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Abstract—We present an approach to vision-based person classification system (such as SVMs) directly around the
detection in robotic applications that uses template matching. region that registered movement. In the case of Wren et
We detect people using templates of the human silhouette. 5 “11 4] domain specific scene analysis is required. These

In our approach, we detect borders on each image, then thod learl f ible f boti licati
apply a distance transform, and then match templates at methods are clearly unfeasible 1or a robotic application.

different scales. Our system integrates silhoutte, corners (point R€cognizing objects in images taken by a moving camera
of interest) and skin presence in order to obtain more robust (in this case a fixed camera carried by a moving robot)
results in the detection of victims in search and rescue ijs much more complicated than real time tracking with a
operations. Further, we describe the automatic generation of stationary camera.
templates from a set of photographs of the object of interest. .
Our approach uses fast template matching as a focus

|. INTRODUCTION of attention similar to the system to detect pedestrians
in frontal poses described by Castillo and Chang [5].
%asically, it discards locations where there is no silhouette
IFﬁatching the human body. Our operative definition of a

research subject in computer vision [3], [14]. People dete\‘ﬁ'ctim includes two cues: a silhouette and some visible

t|qn N Images and. video sequences Is a research SUbJeC&%. Further, our method seeks to detect potential victims
this area. We are interested in this problem from a robotic' - =/ ..o poses

application point of view since we are currently in early The contributions intended are two-fold: first, the design
development stages of a robotic application for search aQHd implementation of a general vision syste’m that inte-
rescue operations [2]’.[6]' . ) grates multiple cues to detect potential victims, and second,
Some challenges with person detection are: a concrete implementation on board a robot in an embedded
« Pose: The human body is a non rigid object thagppjication.
can take a wide variety of poses. From a pattern The rest of the paper is organized as follows. First we
recognition point of view, each type of pose is escribe distance transforms for template matching, and the
different classifier. corner detection approach we used, after that, we describe
« Structural components: Structural components suchthe system details, then the results are presented. Finally,
as clothes are different from person to person, so thefg discussion and conclusions are presented and ideas for

Detection and recognition of objects from images di

is great variability from pattern to pattern. future work are given.
« Occlusion: Objects can be partially occluded by other
objects. Il. DISTANCE TRANSFORM FORTEMPLATE MATCHING

« Image orientation: The human body varies for dif- A distance transform (DT) converts a binary image
ferent rotations with respeCt to the camera’s axis. (Containing values 0 and)) to an image where each pixei
« Image conditions: Conditions such as lighting andyalue denotes the distance to the nearest feature pixel.
camera characteristics affect the appearance of tagym this definition of the distance transform problem, a
human body. O(n*) algorithm can be readily constructed (for an< n
The problem of people detection is very complex anidnage). However, over the last 20 years the state of the
has not been solved in its generality, but there have beam has advanced either approximating the EDT (Euclidean
advances where the pose is fixed, such as in the caseDiftance Transform) in &@(n?) time or providing an exact
pedestrians [14], [1], [13]. There have also been advancesswmiution in aO(n?) time.
integrating greater tolerance to variations using component-Many DT algorithms exist, the differing characteristic is
based detection. Many of the existing systems for peoplge distance metric and the propagation of local distances.
detection [8], [14] use movement as a focus of attentidn particular, we use Euclidean distance and Maurer’s line-
(assuming a stationary camera) and use a large scatdumn scanning method [9]. Figure 1 shows the conversion



process from an initial frame to distance transformed imagetect salient points; we use a very simple (and fast) one
ready for template matching. which is described in this section.

To detect corners, we use Sobel first derivative operators
[10] to take derivatives of the image. A small region of
interest is defined to detect corners in. A 2x2 matrix of the
sums of the derivatives is created as follows:

2
o= ($hp, $h0') “

The eigenvalues are calculated by solvig(C' —AI) = 0.
If \1 >t and )y > t, wheret a constant threshold, then
there is a corner (point of interest) at that location.

The matching process is done only over the regions of
interest. To do this we incrementally compute the number
or corners in a given matching window.

@) (b) (©)

IV. SYSTEM DETAILS

Fig. 1. (a)is the original image, (b) is the contoured and grayscaled image|n this section we describe how our system works. The
and (c) is the distance transformed image ready for template matchin% . . . .
peration of the system is divided in two phases. The

{irr]%t phase is the generation of victim templates from

After the image has been adequately preprocessed, . . L .
template matching step begins. As described by Gavrﬁakl\otographs, the second phase is the online victim detection

) . ) : ; rom these templates. Our system was developed in C++
[7], a given imagel is said to be matching a templaie using the Intel's OpenCV Library.

when:
DT, 1) <9 @) Origina Image from
where 0 is a user defined threshold on the maximum Framegrabbing Device
acceptable dissimilarity between the DT image and the /
template.D(T,I) can be defined in several ways. In our : -
system we experimented with two different definitions: | Filter to Eliminate
mean alignment error and maximum alignment error. In Pedantic Details
the case of mean alignment errd@(T, I) is given by: /
1
D(T,I) = — Y d;(t ) Canny Edge - :
) IT| t; (t) Detection Skin detection
where|T| is the number of features i andd;(t) is the l
distance between featutec T' and the closest feature in - -
Euclidean Distance .
1. Transform Corner detection
In the case of maximum alignment errd¥(T', I) is given
D(T,I) = maxd;(t) 3 Multi-feature
teT Template Matching
d;(t) is the distance between feature T and the closest
Transform).

The mean alignment error quantifies the alignment error
as the average (mean) distance of all the individual pixelsfn Generating Templates from Photographs
the template while the maximum alignment error quantifies The image of the object of interest is countour filtered
the alignent error as the distance of the worst aligned pixghd thersholded. This process defines a resulting image.
in the template. The resulting image is seen as a graphwhere the data
(black) pixels are the nodes and the arcs are the immediate
neighborhood relation to other data pixels. On this graph,
Our criterium for interest point (region) is a point thaive calculate strongly connected components using DFS
is not highly correlated to its neighbors. Perceptually thegPepth First Search) and we proceed to eliminate connected
regions are called salient. There are many algorithms ¢omponents that include less thamodes.

Ill. CORNERDETECTION



Figure 3 shows this process applied to several images.
Figure 4 shows an example of the calculation of con-
nected components to obtain a template of interest in a
given image. The top part of Figure 4 shows the original
thresholded image and the bottom part shows the equivalent
neighborhood graph. On the equivalent graph, strongly
connected components are calculated. The large connected
components (larger than a experimentaly set threshld
are considered to be a template of the object of interest (see
for example the (c) column of Figure 3).
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B. Victim Detection

To detect victims we integrate two cues: a silhouette and
skin presence.

1) Detecting the silhouetteAt its core, the system uses
template matching employing Euclidean distance transform
(EDT) to evaluate candidate victims using templates ob-
tained from the photographs.

The very first step is preprocessing. Each input image
is grayscaled and contour-filtered using the Canny edge
detector [4], [12]. After that, the contoured and grayscaled
(CG) image is transformed using an EDT.

The image is scanned for matching silhouettes. We have
devised two simple methods for image scanning:

Fig. 4. An image (top) and the equivalent neighborhood graph (bottom).

defined by the rectangl®, 0, N, M ); after that the one
defined by(1,0, N + 1, M), and so on until reaching
the end of the image at that scale.
« Using random sampling. In aX x Y image with an
N x M template, we select a fixed number of samples
proportional to the size of the image. This scanning
method accelerates the process with a sacrifice in
@) (b) © precision.
In the offline experiments we use exhaustive scanning
because runtime performance is not an issue. The online

Fig. 3. Template extraction from a photograph: (a) is the original image . . R
J P photograph: (a) g g gysion also uses exhaustive scanning. However, note that

(b) is the contoured and grayscaled image and (c) is the strongly connec¥;
component from the thresholding of the neighborhood graph shown in (e online version could be made faster by using random
this image is used as template. sampling, but in this case not all positions in the image will
be scanned in each frame.
« Using exhaustive scanning. In ai x Y image with After experimentation we settled with 12 templates. The

an N x M template, we first try to match the window12 templates include victim lying in both directios (left to




right and right to left) and therefore can detect in close V. EXPERIMENTAL EVALUATION
variations of left-to-right and right-to-left. The matching |, this section we describe the experiments we performed
process over a distance transformed image allows to captie;ssess the feasibility of our approach.
great variability in the pose of the victims.

More templates means a better definition of the class 6f Initial experiments
interest but also translates into a slower matching processThe first part of our experimental evaluation consisted in
The templates are taken from photographs of the objecttgfing to detect victims. After verifying that it worked with
interest after contour filtering it and obtaining the relevanal victims, we tried to make it look at things that had
connected components. the look of victims but actually weren’t. From the initial

2) Detecting skin:We use a segmentation method t@xperimentation we learned that the templates obtained
detect skin using YCbCr chrominance information[11}didn’t match much more than the object of interest (victims)
This method is more robust because it uses more doméairnour office environment and that it was quite hard to fool
information than when using an SVM (Support Vecto(create an artificial scene) to make the system detect non-
Machine) as previously proposed [2]. In our current implerictims as victims.
mentation, the presence of skin is used to relax the matchingHowever, in a highly cluttered scene, victim detection is
threshold ¢) in case of presence of skin. harder and the system tends to fail more. The parameters

If in the evaluation of a given rectangle of areahere of the Canny edge detector and the corner detector could
is between 2% and 20% skin, the matching threshold li® modified so that the clutter affects the detection process
relaxed (increased) by 10%. The skin presence cue heless but it is still a problem that is hard to avoid.

solve some occlusion problems very elegantly. The other type of error the vision system could make was
It is important to note that the presence of skin helps @ not detect victims when present. In this regard, we found
the victim detection but it is not a limiting factor. that our multi-scale scanning algorithm was very sensitive

We tested the system onboard an ActivMedia Robotié@ the contexture (or build) of the person in the scene.
Pioneer 2 mobile robot. The online version (onboard tH&e found two solutions to this problem: scanning in more
robot) uses the randomized scanning method previou§igales (using a smaller step between scales) or including
described. a wide variety of body builds in the templates used. Both

The performance (as measured by false positives apffutions entail more processing time per frame.
false negatives) degenerated significantly. To handle tI”Eis
we adjusted (downwards) the value 6fin the template L ) L
matching step. Further, to enhance the precision of the'V& puta victimin some place in a long hall; the lighting
system in our office environment (our Pioneer Il robot jgonditions, pose and rescue scenario were all realistic. The
not designed for outdoor use), we measured the correlati@{Ot was remotely operated by someone who knew in great
of the value pixels on the DT image over the template &€tail the way the system functioned.
described in equations 2 and 3 (w called this vayend We evaluated if the robot could successfuly make the
measured the percentage of matching non-data points in fgiection and if it did, we measured the minimum and

template compared to the contoured image (we called tfj@ximum distance to the victim where the robot made the
value ). So the matching criteria is: detection, and also evaluated the performance of the robot

in the presence of debris occluding the victim.
o In Fig. 5, the system proposed adequately detects at 2
B > ) meters the presence of a victim when there is office debris
occluding the view.
where v is an experimentally set threshold value. The In Fig. 6, the system proposed detects a victims in a
matching criteria seeks a balance of many matched poinghge from: 2.6m to 4.5m.
with low matching error (derived from the distance measure In Fig. 7 the system’s resilience to occlusion around
of the EDT image ). This refinement of the matching criteriaon-critical partial features is shown. The system cannot
significantly decreases the false-positive rate (in our case étrectly detect a person when the object of interest is more
over 12%). occluded than (c).
The online version of the system works at 3 Hz. This
speed is slow because we exhaustively scan the image at VI. CONCLUSIONS
each frame. We have presented an architecture for recognition of
The offline version (same online version but instead ofictims in search and rescue situations. It is the first time
loading the image from the framegrabber, loads it from tis problem is studied from a computer vision point of
file) was tested with our 700 image databaghe correct Vview. The method applied is very simple and scales well
detection rate was 78%. to larger datasets and can be used in real time applications.
The method copes well with natural variations in the pose
1The image database is available, please contact the authors for det@ifsthe object of interest.

Evaluation in a more realistic situation



Fig. 5. Detecting a victim around office debris. (a) office debris, (b) victim occluded by the debris and (c) the system detecting the victim

(@) (b)

Fig. 6. Detecting a victim at various distances. (a) original image, top: nearest detection distante, bottom: furthest detection distance , (b) marked
image

(b) (c)

Fig. 7. Resilience to oclussion around non-critical partial features. (a) not very ocluded view, (b) moderately occluded view and (c) very occluded
view.



This application needs to be improved in order to become
more useful since it would fail under many conditions:
occlusion, low contrast, debris. It constitutes, however, a
first step in using computer vision systems to detect victims
in search and rescue operations.

Our indoors robot is not suited to perform outdoors
search and rescue tasks, yet this research is allowing us
to gain some insight about the USAR robotics domain.
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