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Abstract. This paper discusses use of Super Paramagnetic Clustering (SPC) 
and Spatio Temporal Artificial Neuron in on-line writer identification, on Farsi 
handwriting. In online cases, speed and automation are advantages of one me-
thod on others, therefore we used unsupervised and relatively quick clustering 
method, which in comparison with conventional approaches, give us better re-
sult. Moreover, regardless of various parameters that available from acquisition 
systems, we only consider to displacement of pen tip at determined direction 
that lead to quick system due to its quick preprocessing and clustering. Also we 
use a threshold that remove displacement between disconnected point of a word 
that lead to a better classification result on on-line Farsi writers. 
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1   Introduction 

With the rapid development of the information technology, true user authentication, 
using biometrics information will be required to get the more reliable password. the 
necessity of person identification is increasing for example, in bank, shop, e-
commerce and so on. In this work, person identification using handwriting, is referred 
to as writer identification. the target of writer identification is to quest for the personal 
identity, among a group of possible candidates, which is mainly used in security-
oriented applications.  

Writer identification problem is largely classified into two classes. One is offline 
methods, based on only static visual information, and the other is, on-line methods, 
based on dynamics of the handwriting process. A major advantage of the later method 
is very difficult to forge or copy the invisible dynamic features. We can say writer 
identification is identifying, writer from a written script such as character, signature 
and etc. Many methods of on-line signature recognition have been proposed at [1], 
[2], [3]. In the online methods, dynamic features of handwriting process have been 
used, such as pen point coordination [4], writing velocity [5], azimuth [6] and other 
features which are available from a digitizer. Due to the seemingly uniqueness of 
physiological and behavioral characteristics of each individual, writer identification 
has shown [1] to be a feasible task. Each writer’s writing, has a set of characteristics 
which is exclusive to him, only. 
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However a few methods for on-line writer identification (exclusively, handwriting 
and not signature) have been presented. It is known that Farsi handwriting (words) 
consist of several stroks and are different from continuous English handwriting.  

In this paper, we propose a novel approach for on-line writer identification based 
on Super Paramagnetic Clustering (SPC) algorithm [9] and Spatio Temporal Artificial 
Neuron (STAN) [10],[11] on Farsi handwriting. The rest of this paper is organized as 
follows. Section 2 gives a short overview of the SPC. Section 3 describes the writer 
identification procedure based on the SPC clustering and STAN classification. Ex-
perimental results and conclusion are provided in Section 4. 

2   Overview of Super Paramagnetic Clustering 

The key idea of Super Paramagnetic Clustering (SPC) is based on magnetic property 
of material at different temperature. Each material reach to high magnetic properties 
at special temperature. We use this temperature as a best value for clustering with 
SPC. The following is key ideas of Super Paramagnetic Clustering (SPC) [7], which 
is based on simulated interactions between each point and its k-nearest neighbors.  

There are q different states per each magnetic particle. First step is to represent the 

m selected features of each spike i by a point x i  in an m-dimensional phase space. 

The interaction strength between points x i  is then defined as: 

If x i  is a nearest neighbor of x j  
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where a is the average nearest-neighbors distance and k is the number of nearest 

neighbors. Note that the strength of interaction J ij  between nearest neighbor spikes 

decays exponentially, with increasing Euclidean distance 
2
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corresponds to the similarity of the selected features. In the second step, an initial 

random state s from 1 to q is assigned to each point x i  .Then N Monte Carlo itera-

tions are run for different temperatures T, given an initial configuration of states s. A 

point x i  is randomly selected and its state s changed to a new state s new , which is 
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Where T is the temperature in which, this probability compute. Note that only those 

nearest neighbors of x i  which were in the same previous state s, are candidates to 

change their states to s new . Neighbors which change their values, create a frontier and 

cannot change their state again, during the same iteration. Points which do not change 
their state in a first attempt, can do so, if revisited during the same iteration. Then for 
each point of the frontier, we apply equation (2), again to calculate the probability of 

changing state to s new  for their respective neighbors. The frontier is updated, and the 

update is repeated until the frontier does not change any more. 
At that stage, we start the procedure again from another point and repeat it several 

times, in order to get the representative statistics. Points which are close together, 
(corresponding to a given cluster) change their state together. This can be quantified 

by measuring the point to point correlation 
ji ss ,δ  and defining x i  and x j  to be 

members of the same cluster if 
ji ss ,δ  ≥ θ, for a given threshold θ. Clustering results, 

mainly depend on temperature and are robust to small changes on other parameters, 
like, threshold, number of nearest neighbors and states [9]. This method remains bet-
ter results in sorting of spikes in comprise with other approach (Table.1). 

3   Writer Identification Based on SPC and Spatio Temporal 
Neural Network 

In this section we describe on-line writer identification. We get data from a tablet and 
apply preprocessing to produce displacement, which is converted to impulses in the 
form of spatio temporal coding in polar coordinates. Accumulated impulses at a tem-
poral window go to a clustering unit as an input. After clustering, clustered data at 
another pass of algorithm, can produce impulses, like previous phase. Accumulated 
impulses from this section are representative of a person who must be identified. 

3.1   Data Acquisition and Preprocessing 

On-line writer identification methods, often use a data convertor device. The user 
registers his/her own written samples with a special pen, and handwriting, received 
online. The device we use at this experiment is a tablet from Wacom company, at A4 
size, in which the sampling rate is 200 points per second. We record samples of each 
person in a text file. From the tablet we acquire signals of position coordinates of pen 
on surface of the tablet. Note that each handwriting word, consists of a sequence of 
pen tip coordinates. We can use displacement from these positions. Since the begin-
ning of each word can be any point at writing surface, we use displacements at dis-
crete directions [10], [11] which make this system translation invariant. Each dis-
placement take place at one direction, by quantization of direction to nearest basic 
direction, among 8 defined direction which is the best number of features for input  to  
our proposed method according to experiments. According to Fig.1, we make a vector 
with dimension equal to number of quantized direction that achieve at our experiment. 
Therefore we have 8 components. displacements at a direction take place on one of 
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these components that can be an impulse at time. There are sequences of displace-
ments at each handwriting. Then we must convert them to sequences of impulses.  

This process is a spatio temporal problem. thus each displacement can be an im-
pulse at a given time. We present spatio temporal coding by complex number [10]. 
Each signal x at time t is shown with amplitude η  and phase φ  (temporal position) 

from a reference time, at polar coordinate ( )φη,                            

φη iex =  and 
( ) τμφ t=tan

 (3) 

( )τμη tiex arctan=  
(4) 

and because of decreasing amplitude of  x due to time, we have:                       
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Where ix  is an impulse at ith component of 8 dimensional displacement vector at 

time t, and TW is a temporal window in which feature vectors are created. When a 

new impulse jx is emitted on a given component at time 2t ,it is accumulated with 

the previous impulse according to (7). We need, creation of primary feature vector for 
clustering unit and also, feature vector for classification unit, so we consider the suit-
able temporal window which obtain from data set. 

 

 
Fig. 1. A) Pen tip displacement at writing a word. B) Quantized direction. C) Sequence of 
displacement at quantized direction as impulse. 
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Preprocessing have an important role in obtaining better results. Preprocessing al-
gorithm used in [11] was suitable for continuous English words. Since for Farsi 
handwritten word, each word can consist of one or some disjoint part, this algorithm 
can’t work well on Farsi handwriting with disjoint sub words. Sudden jumping of pen 
tip at disjoint parts of a word that usually occurs between marks of a letter and other 
strokes of word or occurs between two disjoint sub words of a word (Fig.2) can lead 
to unuseful features, thus we use a threshold for displacement at defined direction and 
avoid displacement higher than this threshold. 

3.2   Clustering of Sub Words 

Handwriting, created from sub words that sequence of them, create whole word. We 
consider for each of sub word, a feature vector which, will be extracted at a defined 
temporal window. We can define each displacement at quantized direction at time, as 
an impulse. We convert asynchronous but continuous flow of impulses from preproc-
essing unit to spatio temporal vectors. These vectors are made using spatio temporal 
coding and accumulation of impulses at temporal window in preprocessing phase.  

Thus each vector saves impulse information (sub word information) at temporal 
window. Therefore at each period of time, equal to TW, we have a vector, considered 
as an input to clustering unit. 

 
Fig. 2. Sudden jumping from one disjoint sub word to another disjoint sub word. Note that the, 
arrow line shows sudden jumping. 

Temporal window is defined according to experimental results, obtained from da-
taset. Note that TW is selected so that performance of system does not decrease. Cre-
ated vectors of this section are representative of a sub word (Fig.3). Sequence of these 
sub words vector, for each person at defined TW are behavioral identifier for a per-
son. Now we configure SPC algorithm for this application. We get feature vector of 
preprocessing unit which has 8 dimensions and run SPC for different ranges of tem-
perature T, until finding maxima of T, in which each cluster have at minimum 20 
points. To run this algorithm automatically, we use a criterion based on size of clus-
ters. First we define minimum number of data samples which must be in a cluster. 
This is because that increasing temperature can lead to cluster with a few point in it. 
In fact at high temperature the number of clusters increases [9], so we can overcome 
this problem, with size criterion of clusters so that we can define size of a cluster to be 
fraction of data set. If there isn’t enough points in each cluster, we use minimum tem-
perature. With this work we guarantee automation of method (one of advantage over 
Kmeans clustering) and find optimized temperature. We set parameters of SPC as 
below according to [9]: number of state q=20, number of nearest neighbor k=11, and  
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Fig. 3. A) A word includes sequence of sub words. B) Sequence of sub words in form of im-
pulse at determined TW. C) Feature vector of whole word for classification. 

also number of iteration N=500 and correlation threshold θ =0.5. Note that changing 
above parameters does not affect result and classification rate depends on temperature 
only. Due to each iteration we change temperature T from 0 to 0.2 by step 0.01 and 
find maximum temperature in which each cluster included at minimum, 20 points or 
fraction of dataset that is determined.  

3.3   Handwriting Feature Vector Classification 

Feature vectors of previous section are saved according to the time of occurrence (end 
time of TW). In this section we can extract feature vectors of classification unit. Be-
cause of each handwriting word is a sequence of sub words at specific times, we use 
spatio temporal coding like preprocessing unit. Then using ST-RCE [10], [11] algo-
rithm which is a spatio temporal neural network, classify feature vectors. 

Output vector of clustering units has a dimension equal to number of clusters, that 
relevant element of this vector with cluster of vector is activated, when a vector of 
previous section come into clustering unit. Time of this event is the same as the refer-
ence time that was saved with vector. Accumulation of signals on a dimension are 
computed based on a reference time (here, mean sampling time of each word at data-
base) according to (5),(6),(7). Each vector is corresponds to with a handwriting word 
of a person and each person corresponds to a class. Thus we can classify them using 
ST_RCE algorithm. This algorithm uses hermitian distance given in (8) or (9) to de-
termine, belonging a vector to a class or not. 
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Where D and V are distances between vector x and weight of neural network. 
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4   Experiments and Conclusion 

In one experiment we used two databases according to table1. These databases were 
made using handwritings of 20 persons acquired by a tablet. We asked each person to 
writes 66 words generally selected from names of cities. We need enough number of 
samples. Thus we asked each person to write each word 7 times. At the second data-
base for simplicity we use the first database with a little change: we force three per-
sons to try to forge 20 words of handwriting next to original handwriting and next to 
original person.  

We divided database to 5 dataset to train and test. Several algorithms can be used 
for spike clustering and best of them is an algorithm that has more discriminant 
strength. In order to show these differences with the proposed method we compare 
results of SPC clustering with Kmeans [11]. Experimental results (Table.1) shows, in 
cases that discrimination between spike shapes are relatively easy, two algorithms are 
the same, but in cases that shapes of spikes are very similar (trying to forge), SPC has 
acceptable advantage over Kmeans. Moreover, with SPC, we have an fully unsuper-
vised clustering unlike Kmeans that we define number of clusters.  

In another experiments we used five databases. We divide our dataset to four data-
bases (Table.2) according to the sudden jumping in each word (Fig.2). With removing 
unnecessary displacement at sub words by preprocessing (jumping from disjoint sub 
words to another disjoint sub words of a word) the performance of classifier can in-
crease according to (Table.2). 

We found that other features beside to displacement can not increase precision of 
classification and moreover increase time of classification.  

Note that some of the human being behaviors, like, difficulty in writing on special 
surface or writing with special pen can lead to undesired results, which we encountered 
them at the data acquisition phase. Therefore the accuracy of data acquisition, can lead 
to a better classification results. Unfortunately there isn’t any standard database at this 
context and make difficult comprise of result, achieved from various method. 

Table 1. Precision of methods on each type of database according to the number of forgeries 

 All  
samples 

Forgeries 
With Kmeans[11] With  

preprocessing 
Proposed  
method 

Database1 9240 0 71.3% 75.2% 76.2% 
Database2 420 68.2% 73.1% 79.1% 

 
9240 

    

Table 2. Precision of methods on each databases according to the number of jumping at a word 

 number of sudden  
jumping 

Samples With [11] With SPC [11]with  
preprocessing 

Proposed 
method 

Db1 1 18*20*7 78.2% 82.1% 82.6% 84.2% 
Db2 2 17*20*7 77.2% 79.1% 80.6% 81.8% 
Db3 3 12*20*7 72% 76.6% 79.4% 80.1% 
Db4 4 12*20*7 69.1% 71% 73.3% 77.3% 
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