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Abstract: With the increasing proportion of senior citizens, many mobility aid devices have been developed such as the
rollator. However, under some circumstances, the latter may cause accidentSy&Wealkerproject aims
to develop a small and autonomous device for rollators to help elderly people, especially those with some
degree of visual impairment, avoiding common dangers like obstacles and hazardous ground changes, both
outdoors and indoors. We propose a method of real-time stereo obstacle detection using sparse 3D information.
Working with sparse 3D points, in opposition to dense 3D maps, is computationally more efficient and more
appropriate for a long battery-life. In our approach, 3D data are extracted from a stereo-rig of two 2D high
dynamic range cameras developed at the CSEM (Centre Suisse d’Electronique et de Microtechnique) and
processed to perform a boosting classification. We also present a deformable 3D object detector for which the
3D points are combined in several different ways and result in a set of pose estimates used to execute a less
ill-posed classification. The evaluation, carried out on real stereo images of obstacles described with both 2D
and 3D features, shows promising results for a future use in real-world conditions.

1 INTRODUCTION initially target are elderly persons that still live rela-
tively independently. To meet the requirement of de-

To help in their mobility, millions of senior citizens ~ Signing a device that helps rollator users in their daily
use mobility aids such as rollators. But these devices activities, we work on ground change and obstacle de-
may fail to help or, even worse, can cause accidents.tection. Theformerls bwltlon (Weiss etal., 2013) and
This occurs when the user misjudges the nature orthe latter is based on (Cloix et al., 2013). We present
the extent of some obstacles, which can happen in_obstacle_a_nd (_)bject_detecnon methods based on boost-
any kind of familiar or unknown environments. Vari- ing classification using sparse 3D data. Our 3D sparse
ous prototypes of “intelligent walkers”, developed to Maps are built from stereo images captured from two
answer these issues, are usually motorized and proHigh dynamic range cameras that can handle bright
grammed to plan routes and to detect obstacles withillumination, indoors or outdoors. _
active or passive sensors. However, such aids are usu- 1 DiS paper is organized as follows: Section 2 de-
ally unaffordable or at a prototype level, hence, the scnlbes relevant examplle.s related.to the statg-of—the—
user might be reluctant to such complex systems. Fi- artin stereo computer vision; Section 3 describes our
nally, their use is often limited to indoor situation due @PProach; the hardware setup used for the evaluation
to their weight and their short battery life. of our detecto_rs, the d|scgssed results and the future
Unlike the current trend, thEyeWalkerproject work are detailed in Section 4 followed by the con-

aims to develop a low-cost, ultra-light computer Clusionin Section 5.

vision-based device for users with mobility problems.

Itis meant to be an independent accessory that can be

easily fixed on a standard rollator and with a daylong 2 RELATED WORK

autonomy. Our device will warn users of potentially

hazardous situations or help to locate a few particu- The definition of an obstacle highly depends on the
lar objects in miscellaneous environments and underdomain the detector is developed for. For driving as-
widely varying illumination conditions. The users we sistance, an obstacle will be any object standing on
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a dominant ground surface (Broggi et al., 2011). In cific objects. The former is described in Section 3.2

the field of health care rehabilitation, it would rather and the latter is explained in Section 3.3. Since a 3D

be a static or moving object in the walking path at point cloud lets a priori suppose the presence of an

any height from the ground to head-level (Ong et al., obstacle, the detectors use information from left and

2013). right pictures to compute sparse 3D maps. The imple-
The domain of application also leads to the choice mented classification algorithm is the AdaBoost (Fre-

of the sensors. In robotics, devices mainly devel- und and Schapire, 1997) that generates a linear com-

oped for an outdoor usage to scan the frontal scenebination of weak classifiers.

are equipped with ultrasound, laser or radar (Lacey

and Rodriguez-Losada, 2008). Range finders allow 3.1  Stereo Correspondence

extracting a dense depth map of the captured scene.

But this equipment is expensive and power consum- |, sparse 3D maps, only very few points have their

ing, which is of main concern in health care assistance distance known. Those points are usually with spe-
field, not to mention the weight. Itjustifies why stereo it~ sharacteristics like feature points (Bay et al.,
vision (Rodriguez et al., 2012) or IR sensors are more 2008) or corners (Harris and Stephens, 1988). The
employed (Ong etal., 2013). _ stereo correspondence can be carried through various
_ As far as computer vision is concerned, multi- ethods among which there are cross-correlation or
view vision is a topic in which intensive research yescrintor matching, the latter being the one we chose
has been conducted for the last half century (Seitz 15 meet real-time and battery-life requirements.
et AmARAEY 'amlimmm:E [FORstruchan thanks_to Knowing the intrinsic and extrinsic parameters of
the hardware performance €nabling real-time applica- ¢, stereo-rig obtained at the calibration phase and the
tions. Commercial cameras like the Bumbleblea2d disparity, i.ex_— X, with x_andxg the respective x-

tﬂ.e Microsm;]t Kinecf] fgre also_(;[_he rgain catglysers of " coordinate of the observed point in the left and right
this research growth by providing dense 3D maps. — qjistorted and rectified pictures, the three space-

Foc;:usz]g 03 blgocularbwsmln, seV(ra]raI g?e.th?dls coordinates of a point can be computed. To extract
were developed to detect obstacles such as digital eles, point cloud from each pair of pictures, we pro-

vation map (DEM) (Oniga and Nedevschi, 2010) and ¢qqq a5 follows: (i) corners are detected (Harris and
occupancy grids (Rodriguez et al., 2012) (Perrollaz gyonhens 1988) in both left and right pictures, pre-
et al., 2010). Sterep information is also qften used fo_r liminarily equalized and Gaussian blurred; (ii) they
distance computation after an obstacle is detected iNare described with BRIEE descriptor (Calonder et al.

one OT theftvr\:o images (Jose etal., '2(')11)5 Mo:jeoger a 2010) and matched using the Hamming distance; (iii)
majority of the most recent stereo vision-based obsta- 4 istortion is taken into account in an intermediate

Cl? detectors use dgnse 3D maps to cope with St.ereostep to compute the 3D coordinates of each corner.
mismatch. Regarding sparse 3D maps, (Toulminet

et al., 2006) extract the desired 3D features to detect
vehicles in a very constrained environment given by
the application domain. This lets the sparse 3D in- _ ) )
formation usage barely exploited to detect everyday The first family of features employed to describe the
obstacles with various sizes and shapes. cloud of points is a 3_D box (Figure 1, top left). Thl$
The contribution of this paper lies in the use of featur_e, defined by S|x_paran_1eters, the three location
sparse 3D information to develop a novel strategy of cooro_llnat.es.and the dimensions, returns the number
obstacle and object detection by boosting classifica- ©f Points inside the box. _
tion. Extracting a few stereo data, computationally ~ The second family of features computes the dif-
more efficient, allows the obstacle detector to run in ference of luminance in defined areas between the left
real-time in any illumination conditions and for along  Picture and the right picture (Figure 1, top right). The

time thanks to our low power-consuming cameras. parameters are the size of the I’egion, the location in
the left image and the shiff\x, on the x-axis of the lo-

cation in the rightimage. The epipolar-constrained ar-
eas thus defined allow computing the sum of the pixel
3 METHODS values.

. . e The last family of features, depicted in Figure 1
We want to implement two binary classification-based (bottom), is similar to the Haar filters used by (Viola

detectors, one for general obstacles and one for *P€and Jones, 2004). In our case, the filters are defined

Lhttp://ww2.ptgrey.com/stereo-vision/bumblebee-2 by a black zone around the centre of the left image.
2http://www.xbox.com/en-US/kinect Thus the parameters to define a feature are its shape

3.2 Obstacle Detection
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Figure 3: Haar like feature for the detection of the cabinet
door.

ing parameters, (a) the filter: eight different shapes

- g that represent the edges and the corners, shown in Fig-
Figure 1: Vlsuallsatlon of the obstacle detector features. ure 3; (b) the size of the filter; (c) the position in the
(top left): a 3D box in which we count the number of points; model(X,Y) in order to localize the scanning window
(top right) a pair of areas for the computation of difference around the estimated pose. The return value uses the

of luminance; (bottom) Haar filter with the third shape de- pixel values of the filter corners from the left picture:
scribed in the sketch on the right.
H=Y sxp (1)

0<i<3

(black square, horizontal or vertical band), the size of

the patch, the ratio of the central zone to the patch andwheres is the sign defined by the shape of the fil-

the location of the patch in the image. ter (+ if black, — if white) and p; the pixel value of
corneri.

3.3 Planar Object Detection
We aim at detecting planar objects in a 2D imageby 4 EXPERIMENTS & DISCUSSION

combining the 3D points in several different ways, re-

sulting in a set of pose estimates for a less ill-posed The evaluation of the methods are performed on static
classification. We assume the object is represented bystereo pictures acquired with an experimental setup
a 3D generic and normalized modél From the 3D detailed in Section 4.1 in order to measure the perfor-
point cloud, we estimate a lis), of posesp € ©, of mance of our general obstacle and object detectors.
the object. A feature familyg, is defined in the model

space: the pose estimate allows the featfire$ de-

fined on the model to “stick” to objects of any shape 4.1 Hardware Setup

and position in the scene, as depicted on Figure 2.

The planar object model used is a front facing The rollator is equipped with a calibrated stereo-rig
square with a defined side siz€, and described  of two cameras developed by the CSEM, called icy-
by a triplet of ordered cornerg?(¢,0,0); P1(0,0,0);  Cams. The 20 cm-baseline rig is tilt at 20 degrees
P2(0,{,0)}. For N matched corners extracted as de- from the horizon and fixed on the rollator at 67 cm
scribed in Section 3.1, the number of triplet©igN®). from the ground. These cameras are characterized by
To reduce this number of pose estimates, we use thetheir high dynamic range and their logarithmic com-
FLANN algorithm (Muja and Lowe, 2009) to keep pression that allows coping with bright illumination.
triplets that have two points horizontally aligned and Their power Consumption is very low, which is of
two vertically aligned. The pose estimation matrix is great importance since the final device has to have a
extracted by matching to p; , i =[0;1;2 like shown  battery life of one day. The focal lengths are equal
in Figure 2. to 3.8 mm and the resolution is 320x240 pixels, 14e-

Three families of features were defined as follows: 6 m per pixel, resulting in a vertical view angle of
(i) the cosine of the angle defined by the three points; 47.7 degrees (Figure 4). The cameras were connected
(i) the scale, overX, Y or the ratioX/Y; (iii) the
Haar-like filters. The latter is defined by the follow-

(]

180cm

<— 173cm —— 67cm

@ B l

Figure 4: Actual hardware setup allowing viewing obstacles
at less than two meters and at the waist-level up to head-
level.

Figure 2: Model correspondence to a triplet of points that
represents a pose of a cabinet door, with a deformable Haar-
like feature, the model being a front facing square.
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to a laptop computer through a usb-powered Ethernet(cf. Figure 6).
switch for the acquisition of stereo frames in various The obstacle boosting classifier was evaluated by

environments. generating four kinds of classifiers: three were trained
with only one of the feature families described in Sec-
4.2 Obstacle Detection tion 3.2 and one with all the families. The Figure 7

shows the average performance of each feature fam-
To evaluate the performance of our binary classifier, 'lY independently and of the three families together.

experiments were conducted on a data set of eleven 1 ne 3D box family presents a better performance
types of obstacles (cf. Figure 5). The training set than the other features and the simple detector. Be-
was composed of 3107 pairs of pictures. The test sides, the addition of the other features enables a sig-

set had 732 pairs of frames of similar obstacles taken Nificant improvement (true-positive rate from 69.8%
in places different from the training set. The images [© 75-4% at 10% false-positive rate). Even some of
were taken from real scenes. both indoors and out- the classifiers generated with all the feature families
doors, with a frame rate of approximatelyfps and give more thar_1_83% true-positive rate for less than
walk speed of about 0.5/s. The two classes are de- 10% false-positive rate. The 3D b(_)xes return _value
fined as follows: a frame is labelled positive if there actually represents a density of points, which is ex-
is an obstacle on the pathway at less than two metersPected to be high for positive frames, i.e. with an
from the cameras: the frame is negative otherwise. 0Pstacle. The resulting weak classifier being char-
The indoor obstacles are: (i) a cupboard: (i) a desk acterlse_d by |ts_ threshold,_ optlmlzgd at thg 'tra|n|ng
chair; (i) a corridor wall; (iv) a white board: (v) a phase, it explains why t_hls boosting classifier per-
doorframe not centered on the path; (vi) a coffee ma- forms better than the basic detector.

chine in a kitchen; (vii) a dish-washer. The outdoor _ ' Forthe second family of features, the return value
obstacles are: (i) a bush; (i) a street lamp pole; (iii) IS the difference of luminance. Such features should

a parking fence; (iv) a road sign. The non-obstacle eturn small scores when the two patches cover the

data are made of the pictures of long corridors, street, Same object. The variability in the distances of the
office and kitchen views. training obstacles could explain the difficulty to the

For the sake of comparison with our approach, we training framework to choose the best luminance fea-
implemented a baseline detector that counts the num-tures. _ _
ber of points into a warning area. The decision was  Finally, the Haar filter score should be high when
made according to the number of points present into athe filter is centered on a dark or light patch of colour
frontal cube centered on the path at 0.5 meter from répresenting an obstacle. Here as well, the actual per-
the cameras, 1.5 meter deep, 0.8 meter high and aformance of such a detector can be explained by the
width varying between 0.5 and 0.8 meter. The results Variability of the patch size and shape in the train-
demonstrate it is not possible to have more than 75%ing set. As a result, the classifiers composed of only

true-positive rate without less than 30% of false alarm one of the two latter families perform worse than the
one of 3D boxes. A solution would be to grow the

database for a better distribution, especially when we
see that the classifier built with all the feature families
performs better than the one of 3D boxes.

The tests were carried out offine on a 2.93
GHz/Linux x86-64 desk computer. The actual pro-
gram uses a single processor. In these conditions the
detection took 244ns This computation time cor-
responds to 4 psand can be improved by code op-
timisation and by the use of parallelization for com-
puting each weak classifier score. On an embedded
system the use of a GPU would improve the time per-
formance.

4.3 Cabinet Door Detection

Figure 5: Samples of left-camera pictures for the obstacle

data set:(first two rows) pictures labelled as negative (no ) ) )
obstacle or above two meters from the cameras); (last two After having detected obstacles with a certain degree

rows) pictures labelled as positive,(obstacle is at leaa th  of accuracy, another user requirement is to detect spe-
two meters from the cameras). cific objects with the use of vision features provided
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to a boosted classifier. To evaluate the approach, the .,

planar object chosen is a kitchen cabinet door. Pre- *

liminary experiments are performed on a data set of ;
stereo pictures taken in a kitchen show room (Fig- i"
ure 8). The positives are annotated with triplets. Un-

known zones are also marked. From this annotation, |

Ns negatives per pair of images are extracted by the NN e

triplet detector and according to the distance from the gigre 7: Performance of the boosting obstacle detector
positive samples and the unknown zones. The train- pyilt with the 3D box features only (red),with the Haar fil-
ing is done with 80% of the data set, the remaining ter features only (green), with the luminance difference fe
20% being reserved for the test, randomly selected. tures only (blue), with all the features (purple): (left) RO
The annotation is rigid in a sense that the triplet has curves; (right) Precision-recall curves.

to represent the door so that the vertical segment is on

the hinge. the performance improved: the localisation rate went
Figure 9 shows the performance (66.7% true- from 85.4% to 96.1% and the true-positive rate from
positive rate at 10% false-positive rate) and high- 66.5% to 83% at 10% false-positive rate.
lights several limitations of the pose estimator chosen.  From a point cloud, the complexity makes the
Firstly, the actual pose estimator is not robust to the number of hypotheses too b|g, |eading to an unsat-
lack of robustness of the corner detection'matching |Sfy|ng false_positive rate and a very low precision'
step. The insufficient precision of the corner detector pespite the actual pose estimator, the classifier gives
and its parametrization depends on the distance to thegood results. However, the problem is complex be-
object and also on the picture quality. The latter was cause of the number of tests (about 150'000 per pair
lowered by the poor illumination of the scenes and the of images) required for the localisation of a potential
cameras resolution. When the desired 3D corners aregoor, the number of degrees of freedom regarding the
not detected (because not detected on one or both picyyrientation estimation and the significant appearance
tures or not matched and thus discarded), the objectyariation (size, presence of handle or not, texture).
is not localized. As a result, about 80% of the tested
doors were detected prior classification. Secondly, we 4.4 FEuture Work
have to look at the way negative samples used for the
classifier training were extracted. Any triplet that has
at least one point far from the ones of a positive triplet
is considered negative. As a consequence, a negativ
triplet can have up to two points that also belong to a
positive triplet. Thus the feature vector of the nega-
tive sample can be partially similar to the one of the
positive sample.

The ambiguity on closed doors is important since

True p

The main focus is to improve the current general ob-
éc,tacle detector recall and precision. To do so, we will
optimize the stereo matching by improving the image
pre-processing in order to reduce the noise stereo mis-
matching introduces. The actual experiments being
carried out on static stereo images, we intend to intro-
duce temporal information such as Kalman filters or

: : optical flow to filter the 3D information. Indeed, we
kitchens |r_lclude _sev_eral doors on t_he same plane. ToSuppose the knowledge of past frames can improve
reduce this ambiguity, new experiments were Con- yho aop 3] results. The data set size revealing the ef-

ducted on opened doors. The annotation is madetg . of the variability issue on the classification, it has
broader to make a rotation-invariant classifier: each to be increased.

door is annotated once and the other seven triplets
defining the door are generated and added into the
training data set. By focusing on opened doors

Last but not least, the object detector evaluation
results suggest reducing the complexity of the prob-
' lems encountered with the cabinet doors. The main
issues to solve are twofold: (i) to be able to detect all

Figure 6: Performance of the basic detector: (left) ROC j

curve (right); precision-recall curve. Figure 8: Samples of the data set of cabinet doors.
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