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This paper describes a vision system for obstacle detec- AR Lo
tion in mobile robot navigation. The system uses an image ] I . .
processing board equipped with an MPEG motion estima- —— . ~ -
tion processor that calculates a robust optic-flow-liketeec // /’ ; ’ \ . \ \
field in real-time. This field is then evaluated by algorithms P N

running in software on the host PC. As the solutions to the
general problem of structure and motion from optic flow . i ]
are too instable for the use in this application, the typical Figure 1. Coordinate system and optic flow
constraints of mobile robotics are exploited, i.e. a redlice

set of motion parameters and a known ground plane. Ego-
motion can then be reconstructed with robust one dimen-
sional methods. A new criterion for obstacles that copes
well with the noise properties of the motion field is intro-

camerais normalized to 1 (a mathematical convenience that
does not restrict generality), the optic flow can be expisse
by the following well known equation:

duced. For vectors belonging to obstacles the 3D informa- Az Lo =T | R
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tion is reconstructed allowing not only qualitative detent N

of obstacles but quantitative path planning. B L IR @)
Ty T

Before reconstructing the 3D parameters, this 2D vector
field has to be estimated from the variation of brightness
patterns in an image sequenke The classical solutions
to this problem include the evaluation of spatio-temporal

The work presented in this paper is part of a researchderivatives, the tracking of single feature points and thre c
project toward the development of autonomous, vision relation of small patches. The real-time optic flow calcu-
guided, mobile robots. Such robots must robustly sensejation technique presented in section 2 is inspired by the
and avoid obstacles while driving through unknown envi- similarity of those correlation techniques to the bloclsevi
ronments. One possible approach that is not impaired by,MPEG-1/2 motion compensation.
but even eXpIOitS the movement of the camera is to use Many papers inthe Optic flow literature address the prob_
the optic flow 3D motion of the camera is projected onto  |em of the reconstruction of motion and depth parameters by
this 2D VelOCity field (Or displacement field in the case of So|\/ing Eqn (1) for a set of vectors, some even perform seg-
isochronous sampling using standard video cameras) on thenentation of independently moving objects [1, 9, 10, 16].
image plandz, y) (see Fig. 1). Unfortunately, those complete solutions are computation-

If the displacement vectors are regarded to be equivalenty|ly expensive and numerically instable. Graphicallysthi
to the velocity vectors (an acceptable assumption forseali instability results from the similarity of optic flow fields
tic frame rates and velocities [1]) and the focal length ef th  generated by rotation and lateral translation [15]. The dif
Published in:Proc. 15th Int. Conf. on Pattern Recognition61-166,  ference between those two field contributionsiis often lyardl
Barcelona, E, Sept. 2000 the magnitude of noise.

1. Introduction




Common approaches used by robotic researchers [3, 4, Slack of structure, many vectors point to completely diffare
12] include the assumption of constraints to the motion pa- directions. Unfortunately, this effect dominates in most i
rameters, for example to mere translation. Also qualigativ door environments. Further evaluation of such a flow field
detection without 3D reconstruction is proposed, avoiding is virtually impossible.
the need of exact knowledge of the ego-motion.

The method for obstacle detection presented in section 3
exploits the constraints of the mobile robot applicatiom to
but works in presence of rotation, estimates the ego-mption
and recovers the 3D information of objects. It uses robust
methods to cope with quantization noise and faulty vectors
which are occasionally produced during the optic flow cal-
culation.

Section 4 explains some important implementation de-
tails and section 5 shows the results of the obstacle detecti
and exemplary navigation.

2. Real-time optic flow sensor

According to the MPEG-1/2 standards, reduction of the
temporal redundancy in an image sequehfcis achieved
by replacing pixel information by reference vectors to othe
images. For real-time encoding, specialized processors, s
calledMEPs (Motion Estimation Processorbave been de-
veloped, which calculate these reference vectors by block-
matching. A reference blociRB, 16 x 16 pel) from image
I, is compared with a search windo®\(/ 32 x 32 pel) in
the imagel;,,. For all possible offsetg, v € {-8...7},
a correlation-like value calle®AD (Sum of Absolute Dif-
ference} is calculated; the minimum designates the best
match, and its position defines the reference vector:

SAD(u,v) = X _ o7 ISW(p+ 1,0+ K) — RB(1, )| To soIv_e this problem, we augmente_c_i the MEF_’ with
SAD(Atper, Ayper) = min,, e (_s...1y SAD(,v) @) external circuitry that calculat_es an addltlona_l conflc_ienc

value for each vector. In the simplest case, this confidence

If consecutive images are compared (k. — rb = 1), the value can be tested against a fixed threshold to sift out the

resulting set of vectors faulty flow vectors Fig. 2b.
Az

F=A{f;:f= {Ay] ,vie{l...n}}
can be regarded as optic flow.

The idea to use one of those extremely optimized MEPs
for the generation of optic flow is not new. In particular
Inoue et al. describe the integration of a MEP into their im-
age processing transputer network [8]. Resulting fronrthei

work, a commercial version is available, and meanwhile is Dmms/sw
. . . Positions
used in various research projects [2, 7]. Grossbar, dataflow control, DMA

confidence calculation

A problem that several researchers report is that the optic
flow generated by such a correlation processor can become &J
very noisy. This happens when the image structure inside
the RBs or SWs is ambiguous or completely missing. Then
the detection of a significant minimum according to Eqn. (2) Figure 3. System structure
fails and faulty vectors are calculated. Fig.?2a illustsate
the problem. The flow was generated by a linear forward  Our prototype system consists of an ISA image process-

movement of the camera, so all vectors should intersect ining board containing the MEP, and a LINUX host PC (see
a single point, th&OE (Focus Of Expansion Due to local Fig. 3). A ring-buffer of three frame memories allows the

Figure 2. Optic flow, generated by a MEP:
a) complete, b) sifted.
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comparison of two images and simultaneous acquisition of
the next image into the third memory. Depending on the ¢

o . oo & <&i1,je{l...n—1}
utilization of the MEP internal pipeline, up to 525 vectors 7=

5 = iz &)

can be calculated per frame (PAL, 25Hz). To achieve the P oo 5

highest possible flexibility, the coordinatesRBs andSWs T jeftn—12}

can be randomly set by the software running on the PC for 1

each single matching operation. This feature is exploited shorth(§j) - = 5(&m +E&myig)) ©)

by the implementation described in section 4. For a more @ = shorth(w;) (7
detailed description of the hardware see [13]. A foreground/background separation technique that can

be used to get an estimate foeven in the presence of large
3. Reconstruction of motion parameters and  moving objects (larger than 50% of the field) has already
depth been published in [14].
The second solution to Eqgn. (3%,, still depends on the
The approach pursued in this work is to simplify the depth of the corresponding 3D point and thus has an individ-
roblem by allowing onlv two dearees of freedom for the ual value for each vector (it is the reciprocal value of the so
P y g only g calledTime To Collision, TTE To get also an estimate for

camera m_o'qon. In this case Eqn. (1). can b_e solved fo_r eacr}he translatior?’, additional assumptions have to be made.
vector individually, and robust one dimensional techngjue In the case of a camera mounted on a mobile robot. beside

can be used for the determination of the ego-motion. This . :
s T L oS the pitch angle also the heightof the camera above the
simplification is possible in several applications, for mxa . o
ground plane is known. If the robot moves on an infinite

ple fixed pan-tilt suryelllance cameras. When the camera 'Sground plane without any obstacles, tAecoordinate can
mounted on a mobile robot with non-holonomic kinemat- - . )
be calculated for each point in the image plane:

ics the motion can also be decomposed into a transldtion

along the trajectory of the vehicle and a rotatioraround 7= 5 (8
the vertical axis. To keep the formulas simple, it is also ) oy +
assumed that the camera is mounted withzitsxis hori- Of course this postulate cannot be made for a system

zontally and they-z-plane in parallel to the heading of the Which is intended to detect obstacles. But as a vehicle al-
vehicle. Describing the pitch-angfeof the camera by the ~ Ways has a minimum braking distance, it is reasonable to

two trigonometric shorthands = cos(p) andB = sin(p) assume the absence of obstacles in the area directly in front
Eqn. (1) is reduced to of the robot. This area is callegfound windowin the fol-
T lowing and the set of vectors inside this windowgis
f=—etwh ®) By inserting Eqn. (8) into Eqn. (5) one could get a value

T for each vector. But, using this method, the influence
of the pixel quantization would vary over the image plane.
Also remaining faulty vectors pollute the estimation. Ter

fore, we propose a different technique: First, the optic flow

with e representing the “expansive” part of the field con-
tributed by translation and representing the hyperbolic
part contributed by rotation:

[ az _ [a(@®+1) - By field is derotated using:
ef{alﬂrﬁ}’ 7{ azy + } d=f—oh ©)
This equation can be solved for each vector: o _ .
azAy — (ay + B)Az Each derotated vectadrshould then coincide with an epipo-
Y= By — oty + By — B ) lar line through theFOE and thus be collinear wite. In
T Az—w(a(@?+1) - By) practice it deviates a little from this epipolar line duette t
7= ar ®) guantization error, or completely in case of a faulty vector

The first category of errors should be corrected as good as
possible, the second category should be detected and elim-
inated fromZ*. For the first purpose, the projection of each
vectord on its epipolar line is used for the calculation%)f

The first resultv should correspond to the rotational ve-
locity of the vehicle and therefore be identical for each-vec
tor. Thus, the rotation could be estimated by a simple least
square fit over allu; as proposed e.g. in [4]. As even the
sifted flow field sometimes contains faulty vectors (for ex- T _e'd (10)
ample due to cyclic patterns in the images), this can yield Z lel?
poor results in practice. Better performance is achieved by  For the detection and elimination of faulty vectors the
using robust mode estimators with high breakdown points. distance of the vector from the epipolar line can be calcu-

Theshortest half windownode estimatorghorth [11]) can lated and thresholde[j(:)

) . 1
tolerate up to 50 % outliers and performs very well in the e’ 1 0} d

. T
experiments. Also it is computationally inexpensive: Fr=Af:: \TI <AAZ >0} 11



ThenT is determined using thehorthestimator again,
which allows up to 50% obstacles even inside the ground
window:

o
T = shorth(—~—= (12)

lle zH2

Now Z could be calculated for each vector and the dis-

Zi),d; € G F*

tance from the ground plane could be used to detect ob-

stacles. Another criterion would be the ratio between the

vector length and the length of a predicted ground vector, as

blind spot
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Figure 4. Optimized placement of the vectors

proposed in [5]. Both approaches have the drawback, that

the impact of pixel quantization is stronger for short vesto
Again, a better criterion for obstacles is

d.
IIezII

Both criteria according to Eqn. (11) and Egn. (13) calcu-
latedistances in image coordinateghich can be compared
to fixed thresholds\ and 7 in the magnitude of the pixel
guantization.

={f:: _||ez'|| >} (13)

4.2. Biasing

As the vector length generated by realistic motion of the
robot significantly exceeds the maximal vector length that
can be calculated by the MEP, the positions of S\as
have to be biased against the positions of Ri&s. This
is achieved by using the current motion estimédtesl’) to

To get rid of single bogus detections which have passedpredict the field for the next operation cycle using Eqn. (3).

sifting and elimination, we also apply a simple morphologi-
cal operation t@. For the remaining vectorg € O finally
the Z-coordinate is calculated to get a 3D obstacle point.

4. Implementation

As a standard video camera is used, only fields (not
frames) can be evaluated due to the interlacing problem
Additional considerations have to be made when imple-
menting an algorithm according to section 3 using the optic
flow sensor presented in section 2.

4.1. Placement

Placing theRBs along a regular grid in the image plane
would result in detailed surveillance of the area close in
front, but only few information in the distance. Besides,
the calculation of% according to Egn. (10) becomes insta-
ble for small values dfe||. Thus,RBs should not be placed
inside an area below a threshold ft||, which results in
a practically blind spot in the upper middle of the image

EachSWis then centered around the center of the corre-
spondingRB plus a bias vectob = f(&,T) (see Fig.5).
This biasing technique transforms the limitations on the ve
locities to limitations on the accelerations.
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Figure 5. Search window bias

4 .3. Rate control

Another problem is, that at realistic velocities the trans-
lational componen e of most of the vectors is too short
to significantly exceed the pixel quantization error. Unfor

plane (that graphically can be considered the intersectiontunately it is not possible to just skip — 1) images in or-

of a cone around th&€OE with the image plane). Fig.4

der to reduce the frame rate%owhich would increase the

shows the chosen optimized placement of the vectors andvector length. The reason is, that the field is dominated by

the position of the ground window. Unfortunately this non-
regular placement of thBBs prevents the optimal use of
the MEPs internal pipeline, reducing the number of possi-
ble vector calculations to 350 (and even a little less in prac
tice due to the latencies of the LINUX operating system).
Also morphological operations become more complicated

the rotational componenth, which has to be estimated at
maximal rate.

Our solution is to vary the lengthof the hardware ring-
buffer (Fig. 3): I, is repeatedly “frozen” and compared to
the nextr images according to Fig.6. Using this method,
no image is lost and it is possible to estimatevith every

but can be accelerated by a precalculated lookup table conframe, but determing and obstacles at a randomly chosen

taining neighborhood information.

lower rate.
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5. Obstacle avoidance pois | eeeere
|7
Fig.7 shows some snapshots from the experiments. et (\/
Vectors corresponding to the detected obstacle points are @
marked with black squares, the image in the middle shows
arotationw ~ 30°/s. Figure 8. Obstacle map in 2D robot coordi-

nates

are then fused by increasing probabilities in an occupancy
grid.
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Figure 7. Obstacle detection examples 0 i

To generate a local 2D obstacle map for robot navigation, -10
the 3D points are transformed into the robot coordinate sys- ) )
tem. Fig.8 corresponds to the bottom image of Fig.7; ob- > | plotsize optic flow

’ : s plotsize odometry

stacle points belonging to the chair and the railing can be _3g | | | | |
seen. The magnitude of the accuracy of 3D reconstruction 0 10 20 30 40 50 60
is 10 cm, which is by far sufficient for obstacle avoidance. ¢s]

Also a short history of obstacle sets is fused to increase  Figure 9. Trajectory and heading of the robot
accuracy and robustness. This is achieved by transforming
older sets of obstacle points into the current robot coordi- Robot control is currently performed by a very sim-
nate system. The parameteXs .50t , AYrobot; AProbor TOI ple navigation algorithm inspired by the dynamic window
this transformation are calculated from the optic flow by in- approach [6], which periodically (typically eve300 ms)
tegrating the estimated motion parametéri’. Obstacles  chooses the best trajectory in terms of distance to obsta-




cles and closeness to the next way point. For fast evalu-References

ation the set of possible trajectories (circular lanes ef th
robots width) is precalculated for each possible turn radiu
R = % and the set of corresponding map elements is stored
in lookup tables. Fig. 9 depicts the result of the navigation
experiment, from which the bottom snapshot of Fig. 7 was

taken. The “way point” was fixed at,,;,; = 5m and

Yrobot = 2 M, providing an “unreachable goal” on the left

(1]

side. Together with the obstacles in the occupancy grid this [3l]

results in the behavior to follow a wall on the left.

At the beginning of this experiment, the robot followed

the bow of the railing. After approximatefym it detected

the chair, rounded it, and then returned to the railing again
The figures show the absolute position of the robot in the

world coordinate system as well as the headirayer time.

Both plots compare values calculated by the odometry with
values calculated by integrating the motion parameters fro
optic flow. The drift is small enough to use the optic flow

values for local calculations like the history fusion.

6. Conclusion
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30°/s. The typical
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eral areas.
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