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Farsi Handwritten Word Recognition Using Discrete HMM and SelfOrganizing Feature Map
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Abstract. A holistic system for the recognition of handwritten Farsi/Arabic words using right-left discrete hidden
Markov models (HMM) and Kohonen self-organizing vector quantization(SOFM/VQ) for reading city names in postal
addresses is presented. Pre-processing techniques including binarization, noise removal and besieged in a circumferential
rectangular are described. Each word image is scanned form right to left by a sliding window and from each window 20
features (4*5) are extracted. The neighbourhood information preserved in the self-organizing feature map (SOFM) was
used for smoothing the observation probability distributions of trained HMMs.
A separate HMM is trained by Baum Welch algorithm for each city name. A test image is recognized by finding the best
match (likelihood) between the image and all of the HMM words models using forward algorithm. Experimental results
show the advantages of using SOFM/HMM recognizer engine instead of conventional discrete HMM.
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1. Introduction
During the past decade, pattern recognition community has achieved very remarkable progress in the
field of handwritten word recognition. Many paper dealing with applications of handwritten word
recognition to automatic reading of postal addresses, bank checks and forms (invoices, coupons, revenue
documents etc.) have been published [1-5]. However, most of the works dealt with the recognition of Latin
and Chinese scripts. However progress in Arabic script recognition has been slow mainly due to the special
characteristics of Arabic scripts. Arabic text is inherently cursive both in handwritten and printed forms and
is written horizontally from right to left. The reader is referred to [6-9] for further details on Arabic script
characteristics and also the state of the art of Arabic character recognition. Farsi writing, which this paper
addresses, is very similar to Arabic in terms of strokes and structure. The only difference is that Farsi has
four more characters than Arabic in its character set Therefore, a Farsi word recognizer can also be used for
Arabic word recognition. This paper presents a Farsi handwritten word recognition system based on discrete
hidden Markov model and using a self-organization feature map as the vector quantization. This method is
suitable for limited vocabulary applications such as postal address reading.
The work described has been carried out on a database of name of 198 cities of Iran.

2. The word recognition system
The proposed system is designed for reading the city names from address filed. The lexicon size is
limited (198 city names) or can be pruned by using additional information like Zip codes. The block diagram
of the system is illustrated in figure 1. An image of postal envelope is captured using a scanner with 300-dpi
resolution and 256 gray levels. Then the name of city is extracted from the image and assigned an
appropriate label between 1 to 198. Our database consists of 17000 word image of the cities in Iran.
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2.1. Pre-processing
The pre-processing consists of the following steps:
z

Binarization: The gray level image of a word is binarized at a threshold determined by modified
version of maximum entropy sum and entropic correlation methods.[10]

z

Noise removal: The binarized image often has spurious segments which are removed by a
morphological closing operation followed by a morphological opening operation both with a 3x3
window as the structure element.

z

To Surround: For decrease of the memory volume and increase the speed of the processing the
binarized image is surrounded in a circumferential rectangular (figure 2).

Fig.1. An overview of handwritten word recognition system

2.2. Frame generation
In this phase, the word image is converted to an appropriate sequential form suitable for HMM
recognition engine. The area of the image is divided into a set of vertical fixed-width frames (strips) from
right to left. The width of a frame is set to approximately twice of the average stroke width of the word
image(r) and there is a 50% overlap between two consecutive frames. Then each frame is divided
horizontally into five zones with equal height (M) as shown in figure 3. Therefore zonei , j shows the j_th
zone from i_th frame.

2.3. Feature Extraction
In this stage from each zone of the frame of the image 4 features were extracted:
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The fourth feature is defined as run position in the zone, therefore the fourth feature is:
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In this way, each frame is represented as a 20-dimensional feature vector as shown below:

Fig.2.An example image during reprocessing
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Param
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Map topology
t
Neighhbourhood funcction
Initiall learning rate in first phase
Initiall learning rate in second phasee
Initiall neighbourhood radius in firstt
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Initiall neighbourhood radius in seco
ond
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Learnning rate functioon

Value
7x7 Hexaagonal
Bubble
0.1
0.05
10
3
Inverse-tiime
type
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ht vectors off
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a the code words
w
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f
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across the map.
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4. Hidden Markov Model
The hidden Markov model is a double stochastic process, which can efficiently model the generation
of sequential data [12]. HMMs have been successfully used in speech and handwriting recognition. There are
two different approaches to model sequential data by HMM. In the model discriminant approach, a separate
HMM is used for each class of patterns, while in the path discriminant approach, only one HMM models all
of the pattern classes and different paths in the model distinguish one pattern class from the others. A model
discriminant discrete HMM was used as the recognizer engine that is suitable for this limited-vocabulary
application. Therefore, each city class ( ωc ) is modelled by a single right-left HMM and a word is represented
as a sequence of T observations (coordinates of the SOFM codebook), O = {o = ( k , l},1 < t < T ,1 < k , l < 7 .An
λ
HMM, c , is defined by the following parameters [12-13]:
The number of states (N) which is set for each class is proportional to the average numbers of frames in
training samples in that class. The individual states are denoted as

q
and the state at time t as t .

S = {S1, S2 ,…, SN }

(5)

The number of distinct observation symbols per state (M), which is equal to the SOFM codebook size (7x7).
V = {v k ,l } 1 < k , l < 7
The individual symbols are denoted as
The state transition probability distribution:

A = {a ij }
That

aij = p[qt +1 / qt = si ] ,1 ≤ i, j ≤ N

(6)
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Δ
The maximum number of forward jumps in each state ( ) is chosen experimentally to be between 2
and 4 for each class during training.
The observation symbol probability distribution :
B = { b j ( k , l )}

(9)

That

b j ( k , l ) = p[vk ,l at t qt = s j ] ,1 ≤ j ≤ N ,1 ≤ k , l ≤ M
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Π = {π i } ,1 ≤ i ≤ N
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The last state distribution :
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(14)
Prior to recognition, each HMM is trained independently by Baum-Welch algorithm [12-13] to
maximize the probability of the observation sequences (obtained from training data set).
It is well known that if sufficient training data is not provided, HMM' parameters, especially the
observation symbol probabilities, are usually poorly estimated. Consequently, the recognition rate becomes
significantly degraded with even a slight variation in the testing data. This fact is clearly revealed in the
experimental result shown in table2. An appropriate smoothing of the estimated observation probability can
overcome this problem without the need for more training data. This was achieved by using the

neighbourhood information preserved in the SOFM codebook [14]. After training all of the HMMs by
Baum-Welch algorithm, the value of each observation probability in each state will be raised by adding a
weighted-sum of the probabilities of its neighbouring nodes- in the self-organization map as follows:
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function of the distance between two nodes (p,q) and (k,l) in

W( k ,l ),( p ,q ) = sf .c

( d( k ,l ),( p ,q ) −1)

(16)

and c is a constant chosen to be equal to 0.5. The smoothing factor (Sf) controls the degree of smoothing, and

d ( k ,l ),( p , q )

is the hexagonal distance between two nodes with the-coordinates (k,l) and (p,q) in the code book map.
P(o | λc ),1 < c < 198 ) ,was computed by

The probability that o has been generated by each word model, (
forward algorithm as follows: [12-13]
The forward variable for a given word sample K is calculated as:
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Similarly, the backward variable for given word sample K is calculated as:
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Finally the observation probability is calculated as:
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i

(19)

and a sorted list of candidate classes were obtained.

5. Experimental results and Conclusion
A database consisting of about 17000 images of 198 city names of Iran is used for developing Farsi
handwritten word recognition. After applying pre-processing steps including binarization, noise removal and
besieged in a circumferential rectangular each word image is scanned from right to left by a sliding window
and from each window 20 features is extracted. A codebook is constructed using SOFM clustering method
from a pool of about 400,000 feature vectors extracted from word images. By using this codebook each word
is represented as a sequence of membership vectors. For each city name a separate right-left HMM is trained
by Baum-Welch algorithm under different conditions such as:
•

Initializing parameters with random or equal values.

•

Different topology parameters (the number of states (N), the connectivity of states (A)).

Then, each word image in the test data set was represented as a sequence of T observations, O = { o t } .

P(o | λ ),1 < c < 198

c
, was computed by
The probability that O has been generated by each word model
forward algorithm.
For computing the recognition rate three distinct sets (A, B, C) are predefined in the database usable for
training and testing system. We use two of them for training and one set for testing and the mean of
recognition rate in each condition is considered as recognition rate of the system in that condition.

The performance of the word recognition system is illustrated in table 2 by a top-n recognition rate
measure (the percentage of samples that the true class is among the first n positions in the candidate list).
Table 2. Recognition result before smoothing HMM parameters.

Top-n

1

2

5

1

2

0

0

Recognition
3
4
7
8
9
Rate
3.21 5.47 0.52 7.21 3.98
As previously mentioned, due to the problem of insufficient training data, the recognition rate is
unacceptable. The above procedure was repeated after smoothing the HMMs with a different smoothing
parameter (Sf) and the recognition results are shown in table 3. Improvement is quite evident.
Table 3. Recognition result after smoothing HMM parameters
Top-n

1

2

5

1
0

Rec. Rate
( sf = 10

−1

)

2
0

5
7
8
8
9
9.98 4.58 5.41 9.95 4.35

Rec.Rate

6
7
8
9
9
6.42 9.12 7.27 2.85 6.09

Rec. Rate

6
7
8
9
9
3.84 5.12 4.95 1.58 5.81

( sf = 10 −2 )

( sf = 10

−3

)

Rec. Rate
( sf = 10

−4

)

5
7
8
9
9
9.77 2.77 5.71 2.02 5.98

Table 4. Comparisons to other word recognition system in the literature
Method

Lexico

Top 1

Top 2

Top 20

n size
SCHMM,[6]

69

89.97

92.17

95.49

Proposed

198

66.42

79.12

96.09

198

65.05

76.09

95

198

80.75

86. 10

94.46

system
DHMM+smo
oting[2]
DHMM+VQ
[1]

From table 3, it is seen that the top-1 recognition rate increased significantly from 33.21% without
smoothing, to 66.42% with a smoothing factor equal to 0.01.
In table 4 the performance of the propose word recognition system is compared with the other word
recognition systems.
Examination our results and comparison with the other works, show the performance of propose system
and features extracted in Farsi / Arabic handwritten word recognition. In this work is used from a simple preprocessing and basic concept of discrete HMM .
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