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Abstract

This article deals with specific aspects concerning the vi-
sual perception process of a humanoid walking machine.
An active vision system provides the information about
the environment necessary for autonomous goal-oriented
locomotion. Due to errors in each stage of the perception
process, ideal environment reconstruction is not possible.
By modeling these errors, stochastic components can be
compensated using a hybrid Extended Kalman Filter ap-
proach with an alternating reference frame, thus reflect-
ing the discontinuous character of biped walking. The
perception results improved by filtering can be used for
the autonomous locomotion of the robot. Experiments
with the walking machine BARt-UH1 demonstrate the
validity of our approach.

1 Introduction

Robots are becoming more and more common in every-
day life and as part of human society. Among the great
variety of robots, biped humanoids are most likely to be
employed for carrying out jobs typically performed by
humans. Therefore, human abilities and even behaviors
are favored for this kind of robots. Although human sen-
sory capabilities are too multifaceted to be imitated by
humanoids, they can be used as inspiring examples in or-
der to equip the robot with the appropriate perception
mechanisms for successful fulfillment of a given task.

This article discusses some of the perception problems
when using a vision system on-board a walking machine.
The objective of our research, as explained in [1], is the
development of a vision-guided humanoid robot with the
capability to walk safely in an environment with obsta-
cles, as indicated in Fig. 1. For this task, a sufficient
perception of the surroundings and a reliable location es-
timation of the objects in the walking path is required.
The walking machine must recognize and localize relevant
objects to perform planning of appropriate step sequences
and to react to unexpected situations.

1Bipedal Autonomous Robot – Universität Hannover. Fur-

ther information concerning BARt-UH can be found at

http://www.biped.irt.uni-hannover.de.
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Figure 1: Prototypical scenario for biped locomotion.

After the problem definition in Section 2 and a brief intro-
duction of the specifics of artificial visual perception for
biped locomotion, a formulation of the perception process
and related errors are described in Section 3. Section 4
presents a novel approach to a Kalman Filter Formula-
tion with hybrid characteristics and its application to a
walking machine. Results of experiments are outlined in
Section 5, demonstrating the validity of the proposed new
filtering approach.

2 Problem Definition

For purposes of recognizing and locating obstacles in its
environment, the walking machine considered is equipped
with an active stereo-camera pair. Visual information is
analyzed by a real-time image processing system. Errors
arise in each phase of the perception process, leading to
erroneous obstacle location estimates. In addition, walk-
ing machine movements perturb image acquisition, caus-
ing even larger estimation errors. The active camera head
of the walking machine is equipped with a view direction
stabilization capability, which can partly compensate the
movements of the walking machine. Therefore, some of
the errors caused by blurred images can be reduced. How-
ever, certain errors remain, thus requiring the application
of estimation and filtering techniques.

Perception process errors imply uncertainties in the mea-
surements, which increase together with the uncertainties
in the movements of the walking machine. These un-
certainties are reduced every time the walking machine
“sees” the objects. As the field of view of a vision sen-
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sors is limited, not all objects will be seen simultaneously.
Therefore, gaze control is needed, directing the gaze to
objects of interest. This topic is a part of our research
and is treated in another article [2].

In order to improve the object location estimates, the
perception errors have to be modeled. Based on such a
model, an appropriate Kalman Filter is developed and
designed. The filter makes use of redundancy provided
by the information contained in the image stream, thus
increasing estimation accuracy.

3 Visual Perception Process

The specific characteristics of biped locomotion allow ob-
stacle avoidance strategies, which are not feasible with
wheel based mobile robots, such as striding over barri-
ers or climbing up stairs. However, the particular sta-
bility problems of biped walking imply that these obsta-
cle avoidance strategies require rather precise information
about the object not only with respect to the sensor, the
stereo-camera head in our case, but also with respect to
the feet of the robot. This is the reason why the per-
ception process must be analyzed carefully, taking into
consideration not only various sources of errors during vi-
sual reconstruction, but also the transformation of these
results into one of the two foot coordinate frames.

3.1 Nominal Reconstruction and Frames

Projection Model From 3D to 2D: The per-
ception process in a pair of stereo-cameras used here can
be explained with the pinhole camera model by the map-
ping of a 3D point F x = [x y z 1]T into a 2D point
m = [u v]T . The 3D point coordinates are referred to a
foot frame SF , which is located in the stand foot of the
walking machine, as shown in Fig. 2. Obviously, there
exist two alternative foot frames: left SFL

and right SFR
.

During double support, the last foot which contacted the
ground is selected. Although SF is changing in every
step, we will suppress subindeces for simplicity in the fol-
lowing. m denotes the undistorted image point and is
referred to the camera image frame SIL

and SIR
of each

camera.

The mapping from 3D to 2D can be represented by two
transformations: one from the foot frame SF to the cam-
era reference frame SC of the stereo-rig, which applies for
both cameras, cf. Fig. 2,

Cx = CT F F x , (1)

and another transformation from the camera reference
frame SC to each camera image frame SIL,R

. Following
the Tsai-Model [3], this mapping can be accomplished by
the perspective perception matrices P L and P R,

s [mL
T 1]T = P L Cx , (2)

s [mR
T 1]T = P R Cx , (3)
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Figure 2: The walking machine BARt-UH with the head ref-
erence frame SC and the (right) foot frame SFR

.

where s is an arbitrary scalar, mL,R are the undistorted
image point coordinates for the left and right camera and

Cx is the point coordinate referred to the camera frame
SC . For simplicity, quantization and distortion are ne-
glected in this section.

The perception matrix P L can be written as follows,

P L=





−f r11 −f r12 −f r13 −f tx
−f r21 −f r22 −f r23 −f ty
r31 r32 r33 tz



=





qT
L,1 qL,14

qT
L,2 qL,24

qT
L,3 qL,34



 ,

where f is the focal distance, ti and rij are the compo-
nents of the translation and rotation matrix from each
camera frame SI to the camera reference frame SC us-
ing the roll, pitch, and yaw notation. There exists an
analogous matrix P R.

Reconstruction From 2D to 3D: For purposes
of obstacle avoidance, the 3D point coordinate, causing
the two 2D camera coordinates, is the point of interest.
Objects are projected to the two camera image frames
SIL,R

and the inverse transformation has to be performed
to obtain the 3D coordinates of the objects referred to the
camera frame.

Let us assume that the image coordinates mL,R =
[uL,R vL,R]

T are known for both cameras and the stereo
correspondence problem is already solved. To find the
corresponding 3D point coordinates, Cx has to fulfill (2)
and (3) for both mL,R. From the two views, we obtain
a total of four linear equations in the coordinates of Cx,
which can be written and solved in various ways [4, 5].
We solve

F Cx∗ = b , (4)

for Cx∗, Cx =
[

Cx∗T 1
]T

, with
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F =









uLqT
L,3−qT

L,1

vLqT
L,3−qT

L,2

uRqT
R,3−qT

R,1

vRqT
R,3−qT

R,2









, b =









qL,14−uLqL,34

qL,24−vLqL,34

qR,14−uRqR,34

qR,24−vRqR,34









. (5)

The matrix F and vector b are uncertain, due to errors
in the measurements of u and v. The real values F and
b are considered as the estimated values F̂ and b̂ with
perturbations ∆F and ∆b, F = F̂ + ∆F and b = b̂ +
∆b. For a first estimation of Cx̂

∗ the perturbations are
neglected. The solution can then be found as the least
squares solution of F̂ given by

C x̂∗ = (F̂
T
F̂ )−1F̂

T
b̂ . (6)

With the first solution of Cx̂∗ from (6), an error vector e

can now be defined as

e = F Cx̂∗
− b ≈ ∆F C x̂∗

−∆b = g(mL,mR) . (7)

The errors ∆uL, ∆vL in the u- and v-direction are as-
sumed to be uncorrelated. The individual variances are
assumed to be known. With the Jacobian of g(mL,mR),
e can be approximated as

e ≈ Juv [∆uL ∆vL ∆uR ∆vR]
T
, (8)

with

Juv =

(

JL,uv 0

0 JR,uv

)

and

JL,uv =

(

qT
L,3C x̂∗

− qL,34 0

0 qT
L,3C x̂

∗
− qL,34

)

.

Similar results are obtained for JR,uv.

With the Jacobian matrix Juv and the error covariance
matrix Euv = diag

(

σ2
uL
, σ2

vL
, σ2

uR
, σ2

vR

)

in the camera im-
age frame, the influence of the pixel uncertainties on each
linear equation from (4) can be computed with the weight
matrix E = JuvEuvJT

uv. A weighted least squares solu-
tion for the estimation of C x̂∗ with the inverse of E is
then given by

Cx̂∗ = (F̂
T
E−1F̂ )−1F̂

T
E−1b̂ . (9)

Equation (9) can be solved for increased accuracy after
a first solution of C x̂∗ solved with Equation (6), respec-
tively (9) with E = 1, the identity matrix. Equation (9)
can be solved again with the new C x̂∗. This iteratively
reweighted least squares method terminates when the ab-
solute difference between each component of two consec-
utive values of C x̂∗ is smaller than a prespecified positive
threshold ε. It is obvious that the method can easily be
extended for three and more cameras.

With the known matrix CT F the point C x̂ can be trans-
formed to F x̂. Comparative simulations with and with-
out the explained error weighting have shown an improve-
ment of the reconstruction results with good convergence,
most notably when the object features are within the bor-
ders of the image. For reasonable values of ε, typically
three iterations are required.

3.2 Sources of Errors in the Perception Process

Fig. 3 shows the transformation relationships of the coor-
dinate frames used, in order to facilitate the localization
of the error sources.
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Figure 3: Main reference frames and transformations.

As explained in the previous section, the perception pro-
cess is mathematically modeled with a transformation of
the point coordinates from the foot, SF , to the camera
frame, SC , using the matrix CT F , and the perception
matrices P L and P R, which relates the 3D point coordi-
nates to the 2D image point coordinates given in camera
image frame SI . The inverse transformation describes the
location estimation problem.

The mathematical formulation of the reconstruction pro-
cess, explained in Section 3.1, is not exact and depends on
many factors. Among others, the perception matrix co-
efficients are only estimated by calibration and the lens
distortion and discretization errors normally cannot be
neglected.

In the following, the main causes of errors are resumed:

• discretization errors during data acquisition,

• errors due to the effects of motion in half frames,

• varying lighting conditions,

• calibration errors in the perception matrices P L and
P R used,

• errors in CT F due to many subsequent transforma-
tions from SC to SF which are sensitive to the struc-
tural integrity and angle-uncertainties in the robot’s
kinematic chain,

• optimization criteria used in the reconstruction pro-
cess.
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4 Filtering

4.1 Preliminaries

The sources explained in Section 3.2 cause remaining er-
rors in the spatial reconstruction of an object relative to
the camera frame and foot frame respectively.

In this section, the use of an Extended Kalman Filter
(EKF) to reduce the location estimation is explained.
The EKF formulation is given in the context of walk-
ing machines. The filter is adapted to reflect the hybrid
characteristics of biped walking due to alternating foot
reference frames.

4.2 Extended Kalman Filter

The Kalman Filter is a tool for state estimation of linear
systems based on a sequence of measurements. With the
nonlinear transformations of the estimated matrix CT F

the system and measurement equations are written as
follows

xk+1 = f (xk, uk+1, wk) (10)

zk+1 = h (xk+1, vk+1) . (11)

The random variables wk and vk represent the process
and measurement noise respectively – they are assumed
to be white and zero mean with diagonal non-zero covari-
ance matrices Qk and Rk .

Prediction: The basic idea of the EKF is to lin-
earize the state transition function f and the measure-
ment function h around the estimated state vector. The
problem can then be defined by the following nonlinear
stochastic difference equations

x̂k+1|k = f (x̂k|k, uk+1, 0) (12)

ẑk+1|k = h (x̂k+1|k, 0) (13)

Ck+1|k = AkCk|kAT
k + W kQkW T

k , (14)

where

Ak =
∂f

∂xk

and W k =
∂f

∂wk

,

and C denotes the covariance matrix representing the
uncertainty of x.

Update: The next step is to correct the estimated
values found by the prediction equations (12)-(14) with
the new measurement zk+1. These update equations can
be expressed as follows

x̂k+1|k+1 = x̂k+1|k + Kk+1 (zk+1 − ẑk+1|k) , (15)

Ck+1|k+1 = Ck+1|k −Kk+1Sk+1K
T
k+1 , (16)

where the Kalman gain K is defined as

Kk+1 = Ck+1|kHT
k+1S

−1

k+1
, where (17)

Sk+1 = Hk+1Ck+1|kHT
k+1 + V k+1Rk+1V

T
k+1 ,

Hk+1 =
∂h

∂xk+1

and V k+1 =
∂h

∂vk+1

.

The influences of nonlinear characteristics, arising from
errors in the orientation of the robot, have been consid-
ered. However, the analysis of this nonlinearity is not
within the focus of this article.

Hybrid Extended Kalman Filter: The appli-
cation of an EKF to the measurements made by a mo-
bile wheeled robot has already been studied extensively,
see e.g. [6]. However, in case of a walking machine the
movements are not continuous and require an adaptation
of the filtering method. This adaptation leads us to a
new filtering formulation reflecting this discontinuity, by
choosing an alternating reference frame SF in the feet in
which the measurements are filtered.

On the one hand, the movements of the walking machine
cause the relative coordinates of a sample point fixed on
the floor to change continuously in the camera reference
frame SC . On the other hand, the object reconstruc-
tion process calculates the 3D point coordinate referred
to SC . Subsequently, it translates the object coordinates
to frame SF . The latter transformation is uncertain due
to several unmodeled effects, e.g. backlash in the joints,
torsion in the limbs, compliance of the floor etc. These
uncertainties cause an error which has to be taken into
account.

In the context of walking machines, we use the EKF in
a new way. Filtering for the position estimation process
is much simpler, if the foot frame SF is used, since a
fixed 3D point in the environment does not change its
coordinates during one step relative to the foot frame of
the fixed standing foot. Therefore, the information of a
series of measurements can be combined in a fixed coor-
dinate frame in order to achieve higher accuracy in the
location estimation of the objects. This means, previous
measurements can be easily used to predict the actual
measurement and to reduce uncertainty.

When SF is fixed, the function f in (12) can be repre-
sented as follows

x̂k+1|k = x̂k|k (1− γk) + fs (x̂k|k,0) γk , (18)

where γk is a binary variable representing the current
control vector: γk = 0 means no change in the coordi-
nate frame SF , γk = 1 indicates change in the coordinate
frame. Consequently, the function fs is defined as the
transformation of the state vector x when a step takes
place. The predicted uncertainty matrix of the state vec-
tor also has two different formulations depending on the
value of γk, i.e.

Ck+1|k =Ck|k, if γk = 0, (19)

Ck+1|k =
∂fs

∂x̂k

Ck|k
∂fs

∂x̂k

T

+W kQkW T
k , if γk = 1, (20)
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where the process noise Qk represents the dead reckon-
ing error accumulated during a single step. The major
advantage of the novel filter formulation is, that Qk is in-
cluded at once, when the current step terminates and the
foot frame SF changes. The noise considered in the mea-
surements, Rk+1, comprises sub-matrices Ri

k+1 of the un-
certainty in the 3D measurement of each object i. This
matrix cannot be considered as a constant as it depends
on the object position. Hence, it has to be recalculated
at every time step.

5 Experiments

5.1 Experimental Set-up

The sample experimental set-up consists of the vision-
based guidance system [1] with the pan-tilt stereo-camera
head mounted on the biped robot BARt-UH [7], see
Fig. 4.

In the experiment described here, we consider the con-
stant three footprints on the walking trail to be stepped
on by the robot, cf. Fig. 4. During the locomotion, blob-
tracking algorithms to compute the footprint locations
are started once every step. When the head is moving,
a new view direction is to be set. Therefore, the track-
ing algorithms are stopped and reinitialized in the next
step. This task is accomplished by an underlying pre-
dictive gaze controller based on the maximization of the
visual information [8]. First, the correspondence prob-
lem is solved, the footprint locations are estimated, as
explained in Section 3.1, and then transformed into the
foot frame of the current standing foot SFL,R

. This is the
input to the filter.
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Figure 4: BARt-UH with stereo-camera head walking along
a trail with three footprints.

5.2 Experimental Results

In Fig. 5 the evolution of the xF -position of the foot-
prints is shown. The positions are given relative to the
currently standing foot during locomotion of BARt-UH.
The vertical lines denote a step-change, i.e. changes in
SF , where the state vector is updated with (18). Each
measurement of the vision system is plotted as (×). The
output of the filter is illustrated by the three stair-like
dashed lines, reflecting the hybrid nature of the walking
process. Note, that the distance between the first two
footprints is 7 cm as opposed to 34 cm between the last
two. It can also be observed, that the footprints do not
always remain within the field of view – depending on the
operation of the view direction controller– and therefore
cannot be tracked continuously.
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Figure 5: Evolution of the xF –position of the footprints
relative to the alternating foot frames SFL,R

.

Fig. 6 presents a detailed view of Fig. 5 around t = 28 s.
The filter results are shown as a dashed line, changing to
a solid line when the footprints are being tracked. The
90% confidence margin of the filter result is indicated by
dash-dotted lines.

The evolution of the square root of the eigenvalue in x-
direction σx, representing the position error variance for
each footprint, is plotted in Fig. 7.

When a footprint is in view, the object location estima-
tion can be performed and the standard deviation is de-
creasing rapidly. This case is indicated in Fig. 7 with a
solid line, else with a dash-dotted line, thus corresponding
with the plotted crosses (×) in Fig. 5. It is noteworthy,
that the standard deviation of the footprint locations also
decreases even for those which are currently not in view,
due to consideration of the coupling in the covariance
matrix of the filter.

With the presented filter results, the information was
enough for the robot BARt-UH to step on the footprints
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Figure 6: Evolution of the xF –position of the footprints in
detail.
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Figure 7: Evolution of the σ-value in x-direction of the ob-
ject given in the foot frame.

within a margin of about 2 cm providing an active walk-
ing behavior. This and other results are to be considered
a major step forward towards autonomous, goal-oriented
walking.

6 Conclusions

For the purpose of decreasing location uncertainty in
vision-guided biped locomotion, the visual perception
process has been studied in detail. By analyzing the var-
ious sources of errors, a corresponding error model was
derived. Based on the error model, an algorithm for ob-
ject location estimation using an iteratively reweighting
least squares method was developed. Remaining stochas-
tic error components are reduced by means of a modified
Extended Kalman Filter. The filter takes into account
the hybrid character of robot walking, which is reflected

in an alternating reference frame for object representa-
tion in the feet. This novel type of filter is rather general
and can be applied to different kinds of walking machines.
Experiments with a real walking machine equipped with
a stereo-vision perception system showed the validity of
our approach.
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