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Abstract.This paper presents a brief overview of the handwriting recognition problem and the approaches to its 
resolution. It describes the problems created by the nature of handwriting and outlines the ways to work around them. 
Next, it overviews the two main categories of handwriting recognizers – online and offline, and defines the distinction 
between them. It presents the most widely used techniques of resolving the problem, describing their advantages and 
drawbacks. In conclusion, the paper shows the performance of some commercial implementations of handwriting 
recognition software and outlines the directions of further research. 
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1  Introduction 
 

Handwriting had been an excellent means of communication and documentation for thousands of years, but lately it is 
being increasingly superseded by keyboard input. Nevertheless, it remains the easiest and most time-efficient way to 
convert human thought into transferable form for most people worldwide. While in the time of computer era’s rise the 
use of handwriting in computing was less conveniently applicable on a large scale, in the later days, with recent 
developments in tech of touchscreen devices and fast and precise cameras and scanners, transferring of human-written 
text to the computer-readable data is a task of current interest.Nowadays the handwriting recognition systems have new 
horizons to aspire to in such fields as machine translation, postal dispatch, signature verification, everyday note taking, 
etc.The ultimate goal of handwriting recognition is to have machines that can read any text with the same recognition 
accuracy as humans but at a faster rate. 

 

 

2  Properties of handwriting and ensuing problems in recognition 
 

A written language has an alphabet of characters (or letters), punctuation symbols, etc. The fundamental property of 
writing which makes communication possible is that differences between different characters are more significant than 
differences between different drawings of the same character. 

Handwriting consists of a time sequence of strokes, where a stroke is the writing from pen down to pen up. The 
characters of writing are usually formed in sequence, one character being completed before beginning the next, and the 
characters typically follow some spatial order, such as left to right. There are exceptions. In Ukrainian cursive script, for 
example, dots (for і’s, ї’s and й’s) tend to be delayed. First, the underlying portion of a word is drawn, and then the 
word is completed by drawing the dots. Same for Russian, English and some other languages. 

All characters vary in both their static and dynamic properties. Static variation can occur, for example, in size or 
shape. Dynamic variation can occur in stroke number and order. English may have more variation in stroke direction 
than Chinese. English may also vary more in the presence or absence of retraces. A retrace is the overwriting of a 
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stroke, usually done to avoid lifting the pen. The degree of variation depends on the style and speed of writing, with 
hasty writing usually showing greater variation [1]. 

There are many pattern recognition problems for handwriting and drawing on tablets. They include the 
differentiation among language symbols, equations, line drawings, and gestural symbols, such as those used in editing. 
The language symbol recognition problems include, for example, the large alphabet of Chinese characters, Japanese 
Hiragana and Katakana, Korean Hangul, Arabic, and the writing alphabets and styles of Western languages. 

The biggest problems in the handwriting recognition, though, are the ones that cause complication even for people 
when trying to read one’s handwriting. 

Firstly, it is the fact that most characters can be written very differently. For example, Fig. 1 demonstrates different 
possible handwriting styles in English [2], which an advanced system has to be able to distinguish and recognize. It is 
also rare to find two people with sufficiently similar handwriting. This problem is related to font differentiation in the 
classic OCR problem. Unlike the fonts, however, each letter in the handwritings of a person can have different style 
depending on context in which the scripting is made, the surrounding letters, and other factors. To cope with this 
problem, many systems include a component that learns from the handwriting it receives, distinguishes the users, and 
makes use of this data when making a decision. 

 

Fig. 1. Different writing styles in English 

Secondly, multiple characters often look similar or even indistinguishable in a single person’s handwriting. Apart 
from obvious examples like O and 0 or I, l and 1, there are also cases of f and t, g and q, l and e, and so on. Even more, 
some letters may be written carelessly and objectively look more like the others. This difficulty is usually overcome by 
making the recognition system context-aware and supplying it with a dictionary, where it is able to find the word in 
question and thus resolve the ambiguity. 

 

 

3 Offline recognition 
 
Offline handwriting recognition, by contrast, is performed after the writing is completed [3]. It can be performed days, 
months, or years later. An optical scanner converts the image of the writing into a bit pattern. Scanners have x and y 
resolutions of typically 300-400 points/in. Offline handwriting recognition is a subset of optical character recognition 
(OCR). Although most OCR work has been on machine-printed characters, there has been considerable effort on 
handwriting as well. OCR systems typically process hundreds of characters a second. Another distinction is between 
online and offline capture of handwriting data [4]. Online data capture means that the machine data is being captured as 
a person writes. Offline data capture means that the machine data is captured some time after the writing is created. 
Once it is captured, the recognizer can process online or offline handwriting data afterwards. That said, the offline 
recognition methods could be applied to the data that is received dynamically, for example triggered by recognizing the 
end of a word. 

 

 

4 Online recognition 
 
Despite the first thoughts of an average modern person, these terms have nothing to do with the Internet. Online 
handwriting recognition means that the machine recognizes the writing while the user writes. The term real time or 
dynamic has been used in place of online. Depending on the recognition technique and the speed of the computer, the 
recognition lags behind the writing to a greater or lesser extent. Most commercial character lag by only one or two 
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characters, the more modern implementations do not have any considerable lag. Online recognition systems need only 
be fast enough to keep up with the writing. Average writing rates are 1.5-2.5 characters per second for English 
alphanumerics or 0.2-2.5 characters/s for Chinese characters [1]. Peak rates for English can approach 5-10 characters/s, 
e.g., a sequence of l’s and e’scan be written quickly. For most recognition algorithms, this performance requirement can 
easily be met with current microprocessors. 

Online handwriting recognition requires a transducer that captures the writing as it is written [2, 3, 5]. The most 
common of these devices until recent dayswas the electronic tablet or digitizer, which has a resolution of no less than 
200 points/in, a sampling rate of 100 points/s, and an indication of “inking” or pen down. Nowadays the best applicable 
devices for handwriting recognition are tablet computers, as they provide the most user-friendly feedback – they 
immediately show the characters written under the user’s pen, and they mostly have the hardware capable enough to 
keep up the recognition process with the user’s input. Although onlineis recognized immediately in most applications, 
there may be applications in which the recognition is done more appropriately later. 

In contrast to offline systems, the online ones capture the temporal ordynamic information of the writing: the number of 
strokes, the order of the strokes, thedirection of the writing of each stroke, and the speed of writing within each stroke 
[3]. Astroke is the writing from pen down to pen up. Because it uses the dynamic as well as thestatic information, online 
can be more accurate than offline recognition. In English,uppercase handprint averages about two strokes per letter and 
lowercase about onestroke, while cursive writing averages less than one stroke per letter. 

In such a system, the motion of the tip of the stylus (pen) is sampled at equal time intervals using a digitizer tablet 
and it is passed to a computer that runs the handwriting recognition algorithm. In most systems, the data signal 
undergoes some filtration process. Then the signal is normalized to a standard size and its slant and slope is corrected. 
After normalization, the writing is usually segmented into basic units and each segment is classified and labeled. Using 
a search algorithm in the context of a language model, the most likely path is then returned to the user as the intended 
string (see Fig. 2) [6]. 

 
Fig. 2. Generic recognition process 

 

This dynamic information can be helpful in distinguishing between similarly shaped characters, such as 5 versus S. 
If the character is drawn with two strokes, it is usually a 5. Also, a one-stroke 5 can often be identified by the dynamic 
information of the pausing or slowing down at the corners even if they are not drawn sharply (the pen tip velocity is not 
indicated in the figure). 

Nevertheless, the dynamic information also complicates the recognition process. The need to process strokes forces 
the machine to learn much more different ways to script a symbol, adding to the already great number of images an 
offline system has to remember. For example, the letter H can be written in one, two, or three strokes, with differing 
order and direction of strokes, but the resulting image will appear essentially the same. If the strokes are not distinctly 
separated, the system has to ignore the possible accidental traces. Thus, the problem of the number of strokes and the 
two writing directions of each stroke is multiplied by the number of different ways that strokes can be drawn and 
connected in real handwriting. 
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5 Methods and approaches 
 
There are numerous methods for handwriting recognition. In general, most of them are applicable both to online and 
offline recognition approaches. The main difference between the two is the set of features that is being recognized. Jain 
in [7] suggests a division into four general approaches of pattern recognition, namely template matching, statistical 
techniques, structural techniques, and neural networks. Such approaches are neither necessary independent nor 
disjointed from each other. Occasionally, a technique in one approach can also be considereda member of other 
approaches. 

Template matching operations determine the degree of similarity between two vectors (groups of pixels, shapes, 
curvatures, etc.) in the feature space. Matching techniques can be grouped into three classes: direct matching [8], 
deformable templates and elastic matching [9], and relaxation matching [10]. 

Statistical techniques are concerned with statistical decision functions and a set of optimal criteria, which determine 
the probability of the observed pattern belonging to a certain class. Several popular handwriting recognition approaches 
belong to this domain: 

• The k-Nearest-Neighbor (k-NN) rule is a popular non-parametric recognition method, where a posteriori 
probability is estimated from the frequency of nearest neighbors of the unknown pattern. This approach has been 
reported to give rather good results, e.g. [11, 12], although it is noted that it requires a considerable 
computational power during the classification process. 

• Hidden Markov Model is another popular way of solving the problem. The model is a doubly stochastic process: 
it includes an unobservable process (hence “hidden”), but can be observed through another stochastic process 
that produces the sequence ofobservations.HMMs have been proven to be one of the most powerful tools for 
modeling speech and later on a wide variety of other real-world signals. These probabilistic models offer many 
desirable properties for modeling characters or words. One of the most important properties is the existence of 
efficient algorithms to train the models automatically without any need of labeling pre-segmented data. HMMs 
have been extensively applied to handwritten word recognition ([13, 14]), including combinations with other 
approaches, such as stochastic grammars [15] and neural networks [16]. There are two basic approaches that can 
be extracted from these works: Model-Discriminant HMM and Path-Discriminant HMM. In the former, a model 
is constructed for each class (word, character, or segmentation unit) in the training phase. In the latter, a single 
HMM is constructed for the whole language or context. The performance of the two is largely comparable [14]. 

• Support Vector Machine (SVM) is based on the statistical learning theory and quadratic programming 
optimization. An SVM is basically a binary classifier and multiple SVMs can be combined to form a system for 
multi-class classification. In the recent years, SVM has received increasing attention in the community of 
machine learning due to its excellent generalization performance. Several SVM classification systems have been 
developed for handwriting digit recognition, and some promising results have been reported, e.g. in [17,18, 19]. 

There also several otherstatistical approaches, such as the Bayesian classifier or polynomial discriminant classifier, 
but these are less popular and in most cases give worse results. 

In structural techniques the characters are represented as unions of structural primitives. It is assumed that the 
character primitives extracted from handwriting are quantifiable, and one can find the relationship among them. 
Basically, structural methods can be categorized into two classes: grammatical methods[20] and graphical methods 
[21]. 

The most popular and versatile approach to the problem is the neural network approach. A neural network is a 
computational structure that consists of artificial neurons – abstractions of human neural cells. Created in attempts to 
simulate human brain, these structures are widely used in pattern recognition, data processing, and function 
approximation tasks.The main advantages of neural networks lies in the ability to be trained automatically from 
examples, good performance with noisy data, possible parallel implementation, and efficient tools for learning large 
databases. NNs have been widely used in this field and promising results have been achieved, especially in handwriting 
digit recognition. The most widely studied and used neural network is the Multi-Layer Perceptron (MLP). Such an 
architecture trained with back-propagation is among the most popular and versatile forms of neural network classifiers 
and is also among the most frequently used traditional classifiers for handwriting recognition [22]. There are numerous 
other techniques in this approach. Most prominent include fuzzy neural networks [23], Hamming network [24], 
Hopfield network [25], self-organized maps [26], etc. 

Obviously, all of the listed recognition techniques have their own advantages and drawbacks. To cope with the 
disadvantages, combinations of the approaches can be used. Various classifier combination schemes have been devised 
and it has been experimentally demonstrated that some of them consistently outperform a single best classifier [13, 27]. 
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6  Some commercial implementations 
 

The most obvious application of the handwriting recognition nowadays is in handheld devices with touchscreens. For 
example, the Samsung Galaxy Note line of tablets and large phones that are built around use of a high precision stylus 
incorporates this capability for the purpose of note-taking. It seems to use the offline approach, as the system starts 
recognizing text only if nothing was written for a certain amount of time. Figure 3 shows the process of recognition. 

 

 

Fig. 3. The process of handwriting recognition on a Samsung Galaxy Note 10.1 tablet 

 

Another example of use of handwriting recognition in a consumer device is the Google Translate mobile 
application that allows to write text in one language and instantly get a translation of it to another. Unlike the 
previous example, an on-line technique is applied, evidenced by highlighting of yet unrecognized strokes and 
adjusting the text as new strokes are added. This is shown on the Figure 4. 

 

Fig. 4. The process of handwriting recognition in the Google Translate Android app. 
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7  Conclusion 
 
In this paper, the author reviewed the existing approaches to the problem of handwriting recognition. The data for 

recognition can be received in two distinct ways, namely offline and online. The main difference between the two is the 
set of features being recognized. While the former is simpler and can work with data that was received without the use 
of any specific hardware, the latter is more precise, but requires much more complicated data set. Combination of the 
existing methods of feature recognition is to be considered the main direction of development in this field. 

The crucial part of any character recognition system is the segmentation subsystem. Distinguishing the written 
words in the image and separatingthe letters in the word is a complicated task that requires no less attention than the 
recognition process. Even more important is the feature extraction system that has to be able to find the significant 
properties of the separated letters and discard the unimportant. 

A modern handwriting recognition machine cannot exist without a dictionary and a context-recognizing subsystem. 
These allow the machine to use the external knowledge for resolving ambiguous situations, such as differentiating 
between lower- and uppercase letters or recognizing an unclearly written symbol. 

Considering the advances in this field, it comes as no surprise that recently fast and precise handwriting recognition 
software has been incorporated in commercial products, such as Google Translate mobile application, Samsung Galaxy 
Note series of handheld devices, and Microsoft Surface. Even more wide adoption is to be expected in future.  
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