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Abstract- In this paper we attempt at presenting a detailed comparative study of lip recognition based on Principle 
Component Analysis (PCA) which is used for feature extraction for various classifiers. The classifiers include different 
Artificial Neural Networks (ANN) like Back Propagation (BP), Layer-Recurrent Network (LRN), Radial Basis Network 
(RBN), Modular Neural Network (MNN) with input space partitioning and neural network ensembles. Here, we have chosen 
“TULIPS1 database” which is a small audiovisual database of 7 subjects for the incorporation of above methods. The paper 
presents a systematic approach where we start by trying to figure out the ideal number of PCA coefficients, network models, 
and network architectures for the considered problem. We later attempt to use these readings to make effective hybrid 
classifiers. Experimental results confirm that using the approach, we can get effective classifiers that are characterized by 
effective recognition rates. 
 
Index terms- Lip Features; Principal Component Analysis; Back Propagation; Layer-Recurrent Network; Radial Basis 
Network; Modular Neural Network; Ensembles; Fuzzy C- Means Clustering. 
 
I. INTRODUCTION 
 
The human face is capable of exhibiting a wide 
variety of emotions by its various parts. The 
understanding of the various emotions, being bagged 
by variety of applications in the domain of human-
computer-interaction, opens gateways to challenging 
research [1]. Facial expression is a very important 
parameter in displaying individual’s emotional 
reaction to his or her surroundings. The facial 
expressions enable a person to convey a mammoth of 
information which may be used by receptor, a human 
or machine, to act accordingly. The ability to 
recognize different facial expressions are of 
importance in a number of practical applications, 
including emotion analysis, human–computer 
interaction, and so forth [2].  Due to the above 
reasons many researchers have shown their interest in 
facial expression analysis [3]. The recognition is 
however dependent on a variety of clauses like 
lightning, posture, expressions, props, etc. Moreover 
the highly dimensional inputs to the problem as well 
as the large variations possible make it extremely 
difficult problem to deal with. There is naturally a 
scope to capture the various expressions and features 
embedded into the face and use it for authorizing of 
the people.   
 
This gives rise to the domain of biometrics where the 
intension is to recognize or verify individuals by the 
various traits in their body. These traits may remain 
constant with respect to time or may change along 
with time based on which the biometric systems may 
be classified as physiological or behavioral.   
The physiological biometric modalities do not have 
the time parameter. In other words the recorded 
information does not change with time. Common 
examples include iris, fingerprint, face, lips, etc. All 

these are extensively used in everyday applications. 
The other class includes the behavioral modalities, 
which try to capture the behavior of the user, and the 
manner in which the recorded information changes 
with time. Common examples include speech, gait, 
keystrokes, etc. The purpose of the paper is to make a 
lip recognition system which comes under the class of 
physiological biometrics.  
Lip is a fairly interesting attribute in the face that is 
believed to have enough features to make them 
unique across people. This encourages the use of lips 
as the biometric modality to be used in a variety of 
systems. The lips may be used alone, or in 
combination with other modalities, where they 
provide a robust system. It is believed that the lips 
and the facial segment from nose to mouth is capable 
of discrimination more than any other segment of 
same size [4]. 
 
The problem of study is lip recognition that is a part 
of the bigger picture of biometric systems. These 
systems carry forward data collection, pre-processing, 
segmentation and recognition. Input in lips is in form 
of a photograph that may be filtered for noise 
removal. Segmentation tries to identify the lip and 
find the region of interest. The segmentation may be 
performed on a lower resolution image for a faster 
performance, as the features needed for segmentation 
are robust against resolutions [5]. A commonly used 
method uses hue and saturation images which is done 
using a color transformation. The lips may then be 
processed by identification of the connected 
components in the resulting image, where 
components with similar pixel values like the ones of 
lips are segmented out. The lips are then assumed to 
be the target connected component with position and 
aspect ratio lying within some reasonable constraints. 
When recognizing from a set of observations like 
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videos, lip tracking becomes a useful task which may 
be performed by a variety of algorithms like snake 
models and active contours.  For most simple systems 
a simple template based matching may work well, 
where a query is matched against the templates stored 
in the database [6, 7]. 
The recognition techniques may be fundamentally 
classified as appearance based techniques and 
morphological techniques. The appearance based 
techniques take the lip as a whole for recognition. 
They however fail to produce desire result in many 
real world situations when there are variations in 
pose, lighting, expression etc [8]. The morphological 
techniques on the other hand try to understand the 
make of the modality and then extract useful features 
that may aid in recognition.   
 
Any classifier has a threshold to the volume of data 
that it can handle. This data is usually small in size 
and hence we need a mechanism to extract the most 
useful part of the input image. This task is known as 
dimensionality reduction that tries to convert a high 
resolution image of size p × q into a much smaller 
vector that can be directly given as an input to the 
classifier being used. The dimensionality reduction 
does lead to a loss of information, but in turn enables 
us to use standard classifiers over high-dimensional 
problems.   
 
Principal component analysis (PCA), also known as 
eigenfaces, is one of the state-of-the-art methods in 
face recognition [9]. The PCA deals with 
dimensionality reduction that is to extract useful 
information out of the entire input facial image. The 
facial image is first converted into a 1-dimensional 
array before being processed by PCA. Each classifier 
has its own representation of basis vectors of a high 
dimensional face vector space. The dimension is 
reduced by projecting the face vector to the basis 
vectors, and is used as the feature representation of 
each Lip images [10, 11].  
 
Various classifiers exist which are used for the 
detection and recognition of the features produced 
after the above mentioned pre processing. In this 
paper a thorough study of some of the classifiers 
based on different input and architecture pattern has 
been done.  
 
An artificial neural network is a computing tool that 
is not limited by equations or rules. Artificial neural 
networks are models inspired by human brains that 
are able to solve any simple or complex problem. 
These are collection of artificial neurons, connected 
to each other. Each neuron does basic information 
processing based on the applied inputs. Learning is 
node in these networks for optimization of the mode, 
which may be supervised or unsupervised [12] 
.Neural networks function by finding correlations and 
patterns in the data which you provide. These patterns 

become a part of the network during training. A 
separate network might be needed for each problem 
you want to solve, but many networks follow the 
same basic format. An artificial neural network has to 
be configured such that the application of a set of 
inputs produces the desired set of outputs. Various 
methods to set the strengths of the connections exist. 
One way is to set the weights explicitly, using a priori 
knowledge. Another way is to train the neural 
network by feeding it teaching patterns and letting it 
change its weights according to some learning rule.  
ANNs are excellent classifiers and different types 
such as Back Propagation, Layer-Recurrent Network, 
Radial basis network, Modular Neural Network are 
used for purposes. The above mentioned types are 
explained in details in the later sections of this paper. 
A modular neural network is a neural network 
characterized by a series of independent neural 
networks moderated by some intermediary. Each 
independent neural network serves as a module and 
operates on separate inputs to accomplish some 
subtask of the task the network hopes to perform [13]. 
The intermediary takes the outputs of each module 
and processes them to produce the output of the 
network as a whole. The intermediary only accepts 
the modules’ outputs—it does not respond to, nor 
otherwise signal, the modules. As well, the modules 
do not interact with each other. 
 
ANN ensemble techniques have become very popular 
amongst neural network practitioners in a variety of 
ANN application domains. There are many different 
ensemble techniques, but the most popular include 
some elaboration of bagging and boosting or 
stacking. When applied to ANNs, ensemble 
techniques can produce dramatic improvements in 
generalization performance. The underlying idea of 
all these techniques is to generate multiple versions of 
a predictor, which when combined, will provide 
"smoother" more stable predictions. Since this 
technology behaves remarkably well, recently it has 
become a very hot topic in both neural networks and 
machine learning communities, and has already been 
applied to diversified areas such as face recognition, 
optical character recognition, etc. In general, a neural 
networks ensemble is constructed in two steps, i.e. 
training a number of component neural networks, 
then combining the component predictions [14]. 
The choice of problem decomposition and adjacent 
parallel modular construction of neural networks has 
wide range of applications. In [15] the author studies 
the Japanese character recognition problem which 
divides the problem in to rough classifiers and fine 
classifiers. Fine classifiers are designed with 
multilayer neural networks each of which solves the 
two category classification problem. In [16] authors 
have applied hybrid classification approach on 
biomedical data. The comparative analysis on BPA 
with ANN, ensembles, modular neural networks and 
evolutionary networks presents role of each 
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architecture in their contextual mode. Modular 
networks generalize the learning and removes 
shortcomings of BPA network structure. 
Section 2 explains the methodology used in the 
research whereas Section 3 explains the experiments 
and the results, and Section 4 elucidates about the 
conclusion and the future scope. 
 
II. DELAY AND AREA EVALUATION OF THE 
BASIC ADDER BLOCKS 
 
We performed lip recognition task on Tulip1 lip 
database (shown in Fig. 1), which contains 336 lip 
images of 7 individuals forming 7 classes while there 
are 48 images present for each subject. Database 
images vary in expression & position. The size of 
each image has been 100 by 75. 98 images i.e. 14 
from each subject are selected for training data set & 
168 images that is 24 from each group are selected 
for testing. Images are converted into gray scale & 
processed with histogram equalization. 
 

 
Fig 1: Sample images from Tulip1 Lip database. 

 
The dataset after being partitioned into training and 
testing set is pre- processed using   Principle 
Component Analysis (PCA), in order to reduce the 
dimension of the input dataset. Through PCA relevant 
features are extracted with reduced dimensionality 
which is used for further processing. The various 
classifiers work over these coefficients to map every 
input to some class or person, based on which the 
identification accuracy is measured. 
 
PCA Preprocessing 
PCA is the applied method for dimensionality 
reduction. This method analyzes the entire high 
dimensional input data and return the most useful 
attributes or combination of attributes that enable an 
easy recognition [17,18]. The basic approach involves 
computation of the eigenvectors of the covariance 
matrix of the original data followed by the 
computation of the orthonormal vectors which are the 
basis of the computed data and approximating it by a 
linear combination of the leading eigenvectors. By 
using PCA procedure, the test image is identified first 
by projecting the image onto the eigen face space to 

obtain the corresponding set of weights, and then 
comparing with the set of weights of the faces in the 
training set. 
 
Back Propagation (BP) 
Back propagation is a form of supervised learning for 
multi-layer nets, also known as the generalized delta 
rule. Error data at the output layer is "back 
propagated" to earlier ones, allowing incoming 
weights to these layers to be updated. It is most often 
used as training algorithm in current neural network 
applications. The back propagation algorithm was 
developed by Paul Werbos in 1974 and rediscovered 
independently by Rumelhart and Parker. Since its 
rediscovery, the back propagation algorithm has been 
widely used as a learning algorithm in feed forward 
multilayer neural networks. What makes this 
algorithm different than the others is the process by 
which the weights are calculated during the learning 
network. 
 
Layer Recurrent Network (LRN) 
A recurrent neural network is a class of neural 
network where connections between units form a 
directed cycle. This creates an internal state of the 
network which allows it to exhibit dynamic temporal 
behavior. Unlike feed forward neural networks, RNN 
can use their internal memory to process arbitrary 
sequences of inputs. This makes them applicable to 
tasks such as unsegmented connected handwriting 
recognition, where they have achieved the best 
known results [20]. 
 
Radial Basis Network (RBN) 
The radial basis networks are three layered neural 
networks comprising of the input layer, one hidden 
layer and an output layer. Each of the neuron in the 
hidden layer represents some point in the input space 
or the prototype vector based on which the 
computations are performed. Whenever any input is 
given to the network, these neurons compute the 
Euclidean distance of the input to themselves. The 
computed distance along is passed through a non-
linear activation function of the neuron which is 
propagated by this neuron for further computation. 
The output layer of this network simply computes the 
weighted additions of all the inputs it gets from the 
preceding layer. This layer has a linear activation 
function and the output produced is the total output of 
the system. The training of these networks involves 
fixing the positions of the hidden layer neurons along 
with the biased.  
 
Each neuron in these networks is activated for the 
inputs that lie to its vicinity in the input space. Hence 
these are more localized neural networks as compared 
to the Back Propagation networks. The distance to 
which any input must to applied from a neuron to 
activate the neuron is controlled by the spread. 
Higher spread value means a neuron would get 
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activated by large activation values for inputs lying 
farther off in the input space. High spread values 
usually give a large generalization in these networks.  
 
Modular Neural Network (MNN) 
Modular neural network is made up of multiple ANN 
deployed parallel to divide and solve the problem. 
Each of the ANN represents a module and are use to 
solve a part of the problem independently. Working 
with MNNs involves steps of problem division, 
problem solving and integration. We first divide the 
given problem into a set of smaller problems, which 
even divides its complexity. The individual sub-
problems may be easily solved by the individual 
modules or neural networks. The results to these 
individual problems are then supplied to an integrator 
[21]. This is shown in figure 2. The main role of an 
integrator is to combine the various individual 
responses from the various ANNs and to generate a 
common response that is the output of the system 
[22]. The divide and conquer strategy in modular 
architecture enable us to implement varying local 
experts on the segments and obtain improved 
classification accuracy. 
 
In the applied method we use partitioning of the input 
space. The complete input space is partitioned into 
some clusters. Each cluster is allotted a dedicated 
module or neural network that solves the problem in 
that region. The clustering is done using the training 
data. We use fuzz C-means clustering for the purpose. 
This gives us k cluster centers, where k is the number 
of modules desired in the MNN. An input is said to 
belong to the cluster that lies closest to it. We make k 
neural networks, each for one cluster and train them 
with the inputs in the training data set that lie in their 
specified cluster region. Whenever any input is 
applied, one module or ANN gets activated, to which 
the input belongs. This gives the output, which is also 
the output produced by the MNN.  More details may 
be obtained from [23, 24]. 
 
Ensembles 
Ensembles make use of multiple ANNs to solve the 
same problem. The same problem is given to all the 
ANNs. Each of these ANNs solves the problem using 
its own problem modeling. All the solutions by the 
various modules are returned and collected by a 
central integrator responsible for integrating the 
individual results and producing the resultant output 
of the system. Hence in this approach the problem is 
redundantly solved by the various neural networks. 
Figure 3 shows the structure of a typical ensemble. 
Each expert or ANN employ their own mechanism to 
solve the complete problem set which either may 
either be classification or functional approximation 
[25, 26]. 
 
The MNNs and the ensembles may look similar to 
each other, but these represent two diverse concepts. 

In MNNs there is a division of problem and different 
modules solve different parts of the problem. The 
integrator hence chiefly looks at the sub-solutions to 
form the main solution. Ensembles however 
redundantly solve the problem. Each expert produces 
its output which is a candidate for final solution. The 
integrator in this case selects a mechanism to make 
final decision based on the candidate decisions.  
We apply different integration techniques for the 
results obtained from each expert. The techniques 
dealt in this paper are Max, Min, Polling, Product and 
Sum. 
 
In Max or Min integration scheme the output from 
each expert is the matching score of the input to the 
various classes. The matching scores are normalized 
to lie between 0 and 1 and collectively sum to unity. 
In max we take the net matching score of the input to 
any class as the maximum of the matching scores 
reported by the experts.  In minimum we take the 
least. The output class is the class that gets the largest 
matching score computed by the integrator. In 
product and sum method the product and sum of 
matching scores from each expert is taken as the net 
matching score of the integrator, based on which the 
decision is made. In polling method each of the 
experts gives as its output the class to which the input 
may belong as per its knowledge and methodology. 
The integrator gets the various classes that are 
potentially the output of the system by the various 
modules. The task of the integrator is to decide the 
system output as a means of voting between the 
various modules. Each module casts one vote in favor 
of the class which is its output. The votes for the 
various classes are collected and the class getting the 
largest vote is regarded as the final system output by 
the integrator. 
 

 
Figure 1:  General Architecture of Modular Neural Network. 

 

 
Figure 2:  General Architecture of Ensemble. 
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III. EXPERIMENTS AND RESULTS 
 
After pre- processing the data set which contains 168 
images, the training and testing data set are fed into 
different classifiers and the corresponding results 
from each are discussed in this section. 
 
A. Classification using different ANN 
Algorithms 
The architecture of each ANN is varied in order to 
look for that architecture that gives the best 
recognition. After obtaining the optimum architecture 
the PCA co-efficient are varied in order to look for 
that PCA co-efficient which produces the best 
recognition. The optimum neural network 
architecture along with the  best PCA co-efficient 
gives the overall optimum architecture for PCA based 
Lip recognition using ANN. 
1) Back  Propagation (BP) 
PCA along with BP is applied to lip images for 
training and then it is tested with rest of the images. 
The epochs are set at 3000, learning rate at 0.01, and 
momentum at 0.7. The training parameters are 
summarized in table1. 
 

Table.1 Statistical Data of BPA 

 
 
The neural network architecture is varied for a 
particular value of PCA co-efficient. The PCA 
coefficient is also varied and the recognition rate 
corresponding to the variations is depicted below in 
the table 2. Each experiment was repeated 5 times 
and mean recognition with the standard deviation is 
quoted. Figure 3 shows the performance graph for 
BPA for the optimal network. 
 

Table.2 BPA Analysis Results 

 
 

 
Figure 3:  Performance plot for BPA 

 
From the table 2 the optimum PCA coefficient is 
selected which is 20 in this case and the 
corresponding result table for its next and previous 
values is analyzed and shown in the table 3. 
 

Table.3 Near Optimum Values 

 
 
From the table 2 and table 3 it can be easily seen that 
neural network with 20 neurons in the hidden layer, 
20 PCA coefficients, trained for 3000 epochs, 
momentum of 0.7, and learning rate of 0.01 was the 
optimal BP with a recognition of 146 out of 168 i.e. 
86.9%. Any reduction or increase of number of 
hidden neurons resulted in a drop in recognition 
score. Similar is the case for pca coefficients.  
2) Layer Recurrent Network (LRN) 
PCA along with LRN is applied to lip images for 
training and then it is tested with rest of the images. 
The epochs are set at 300, the training function is 
Trainbr and the number of neurons in output layer is 
7. The constant network architecture and training 
parameters are depicted in the table 4. 
 

Table.4 Statistical Data of LRN 

 
 
The neural network architecture is varied for a 
particular value of PCA co-efficient. The PCA 
coefficient is also varied and the recognition rate 
corresponding to the variations is depicted below in 
the table7. Each experiment was repeated 5 times and 
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the mean recognition with the standard deviation is 
quoted. Figure 4 shows the performance graph for 
LRN. 
 

Table.5 LRN Analysis Results 

 
 

 
Figure 4:  Performance plot for LRN 

 
From the table 5 the optimum PCA coefficient is 
selected which is 14 in this case and the 
corresponding result table for its next and previous 
values is analyzed and shown in table 6. 
 

Table.6 Near Optimum Values 

 
 
Based on the analysis of the above result the optimum 
neural network structure comes with 20 neurons in 
hidden layer, pca coefficient as 13 with epochs at 
300. The optimal LRN with above stated parameters 
produces a recognition of 153 out of 168 i.e. 91.07%. 
Any reduction or increase of number of hidden 
neurons resulted in a drop in recognition score. 
Similar is the case for pca coefficients.  

3) Radial Basis Network  (RBN) 
PCA along with RB is applied to lip images for 
training and then it is tested with rest of the images. 
The goal in the analysis is fixed at value 0.01. The 
neural network architecture is varied for a particular 
value of PCA co-efficient. The PCA coefficient is 
also varied and the recognition rate corresponding to 
the variations is depicted in table 7. 
 

Table.7 RB Analysis Results 

 
 

 
Figure 5:  Performance plot for RB 

 
From the table 7 the optimum PCA coefficient is 
selected which is 14 in this case and the 
corresponding result table for its next and previous 
values is analyzed and shown in the table 8. 
 

Table.8 Near Optimum Values 

 
 
Based on the analysis of the above result the most 
optimum neural network structure comes with pca 
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coefficient as 13 at a spread of 150 with a goal of 
0.01. The optimal LRN with above stated parameters 
produces a recognition of 152 out of 168 i.e. 90.47%. 
Any reduction or increase in spread resulted in a drop 
in recognition score. Similar is the case for pca 
coefficients.  
4) Classification Using Ensembles 
We use Ensembles as other classifier. Six expert 
systems are created using the above mentioned ANN 
and are trained using the training dataset created. 
Each expert is trained individually using the training 
dataset. The structure of each expert differs from 
others in terms of the number of hidden neurons, 
PCA coefficients and other architectural parameters.  
The table 9 illustrates four ensembles using six 
different experts and the architecture of each expert. 
 
Table. 9(a) Different Ensemble Structure Experts 

(1-2) 

 
 
Table. 9(b) Different Ensemble Structure Experts 

(3-4) 

 
 
Table. 9(c) Different Ensemble Structure Experts 

(5-6) 

 
 
The six experts collectively form one ensemble i.e. 
each row from Exp1 to Exp6 is an ensemble with six 
different ANN and the result of an ensemble is the 
integration of the results from individual experts. In 
all the experiments the first model was fixed to be 
BPA, the second was fixed to be LRN, the third was 
fixed to be RB, the fourth was fixed to be BP, the 
fifth was fixed to be LRN and the sixth one was fixed 
to be RB. 
 
In this paper we have focused mainly on five 
integration techniques which are Max, Min, Polling, 
Product and Summation. The result obtained after 
applying the above integration technique to each 
ensemble is depicted in the table 10. Each row in the 

table is the result from an ensemble using the above 
integration technique. 
 

Table. 10 Results for different ensembles 

 
 
From table 10 we can analyze that the polling 
integration technique gave the optimal output for 
ensemble 1 which is 154 out of 168 i.e. 91.66%. The 
Max integration technique showed the least output 
which is 98 out of 168 i.e. 58.33%. The effect of 
variations in number of hidden neurons, spread and 
pca coefficient for each expert followed the same 
trend as discussed in section III. 
5) Classification Modular Neural Network with 
Using Fuzzy C – Means Input Space Clustering  
Fuzzy C-Means clustering technique is applied to 
partition the input space into modules. Each input is 
mapped into the module based on its Euclidian 
distance from the centers of the cluster. 
Each input module is fed into the neural network and 
the corresponding output space is obtained. In this 
paper BPA and LRN are taken into account for 
implementing cluster based modularity.  
In case of BPA the training function used is Trainbr, 
number of neurons in output layer is fixed at 7, 
number of hidden neurons is 20 and the PCA 
coefficient is kept at 13 which are summarized in 
table 11. 

Table. 11 Statistical Data of BPA 

 
 
The number of clusters is varied and the 
corresponding outputs are analyzed in the table 12. 
Each experiment was repeated 5 times and the mean 
recognition with the standard deviation is quoted. 
 

Table. 12 Result Table of BPA 

 
 
From table 12 the optimal output was obtained for a 
cluster size 2 with BPA for number of hidden neurons 
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20 and pca coefficient 13. Recognition of 147 out of 
168 i.e. 87.5% is obtained. 
In case of LRN the number of hidden layers is kept 
fixed at 20 and the PCA coefficient is also kept fixed 
at 20. The table13 summarizes the above statistics. 
 

Table. 13 Statistical Data of LRN 

 
 
The number of clusters is varied and the 
corresponding outputs are analyzed in table14 below. 
Each experiment was repeated 5 times and the mean 
recognition with the standard deviation is quoted. 
 

Table. 14 Result Table of LRN 

 
 
From table 14 the most optimal output was obtained 
for a cluster size 2 with LRN for number of hidden 
neurons 20 and pca coefficient 20. Recognition of 
122 out of 168 i.e. 72.61% is obtained. Thus a 
decreased number of clusters is favorable for better 
recognition. 
6) Result Comparison 
Based on the best results obtained from different 
classifiers, a comparative illustration is depicted in 
table 15. 
 

Table. 15 Comparison Table 

 
 
CONCLUSION 
 
The research work done in this paper clearly reveals 
that the recognition rate in case of lip recognition 
varies with changes in the input space, the division of 
input space and the architecture of the neural 
network. The research has helped to understand the 
importance of neural network ensemble architecture 
which employs parallel local experts with 
combinatory recognition techniques.  The application 
PCA leads to substantial dimensionality reduction 
which favors quick and proper training of datasets. 
The variation in PCA coefficient affects the 

recognition rate to some extent. The recognition rate 
based on changes in neural network architecture does 
not follow any definite rule.  The LRN and RB ANN 
overrule BP when used with PCA in terms of 
accuracy. In case of Ensemble the experts with low 
PCA coefficient showed better accuracy for different 
integration schemes. The polling integration scheme 
overrules the others in terms of accuracy. Input space 
division using Fuzzy C-Means Clustering shows 
optimum value for less number of clusters. The paper 
leaves a series of open areas which might be 
addressed in future. This includes the decision on the 
number of modules in which image is divided and the 
areas which each module caters to. Further research 
may be carried out on different feature extraction 
techniques, classificatory models, and different 
ensemble architectures. Accuracy can be improved by 
the use of other feature extraction techniques. 
Accuracy can also be improvised by incorporating 
several feature extraction techniques to form a unique 
one. 
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