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Abstract

I n the area of pattern recognition lies the
problem of efficient pedestrian detection in
images. This problem arises from the neces-

sity of automated vigilance systems that issues
warnings where, or when, a pedestrian is de-
tected in a image, for example: automatic break
system for vehicles; civil disorder contention;
etc. The work presented in this extended ab-
stract is a brief description of the method de-
veloped in the master thesis, and the results ob-
tained. The method developed is based on out-
lier detection by means of principal component
analysis applied to the Histogram of Oriented
Gradients image descriptors. This method is to
be seen as a new approach to the weak classi-
fier in a meta-classifier, which achieves a level
of performance similar to a simple Adaboost
classifier, while using only positives examples
for the training.

1 Introduction

This work explores a new approach to the problem of
efficient pedestrian detection in digital photographs.

A digital photograph, in computer vision, is usually
represented by the additive colour model RGB: Red;
Green; Blue. Therefore the computer does not in-
terpret a photograph as an human does. Where the
human associate concepts/objects to a photograph
instead of it’s red, green or blue intensity. Given this
interpretation, of a digital photograph by a computer,
the task of pattern recognition in a digital photograph
is hard and complex to tackle globally. Therefore this
problem is approached locally, in other words, it is
chosen an pattern of interest, in this case pedestri-
ans, and then it is developed a method that detects

it in a given digital photograph. The task of pattern
recognition is usually done with either statistical or
deterministic methods as: Adaboost; principal com-
ponents analysis; etc.

The problem of pedestrian detection arises in the
context of automated vigilance systems as: auto-
matic break systems for vehicles; civil disorder con-
tentions; etc. This type of systems tries to increase
the human performance in a specific task, without
the need of additional human support. For example,
in a mall video vigilance system, where there are
fifty cameras and one person responsible for them.
This system could identify the cameras, where there
are a huge number of humans, as possible threats
and highlight them automatically.

This work will propose a new approach to the
weak classifiers used in pedestrian detection prob-
lems, this new approach is based on outlier de-
tection based on the dimensionality reduction by
principal components analysis applied to the his-
togram of oriented gradients image descriptors in-
troduced by [4]. This method is meant to be im-
plemented as a weak classifier and afterwards in-
tegrated in a more complex structure of classifiers,
meta-classifier, which was not explored in the origi-
nal work.

This paper is to be seen as an extended abstract
of the original work, and so, only the proposed
method and the final results will be explored. This
text will be divided in three sections: dimensionality
reduction and outliers detection rules; performance
evaluation and conclusions. The Dimensionality re-
duction and outliers detection rules section explains
the basis of the proposed weak classifier, the dimen-
sionality reduction by means of principal component
analysis and the outlier detection rules based in this
reduction. This weak classifiers receive as input
an image descriptor and outputs a result 1 (or 0) if
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there is (or not) a pedestrian in the respective im-
age. The Performance Evaluation section explains
the methodology applied in the evaluation of the
performance of this weak classifiers and presents
the performance obtained by the proposed method
compared to a simple Adaboost weak classifier. The
last section, Conclusions, will give an insight to what
was achieved in this work, as well, as future-work
possibilities that could increase the performance of
the proposed method.

2 Dimensionality reduction and
outliers detection rules

2.1 Dimensionality reduction

The Principal Component Analysis is a statistical
method of data transformation. This method relies
on the information associated with the data, such
as variance and co-variance, and calculates a new
coordinate system, for the data, maximizing data
variability in each coordinate and inter-coordinate
independence. The first coordinate will be a linear
combination of the original coordinates such that it
has maximum data variability, the second coordinate
is such that it has the second highest data variability
while being independent with the first, and so on.
This new coordinate system is denoted by Principal
Components where each component is orthogonal
with each other, this is assured by the independence
quality in the original dataset.

This Principal Components can be calculated with
algebra operations over the original data set D of
m objects characterized over p co-variables, m×p
dimension. To calculate the matrix A of principal
components, each column corresponding to a prin-
cipal component, one must first zero-center the data
setD over the p co-variables,X, such that the mean
of X over each co-variable p is 0. Afterwards it is
applied the singular value decomposition of X, s.t.
X = ULA′, where L and A are, respectively, the
values and vectors of the eigensystem calculated
over X ′X. It is important to note that if X ′X has in-
complete rank there are other methods to findA and
L, further details can be found in [16]. The Principal
Components of the data D is then the eigen vectors
in each column of A, by construction each vector is
ordered by the associated variability. The variabil-
ity associated with the i-th principal component is
measured by the respective eigen value, λi, while

the cumulative variability is given by
k∑

i=1
λi/

p∑
j
λj .

With the principal components of a given dataset,
this data can be projected in to the first k princi-
pal components, this projection is equivalent to a
dimension reduction. If k is the number of original
coordinates, then the data will simply be projected
in to a new orthogonal coordinate system without
dimensional reduction.

2.2 Outliers detection rules

When performing data dimensionality reduction it is
expected to have some information loss. Although,
if the reduction is performed by means of principal
components analysis, it is possible to measure and
decide the percentage of information loss by cal-
culating the associated cumulative variability of the
reduction. An high cumulative variability denotes a
low information loss. The projection of the dataD on
to k components is achieved by: D̃ = (D − µ).Ak,
where µ is the original data’s center.

Given a new object, w described over the same
p co-variables, it can be projected into the same k
principal component, calculated over D, by the fol-
lowing equation: w̃ = (w − µ) .Ak. Given an object
w and its projection w̃ it is possible to calculate the
loss of information associated with this projection,
orthogonal distance, and how similar is the projec-
tion to the dataset D̃, Mahalanobis distance. This
orthogonal and Mahalanobis distances are defined
in 1 and 2, respectively.

ODk(w) =
(
‖w − µ‖22 − ‖w.Ak‖22

)1/2 (1)

MDk(w) = ‖w.Ak.Lk−2‖1/2 (2)

Using these two distances it is possible to cal-
culate two thresholds, one for each distance, such
that at least p1 percentage of the original data stays
within the thresholds with p2 confidence value. If the
original data comprises only of positive examples,
then the principal components will fully characterize
the variability of the positive examples and these
thresholds will define the levels at which a new ex-
ample may be considered an outlier, most likely, a
negative example. The two thresholds CODk

and
CMDk

, respectively orthogonal and Mahalanobis
threshold values are given by 3 and 4, where is
assumed normality over the distances values distri-
bution. Further detail on these thresholds can be
found in the original work, in [3] and in [17].
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CODk
(p1, p2) =

(
µ̂+ tn−1,p2

(
zp1
√
n
) σ̂√

n

)3/2
, (3)

tdf,p2(x) denotes the p2 quantile of a non-central
t-student with df degrees of freedom, d.f., and non-
centrality parameter x, while zp1 denotes the p1
quantile of a standard normal distribution.

d =

√
1

n

e = k
(1 + d2)2

d4

f =
d4

1 + d2

δ = d2
d2(k+2)+

√
d4(k+2)2+(2d2+1)k(k+1)

2d2+1

C2
MDk

(p1, p2) =
(n−1)·e·f
(n−k)(k+δ)

·χ2
k,p1(δ)·Fe,n−k,p2 ,

(4)

χ2
k,p1

(δ) calculates the p1 quantile of a non-central
χ2 distribution with k d.f. and non-centrality param-
eter δ, Fe,n−k,p2 denotes the p2 quantile of an F
distribution with (e, n− k) d.f..

Given this two thresholds and the distances as-
sociated with a new example w, ODk(w) and
MDk(w), this new example is classified as a posi-
tive if, and only if, both distances are lower then the
respective threshold.

3 Performance Evaluation

The INRIA person dataset1 was used in order to
evaluate the proposed method. In the original work
it were considered several, different, scenarios of
application of the proposed method. Each sce-
nario corresponds to a different type of image de-
scriptor, although only two, of the nineteen consid-
ered, will be presented throughout this extended
abstract. This scenarios apply the same first trans-
formations to a given image, they transform the
digital photograph in to a grey-scale image, after-
wards they apply a Gaussian blur followed by a his-
togram equalization of the resulting image. These
two scenarios differ of each other on the final image
process applied, where the first scenario applies a
Sobel two-dimensional high-pass filter, as an edge-
detection method, thus its descriptor is based only

1Available in http://pascal.inrialpes.fr/data/human/.

on the pixel intensity of the edges. The second
scenario uses the HOG, histogram of oriented gra-
dients, descriptor based on the work in [4]. This
descriptor calculates the edges of an image and
organizes the edges by orientation and magnitude,
this edges are computed with the aid of the Sobel
two-dimensional high-pass filter. This two scenarios
are denoted by: 1 - Gauss Hist Sobel2D, and 2 -
Gauss Hist Sobel2D HOG. The proposed method
will be evaluated in each of this two scenarios and
its results will be compared to the results obtained
by a simple Adaboost classifier.

The Adaboost classifier considered in this work
is composed by two decision stumps, which are
calculated by searching the descriptor entry, in the
descriptor vector, that best divides positives exam-
ples from negatives, and the corresponding division
value. Therefore this decision stumps are denoted
by orthogonal decision stumps.

Both Adaboost and outlier detection classifiers
were trained for each of the two scenarios. The
training, in the outlier detection classifier, consists of
calculating the principal components of the positive
train dataset. The training of the Adaboost classi-
fier consists on finding the two orthogonal decision
stumps that maximizes classification performance
using both positives and negatives train dataset.

The evaluation process, in the original work, was
divided in two different study cases: classification;
detection and classification. The first attempts to
evaluate the ability to correctly classify each new
example, where the examples are images with the
same height and width as those used in the training
set, and the positive examples are centred images
of an non-cropped pedestrian. The second attempts
to evaluate the ability to correctly detect and classify
each pedestrian in a new image, where the image
must be firstly scanned in to windows, and it is over
each window that the classification takes place. A
window is a part of an image, in this work 128 pixels
height and 64 pixels width, meaning that an image
must be scanned in to one or more windows, de-
pending on the image original size and over different
scales of this image, this work it were considered
four different scales of decreasing magnitude. If an
weak classifier labels a given window with 1 means
that, in the respective area of the original image,
there is a pedestrian.

3.1 Performance Results

In the original work it was studied the effect, in per-
formance, of the parameters: k - number of principal
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components; p1 - percentage of positives that stays
within the distances thresholds; p2 - confidence level
on the value p1. The variance on the number of
principal components was studied in the first study
case, and it was chosen k = 1 for the following per-
formance evaluation, as this k value was such that
maximized performance in this study. The scenario
with best performance in the first study case was
the second scenario represented in this extended
abstract. Given k = 1 it was analysed the variability
in performance regarding the values of p1 and p2,
which can be seen in the figure 1.
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Figure 1: This graphics illustrate the performance vari-
ability regarding the values of p1 and p2, on all
the nineteen scenarios studied in the original
work for k = 1. The best performance, for a
minimum sensibility of 0.95, is achieved in the
eleventh scenario.

The figure 2 illustrates the performance compari-
son for the outlier detection method versus the Ad-
aboost method. The outlier detection method had

values of 0.999 for both p1 and p2, which was chosen
regarding the figure 1 where it attains the minimum
value of FPPW for the minimum sensibility of 0.95.
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Figure 2: This figure illustrates both sensibility and
FPPW on both weak classifiers studied in this
work. In the best scenarios of the first and
second study cases.

As a final thought it is shown, in figure 3, an illustra-
tion of the proposed method separation of positives
and negatives examples on both scenarios regard-
ing the Mahalanobis and orthogonal distances.

As one may conclude, both weak classifiers have
similar levels of performance. The proposed method
has three parameters that can be tweaked in order to
achieve an higher performance. One of the positive
aspects of the proposed method is the fact that both
p1 and p2 values can be tweaked in a final process
giving the ability to easy see the impact on the final
result. In figure 3 it can be seen that there isn’t
a high level of separation between positives and
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(a)

(b)

Figure 3: Both graphics illustrates the Mahalanobis ver-
sus orthogonal distances dispersion in the pos-
itives and negatives examples in the first and
second scenarios, respectively a) and b), with
parameters: p1 = 0.999; p2 = 0.999 and k = 1.

negatives examples, this may be associated with
the high variability that exists on the training set. A
training set in which the pedestrians would have the
same type of variability would achieve an higher level
of performance, implementing this approach for a
group of pedestrians poses could highly improve the
overall performance. A exact comparison between
the two classifiers couldn’t be achieved due to the
high training times associated with the Adaboost
classifier, the training and classification times will be
evaluated in the next section.

3.2 Time Performance

In this section it will be explored the processing time
to train the weak classifiers and the time to classify
a new window, using the R function proc.time() to
measure the average time. The figure 4 illustrates
the time needed to classify each classifier, where
it can be seen that the outlier detection method is
several times faster then the Adaboost method, even
for similar total training set dimensions.
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Figure 4: This graphic illustrates the time, in seconds,
needed to train each considered classifier.
Where each windows is described with the
HOG descriptor which has an higher dimen-
sion then the descriptor based on pixel inten-
sity.

Descriptors
Method HOG Pixel

Outlier det. 2.87× 10−4 1.92× 10−4

Adaboost 1.61× 10−7 1.49× 10−7

Table 1: This table illustrates the average classification
time of a new window for each weak classifier
considered. It can be seen that the Adaboost
is several times faster then the outlier detection
method, although both are fast.

Last but no least the classification time, in sec-
onds, for each method. This classification times
were obtained by classifying a set of 700 windows,
a total of ten thousand times and averaging the time
used in classifying a single window. This classifica-
tion times regards the classification process only, as
the HOG descriptor extraction method implemented
was not optimized.

The average times, in seconds, can be seen in
the table 1. This table illustrates that the Adaboost
method is several times faster then the outlier detec-
tion method, although this times are very small and
only impact the overall classification time of a new
image if there are an high number of windows per
image. In [24] it is studied a similar method as the
one proposed in this work, and the authors achieve
classification times similar to those of the Adaboost,
hence one may conjecture that such classification
time can be achieved in this method of outlier detec-
tion.
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4 Conclusions

This work allowed the authors to gain a broad view
and comprehension on the problem of pattern de-
tection in digital photographs. There are several
approaches to this problem, each with its own posi-
tives and negatives aspects, the proposed method
tries to gather more of the positives aspects with
less of the negatives. The proposed approach, to
pedestrian detection problem, is based on outliers
detection algorithms with respect to a principal com-
ponents analysis of the pedestrians described by
means of the HOG descriptor. This method was di-
rectly compared to a simple Adaboost composed of
two decision stumps achieving similar levels of per-
formance, unfortunately given some time constraints
it wasn’t possible to tweak the Adaboost parame-
ters in order to optimize its performance. Where the
training time of the Adaboost is several times greater
then the training time of the proposed method, which
is its most valuable quality. It is as well in time that
the proposed method falls short, where the classifi-
cation time per window is several times greater then
the needed for the Adaboost, although both time
ranges are very low, unless it is considered a high
number of windows per image. It is expected that
the classification and training times, of both meth-
ods, could be greatly improved by implementing the
method in a low-level programming language such
as C.

4.1 Achievements

This work proposes a new entry to the class of weak
classifiers, that distinguishes itself by the training
time and training set dimension, needed in order to
achieve the same level of performance as other ap-
proaches, such as the Adaboost, as it only uses the
positive examples to train the classifier. This method
primes on its simplicity and ease of implementation,
where the tools needed to construct such method
are available in most programming languages.

4.2 Future Work

The results achieved in the original work showed
several points of possible future exploration in order
to achieve higher levels of performance. Points such
as: pedestrian windows size, in this work 64 pixels
wide and 128 pixels high; colour images versus grey-
scale images, as some related work showed that
coloured images attained higher results; more in-
depth performance evaluation regarding the values

of p1, p2 and k; as mentioned before implementing
the proposed method in a low-level programming
languages in order to achieve lower classification
times; measuring the performance in other data sets
and other patterns such faces, cars, etc.

The most pertinent question, left unanswered, re-
gards the overall performance of a meta-classifier
where the first levels are composed by one or more
instances of the proposed weak classifier, and com-
paring the final results to those of the state-of-the-art
methods.
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