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Abstract. In this article we present a particular application of Gabor filtering 

for machine-printed document image understanding. To do so, we assume that 

the text can be seen as texture, characters being the smallest texture elements, 

and we verify this hypothesis by a series of experiments over different sets of

character images. We first apply a bank of 24 Gabor filters (4 frequencies and 6 

orientations) on each set, then we extract texture features, that are used to clas-

sify character images without a priori knowledge using a Bayesian classifier. 

Results are shown for different characters written in a same font, and for differ-

ent font types given a character.

1 Introduction

The advent of networks and computers, and the advantages they present regarding the 

manipulation and storage of written information, make the numerical support a more 

and more requested tool. Thus, the desire or the need for recovering always more 

information coming from paper documents, even old ones, supposes mechanisms of 

document recognition which are not limited to characters identification but which

even require the analysis of its structure. 

Technically, document image understanding involves document layout segmenta-

tion and functional (i.e. logical) labeling of the detected zones at different levels. The

simplest one is text/non-text identification, but the knowledge of finer information

such as font types and sizes should be useful to further analyze document images e.g. 

document image indexing and retrieval, document type classification... To achieve 

this, many methods have yet been proposed in the literature most of which work on 

segmented document images at a pixel level [1-5], thus suffering from noise images 

may present.

Our aim is then to elaborate a robust tool for the detection of character shapes and 

fonts (without explicitly recognizing the font type), working at a higher perceptual

level, seeing machine-printed text as texture (characters being the smallest texture 

elements). In this way, we pay attention to general methods, classically used in natu-

ral images processing but still marginal for document images [6-8], and more pre-

cisely to Gabor filtering since it has been designed to simulate the human visual sys-

tem [9]. 

Our paper is organized as follows. In the next section we will introduce the texture 

features we use, based on the well-known multi-channel Gabor filtering method. 
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Section 3, justifies that character prototyping can be seen as a textural problem. Re-

sults for font type prototyping are presented and discussed in section 4. Finally, sec-

tion 5 presents a brief summary of the paper and remarks on our future work. 

2 Texture Features Extraction and Gabor Wavelets

Fig. 1. Frequency representation of a bank of 24 Gabor filters: 6 frequency ranges, 4 orienta-

tions.
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(a) Gabor filters are applied to each input image independently, resulting in 24 fil-

tered images per entry; 

(b) statistical features are calculated on each filtered image, producing as many 

feature vectors that enable the calculation of a distance measure between pro-

totype and test images (as explained in the following paragraph); 

(c) distances are carried to a M-dimension space, on which a Bayesian classifier is

processed, and final prototypes are elaborated superimposing all the test im-

ages composing each resulting class. 

Fig. 2. Synopsis of the prototyping method using Gabor filters.
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3   Character Prototyping 

3.2 Results and Discussion
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useful at a character level for prototype extraction, except rotation problems that have 

to be solved now. 
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Fig. 3. (a) Character images given a font type, randomly chosen as prototype with correspond-

ing class numbers and (b) resulting prototypes and class numbers using Gabor filters.

Our idea is to complete our characterization process using a very simple non time-

consuming distance measure. For that, we use a pattern matching method presented in 

[12], inspired from [13], based on the calculation of a symmetrical difference between 

a reference and a test pattern using masks. Thus, we get a 92.4% recognition rate for 

characters ‘u’ and ‘n’ over 79 samples, and a 100% recognition rate for characters ‘d’ 

and ‘p’ over 42 samples. Resulting prototypes are shown on Fig. 4. These results are 

encouraging since they can be obtained using a very simple algorithm.

Fig. 4. Character prototypes extracted using Gabor filtering coupled to our simple pattern 

matching method.
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since our process didn’t separate vertical patterns and since it was still very different 

from the three other prototypes. This gave 13 classes in which almost only ls and ts 

were hardly discriminated. The calculation of an error rate was possible here: it 

reaches 3.54% i.e. the recognition rate is more than 96.4%. Adding a last prototype 

‘l’ provides an error rate of 2.47%, that is the recognition rate is evaluated to more

than 97.5%. In other words, with Gabor analysis, 4 character prototypes are enough

to classify 16 character shapes with an error rate of only 3.54%.

Finally, the experiments we made prove that Gabor filtering is useful at a character 

level for characterization, thus enabling character prototype extraction. 

4   Font Prototyping 

We carry on studying this tool for font type prototyping (we are not trying to give 

them a name). For that, we are interested in a single pattern written in different fonts. 

4.1   Tests 

The method used in this experiment is the same as before. The character we chose is

‘a’ since it is widely used in French, and since it is present even in poorly used font

types in our documents. Randomly choosing character samples in our dataset results 

in 11 font types over | 370 character images (cf. Fig. 5.a). As before, we use the 

AutoClass algorithm, in an 11-dimension space.  

4.2   Results 
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Fig. 5. (a) Character images given a font type, randomly chosen as prototype with correspond-

ing class numbers and (b) resulting prototypes and class numbers using Gabor filters.

5 Discussion and Further Work 

We have presented an interesting approach for character and font type prototyping

based on a global textural approach using Gabor filtering. We have shown that a bank 

of 24 Gabor filters (4 frequencies and 6 orientations) was enough to discriminate 11 

font types and 14 character shapes. As Gabor filters were designed to be neither 

translation nor rotation sensitive, we had to complete our method with a simple shape 

matching algorithm to distinguish between similar characters (from Gabor point of 

view) such as ‘u’ and ‘n’ or ‘d’ and ‘p’. Nevertheless, we achieve a 96.8% global 

average recognition rate over the two experiments. 

Globally, results are encouraging since they allow the grouping of binarized ran-

domly chosen characters, sometimes suffering from strong artifacts that algorithms at 

a pixel level (like the pattern matching solution of section 3) would have considered 

as different (a complete analysis is presented in [12]). More experiments should be 

done on character shapes: this will be part of our future work. 

Our method doesn’t allow the recognition of font attributes separately yet (e.g. font

type or name (Courier, Helvetica...), font size…), this should be done in a further 

analysis. Such information is useful in practice since it enables document structure 

extraction by ways of Intelligent Character Recognition (ICR) in real world [14]. 

The results obtained are strongly influenced by the physical segmentation step,

which is aimed at isolating the characters. Automating the method needs the use of a 

pre-processing phase as perfect as possible, which is hardly reachable. In real world 

applications, users should be able to operate on the system at any time. Moreover, the 

discriminative post-processing step should be enforced by listing every possible con-

fusion between patterns from Gabor point of view (e.g. ‘n’ and ‘u’ or ‘d’ and ‘p’ as 

seen before, but also not seen intuited cases like ‘b’ and ‘q’).

Finally, we should focus on the possibility of lowering the number of characteriz-

ing Gabor filters and features, using the method proposed in [15], to avoid useless 

computational burdens. This work is being processed at this very moment.
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