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Abstract - We present few approaches for extracting 
feature vectors from biomedical images with cervical 
cancer. In the first case we using technique of statistical 
wavelet analysis. In the second case we using wavelet 
analysis in “Brute force” approach. In the third case we 
combine two above approaches. On the first step an image is 
subjected to discrete wavelet transformation. On the 
following step the wavelet analysis of transformation 
coefficients is carried out. After extracting of feature vectors 
we used neural net to classification biomedical images. Also 
we have compared approaches to find best feature vectors. 

 
I. INTRODUCTION 

 
Cervical cancer is the third most common cancer in 

women worldwide [1-6]. The natural history of cervical 
cancer is well understood; lesions progress from dysplasia 
to carcinoma in situ to cancer. The cervix can be sampled 
cytologically by use of the Pap smear. Although never 
subjected to a randomized clinical trial, the Pap smear has 
decreased mortality in all countries in which cervical 
cancer screening programs have been established. 

The approach to detection generally used to capture 
digital images of visually normal cells from patients of 
known diagnosis (cancerous / pre-cancerous condition or 
normal). A variety of features such as nuclear area, 
optical density, shape and texture features are then 
calculated from the images, and linear discriminant 
analysis is used to classify individual cells as either 
”normal” or ”abnormal”. An individual is then given a 
diagnosis on the basis of the proportion of abnormal cells 
detected on her Pap smear slide (Fig. 1). 

 

 
 

Fig.1. A sample of Pap smear images. 
 
We discussed three methods of recognition  biomedical 

images. The general scheme of automated diagnosis from 
digital images showed on (Fig. 2) [7].  

The first method is statistical wavelet analysis. It is 
based on the using technique of wavelet analysis. The 
attention of researchers gradually turned from frequency 
based analysis to scale-based analysis when it started to 
become clear that an approach measuring average 
fluctuations at different scales might prove less sensitive 
to noise. In this case we use statistical features of 
multispectral information. Pattern classifiers like neural 
networks viewed as technique that take as input large sets 
of labeled data and find a nonlinear decision surface that 
separates the in-class (”normal” cells) patterns from the 
out-of-class (”abnormal” cells) patterns [8,9]. 

 

 
 

Fig.2. Automated diagnosis from digital images 
 

The second system is “Brute force” approach. It is 
finds a certain class of objects in static images of 
completely unconstrained, cluttered scenes without 
making any assumptions on the scene structure or the 
number of objects in the scene. In the context of our 
pattern classification problem, we are interested in 
presenting the system with a set of example patterns of 
both classes from a set of training data and have it 
automatically learn the characteristics that describe each 
class and differentiate one class from the other. The 
positive examples are labeled as +1 and the negative as -
1. The goal, and measure of success, is the degree of 
performance that the trained system achieves on a set of 
examples that were not present in the training set, or test 
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set. What we are determining when using the test set to 
evaluate the performance is how well the system is able 
to generalize to data it has never seen. 

The third method combine two above approaches - 
statistical and ”brute force”.  

We construct wavelet transform from full image, like 
statistical method and from patterns of fixed size of the 
image, like “Brute force” method. So we get statistical 
features of multispectral information.  

After that we used neural net to classification biomedical 
images, after extracting of feature vectors [10].  

Wavelet theory presents a synthesis of these different 
approaches [11-12]. The example of wavelet transform 
showed on (Fig.3). 

 

 
 

Fig. 3. Example of wavelet transform. 
 

Our main motivation for using wavelets is that they 
capture visually plausible features of the shape and 
interior structure of objects that are invariant to certain 
transformations[13-14]. The result is a compact 
representation where dissimilar example images from the 
same object class map to similar feature vectors. A 
representation that encodes local, oriented, intensity 
differences (like Haar wavelets) would yield similar 
feature vectors where the features corresponding to 
uniform regions are zero and those corresponding to 
boundaries are non-zero.  

After that, we are compare methods with each other. 
 

II. STATISTICAL WAVELET ANALYSIS 
 

One of the key issues in the development of an object 
detection system is the representation of the object class. 
Our challenge is to develop a representation that achieves 
high inter-class variability with low intra-class variability. 

We construct wavelet transform based image 
recognition algorithm from discrete wavelet transform in 
orthonormal wavelet Haar based (Fig.4.). The 

representation that we use is a dictionary of Haar 
wavelets in which there is a large set of features that 
respond to local intensity differences at several 
orientations. 

 

 
Fig. 4. Haar wavelet basis 

 
The first step of recognition algorithm is to obtain 2-

dimension decomposition of the original image over N 
octaves from 0 to J -N +1 by recursively filtering N time 
with highpass filter g(t) and lowpass filter h(t) applied 
alternately in the x and y directions, giving on each 
octave images HHj, BHj, HBj and BBj from BBj - 1. 
Each image BBj at octave j is the input original image 
approximation with 4 degree j resolution. From j-1 level 
of resolution to j discrete wavelet transform algorithm for 
image decomposition are describe as [5,8] where j is level 
of resolution, k, l are the coordinates of images HHj, BHj, 
HBj and BBj.  
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N, m are the coordinates of image BBj-1, g(t), h(t) are the 
impulse response quadrature mirror filters. 

The filter impulse responses g(t) and h(t) are derived 
from Haar scaling function and Haar wavelet 
accordingly[15]:        
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III. “BRUTE FORCE” APPROACH 

We presented a “Brute force” system. The core of 
“Brute force” system  extracting a feature vectors from 
the patterns of a fixed size of image [16].  

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 
diagonal - are computed at several different scales 
allowing the system to represent coarse scale features all 
the way down to fine scale features. In our object 
detection systems, we use 2 consecutive scales of 
wavelets. The resulting high dimensional feature vectors 
are used as training data for our classification engine. 

The system learns using patterns of a fixed size, but in 
general images we do not know what size objects we will 
be looking for, how many of these objects will be in the 
scene, and where they will be located. To detect objects 
at all sizes and locations, we implement a brute force 
search in the image looking at all locations and sizes of 
patterns. We assume that the orientations that we are 
interested in must be expressed in the training data. 

From the example images of cells shown in (Fig. 1), it 
is clear that a pixel-based representation is plagued by a 
high degree of variability. A learning-based approach 
would have a difficult time finding a consistent definition 
of a person using this type of representation. We describe 
a new representation where the features are derived as the 
responses of filters that detect oriented intensity 
differences between local adjacent regions. This is 
accomplished within the framework of Haar wavelets and 
the particular transform we use results in dictionary of 
these Haar features. 

The Haar wavelets representation encodes local, 
oriented, intensity differences would yield similar feature 
vectors where the features corresponding to uniform 
regions are zero and those corresponding to boundaries 
are non-zero. In fact, since, in our representation, we 

encode only the magnitude of the intensity difference, the 
feature vectors for this simple two example case would be 
identical. The raw value of a coefficient may not 
necessarily be indicative of a boundary; a weak 
coefficient in a relatively dark image may still indicate 
the presence of an intensity difference that is significant 
for the purposes of classification. To reduce these effects 
on the features used for classification, we normalize a 
coefficient’s value against the other coefficients in the 
same area. For the normalization step, we compute the 
average of each wavelet’s class (vertical; horizontal; 
diagonal×2; 4) over the current pattern and divide the 
wavelet response at each spatial location by its 
corresponding class average.  

We calculate the averages separately for each class 
since the power distribution between the different classes 
may vary. For a given pattern p the class averages are: 
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Three classes of feature magnitudes will emerge: 
ensemble average values much larger than one, which 
indicate strong intensity difference features that are 
consistent along all the examples; values that are much 
less than one, which indicate consistent uniform regions; 
and values that are close to one, which are associated 
with inconsistent features, or random patterns. 

We compute the wavelet transform for a given pattern 
in each of the three colour channels and then, for a 
wavelet at a specific location and orientation, we use the 
one that is largest in magnitude amongst the three 
channels. Once we have generated the feature vectors for 
an object class and have done the same for a set of 
images not in our object class, we use a learning 
algorithm that learns to differentiate between the two 
classes. The particular learning engine we use is a neural 
network. 

 
IV. COMBINE STATISTICAL AND “BRUTE 

FORCE”APPROACHES 

The third method combine two above approaches - 
statistical and ”brute force”. 

The statistical wavelet method and “Brute force” 
method gets good rate of recognition. But using both 
methods of extracting of feature vectors allows the third 
system to use the most rate of recognition. 

0-7803-8943-3/05/$20.00 © 2005 IEEE 
 

So, combining methods we can calculate the features 
of discrete wavelet transformation from full image, like 



KORUS’2005    A.N. Bondarenko, A.V. Katsuk 55
 
statistical wavelet method and from patterns of a fixed 
size of image, like “Brute force” method. After extracting 
of feature vectors, we using neural net to classification 
biomedical images (Fig.5.) [17-19]. 

 

 
 

Fig. 5. Architecture of the neural network 
 
The selected design approach for the neural network 

topology used a feed-forward network with a single 
hidden layer. The training method selected was 
backpropagation using a variable learning rate. These 
choices were selected because of their simplicity, 
robustness, and minimal memory requirements. (Second 
derivative methods turned out to require too much 
memory.) An adaptive learning rate approach was 
selected to compensate for the slow training times 
associated with backpropagation networks. 

The input layer of this network is a set of n units, 
which accept the elements of an n-dimensional input 
feature vector. The input units are fully connected to the 
hidden layer with r hidden units. The goal of the hidden 
layer is to cluster the data and reduce its dimensionality. 
The output layer supplies the response of neural network 
to the activation pattern applied to the input layer. 

The core detection system is one that learns from 
examples. We present it with a set of training data that 
are images of the object class we would like to detect and 
a set of data that are examples of patterns not in the 
object class, and the system derives an implicit model 
from this data (Fig.6.). 
 

 
 

Fig. 6. The training and testing phases of our system. 

V. CONCLUSION 

This thesis has presented a general trainable framework 
for object detection in static images that is successfully 
applied ”abnormal” cell detection in static images.  

This thesis has presented some promising first steps in 
augmenting the core static detection system with different 
modules. These techniques and others should be 
investigated further and extended.  

One of the big leaps we have taken in this thesis is our 
choice of representation, Haar wavelets. While we have 
shown that this wavelet representation achieves excellent 
results when compared to other representations. 

While we have not pushed this system to be the “best” 
detection system in a particular domain, though this 
certainly may be possible, we have shown its 
applicability to a wide range of object classes. We feel 
that in practical uses of this system, the proper 
architecture should combine a focus of attention module 
with our static detection system. We have presented 
preliminary results here as well. 

Our system [20] was trained on 50 images with known 
diagnosis, 25 images with cancerous cells and 25 images 
with normal cells. System was tested on 35 “abnormal” 
images and 50 “normal” images. Result showed in Table 
I and (Fig. 7). 

 
TABLE I 

 

COMPARISON OF CLASSIFICATION ACCURACY USING DIFFERENT TYPES 
OF FEATURES 

 

Number of 
Images 

Statistical 
wavelet 

approach 

“Brute force” 
approach 

Combined 
method 

5 44% 49% 52% 
10 47% 54% 59% 
15 49% 58% 65% 
20 51% 65% 72% 
25 54% 70% 76% 
30 57% 73% 80% 
35 59% 75% 81% 
40 65% 78% 83% 
45 70% 79% 86% 
50 78% 81% 88% 

 

 
 

Fig. 7. Comparison of three classification schemes: 
a)statistical wavelet (dashed line) b) ”Brute force”  
         (solid line) c) combined method (above) 
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Also, for all three methods good recognition rates of 
78%, 81% and 88% are obtained. The result shows high 
potential for using wavelet features to provide 
complementary cues. 
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