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Abstract

Robust and safe traversal of doors is an tmportant task
for autonomous mobile robots. This paper presents a ro-
bust and inexpensive approach for recognizing and localiz-
ing doors based on monocular grey-level images and min-
imalistic models. The traversal is achieved by servoing
the robot with respect to the door-hypothesis. Robustness
against pose errors, scene complezity, and sensing con-
ditions is obtained by combining indexing on significant
aggregated features with a multi-view approach that em-
ploys consistency over time: pose-hypotheses are filtered
via the motion of the robot to reject incorrect ones. The
traversal is implemented as a behavior and was evaluated
in 150 experiments at different doors under different con-
ditions.

Keywords: robot vision, object recognition, pose es-
timation, indexing, mobile robots, servoing, behavior-
based robotics

1 Introduction

Vision is a powerful modality for recognition of objects
and for estimation of object parameters such as pose
and size. In a robotics context a number of other sen-
sory modalities like ultra-sound and laser ranging are
also available. Most other sensory modalities are slower,
provide less information, or are only suitable for use in
the context of active sensing strategies. Vision on the
other hand provides a tremendous amount of informa-
tion, which also poses a problem. The imaging process
combined with the richness of the potential set of scenes
implies that it is often difficult to interpret images and ob-
tain robust estimates. One possible solution to this prob-
lem is to use model based information for filtering and
interpretation of data. Robot navigation in an in-door
environment is a typical example of a scenario where a
rich set of information is available. Through introduction
of model based information it is possible to transform the
stream of video data into a well posed estimation problem
through careful use of model based information.

Use of model based information is well known in com-

puter vision. Fennema et al. [8] determined the pose
of a platform with respect to the building by project-
ing CAD models into the image for matching against im-
age line-segments. A similar approach was reported by
Christensen et al. [4] for navigation in large scale struc-
tures. Use of complete CAD models of buildings requires
extensive and accurate modeling of complete structures,
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which is demanding and often challenging. In terms of
recognition and tracking of specific objects model based
matching has also been extensively used, as initially sug-
gested by Lowe [13], and later exploited as illustrated in
(10, 11, 16].

For operation in a general environment it may not be
possible to have explicit metric models for the objects
of interest. One example is detection and traversal of
doors. For such objects it is possible to provide a con-
strained model that limits search, yet it is difficult to
provide a full metric model. For doors it is possible to
specify an approximate height (i.e. height in range 2.0-
2.5m) and it is possible to specify a bound on the width
(i.e. 0.8-1.2m). Doors can be characterized as a rectan-
gular structure that is up-right. For detailed modeling
one can even include articulation in terms of the rotating
door-wing [9].

In this paper the problem of using a “simple” polyhe-
dral model of doors for detection and servoing through
doors is studied. The problem is divided into several
sub-processes: i) detection of potential door structures
through line based filtering, ii) verification of hypotheses,
and iii) active tracking of a structure over time to facil-
itate traversal of the door. Through careful analysis of
each step it is possible to provide a robust functionality
that accommodates navigation in a regular house in the
presence of varying illumination, occluding objects, and
varying parameters for the doors.

The main contribution of this paper is the demonstra-
tion of a simple solution to reliable door-traversal by
the integration of simple techniques with the consistency-
over-time constraint in a mobile robotic system. Initially
the overall system is outlined (Sec. 2), and the methods
for detection, verification and filtering are described in
detail (Sec. 3). Sec. 4 describes a series of experiments
that illustrate the robustness of the presented approach.
Finally, conclusions are presented in Sec. 5.

2 The System

2.1 The Robot System

For navigation in an in-door environment a num-
ber of techniques using ultra-sonic and laser-ranging
techniques are available {3, 5, 7, 12, 15].  These
techniques are well suited for navigation in “sim-
ple” structured environments. The methods allow
easy navigation in hallways and relative open spaces
in rooms. In this work the vision based naviga-
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tion is studied in the context of such a system [1].
The system consists of a No-
mad 200 robot equipped with 16
ultra-sonic sonars, a SICK laser
scanner and a binocular set of
cameras (Fig. 1). The system
uses a behavior based approach
to control [2]. In this approach
different control modules acquire
sensory information and gener-
ate control hypotheses in terms
of a histogram of desired move-
ment commands. The control
commands are then fused using
a simple voting approach [14].
2.2 The Task

Basic functionalities are available for general navigation
in open spaces. For detection and traversal of doorways
simple 2D sensing, as provided by sonar and laser-ranging
is, however, non-optimal. Vision enables robust detection
and tracking of complex structures such as doors. It is
here assumed that doors have a passage width of 80-90
cm and a height of 220cm. The robot has a diameter of
65cm. Thus, to ensure a safe passage through doorways,
the visual servoing must provide estimates with an error
of less than 6cm. Initial estimates of the position of the
robot might be up to 40cm off and the orientation might
be 15 degrees off (worst case condition). The task for the
visual door traversal (VDT) module is to detect the door-
way and to provide a continuous estimate of the door po-
sition that allows traversal. A problem in this context is
that the appearance of the doorway changes significantly
as the object is approached. The module must be able to
cope with multiple hypotheses and changing appearance
of the door. A doorway consists of the door post, and
indentation for the door etc., which implies that the geo-
metric structure of the doorway changes with scale. The
module must cope with these ambiguities.

2.3 The Conditions

The doors differ in their precise shape and appearance.
Closely posed objects, massive walls, persons, and the
door-wing itself cause unknown occlusions. The back-
ground and the foreground are densely structured and the
illumination condition varies strongly, due to windows.
The doors show only a weak contrast to the embedding
walls (Fig. 2,3,5).

The camera system and the pan-tilt head are not cal-
ibrated: Thus, errors in the external parameters, in the
internal parameters (e.g. the focal length (6mm), the
pixel-size, and the focal-point), and imperfections such
as the radial distortion are not compensated. The sys-
tem is designed to tolerate these errors online, allowing
for long-term operation with temporarily changing dete-
rioration of the sensor system.

Figure 1: The system.

Other behaviors run in parallel with the door traversal
and may pose differing or even conflicting requirements
on the robots/sensors pose and orientation. Therefore,
the VDT has no complete control and must cope with a
suboptimal path and sensor views.

2.4 The Approach

Recognition and localization of the door employ index-
ing: Extracted, parallel line segments are evaluated ac-
cording to an indexing-table. This table is built up on-
line for each sensor reading according to the 2D line seg-
ments which are predicted for the most current pose es-
timation. The pose of the object in the image and in
3D-coordinates is directly derived from the entries in the
tables, without the interim step of assigning extracted
features to predicted ones (see Sec. 3.4).

The approach must tolerate large pose-errors of the
robot. The employed recognition, tuned to simplic-
ity, achieves robustness against incorrectly derived pose-
hypotheses by filtering these via the motion of the robot:
i.e. consistency over time is imperative to the hypotheses.

Robustness of the overall system performance is also
achieved by allowing other, complementing behaviors,
such as obstacle avoidance or ultra-sonic-based door-
traversal, run in parallel with the door traverser behavior.

3 Vision-Based Door-Traversal
3.1 Overview

The door-traversal behavior (VDT) is implemented as
a simple state-machine with 5 states.

1. Initialization: The VDT takes control over the turret
and slows down the robot. The global pose estimate
is once requested from the localizer module and the
local coordinates from the platform. Since the global
pose estimate is permanently corrected by the local-
izer, all succeeding operations are based on the local
coordinates only: Subsequent updates of the pose es-
timates plus related motion correction by the VDT
could lead to collisions with the walls.

2. Initial search: The turret is controlled to direct the
camera to the initial door hypothesis, according to
the current pose estimate of the robot. The images
are grabbed and line segments are extracted. Next, a
synthetic view of the relevant door is predicted (Sec.
3.2) based on inexpensive wire frame models with
visibility ranges [6].

An indexing table is build up and used for match-
ing and direct pose estimation (see Sec. 3.3). The
indexing-keys are predicted/extracted parallel lines
in image coordinates, the indexing-values are the dis-
tances between these two lines. After each newly
integrated pose estimate (see Sec. 3.4), the cam-
era is controlled to focus the center of the object.
To cope with high pose errors even close to the
door, three separate initial searches for the door are
performed by the robot, with the camera directed
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straight, clockwise (cw) and counterclockwise (ccw).
The orientation offset (cw and ccw) increases for de-
creasing distance to the door. The pose estimations
from these three searches are fused afterwards.

3. Servo to traverse point: According to the perma-
nently updated pose estimate, the robot drives to a
point in front of the door that permits for a final
pose correction and a safe traversal. During that
drive, the VDT permanently directs the camera to
the door and uses vision to correct its pose estimates.

4. Final pose correction: At the traverse point, servo-
ing terminates and the robot performs a last estima-
tion of its pose and correction of its motion. Since
the position uncertainty of the robot is strongly re-
duced at this point, no cw and ccw scans are re-
quired. Furthermore, the pose of the robot aligned
to the door’s passage assures minimum occlusion of
the door-frame.

5. Blind door traversal: On the way through the door,
the robot can no longer perceive the features of the
door frame. It drives blindly. The motion of the
robot and the turret are controlled to avoid collisions
of the platform or the forklift with the walls.

The next subsections stress the different steps which are
employed by the actual behavior: Scene prediction (see
Sec. 3.2), matching, including filtering and indexing (see
Section 3.3), pose estimation (Sec. 3.4), fusion of hy-
potheses, enforcing consistency over time (see Sec. 3.5),
servoing (see Sec. 3.6), and the blind traversal (Sec. 3.7).
3.2 Scene Prediction

The prediction of the virtual sensor-view is based on
the perspective projection of a wire-frame model of the
door-frame and the latest pose estimate. The perceptive
field of the camera is modeled as a sensor-cone. It is
widened the closer the robot is to the object, to compen-
sate for the error of the pose estimates. Self occlusion is
taken into account by applying the visibility ranges [6] of
each single feature. Imprecisions of this very inexpensive
method, the prediction of partially occluded features in
their full length, can be neglected since the length is not
restrictively applied for matching.
3.3 Matching

Matching must combine a sufficient selectivity with a
high robustness against pose errors of the robot and in-
accuracies of the map.

Figure 2: Typical input at short-range

(left) and long-range (right) servoing.

Reduction of the complexity: For reducing possible
match-candidates, non-fitting extracted line segments are
rejected prior to the match. Since large initial errors in
the position and orientation of the robot with respect to
the door must be tolerated, rejection is based on the less
effected criteria described next.

o Orientation-based preselection: The orientation of
each extracted line segment is compared to the ori-
entation distribution of the predicted line segments,
stored in a table. If no equivalent entry exists, the
extracted line segment is rejected.

o Preselection according to region of interest: The dis-
placement of extracted line segments to the image
area, covered by the prediction is used for filtering.
Since pose errors of the robot have a strong impact
on this aspect, only line segments which are signifi-
cantly displaced are rejected.

e Length filtering: Extracted line segments, shorter
than a adaptive minimum are rejected.

Notation: The following abbreviations are used next.
In general, all values related to image coordinates are
presented with small letters, e.g. (x,y), while cap-
ital letters, e.g. (X,Y) refer to world-coordinates.
W/w determine the width in 3D/image-coordinates,
of: a key/hypothesis (indices key/hyp), or the ob-
ject/robot/sensor (Obj/R/S). The indices pred/eztr in-
dicate whether a predicted or extracted value is meant,
f, sp refer to the focal length, the pixel-size. F'P, is focal
point (in x).

Indexing: All predicted line segments are tested for
being close to parallel, overlapping, and for possessing
a minimum slope. In experiments, it turned out to
be sufficient to focus on ”non-horizontal” line segments,
originating in the door frame. Since the camera per-
ceives only a fraction of the door frame when close to
the door, this restriction on the vertical features of the
door frame allows a uniform approach for wide-range
and short-range localization without scanning vertically
(tilt). For each pair of these features, an entry in the
indexing cell is established. The cell in the indexing ta-
ble is determined according to the displacement of the

two features wfl°! in image coordinates (see Fig. 4).
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Figure-3: Visualization of the preselection. From left to right: input image, original prediction, extracted line segments,

orientation-filtered line segments, pose filtered line segments.

For each pair of line-
segments, the value of
the actual indexing-
key wﬁzzd is stored in
the indexing table to-
gether with their cen-

pred — and  their

xg-x by
Wi ter i,
distance to the center
of the predicted object

pred
..1 wis

pred _ _pred
(25h; —They )- Further-

Fi 4: : 1 he i ex-
18ure Values of the index more, the ratio of the

ing table for a pair of line seg-
ments (bold) derived from the pre-  entry’s width (U)ﬁ:;d) to
diction. the width of the pre-
dicted object (wg;]?’d) is stored. These stored properties allow
a rapid retrieval of an estimation of the width and center of
the object in image coordinates in the following. Thus, no
explicit reference on the predicted line-segments is required.

For each pair of extracted and filtered parallel and over-
lapping line segments the horizontal displacement of their
(wiZkr = 0.5%|(z0, + o, ) — (T1, + 21, )|) and the pose of their
center ziﬁty’" are calculated. For comparison with the line seg-
ment, stored in the indexing table, the estimated minimum
and maximum disparity of a corresponding line segment pair
are calculated according to Thr(wfc’;;d) = wiey £ Ay, with
Ay from equ. 4. c, reflects noisy line segmentation, €4,€par
are the tolerated error of the orientation and of the pose par-
allel to the door’s passage.

¢ = don —atan(| FZF) )
Dpar = V/(You; = Ys)? + (Yor; — Ys)? + cos(¢)  (2)
Doren = +/(Yous — Ys)2 + (You; — ¥5)? xsin(¢)  (3)
Bu = etuflpte(p2m 1 @
par par
sin(P + €4) sin(¢ —eg)
+max(| 51n(¢) - |al sm(d)) - 1|))

The cells of the indexing table are selected for inspection ac-
cording to cellmin/maz = (int) (ncetts (WEEL" Aw)/w'(’;;jd). To
improve the selectivity, all references stored in the indexed
cells are tested for being within these boundaries subsequently.
To suppress assignments between opposite sides of the door-
frames, the remaining references are rejected if the deviation

of their centers xﬁ;‘i — zf2y exceeds 80% of the predicted

width of the object wZ,:’.

Reliability of a match: The trustworthiness P of an
assignment of a pair of extracted line segments to a pair of

predicted line segments, stored in the indexing table, is cal-
culated according to the deviation of their distance and the
displacement of their center, both in image coordinates. ¢,
¢z, (0 < ¢; < 1.0) reflect the significance of the two deviations.

extr pred extr * _ pred
—w T -
P:(I.O—cl*—————l key key l)*(l—cz*———l key dke”l);
Aw wpre(
Obj

Estimated accuracy of the 2D pose cues: An es-
timate of the accuracy A of the derived center and width
of the object in image coordinates is shown in equ. 6 cs,
(0 < c3s < 1.0) reflect the significance of the deviation of the
reconstructed width in image coordinates from the predicted

one. pred extr pred
w, —w
A= T (10 g e M~ Wiy ] )
prec Aw
Objy

3.4 Pose Estimation

Instead of calculating the 3D-pose of the robot with respect
to the door for each matching pair of predicted/extracted
line segments, the pose zn,, and size wp,, of the object-
hypotheses in image coordinates are fused for all consistent
hypotheses prior to the 3D pose estimation. For robust pose-
estimation, we sacrify a precise determination of the robots
orientation ¢: We freeze the initial orientation estimate of the
localizer. Thus, orientation errors of the robot lead to a rota-
tion of the pose estimate of the robot around the center of the
door and an imprecise depth estimation. However, this error
does not impair directing the camera and does only weakly
affect/falsify the orientation in which the robot drives. What
we obtain is:

1. a fusion of the pose estimates in 2D (X,Y);
2. simplified equations; . . . L.
3. a higher robustness: Since the orientation estimation is

directly influencing the estimated 3D distance from the
robot to the door, small orientation variations of different
pose hypotheses would lead to significantly varying 3D.
poses. This makes fusion more difficult. For a "frozen”
orientation, all estimates that originate in a correct as-
signment are similarly (precisely or imprecisely) located.
It must be noted that a robust orientation estimation is
rather unlikely since (a) the used model is imprecise for
the non uniform doors, (b) the sensor is not calibrated,
and (c) the matching is restricted to the vertical features
on the door-frame.

Pose in image coordinates: The center and width of a
hypothesis are calculated for each pair of predicted/extracted
line segments according to equ.7 and 8.

extr

Wie.

_ Y pred

Whyp = ~prea * Wobj ("N
key
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extr

w,
_ extr key pred pred
Thyp = They + —preq * (TOb; — They ) (8)
key

Hypotheses with similar estimated center zn,, and width
wryp are merged according to a weighted average into the

pose Tyfin and width w(s;,). Fused estimations are rejected
if their reliability P(fin) is below a certain threshold (with
P(fin) = Y7 P(i) for n fused hypotheses). Next, fused
hypotheses are rejected if their absolute probability P(fin),
or relative probability P(fin)/maz(P(fin)) is below a certain
threshold. maz(P(fin)) is the maximum probability of all
hypotheses after fusion.

Pose in world coordinates: From the fused hypotheses
concerning the object-pose in image coordinates, the 3D pose
of the sensor with respect to the door is calculated according
to the equ. 9 to 10. Dpar and D,rin are the distance parallel
and orthogonal to the door’s passage. ¢s is static.

Dyar = Wos; * (cos(pon; — ¢s) * f/(wgin *sp)  (9)
Dorth = —Dpar * ((T5in — FPy) * sp/f) (10)

The pose of the robot (Xr,Yr) is obtained by subsequent
transformations into the world-coordinate system. It must
be noted, that this approach is optimal if mainly one aspect
of the object is seen, or (rather) flat objects, such as doors
and windows are perceived. Otherwise, the fusion in image
coordinates and the subsequent 3D pose calculation should
be done separately for different aspects (planes) of the object
or for each assignment.

3.5 Fusion and Rejection

All priorly obtained pose estimations are shifted according to
the last local motion of the robot, obtained by dead-reckoning.
The newly derived pose estimates are fused with old ones ac-
cording to their weighted average. The usage of old hypothe-
ses dampens the influence of outliers in the pose estimates.

All hypotheses are exposed to a probability-reducing process,
which lowers the influence of older measurements, that become
more imprecise in the presence of rotational errors. By reduc-
ing the probability of non-fused hypotheses stronger than for
fused ones, the consistency over time constraint (COT) is en-
forced.

COT is a very powerful instrument for rejecting incorrect
hypotheses caused by false assignments of neighboring struc-
tures, such as shelfs (see Fig. 2), or background structures,
which show similar vertical image line segments, but differ in
their 3D geometry stronger than the individual doors differ
from each other. When the robot is moving, hypotheses, re-
sulting from these structures do not evolve at a stable pose.
In combination with the usage of aggregated features (here:
parallel line segments) for matching, COT enforces robustness
and recovery from initial incorrect pose estimates.

3.6 Servoing

The camera is permanently directed to the most current es-
timated center of the door with respect to the estimated pose
of the robot. The wheels are directed to the next goal point
in front of the door, or behind the door. The speed of the
platform is controlled according to the current state of the
traversal and the distance from the robot to the next goal
point.

3.7 Final (Blind) Door Traversal

The final drive of the robot must be performed with the
turret facing the rear point, behind the door. No rotation is
allowed to prevent damages of the forklift of the robot. The
actual traversal of the door is therefore performed without the
vision system, based on dead-reckoning only. A collision-free
door traversal is assured if the VDT is applied in combination
with us-based avoidance/traversal behaviors (see Sec. 4).

4 Results

The VDT has been evaluated in 150 experiments at different
doors, varying day-time and illumination conditions. Starting
points varied for long range and short range traversal, between
1.3m and 4.5m distance to the door. The robustness of the
VDT was evaluated with initial pose estimations artificially
deteriorated up to 15° and 25% of the distance to the door,
exceeding the error of the localizer module by 300% to 1000%.

In addition to common occlusions of the door by the embed-
ding wall, or objects standing between the robot and the door
(Fig. 5), the door was hidden temporarily by persons walking
through or by in 30 experiments. The door was partially (one
frame-side), but permanently artificially occluded in further
20 experiments. The strong correction at Fig. 5, middie col-
umn, was caused by the domination of the new hypotheses
(with non-occluded door) over the older ones, which has been
established with the left door-frame occluded.

Success rate: The VDT failed to execute a safe passage
in only one experiment (0.667%), leading to a contact with
the bumper of 5mm. In five experiments, the calculated path
was closer to the door-frame than an ad-hoc defined safety
distance of 6cm (in worst case 3cm).

In 85% of the test-drives, the robot did traverse the doors
with a deviation from the center smaller than 5cm. It must
be noted, that during the final drive of approximately 1.3m,
including corrections of the robots path to compensate for
deviations, pose estimations are performed by dead-reckoning
only, without vision based pose correction or updates from the
global localizer.

Integrated Door-Traversal: The behavior was

tested in 30 experiments in combination with a sonar-based
door-traverser. The speed and direction-commands where
fused by the vehicle controller. Distant to the door, the fused
behavior was basically identically to the behavior without US-
based door-traverser, besides the capability of avoiding per-
sons and objects blocking the doorway. The fused behavior
close to the door was stronger influenced by the US-based
door traverser, thereby keeping the robot closer to the center
of the free passage, which is not necessarily the center of the
door: The door wing shrinks the passable way, if not com-
pletely open, as well as objects and persons in or close to the
passage.

Processing Time: The VDT, including line segmenta-
tion, runs at 5Hz on the on-board Pentium III-450MHz. The
frequency increases if the pose hypothesis becomes reliable
such that the processed image-region shrinks. To reduce pro-
cessing time, the slow line-extraction shall be replaced by a
rapid one. The VDT is called with 2Hz by the controller.
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Figure 5: Traversal of the door in the living-room from different starting points (left drive: starting right, middle and right
drive: starting left). Top row: Initial scene. Lower row: Plot of the robot’s X-Y position (squares) with VDT. Diamonds:
Equivalent pose estimations based on the initial estimation and dead-reckoning. The initial pose estimate was artificially
deteriorated for these experiments. The path of the robot was less than 3cm from the center of the passage. The traversal
without the pose correction of the video-based door-traverser would have led to collisions with the wall for all cases.

Therefore, more than 600 ms remain per system-cycle (1Hz)
for the processing the sonar-based door-traverser, the local-
izer, and the controller.

5 Conclusion

In this paper we have presented a highly robust vision-based
door-traverser behavior (VDT) inexpensive in implementation
and computational costs. The recognition and localization of
the door is performed via indexing on parallel line segments,
without explicit pose estimation per assignment. The ap-
proach has been evaluated in 150 experiments and has proven
its robustness, separately and in combination with other be-
haviors.

Robustness is achieved by requiring consistency of pose es-
timates over time and motion of the robot: incorrect assign-
ments (outliers) are compensated. Recognition and localiza-
tion as a vision problem is therefore facilitated. The integra-
tion into the behavior-based ISR-control system allows for fast
application and robust performance.
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