep planning, knowing the accurate location of the robot
foot at any point during execution is crucial. Fortunately, the
robot kinematics can supply us with another transform, cfT , lo-
cating the robot foot relative to the camera at any instant in time.
This transform, when chained with mc T , allows us to recover the
position and orientation of the foot in map coordinates.
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Figure 6.20: Height Map generated for stair climbing with robot and
goal position as well as planned footstep path superim-
posed.

Note that for accurate recovery of the foot location through
kinematics, it is paramount that the camera center be precisely
positioned with respect to the origin of the head joints (yaw and
pitch). For HRP-2, an error in camera pitch of just 1 degree will
result in the foot position being off by around 5cm, greatly ex-
ceeding the error bounds acceptable for stair climbing. To ensure
accurate camera positioning, we recover the relative pose of the
foot (outfitted with markers) to a reference object using motion
capture during a one-time ‘calibration’ stage. Subsequently, the
same relative transform is recovered using the tracker and robot
kinematics. We then adjust the physical camera positioning on
the robot head until the error between the two relative transforms
is eliminated.

Given the fixed position and orientation of the tracked objects in
map coordinates, it is straightforward to generate a height map
describing the robot environment. We render our object model
using an orthographic projection and depth buffering at the
appropriate posemo T and viewed from a camera positioned above
and looking straight down onto the scene. A height map can
then be generated simply by reading back the depth buffer after
rendering and scaling the resultant depths using the values for
zNear and zFar used for the orthographic projection. Figure 6.20

shows a sample height map generated for our stair climbing
experiments. Due to its object-centric nature, the height map
need only be constructed once. Together with the continuously
updated robot foot location, this map is used to find a safe path
through the environment.

In case the relative configuration of tracked objects changes
throughout the walking sequence (as is the case with moving
obstacles, for instance), an updated map is generated after each
iteration of the pose recovery process by a similar top-down
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rendering step. We use a map datatype that, much like the case
with the simple 2D floor maps used with ASIMO (see Chapter 4),
can be parameterized by time to reflect the state of the world at
a particular point in the future based on information currently
available. In this case, the linear and angular velocities extracted
by the tracker using the extended Kalman filter are used to
extrapolate the 6DOF poses of all objects of interest into the
future before the actual height map is generated by rendering.
Such maps could then be used to predict obstacle configurations
and could be used for planning navigation sequences in dynamic
environments exhibiting moving 3D obstacles to be avoided
during walking.

The footstep planner uses the recovered height-maps together
with an appropriate action set describing the three-dimensional
stepping motions the humanoid can execute to plan autonomous
locomotion given a start and goal state. The planner computes
knot points for a cubic spline swing leg trajectory which will
move the foot smoothly from one foothold to the next while
avoiding any obstacles between them. In addition, timings are
also calculated for each step so as to slow the walking down
when making long steps or when stepping up or down. These
adjustments ensure executable trajectories. The path, together
with the swing leg trajectories and step timings, is then used by
the walking and balance controller to generate a dynamically
stable walking motion which can safely take the robot from its
current state to the goal location in the environment.

6.11 results : stairclimbing for hrp-2

Our initial robot experiments combine the GPU-accelerated 3D
tracking system, footstep planner and walking and balance con-
troller operating on-line on an HRP-2 humanoid robot. The
tracker processes live video supplied by a robot head-mounted
camera to an off-board computer, tracking a set of white stairs
in the environment at 30fps, which the robot climbs or avoids in
our experiments.

We carry out 15 stair climbing experiments with the robot starting
from a wide variety of distances from and orientations relative
to the stairs, during 13 of which HRP-2 successfully reaches the
top of the stairs. The average length of a successful climbing se-
quence from the point the robot starts moving is under 8 seconds.
Figures 6.21a and 6.21b show HRP-2 successfully approaching
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(a)

(b)

(c)

Figure 6.21: Examples of GPU-accelerated tracking used for mapping
and localization during humanoid locomotion: HRP-2 au-
tonomously climbing (a), (b) and avoiding (c) a set of stairs.
Insets in (a) show tracker view during execution. Stairs are
no longer visible from the top step in the rightmost image
in sequence (a).

and climbing our set of stairs. Figure 6.21c shows HRP-2 navi-
gating around the same set of stairs. Note that, unlike in several
previous approaches to stair climbing, neither planner nor con-
troller have any predefined knowledge about the stair geometry
or location, but instead operate only on the map and localization
data supplied by the tracker. Also note that our tracker contin-
ues to recover the stair pose despite significant camera motion
occurring during the walking sequence and even when the stairs
have nearly vanished from the camera view, as in the third frame
of Figure 6.21a.

Figure 6.22 plots the tracker-reconstructed (x,y, z) camera posi-
tion in map coordinates during the initial part of a straight-on
stair climbing sequence, until the stairs fall outside of the robot’s
view. Note the increasing y coordinate as the robot approaches
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Figure 6.22: Plots of the x, y and z coordinates of the camera in map
coordinates during a walking sequence of HRP-2 approach-
ing and starting to climb a set of stairs.

the stairs directly in front of it in map coordinates and the in-
creasing z coordinate toward the end when the robot begins to
climb the stairs. The oscillations in x reflect the lateral swaying
of the robot as it changes stance foot during walking. The overall
lack of smoothness in the curves hints at the shakiness inherent
in perception on a rigid, moving humanoid platform. Our tracker
handles both of these issues well. The spike in x and z at around
2.5s shows an instance where the object pose is briefly distorted
(but later recovered) due to a particularly harsh head motion
resulting from a fast sidestepping movement executed by the
robot which caused a large amount of motion blur in the camera
image.

We believe that increased robustness, accuracy and responsiveness
in tracking afforded by leveraging the GPU during perception is
crucial in enabling HRP-2 to successfully accomplish complex lo-
comotion tasks such as the stair climbing and obstacle avoidance
tasks outlined here with a speed, reliability and flexibility not
achieved before. In the following chapters, we will show how to
exploit those benefits to achieve successful autonomous operation
for more complex navigation scenarios as well as manipulation.





7
P L A N N I N G F O R F U T U R E P E R C E P T I V E
C A PA B I L I T Y: M A N I P U L AT I O N

The process of planning is sometimes informally defined
as ‘reasoning about the consequences of actions’. Tradi-
tionally, the consequence of an action is merely a change

in the state of the robotic system, q ∈ C. The effect of such a
change in terms of the robot’s execution capability, or the possible
choice of actions the robot can take in the resulting state, is often
taken into account directly in the planning stage via the provided
action set describing the robot abilities (e.g. a left stepping action
must necessarily matched by a right stepping action in the fol-
lowing state). Often lacking from the planning stage, however, is
a similar consideration of the consequences of a chosen action
on the robot’s subsequent ability to sense the environment. We
have dubbed this the future perceptive capability of the robot and
posit that, given the interdependence of perception and planning
as shown in Section 2.1, this measure should explicitly be taken
into account as part of the planning process to achieve higher re-
liability of execution and task success rates. Note that this differs
from more traditional approaches involving ‘view planning’ by
virtue of the fact that we do not seek good sensor observations to
aid the planner but rather good planning strategies to aid perception
during execution. In this chapter, we use the problem of plan-
ning motions as might be executed by a humanoid manipulating
autonomously in a kitchen environment as a motivating example
for reasoning about perception in the planning stage [53].

7.1 planning humanoid reaching motions

Consider a robot performing manipulations in a free-form home
environment which is not easily purpose-built or instrumented
to facilitate specific robot tasks. Unlike in traditional factory
settings, it is unreasonable here to assume the precise positioning
of all objects of interest. Instead, sensing is used to localize
objects and to guide the positioning of the robot manipulator
to ensure a successful grasp. Traditionally, a coarse reaching
motion that positions the end-effector close to the object is first

67
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Figure 7.1: Reasoning about perception in the planning stage. A simu-
lation of the perception process is used to compute a metric
assessing perceptive capability for each configuration exam-
ined during planning.

planned, followed by a stage of fine-grained closed-loop control
that incorporates visual feedback to servo the end-effector to a
precise position from which the object can be grasped [83].

However, the initial planning stage is almost always oblivious to
the need for subsequent visual feedback to successfully complete
the grasping motion. It is not uncommon for the planner to gen-
erate solutions that preclude the object from being successfully
perceived when the visual servo stage is entered, due to environ-
mental or self-occlusions along parts or at the end of the reach
motion.

We seek to generate trajectories for the manipulator in a way
that takes the robot’s ‘sensability’ of the environment through-
out the reaching motion into account. To do so, we augment a
sampling-based planner with a simulation of the robot’s percep-
tion process that, during planning, assesses each candidate robot
configuration regarding its perceptive capability, as illustrated
in Figure 7.1. Note that this simulated perception process may be
of arbitrary complexity, encoding as much relevant information
regarding the operational characteristics of the sensor used as
necessary given the task at hand. We hypothesize that the re-
sulting plans maximize the likelihood of successful execution by
ensuring that sensor information can be gathered at the crucial
stages during the motion.
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7.2 formulation

We seek to find a collision-free reaching motion given by a time-
indexed path of the manipulator

τ : t ∈ [0, T ] 7→ τ(t) ∈ Cfree (7.1)

from an initial robot configuration τ(0) = qinit to one of a set of
valid goal states τ(T) = qgoal ∈ G from which an appropriate
grasp motion can then be executed. Since a range of solutions
τ ∈ Φ usually exist to this under-constrained problem, a best
solution τbest is usually selected to optimize a specific metric
Γ(τ) (e.g. shortest distance, manipulability, etc.) over the path as
τbest = argminτ Γ(τ), τ ∈ Φ. For simple robotic systems, it may
be possible to analytically ensure ensure that each state q = τ(t)

satisfies some geometrically defined binary visibility constraint
q ∈ Cvis (or perhaps only qgoal ∈ Cvis in case visual servoing
only takes place in the grasp phase), ensuring a clear line-of-sight
between sensor and object. For a high-DOF system in a cluttered
environment and able to occlude itself, this is usually not feasible.
Also, optimizing sensor placement in a complex system such as a
humanoid may force the use of costly full-body motion planning
rather than planning for the arm motion alone. Furthermore,
how well the perception system can operate in each state may
not be adequately captured by a simple line-of-sight constraint
(consider e.g. the need for visible texture in a stereo system).

To this end, we introduce a cost metric ϕPC : q ∈ C 7→ ϕPC(q) ∈
< that encodes the robot’s perceptive capability in configuration
q. The calculation of ϕPC may amount to anything from a simple
line-of-sight constraint to ensure proper sensor placement to
a full statistical simulation of the sensor’s response given the
state of the robot and world. ϕPC(τ(t)) thus effectively encodes
how well the perception system is expected to perform at a
certain stage along a planned motion trajectory given the sensing
requirements of the task at hand. The planner now seeks to find
an optimal reach trajectory that also affords the robot maximal
future perceptive capability when executed, as given by

τFPC = argmax
τ

T∑
t=0

ϕPC(τ(t)), τ ∈ Φ (7.2)
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Figure 7.2: Rendering of the ARMAR-III humanoid robot (a). The physi-
cal ARMAR-III in a kitchen environment (b). The perceptive
capability of a configuration is determined by the fraction
of the object (here: a red sphere) visible (c) top as well as
the location of the object relative to the optimal visual servo
range (c) bottom.

7.3 ‘sensable’ reaching motions for armar-iii

We combine reasoning about perceptive capability with a sampling-
based planner built on the Rapidly-Exploring Random Trees
(RRT) [43] framework with guiding heuristics that seek to encode
our ultimate goal of increased robustness during full pick-up
manipulations (reach-servo-grasp). Our robotic platform, the 43-
DOF humanoid robot ARMAR-III shown in Figure 7.2a and Fig-
ure 7.2b, operates in a full kitchen environment that exhibits
significant potential for collisions and occlusions.

For grasping motions executed on ARMAR, most of the task
fragility and failure likelihood lies in the final servoing stage.
In accordance with our hypothesis, we therefore seek to ensure
proper operation of the visual servo system throughout the ma-
nipulation to maximize our chance of successful execution. We
heuristically define the perceptive capability hPC(q) of a particu-
lar configuration to reward an unoccluded view of an object lying
inside an optimal operating distance range from the sensor. Fig-
ure 7.2c illustrates. hPC(q) is evaluated by simulating the robot’s
perception system from each state examined during planning.
The resulting camera image is then compared to a pre-computed
appearance-based template showing the object rendered from the
current configuration, but unoccluded. This allows us to quantify
the fraction of the object occluded by scene geometry or the
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robot itself. More complex methods employing border or texture
continuity could also be used to assess occlusion. Further taking
into account the optimal servo distance allows us to establish the
heuristic perceptive capability hPC ∈ [0, 1] in configuration q as
the weighted sum

hPC(q) = wupu(q) +wdiste
−1
2 (d(q)−dopt)

2
(7.3)

with po(q) denoting the fraction of the object un-occluded.

We measure progress towards the goal via a heuristic workspace
goal function hWS(q) 7→ < assessing the proximity of the end-
effector pose to the goal [5], resulting in the following overall
cost metric the planner uses to evaluate each node and to sort a
priority queue of candidate nodes:

l(q) = wPC(1− hPC) +wWS hWS (7.4)

During search, we furthermore define a lower threshold on the
perceptive capability that each candidate node must meet lest it
be discarded from the search. We specifically define a percentage
of maximum allowable object occlusion that decreases linearly
as the manipulator gets closer to the object, and hence the servo
stage, at which point a maximum 8% occlusion is allowed.

The resulting probabilistically complete [43] planner then gener-
ates geometrically valid, collision-free paths that also guarantee
a minimum perceptive capability along the trajectory.

7.4 results: armar

A number of experiments carried out on ARMAR-III in simula-
tion, with the robot’s binocular vision system approximated by
two perspective cameras, support our hypothesis that planning
for future perceptive capability results in motion plans that more
fully exploit the potential of the robotic platform to execute mo-
tions robustly using visual feedback and may increase the chance
that the perception system stays operational along the trajectory.

During experiments, ARMAR’s task was to grasp a spherical ob-
ject floating freely in the workspace (experiment Sphere), covered
on the top by a plate-like obstacle (experiment CoveredSphere) and
tucked away in a cupboard (experiment SphereInCupboard). The
experiments were designed to assess the issues and effects of self-
occlusion, environment occlusion, appropriate sensor positioning
and environment complexity on our approach to planning for
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Figure 7.3: Plots of evaluated perceptive capability over a reaching
trajectory from experiment CoveredSphere, when planning
explicitly for it (red) and when perceptive capability is not
considered in the planning stage (blue).

Planned w/ Sphere CoveredSphere SphereInCupboard

perceptive avg. comp. time avg. comp. time avg. comp. time

capability (nodes in tree) (nodes in tree) (nodes in tree)

Yes 152.9 sec 137.0 sec 95.9 sec

(13, 992) (7, 948) (8, 720)

No 66.9 sec 8.8 sec 50.2 sec

(8, 307) (1, 726) (7, 886)

Table 7.1: Average running times and nodes in solution tree for the
three experiments Sphere, CoveredSphere and SphereInCupboard
with planning for perceptive capability (top row) and without
(bottom row).

Planned w/ Sphere CoveredSphere SphereInCupboard

perceptive avg. occlusion avg. occlusion avg. occlusion

capability (last 10%) (last 10%) (last 10%)

Yes 3.4% 22.3% 5.3%

(2.8%) (10.3%) (1.1%)

No 22% 36.7% 19.5%

(13.0%) (43.8%) (6.7%)

Table 7.2: Average percentage of object occlusion along the entire reach
trajectory when planning with perceptive capability (top row)
and without (bottom row). Numbers in parentheses give avg.
occlusion over the last 10% of nodes in the solution.
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(a)

(b)

Figure 7.4: Key frames from reach trajectories of ARMAR attempting to
pick up an apple in a kitchen environment. When planning
for future perceptive capability (a), the apple is grasped from
the side and the head-mounted cameras are appropriately
positioned. Without regard to perception (b), the robot does
not fixate the object and occludes it with the manipulator.

future perceptive capability, and were run 50 times each on a
typical office computer. Figure 7.3 and Tables 7.1 and 7.2 summa-
rize.

Note the significantly reduced average occlusion of the object
of interest over the solution trajectory when planning with per-
ceptive capability in mind for all three experiments (e.g. from
19.5% to 5.3% for SphereInCupboard). Also note that the planner
considering perceptive capability exhibits roughly comparable
running times and solution sizes across experiments, suggest-
ing that our approach scales well with environment complex-
ity. Figure 7.3 shows percentage occlusion plotted over a typical
reaching trajectory for both conditions of the CoveredSphere ex-
periment. Note how, when explicitly considered in the planning
phase, the measure increases significantly towards the end of the
trajectory to meet our increasing minimum acceptable thresh-
old and provides good operating conditions for any subsequent
visual servo phase. This does not hold true when not planning
for perceptive capability. Figure 7.4 shows two example reach
trajectories computed with and without regard to perceptive
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Figure 7.5: Workspace visualization of the generated RRT for experi-
ment SphereBehindBoard, in which the robot aims to reach
a sphere initially hidden from view behind a board. Small
black spheres indicate configurations where the target is
occluded, small red spheres denote configurations with
satisfied visibility constraints. Green spheres represent the
found solution trajectory.

Figure 7.6: Solution trajectory for reaching the target object in experi-
ment SphereBehindBoard after increasing iterations of path
smoothing.

capability. Figure 7.5 depicts the solution found via RRT search
for experiment SphereBehindBoard, where a board-like obstacle
prevents the target object from being seen by the robot in certain
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configurations. Note that the solution path found via the RRT
algorithm appears rather jagged, but can easily be smoothed
a-priori while remaining collision-free, as shown in Figure 7.6.

7.5 planning reaching motions on hrp-2

We have extened our approach to reasoning about the robot’s
future perceptive capability during manipulation planning to the
HRP-2 humanoid. Here, we integrate our perception-aware plan-
ning approach with the hybrid grasp analysis / manipulation
planning framework for complex environments as proposed by
Berenson et. al [4].

Given a particular object to grasp, this planning framework con-
structs a grasp-scoring function, incorporating both grasp quality
metrics as well as information about the object’s immediate sur-
roundings and the robot capabilities. This function is then used to
rank a precomputed set of candidate grasps for the object given
the scene the object is placed in. The ranked grasps are then
validated using collision checking against the environment and
tested for reachability using the robot’s inverse kinematics. Pro-
vided that the resulting arm pose is indeed free of environmental-
and self-collision, a bidirectional RRT algorithm [36] is used to
find a valid trajectory leading the robot arm from the current
pose to the grasping pose. If any of the above steps fail, the next
grasp from the ranking is chosen, and the process is repeated.

As described, the planning process remains decoupled from
perception, and merely relies on an a-priori perception step to
localize the objects to be manipulated with respect to the robot.
As motivated previously for ARMAR, the use of perception for a
subsequent fine-grained control phase in which the end effector
is further adjusted to achieve a successful grasp is likely to yield
higher grasp success rates and increased robustness to errors in
execution, modeling or the initial perception stage. In light of
this, we would like to ensure that perception remains operational
throughout the reaching trajectory in its entirety.

More concretely, we employ the GPU-accelerated model-based
tracker outlined in Chapter 6 as the perception component used
for manipulation on HRP-2. If we do not explicitly reason about
perception during the planning stage, the grasp planning frame-
work outlined above often generates trajectories that correctly
position the arm for grasping, but exhibit severe object occlusion
by the manipulator throughout the reaching phase, as exempli-
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Figure 7.7: Manipulation without reasoning about perception on HRP-
2. The robot arm severly occludes the target object (red)
during the reaching motion, leading to likely tracking fail-
ure.

fied in 7.7. By planning for perceptive capability, we aim to ensure
that we can continuously track the object of interest throughout
the whole reaching motion.

To do so, we again compute a perceptive capability measure from
simulation and modify the grasp planning process outlined as
follows:

1. Before planning and throughout the reaching trajectory, we
appropriately position the sensor in each configuration by
orienting the robot’s head towards the object to be grasped.

2. Object visibility is assessed for the IK solution returned
for each candidate grasp. If too large a percentage of the
object remains occluded in this final state of the grasp, the
grasp candidate is discarded and the next candidate in the
ranking is evaluated.

3. Once a grasp candidate is chosen and we enter the RRT
trajectory planning process, perceptive capability is com-
puted for each configuration examined. Configurations not
satisfying a minimum perceptive capability threshold are
discarded, ensuring a lower bound on the perceptive capa-
bility throughout the resulting reaching motion.

Note how in the case of grasping motions on HRP-2, only the
arm and the rotational torso DOFs are planned for, implying
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that the distance between sensor and object of interest cannot
be varied. We thus explicitly set the head yaw and pitch joints
to orient the head such that the object of interest lies as close to
the center of the camera view in each configuration examined as
the robot’s joint limits allow. Also note how, once again, we use
the percentage of object that is un-occluded as a heuristic proxy
to the concept of perceptive capability in a particular state and
posit that an object that remains unoccluded and fully in-view
will remain well-trackable. In our experiments, we set the limit
on allowable object occlusion to between 15% and 30%.

7.6 efficiently computing object occlusion

As with ARMAR, we compute the heuristic perceptive capability
by simulating the robot’s perception system from each config-
uration. This is accomplished by rendering the scene using a
synthetic camera positioned and oriented to reflect the physical
camera on the real robot head. The physical camera’s intrinsic
parameters, gathered during an a-priori calibration stage, are
used to construct an appropriate OpenGL projection matrix for
the simulated camera view.

When planning for future perceptive capability for ARMAR, eval-
uating the percentage of object occlusion in each candidate config-
uration proved to be by far the most computationally expensive
operation, involving explicit comparison of two pixel buffers to
count the number of pixels rendered for the current configuration
vs. the number of pixels rendered for an unoccluded view of the
object alone. In the case of HRP-2, we accelerate this operation
significantly by exploiting the GPU.

We make use of the occlusion query mechanism found on mod-
ern GPUs [63]. Given a set of primitives to render, the occlusion
query mechanism returns an exact number of fragments (‘po-
tential pixels’) that would successfully pass all the tests of the
rendering pipeline (frustum visibility, scissor, alpha, stencil and
depth) and would hence actually get drawn on the screen. This
mechanism is usually used to determine whole object visibility in
complex scenes. The object is replaced by its bounding box and
the query mechanism determines whether any part of the box is
actually rendered. If the occlusion query mechanism determines
that the bounding box is occluded entirely by other geometry in
the scene, the object need not be drawn, eliminating unnecessary,
potentially expensive rendering and shading operations. This
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technique is widely used in graphics engines of current games
and even forms the basis of an approach to efficient collision
detection [23].

We use occlusion queries to precisely count the number of frag-
ments of the object of interest visible in the robot’s simulated
camera view, as well as the number of fragments that would be
visible were the object rendered alone. This is accomplished as
follows:

1. Render only the sub-part of the scenegraph containing the
target object by itself. Use occlusion query to record the
number of fragments rendered as frag_count_alone.

2. Clear OpenGL buffers.

3. Render entire scenegraph without target object.

4. Render target object by itself into buffers already containing
remaining scene geometry. Use occlusion query to record
the number of fragments rendered as frag_count_with_env.

5. Compute object un-occlusion as

frac_not_occluded =
frag_count_with_env
frag_count_alone

Since fragment counts are computed on the GPU, this process
is very efficient, taking only about 1-2ms to complete even for
complex scenes, with the only additional cost incurred over a nor-
mal rendering operation being the readback required to gather
the two fragment counts from the GPU back to main memory
(which stalls the rendering pipeline). The use of the occlusion
query mechanism to quickly compute object occlusion drastically
speeds up the computation of future perceptive capability in each
configuration during planning and thus significantly reduces the
overhead introduced by considering perceptive capability during
the manipulation planning process. The discrepancies between
planning times with and without consideration of future per-
ceptive capability are now attributable mainly to the fact that
the perception-aware planner discards a larger number of candi-
date states (due to them failing to meet the minimum perceptive
capability requirements) than the perception-unaware planner.
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Figure 7.8: The HRP-2 humanoid executing a reaching motion towards
an object to be grasped (red ‘T’-shaped object). Trajectory
resulting from perception-unaware planning (left column)
and from planning with perceptive capability (right column).

7.7 results: hrp-2

7.7.1 Simulation

In our experiments with HRP-2, we sought to evaluate how
well our GPU-based tracking system would operate during the
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Figure 7.9: Target object tracked from synthetic HRP-2 camera view
during reaching trajectories planned without (left column)
and with (right column) perceptive capability. Colored bar on
left of each image indicates tracker confidence (green=good,
red=bad).
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Figure 7.10: Plots of target object occlusion over a reaching trajectory
planned without (red / dashed) and with perceptive capabil-
ity (blue / solid).

execution of reach trajectories when planned with and without
regard to future perceptive capability. To do so, we first tasked
a simulated HRP-2 to grasp a red T-shaped object placed on a
table in front of the robot among other objects. The executed
trajectories were recorded from the point of view of the robot’s
simulated camera. We then executed the tracker on the resulting
video sequences of synthesized scene views, using the same
method and parameters as when operating on regular camera
images.

Figure 7.8 shows an external view of a typical reaching motion,
when planned with (right column) and without (left column) per-
ceptive capability. Note the different resulting trajectories, despite
identical initial and goal configurations for this example.

Figure 7.9 shows the same motions viewed from the robot camera,
with the target object tracked using the GPU-based tracker. Note
the significantly smaller amount of object occlusion throughout
the trajectory when planning for future perceptive capability, as
evidenced in the plots shown in Figure 7.10. In the perception-
unaware case, up to 80% of the object is occluded and occlusion
is so severe that it leads to tracker failure (third picture from top
in Figure 7.9). When planning for future perceptive capability,
occlusion never exceeds 15% and the target object is tracked
successfully throughout the entirety of the reaching motion.

During our experiments the perception-unaware planner gener-
ated a typical reaching trajectory after 1–3s, with planning for
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future perceptive capability typically taking between 7 and 23

seconds.

7.7.2 Physical robot

Ultimately, validation regarding whether or not the concept of
planning for future perceptive capability does indeed provide
tangible benefits in terms of execution reliability in the reach
planning scenario outlined in this chapter can only be gathered
on a physical robot platform.

To do so, we had HRP-2 plan reaching trajectories for the two ex-
perimental conditions (with and without reasoning about future
perceptive capability) using the same experimental setup as in the
simulation experiments described above. The GPU-accelerated
tracker is used to initially localize the object to be reached for
(again, a red T-shaped object made from Lego blocks), with the
planner subsequently planning a reaching trajectory toward the
object. Again, intrinsic parameters reflecting the actual camera
mounted on HRP-2’s head were used to generate the simulated
views in each configuration the planner examines to determine
perceptive capability via occlusion. The resulting trajectories were
then executed on the physical HRP-2 robot. We continued the
tracking process as the actual reaching motion was carried out, to
assess the difference on tracking performance during execution
of trajectories from the two experimental conditions.

Figure 7.11 shows HRP-2 carrying out a trajectory planned in
a perception-unaware manner (left column), along with the cor-
responding tracker view (right column). Note how, just as re-
flected in the simulation experiments, on the physical robot the
large amount of object occlusion that results from planning in a
perception-unaware manner means that the tracker fails to track
the object throughout the entire trajectory, despite the object
remaining in-view (but occluded) throughout. The robot’s ma-
nipulator simply occludes too large a percentage of the tracked
object for perception to remain operational. Any fine-grained con-
trol stage potentially coming after the reaching motion has slim
chance of success, unless the tracking process is re-initialized.

In contrast, consider the trajectory depicted in Figure 7.12, along
with the associated tracker view. When planning using future
perceptive capability as done here, object occlusion by the robot’s
manipulator is significantly less, ensuring that the tracker can
remain operational during the entire reaching trajectory. With
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Figure 7.11: The physical HRP-2 humanoid executing a perception-
unaware reaching motion towards an object to be grasped.
External view (left column) and tracker view (right column).
Note how the tracker loses track shortly after the third
frame from the top.

the manipulator now positioned close to the tracked target ob-
ject, conditions are ideal for any subsequent servoing phase that
moves the robot’s hand even closer to the grasp point and even-
tually closes the gripper around the object for a successful grasp.

The trajectories shown in Figure 7.11 and Figure 7.12 exhibit very
similar occlusion profiles to those shown in Figure 7.10, with
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Figure 7.12: The physical HRP-2 humanoid executing a reaching mo-
tion planned with perceptive capability. External view (left
column) and tracker view (right column). Tracking continues
successfully throughout the entire motion.

perception-aware reaching motions never exceeding 15% object
occlusion. Planning times for these experiments were nearly
identical to those reported for the simulation experiments above.
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7.8 perceptive capability in planning: outlook

The approach to planning for future perceptive capability out-
lined in this chapter and implemented on ARMAR and HRP-2
has several specific advantages over prior work in this area:

a. It can operate with an arbitrarily complex model of the per-
ception system to arrive at the perceptive capability of each
state. In our experiments, we aimed to distill the operating
characteristics of our sensor system into measures (here:
occlusion and distance from the sensor) that were straight-
forward to compute and that could proactively be used
as good proxies to the robot’s ‘true’ perceptive capability
during the planning process. Of course, extending these
measures to incorporate an explicit statistical assessment
of sensor noise and error during the simulation process
would be very desirable.

b. By computing the perceptive capability via simulation,
we are able to deal with intricate robot and environment
geometry that would otherwise preclude calculation of
straightforward visual constraints as a metric of ‘sensabil-
ity’. Hardware-accelerated computation of perceptive capa-
bility means that simulating perception remains efficient
enough for real-world planning scenarios.

c. Our approach does not require the sensor used to remain
stationary. By exploiting sampling-based planning, we are
able to compute solution trajectories that involve whole-
body motion for complex systems with significant kine-
matic chains between sensor and manipulator.

Our experiments on HRP-2 show that our initial insights from
simulation on ARMAR transferred well to the real robot domain,
where the planning stage is preceded by a step of rapid ini-
tial object localization and environment reconstruction, yielding
an environment model that can then be used for the forward-
simulation used during planning to compute the perceptive
capability.

The results arising from our reaching experiments on HRP-2
show that reasoning about perceptive capability during planning
does indeed provide tangible benefits in terms of execution relia-
bility by ensuring properly operating perception not only when
planning manipulations, but also during navigation in complex
environments, as shown in the next chapter.
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Perception Simulator
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φ(qk+1), φ(qk+2), ...

sensor model : Ms 

robot model : Mr 

task speci�cs
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Figure 7.13: More sophisticated calculation of future perceptive capabil-
ity. Simulated perception takes into account current plan
(πk), robot state via executed actions (u1, . . . ,uk−1) and
environment representation (ek) to calculate perceptive ca-
pability values (ϕ(qk+1), . . .), considering robot and sensor
models as well as specifics of the task to be accomplished.

Note how in these experiments, ‘perception-aware planning’ was
achieved by computing a single numerical measure via simu-
lation and its subsequent use as another heuristic during the
planning process. The dimensionality of the space planned in
did not increase as a consequence of planning for future percep-
tive capability, ensuring that the process as a whole remained
efficient. Another option is to shift some of the burden of finding
motions that execute well under visual feedback to the search
stage of the planning process, by explicitly including degrees of
freedom particularly relevant to perception as part of the state
space planned in. For instance, on a humanoid platform, the
head joints may be explicitly included in the planner’s search
space, in the hope of leading to a wider variety of configurations
that can be assessed for their perceptive capability during the
planning process. This, however, leads to the usual planning
trade-off of an increased search space and consequently longer
planning times in exchange for finer granularity during search.

In the preceding, we have focused on using simulation to gen-
erate a single measure of perceptive capability for each state q
examined. More abstractly, the ‘perception simulator’ compo-
nent of Figure 7.1 may provide further lookahead and consider
substantially more task, sensor and environment characteristics
in determining appropriate measures of perceptive capability,
as Figure 7.13 conceptualizes.
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P L A N N I N G F O R F U T U R E P E R C E P T I V E
C A PA B I L I T Y: N AV I G AT I O N

We extend the idea of explicitly considering the robot’s
future perceptive capability during the planning stage
to the scenario of planning navigation strategies for a

humanoid robot. Recall the motivating challenges for perception
on a moving humanoid, as outlined in Chapter 2. Even a per-
ception system, such as our GPU-accelerated tracker described
in Chapter 6, capable of reconstructing the environment in accor-
dance with the restrictive error tolerances required for complex
locomotion tasks and able to do so quickly and robustly can only
operate as well as the conditions arising from the robot’s planned
motions will allow it.

Consider the stair climbing scenario given in Chapter 6. Suppose
that information from the perception system is continuously
used to localize the robot and map the environment throughout
the walking sequence. A perception-unaware planner may easily
generate footstep paths that appear desirable from the perspec-
tive of its internal step-cost functions and heuristics, but which
result in the tracked stairs falling outside the robot’s field of view
during the walking sequence, as exemplified in Figure 8.1. Such
a scenario would likely result in tracking failure that is hard if
not impossible to recover from. Perception would then be unable
to further localize the robot or map the environment, forcing
the planner to rely on the last-known-good map and location
estimate and dead reckoning. In this case, it is very likely that
the robot positioning error relative to the stairs exceeds the error
bounds of 1–2cm deemed acceptable by the controller, resulting
in (perhaps catastrophic) task failure if the robot attempts to
climb the stairs.

We again draw on the principle of mutual awareness between the
perception and planning stages from Section 2.2 to argue that
such and similar scenarios can be avoided by informing the plan-
ning process about the need for subsequent perception during
execution. This chapter presents our approach to planning for fu-
ture perceptive capability in for humanoid navigation. We focus
here specifically on the GPU-accelerated perception system and

87



88 planning for future perceptive capability: navigation

Figure 8.1: HRP-2 executing a stairclimbing motion planned in a
perception-agnostic manner. The stairs move outside the
robot’s view during locomotion and tracking subsequently
fails.

height-based footstep planning method introduced in Chapter 6,
with the HRP-2 humanoid serving as the robotic implementation
platform.

8.1 considerations

In defining how to plan for future perceptive capability during
navigation, we adapt our problem definition for the manipulation
case, given in Chapter 7, slightly. We still seek to find a robot
motion τFPC ∈ Φ, leading the robot from an initial state to a
goal state, that conceptually maximizes the robot’s perceptive
capability, given by ϕPC : x ∈ X 7→ ϕPC(x) ∈ <. However, we
now define τ by a discrete set of footholds τ = (t0, t2, . . . tn)

with t0 = xinit and tn = xgoal ∈ G, being the initial and goal
states, respectively. Footholds are chosen as part of the footstep
planning process given the input information

I = (xinit,G, e, A) (8.1)

where e is a representation of the environment and A defines a
set of possible stepping actions a ∈ A the robot can execute in
any given state xi to yield the successor state xi+1 as

xi+1 = Succ(xi,a, e) (8.2)
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The desired robot motion maximizing future perceptive capabil-
ity τFPC can now be defined (cf. Equation 7.2) as the sequence of
footholds (t0, t2, . . . tn) that satisfies

τFPC = argmax
τ

n∑
i=0

ϕPC(ti), ti ∈ τ (8.3)

It is worth noting that, especially when compared to the problem
of planning reaching motions from Chapter 7, we are dealing
with a much lower dimensional state space throughout the plan-
ning process, with each foothold nominally defined by its SE(2)
position (x,y, θ) on the floor area plus an index variable ∈ {L,R}

(indicating the stance foot), with foot height being determined by
the environment height at location (x,y). This allows A* search
to be used for planning instead of a randomized approach such
as RRTs [10]. However, it also implies that many of the robot
degrees of freedom crucial for perception (e.g. the torso or neck
joints) do not normally form part of the state space we plan
in. This is one reason why situations such as the one shown
in Figure 8.1 can arise.

Recall that the aim of planning for future perceptive capability
is to find good planning strategies to aid perception. That is, to
increase robustness of perception during operation by making
informed decisions during the planning stage. In the case of
navigation, how should we define good operating conditions
for perception to accomplish the task at hand and how can
these be realized through planning? How should we define the
heuristics flowing into our perceptive capability measure that
appropriately capture the proper operating characteristics of
the perception system used on the robot? Of course, we would
ideally like to have a perfect description of the sensor used,
encompassing all necessary and sufficient conditions that lead
to good sensor operation. In practice, several considerations that
coarsely describe the majority of relevant sensor characteristics
needs to be established.

Consider that, when using the model-based tracking system we
employ on HRP-2, we would informally like all objects of interest
to the navigation problem to remain “in view and well trackable”
throughout the walking sequence. This might mean ensuring
that, during the walking sequence, the following hold true:

1. Tracked objects do not leave the camera view in their en-
tirety
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2. As much as possible of a tracked object remains inside the
camera view & close to the image center

3. Tracked objects remain as unoccluded as possible

4. A good edge response is achieved for tracked objects

5. Camera focus remains adequate for each object’s distance
from the sensor

6. Background clutter that may lead to false edge matches is
minimized

7. ...

Clearly, several of these desirable characteristics lie outside of
our direct control (e.g. lighting conditions and foreground/back-
ground texture and color will determine the quality of edge
responses, cluttered background views may be unavoidable) and
certainly outside the realm of influence of the planning process.
However, some should be achievable by appropriately augment-
ing the footstep planning process to reason about perception. In
particular, we address points 1–3 above, as follows.

visibility Whether and how much of an object is visible
throughout the walking path is explicitly computed during the
planning process and employed as one of the cost metrics the
planner uses when evaluating each state. The visibility measure
accurately reflects the robot’s ability to actively sense the envi-
ronment from a particular configuration by moving its head, as
well as the precise field of view yielded by the particular camera
/ lens configuration used for sensing on the robot head.

occlusion While in our navigation scenarios, self-occlusion
is not a major issue (the robot’s upper body remains upright and
the arms remain raised, but to the side of the robot, resulting in
minimal possible self-occlusion), it is very possible for certain
parts of the environment to be occluded by others. If occlusion
becomes too severe, the tracking system may lose the object of
interest, potentially resulting in task failure (e.g. in the case of
stair climbing). To prevent this, we explicitly assess the percent-
age of occlusion of objects of interest in the environment during
planning. This is done by efficiently simulating the robot’s per-
ception process from each state examined by the planner using
GPU-accelerated rendering. This allows us to determine precisely,
for each object, how many pixels are visible or occluded from
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a particular robot view. The resulting occlusion percentage can
then be used as another cost metric during the footstep planning
process to eliminate paths where occlusion would result in poor
operating conditions for perception.

visual servoing The Visibility criterion above ensures that
a tracked object can remain in view. To actually implement this
during execution, we employ a fast visual servoing loop that
uses the 6DOF pose recovered by the tracker to determine head
yaw and tilt angles for HRP-2 that aim the camera at the object of
interest during the walking sequence, ensuring it remains within
and close to the center of the image.

These serve as viable heuristical proxies to the ‘true’ perceptive
capability given the tracking system used on HRP-2 for our
planning scenarios, with the goal of increasing robustness and
reliability of perception during execution.

8.2 planning for visibility

Say that the robot is currently at a particular location indicated
by the foothold (x1,y1, θ1,L), with the next footstep to be exe-
cuted leaving the robot at (x2,y2, θ2,R). How do we determine
whether a particular target object at location l = (lx, ly, lz) in
world coordinates (usually the object’s origin) is visible by the
robot? For the class of locomotions we execute on HRP-2, it is
known that the torso position and orientation can be constructed
straightforwardly from the position and orientation of the two
feet (simply by averaging). We also know that, during walking,
the camera remains directly in line with the torso if the robot is
looking straight ahead, at a height of approximately 1.4m above
ground. This yields the position and orientation of the camera in
world coordinates as a transform Tcam (in terms of its (x,y, z)
position and yaw angle, with pitch and roll set to 0). The relative
vector between the camera and the target object is then given by

r = T−1
cam l (8.4)

Given this relative vector r, we can now determine the yaw and
pitch angles that would need to be set at the robot’s head joints
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Figure 8.2: Visualization of the absolute head joint limits for the HRP-2
humanoid. Top shows yaw ∼ (−45◦, 45◦), bottom shows
pitch ∼ (−28◦, 28◦). A linear gradient pitch = 45◦ − k×
yaw with k = 0.5952 (determined by experimentally mov-
ing the head through its range of motion and linear fitting)
is used on the physical robot when setting values of yaw
and pitch in combination to ensure there is no self-collision.

in order to position the target object at the center of the camera
view via as

yawhead = arctan
(
ry

rx

)
(8.5)

pitchhead = arctan

 rz√
r2y + r2x

 (8.6)

If yawhead and pitchhead are valid angle settings in accordance
with the robot’s head joint limits and self-collision safety (see Fig-
ure 8.2), the target object can be positioned at the very center
of the camera view from the current robot configuration. Such
a configuration should receive a low visibility cost. If yawhead
and pitchhead fall outside the limits, we won’t be able to center
the object in the camera view perfectly and the configuration
should receive a higher cost. However, even when centering is
not possible, the object might still remain entirely or largely in
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view and well trackable. The robot’s field-of-view should thus
also be taken into account when computing a visibility cost.

We can determine the field of view resulting from the particular
camera / lens setup used on HRP-2 from the intrinsic camera
parameters resulting from calibration. The field of view in either
the horizontal or the vertical direction is simply defined as fov =

2 arctan(
d/2
f ), where d denotes the image (or sensor) size and f

the focal length. For the Flea2 camera mounted on HRP-2 (having
a 4.8mm × 3.6mm CCD) with a 4.8mm lens, this yields a 53.13◦

horizontal by 41.11◦ vertical field of view.

8.2.1 Computing Visibility Costs

We can now define a cost function that takes the head angles
yawhead and pitchhead, required to look at the target object
in a particular configuration, and returns a cost encoding the
following criteria:

• Configurations where the object can be centered in the view
should be assigned a low cost

• The cost should increase exponentially as the object moves
away from the center of the image to the border

• Configurations where the object lies outside the view should
receive a very high cost

We define this cost function, denoted hvis as

hvis = max(h(yawhead),h(pitchhead)) (8.7)

h(θ) =


0, |θ| < θmax

ek(|θ|−θmax) − 1, θmax 6 |θ| 6 θmax + θfov
2

c, |θ| > θmax + θfov
2

(8.8)

where c is the high cost when the target is out of view, and k is
chosen to make h(θmax + θfov/2) = c. θmax and θfov are the
limit and field of view of the joint. Figure 8.3 shows plots of the
two functions.

Typical costmaps constructed using the visibility cost function
hvis and used by the planner together with the usual stepping
costs and other heuristics are illustrated in Figure 8.4 for four
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Figure 8.3: The two cost functions hyaw (left) and hpitch (right), with
the x axis denoting the absolute value of the yaw and pitch
angles. The costs returned remain at 0 while the robot head
can be oriented to center the object in the view. Once this
is no longer possible, costs increase exponentially up to a
maximum cost value (10 here) as the object proceeds to
move towards the edge of the field of view. The maximum
cost value continues to be returned if the object lies outside
the view.

different sample robot orientations. In these scenarios, the robot
attempts to maintain visibility of the stairs located in the center of
the map. Note how, as the robot moves closer toward the stairs,
the visibility cost increases both due to head pitch (‘circular’
increase in cost during a full-frontal approach) and head yaw
(‘diagonal’ increase in cost when the stair are positioned to the
side of the robot). Note also the gradual increase in cost while the
stairs remain in the field of view, but can no longer be centered
in it. Visibility costmaps are quick to compute and can further be
accelerated by a simple caching scheme, if we limit the allowable
torso orientations to a fixed number. Also note that there is no
implicit requirement for costmaps to remain static. The object
to be kept in view may move during locomotion, resulting in
an updated relative position between the object and the robot,
from which a new costmap may be generated, to be used for
re-planning.

As mentioned in Figure 8.2, in practice we make the head pitch
limit depend on the current head yaw angle, to ensure that
self collisions are avoided. To do so, we use a linear gradient
limitpitch = 45◦ − k× yawhead with k = 0.5952. When this al-
ternative visibility model is used, the resulting visibility costmaps
differ slightly in their appearance, with the cost contribution
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Figure 8.4: Sample visibility costmaps at different robot orientations.
The robot attempts to keep the stairs in view. The maps
reflect robot orientations of (0◦, 90◦, 180◦, 270◦, ), clockwise
from top left. Blue denotes low cost, red denotes high cost.
Maps were constructed with yaw and pitch limits as well as
camera field of view values as used on HRP-2.

from pitch and yaw now no longer separable into ‘circular’ and
‘diagonal’ components, as Figure 8.5 illustrates.

8.3 servoing the robot head

Even given a planned path that satisfies the visibility criteria, the
robot must still actively move its head while walking to ensure
that objects of interest remain in view. We accomplish this by
using a visual servoing loop that directs the robot’s gaze at the
object.

To do so, we make use of the translation component t of the
object pose E = [R, t] recovered by the GPU-based tracker at
any point in time during the walking sequence. Recall that E is a
transform localizing the tracked object with respect to the camera.
Therefore, t can be straightforwardly used to determine the yaw
and pitch head angles, relative to the current head orientation,
required to position the object in the center of the view, as shown
previously in Equation 8.5 and Equation 8.6.
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Figure 8.5: Sample visibility costmaps at different robot orientations,
with pitch joint limit set from current yaw angle. The robot
attempts to keep the stairs in view. The maps reflect robot
orientations of (0◦, 90◦, 180◦, 270◦, ), clockwise from top left.

An exponential control law with velocity and acceleration limits
for safety is then used to determine the angles to be commanded
to the head motors to servo the head towards the desired orienta-
tion. The controller is executed at a rate of roughly 100Hz, with
the target yaw and pitch angles refreshed at 30Hz by the tracking
process, resulting in smooth servoing of the head towards the
target orientation, both during walking and when following a
manually moved object, as shown in Figure 8.6. To further in-
crease servoing performance, it is possible to move the control
loop into the robot’s real-time layer, yielding more executions
per second. However, we did not find this to be necessary during
any of our experiments.

8.4 results: planning for visibility

We evaluate our approach to planning for visibility during navi-
gation using two scenarios. In both cases, the GPU-accelerated
tracker combined with the visual servoing behavior outlined
above is used for perception, with the footstep planner now plan-
ning walking paths satisfying the visibility criteria. The tracker
generates heightmaps, localizes the robot and defines the target
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Figure 8.6: The HRP-2 humanoid servoing its head visually to follow
a sake cup moved by an experimenter. External view (left
column) and tracker view (right column).

location in the heightmap (corresponding to the target object)
that should be kept in view, sending the resulting information to
the planner, where the actual visibility cost computation is done
during the planning phase. HRP-2’s usual walking controller is
used to actually execute the motions.

In the first scenario, the robot was commanded to plan a path to-
wards a goal diametrically opposed from it, behind a set of stairs
that had to be kept in view throughout the walking sequence.
This scenario evaluates how the added visibility constraints shape



98 planning for future perceptive capability: navigation

Figure 8.7: Path resulting from planning with visibility reasoning. HRP-
2 navigates to a goal location while maintaining the target
object (stairs) in view.

the resulting planned footstep paths. In the second scenario, we
have the robot navigate to the top of the stairs, which it needs
to keep in view. This scenario seeks to improve on the general
stairclimbing task to specifically avoid situations such as shown
in Figure 8.1.

8.4.1 Maintaining Obstacles in View

We executed 5 experiments requiring the robot to keep the
stairs in view while walking to its goal, located opposite of the
stairs. Figure 8.8 (left column) shows the robot executing one such
sequence. Figure 8.7 illustrates the corresponding path found by
the footstep planner. Note how planning results in a semi-circular
walking path around the stairs that keeps the robot facing the
object at all times. This corresponds closely to the circular shape
of the visibility cost function as shown previously in Figure 8.4.
Visibility-unaware planning would have chosen a more direct,
shorter route, composed of more forward-stepping motions, but
which would have moved the stairs outside of the robot’s view,
as shown in Figure 8.9

The tracker view corresponding to this walking path is shown
in Figure 8.8 (right column). The tracker self-initialized and pro-
ceeded to track the stairs throughout the sequence. It can be
seen that the interplay of planning for visibility and the visual
servoing behavior result in the stairs never leaving the robot’s
view, with the second, central step of the stairs remaining close
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Figure 8.8: The HRP-2 humanoid navigating while maintaining an ob-
ject in view. External view (left column) and tracker view
(right column). First frame on right shows tracker during
initialization phase.

to the image center. The tracker was able to continuously track
the object well throughout the sequence, as shown by the green
bar representing tracking confidence.

For this experiment, planning took around 7 seconds, generating
a plan composed of 50 footsteps. The overall visibility cost along
the path recorded was 8.54, yielding an average cost of 0.17 per
step of the resultant walking sequence. When ignoring visibility
during planning, the resulting path is shorter (17 steps), but
exhibits a drastically larger overall visibility cost of 146.97, or
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Figure 8.9: Path resulting from perception-unaware planning. HRP-2
navigates to a goal location, but fails to keep the target
object (stairs) in view.
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Figure 8.10: Plots of visibility cost for footstep paths around a set of
stairs planned without (red / dashed) and with future per-
ceptive capability (blue / solid).

8.65 per step of the resulting walking sequence. The visibility
costs throughout the walking motion for perception-unaware
planning and for planning with perceptive capability are plotted
in Figure 8.10. Note how the stairs quickly move out of view and
remain there (corresponding to the maximum cost of 10) when
visibility is ignored.



8.4 results: planning for visibility 101

Figure 8.11: The HRP-2 humanoid climbing a set of stairs while main-
taining them in view. External view (left column) and
tracker view (right column). First frame on right shows
tracker during initialization phase.

8.4.2 Stairclimbing with Visibility

We also incorporated visibility into the planning of stairclimbing
locomotions. One issue that arises with stair climbing paths is
that at some point before the robot reaches the top of the stairs,
the stairs will move out of view. Given HRP-2’s maximum head
pitch angle, it is impossible for the robot to look down enough
to see the stairs when standing on the topmost step. In fact, it
is usually the case that once the robot has locomoted onto the
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Figure 8.12: Path resulting from planning with visibility reasoning.
HRP-2 climbs a set of stairs while maintaining them in
view.

first step, the stairs will have moved out of view enough to cause
tracker failure. However, the longer the robot can remain tracking
the stairs during the approach, the more accurate the localization
of the robot feet relative to the stairs will be. Our aim for this
experiment, then, is to maintain good visibility of the stairs for as
long as possible during the walking sequence, avoiding situations
where good visibility could have been achieved, but was not due
to the planner’s obliviousness to the perception requirements.

A related issue is that visibility costmaps constructed as outlined
in Section 8.2.1 will assign a very high cost to step locations
actually on the stairs (as can be seen in Figure 8.4), precisely
because the robot can no longer see the stairs from those locations.
This implies that the planner will try to avoid these during search.
To ameliorate this issue, we modify our visibility costmaps to
return low cost for locations on the stairs (essentially ‘coloring
them blue’ in Figure 8.4). This reflects the task intuition that,
once the robot has committed to climbing the stairs, they are
likely to be out of view and attempts to achieve good visibility
will be futile anyway.

Figure 8.11 (left column) shows an example stair climbing se-
quence planned with consideration for visibility, along with the
corresponding tracker view (right column). Figure 8.12 shows the
path computed by the planner, executed by a simulated robot.
Note how instead of heading straight for the stairs from the
initial position, the robot first follows an arc that allows it to keep



8.4 results: planning for visibility 103

Figure 8.13: Path resulting from planning without visibility reasoning.
HRP-2 takes a more direct path toward the stairs, resulting
in the stairs moving out of view much sooner.

the stairs in view in accordance with the visibility cost maps,
for as long as possible before ultimately committing to climbing
the stairs. Compare this to the path resulting from perception-
unaware planning shown in Figure 8.13, where a much more
direct route is taken, resulting in poorer conditions for percep-
tion. From the tracker view of the executed visibility path, it is
evident that visibility planning together with our visual servoing
approach kept the stairs in-view for a majority of the walking
sequence, until they are inevitably lost when actually climbing
the stairs.

For this experiment, a 28-step plan was found after 5.09 seconds.
The recorded total visibility cost along the resulting path was
1.11, for an average visibility cost of 0.03 per step. Compare this
to the path generated by a perception-unaware footstep planner
(found after 6.22 seconds—visibility planning generally but not
always results in slightly longer planning times), which yields
an overall cost of 120.18 for an 20-step plan, resulting in a cost
of 6.01 per step. Again, perception-unaware planning generates
a shorter path but with drastically larger visibility cost. The
visibility costs throughout the walking motion for perception-
unaware planning and for planning with perceptive capability
are plotted in Figure 8.14. Note how again the stairs quickly move
out of view and remain there (corresponding to the maximum
cost of 10) when visibility is ignored.
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perception unaware planning

Figure 8.14: Plots of visibility cost for footstep paths climbing a set of
stairs planned without (red / dashed) and with perceptive
capability (blue / solid). Note that both plots dip as the
robot begins to climb the stairs, where visibility costs have
explicitly been set to zero.

8.5 planning to avoid occlusion

While explicitly considering object visibility during the planning
stage serves to significantly reduce the chance of tracking fail-
ures during navigation by keeping the object of interest in-view
throughout the walking sequence, this approach remains funda-
mentally a geometric one (does the object fall within the robot’s
view cone?), albeit one complicated by the kinematic complexity
of a humanoid robot platform. Pure visibility planning, however,
fails to take into account another major source of failures for the
3D perception system used on HRP-2: occlusions.

Suppose the robot is tasked with navigating in an environment
filled with three-dimensional obstacles while continuing to track
a certain landmark object (be it for localization purposes, to even-
tually grasp it, etc.). Depending on the particular path chosen by
planning, it is quite feasible that the resulting walking sequence
leads the robot through configurations in which environmental
obstacles occlude the view of the landmark object to be tracked,
despite steps chosen in a way that keep the landmark object
in-view. Visibility-aware planning alone, as outlined above, is
unable to detect such circumstances, quite possibly leading to
tracking and task failure if the occlusion is severe enough.
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To incorporate reasoning about occlusion into the planning pro-
cess, we employ an approach very similar to the one outlined
in Section 7.6. For each footstep state examined by the planner
during search, we simulate the robot’s perception system by
rendering the scene using a synthetic camera set up to reflect
intrinsics of the real camera mounted on HRP-2’s head. We posi-
tion this camera at the appropriate height off the floor from the
current foot positions, in the same manner as described above for
visibility planning. We then orient the camera to point directly at
the landmark object the robot should keep tracking. Note that, at
this stage, the robot’s kinematic ability to orient the camera in
this matter is not verified, meaning that configurations where the
robot’s chest is actually pointing away from the object of interest
(which hence cannot be seen) will receive a low occlusion cost
as long as no inter-object occlusion occurs from that configura-
tion. During the actual planning phase, visibility costmaps (as
described above) are used in addition to occlusion reasoning, en-
suring that such configurations receive high cost and are avoided
during the walking sequence.

We employ the same hardware-accelerated method of efficiently
computing percentage of object occlusion using the OpenGL
occlusion query extension as described in detail in Section 7.6,
resulting in occlusion costs for each configuration in the interval
[0, 1], reflecting object occlusion percentages from 0% to 100%.
These costs are then scaled and appropriately weighted during
the planning stage so that they can be combined with visibility
costs and stepping costs for planning. Occlusion for each con-
figuration is computed quickly, requiring between 0.6ms and
1ms per configuration for the typical scenes we used. To further
decrease computation time, we use a caching scheme whereby
the occlusion cost computed for a particular configuration is
stored in memory and re-used for a different configuration if the
two configurations only differ in the robot’s torso orientation,
but not torso location over the floor, reflecting scenarios where
occlusion by other object between the robot and the landmark
should be identical.

Figure 8.15 visualizes typical occlusion costmaps generated in
this manner. Note the high (red) occlusion cost for configurations
in front of the door or when the textured stairs partially occlude
the landmark object. Also note the smooth gradients indicating
partial occlusion. The maps used to compute occlusion costs
are generated by our GPU-accelerated tracker in terms of their
constituent objects (e.g. the door and two stairs in this example),
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Figure 8.15: Sample occlusion costmaps computed for a scene with two
stairs and a door. The grey stairs are the landmark object
to be kept in view. High cost regions are colored red, low
cost regions blue.

Figure 8.16: Visualization of the heuristic used during occlusion-aware
planning. Only the occlusion component of the heuristic
(not the obstacle/free-space component) is shown. Initial
state: purple. Goal: light blue.

their relative positioning (as 6DOF transforms) and information
about which target should remain occlusion-free. This fully 3D
map information is then sent to the planner, where the actual
occlusion computation takes place during the planning process,
leveraging another GPU. The tracker also generates visibility
costmaps (composed of a heightmap and a target location—the
center of the landmark object—to be kept in view) simply by
rendering the 3D scene in a top-down manner and reading back
the depth buffer.
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Figure 8.17: Scenario used to evaluate occlusion-aware planning. The
textured white stairs are to be kept in-view and unoc-
cluded, with the brick-textured stairs acting as an occluder
(left). The occlusion cost map corresponding to this sce-
nario (right).

Another important implementation aspect is the use of updated
heuristics during the planning phase, in addition to the costmaps
outlined above. The original footstep planner [10] uses a simple
mobile-robot planner planning backwards from the goal to com-
pute the heuristic used for subsequent planning. If this heuristic
is used without modification, the planning process will be bi-
ased heavily to seek short paths to the goal, without any regard
to occlusion, resulting in a planner that takes a long time to
compute appropriate paths satisfying the occlusion requirements
because its heuristic biases search towards short paths which may
often violate the occlusion criteria. To ameliorate this, a modified
heuristic is used, which queries the occlusion cost map while
planning backwards from the goal, in addition to the heightmap
that describes whether a particular location is part of an obstacle
or free-space. Note that it remains efficient due to its overall
coarseness in resolution and due to the fact that orientation is
ignored when constructing heuristics. This latter fact also means
that visibility is not explicitly considered when constructing the
heuristic. A sample heuristic used in the experiments with HRP-
2 is visualized in Figure 8.16. Note its similarity to the actual
occlusion cost map for this scenario, as shown in Figure 8.17

(right).
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Figure 8.18: The HRP-2 humanoid navigating around an occluder with
a path resulting from occlusion-unaware planning. Ex-
ternal view (left column) and tracker view (right column).
Tracker loses ‘landmark’ object (white stairs) shortly after
the second frame from the top and does not recover.

8.6 results: planning to avoid occlusion

We evaluate our approach to planning to avoid occlusion during
navigation using the following scenario: HRP-2 was asked to
navigate to a target location while keeping a set of stairs in-view
and free from occlusion. A second set of stairs placed end-on
onto the floor (and hence having significant height) served as the
occluder. Figure 8.17 shows the experimental setup and the cor-
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Figure 8.19: Path resulting from planning without future perceptive
capability. HRP-2 takes a more direct path toward the goal,
resulting in complete occlusion of the object to be tracked.

responding generated occlusion cost map. The GPU-accelerated
tracker combined with the visual servoing behavior outlined
above is used for perception, with the footstep planner now plan-
ning walking paths satisfying the occlusion and visibility criteria.
HRP-2’s usual walking controller was used once again to actually
execute the motions.

The robot was made to navigate from a start location to a goal
location located opposite it from the two objects during 3 experi-
ments. This particular setup was chosen since the shortest path
to the goal would lead the robot behind the stairs placed end-on
on the floor, resulting in large occlusion of the set of ‘landmark’
stairs. Figure 8.18 shows what happens when occlusion is not
reasoned about during planning, with Figure 8.19 showing the
corresponding planned path. As expected, the planner chooses
the short path to the goal, leading the robot behind the occluder
(left column). Note how occlusion leads the tracker to lose track
very quickly (right column). Occlusion of the target object soon
becomes total, with no hope of the tracker being able to keep
tracking the object, even if the robot keeps the target object in-
view (but occluded!) throughout the motion (planning takes
visibility into account and the visibility criteria remain valid
throughout the path). The path shown here is comprised of 47

steps and was found after 18.90 seconds of planning. The overall
occlusion cost over the path is 192.83, yielding a per-step cost of
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Figure 8.20: The HRP-2 humanoid navigating around an occluder with
a path resulting from occlusion-aware planning. External
view (left column) and tracker view (right column). Tracker
continues to keep the landmark object (white stairs) in
view and tracks them successfully throughout the motion.

4.10. All occlusion costs were scaled to lie in a range between 0

(0% occlusion) and 10 (100% occlusion).

When planning in an occlusion-aware manner, the resulting path
is markedly different, leading the robot around the long way
around the stairs to the goal in the other direction, as shown
in Figure 8.20, with the resulting path illustrated in Figure 8.21.
While the resulting path is now significantly longer, the robot’s
view of the target object remains unoccluded throughout, en-
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Figure 8.21: Path resulting from occlusion-aware planning. HRP-2 takes
a path avoiding the occluder, resulting in an unoccluded
view of the target object throughout.

suring that the white stairs are perfectly tracked throughout
the entirety of the motion, as evidenced in the right column
of Figure 8.20. This path, composed of 91 steps, was found af-
ter 33.89 seconds of planning. The overall occlusion cost over
the path is 2.06, yielding a per-step occlusion cost of 0.02. Note
that this is drastically lower than the costs for the path resulting
from occlusion-unaware planning. The occlusion costs during the
walking motion for perception-unaware planning and for plan-
ning with future perceptive capability are plotted for comparison
in Figure 8.22. Note the complete occlusion of the target object by
the end-on textured stairs in the perception-unaware condition.
Also note how in both cases, the occlusion cost in the latter part
of the path is low, as the target object appears unoccluded in
both conditions towards the end of the path.

8.7 replanning with visibility

The scenarios described thus far have involved HRP-2 planning
navigation paths in a perception-aware manner for environments
that remained static during the walking sequence. That is, while
the robot’s perception system is used to initially localize the
robot and generate environment maps and despite perception
continuing to track objects of interest and generating updates
to said location and maps during the walking sequence, no up-
dated information is used by the planner. Once the initial plan is
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Figure 8.22: Plots of occlusion cost for footstep paths around an oc-
cluding obstacle without (red / dashed) and with perceptive
capability (blue / solid). Note the large amount of occlu-
sion (reaching 100%) in the perception-unaware case as the
robot steps behind the occluder.

generated, it is not modified in any manner, but simply executed.
Several issues arise with this approach. First, even if the initial
robot location recovered from perception is highly accurate, the
subsequent robot location, updated using dead reckoning from
the robot kinematics, is very prone to accumulation of error due
to drift. In the case of HRP-2, when comparing the robot’s re-
ported foot position generated from perception and kinematics
with ‘ground-truth’ foot positioning recovered using motion cap-
ture markers attached to the foot, a positioning error of 10–15cm
after around 20 steps is not uncommon. This, however, can have
disastrous results in situations, such as the stair climbing sce-
narios outlined above, where precise foot position recovery is
paramount. Secondly, by ignoring perception data throughout
the walking sequence, we often tend to miss out on opportuni-
ties to perform more accurate localization and mapping than is
possible at the beginning of the walking sequence. For instance,
when the robot approaches a set of stairs from a distance, the
size of the stairs in the camera view will increase as the robot ap-
proaches, leading to less pixel error, less jitter and more accurate
tracking, and hence better localization and mapping. Perception
data gathered during the walking sequence should be used.

We sought to introduce the ability for HRP-2 to perform replan-
ning using the perception data acquired by our GPU-accelerated
tracker, much like the case in the approaches to perception out-
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lined in Chapter 4 and Chapter 5. Furthermore, we would like
to perform replanning in a manner that takes the robot’s future
perceptive capability into account. In the experiments described
here, the planner gathers updated robot localization information
from the tracker during each replanning cycle and combines it
with the robot kinematics to establish the robot foot position, as
described previously in Section 6.10. This is done once per step-
cycle (which takes around 700ms in the case of HRP-2), when
the robot’s stance foot changes (i.e. each time a foot touches the
ground during walking). It is at this point that tracking error due
to robot sway is generally minimized. The planner then plans for
a large part of the remainder of the step cycle (around 500ms),
with the best partial plan resulting in that time being chosen and
subsequent foot trajectories being sent to the controller according
to that plan.

The crucial issue of timing, already alluded to in the ASIMO
case, becomes even more important here. A non-trivial amount of
temporal discrepancy exists between information gathered from
perception and from the robot kinematics. The latter process
is computationally cheap and takes merely a few milliseconds,
while gathering tracking data requires fetching frames from
a camera, performing the tracking and pose recovery process
itself, generating mapping and localization information from the
recovered pose and sending the result over the network to the
planner. In other words, considering the true state of the world
at time t, the robot kinematics corresponding to that state of the
world will be available to the planner at time t+∆tkin, where
∆tkin is on the order of 1–5ms. Tracking data corresponding to
the same state of the world will only be available at time t+∆tvis,
where ∆tvis is on the order of a few hundred milliseconds.
Clearly, since the planner chains the tracker transform with the
robot kinematics, timing discrepancies will result in significant
errors in foot positioning.

To ameliorate this, the planner keeps a history buffer of camera-
to-foot transforms recovered using kinematics. We then establish
an offset into this buffer indicating which past transform should
be combined with the pose recovered by the tracker by matching
peaks and troughs from the x and y translation components of
both transforms, resulting from the robot sway during walking.
In practice, we have found an offset of around 200ms into the
history buffer to work well for our experimental setup, yielding
foot positions with at most 3cm of error throughout the walking
sequence when compared to motion-capture ground truth.
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Finally, the issue of when to stop acquiring newly updated lo-
calization / mapping data from perception during the walking
sequence needs to be addressed. As mentioned previously, in a
stair climbing scenario, the tracker will lose track of the stairs
eventually as it begins to climb them. At this point, the recovered
robot position is no longer valid and dead reckoning should in-
stead be used from that point forward to continue to localize the
robot. We use the tracker’s built-in confidence measure to decide
when to switch to dead-reckoning. If confidence drops beneath
a certain threshold (indicating tracking failure is imminent), the
tracker stops sending updated localization / mapping data to
the planner.

8.8 results: replanning with visibility

We evaluate replanning using future perceptive capability in two
scenarios. For both, the GPU-accelerated tracker combined with
the visual servoing behavior is used for perception, with the foot-
step planner now continuously planning paths satisfying target
object visibility criteria as the robot walks. Note that occlusion-
based reasoning is not used in this case, as computing occlusion
costs (even with the hardware acceleration implemented) tends
to be too expensive to yield meaningful partial paths in the
500ms or so the planner is given to plan between steps. The first
scenario is a stair climbing task identical in nature to the stair
climbing with visibility planning experiments outlined before
in Section 8.4.2. Here, we sought to compare the effectiveness of
continuously gathering perception data and replanning with the
previous stairclimbing experiment.

During the second scenario, HRP-2 was tasked with tracking
and following a small wheeled mobile robot around as it moved
through the environment. The mobile robot, as tracked by HRP-
2’s onboard camera, is shown in Figure 8.23. During the experi-
ments, it was moved wirelessly via a joystick by an experimenter.
Here, the need for replanning is obvious, as the environment is
constantly changing and the footstep plan must be continuously
updated in order for HRP-2 to follow the mobile robot.
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Figure 8.23: The Penguin 2 mobile robot as tracked using the GPU-
accelerated tracker from HRP-2’s head-mounted camera.
The 3D robot model used by tracker is a reduced version
of the full-detail model used to design and machine the
robot parts.

8.8.1 Stair Climbing

Figure 8.24 (left column) shows an example stair climbing se-
quence planned with consideration for visibility, along with the
corresponding tracker view (right column). Note how the overall
appearance of the executed path is similar to the previous stair-
climbing experiment shown in Figure 8.11, as expected. In reality,
several differences are apparent. The robot initially planned a
short partial path towards the stairs, approaching them up to
the point where the head tilt limits meant that the stairs might
move out of view. At that point, the visibility costs resulted in
the subsequently replanned partial paths leading the robot in a
circular arc towards the front of the stairs—maintaining them
in view throughout—before beginning to climb them. Moreover,
the ultimate foot location error once at the top of the stairs was
significantly less (approx. 3cm) than in the non-replanning exam-
ple (around 5–10cm), as the robot location was being updated
until much further into the walking sequence.

8.8.2 Robot Following

In this experiment, HRP-2 has to navigate to a goal location at
a fixed distance and orientation from the mobile robot, relative
to which HRP-2 was localized by the tracker. Moving the mobile
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Figure 8.24: The HRP-2 humanoid climbing a set of stairs while main-
taining them in view using replanning and continuously
updated localization data. External view (left column) and
tracker view (right column).

robot thus also results in a moving goal location, although in
practice it is only the relative positioning between HRP-2 and the
mobile robot that changes as both the map and the goal location
in map coordinates (centered on the mobile robot) remain the
same. With replanning, this effectively makes HRP-2 follow the
mobile robot around continuously, with visibility planning ensur-
ing that the mobile robot remains in-view and well trackable at
all times. Figure 8.25 (left column) shows HRP-2 during one such
robot-following sequence, along with the corresponding tracker
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Figure 8.25: HRP-2 following a mobile robot using visibility-aware
replanning and continuously updated localization data
from perception. External view (left column) and tracker
view (right column).

view (right column). Note how several factors contribute to make
this quite a challenging scenario for the perception system. The
3D model of the object being tracked is relatively complex, with a
large number of distinct edges, resulting in many control points
to be used during the fitting stage. Also, the physical mobile
robot is fairly small, occupying only a rather small part of the
camera view even when HRP-2 stands very close to it. Finally,
the robot is made from aluminum, resulting in many reflections
and false edges arising from them. It is only the interplay of
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efficient, robust tracking, the fact that the mobile robot always
remains in-view due to visibility-aware planning and the fast
visual servoing loop minimizing motion in the image that enable
the mobile robot to be tracked reliably during this follow-me
sequence.

8.9 summary

In this chapter, we detailed how a tighter coupling between
perception and planning can be achieved in the context of plan-
ning autonomous navigation strategies for humanoid robots, by
reasoning about future perceptive capability. Specifically, we en-
abled HRP-2 to reason about both visibility and occlusion as they
affect the GPU-based 3D perception system used by the robot
while planning footstep paths. Our results show that such plan-
ning is effective in ensuring that perception remains operational
as the robot locomotes and therefore aids safety and reliability
by increasing task success rates and minimizes localization &
reconstruction error. Our visibility, occlusion and replanning
experiments show that reasoning about perceptive capability
during planning remains computationally feasible enough to be
used for real-world robot tasks.



9
C O N C L U S I O N S

We now summarize the contributions of this thesis and
point out areas of future work.

9.1 contributions

Figure 9.1 outlines the nature of the contributions of this thesis.
The broad contribution consists of the exploration of a series
of widely applicable perception strategies designed to allow
humanoid robots to locomote and manipulate autonomously
in complicated environments, as evidenced by our results from
three distinct humanoid robot platforms. The robot tasks achieved
by coupling these perception strategies with efficient planning
methods, such as navigation among challenging dynamic obsta-
cles on ASIMO or the stair-climbing and robot-following scenar-
ios on HRP-2, represent some of the current state of the art in
humanoid autonomy.

The most sophisticated of the perception approaches presented—
the GPU-accelerated 3D tracking system described in Chapter 6—
constitutes one of the most advanced model-based monocular
trackers available today, offering a speed, robustness and flexibil-
ity that make it applicable to a wide range of perception tasks in
robotics and vision applications in general. It functions as fully
integrated perception system for humanoid robots. It also serves
as a prime example of general purpose use of GPU processing
to significantly accelerate a computationally intense problem
outside of graphics.

This thesis also introduces and thoroughly investigates a frame-
work for reasoning, during the planning stage, about a robot’s
ability to successfully perform perception when autonomously
executing a task. Motivated by the particular challenges of sens-
ing on humanoid platforms, the tighter coupling between percep-
tion and planning achieved by reasoning about future perceptive
capability provides significant benefit in terms of execution relia-
bility and robustness to a range of desirable humanoid tasks in
the areas of navigation and manipulation.

119
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Figure 9.1: Thesis contributions. Breadth: A series of perception strate-
gies tailored to humanoid robots coupled with efficient plan-
ning methods enabling real-world task autonomy. Depth:
Investigating the framework of future perceptive capability
on humanoids to reason about perception during planning
for improved task execution and reliability.

Figure 9.2 visually places the work described in each chapter of
this thesis within the context of the sense-plan-execute cycle as
implemented on a humanoid robot.

9.2 outlook

Continued work in integrating perception and planning in the
context of humanoid robotics is surely to lead us closer to our
vision of capable humanoids able to fulfill meaningful tasks
autonomously in the same environments we inhabit. Several
avenues of future work related to this thesis come to mind.

GPU computation has been presented as an enabling technol-
ogy throughout this thesis, being exploited both for percep-
tion and motion planning purposes. The increasing viability
of GPUs as a general purpose computation platform and big
strides in improved ease-of-programming for GPUs mean that
new application areas throughout the perceive-plan-execute cy-
cle abound. Fast, physically accurate forward-simulation of the
environment, calculations performed during ZMP-based control,
high-resolution stereo disparity computations or novel paralleliz-
able or probabilistic motion planning algorithms are just a few
areas that might benefit significantly from GPU acceleration.

As touched upon in Section 7.8, the incorporation of percep-
tive capability into the planning stage presents many oppor-
tunities for further investigation. Extending the idea to other
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Figure 9.2: Placement of thesis work within the perceive-plan-execute
architecture. Red numbers in parentheses indicate chapters
providing detail.

kinds of sensors immediately comes to mind. For instance, it
is straightforward to envision simulating a laser range-finder
to compute perceptive capability (here, distance of objects to
the sensor, sweeping speed of the laser rig or even reflective
properties of the environment might be used to compute the
measure). More realistic, probabilistic sensor models incorpo-
rating noise and error components explicitly, the incorporation
of multiple sensors and novel application domains of planning
for future perceptive capability in robotics could all be areas of
continued focus. It would also be very desirable to be able to
discover viable sensor models and appropriate heuristic proxies
to the ‘true’ perceptive capability of the sensing system in a par-
ticular environment automatically through learning. Perhaps a
history of sensed environment configurations gathered during
past operation together with assessments of task success rates
or even explicitly logged perceptive capability (via recorded per-
ception error or failures) during past operation could be used
to build such sensor models automatically. These could then be
continuously improved during robot operation.

Recent advances in sensor development mean that an increasing
range of accurate sensors compact and power-efficient enough to
be mounted on a humanoid now exist. High resolution monoc-
ular cameras and stereo rigs, as well as novel laser scanners
all remain applicable to different perception scenarios (offer-
ing different tradeoffs between speed and accuracy) likely to
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be encountered by humanoid robots. Yet, work on employing
multiple such sensors and appropriately fusing their measure-
ments during operation on a walking humanoid, as touched
upon in Chapter 5, remains limited and constitutes a further
direction of research.

Reasoning about future world state during planning was shown
in Chapter 4 to allow for navigation among fast-moving, al-
beit planar obstacles. In this scenario, reactiveness of the entire
perceive-plan-execute cycle as well as tight temporal synchroniza-
tion are absolutely paramount. When using on-body perception
on a fast-moving humanoid, reasoning predictively in environ-
ments with full spatial geometry and many obstacles or planning
with many degrees of freedom—in manipulation scenarios, for
instance—these issues are further exacerbated, as touched upon
by our replanning experiments in Chapter 8. Further work in
accurately and automatically synchronizing perception data with
robot joint & force sensor data, predicted environment configura-
tions and planned motions must be done to tackle truly dynamic
real-world environments.
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