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Abstract
Robust, fast object detection systems are critical to the

success of next-generation automotive vision systems. An
important criteria is that the detection system be easily con-
figurable to a new domain or environment. In this paper,
we present work on a general object detection system that
can be trained to detect different types of objects; we will
focus on the task of pedestrian detection. This paradigm
of learning from examples allows us to avoid the need for
a hand-crafted solution. Unlike many pedestrian detection
systems, the core technique does not rely on motion infor-
mation and makes no assumptions on the scene structure or
the number of objects present. We discuss an extension to
the system that takes advantage of dynamical information
when processing video sequences to enhance accuracy. We
also describe a real, real-time version of the system that
has been integrated into a DaimlerChrysler test vehicle.

1 Introduction
The robust detection of pedestrians is a potentially im-

portant application for next-generation automotive vision
systems. This paper describes a general example-based ap-
proach to object detection that has been primarily applied
to detecting people. Since it is trainable, applying the sys-
tem to a new domain – faces or cars, for example – simply
involves plugging in a new set of training data, making the
system easily portable.

One of the keys to our system’s performance is the rep-
resentation we use, an overcomplete dictionary of Haar
wavelets. This allows the system to identify the impor-
tant characteristics of the people class while ignoring noise
present in the pixel-level representations. Using a large set
of positive and negative examples, we train a support vec-
tor machine classifier to differentiate between people and
non-people. In Section 3, we describe some comparisons
across different feature classes and different feature set
sizes, showing how these affect the detection performance.

To detect people in images, our core static detection sys-
tem implements a brute force search. An important aspect
of our system is that, unlike previous work in people detec-
tion ([16] [6] [12] [18] [4]), it does not rely on motion or
tracking and makes no assumptions about the scene struc-
ture, number of people in the scene, or camera movement.
Directly applying this static approach to video sequences

ignores significant dynamical information. In these cases,
the system can be enhanced to use this dynamical informa-
tion when it is available; such an enhancement is presented
in Section 5.

This paper also describes a real-time version of our
pedestrian detection system as a module in the Daimler-
Chrysler Urban Traffic Assistant. This integrated system
achieves processing rates of 10Hz.

2 System architecture
In this section we describe our static detection system.

The key components are the overcomplete Haar dictionary
and the support vector machine classifier.

2.1 Representation
To train our system, we have gathered a set of 1,800

example color images of people that have been aligned
and scaled to the dimensions 128 64. The images were
taken in Cambridge and Boston during different seasons
with Kodak DC50 and Sony DKC-ID1 digital cameras and
a Sony DCR-VX1000 digital video camera. The images
show people in many different poses (frontal, rear, side
walking, side standing), under different lighting conditions,
and with varied backgrounds. Some example images from
our database are shown in Figure 1.

Perhaps the most important issue in the development of
an object detection system is the representation of the object
class. Images of people show a great deal of variability in
the color, texture, and pose as well as the lack of a constant
background. If we tried to learn the structure of the people
class using a pixel-based representation, it is not likely to
succeed due to the lack of consistency in the patterns at this
level of detail. A similar argument could also be used in
considering a traditional edge-based approach.

To circumvent these difficulties and provide a represen-
tation that achieves high inter-class variability with low
intra-class variability, we use an overcomplete dictionary
of Haar wavelets. This dictionary contains a large set of
features that respond to local intensity differences at several
orientations.

For a given pattern, the wavelet transform computes the
responses of the wavelet filters over the image. Each of the
three oriented wavelets – vertical, horizontal, and diago-
nal – are computed at several different scales allowing the
system to represent coarse scale features all the way down



Figure 1. Example images of people used in the training database of our static detection system.
The examples show variation in pose, color, texture, and background.

Figure 2. The top row shows the three ori-
entations – vertical, horizontal, and diago-
nal – of the 2D wavelets. The bottom row
illustrates the difference between the stan-
dard wavelet shift and our quadruple density
transform.

to fine scale features. In our system for people detection,
we use the scales 32 32 and 16 16. In the traditional
wavelet transform, the wavelets do not overlap; they are
shifted by the size of the support of the wavelet in and

. To achieve better spatial resolution and a richer set of
features, our transform shifts by 1

4 of the size of the sup-
port of each wavelet, yielding an overcomplete dictionary
of wavelet features. This results in a 1,326 dimensional
feature vector for each pattern, which is used as training
data for our classification engine. Figure 2 shows the three
orientations of the Haar wavelets and the quadruple den-
sity shift. More details on wavelets and our version of the
wavelet transform can be found in [7] [14] [10] [8].

There is certain a priori knowledge embedded in our
choice of the wavelets. First, we use the absolute values of
the magnitudes of the wavelets; this tells the system that a

dark body on a light background and a light body on a dark
background have the same information content. Second,
we compute the wavelet transform for a given pattern in
each of the three color channels and then, for a wavelet
of a specific location and orientation, we use the one that
is largest in magnitude. This allows the system to use the
most visually significant features.

2.2 Support vector machine classification
Support vector machines (SVM) is a principled tech-

nique to train classifiers that is well-founded in statistical
learning theory; for details, see [17] [2]. Unlike traditional
training algorithms like back propagation which only mini-
mizes training set error, one of the main attractions of using
SVMs is that they minimize a bound on the empirical er-
ror and the complexity of the classifier, at the same time.
In this way, they are capable of learning in sparse, high-
dimensional spaces with relatively few training examples.

This controlling of both the training set error and the
classifier’s complexity has allowed support vector ma-
chines to be successfully applied to very high dimensional
learning tasks; [5] presents results on SVMs applied to
a 10,000 dimensional text categorization problem and [9]
show a 283 dimensional face detection system.

Using the SVM formulation, the classification step for a
pattern using a polynomial of degree two is as follows:

1

1 2 1

where is the number of support vectors – training data
points that define the decision boundary – and are La-
grange parameters.

2.3 Detecting people in new images
To detect pedestrians in a new image, we shift the

128 64 detection window over all locations in the im-
age. This will only detect pedestrians at a single scale,
however. To achieve multi-scale detection, we incremen-
tally resize the image and run the detection window over
each of these resized images. Figure 3 shows an example
of a sequence processed with our pedestrian detection sys-
tem. It is important to reiterate that no motion or tracking
is used and the system is classifying on the order of 25,000
patterns per frame. This brute force search over the image
is quite time consuming; several methods can be used to
reduce the computation (see Section 6).



Figure 3. Processing a sequence with our frontal, rear, and side view pedestrian detection system.
The system uses no motion or tracking; adding in this information would improve results.

3 Feature comparison
In Section 2.1, we discussed the characteristics of the

class of features the system extracts. Here, we provide
empirical results that show that using all the features leads
to a higher-performing system than if the dimensionality of
the representation is reduced using feature selection.

To determine the performance of a detection system, it
is necessary to analyze a full ROC curve that shows the
tradeoff between accuracy and the rate of false positives.
For the comparison, we train the system over a database
of 1,848 positive patterns (924 and their mirror images)
and 11,361 negative patterns. We emphasize that our ROC
curves are computed over an out-of-sample test set gathered
outdoors and over the Internet. Figure 4 compares the ROC
curves of several different versions of our system. They
are as follows:

color images with all 1,326 wavelet features

gray-level images with all 1,326 wavelet features

color images with 29 manually chosen wavelet fea-
tures

gray-level images with 29 manually chosen wavelet
features

gray-level images with 1,769 overlapping averages

Each of these systems uses a quadratic decision surface.
The 29 feature versions were developed to reduce the di-
mensionality of the inner product in Equation 1 and thus
lead to a faster system (see Section 6). The 29 “important”
features were manually chosen by looking at the average
magnitudes of the 1,326 wavelets over the positive training
data. The version using 1,769 overlapping 8 8 averages
is used to show that for the domain of people detection,
pixel-like features do not effectively encode the informa-
tion necessary to differentiate people from non-people – the
local intensity difference features are much better. We use

8 8 averages that overlap by 75% (in the same manner
as the overcomplete wavelets) instead of the 8,192 pixels
so that we can have a fair comparison against the 1,326
feature versions (so they have approximately the same di-
mensions).

As expected, using color features results in a more pow-
erful system than the gray-level versions. The performance
of the system with no feature selection is clearly superior
to all the others. Going to 1,326 gray-level features re-
sults in a drop in performance. Using 29 features decreases
the performance even more, but, depending on the target
application, could still offer acceptable performance. The
version using overlapping 8 8 averages performs rela-
tively poorly which seems to indicate that for people detec-
tion local intensity is not as important as the local intensity
differences, as we expected.

These results indicate that for the best accuracy, using
all the color features is optimal. When classifying using
this full set of features, we pay for the accuracy through a
slower system.

4 Training with few positive examples
One of the main attractions of the SVM framework is that

it controls both the training error and the complexity of the
decision classifier at the same time. This can be contrasted
with other training techniques like back propagation that
only minimize training error; since there is no controlling
of the classifier complexity, this type of system will tend to
overfit the data and provide poor generalization.

In practical terms, this means that SVMs can find good
solutions to classification problems in very high dimen-
sions; in addition to being a theoretically sound property,
this capability has been demonstrated empirically in the
literature in face detection [9], text categorization [5], and
people detection [11]. All of these systems and other ob-
ject detection systems ([15],[13]) use a large set of positive
examples in addition to a large set of negative examples.

Typically, we have cheap access to an unlimited number
of negative examples, while obtaining positive examples is
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Comparing features and feature set sizes for people detection

1326 color unsigned
1326 gray unsigned
29 color unsigned
29 gray unsigned
1769 averages

Figure 4. ROC curves comparing different
representations for people detection. The
detection rate is plotted against the false
positive rate, measured on a logarithmic
scale. The false detection rate is defined as
the number of false detections per inspected
window. The system using all 1,326 wavelets
performs much better than the others. The
version using overlapping 8 8 averages per-
forms relatively poorly; for people detection,
local intensity is not as important as the local
intensity differences.

relatively expensive. In our domain of people detection,
we invested significant effort in gathering a large num-
ber of positive examples. What if our detection problem
was such that we only had information about a small num-
ber of elements of the positive class? Figure 5 quantifies
the performance of our 1,326 wavelet feature color people
detection system when trained on 1, 10, and the full set of
1,848 (924 plus mirror images) people, each using the same
set of 11,361 negative training points. The size 1 and 10
training set experiments were each run 10 times; the figure
reports the average performance.

Even with a single example of our positive class, the
SVM finds a decision surface that performs quite well.
With 10 positive examples, the performance approaches
that of the system trained with the full data set of 1,848
positive examples.

5 Integration Through Time
Processing video sequences with our technique ignores

critical dynamical information since each frame is pro-
cessed statically. A complete detection system for video se-
quences could include dynamical models of the object and
tracking modules. Here, we demonstrate the impact and im-
portance of including dynamical information by presenting
a simple heuristic that serves as a zero order approxi-
mation to a Kalman-like model – we call this integration
through time.

Our heuristic smooths the information in an image se-
quence over time by taking advantage of the fundamental a
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Comparing positive training set size for people detection

1848 positive examples
10 positive examples
1 positive example

Figure 5. ROC curves comparing different
sized positive training sets for people detec-
tion. The full 1,848 example positive training
set is compared against 10 positive exam-
ples (averaged over 10 iterations) and 1 pos-
itive example (averaged over 10 iterations).
All of these different versions use the same
set of 11,361 negative training patterns.

priori knowledge that a person in one image will appear in
a similar position in the next image. The heuristic is based
on the observation that while the system does not often
miss positive patterns, there are on average several false
positives per frame. These false positives rarely persist.
We can smooth the results through time by automatically
eliminating false positives, detections at a certain location
that do not persevere over a small subsequence.

For a test sequence, using our heuristic that integrates
information through time results in 55% fewer false pos-
itives. This simple, yet powerful, integration scheme can
be enhanced into a more rigorous model in the future.

6 A real-time system
This section describes a real-time application of our

technology as part of a larger system for driver assistance;
the combined system, including our people detection mod-
ule, is currently deployed "live" in a DaimlerChrysler S
Class demonstration vehicle.

6.1 Speed optimizations
Our unoptimized static detection system for people de-

tection in color images processes sequences at a rate of 1
frame per 20 minutes. To increase the speed and open up
possibilities for the detection system’s use in practical ap-
plications, we have implemented optimizations that have
yielded several orders of magnitude worth of speedups.

subset of 29 features: Instead of using the entire set of
1,326 wavelet features, we use just 29 of the more important
features that encode the outline of the body. This changes
the 1,326 dimensional inner product in Equation 1 into a
29 dimensional dot product.



reduced set vectors: From Equation 1, we can see that
the computation time is also dependent on the number of
support vectors, ; in our system, this is typically on
the order of 1,000. We use results from [1] to obtain an
equivalent decision surface in terms of a small number
of synthetic vectors. This method yields a new decision
surface that is equivalent to the original one but uses just
29 vectors.

gray-level images: We use color images so that the
system will be able to take advantage of the most visually
significant information in the three color channels (RGB)
that gets washed out in gray-level images of the same scene.
Each of the image processing steps – resizing and Haar
transform – are performed on each color channel separately.
In order to improve system speed, our real-time version
processes intensity images.

Figure 4 explicitly quantifies the reductions in perfor-
mance that we must accept when going from color to gray-
level and from 1,326 features to 29 features.

6.2 Integration with the DaimlerChrysler Urban
Traffic Assistant

The DaimlerChrysler Urban Traffic Assistant (UTA) is a
real-time vision system for obstacle detection, recognition,
and tracking [3]. Thesystem uses stereo vision to detect and
segment obstacles and provides an estimate of the distance
to each obstacle. We can use this information as a focus
of attention mechanism for our people detection system.
Using the knowledge of the location and approximate size
of the obstacle allows us to target the people detection
system to process relatively small regions for just a few
sizes of people, instead of the entire image for all scales of
people.

The combined system runs at more than 10 Hz. The
portion of the total system time that is spent in our pedes-
trian detection module is 15 ms per obstacle. Within the
module, the smallest amount of time is spent in the SVM
classification step. This indicates that we may be able to
use a much larger set of features on the order of 100 or 200
without adversely impacting the speed.

7 Conclusion
Object detection is a key technology for many future

applications, among them automotive assistance systems.
We have described a general trainable system for object
detection in images that, when applied to pedestrian detec-
tion, achieves a very high detection accuracy with a low
false positive rate. Our system differs significantly from
previous work in that it is a pure pattern classification-based
approach; it does not use motion, tracking, or any informa-
tion about the scene or the camera. In this respect, it can be
viewed as a high-power detection system that can be com-
bined with other modules, that do tracking for instance, to
offer even better performance. We have presented a simple
heuristic scheme inspired by a Kalman filter to reduce the
rate of false positives by taking advantage of dynamical
information in video sequences as well as a real-time im-
plementation of our system as part of a driver assistance
system.
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