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Abstract

This paper considers the topic of automatic font
recognition. The task is to recognize a specific font from
a text snippet. Unlike previous contributions, we eval-
uate, how the frequencies of certain letters or words
influence automatic recognition systems. The evalua-
tion provides estimates on the general feasibility of font
recognition under various changing conditions. Results
on a data-set containing 747 different fonts shows that
precision can vary between 16% and 94%, dependent
on (i) which letters are provided, (ii) how many letters
are provided, and (iii) which language is used – as these
factors considerably influence the text snippet statistics.
As a second contribution, we introduce a novel bag-of-
features based approach to font recognition.

1. Introduction

The task of Optical Font Recognition (OFR) is to
recognize a specific font based on a supplied text-
snippet or scan of a document. The advent of the Inter-
net gave rise to a variety of important applications for
OFR. Font owners have to detect copyright violations
from visual inspection (usually the font names are not
included in the documents), and end-users try to find
fonts solely based on visual similarity, e.g. to replace
costly protected fonts by free ones. Despite its practi-
cal relevance, only a few approaches were introduced
so far.

Font recognition faces two main challenges: First,
the number of different classes (fonts) tends to be very
large. Second, a supplied text sample used for querying
a font is usually unconstrained, i.e. the number of let-
ters/words is unknown as is the content or the language.

In this contribution, we explore the statistics of these
unconstrained text-snippets. We assume that certain let-
ters are more discriminable than others (see also Fig. 1).
If this assumption holds, OFR results must vary for (i)

Figure 1. 8 letters from 5 different fonts.

different combinations of letters (which letters are pro-
vided?), (ii) different numbers of letters (how many let-
ters are provided?), and (iii) different languages (how
do letter/word priors influence the recognition?). Our
main goal is to give estimates on the general feasibility
of font recognition under various conditions. Further,
we provide statistically plausible recommendations –
detailed evaluation on which letters, languages, and
words are most appropriate for OFR – that should un-
derpin all future developments in font recognition sys-
tems.

Furthermore, we present an efficient approach to font
recognition. The approach meets certain crucial re-
quirements that we found essential for the task at hand.
It builds on the popular idea of histograms of visual
words [4]. In fact, we express each font as a histogram
over a number of binary image patches. From a new
text-snippet, we now extract another histogram of bi-
nary patches. Recognition can be achieved by comput-
ing the minimum distance to the database histograms.
Using normalized patch histograms, we can easily com-
pare different lengths of text snippets without violating
the approach (see [7], where this was applied for rec-
ognizing human activity sequences of varying length).
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1.1. Related Work

Feature-wise, OFR has been applied using local or
global feature sets [1, 2, 3, 5, 6, 9]. Local features
are usually more flexible but they often require well
working segmentation. Global approaches, on the other
hand, are more forgiving with respect to noise and
wrong segmentations but they usually require a large
training base. Feature classification, in a subsequent
step, is usually achieved using common classifiers, e.g.
Bayes-classifiers or Support Vector Machines.

In [9] Gabor filters are applied to text blocks for
recognition of Chinese and English typefaces. Another
global approach is presented by [1], where high order
statistical moments (3rd and 4th order) and principal-
component analysis are used for font recognition. In [3]
font styles (bold, italic, normal) are recognized us-
ing textons[8], basic texture elements that are linearly
combined. [2] present another basis reconstruction ap-
proach by employing non negative matrix factorization
(NMF) applied to font shapes. In [6] stroke templates
are automatically generated from individual characters
belonging to a specific font, and subsequently stored
in a database. Given novel input stroke data, a sim-
ple Bayes classifier decides about the most likely font.
In [10] vertical and horizontal projection profiles from
text lines are used for typeface and style classification
with a Bayes classifier. In [5], the content of the text is
used as an additional cue. While the approach itself is
rather simple, employing an eigenvector decomposition
of shapes, recognition results on 2763 different fonts
are sufficient. In contrast to some of the aforementioned
methods, we aim at unconstrained font-recognition, i.e.
we focus solely on visual recognition and do not use ad-
ditional cues. Moreover, we use a relatively large data-
base of 747 different fonts, whereas many approaches
use less than 20 or even 10 different fonts.

2. Patch-based Font Recognition

In this paper, we propose an approach that is based
on comparison of histograms of local shape descriptors.
Thus, we mainly follow the popular histogram of visual
words approach [4]. To best of our knowledge, this is
the first time that such an approach is applied to font
recognition.

Given a shape, in our case a character or word, we
first sample a number of locations where image patches
are extracted. This can be achieved by e.g. applying k-
means clustering to all black pixels in a binary image,
yielding a set of cluster centers C = {c1, . . . , cn}, ci ∈
R2. A dense distribution of cluster centers showed to be
important.

(a) Sample patch (b) Close up

Figure 2. Centered on black pixels, bi-
nary image patches are extracted. Patch
sizes are determined automatically and
lead to variations in the amount of context
a patch encodes.

Centered around each cluster center ci we ex-
tract a quadratic image patch pi. The sizes S =
{s1, . . . , sn}, si ∈ R of the extracted binary patches
are automatically determined. We measure the si using
the distance between ci and the nearest white pixel and
set si = σmink ‖wk− ci‖2, wk, ci ∈ R2, where the wk

are the white pixels of the shape image and σ denotes a
constant scaling factor, see Figure 2 for an illustration.
All extracted binary patches are finally scaled to a uni-
form size, e.g. of 5×5 or 10×10 pixels, using a simple
image resizing procedure.

The proposed binary image patch representation is
useful for representing shapes for three different rea-
sons. First, it is invariant to scale since the scale is deter-
mined strictly based on local conditions and the patches
are afterwards scaled to uniform size. Second, patches
extracted from the inner part of a shape and from the
border region of a shape contain different amounts of lo-
cal context, Third, there is no need for specific x-height
or capital-height segmentation (even character segmen-
tation is not crucial, as the patches seldom extend be-
yond the boundaries of a specific character).

In order to get a single descriptor for a complete font
or a single text-snippet, we compute histograms of cer-
tain prototypical shape patches. The shape prototypes
(or codebook vectors) are computed during training by
applying k-means clustering to all resulting patches (the
later presented experiments used a total of 5000 proto-
types). Given a number of patches , a histogram H(p)
for all codebook vectors [c1, . . . , cn] that were clustered
during the training phase is defined as a mapping

H(p) : p→ N+ ∪ 0,H(p)ci
:= occ(ci,p) , (1)

where i = 1, . . . , n, and n denotes the total number of
codebook vectors, and occ(ci,p) denotes the number
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of occurrences of ci in p. Finally, we normalize the
histograms s.t. each font is now represented by a dis-
tribution over a set of codebook shapes. Thus, we can
now compare histograms independent of the number of
letters or words or patches (we convert them to a distri-
bution anyway). A normalized patch histogram φ(p) is
then defined as φ(p) = H(p)/ | H(p) |.

Given the normalized histogram φ(p) for a number
of patches p, the classification is performed according
to the minimum distance D to a set of normalized train-
ing histograms φ(fi) of font fi

j = argmin
i

D(φ(p), φ(fi)), (2)

For distance computation, we tried the following dis-
tance measures: L1, L2, Kullback-Leibler Divergence
and Bhattacharyya Distance. As also other results in-
dicate [7], KL-divergence and Bhattacharyya usually
gave the best results for comparing sequences of dif-
ferent length (or different number of patches in our
case). The later presented experiments mainly use the
Bhattacharyya distance (D = -ln

∑
k

√
pkfk. where k

marks the k-th histogram bin)

3. Evaluation

For evaluation, we conducted a set of 747 different
true-type fonts. The data-set contains all standard fonts
(Arial, Times New Roman) but also some more exotic
fonts. We considered a classification of a new text snip-
pet to be correct, if the true font is within the first five
closest histograms. However, it should be noted that the
first returned fonts are usually rather similar, therefore
restricting font classification to a best in five selection
seems acceptable.

The font histograms fi, i = 1, . . . n are constructed
from all lower case letters a-z. Thus, we skipped e.g.
german Umlaute or other language specific characters,
but also capital letters. The reason for this is simple;
most letters encountered in the wild are lower case, and
not all true-type fonts provide uppercase letters, num-
bers, or special character. Therefore, adding other char-
acters would unbalance the training data.

We evaluated various experimental setups. For each
experiment, we randomly generated large amounts of
synthetic test data (in total more than 500000 images),
randomly varying the combination of letters, and the to-
tal number of letters. It should be noted that the results
also (besides letter number and word length) depend on
well-working segmentation. To avoid random artifacts,
we averaged over several experimental trials.

The first experiment evaluated OFR for only a single
used character (can we tell the font based on a single

Word length 2 3 4 5
Recognition 60.8% 68.9% 73.3% 77.2%
Word length 6 7 8 9
Recognition 78.7% 81.8% 82.0% 82.4%

(a) Unsegmented random characters

Word lenght 2 3 4 5
Recognition 76.0% 86.1% 90.6% 91.9%
Word lenght 6 7 8 9
Recognition 92.7% 93.1% 93.4% 93.7%

(b) Segmented random characters

Word length 2 3 4 5
Recognition 89.6% 91.0% 92.6% 93.4%
Tag length 6 7 8 9
Recognition 93.7% 93.7% 93.9% 94.3%

(c) Optimal case character selection

Word length 2 3 4 5
Recognition 33.2% 58.3% 75.1% 84.0%
Tag length 6 7 8 9
Recognition 91.1% 92.0% 92.4% 92.4%

(d) Worst case character selection

Table 1. Average recognition results

supplied character?). Table 2 summarizes the results.
Interestingly, we found a huge difference for individual
characters. The letters ’d,p,q’ (> 70%) seem to be best
suited for font recognition, whereas ’s,v,x,z’ (< 30%)
gave the worst results.

Further experiments considered different word
lengths. Table 1 summarizes the results. Table 1a shows
the results for using unsegmented randomly generating
words of different length. It can be seen that segmenta-
tion is in fact an important aspect of font recognition, al-
though it does not lower the results dramatically. While
an increased number of letters leads to better recogni-
tion rates, we usually did not exceed 85% on average.
Table 1b repeated the first experiment for segmented
characters. The precision is overall significantly higher,
however, a further increase in word length only slightly
improved the results. Table 1c and Table 1d show re-
sults for the best possible and the worst possible combi-
nation of characters respectively. For more than 6 char-
acters we ended up with a precision above 90% in both
cases.

Finally, we evaluated the influence of different lan-
guages to font recognition by generating random words
(one per trial) in varying fonts, picked according to the
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d 74% a 56% k 48% w 30%
p 72% f 55% c 46% s 26%
q 70% n 54% e 42% v 25%
b 69% m 52% y 41% x 20%
r 60% h 50% j 39% z 16%
g 59% u 49% l 35%
o 57% t 48% i 33%

Table 2. Single letter recognition results.

relative word frequency of the 100 most popular words
in that language (here only for English and German).
Based on these generated words, we estimated 87.99%
as an average recognition rate for German words, En-
glish came up to 86.50%. However, it should be noted
that the 100 most frequently used English words are
on average shorter than the Germans. Additionally, we
give an estimate for OFR dependent on the derived letter
statistics combined with the known letter frequency in
a given language. Results for the five most frequent let-
ters are summarized in Table 3. Here, English gave the
best results, followed by Spanish, Italian, German, and
French. Although with respect to letter frequency west-
ern European languages are rather similar, we could still
observer differences in recognition.

To summarize the most important results; in the
optimal case, using the most discriminable characters
(d,p,q), three characters can already lead to a preci-
sion of 91% on 747 different fonts. However, in the
worst case (the letters v,x,z) the precision reduces to
only 58%. On average (random selection), three dis-
tinct characters lead to a precision of 87%. Often only
3-5 characters are sufficient, using more than 5 charac-
ters often leads to rates above 90%. Thus, assuming a
sufficiently large text snippet, font recognition can be
done reliably with a very high best in five accuracy, i.e.
the correct font is within the list of the five best match-
ing fonts. It should be noted that the presented results
depend to a certain extend on the introduced approach
and used features. However, given that the results are
based on rigorous statistical evaluation, we believe that
this also holds for different methods of unconstrained
font recognition.

4. Conclusions

This paper presented an evaluation of the statistics
of text snippets used in automatic font recognition. Be-
sides, we introduced a novel approach to font recog-
nition that fulfilled certain requirements of the evalua-
tion and also shows a high precision for automatic font
recognition.

English German French Italian Spanish
5.3 → e 7.2 → e 6.4 → e 6.5 → a 7.0 → a
4.5 → a 5.3 → n 4.4 → a 5.6 → o 5.7 → e
4.3 → t 4.2 → r 4.0 → r 4.9 → e 4.9 → o
4.3 → o 3.9 → a 4.0 → n 3.8 → r 4.4 → d
3.7 → n 3.8 → d 3.6 → t 3.8 → i 4.1 → r
...

...
...

...
...

1.54 1.42 1.42 1.42 1.46

Table 3. Language specific font recogni-
tion estimates.

Extensive experiments revealed novel insights into
the feasibility of font recognition in general. In fact, un-
der certain conditions font recognition seems to be an ill
posed problem as there basically is a lack of information
when only a very few letters are supplied. Also, when
simply the wrong letters are supplied, we can not expect
convenient recognition. As we could show, with an in-
creasing number of different letters, the task becomes
more and more manageable, ending up in recognition
precision higher than 94% for 747 different fonts.
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