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Abstract -SMS (Short Message Service) is a popular and quick service for the communication. The problem occurs
when the user does not want to receive a particular text or text from particular type of IDS i.e is called spam . To
prevent such kind of message, text classification methods have been proposed. Most of the current methods of spam
detection involve using keyword filters to separate spam and regular messages. This paper focuses on the text
classification methods like tree architecture, ICA algorithm and Neural Network algorithm for the text classification
to prevent the user from unwanted spam messages. Although spam filtering techniques are now available on the
market today, no one can deny that these solutions cannot guarantee 100% effectiveness at eliminating the problems
of spam because a variety of these filters have weaknesses and strengths. The intent of this paper presents an
alternative solution using a neural network classifier on a corpus of sms received by the researchers who conducted
this investigation. The dataset for our system used descriptive attributes of words, symbols and sms that are commonly
used by users to correctly identify spam received in inboxes.
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I.
INTRODUCTION
SMS is a part of our daily life. People often SMS each other to communicate. SMS can become a problem also if the
user does not want to receive a SMS. Promotional companies send bulk SMS to the users which becomes a
headache for the user. To identify a sms to be spam certain criteria must be decided. One of the major factors in sms
spam detection is the textual analysis of the sms. E messages have become popular means for personal and business
communication due to its fast and free availability as well as low or free cost. But several people and companies
misuse this facility to distribute unsolicited bulk messages that are commonly called as spam sms.
Spam frustrates, confuse and annoy sms users by wasting valuable resources and time. Spam even provides ways for
phishing attacks and distributing harmful content such as viruses, Trojan horses, worms and other malicious code.
Several technical solutions like commercial and open-source products have been used to alleviate the effect of this issue.
Spam filtering can be of two types:
 Non-machine learning based
 Machine learning based
Short Message Service (SMS):-SMS is a communication service standardized in the GSM mobile communication
systems; it can be sent and received simultaneously with GSM voice, text and image. This is possible because whereas
voice, text and image take over a dedicated radio channel for the duration of the call, short messages travel over and
above the radio channel using the signaling path [3]. Using communications protocols such as Short Message Peer-toPeer (SMPP).It allows the interchange of short text messages between mobile telephone devices .
II.
OVERVIEW OF TEXT CLASSIFICATION IN SMS
Text classification is a supervised learning process. In this process a task is assign on text data or document for
classify this text according to predefined categories or classes according to their contents. For a long time it is very
classical problem in information access field, recently this field is attracted due to over loaded amount of text document
available in digital form. Some systems are based on text classification like routing, data access, classification, and
filtering... So to access information from huge amount of documents is very difficult and more time consuming.
Organizations that need to access information from huge amount need a technique to solve this difficulty and more
work in less time. Data is automatically classified according categories of their contents. There are many algorithm
are available to deal with automatic text classification [1].

Figure 1: Spam Text Recognition system
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There are several algorithms for the identification of the data text analysis:A. ICA(Increment Component Analysis):
They employ a generalized suffix-tree that can be updated efficiently when the source changes [4]. The amount of
effort required for the update only depends on the size of the change, not the size of the code base... Since generalized
suffix-trees are not easily distributed across different machines and the memory requirements represent the bottleneck
with respect to scalability. Consequently the improvement in incremental detection comes at the cost of substantially
reduced scalability.
B. Neural Logistics for text classification
The neural networks are non-linear statistical data modeling tools that are inspired by the functionality of the human
brain using a set of interconnected nodes [6] networks are widely applied in classification and clustering, and its
advantages are as follows. First, it is adaptive; second, it can generate robust models; and third, the classification
process can be modified if new training weights are set. The neural network fraud classification model employing
endogenous financial data created from the learned behavior pattern can be applied to a test sample. The neural
networks can be used to predict the occurrence of corporate fraud at the management level [7].
A neural network (NN) is a feed-forward, artificial neural network that has more than one layer of hidden units [7]
between its inputs and its outputs. Each hidden unit, j, typically uses the logistic
Assume that we have collected a sample of the sphere (or prewhitened) random vector function1 to map its total input
from the layer below, xj , to the scalar state, yj that it sends to the layer above.
𝑦𝑖 = 𝑙𝑜𝑔𝑖𝑠𝑡𝑖𝑐 𝑥𝑗 = 1 1 + 𝑒 −𝑥 𝑗 , 𝑥𝑗 = 𝑏𝑗 +

𝑦𝑖 𝑤𝑖𝑗 (1)

where bj is the bias of unit. j, i is an index over units in the layer below, and wij is a the weight on a connection to unit j
from unit i in the layer below. For multiclass classification, output unit j converts its total input, xj, into a class
probability, pj.

Figure 2: Architecture of Neural Network
III.
WORKING OF FAST ICA ALGORITHM
FastICA is an efficient and popular algorithm for independent component analysis invented by Aapo Hyvärinen at
Helsinki University of Technology. The algorithm is based on a fixed-point iteration scheme maximizing nonGaussianity as a measure of statistical independence. It can also be derived as an approximate Newton iteration.
Fast ICA for One Independent Component
x, which is in case of blind source separation, is a collection of linear mixture of independent source signals. The basic
method of Fast ICA algorithm is as follows:
 Take a random initial Vector w (0) and divide it by its norm.Let k=1.
 Let w(k)=E{Z[ZTw(k-1)]3}-3w(k-1)
 Divide w(k) by its norm
 If |wt(k)w(k-1)| is not close enough to 1, let k=k+1,go back to step 2.otherwise the algorithm is convergent and
outputs w(k).
The final vector w(k) given by the algorithm equals one of the columns of the (orthogonal) demixing matrix B. In case of
blind source separation, this means that w(k) separates one of the non-Gaussian source signals in the sense that w(k)Tx(t)
, t = 1,2,....... equals one of the source signals.
Fast ICA for Several Independent Components
To estimate n independent components, run these algorithm n times. To ensure that we estimate each time a different
independent component, we only need to add a simple orthogonalizing projection inside the loop. The column of the
demixing matrix B is orthonormal because of the sphering. Thus we can estimate the independent components one by
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one by projecting the current solution w(k) on the space orthogonal to the columns of the demixing matrix B previously
found. Define the matrix B as the matrix whose columns are the previously found column s of B
Then adding the projection operation in the beginning of step 3.
𝒘 = 𝒘 − 𝑩𝑩𝑻 × 𝒘
Divide w(k) by its norm
Also the initial random vector should be projected this way before starting the iterations. To prevent estimation error in
from deteriorating the estimate w(k), this projection step can be omitted after the first few iterations: once the solution
w(k) has entered the basin of attraction of one of the fixed points, it will stay there and converge to that fixed point.In
addition to the hierarchical (or sequential) ortho-gonalization described above, any other method of orthogonalizing the
weight vectors could also be used. I n some applications, asymmetric orthogonalization might be useful. This means that
the fixed point step is first performed for all the n weight vectors, and then the matrix W(k) = ( w1(k),.....wn(k)) of the
weight vector is orthogonalized, e.g., using the well known formula:
𝑤(𝑘) = 𝑤(𝑘)(𝑤(𝑘)𝑇 𝑤(𝑘))1/2
Where ( W(k)TW(k))1/2 is obtained from the eigenvalue decomposition of W(k)
E1/2ET





T
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IV.
METHODOLOGY OF SPAM DETECTION
First to design a spam detection system.
To select a spam file either it is a text file or it is excel file
To select a file on the basis of spam detection.
Filter stemming words only from spam detection.
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Figure 3: Flowdiagram Of Spam Detection System
Features to be extracted are on the basis of both Character-Based, Word-based, and Vocabulary features :1. Total no of characters (C) .
2. Total no of alpha chars / C Ratio of alpha chars.
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3. Total no of digit chars / C , Total no of whitespace chars/C
4. Frequency of each letter / C (36 letters of the keyboard – A-Z, 0-9)
5. Frequency of special chars (10 chars: *, _ ,+,=,%,$,@, ـ, \,/ )
6. Total no of words (M) .
7. Total no of short words/M Two letters or less.
8. Total no of chars in words/C
9. Average word length .
10. Avg. sentence length in chars .
11. Avg. sentence length in words
12. Word length freq. distribution/M Ratio of words of length n, n between 1 and 15
13. Type Token Ratio No. Of unique Words/ M
14. Frequency of punctuation 18 punctuation chars:. ،; ? ! : ( ) – “ « » < > [ ] { }
V.
CONCLUSION
In this paper we have reviewed the text classifiers such as FastICA for feature extraction and neural networks. A neural
network system is useful and accurate tool for classifying spam messages but to enhance precision performance,
supervision is needed.It requires fewer input features to achieve the same results produced by other classifiers.The
overall aim of this paper to explore the idea of text classification methods like fast ICA and neural networks for pattern
matching, feature extraction to increase accuracy of the system. Furthermore our aim will be using classifiers of neural
networks to increase the efficiency of spam detection system.
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