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Abstract three different scales using a set of 1000 real images. The

matching function is executed on three different probability
Pedestrian detection is a challenging vision task, espe-maps and, after a threshold with a Bayesian classifier, local
cially applied to the automotive field where the background maxima are identified as pedestrians.
changes as the vehicle moves. This paper presents an ex- |n [4] a pedestrian border template hierarchy is used in
tensive study upon human body models and the techniquegrder to perform a coarse to fine detection. This hierarchy
suitable for being used in a pedestrian detection system.can automatically be constructed off-line from available ex-
Several different approaches for building model sets, suchample templates.
as synthetic, real, and dynamic sets are presented and dis- | [5] a two steps detection and tracking method is pro-
cussed. Comparative results are reported with reference toposed: the detection is performed by selecting candidates
a case study of a real system. Preliminary results of cur- searching for hot spots in the image and classifying them
rent research status are shown together with further devel-yith a support vector machine, properly trained with a set
opments. of images.

A group of methods for detecting pedestrians use a shift-
ing window of variable size: once the window has been ex-
tracted from the image, feature extractors operate on it using
standard pattern classifiers for determining wether a feature
is present or not. These types of detectors are distinguished
by the classifier used. In [6] [7] Haar wavelet and PCA
pare used. In [2] each test window content must survive a

value-added products and the latter wish to buy safer Vehi_cascade of classifiers, that first look for simple features and
en for complex ones, thus reducing computational time.

cles. Several detection techniques and hardware system o 9 e
A pattern surviving to the whole classifier cascade is finally

have been investigated such as stereo [1], motion detec- \ed as bei destri
tion [2], and the use of far and near infrared sensors. Somnarked as being a pe estr!an. . )
Other systems [8] combine the use of stereo vision with

of these approaches rely on the matching between features

extracted from the image and features extracted from a sin.1eural network classifiers or use stereopsys to obtain a V-
gle or a set of human models stored in a predefined or dy_d|spar|ty image [9] suitable for finding obstacle position.
namically updated database. Stereo infrared systems have also been developed as ex-

plained in [10]. Hot spots are extracted from the images and
a blob-level stereo triangulation is operated; optical flow is
1.1 Related works used to establish if an obstacle is stationary or moving and

In the following section some pedestrian detection systems? final validation step is performed using an SVM pattern

are considered, each using different techniques. Being &classifier.

very hot and new research topic, all these methods present

situations in which their behavior is not sgtisfactory. E\{en 1.2  Our contribute

the system we propose has some open issues that will be

discussed in the concluding section. The system presented in this paper is a three-step algorithm
[3] describes a system that detects and tracks pedestrithat operates on a single stream of images taken from a far

ans using a probabilistic template. The template is built in infrared camera [11]. The algorithm uses considerations on

1 Introduction

Pedestrian detection for automotive applications is currently
one of the most hot and skilling research task in artificial vi-
sion. This kind of application is attractive for both manufac-
turers and users. The former are interested in selling hig
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through a higher level step based on shape and/or thermal
patterns to remove candidates that do not feature a human
shape. This section will present different methods that have
been tested to remove false positives.

2.1 Simple models

Initially, a very simple morphological filtering was devel-

oped to discriminate bounding boxes actually containing
pedestrians from false positives. That filter was based on
a pattern matching with a simple binary mask representing
a rough human shape, shown in figure 1. The model was
resized according to the size of the bounding box, and then
matched to the grey level original image. The mean value

symmetries and vertical edges to extract all possible candi—and variance were computed in the hot (white) region repre-
Y 9 P senting the human body, and in the cold (black) region rep-

dates to be classified as pedestrians in the analyzed imager’esentin the backaround. The obtained values were com-
then it filters out those who cannot be pedestrians due to ared toga threshol% in order to rate the match. The aim of
their aspect ratio and particular shape features. The set o , - . ;
remaining candidates are matched to a set of models. Thos he filter was to eliminate the candidates that did not match
that pass this test are classified as pedestrians and their fea- eTrrr:.odeI or werelnot suffr|10|:ant!y r:Ot' del adaots t ¢
ture such as distance and size are computed. The selection IS very simple morphological mode! adapts 1o mos
of models and the match itself are the focus of this study. standmg pedestrians, .bUt shows Its limits W't.h walking
The approach to candidates validation is based on match_pedestrlans or lateral views of crossing pedestrians. More-
ing with shape models. This technique is promising since over, the uniform color of the model does not fit the various

the extraction of the correct set of pedestrian candidates intexture of real pedestrians.

an image using symmetries appear robust in most of the
scenes. 2.2 Different postures and clothing charac-
This approach, as explained later in the paper, leads to teristics
appreciable results, especially from the false positives point
of view: their value is significantly lower than that of other The morphological match phase was then improved using a
similar systems. grey-scale 3D model of the human shape (see figure 2) and
This paper deals with the different approaches that haveUsing a better pattern-matching algorithm. This new model
been tested for validation, describes the current state ofcan represent different postures and attitudes of the human
the research, and traces some lines for future development§hape and can be computer generated from different points
showing preliminary results for new approaches currently Of view to achieve a better adaptability to real situations.
under test. The model was scaled to the bounding box size and over-
Section 2 will describe the different investigated ap-
proaches: from the first static model, to the walking pedes-
trian model set, to dynamic models. Correlation techniques
are also discussed in section 3. Section 4 shows the differ-
ent methods used to evaluate the algorithms and correlation
performance and section 5 concludes the work discussing
current results and anticipating some guidelines for future
work.

Figure 1. The simple model encoding the morphological
characteristics of a pedestrian.

2 Model-based validation ap-
proaches

The low-level phase based on vertical edges and symme- _ _
try provides interesting regions (bounding boxes) which are Figure 2: The 3D model encoding the morphological char-
likely to contain pedestrians. These regions are validatedacteristics of a pedestrian.



Figure 3: A few models representing different clothings,

postures, and points of view Figure 4. Examples of 8 points of view for a standing and

walking pedestrian.

lapped to it using different displacements to cope with small  Thjs filter proved to be effective in most cases both in the
errors in the localization of the box. The matching was im- jdentification of pedestrians and in the exclusion of bound-
plemented through a simple and fast cross-correlation func-ing boxes that do not contain humans. Anyway, the local-
tion. The result was a percentage rating the quality of the jzation of pedestrians was difficult in some situations such
match. A threshold was applled for the final evaluation. as bikerS, running pe0p|e, or when the bounding box was

The idea of generating the models at run-time and per-not precise. In addition, false positives can be generated by
forming an exhaustive search for the best configuration wastall and slim objects such as trees and poles (an example
discarded, since it is time consuming and does not fit real-of false positive is displayed in figure 5). For this reason,
time criteria. A selection of pre-computed configurations further investigations on 3D models and the match function
was chosen. were performed.

The possibility to adapt the models to real images at-
tributing different grey values to the body parts in order
to encode different body temperatures was also considere
and tested. In fact, generally head and hands are not covThe 3D models used for the match are of paramount im-
ered by clothes and thus are warmer than the trunk or limbsportance for a correct detection of pedestrians. The larger
both in winter and summer. Figure 3 shows some examplesthe model set, the higher the probability that a model repre-
of models representing different clothings. Anyway, tests senting each pedestrian to be validated is available. Unfor-
proved that these characteristics were difficult to match in tunately, only a reduced number of models can be used for
real cases. Better results were obtained using a high numbematching since the match must be performed in real-time.
of different shapes without encoding thermal differences. Thus, a careful choice of the best set of models is manda-
tory. Some tests were performed using a different model set
(see figure 6). A black border and white noise were added
to the background in the image model. The underlying idea

5.4 Exploiting sensor characteristics

2.3 Use of a large model set

Most of the investigation was focused on using a high num- Was to simulate

ber of different shapes. Two degrees of freedom are suffi- e the black halo around the pedestrian (this is a typical
cient to obtain a good match in most situations and are used characteristic of the sensor when framing hot objects),
to generate the complete matching set: posture and point
of view. A third degree of freedom (size) is implicit in the
matching process. A first set of 8 configurations obtained Even if this idea seemed promising the results were not
combining 4 points of view with 2 positions were initially appreciably better than the previous ones. To improve re-
tested but demonstrated to be not sufficiently reliable. A sults a different shaping of the background noise distribu-
set of 72 configurations were finally chosen. They were tion (better than the uniform one) could be obtained mea-
obtained combining 8 different points of view with 9 posi- suring statistics in the border area of each bounding box
tions (one standing and 8 walking). Figure 4 shows part of under consideration. This idea is currently under test.

the 72 configurations. They were generated taking also into

account the actual viewing angle, orientation, ar_1d height2_5 Fat models

of the camera on the test vehicle. A new synthetic model,

smoother than the previous one was generated to build theThe models used by the algorithm demonstrated to be ap-
set, eliminating joints to be closer to real cases. propriate in most cases, anyway they looked too slim and

e and the noise present in the background.



Figure 6: Models with noisy background.

Figure 7: Fatter models increasing similarity to real cases.

Figure 5: A false positive generated by a tree and a car.

Top: original image. Bottom: image with the erroneously Promising results have been obtained with a set of 50 real

detected pedestrian. models, however it is reasonable to think that performance
might be substantially improved by enlarging the set. Fur-

_ ther investigations are under development.
stiff compared to real human shapes. Other models, more | order to build a large set an automatic procedure

similar to a real human shape, were generated: the bodyyoyld be desirable. Since the method used to measure per-
and the limbs are fatter, the head is tilted forward for the formance is based on the match with ground truth data ob-
lateral views, and the arms are bended. Moreover, a lightefigined by a manual annotation of pedestrians in each frame
color was used for the head and hands compared to the bodys 5 video sequence (see section 4.2), the set of real models
(see figure 7). Some tests were made with these models agyy|q also be automatically generated using this informa-
well: results improved but not substantially (the false pos- tion, The model set that is generated by this automatic tool

itive number decreased of 0.03 per frame and the correcicontains an extremely large number of candidates, therefore
detection rate increased of 1%). the set needs to be reduced.

2.6 Real models

The collection and use of models taken from real images hag@f
also been considered. A set of real models taken from sev
eral pre-recorded video sequences has been manually ge
erated. The set is representative of pedestrians with differ-
ent clothes, posture, and positions. In this way the different
heat emission of the body parts is also considered. The el
ements of the set have been selected considering also the
frequency of match on image sequences different from the

ones used to extract them (see section 4). Some examples
are shown in figure 8. Figure 8: Some examples of real models.



Usually, in order to achieve good correlation results, validation step [12].
background should be removed, this operation can be per- Anyway, the main disadvantage of the use of dynamic
formed manually by a human operator or automatically. models is an appreciable increment of false positives. In
Unfortunately, automatic background removal is not triv- fact, when an object is erroneously validated as a pedestrian,
ial since background texture may be very complex. To sim- a dynamic model is created for it and it will probably be
plify this process itis possible to extract pedestrian from ad- recognized in the next frames as well. This negative effect
hoc image sequences acquired with a uniform backgroundmay be attenuated improving the robustness of the match
which can be easily removed by an automatic system. with static models, but it is still an open problem.

Results computed on a test video sequence shown a +3%
detection rate improvement against an increment of 0.03
false positives per frame.

Once a bounding box has been validated as a pedestrian

through the match with a model (synthetic or real), the box

itself can be used as a model for the next frame implement-2.8  3-blocks models

ing a sort of visual tracking. In fact, the appearance of a

pedestrian is very similar in consecutive frames, therefore One of the approaches under evaluation is the use of models
the cross-correlation is very high if the model to be com- divided into 3 parts. In the image of a pedestrian three sec-
pared to the pedestrian is represented by a shot of the sam#ons can be individuated: head, trunk and arms, and legs
pedestrian taken a very short time before. In this case, aas shown in figure 9. The detection of head and legs is eas-
better match for the background is also found. ier with respect to the detection of the trunk, due to their

To implement this idea, a list of dynamic models is cre- small area, low texture content, and very specific shape. On
ated and appended to the static one using the pedestrian#ie other hand, trunk and arms may have a high variance of
validated in the current frame. The complete list of static Size and texture and a less defined shape. Thus computing
plus dynamic models will be used for the next frame. Dy- the matching value with three different weights and weight-
namic models have a one-frame lifetime and are matcheding head and legs more than the body part leads to better
first. In case a match is not found, static models are thenresults.
used. Since dynamic models present a good correlation, a
higher threshold is used for them.

The number of dynamic models is small, and they are
very likely to be matched in the next frame as well. When
this happens the match with the whole static model set is not
performed, thus saving computational time. A performance
increase of at least 25% has been obtained. However this
value strongly depends on the used threshold.

Moreover, since a dynamic model derives from a pedes-
trian appearing in the previous frame, it makes sense to
match it only to that candidate found in the current frame
which can reasonably correspond to the same pedestrian. A
criterion based on the position in the image gives poor re-
sults due to vehicle motion (an object can appear in very
different positions of the image in two consecutive frames
in case the vehicle is yawing). Conversely, dynamic models
are considerate only for candidate bounding boxes not too
different in size from them. This allows to save additional Images in the IR domain are characterized by the ab-
time. Obviously, the knowledge of data about the vehicle sence of texture. Thus, once the head has been found, it
ego-motion could help in restricting the range of possible is not necessary to repeat this search for every model, and
choices for the bounding boxes in the next frame. However, time can be saved in order to test more legs and body con-
this would entail labelling and tracking objects not yet clas- figurations. This approach is currently under investigation.
sified as pedestrians. Tracking objects at this stage presentBreliminary results on a test sequence seems to be promis-
some drawbacks: the number of objects may be high and,ing showing a considerable increment of 5% in the detection
most important, since it is not confirmed that the object is a rate versus a neglectable increase of 0.02 false positives per
pedestrian, the tracking model could fail. For these reasonsframe. However this technique still need further develop-
the choice made was to perform tracking after the following ment.

2.7 Dynamic models

Figure 9: The three parts of the pedestrian image. Numbers
represent the weight used in the correlation computation.



3 Matching methods

Other methods have been tried to match models and
pedestrians in the boxes. An idea was to compute the vari-

In this section several considered approaches regarding thance in the box and use it to discriminate between back-
match function, are discussed considered. The first testedground and pedestrians, which should have a higher vari-

ideas were:

e matching contours instead of grey-level pixels (see fig-
ure 10),

e matching binary images (see figure 11).

Figure 10: Matching contours: an original image and a
model.

Figure 11: Matching binary images: an original image and
a model.

In this case the algorithm correlates models and bound-

ing boxes binarized according to the following threshold:

In (01) +
02
were u is the averagey the standard deviation, under-
script 1 refers to the area inside the pedestrian (estimated
using the model) and underscript 2 to the background. This
correlation approach proved to produce good results where

the difference between the pedestrian and the background
brightness is high. Unfortunately, results are not satisfac-

0102 O1fe + O2f41

o1+ 02

threshold =

o1+ o2

ance. Figure 12 shows a false positive that this method
is able to eliminate. However, this method does not work

properly when pedestrians stand close to large hot objects,
and also small hot objects can cause false positives.

Figure 12: A false positive that can be eliminated using vari-
ance.

Another idea was to build the grey level histogram of the
box and compare it to a reference histogram which char-
acterizes a pedestrian. Unfortunately, the real signature of
pedestrians varies according to the clothing. For example,
figure 13 shows how a pedestrian wearing a jerkin may have
a very dark trunk.

A further method investigated was to compute the dis-
tance between the average grey tone of the pedestrian area
and the background one. The method, even if very simple,
works quite well when the pedestrian is highly contrasted
with respect to the background, however may fail in differ-
ent cases.

tory when pedestrians and background feature a similarFigure 13: An example of clothing masking the heat emitted

grey level.

by the body.



A specific tool was developed to compare different
matching algorithms, which allows to implement and test
different correlation functions. The tool loads all models
that should be tested, and the frame on which the test should |
be carried out. Models can be changed, made larger or
smaller, and they can also be stretched to adapt to the pedes§
trians in the image. The main advantage of the tool is that
it provides a visual output for the result of the match: the
model can be superimposed on the frame and moved, while
the tool dynamically updates an image containing the corre-
lation between the model and the portion of the frame where
it is positioned. Looking at this image makes it possible to
understand which portions of the model have a good match-
ing, and which ones do not. Moreover, every time the model
is compared with the frame, a value describing how good is
the whole match is computed. It is then represented in an-
other window by a pixel whose position is the same as the
central pixel of the model, and whose brightness depends on §
the computed value. This image then shows which position
gives the best matching.

The matching function that demonstrated the better be-
havior is the cross-correlation between grey-level images.

4 Performance

4.1 Models usage statistics

A tool to evaluate matching statistics for each model was
developed. A histogram is computed representing for each

model the relative number of times it was selected as theFigure 14: The usage statistics for the set of Synthetic mod-

best matching model. This allowed to analyze the matchingels: on the left the original model set, on the right the fatter
distribution for synthetic models on a long test sequence models set.

(about 4100 images): as shown on the left part of figure 14

most models are seldom or never selected, while a small

number of models are matched most of the times. This con-__USing this tool it is possible to compute the pair (CDR,

sideration suggests the set of model be reconsidered. FPN) for different values of the algorithm parameters in or-
Statistics have also been measured for fatter models orfl€" t0 obtain ROC curves. This allows to fine tune the pa-

the same test sequence. A better frequency distribution cafameters and assess the performance of the system.

be observed in this case (see the right part of figure 14). All the performance figures presented in the paper are
expressed in relative terms with respect to the original al-

gorithm performance measured on a 4111 frames test se-
4.2 ROC Curves guence framing a variety of different urban scenes. In

fact, during statistics computation it has been observed that
In order to evaluate algorithm performance, a tool, de- gpsolute results are heavily dependent on the selected se-
scribed in [13], has been developed. An operator manuallyguences. A very long (30 minutes or more) sequence for
annotates on a file the pedestrians position in each frame usghich ground truth is available, is supposed to be necessary

ing a graphical interface studied for minimizing the number i, order to supply consistent numbers to the reader.
of operation to be performed to accomplish the task. The

algorithm under test uses a library to write another file con-

taining the processing results. The two files produced are5 Conclusions and future works

then analyzed by a statistics computation tool that extracts

the correct detection rate (CDR) and the number of falseIn this paper several techniques and approaches to human
positives per frame (FPN). models suitable to be used in the validation phase of a real



pedestrian detection system have been presented. The us{5] Fengliang Xu, Xia Liu, and Kikuo Fujimura. Pedes-

age of rough 2D and 3D models seems to be not satisfac-

tory due to the inaccurate matching with bounding boxes
containing real candidates. Lot of information is contained

in the borders of the framed pedestrian, thus a model that
takes in great account this feature, coupled with an appro-

priate matching function is better than a plain correlation on
pixel values.

The usage of models for candidates validation has also [7]
shown some intrinsic problems:

e it is difficult to obtain an exhaustive model set that

Another approach that is currently under test concerns

gives good results on very different scenes. This is

especially true for real models extracted from specific

sequences; results are promising, especially looking
at models’ frequency usage, but the set needs to be
very large and thus time consuming and not suitable
for real-time applications.

the correlation function used to perform the match is
the most critical choice, since it controls both the ac-
curacy and the time spent for each matching test.

the usage of models with additional information enclosed
within. These information must also be provided by the al-
gorithm in order to enforce the recognition process. Meta- [10]

data such as the head, hands, or feet position, can be added

to the model bitmap in order to obtain a more robust match-
ing and a shorter matching computation time.

A further development that could be investigated is the
join of rendered images with dynamic models. The im-

ages can be produced starting from a realistic 3D model of

a pedestrian animated with a 3D-modeler.
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