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Abstract false detections. Similar example-based face detection sys-
tems have been developed by Sung et al. [11], Osuna et al.

We present an object detection system that is applied to de{8], and M. H. Yang et al.[12].
tecting pedestrians in still images, without assuming any a
priori knowledge about the image. The system works as fol-  Most pedestrian detection systems use motion informa-
lows: In a first Stage a classifier examines each location in tion’ stereo Vision’ a static camera or focus on tracking; im-
the image at different scales. Then in a second stage the sysportant works include [1], [2], [3] and [13]. Papageorgiou
tem tries to eliminate false detections based on heuristics.has reported a system [6], [7], [9] to detect pedestrians in
The classifier is based on the idea that Principal Compo- images, without restrictions in the image, and without using
nents Analysis (PCA) can compress optimally only the kind any other information besides the image. It uses the wavelet
of images that were used to compute the principal compo-template to represent the image and a Support Vector Ma-
nents (PCs), and that any other kind of images will not be chine (SVM) to classify. The system has been improved in
compressed well using a few components. Thus the classif4] and [5], detecting pedestrians through the detection of

fier performs separately the PCA from the positive examplesfour components of the human body: the head, legs, left
and from the negative examples, when it needs to classify aarm and right arm.

new pattern it projects it into both sets of PCs and compares

the reconstructions. The system is able to detect frontal and  \we present an object detection system to detect pedes-
rear views of pedestrians, and usually can also detect sideyians in gray level images, without assuming any a priori
views of pedestrians despite not being trained for this task. ynowledge about the image. The system works as follows:
Comparisons with other pedestrian detection systems arej, g first stage a classifier based on Principal Components
presented; our system has better performance in positiveanalysis (PCA) examines and classifies each location in the

detection and in false detection rate. image at different scales. Then, in a second stage, the sys-
. tem tries to eliminate false detections based on two heuris-
1. Introduction tics.

The problem of object detection can be seen as a classifica-
tion problem, where we need to distinguish between the ob-
ject of interest and any other object. In this paper we focus
on a single case of the object detection problem, detecting
pedestrians in images.

The system uses PCA as a classification tool; the main
idea is that PCA can compress optimally only the kind of
images that were used to do the PCA, and that any other
kind of image will not be compressed well in a few at-

; T . . tributes, so we do PCA separately for positive and nega-
Pedestrian detection is more difficult that detecting many tive examples, when a new pattern needs to be classified we
other objects due to the fact that people can show widely '

. . S 7 compare the reconstruction made by both sets of principal
varying appearances when the limbs are in different IC’OS"components (PCs). In order to improve the performance of

tions; in addition people can dress in clotheg with many dif- the classifier we have used the edge image as additional in-
ferent colors and types. For the characteristics of the pedesformation for it

trian class we need a robust method that can learn the high
variability n the pedes_trlan class. The reminder of the paper is organized as follows: Sec-
Many object detection systems that have been developed. : -
: : ion 2 presents a detailed description of the system. In Sec-

focus on face detection. One of the most successful is the,. )
. : . tion 3 the performance of our system, and a comparison

face detection system of Rowley et al. [10], which consists ., . . .

with similar systems are presented. Section 4 reports con-

of an ensemble of neural networks and a module to reduce_, . . S
clusions and possible directions for future work.
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Figure 1: Architecture of the system for pedestrian detection in images

2. The Detection System with increases of approximately 17% in every cycle, thus
21. 0 . f Svst Architect the image is processed with 12 different scales that are the
-4 DVerview of system Architecture following: 0.26, 0.3, 0.35, 0.4, 0.47, 0.55, 0.64, 0.74, 0.86,

The system works scanning the whole image by means ofl, 1.17 and 1.35, this implies that pedestrians of size be-
a detection window of size 105x45 pixels; the window is tween 78x33 and 404x173 pixels will be detected by the
shifting with two pixel jumps to accelerate the process with- system.

out losing a lot of information from one window to another.

We need a classifier that decides for each window if it con- L .
all scales, a second process eliminates some detections that

tains a pedestrian or not. The construction of the classi- believed to be false detecti The f in which thi
fier is the most complicated stage, we have created a classic © PS!€Ved 0 DE laise detections. The form in which this

fier based on image reconstruction with PCA , this classifier proiessvvvrozliisn:s ellrrr]lénaltilr:gigntf}[?ndei:]ecgo?s :Ihit dt(; ntotvrer—
uses beside the gray level image, the edge image. peat severaltimes and € ating the detections that ove
. . : . . lap.
The scanning of the whole image is part of an iterative
process where the image is resized several times to achieve Figure 1 shows the complete process to detect pedestri-
multi-scale detection. For our experiments, the image hasans in an image, starting with the gray level image and fin-
been scaled from 0.26 up to 1.35 times its original size, ishing with the image with the detected pedestrians.

When the system has finished examining the image in
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mation about color and texture therefore they present less
variation among pedestrians. Figure 3: Image Reconstruction with different sets of PCs.

In row a) the original images, in row b) the images recon-
structed using 100 PCs obtained from pedestrian images

2.2. Stage 1: A Classifier based on Image Re- and in row c) the images reconstructed using 100 PCs ob-

Figure 2: Edge Images. The edge images eliminate infor-

tained from non-pedestrian images. We can see that for both
the gray level images and the edge image, the pedestrian

In this stage we present a classifier that decides if an imagdmages are better reconstructed with the PCs obtained from
of size 105x45 belongs or does not belong to the pedestriarPedestrian images (row b) than with the PCs obtained from
class. This classifier is based on doing image reconstructionon-pedestrian images (row c). This does not happen with
using PCA and comparing the reconstructed with the orig- the non-pedestrian images, which are better reconstructed
inal images. First, the reasons to work with both the gray With the PCs obtained from non-pedestrian images (row c).
level image and the edge image are explained, later it is ex-
plained how the reconstruction of an image is performed ) )
using PCA and finally, we present the way in which a clas- 2-2-2- Image Reconstruction with PCA
sifier can use these reconstructions to decide if an imagewhen we speak of reconstructing an image with PCA, what
belongs or does not belong to the pedestrian class. we understand is to project the image into the PCs, and from
this projection, we try to recover the original image.

Let A be the matrix withn, PCs andX the mean object,

2.2.1. Edge Images obtained when we do PCA with a set df input images,

) ) _ and suppose that we want to reconstruct an image of size
Because pedestrians appear in many colors and d|fferenglo5x45' which is described by the column veciasf size

textures, it is not advisable to use characteristics based ory725¢1 what we do first is to obtain the difference with the
color or texture to do pedestrian detection, for this reason, jean object.

we have chosen to use the edge image with the idea of ob-
taining the typical silhouette of a pedestrian and to eliminate
a lot of useless information for the classifier.

The edge images were computed usirandy Sobel fil-

construction with PCA

d=I-X

Next we obtain the projection

ters, this edge image serves as complementary information pP=AT.®
to the gray level image and it allows the classifiers to obtain
more data to decide if an image is a pedestrian or not. Finally to obtain the reconstructiaf of the image starting

In Figure 2 we can see examples of the correspondingfrom projectionP, we do the following operations
edge images of some pedestrian gray level images. In these
images we can observe that although the gray level images I'=A-P+X
are very different in color and background, the edge images
present fewer changes from one image to another. This iSThe more PCs we use to obtain the projection, the less loss
the reason why the edge images are very important to helpof information we will have, therefore the reconstruction of
in the classifiers’ task. the image will be more accurate.
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Figure 4: Process to eliminate single false detections. In Figure (a) we can see the original detections found by the classifie
In Figure (b) each detection is grouped with those detections whose centroid is in the same neighborhood. Finally in Figure
(c) we have the grouped detections composed by two or more original detections.

2.2.3. Classification using Reconstruction 5. Obtain the edge image from the gray level image.

By dEfinition, PCA looks for the set of PCs that better de- 6. Do four reconstructions, two from the gray level im-
scribes the distribution of the data that are being analyzed. age and two from the edge image, using in every re-
Therefore, these PCs are going to preserve better the infor-  cgonstruction one of the four sets B 's.

mation of the images from which PCA was performed, or ) ) o ]

of those that are similar, thus, if we have a set of PCs that /- Compare the reconstructions with the original im-
was obtained from a set of pedestrian images only, these ~ 29€s, pixel to pixel, in order to obtain four differences
must reconstruct better the images of other pedestrians than dy, da, d3 anddy.

any other type of images, and viceversa, if we have aset of g Add the two differences obtained in the reconstruc-
PCs obtained from images of anything except pedestrians, tions with the sets of°C's obtained from pedestrian

the reconstruction of the pedestrian images will not be as imagesd; andd,, to obtain the difference with respect
good. We can observe this fact in Figure 3, both for gray to the pedestrian class,.

level images and for edge images. ) ) )

image reconstruction with PCA, which decides if an image tions with the sets of PC's obtained from non-
belongs or does not belong to the pedestrian class. The  Pedestrian images; anddy, to obtain the difference
algorithm to do this classification is the following: with respect to the non-pedestrian cldss.

] o 10. Define the classification vallé = D,, — D,,.
Before doing any classification:
11. Classify the image according to the following criterion
1. Perform PCA on the set of pedestrian gray level im-

ages to obtaiPC's; . { Pedestrian Y >0

. . Non-pedestrian Y < 0
2. Perform PCA on the set of pedestrian edge images to P

obtain PC'ss. . .
2.3. Stage 2: Reduction of False Detections by
3. Perform PCA on the set of non-pedestrian gray level means of Heuristics

images to obtairPC'ss.
g ° The output after classifying all the windows of the im-

4. Perform PCA on the set of non-pedestrian edge age in multiple scales still contains an important number

images to obtairPC's,. of false detections, in this stage we present two heuristics

that allow to diminish the false detections by means of two

When we want to classify a new gray level im- processes, namely, eliminating single detections and elimi-
age: nating nearby detections.



Figure 5: Process to eliminate nearby false detections. Figure a) shows the detections found by the classifier. Figure b
shows the grouped detections. In Figure (c) the grouped detections with the gfeatestnce have been preserved and
the nearby grouped detections have been eliminated.

2.3.1. Eliminating single detections nevertheless, we observe that usually the biggest detections
As we can see in Figure 4(a), most of the pedestrians aréVer® the correct ones, due to the fact that_ frequently arms,
detected at multiple nearby positions and scales, while false©9S and head are confused with pedestrians, so when we

detections usually appear at a single position. This observaneed to decide among a set of detections that are in the same

tion allows us to eliminate some false detections, eliminat- '€9i0n. we must consider the number of times that they have
ing detections that appear only once. been detected originally as well as the size of the detections.

Each detection found can be grouped with those detec- 10 achieve this, the detections that compose a grouped
tions whose centroid is inside the same neighborhood, ob-detection are weighted by their height, then the grouped de-
taining a new set of detections which we will call grouped t€ction with the greatestreference, according to the next
detections, composed by one or more of the original de-ormulais chosen.
tections. Once we have the set of grouped detections we
will ignore the original detections, and we will eliminate
the grouped detections composed by only one original de-  where Detections is the number of original detections

Preference = Detections - Weight(height)

tections. We can see this process in Figure 4. that compose the grouped detection that we are evaluating
and Weight is a function that determines the value that
2.3.2. Eliminating nearby detections each detection has, according to théght of the grouped

If a window is identified correctly as a pedestrian, then it is detection, and itis given by the formula:
very likely that there are no pedestrians either above or be- . ) Ty 2
low it, and if there are pedestrians beside it, they cannot be Weight(height) = (height — 50)

too overlapped. This heuristic allows us to eliminate nearby  There are very few cases where this heuristic does not
detections. With this purpose, we define a region around ayork, and thus it allows to eliminate many false detections
detection which we are going to use to eliminate any detec-yhen the classifier confuses the arms, the legs, or some
tion whose centroid is inside this region. The size of the giher object with a pedestrian. In Figure 5 it is possible to

region was defined empirically as 1.4 times the detection see an example where some false detections are eliminated
height upwards and downwards from the centroid and be'applying this heuristic to the output of the classifier.

tween 0.5 and 0.75 times the detection width towards each
side of the centroid. _ 3. Experimental Results

Until now we know that when two detections are in the
same region we must eliminate one, but how are we goingAs we explained in the previous section, we need a set of
to decide which one we are going to maintain? The most pedestrian images and a set of non-pedestrian images to ob-
reasonable way to choose one would be to maintain thetain the four sets of PCs from which we are going to perform
grouped detection composed by more original detections,the four reconstructions.



Comparison to other Systems dows examined. Also we can see that our system has better
- ‘ - performance that the best reported in the literature of pedes-
: / . trian detection in systems than do not assume any a priori
i scene structure or use any motion information.
Figure 7 shows the result of applying the system to sam-
ple images in cluttered scenes under different lighting con-
ditions.
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. 4. Conclusions and Future Work

Pedestrian Detection Rate (%)

In this paper we have presented an object detection system

By __2.__ Qur system: &n Ohject Detection System using Inage Reconstruction with PCA,. 1 fOI’ StatIC |mages, WIthOUt aSSum|ng any a prIOI’I knOW|edge,
Our system before the Reduction of False Detections by means of Heuristics . .ge B . .
55 = papogeorsiou Ohyect and attern Detection 1 Video Secence 9], 1 applied to the specific problem of locating pedestrians in
Mohan et. sl Example-based Chject Detection in inages by Components [4], [5] .
5ol = = = = ; cluttered gray level images.
0 0 10 10 0 10 Our system is able to detect frontal and rear views of

False Detection Rate

pedestrians, and usually it can also detect side views of

Figure 6: ROC curves comparing the performance of our pedestrians despite not being train_ed for this_ task.
system versus the best reported in the literature. The detec.—ts 'I(':r;e :g'(l:'(t:estz chap?orgotrhzeri%ssttnirf] ?heff]tf'gpmcggﬁstggr
tion rate is plotted against the false detection rate measured pabriity o captu >IN '
on logarithmic scale allows to distinguish between a pedestrian image and any
' other image in the huge universe of non-pedestrian images.
The current system does not work as well for side views
The pedestrian images were obtained from the MIT of pedestrians as for pedestrians in frontal or rear views.

pedestrian database, which contains scenes with pedestril® SOIVe this, we can add side views of pedestrians to the

ans in frontal or rear views. We convert these color images "ining sét, orwe can create an additional part of the system
to gray level images and we crop part of the background that could be specialized for these VIEWS. ,
to diminish the variation that exists among pedestrian jm-  Another way of improving the system’'s performance is
ages, finally obtaining a set with 500 gray level images. The to obtain more positive and negative examples for training.

set of negative images had 2315 images that were obtainedV€ Only use 500 positive examples and 2315 negative ex-
randomly from a set of 90 images of scenery that did not amples, while other works in object detection use around
contain any pedestrian. 2000 positive examples and 10000 negative examples.

In the experiments we used 200 PCs in each set, that A promising dire_ctior_l for futu_re work is to apply the
contain between 75% and 85% of the variance, to do themethOd presented in this paper in a component-based ap-

reconstructions. It was observed that this number of PCSproach.. This approach has shown better perfprmance in
allowed a good classification. pedestrian detection (see [4] and [5]) than a similar full-

The system was tested with a database containing 2ozP ody pedestrian detecto.r [61, [71, [9]' :
I . : . The framework described here is applicable to other do-
pedestrian images in frontal or rear view to determine the

pedestrian detection rate; these images were not used b mains besides pedestrians; it may be generalized to the de-

fore. The false detection rate was obtained by running thee[ ect!on of several different types of objects, such as faces,
vehicles and others.

system over a database with 17 images that did not contain .
) . . We have presented a classification method based on PCA
any pedestrian; by running the system over these 17 Imagesé\pplied to tk?e pedestrian detection problem. The edge im-
4,850,103 windows were classified. ) ' o
. . age helps to improve the performance of the classifier, how-
In general, the performance of any_(_)bject det_ectlon SYS“aver it is not necessary if we were working in a domain
:Emfs?owds atltr?_deoff ? etv\X/een thtehposm\t/e detectlt%n r{f"tet"_m‘ﬁifferent from images. It would be interesting to investigate
€ lalse detection rate. Ve ran the system over the test Mg approach described in this paper could be extended to
ages at several different thresholds. The results were plotte ther classification problems besides object detection.
as a Receiver Operating Characteristic (ROC) curve, given
in Figure 6; we also show results before the reduction of
false detections by means of heuristics. The curve indicatesR eferences
that the system achieves a detection rate of 99.02% with
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Figure 7: These images demonstrate the capability of the system for detecting people in still images with cluttered back-
grounds.
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