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 “Much of the world’s information is held captive in hard-copy documents.  OCR 
systems liberate this information by converting the text on paper into electronic form.” 
- S. V. Rice, G. Nagy, & T.  A. Narker [5]
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OCR
• Definition: the process of translating images of 

handwritten, typewritten, or printed text into a 
format understood by machines

• Why? allows for reduced storage size, editing, 
indexing, searching, etc.
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Steps of OCR
• Character segmentation

• Based on vertical projections (or VP diffs)

• Connected component analysis

• Feature extraction

• Side profiles

• Line adjacency graphs

• Vertical/Horizontal projections

• Character recognition => ANN
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 Improving OCR    [5]
• Improve the scanning technique

• Higher dpi

• Scan in grayscale or color

• Improve pre-processing

• noise removal

• skew correction

• Use a single “OCR-friendly” font

• Domain specific knowledge
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Artificial Neural Networks
• Why ANNs?

• can deal with fuzzy data

• can learn over time

• Steps:

• Character segmentation

• Feature extraction

• Input: feature vectors

• Output: character class
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Avi-Itzhak et al., 1995   [1]
• High Accuracy Optical Character Recognition 

Using Neural Network with Centroid 
Dithering

• Idea: Simple is better!

• Input = every pixel of the scanned character

• Output = highest indicates character class

• Experiments with multi-font + multi-size

• Near perfect accuracy
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Pre-Processing
• Remove noise via thresholding

• Normalize via scaling to 50x50 pixels

• Center character on centroid

• Convert 2D array to a vector (concatenation)

• Feed into the input nodes of ANN
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(b) Multi-Size and Multi-Font Preprocessing 
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where di and yi designate the desired and actual outputs of the ith 

neuron in the last layer in response to the pth input pattern. N is the 

number of neurons in the output layer. The desired output for the i" 

output neuron under the pth input pattern is a discrete Delta function: 

.=r': ' 0 :  i # p  i = p  
(3) 

C. Database 

The data consisted of pre-segmented (though not all perfect) char- 

acter images, scanned at 400 d.p.i. and in 8-bit gray scale resolution. 

The first neural network deals with single-size and single-font charac- 

ter recognition, and the training and testing data is of 12 point Cou- 

rier font. The training data is comprised of 94 digitized character im- 

ages with a one-to-one correspondence between each training data 

and each member of the 12 point Courier font character set. The neu- 

ral network is thoroughly evaluated with testing data, comprised of 

1,072,452 character images from a library of English short stories. 

The second neural network deals with multi-size and multi-font 

character recognition. The allowable point size ranges from 8 to 32, 

and the fonts include Arial, AvantGarde, Courier, Helvetica, Lucida 

Bright, Lucida Fax, Lucida Sans, Lucida Sans Typewriter, New 

Century Schoolbook, Palatino, Times, and Times New Roman. The 

training data is comprised of 1,128 (or 94 x 12) character images; 

each member of the complete character set for each font appears ex- 

actly once in the training set. It is important to note that all training 

character images are of 16 point size, even though the network is 

trained to perform recognition on multi-size characters. An explana- 

tion of this property is provided in the next section. The testing data 

consists of 347,7 12 characters or 28,976 characters for each font and 

has an even mixture of 8, 12, 16, and 32 point sizes. 

D. Data Preprocessing and Normalization 

Before it is fed to a neural network, the digitized image is pre- 

processed and normalized. The preprocessing and normalization pro- 

cedure serves several purposes; it reduces noise sensitivity and makes 

the system invariant to point size, image contrast, and position dis- 

placement. 

The reduction of background noise sensitivity is achieved by 

thresholding. The input image is filtered by zeroing those pixels 

whose values are less then 20% of the peak pixel value, while the re- 

maining pixels are unchanged. The threshold setting is heuristic and 

has been empirically shown to work well for white paper. The 

threshold setting should be adjusted accordingly when a different pa- 

per product is used, e.g. newspaper. 

Following thresholding, the resultant image is centered by position- 

ing the centroid of the image to the center of a fixed size frame. The 

centroid (y, y) of an image is defined as follows: 

(4) 

For the 12 point Courier font case, a frame size of 50-by-60 pixels 

has been found to be adequate in enclosing all character images. For 

the multi-size and multi-font case, a frame size of SO-by-SO pixels is 

employed, and an additional scaling process must be applied to the 

images. The scaling entails initially computing the radial moment M,: 

Next, the image is enlarged or reduced with a gain factor of lO/M,, 

producing images of constant radial moments. The value of this ra- 
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Network Topology
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Training the ANN
• Generate one example character for each of 

the 12 different fonts

• Centroid dithering: creates many “different” 
images from this single input character

• Shift character around in [-2,+2] window

• Allows for width variations in character strokes

• 8,650,000 iterations => MSE=2x10^-6
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Testing the ANN
• Test samples varied in font and size

• Assumes perfect segmentation of cleanly 
printed characters

• Doesn’t account for l vs 1 vs | across fonts

• Needs surrounding context

• Ex: “3210” vs. “SCIENCE” vs. “isRed || isBlue”

• Recognized 100% of the 347,712 test samples
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Ramirez et al., 1996    [7]
• On Structural Adaptability of Neural 

Networks in Character Recognition

• Idea: A fixed structured network is bad

• Based on idea by T.C. Lee’s PhD dissertation [3]

• Change weights, structure, and learning rate of 
the network

• Uses vertical + horiz run lengths as features

• Result: Fixed structure network out performs 
the structure adapting network

11



Kurt Alfred Kluever 

Feb 17, 2008

Structure Adaptability
• An optimal solution requires a suitable 

number of neurons in the hidden layer

• If error stabilizes but is still greater than 
desired, insert another neuron

• If a neuron is a redundant element or a non-
functioning element, get rid of it

• Adapt the learning rate to accelerate 
convergence (high at first, low towards end)
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Results

1 = Fixed structure    2 = Adaptable structure
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4, Results. 5. Conclusions 
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Results obtained in the experimental work carried out, 
show the expected behavior in the learning phase, i.e., by 
morllfylng the number of neurons in the hidden layer, the 
error decreased as shown in figure 2. Points marked with 

letters A,B, and C, show the error decreasing when the 
number of neurons in the hidden layer is decreased by one 
at a time. A comparison with a fixed structure feedforward 
single hidden layer NN trained with backpropagation was 
performed under similar circumstances, obtaining a better 
recognition rate in the first one, once the network was 
stabilized. Figure 3 shows a comparison between the 
conventional (number 1) back propagation, and modified 
(number 2) delta-bardelta training with adaptive learning 

rate. 
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Figure 2. Error convergence; structural adaptability. 
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Figure 3. Conventional versus adaptive learning rate 
training stage. 

In this paper an experiment on character recognition 
through a feedforward single hidden layer neural network 

was presented. The emphasis of the experiment was on 
the structural adaptability of the network, following a 

strategy of creating and annihilating neurons in the 
hidden layer at the appropriate moments. Th~s process 
was done incorporating the connectiondependent 
learning rate parameter called delta-bardelta learning 
rule on batch mode, in the back propagation learning 
algorithm with good results. Additional experimentation 
with the system is currently carried out, and some 
modifications to the learning procedure incorporating 
fuzzy logic techniques are currently being attempted. 

6. Acknowledgments 

This work was partially supported by CONACYT and 

INIP Universidad de las Americas. Mexico. 

7. References. 

1. 

2. 

3. 

4. 

5 .  

6. 

7. 

8. 

9. 

T. Wasserman, “Neural Computing, Theory and 
Practice,’’ Van Nostrand Reinhold, New York, 1989. 
W.Hornik, “Multilayer feedforward networks are 
universal approximators,” Neural Networks, Vol. 2, 

I.B. Kahla, Z. Faraj, F. Castanie, and J.C. Hoffmann, 
“Multilayer adaptive filters trained with back 
propagation: A statistical approach,” Signal 
Processing, Vol. 40, pp. 65-85, 1994. 
N. Murata., S .  Yoshizawa, S .  Amari, “Network 
Information Criterion - Determining the Number of 
Hidden Units for an Artificial Neural Network Model, 

IEEE Transactions on Neural Networks, Vol. 5, No. 
6, November 1994. 

L. Tsu-Chang, Structure Level Adaptation for 

Artificial Neural Networks, Kluwer Academic 
Publishers, Boston, 1991. 

D.E. Rumelhart, G.E. Hinton, R.J. Williams. 
Learning internal representations by error 
propagation. Parallel Distributed Processing, MIT 
Press, Cambridge MA, pp. 3 18-362, 1986. 

I.Kahla, S. Puechmorel, F. Castanie, “The vector 
back propagation algorithm,” Proc. of World 
Congress on Neural Networks, WCNN 94, San 
Diego, California, pp. 346-351, June, 1994. 

T. Karayiannis, A.N. Venetsanopoulus, “Artificial 
Neural Networks, Learning Algorithms, Performance 
Evaluation, and Applications,” Kluwer Academic 
Publishers, Boston, 1993. 

Haykin Simon, Neural Networks; A Comprehensive 
Foundation, Macmillan College Publishing 
Company, Englewood Cliffs, NJ 07632 

pp. 359-366, 1989. 

1483 



Kurt Alfred Kluever 

Feb 17, 2008

Mani et al., 1997     [4]
• Application of Artificial Neural Network 

Model for Optical Character Recognition

• Idea: Use histograms as feature vectors

• Very similar to Avi-Itzhak et al.’s approach

• Uses image projections as feature vectors

• Result: Not as good as Avi-Itzhak’s method

• Noisy data: 70%

• Clean data: 99%
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Image Projections    [2]
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Applying this rule permits correct segmentation in cases 

where several characters along the line are merged or bro- 

ken. If most segmentations can be obtained by finding col- 

umns of white, the regular grid of intercharacter bounda- 

ries can be estimated. Segmentation points not lying near 

these boundaries can be rejected as probably due to broken 

characters. Segmentation points missed due to merged 

characters can be estimated as well, and a local analysis 

conducted in order to decide where best to split the com- 

posite pattern. 

One well-documented early commercial machine that 

dealt with a relatively unconstrained environment was the 

reader IBM installed at the US. Social Security Administra- 

tion in 1965 1381. This device read alphanumeric data typed 

by employers on forms submitted quarterly to the SSA. 

There was no way for SSA to impose constraints on the 

printing process. Typewriters might be of any age or con- 

dition, ribbons in any state of wear, and the font style might 

be one or more of approximately 200. 

In the SSA, reader segmentation was accomplished in 

twb scans of a print line by a flying-spot scanner. On the 

initial scan, from left to right, the character pitch distance D 

was estimated by analog circuitry. On the return scan, right 

to left, the actual segmentation decisions were made using 

parameter D. The principal rule applied was that a double 

white column triggered a segmentation boundary. If none 

was found within distance D, then segmentation was 

forced. 

Hoffman and McCullough I431 generalized this process 

and gave it a more formal framework (see Fig. 5). In their 

formulation, the segmentation stage consisted of three 

steps: 

1) Detection of the start of a character. 

2) A decision to begin testing for the end of a character 

3)  Detection of end-of-character. 

(called sectioning). 

Sectioning, step 2, was the critical step. It was based on a 

weighted analysis of horizontal black runs completed, ver- 

sus runs still incomplete as the print line was traversed col- 
umn-by-column. An estimate of character pitch was a pa- 

rameter of the process, although in experiments it was 

specified for 12-character per inch typewriting. Once the 

sectioning algorithm indicated a region of permissible seg- 

mentation, rules were invoked to segment based on either 

an increase in bit density (start of a new character) or else 

on special features designed to detect end-of-character. The 

authors experimented with 80,000 characters in 10- and 12- 

pitch serif fonts containing 22% touching characters. Seg- 

mentation was correct to within one pixel about 97% of the 

time. The authors noted that the technique was heavily de- 

pendent on the quality of the input images, and tended to 
fail on both very heavy or very light printing. 

2.1.2 Projection Analysis 

The vertical projection (also called the "vertical histogram") 

of a print line, Fig. 6a, consists of a simple running count of 

the black pixels in each column. It can serve for detection of 

white space between successive letters. Moreover, it can 

indicate locations of vertical strokes in machine print, or 

regions of multiple lines in handprint. Thus, analysis of the 

projection of a line of print has been used as a basis for 

segmentation of noncursive writing. For example, in [66],  in 

segmenting Kanji handprinted addresses, columns where 

the projection fell below a predefined threshold were can- 

didates for splitting the image. 

I.) 

< E >  

Fig. 6. Dissection based on projection: (a) Vertical projection of an 
image. It IS an easy matter to detect white columns between charac- 
ters, and regions of light contact. The function fails, however, to make 
clear the 0 - M  separation. (b) Differencing measure for column splitting. 
The function from [ l ]  is based on a second difference of the projection. 
This gives a clear peak at most separation columns, but may still fail 
for the 0 -M case. (c) Differencing measure after column ANDing. The 
image transformed by an AND of adjacent columns, with the difference 
function of (b) applied to the transformed image. The AND operation 
tends to increase separation, leading to a better defined peak at the 
0 - M  boundary. 

When printed characters touch, or overlap horizontally, 

the projection often contains a minimum at the proper seg- 

mentation column. In [l], the projection was first obtained, 

then the ratio of second derivative of this curve to its height 

was used as a criterion for choosing separating columns 

(see Fig. 6b). This ratio tends to peak at minima of the pro- 

jection, and avoids the problem of splitting at points along 

thin horizontal lines. 

A peak-to-valley function was designed to improve on 

this method in [591. A minimum of the projection is located 

and the projection value noted. The sum of the differences 
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Neves et al., 1997    [6]
• A Multi-Font Character Recognition Based on 

its Fundamental Features by Artificial Neural 
Networks

• Idea: Use a complex feature vector to 
recognize multi-font capital letters

• Use curvature, line slope, space, line 
interconnection, relative distance between two 
lines, and other topological and geometrical 
features

• 17 features in total
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Feature Example
• Number of line intersections at three 

horizontal crossing lines (V1, V2, V3) drawn at 
30%, 50%, and 80% of overall character height

17

2. Recognition Algorithm 

2.1 - Preprocessing 

The pre-processing stage starts with the 

localization of the beginning and end of the 

character, giving the top and base coordinates. 

With these points we get the character height. 

This value will be used as a relative 

measure by the feature extraction mechanism. 

Another necessary parameter is the 

character width.. We get it  by the histogram, 

relatively to the image columns. The result of 

the black pixel addition within each column 

(yi), is placed in a line vector and binarized 

by a threshold. By doing the vector 

differentiation, we can get de positive point of 

discontinuity ( XA ) giving a white to black 

transition. The negative point of discontinuity 

( XZ ) gives the black to white transition. The 

distance measure between them gives the 

character width ( W ) as shown in figure 1. 
X 

Y 

HISTOGRAM 
xz 

__I 
XA 

W - X Z - X A  

Figure 1 - Determination of the character 
width necessary to the feature extraction 
stage. 

2.2 - Feature Extraction 

Each character has different features that 
distinguish among them. Some of the mainly 

features used for the recognition are arcs, 

strokes, holes, etc. [6-81. Nevertheless, there 

are many researchers using the Fourier 

Transform, and other transforms, to invariant 

recognition of scale and rotation [9]. 
Rejavelu et al. [ 101 have taken advantage 

of Walsh-Hadamard transform for feature 

extraction. The process results in 20 features. 

The classifier is an Artificial Neural Network 

with three layers and doing a back- 

propagation learning. The system was 

developed to recognize small letters from 

Times font. 

In our work we extract the “fundamental 

features” that describe each character [6].  We 

have defined 17 topological features for 

classifying the character from 16 different 

fonts: Arial, Century Gothic, Bookman Old 

Style, Britannic Bold, Century School Book, 

Courier, Footlight, MS sans serif, Impact, MS 

serif, Modern, Roman, Fixedsys, Small fonts, 

System and Times New Roman. 

The features depend on the number of 

line intersections relatively to the vertical cut 

lines (VV2, VVl , VV3) and horizontal cut 

lines (Vl ,  V2, V3). These cut lines are drawn 

at fixed points on 30, 50, and 80 % of the 

character width and height respectively. This 

gives character topology information as shown 

at figure 2 and figure 3 .  

By storing each line behavior in a vector 

we can extract the number of transitions from 

background to character image. This shows 

the number of line segments that etach cut line 

intercept. 

A 

I 

Y T + 0 3 * h A [ ]  Y T + O S * h  h 

Y T + 0 8 * h  x2 

- 
( XB.Y B) 

h - Y B - Y T  

Figure 2 - Feature extraction referring to the 
number of line intersections relatively to the 
horizontal cut lines (V1 , V2, V3) drawn at fixed 
points on 30, 50, and 80 % of the character 
height. 

By distance measuring between two 

negative transitions (XI and X2) over the 

horizontal cut lines (VI and V2), we can 
extract information about line slope and 

curvature. This extracted feature can be seen 
in figure 4. 
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Network Topology

18

The “stroke” feature is used to solve 

ambiguity between letters like F and P. We 

measure the stroke length at 50% from 

character height as shown in figure 9. 

vv3 vv3 

I I 

TV2 
Figure 9 - Ambiguity between F and P 
characters solved by measuring the relative 
stroke length gotten by V2. 

The feature extraction mechanism gets 17 

inputs to an Artificial Neural Network. 

C1 - The number of interceptions gotten by 

the horizontal cut line (Vl) at 30% from 

character height. 

C2 - The number of interceptions gotten by 

the horizontal cut line (V2) at 50% from 

character height. 

C3 - The number of interceptions gotten by 

the horizontal cut line (V3) at 80% from 

character height. 

C4 - The number of interceptions gotten by 
the vertical cut line (VV1) at 50% from 

character width. 

C5 - The number of interceptions gotten by 

the vertical cut line (VV2) at 30% from 

character width. 

C6 - The number of interceptions gotten by 

the vertical cut line (VV3) at 80% from 

character width. 

C7 - The character line slope gotten by the 

horizontal cut lines (V1 and V2). 

C8 - The upper “open area” or “closed area” 

gotten by the vertical cut line (VV1) and top 

coordinate (YT). 

C9 - The bottom “open area” or “closed area” 

gotten by the vertical cut line (VVI) and base 

coordinate (YB). 
C10 - The “distance” used to distinguish 

between I and T letters, gotten by vertical cut 

line (VV2). 

C11 - The “arc” or “straight” used to 

distinguish between 0 and D letters, gotten by 

XT an XA coordinates. 

C12 - The number of interceptions gotten by 

the horizontal cut line (V4) at 40% from the 

character height. 

C13 - The number of interceptions gotten by 

the horizontal cut line (V5) at 70% from the 

character height. 

C14 - The number of interceptions gotten by 

the vertical cut line (VV4) at 40% from the 

character width. 

C15 - The number of interceptions gotten by 

the vertical cut line (VVS) at 70% from the 

character width. 

C16 - The number of interceptions gotten by 

the vertical cut line (VV6) at 90% from the 

character width. 

C17 - The “stroke length” used to distinguish 

between F and P letters, gotten by the 

horizontal cut line (V2). 

2.4 - Classification 

Artificial Neural Networks have been 

used for character recognition in the last 

years, due to its precision and noise immunity. 

Backpropagation networks have been applied 

in 80 to 90% of practical applications [ 11  1. 
The features extracted by our algorithm 

are used for the 416 character classification, 

proceeding from 16 different fonts. We use a 

three layer backpropagation Neural Network. 

The input layer has 17 units, each one for 

each extracted feature. The hidden layer has 

12 units and the output layer has only a single 

neuron for identifymg the character. Figure 10 

shows the network architecture. 

camadadesaida 
(1 neWni0) 

( 17 nedms) 

Figure 10 - Neural network architecture. 

On the learning stage we have applied 

the Levemberg-Maquardt method because it’s 

better than the descendent gradient method 

[ I  I] .  It was necessary 100 iterations during 

learning stage, with a square medium error 

about of 0.082 for trained patterns. 

3 - Experimental results 

By testing the software with the 16 

trained fonts, we can evaluate de system 

reliability. The figures 11 and 12 show the 

results for the trained fonts. 
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Results
• 99.3% accuracy on the fonts it was trained on

• Can also recognize unknown fonts semi-
reliably (3 fonts 100%, 2 fonts ~70%)

• Developing features for feature vectors is 
difficult and requires human interaction
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