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Abstract—This paper presents a novel double-stage 
classifier for handwritten chemical symbols recognition task. 
The first stage is rough classification, SVM method is used to 
distinguish non-ring structure (NRS) and organic ring 
structure (ORS) symbols, while HMM method is used for fine 
recognition at second stage. A point-sequence-reordering 
algorithm is proposed to improve the recognition accuracy of 
ORS symbols. Our test data set contains 101 chemical symbols, 
9090 training samples and 3232 test samples. Finally, we 
obtained top-1 accuracy of 93.10% and top-3 accuracy of 
98.08% based on the test data set. 
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I.  INTRODUCTION 
With the popularity of pen-based interaction, and also the 

complexity of the entry for chemical symbols, applications 
of online handwritten recognition in chemical field become 
more and more popular. Ming[2] proposed a framework for 
recognizing handwritten chemical expressions and obtained 
85.9% top-1 accuracy. TY[3] proposed a pen-based 
interaction system to interpret hand-drawn organic structural 
diagrams. Xin[4] proposed an approach to understand 
handwritten chemical formulas. In our preliminary work[1] 
and [5], we proposed the system architecture for handwritten 
chemical formulas recognition, and used hmm-based method 
to recognize inorganic symbols and achieved 89.5% top-1 
accuracy. 

By now, existing methods usually tended to recognize 
handwritten chemical symbols through single stage 
classifier. But those are not reliable for ORS symbols with 
arbitrary writing and more strokes. To achieve stable, 
accurate recognition purpose, we design a two-stage 
classifier based on svm and hmm method. For rough 
classification, svm classifier based on radial basis 
function(RBF) kernel is used to classify chemical symbols 
into ORS symbols and NRS symbols. For fine classification, 
we choose multiple combinations with variable states and 
Gaussians to train hmm classifiers. 8-states and 12-
Gaussians is the best combination for both NRS and ORS. In 
particular, to improve the accuracy of ORS in the fine 
classification, we design a PSR algorithm to preprocess the 

sample and the PSR algorithm increases the accuracy of 
ORS significantly. 

This paper is organized as below:  
Section 2 gives the methodology which shows a skeleton 

of our method; Section 3 presents the designed classifier and 
selected features used in our experiment; Section 4 presents 
the collection of data set and all the experimental results at 
first classification stage and second classification stage; 
Section 5 concludes this paper and puts forward future 
direction of this work; Section 6 acknowledges. 

II. METHODOLOGY 
In this paper, chemical symbol set is comprised of ORS 

symbols and NRS symbols. Because of the distinction 
between ORS symbols and NRS symbols, we can’t use a 
single classifier to make classification of all the symbols. 
Hence, we design a double-stage classifier which roughly 
distinguishes NRS symbols and ORS symbols, then performs 
fine classification on NRS and ORS symbols respectively. 

SVM is an accurate and stable model targeting two 
classes and is suitable to classify chemical symbols into ORS 
symbols and NRS symbols. Hence, in rough classification 
stage, we construct three svm classifiers based on 
polynomial kernel, RBF kernel and Sigmoid kernel 
respectively to compare , the classifier based on RBF kernel 
achieve the best 99.88% accuracy on test set (see Section 
4.2). 

As a stochastic model, HMM are very suitable for 
handwritten symbols and characters recognition [9]. Based 
on the first-stage classification result, we mainly adopt the 
method in our previous work [5] to build hmm classifiers 
and expand it to the classification of ORS Symbols. To 
improve the accuracy of ORS symbols, we design a PSR 
algorithm to preprocess samples before feature extraction.  

Finally, we obtained 91.91% top-1 accuracy of NRS and 
97.53% top-1 accuracy of ORS on test set. 

The process flow chart is as follows: 
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Figure1 Flow Chart of Recognition 

III. CLASSIFIER AND FEATURE EXTRACTION 

A. Svm Classifier and Its Features 
For rough classification, we construct three svm 

classifiers based on three different kernels. We defined ORS 
symbols as positive sample and NRS as negative sample, 
then use the famous algorithm [7] to train the SVM 
parameters. Experiment shows that the RBF kernel achieved 
the best result (see Section IV Part B). The decision function 
we used in svm classifier is: 

〈 ⋅ 〉 +∑
∈

**f(x)=sgn{ y α x x b }i i ii SV  
58-dimensional feature vector is defined for each scaled 

sample as bellow: 
V = {m, o, p, a} , where 

1) m (mesh): divide the bounding rectangle into MxN 
grids, then calculate the ratio of points in each grid to the 
total points of the symbol: 

 
#dots in ith grid

m = (i = 1 ,..., M*N)i #total dots  
In this paper, we specify 4x4 grid, obtain 16D features. 
2) o (outline): from each edge of the bounding rectangle, 

draw K equi-distance scan lines, and start scanning along the 
scan line until encounter the first black point or the mid-axis 
perpendicular to the scan line, note the distance of scanning 
and normalize it between 0-1: 

 
distance of scan line

o = (i = 1,...,K)i distance from edge to mid-axis  
In this paper, we specify K as 5, obtain 20D features. 
3) p (projection): from each edge of the bounding 

rectangle, segment L equi-distance bins and calculated the 
ratio of points to total points of the symbol: 

 #dots in ith bin
p = (i=1,...,L)i #total dots  

In this paper, we specify L as 5, obtain 20D features. 
4) a (aspect):  

height of boundrect
a =1 height + width  

width of boundrect
a =2 height + width  

We randomly selected two sets of samples (2 per 
symbol), extracted partial features and calculated the average 
for each dimension in NRS and ORS sets respectively. From 
the scatter plots in Fig 2, we can see that the features have a 
good distinguishing performance. 
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Figure 2 Mesh & Outline Scatter Plot 

B. Hmm Classifier and Its Features 
As a continuous HMM, the left-right HMM [8] has been 

successfully used in speech recognition and handwritten 
recognition. Therefore, we choose left-right hmm to build the 
second-stage classifier (one per symbol) and use the famous 
Baum [8] algorithm to train HMM parameters. Then we 
choose multiple combinations with variable states and 
Gaussians to compare their performance (see Section IV Part 
B). In the end, we obtain two groups of optimal parameters 
in NRS set and ORS set respectively.  

   We mainly adopt the preprocessing and features used in 
our previous work [5]. Especially, to improve the accuracy 
of ORS, we use PSR to preprocess the samples of ORS 
before feature extraction. 

C. PSR Algorithm 
ORS has a special two-dimensional hexagonal structure, 

which results in the uncertainty of samples in number of 
strokes and stroke order. Compared with NRS, this 
uncertainty is so serious that it directly affects HMM to 
model ORS in the fine classification. Hence, we proposed 
the point sequence reordering algorithm (PSR in brief) to 
eliminate the uncertainty, making HMM independent of 
number of strokes and stroke order.  

Given the closed ring structure, we adopt a counter-
clockwise scanning to reorder the sequence of points of ORS 
as A in Figure 3: 
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Figure 3 Point Sequence Reordering 

 
Step1: calculate the centroid of ORS; 
Step2: draw a scan line outward from centroid, define the 

angle between scan line and horizontal positive axis as the 
direction angle θ  and set its initial value as zero; 

Step3: traverse the sequence of points of ORS to  
calculate the distance between each point and scan line, if the 
distance is less than a certain threshold (set empirically), then 
add the point to the list with reordered points; 

Step4: rotate the scan line counterclockwise from θ  to 
θ θ+ Δ ( 0θΔ > , empirically), if  θ θ+ Δ  is less than 2*Pi, 
then return to Step3, otherwise, return the list containing the 
reordered points. 

   From the B and C in Figure 3, we can see the effect 
before and after PSR operation. The labels indicate the order 
of writing.  

IV. DATA SET AND EXPERIMENT 

A. Data Set 
In this paper, a total of 101 chemical symbols are 

defined, and they are comprised of NRS [5] and ORS. NRS 
contains ten digits 0-9, 44 common letters and 9 chemical 
formula operators, a total of 63. ORS contains 38 two-
dimensional ORS. This paper only shows the ORS and 
operators as in Table 1: 

TABLE1 ORS AND OPERATOR 

ORGANIC RING STRUCTURE(38) 

      

      

      

      

      
  

CHEMICAL FORMULA OPERATOR (9) 

     
   

    
    

    
We invited 20 teachers and students to write samples 

using HP pavilion tx1000 tablet-pc with 2.00GHz CPU. All 
the writers are required to write samples of three 

specifications, namely, normal, standard and freestyle. No 
other writing constraints exist so that we can achieve their 
daily writing as far as possible. Samples are automatically 
annotated with related information. We collected 122 valid 
samples per symbol and each symbol is written by all the 
writers. A total of 12322 samples containing 9090 train 
samples and 3232 test samples are collected. 

B. Experiment 
In this paper, we constructed three SVM classifiers based 

on kernels mentioned in Section 2. Partial experiment results 
in rough classification are shown in Table 2: 

TABLE 2 DIFFERENT KERNEL-BASED SVM  

POLYNOMIAL KERNEL SVM 
order s-parameter #SV TRAIN TEST 

2 0.00390625 646 98.89% 99.05%
3 0.00390625 647 99.14% 99.14%
4 0.00390625 692 99.16% 99.17%
5 0.00390625 181 63.37% 63.48%

RBF KERNEL SVM 
C gamma #SV TRAIN TEST 

128 0.125 223 99.99% 99.88%
512 0.5 388 100% 99.88%

2048 2 3087 100% 99.85%
8192 8 6900 100% 97.67%

SIGMOID KERNEL SVM 
C s #SV TRAIN TEST 

65536 0.0078125 203 99.95% 99.85%
131072 0.0078125 191 99.98% 99.88%
262144 0.0078125 189 99.99% 99.82%
524288 0.0078125 183 100% 99.75% 

 
The data in Table 2 show that: RBF-based svm classifier 

has the best recognition performance. Most misclassified 
samples occurred in the symbols such as uppercase “O”, 
lowercase “o”, digit “0” and uppercase “D”. Due to 
similarity to ORS, they are usually misclassified into ORS. 
In addition, samples with poor writing quality are often 
misclassified. For the former, we can add HMM models of 
the misclassified symbols in NRS into HMM models of ORS 
at fine classification stage to improve the accuracy, whereas 
the latter can be improved by pre-processing.  

At the fine classification stage, we choose multiple 
combinations with variable states and Gaussians to perform 
classification on test set as in Table 3: 

TABLE 3 RECOGNITION ACCURACY IN NRS & ORS  

GAUSS STATE NRS-ACCURACY (%) 
TOP-1   TOP-2   TOP-3 

ORS-ACCURACY (%) 
TOP-1    TOP-2   TOP-3 

3 
4 
6 
8 

88.00 
88.14 
88.29 

96.53 
95.29 
95.68 

97.67 
97.02 
97.17 

95.23 
96.88 
97.45 

98.36 
98.68 
98.93 

98.85 
99.18 
99.18 

6 
4 
6 
8 

89.98 
90.87 
91.22 

97.32 
97.72 
97.72 

98.56 
98.71 
98.81 

96.05 
96.63 
97.20 

98.68 
98.77 
99.01 

99.10 
99.10 
99.26 

9 
4 
6 
8 

90.77 
91.12 
91.02 

97.77 
97.77 
97.77 

98.96 
99.06 
98.86 

96.96 
97.04 
97.20 

98.93 
99.01 
99.10 

99.51 
99.51 
99.26 

12 
4 
6 
8 

91.12 
91.27 
91.91 

97.88 
97.92 
97.77 

98.66 
98.86 
99.12 

96.96 
96.71 
97.53 

98.85 
98.93 
98.93 

99.34 
99.34 
99.34 
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In NRS fine classification, Top-1 results indicate that 8 
states and 12 Gaussians is the best combination of 
parameters. Most misclassified samples usually occurred in 
the confusing symbols, such as uppercase “O”, digit “0” and 
lowercase “o”; uppercase “C”, lowercase “c” and brace “(”. 
In addition, samples with poor writing quality are often 
misclassified. We can provide more candidate results or 
build discriminatory classifiers targeting confusing symbols 
to improve the recognition accuracy. 

In ORS fine classification, Top-1 results indicate that 8 
state and 12 Gaussians is the best combination of parameters. 
Most misclassified samples usually have poor writing 
quality. This misclassification can be reduced by fine pre-
processing. 

TABLE 4 BEFORE AND AFTER PSR 

4-STATE 
3-GAUSSIAN 

ACCURACY IN TEST (1216) 
Top-1 Top-2 Top-3 

Before PSR 34.95% 49.84% 60.44% 
After PSR 95.23% 98.36% 98.85% 

 
The data in Table 4 indicate that PSR has greatly 

improved the accuracy of ORS. In addition, PSR is not 
dependent on the ORS and can also be used for other multi-
stroke, closed symbols. 

Finally, we construct a two-stage classifier based on the 
best svm classifier and best hmm classifier to recognize all 
the 101 chemical symbols as bellow: 

TABLE 5 ACCURACY FOR SVM-HMM CLASSIFIER 

8-STATE 
12-GAUSSIAN 

TRAIN (9090)     TEST (3232) 
Top-1 Top-2 Top-3 

Train Set 97.66 % 99.65% 99.87% 
Test Set 93.10% 97.09% 98.08% 

 

V. CONCLUSION AND OUTLOOK 
In the future, we will combine symbol recognition with 

segmentation and structure analysis of chemical expressions 
to form a systematic mechanism to process and analyze 
chemical expression.  

We will also focus on reducing the consumption of 
system resource to enhance the friendly human-computer 
interaction. 
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