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ABSTRACT 

The domain of object detection presents a wide range of interest due to its 
numerous application possibilities especially real time applications. All of them require 
high detection rate correlated with short processing time. One of the most efficient 
systems, working with visual information, were presented in the publication of Viola et 
al. [1], [2]. 
This detection system uses classifiers based on Haar-like separating features combined 
with the AdaBoost learning algorithm. The most important bottleneck of the system is 
the big number of false detections at high hit rate. In this paper we propose to overcome 
this disadvantage by using specialized parts classifiers.  

This aim comes from the observation that the target object does not resemble the 
false detections at all. 
The reason of this fact is the coding manner of Haar-like features which attend to 
handle image patches and neglect the edges and contours.  

In order to obtain a more robust classifier, a global aspect method is combined 
with a part-based method, having the goal to improve the performance of the detector 
without significant increase of the detection time. 
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1. Introduction 

Object detection is one of the most widespread 
research domains in Computer Vision. The newest 
trends tend to detect several objects or classes of 
object in a single image.  

In fact this complex problem has to be traced 
back to many binary classification problems. For each 
target object a separate specialized classifier has to be 
built up.  

There are two main trends in the object 
detection: the global aspect methods and the part-
based methods. The first ones have the advantage of 
quick detection, but can hardly handle occlusion, 
clutter or deformation. To the contrary the part-based 
methods overcome the drawbacks mentioned above 
by splitting the objects in parts and modeling, in 
addition, the connections between them. In such a 
way the object detection becomes more flexible, 
because the final decision depends on the joint 
probability of the components and connections. 

Our idea is to combine the global aspect 
methods and the part-based methods in order to 
improve the detection rate and to decrease the number 
of false positives.  

The significant number of false positives is 
obtained due to the global aspect based methods 

which can detect only fixed-size objects. Accordingly, 
exhaustive search is used over the image in order to 
handle the variety of scale and position of the object. 

We propose, as a last step of the detection 
process different part-based classifiers. The role of 
these is the detailed analysis of hard examples based 
on different types of features. Our experiment uses  
Haar-like features and the AdaBoost learning 
algorithm as a global classifier and part-based 
classifiers consisting of first subband Wavelet 
coefficients and a kind of  part-structure and 
probabilistic decision. The experiments were made on 
faces as target objects. 

2. State of the art 
There are lots of methods suggested for object 

detection. They can be distinguished by considering 
the feature set and the learning algorithm. Visual 
information can be extracted in a row form 
considering only image fragments. These features are 
simple and not very informative. So a large number of 
features are required in order to be sufficiently 
discriminative. In this case a complex classifier has to 
be elaborated, because of the high dimension of the 
feature space. 

Schneiderman et al.'s [3] object detection system 
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works with many wavelet coefficients obtaining a 
complex decision rule, based on their probabilities.  

Vidal-Naquet et al. [4] combine informative 
features with linear classification. His features are 
image fragments selected by maximizing several 
information criteria. 

Leibe et al. [5] obtain a classifier based on a bag 
of words created from image patches. The object 
model thus consists of patches and their relative 
position to the object-center. Employing the similarity 
between patches, the decision is made by a statistical 
voting space. 

Fergus et al. created a generative probabilistic 
model which expends the probabilities of aspect, 
position and size of several object parts in order to 
obtain the most likely configuration of the parts in the 
object. The learning phase identifies the 
correspondence between parts of the same object in 
different images. 

Felzenszwalb et al.'s [7] face detection system is 
based on images containing labeled object parts. Out 
of these a pictorial structure model is built. The 
measure of the matching of the object with this 
structure is evaluated as a minimization of a cost 
function. 

The most famous system for face detection was 
proposed by Viola et al.[1], [2]. Here the global 
aspect of faces is characterized by a set of Haar-like 
features and the discrimination of objects is based on 
a boosted set of classifiers.  

This approach is further improved by Lienhart 
[8], [9] with the creation of a multi-stage general 
object classification system. The open source 
implementation [10] of this system is suitable for 
further applications in the domain. 

In his paper Castrillón-Santana[11] analyzed the 
performance of all face and facial feature classifiers 
based on the above mentioned system. But the 
presented performance of the facial feature classifiers 
still needs some improvement.  

The usage of these facial feature detectors has 
been studied by Wilson et al. [12] who propose to 
eliminate the false detections with a simple geometric 
consistency.  

On the other hand Schulz [13], proposed for 
Viola et al.'s algorithm a final stage based on neural 
network for pedestrian detection. 

3. System overview 
Our approach has two major phases: in the first 

phase an exhaustive search is made for the target 
object considering it like a whole. In the second phase 
the detection is concentrating on the position of 
particular features. The classifiers are generated out of 
a training data set by a statistical learning algorithm 
AdaBoost. The AdaBoost algorithm was proposed by 
Freund and Shapire [14]. It constructs an ensemble of 
classifiers and uses a voting mechanism for the 
classification. The idea of boosting is to use the weak 

classifier to form a highly accurate prediction rule by 
calling the weak classifier repeatedly on different 
distributions over the training examples. The most 
important theoretical propriety of AdaBoost concerns 
in its ability to reduce the training error. The 
AdaBoost converts a set of weak classifiers into a 
strong learning algorithm, which can generate an 
arbitrarily low error rate. The weak classifiers (1) are 
built out of Haar rectangular features. 

 
 

 
(1) 

represents the response of the Haar function, is the 
best separating threshold of the Haar values over the 
training set and is a parity value. 

Significant is the very fast evaluation of them 
using Integral Images at different size and position 
with a scanning window.  

The value of the Haar function is the measure of 
likelihood between a specified subregion of an image 
and the graphical representation having the same size 
of the rectangular Haar function,   

 
 

 

(2) 

The result of the product (2) of an image region 
( , )I x y  with the rectangular Haar feature is the mean 

intensity of the underlying pixels. The obtained values 
code the patches efficiently. One source of the 
multitude of false positives can be explained by 
coding the patches with their mean intensity. 

Another way is to consider only contours instead 
of patches. 

In order to reduce the computation time, it is 
necessary to evaluate simple images very fast and 
only difficult decidable images have to be analyzed in 
detail. This aspect is solved efficiently by a cascade of 
classifiers. The cascade design process is driven by a 
set of detection performances [8]. If each stage 
classifier is taught for low performances ( , 
false detection rate/stage and , hit 
rate/stage), then the whole cascade will have the same 
performances as a monolithic classifier, but much 
faster. 

Each stage consists of a strong classifier built 
from weak classifiers . The weight of each 
classifier in the final classifier is determined by the 
AdaBoost algorithm. 

 

 

(3) 

Each stage is taught with the remaining images 
from previous stage. The stop condition of the 
learning process is given by the reached performance.  

In order to satisfy the hit rate of the whole 
cascade classifier we need a very high hit rate for each 
strong classifier of it. Owing to the exhaustive search 
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over every scale and position in an image there are 
about 100,000 - 1 million windows to evaluate. This 
implies that the false detection rate of the cascade 
classifier has to be less than   To obtain this 
value for a  staged classifier we need for each 
stage a false detection rate of . The resulting 
false detection rate, , is the product of false 
detection rate of the component stages. But 
simultaneously the hit rate is decreasing with each 
new added stage, , that is why the stage hit 
rate has to be almost 1. In real systems this criterion 
can hardly be satisfied. 

The overall training process involves two types 
of tradeoffs. In most cases, classifiers with more 
features will achieve higher detection rates and lower 
false positive rates. At the same time, classifiers with 
more features require more time to compute. 

 

 
Fig. 1. Compared image patches(-Equalized 

Wavelet/Gradient/Raw patches) 
 

Our proposal is to build, as a last stage, a 
specialized cascade classifier with the imposed high 
detection rate and to eliminate the false detections by 
training only on hard positive examples. 
The last stage has to consist of many different part 
classifiers. A modality to build this is out of fully 
labeled training examples. We propose to use 
different types of classifiers based on raw patches, 
gradient images and wavelet images. The most 
important advantage of such a hierarchical classifier 
is the unnecessity of high performances. It can be 
stated that the performance is decreasing with the 
classifiable part dimension.  Hence the high 
resolution of images is indispensable, so that all parts 
carry sufficient distinguishable information. The 
restriction for each specific part classifier related to 
its performance specifies only the high detection rate 
regardless the number false positives. This 
performance can be reached by modifying the 
classification threshold. The characteristic of the final 
classifier can be compensated by an adequate part-
structure. This is represented by a collection of parts 
with connection between pairs. An instance of a part 
in an image is specified by a location iX . We 
consider all possible connections between pats. Each 
connection is a deformation function measuring how 
well the location  agrees with the object model. 
The best fit of the configuration is computed from the 

joint probabilities of the detected positions (4)  
relative to the ideal location (see figure (2)). 
 

 
 

 

(4) 

 
Fig. 2. Measured probability distribution 

 
We define similar functions for different 

detection possibilities: three and two part detections 
also. The distribution of each part le-left eye, re-right 
eye, m-mouth, n-nose) position x is modeled by a 
normal distribution determining its own parameters 
(mean and covariance) experimentally from the 
training data set. 

We define similar functions for different 
detection possibilities: three and two part detections 
also. The decision threshold for each different 
configuration has to be determined experimentally 
using the training data set and the obtained hard 
examples. 
The model (see figure (3)) is built from a fully 
labeled training data set. 
 

 
Fig. 3. Part-structure 
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3. Experimental results 
In previous papers [15], [16] we discussed 

practical consideration in order to build a classifier. 
Our goal was to build a face classifier.  The training 
images were selected from public, labeled face 
databases [17], [18] and completed with self-marked 
cropped studio images.  

In order to solve the problem of false detections 
we proposed an algorithm which generates a high 
number of negative examples necessary at each stage 
of the training process. 

To evaluate our classifier we used the test 
images offered by CMU [19]: it contains 105 images 
with 368 faces. The performance of this classifier can 
be evaluated from the ROC curve (see figure (4)). 
The detection rate obtained in early stages shows the 
properness of the face database used. This is due to 
the prepared pictures which do not contain sufficient 
various faces. They predominantly present young 
European people without beard or moustache, and 
very few of them wear glasses. 

As we can observe from the ROC curves of our 

classifier (see figure (4)), with each new stage the 
false detection decreased considerably, but the 
detection rate decreased too. From the 9th stage the 
decrease of detection rate is significant. In addition, 
the number of weak classifiers/stage increases with 
each new stage. An enough high hit rate with this 
measurement is reached at stage 9. 

At this stage our algorithm finds 2230 false 
images in the whole test set (see table (1)). Analyzing 
the detection results we can observe that the false 
images do not resemble the faces at all (see figure 
(5)). 
 
 
 
 
 
 
 
 
 

Fig. 4. Stage by stage ROC curve 

 
Table1. Measured performance of classifiers 

 
 
In our experiments two types of classifiers (raw 
patches and wavelet patches) are compared (see table 
(3)). For each facial feature: left eye, right eye, nose, 
mouth (see figure (1)) a separated classifier was built 
(see table (2)). The performance of these classifiers is 
indicated in table (3). Each of them evaluates only its 
specific region of interest (see figure (3)). This area 
was limited according to the face structure and 
moreover takes in to consideration the aspect of the 
resulted images in the previous stage. In order to build 

our part-structure in the last step the images are 
evaluated at a fixed aspect ratio ( ).The 
parameters are learned from the wholly labeled 
training data set and the decision of the detection is 
made comparing the probability function (4) with an 
experimentally determined threshold. The threshold is 
modified according to the number of detected parts.  

 

 
Table2. Measured performance of part-classifiers 

 
 
 
 
 
 
 

stage no. 6 7 8 9 10 11 12 13 14 15 16 

Hit rate 91.4 91.1 90.8 90.4 88.85 87.8 85.32 83.96 8.16 75.8 75.5 

No. false det. 4661 3588 2646 2230 1722 1363 1188 846 390 168 150 

No. of cls./stage 214 283 387 460 557 672 765 869 1056 1242 1319 

Detections Left Eye Right Eye Mouth Nose 

Hit Rate 98.3% 98.5% 95.1% 81.2% 

False Det. 21.3% 20.8% 42.6% 26.7% 
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Fig. 5. Useless false detections 

 
 
The efficiency of our classifier follows from the 
measured parameters (see table (4)). 
In order to obtain this, our part detector needs patches 
with enough information. That means it can't decrease 
below  pixels.Thus our classifier performs 

well if the face object exceeds the dimension of 
pixels. Figure (6) shows a few examples 

from the experimental results. 
 

 
 
 
 
 
 
 
 
 

 
 

      
(a) Eyes (b) Eyes (c) Nose (d) Nose (e) Mouth (f) Mouth 

 
Fig. 6. Example images 

Table3. Final stage-classifier 

 
False 

Detection  
Rate 

Hit Rate 

Raw patch 14.3% 97% 

Wavelet patch 7.8% 98% 

 

Table4. Final detector 

 
Previous  
(stage 9) 

performance 

New 
performance 

Raw patch 75.5% 98% 

No. false det. 150 173 
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4. Conclusions 
In this paper a mixture of classifiers is presented 

that uses two types of different features. We have 
proved that the structure information of the target 
object has an important role in building a robust 
object classifier. 
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