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Abstract. The recognition of Mathematical Expressions (ME) constitutes a chal-
lenging problem in character recognition research. A very few studies of offline
Mathematical expressions have been so far reported in the literature. This paper
focuses on offline handwritten and printed mathematical logical expressions recog-
nition using Support Vector Machine classifier (SVM). In the work of expression
recognition, the expressions were segmented into individual characters. The fea-
ture extraction method with combination of Normalized chain code and zone based
density was used to get the features of a character. The present work considers
logical expressions with subscripts for recognition. The experimental results for
recognition rates of handwritten and printed expressions are reported. The result
shows that the recognition rate of handwritten expression is 84.1% and that for
printed expression is 90.3%.
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1 Introduction

Research into recognizing handwritten Mathematical Expressions (ME) began in the
late 1960’s. The rate of progress was limited in this problem, with absence of bench-
mark datasets and standard evaluation tools. The input of ME into computers is more
difficult than plain text. MEs are more complex in structures. The complexity occurs in
the expression because math symbols can have different fonts such as regular roman,
italic, bold and calligraphic, and can have different sizes. Hence, recognition problem
becomes more challenging. In the sudden outbreak of COVID-19 pandemic, the appli-
cation of handwritten interaction in education, remote work, and distance learning is the
requirement [19].
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In the offline printed mathematical expression recognition, some mathematical sym-
bols might be incorrectly recognized or missed, which leads to the insufficient context
information. So it is necessary to make a deeper study of the handwritten and printed
mathematical expression recognition. Surendra Ramteke et al. [7] had proposed offline
handwritten ME recognition system using ANN classifier. The feature set was obtained
by using area and centroid feature of bounding box. The recognition result was 90%
of the simple mathematical equation. Sanjay S. Gharde et al. [10] have discussed the
various steps of recognition process for simple off-line mathematical equations. The fea-
ture extraction methods such as zoning, skeleton based direction, projection histogram,
boundary values from four directions (top, bottom, left and right) of symbols, and struc-
tural features like crossing points, end points and loops were used. ANN and SVM
classifiers were used for recognition. Kazuki Ashida et al. [16] developed the perfor-
mance evaluation of the mathematical formulae recognition system applied to printed
formula images. Dong-Yu Zhang et al. [11] had proposed the method for segmentation of
touching symbols in printed Mathematical Expressions. Francisco Alvaro and Richard
Zanibbi [14] have proposed problem of classifying special relationship between sym-
bols and expressions in online handwritten ME’S. Hans-Jurgen Winkler et al. [15] have
proposed research on online segmentation and recognition of mathematical expressions.
Dipak Bage et al. [8] had proposed the offline handwritten mathematical symbol recog-
nition system, and adopted the number of feature extraction techniques to recognize the
mathematical symbols.

From the literature it was observed that only few studies of ME recognition were
reported. Due to large database of math symbols, the researchers used the subset of math
symbols in their works. It was observed that some researchers worked on expression
recognition only on simple expressions [7, 10] while others have not specified the class
of expression under consideration. The segmentation methods used for MEs were not
clearly described in the literatures. The expression recognition rate computed by Sanjay
S. Gharde et al., [10] and Surendra Ramteke et al [7] was percentage of the number of
symbols recognized from the expression.

2 Stages in the Recognition of ME

The Fig. 1 shows the phases in recognition of ME. The scanned expression was prepro-
cessed by using binarization, filtering, and morphological operations. The preprocessed
expression was segmented into isolated characters. The feature set was obtained for
each segmented character using statistical, topological and moment features. There are
various classification methods such as Artificial Neural Network, SVM, Naive Bayes,
decision tree. The SVM classifier is commonly used for the classification problems such
as handwriting recognition, face detection, email classification, gene classification, and
in web pages. The paper uses SVM classifier for ME recognition.
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Fig. 1. Phases of Mathenmatical Expression (ME) recognition system
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Fig. 2. Dataset of 12 characters (10 logical symbols and 2 digits)

The recognition was performed on 48 handwritten expressions. Each handwritten
expression was written by 20 different writers, resulting in 960 expressions. The total
number of characters of handwritten expressions after segmentation was 8640 (80%
used for training and 20% used for testing). An experiment was carried out on 35 printed
expressions. The number of occurrences of each expression varies from 5 to 15 times
with different fonts, results in total 288 printed expressions. A number of 288 printed
expressions were segmented into 3559 images (80% used for training and 20% used for
testing). The dataset of 26 alphabets (a-z), 10 logical symbols (Fig. 2) and numerals 0
and 1 were used in the expressions. Hence there were 38 class labels.

The handwritten or printed training expressions were preprocessed by using filtering,
binarization morphological operations and cropping. The preprocessed expression was
segmented which results in the isolated characters. Segmentation is a difficult task in the
handwritten ME due to the following reasons:

e ME structure is a 2-Dimentional structure, containing overlapping characters, i.e. the
neighboring characters are written such that they share the area of others in a symbol
block.

e Touching characters reduces the rate of segmentation.

e The characters in the ME have different spatial relationship like subscripts.
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Fig. 3. (a) and (c) Original handwritten images, (b) and (d) Segmented image with BB and
Centroid plot.

Two methods of segmentation are used to segment the characters from the image,
namely, projection profile cutting and connected component labeling. Projection profile
cutting works quite well for one dimensional structures. However, ME is a two dimen-
sional structure that contains symbols having special relationship or one inside other
symbol. Hence, Projection profile cutting is not well suited for the ME. The connected
component labeling method was used for segmentation of ME [3]. Connected compo-
nents of the image, Labeled L, were obtained for all the characters in the expression.
The values of Bounding Box (BB) were obtained by using properties of image region.
Centroid of each BB is found to identify the subscripts which is less than the half of
the height of the expression image. Each subscript denoted with ‘sb’ and other char-
acters with ‘up’. Each segmented character had label structure contained three fields:
class label, sb (subscript)/up (no subscript), and position. The proposed method is used
to classify the characters into 38 different classes of characters (26 alphabets, 10 math
symbols, 2 numerals (subscripts). A class label from the set C(yj) €{1, 2, 3,..., 38} was
assigned to each character to recognize the characters in the expression (Fig. 3).

Once the character is segmented, the feature extraction methods: Normalized chain
code (16 features), zone based density (26 features), diagonal and intersection points (128
features), Moment invariant features (7 features), Projection Histogram (127 features)
were used to get the features of the characters of training expressions [4, 5]. The proposed
system was carried out the classification with combinations of these features to get
better recognition rate. It was observed that the performance of classifier was high using
combination of zone based density features and normalized chain code features with
feature vector of size 42. The SVM classifier was used to classify a character of the
expression. The expression is reconstructed by using label structure. All the correctly
recognized characters in the expression were used for training. The recognition process
of test expressions using SVM classifier is shown in the Fig. 4.
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Fig. 4. Expression recognition system using SVM

3 Testing Process

The result of classification of each character was a class label from the set of class
C(yj) €{1, 2, 3, ..., 38}. The true label (label of the character with respect to its class)
implies the correct recognition of the character. However, just the features and class
labels do not give sufficient information to recognize the expressions. The informa-
tion about the location of the character and grouping of the characters are also needed
in expression recognition. The expression was reconstructed using label and relative
position of subscripts and main character. An algorithm for expression recognition is
discussed below.
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3.1 Algorithm for Expression Recognition

Input: Set of Handwritten or Printed Expressions.

Output: Class labels of the characters in the expressions.

Method:

Step 1. Read scanned handwritten or printed expression.

Step 2. Preprocess the expression image.

Step 3. Segment the expression to separate characters using the segmentation algorithm
and obtain the isolated characters and its position information.

Step 4. Apply the feature extraction algorithm to each image to get feature set of each
character, and obtain the feature set of an expression.

Step 5: Input the feature set of an expression to the SVM classifier to obtain the
recognized characters of an expression.

Step 6: Reconstruct the expression with the help of position numbers of the characters.
Step 7: Display the recognized expression.

4 Experimental Results

To predict the class of the test characters in the expressions, the unknown pattern vector
of the test expressions and the feature set representing training images were fed to
classifiers SVM.

Normalized chain code and zone based density method was used to extract the
features of segmented characters from the test expression. A recognition accuracy of the
SVM classifier was calculated. The expression recognition rate (ERR) was computed as
percentage of correctly recognized expressions from the set of same expressions.

Define:

CR = Number of correctly recognized expressions, out of correctly segmented

TE = Total number of occurrences of a single expression

Then, for each expression the recognition rate was computed as,

CR
ERR = — % 100
TE

The average recognition rate of handwritten expressions and printed expressions
was 84.1% and 90.3% respectively. It was observed that the recognition rate of printed
expressions was higher than that of handwritten expressions. The experiment was per-
formed using Matlab 8.1. The recognition of some expressions using SVM is shown in
the Fig. 5 and Fig. 6. The numeral values in the output shows the class labels of the
characters. The class labels for letters ‘a’ to ‘z’, 10 math symbols, numerals ‘0’ and
‘1’ were assigned as 1 to 26, 27 to 36, 37, and 38 respectively. The error rate in output
defines the percentage of misclassified characters. The resultant recognized expression
is shown as the output in the command window after reconstructing the expression using
position of the characters (Tables 1, 2, 3).
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Table 1. Handwritten Expression Recognition Rate (HERR) of handwritten test expressions

#EXp Handwritten Expressions HERR
(%)
1 A,V b, %
2 fv oo nbve, 85
3 o B, Atonl 0y 90
4 0= by 7
5 o 90
6 e cilin 85
7 e 2 Sl 80
8 | R 75
9 =l . A 80
o) gVa=o 0
11 19[3:]:} a, na, 75
12| s e 85
5T Xo VYo ™
14 ~0 N L = L&)
15 5 80
OL i /\ )9\
16 fr":Jf" q‘-":l -—3|:_ Py F‘-.J 90
17 ¥ vy 100
18 95
19 vua vl 90
20 FA(r =5 100
21 ‘IUF/“(CL'VC_} 90
Z1 Pa(prg) N
23 LPA DI Ve Ana) 85
24 5 —5 .;' W ‘:\} 90
25 I'..""‘-'J FALNA [9 =pny 85
26 {PWwvShY— /9. A v 85
27 : 70
(CPar)v(vgAvV(vpany) =4

28 ip__wn ACLD Y 95
2 ,
i Ir"f_l” 2¢1A 0 P %
30 MIPANTY viag ey 80
o (paeda (~Pv ) B

(continued)



960

M. Bharambe et al.

Table 1. (continued)

2) i PR TN .
Bl Olov bV (vavd) 75
| el PY=DP 5
Pl RN ®
36 &/\(bVCBA(l/\'\ 85
T O BbINC .
*l A hNb VC >
39 i > g\ 85
U 34 e e 95
41 /TL N 85
42 'L =) '\) 85
43 F@qp/_,(,pvobj/\(—ﬂﬁ,vf’) 85
44 P@e’(.a_j((F/\aQV(ﬂp/\,-ﬂq,)) 75
45 @® e e e 80
46 (1®njﬁa£z@3> 85
7 3(oe@b) = F(oD VE(-D] B
48 \C,x 3\ J j)aﬂx Vi 80

From the experiments, it was observed that the recognition errors were due to mis-
classification characters of similar shape in handwritten expression recognition. The
confusing pairs of letter ‘v’ and symbol ‘V’; ‘c” and ‘(’ gives the incorrect recognition.
The correct classification of handwritten expressions using SVM classifier was shown
in the Fig. 5. The recognition rate of the expressions was poor due to the misclassified
character ‘v’ in the Fig. 6. The resultant output of classification is consists of class label

22 represent character ‘v’ instead of symbol ‘or’.
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Table 2. Printed expression Recognition rate (PERR) of printed test expressions.

#Exp Printed Expressions PERR
(%)
lav(bac)
> (avb)aa 100
3 :‘il:l} it :'lr[} 90
4 (P—‘B‘Q)/\q,—}p 90.9
5 (awvb)A(awvO0) 83.33
B e "
7 ﬂ] M bl — 1 90
| pA(r—>s) 100
' avi)alave)
ol ~(p A~r)Vvi~qVvs) %
11 (p NS S) _.____} (q N\ E—) 100
*l (Vv ~q) > (rAD)
13 q\Vv "“l’) A (p v q) 90
“Pp2>293@AQVvVipa~g |7
5l (pAagqAar)vi~pvQan~r)) |¥
L PANV(QA~A) DA |
" SGe) = 2(F G ) 0
| P8 (v ALgv )] A [pVgALgVe”
19 p — q /\ q o p 100
20 ~D _:> ,__,q 100
i F(as B = f (@)~ [ B)|”
22 S b 100
23 (p — a) ~ ~{x —> ~ g} %’
24 (p A t) g (C AL q) 100
25 Tanb 100

(continued)
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Table 2. (continued)

“ (ponvV(is-o-hviu—y) |®
7| ((p=lg=2r)) =2 {p2g) = (p=1))®
s (PAQ) = — (P —> —~q) |87
» (pv~qVv~r)A pVvI{ATr)| s
| ~~av~Db 100
Yl p@ag > ollpAgVI(-pA-g)) |™
P ((p=2a)A(q=2r)>(p—>r) |17
¥ (kqA(p—=2>49))=>-p 100
¥ x@(@e)sxBy)Dz 100
35 {;}(-Bq}-)-{p(-ﬁ—qq} 100
Table 3. Average Expression Recognition Rate
Expression Type #exp Wrongly Wrongly Correctly ERR
Segmented Recognized recognized
Handwritten 960 105 48 807 84.1
Printed 288 20 8 260 90.3

In case of printed expression recognition, normally, the expressions were not cor-
rectly segmented due to touching characters. The correctly segmented expressions results
in the high accuracy in recognition step. Most of the errors in the recognition occurs due
to misclassified characters ‘a’ with ©)’. The correct classifications of printed expression
is shown in the Fig. 7.
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matchsvmfinalseg.m [NCCDensityd2finalsort_ex... %| seg ion_expression_... % | mytrai _hist_final.m x| n
46 — disp (namel) ;

47 — arr (x)=struct('scr’,namel) ;
48
= end
s0 sdircctx da *D:\DATA_segmentation\hand2\~.3pg"'):
S1 — for index = 1l:length (dirxrcctr)
= img=imread (strcat ('D:\DATA segmentation\handl2suffix\',arr (index) .stx))
Command Window
vpred =
34 - 3 3s 29 2 38 3s
erzo =
o
error rate= 0.000000
Jx ( a = B v b - B )>>
Fig. 5. Recognition of handwritten expression _ Ct , v b, )
Command Window ®
ypred = e
3 3¢ 16 28 3 18 35 22 3¢ 30 17 29 19 35
erro = s
0.0714
error rate= 0.071429
f’£~(p‘~r)v(~qu)>>| -
Fig. 6. Recognition of handwritten expression ™ [P A ~ YYyvinvgy 5y)
Command Window ®
ypred = 5
6 3¢ 2¢ 37 35 33 7 34 6 3¢ 2¢ 38 35 35
erro = =
0
error rate= 0.000000
£ £ (x 0 ) = g ( £ ( x 1 ) )> -

Fig. 7. Recognition of printed expression f{xg) = g (f(x1))

5 Conclusion

SVM classifier was used to classify the characters in the expressions. The accuracy of
the expression was computed. The average recognition rate of handwritten was 84.1%
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and printed expression was 90.3%. The recognition rate of printed expression was higher
than that of handwritten expression.
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