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Abstract. We describe an approach using local features to resolve prob-
lems in text localization and recognition in complex scenes. Low image
quality, complex background and variations of text make these problems
challenging. Our approach includes the following stages: (1) Template
images are generated automatically; (2) SIFT features are extracted and
matched to template images; (3) Multiple single-character-areas are lo-
cated using segmentation algorithm based upon multiple-size sliding sub-
windows; (4) An voting and geometric verification algorithm is used to
identify final results. This framework thus is essentially simple by skip-
ping many steps, such as normalization, binarization and OCR, which
are required in previous methods. Moreover, this framework is robust as
only SIFT feature is used. We evaluated our method using 200,000+ im-
ages in 3 scripts (Chinese, Japanese and Korean). We obtained average
single-character success rate of 77.3% (highest 94.1%), average multiple-
character success rate of 63.9% (highest 89.6%).

1 Introduction

Our goal is to read text from an image in complex scenes. There are many
applications for such a technology, for example, recognizing sign from natural
scenes, recognizing book/CD cover, license plate recognition, image and video
search engine and web mining.

However, variations of text due to differences in size, style, orientation, and
alignment, as well as low image quality, complex background and deformation
in complex scenes make text localization and recognition a challenging task.

Previous methods [6–9] often consist of following stages, as shown in Fig-
ure 1(a), (1) Text localization and extraction; (2) Preprocessing; (3) OCR recog-
nition. Of note, every stage consists of multiple steps that each has its own
algorithm and usually operates sequentially.

Local features [1–5], which are distinctive and robust to noise, complicated
background, and many kinds of geometric and photometric deformations, have
been applied successfully in a wide range of systems and applications, such as
wide baseline matching, object recognition, image retrieval, building panoramas,
and video data mining. Moreover, as Figure 2 shows, local features matching can
be potentially extended to text recognition problems.
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Inspired by the success of utilizing local features in image matching, we de-
scribe a local-feature-based approach for text localization and recognition. Con-
sidering the difference between text recognition and general image matching,
we improve several steps in our approach accordingly, (1) we develop a new
template-build method to automatically generate template images while elim-
inate the influence of complex scenes; (2) we develop a voting algorithm and
a geometric verification algorithm for optimizing matching results and locating
text; (3) we develop a segmentation algorithm based upon multiple-size sliding
sub-windows to handle multiple characters efficiently.

Our framework, as shown in Figure 1(b), is essentially simple by skipping
many usual steps, such as normalization, binarization, layout analysis and OCR,
which are required in OCR-based methods. Moreover, this framework is robust
and applicable in complex scenes as only SIFT feature is used during the process.
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Fig. 1. Block diagram. (a) OCR-based framework; (b) Local feature-based framework.
TCFD is template characters features database.
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(a) (b)

Fig. 2. Local features matching. (a) Object matching; (b) Characters matching.

1.1 Related Work

There have been a number of successful text localization and recognition works
reported in [6–11]. Most of them follow the OCR-based framework. Chen et al [7]
reported an approach of detection and recognition of sign from natural scenes.
Laplacian of Gaussian (LOG) edge detector, color modeling, layout analysis and
affine rectification are used to detect text. Then normalization is used as prepro-
cessing. At last, intensity-based OCR is applied to recognize the text. Koga et al
[9] introduced a camera-based Kanji recognition system for mobile-phones. The
first stage consists of 4 steps: preliminary binarization, coarse layout analysis,
line direction detection and line segmentation. The second stage consists of an-
other 4 steps to identify the text: fine binarization, pre-segmentation, character
classification and post processing. More detailed surveys can be found in [10–12].

Our approach is most similar to the work of Campos [13], which utilizes local
features and bag-of-visual-words model (BoW) to recognize single character in
English and Kannada. Yet the main differences between these two approaches are
quite clear: (1) Our approach could handle the detection and recognition of mul-
tiple characters other than single character; (2) Template images are machine-
generated instead of manually collected in our approach, providing tremendous
convenience for Chinese and Japanese text recognition.

2 Local Feature-Based Approach

Our framework (Figure 1(b)) consists of four stages: (1) Template images are
obtained automatically via our template-build method, then template charac-
ters SIFT feature database (TCFD) is built. (2) The SIFT features of query
image are extracted and matched to TCFD using MPLSH. (3) Multiple single-
character-areas are located based on our segmentation algorithm. (4) For each
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single-character-area, a voting algorithm is used to identify candidate characters,
which are then subjected to a geometric verification algorithm for final results.
We describe these stages and methods in detail in the rest of this section.

2.1 Method of Building TCFD

Generation of template images for text matching is often challenged by the
variation of characters (e.g. font, size, style). In some cases, the huge amounts of
characters make the task even harder. For example, a total of 27474 characters
are used in Chinese language compared with 26 letters in English.

In the field of image retrieval and object recognition, natural scene images
are often used as template images. However, the local feature points in single
character image are far less than that in a scene image. As a result, these inter-
ferences will greatly affect the matching accuracy if natural images are used as
template images. Of note, for languages such as Chinese and Japanese, to obtain
natural scene images will be indeed expensive and time consuming.

We applied the following strategies to build TCFD:

(1) The template images are machine-generated in monochrome mode without
any additional noise and texture.

(2) According to fonts’ similarity, a selected subset of fonts is used to generate
template images per character.

(3) Every font per character will have two template images in TCFD (white-
foreground/black-background or black-foreground/white-background) as
shown in Figure 3(a). Using only one template image per font in some cases
will result in zero matching points as shown in Figure 3(b). Furthermore,
experimental results showed that using two template images readily gained
33.0% improvement over using one template image. Increasing the num-
ber of template images, however won’t necessarily achieves further obvious
improvement.

Table 1. Flowchart of Voting Algorithm

(1) Given an image, the initial vote of a candidate character is A, A = the number
of matched features in query image. A = 3 in Figure 4(a).
(2) Given a candidate character, B is the number of matched features in the candidate
image. B = 6 Figure 4(a).
(3) A is not always equal to B due to the similar matching. Then, the final vote is
V = Min(A, B). V = 3 in Figure 4(a).
(4) The template characters with top C votes are identified as final candidate images,
C = R/V , we have chosen to use R = 60 and C is limit from 2 to 20. The more V is
identified, the fewer candidates are retrieved.
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Fig. 3. Example of template images. (a)
Two kinds of template images; (b) Only
one template image has feature points
matched for query images, so matching
could be failed if only one template im-
age is used.

Fig. 4. Example images for voting
algorithm and geometric verification
algorithm. (a) Result before voting; (b)
Result after voting; (c) Result after geo-
metric verification.

2.2 Voting and Geometric Verification Algorithm

During text matching using local features, many mismatches can be caused by
many factors, such as, similarities among characters, deformations and noises.
Examples of mismatches could be found in Figure 4(a).

We designed a voting algorithm and gained 13.5% improvement. Optimized
candidate characters are retrieved by using this algorithm. Flowchart of this
algorithm is shown in Tab. 1.

Although the voting algorithm is helpful, there are still many mismatches in
matching since local features are lack of global information. Such example results
can be found in the left side of Figure 4(b).

Geometric verification can be used in character recognition for optimizing
final results. This task however is often challenged by high computational cost
and limited number of matched pairs.

Based upon the idea of pairwise constraint [16], we designed a geometric
verification algorithm: Maximal Clique Matching for Text Recognition (MCM-
TR). In MCM-TR, the global geometric constraint problem is expressed as the
maximal clique problem in graph theory. MCM-TR starts from building a geo-
metric correspondence graph (GCG) based upon the weak geometric constraint
(WGC) information in local features. Then the global geometric relationship can
be found by finding the maximal cliques in GCG. Given the characteristics of the
global optimality of maximal cliques, MCM-TR is robust to occlusion, clutter,
non-rigid deformations with the need of very few matched pairs.

We implemented MCM-TR as shown in Tab. 2 and achieved 9.5% improve-
ment. The average matching time is 0.008 sec for two images with 60 matched
pairs. Example results after geometric verification can be found in Figure 4(c).
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Table 2. Flowchart of Geometric Verification Algorithm

(1) Given an image, and a candidate image identified by voting algorithm, all corre-
spondences between these two images are labeled.
(2) For every matched pair, the space, scale and rotation information of SIFT features
are extracted to estimate the WGC. To reduce the computational complexity, those
match pairs whose points are not close in space and scale will be directly discarded.
(3) WGCs of all matched pairs are used to build GCG. GCG is an undirected and
unweighted graph, in which each vertex represents a correspondence. The vertices
are adjacent only when the correspondences are consistent with WGC. We make the
projection from correspondences to GCG.
(4) The approximation algorithm proposed in [16] is extended to finding the maximal
cliques in GCG. The maximal cliques just represent the global geometric relationship
between the query image and the candidate image. To reduce the computational
complexity, the maximal cliques containing too many or too few vertices are rejected.
(5) The candidate with max number of the matched pairs in the maximal clique is
indentified as the final result.

2.3 Segmentation Algorithm and Multiple-Character Recognition

Segmentation algorithm is used to locate multiple single-character-areas in whole
image. We call each area a sub-window, as Viola [17] use in face detection. We
don’t need to select all the feature points in the sub-window. The feature points
of the same character are always similar in scale. We can filter the feature points
by scale, which can greatly reduce the number of the local features. Furthermore,
Hash table is used to rapidly obtain the local features in a sub-window.

Detail of algorithm is shown as following: Obtain the range of the location
and scale of the local features matched in the MPLSH matching process. Let
Wmin = Smink, Wmax = Smaxk. Wmin and Wmax represent the minimal and
maximal size of the sub-window. The size of sub-windows increases by a factor
of Δs between Wmin and Wmax. For each size, the sub-windows are shifted by
some number of pixels wΔl. w is the size of sub-window. In each sub-window
with size w, only those feature points whose scale is in the range of (w/k, wΔs/k)
are kept. The choice of Δl and Δd affects both the speed of recognition as well
as accuracy. In this paper, Δl = 2 and Δd = 0.5.

Many sub-windows will be extracted in a query image. For example, in a
640x480 image, if the Wmin = 48 and Wmax = 256, 561 sub-windows will be
extracted. It is high cost to recognize every sub-window.

The sub-windows will be subjected to the voting and geometric verification
algorithm. However, it is not needed to recognize every sub-window. The reasons
are: 1) there are few local features in some sub-windows. It is of low probability
that there exist characters. 2) Some sub-windows cover the same region. If the
characters in this region are recognized in one sub-window, the features of those
characters do not need to be recognized anymore.
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Table 3. Flowchart of Multiple Character Recognition Process

1. Statistic the number of the matched points in each sub-window. Those whose point
number is less than threshold t will be removed from the heap. The sub-windows left
are used to build a max heap.
2. While the point number of the top sub-window of the max heap is more than t:
2.1 Recognize the top sub-window. Let define the recognized character is C and the
point number is n.
2.2 If n < t and n is less than half number of template character, we determine there
is no character in the sub-window. The sub-window will be removed from the heap.
2.3 If C is recognized, the accurate region and orientation of C can be computed
by the transformation between the character and the template. The points of C are
removed from the query image. Then update the point number of the sub-windows
that cover C.
2.4 Update the max heap.
3. Combine overlapped recognized characters. Only the character with the most fea-
ture points will be left.

Fig. 5. An example of multiple-character recognition. (a) is the query image containing
two characters; Figures in (b), (c) and (d) are the sub-windows extracted from the query
image. The yellow lines represent local features. The left sub-window is selected for
recognition. In the first step, a character is successfully recognized. The local features
of the character will be removed in every sub-window. In the second step, no character
is recognized. The left sub-window will be removed. The right sub-window will be
removed because of too few points. In the third step, the other character is correctly
recognized. The selected sub-window will be removed because of too few points left.

The multiple characters recognition process is shown in Tab. 3. An example
is shown in Figure 5.
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Fig. 6. Datasets. Examples of images used for the evaluation. (a) Dataset-A: Single
Chinese characters; (b) Dataset-B: Multiple Chinese characters; (c) Dataset-C: Single
Chinese characters from images of natural scenes; (d) Dataset-D: Multiple Chinese
character images from natural scenes; (e) Dataset-E: Single and multiple characters of
3 languages scripts.

3 The Datasets

We built 5 datasets for the test: dataset-A, dataset-B, dataset-C and dataset-D
are datasets containing only Chinese characters, dataset-E contains 3 language
scripts (Chinese, Japanese and Korean). A summary of these five datasets is
listed in Tab. 4. Examples of each dataset are shown in Figure 6.

4 Experimental Results

We performed 5 tests to evaluate our approach. Descriptions of these tests are
shown in Tab. 4. In our experiments, we use Andrea Vedaldi’s sift++1 and Wei
Dong’s LSHKIT2 for our SIFT and MPLSH [14] implementation.

The results of Test-1, Test-2, and Test-3 are shown in Tab. 5 and Tab. 7
accordingly. For Chinese text in complex scenes, we obtained average success
1 http://www.vlfeat.org/˜vedaldi/code/siftpp.html
2 http://lshkit.sourceforge.net/index.html
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Table 4. Description of each test

Tests Datasets Dataset Description Objective of Test

Test-1 Dataset-A 3500 Single Chinese Characters;
168,000 machine-generated test-
ing images in 12 fonts; 3 fonts in
template characters.

To evaluate the success rate of
single Chinese character, and
describe the effect of various
algorithms.

Test-2 Dataset-B Multiple Chinese characters;
36,000 machine-generated test
images in 12 fonts; 3 fonts in
template characters.

To evaluate the success rate of
multiple Chinese characters.

Test-3 Dataset-C Single Chinese character image;
Obtained from natural images;
1,000 testing images; 3 fonts in
template characters.

To evaluate the success rate of
single Chinese character from
natural scenes, and compare
to commercial OCR.

Test-4 Dataset-D Multiple Chinese characters ob-
tained from natural scenes; 120
Hei-like-font test images; 2 fonts
in template characters.

To evaluate the success rate
and false rate of multiple Chi-
nese characters from natural
scene images.

Test-5 Dataset-E Chinese, Japanese, Korean;
Single character and multiple
characters; Machine generated;
15,700 testing images in 1 font;
1 font in template characters.

To evaluate the success rate
of single character and multi-
ple characters in 3 languages
scripts.

rate of 77.3% (highest 94.1%) for single character and average success rate of
63.9% (highest 89.6%) for multiple characters. Compared with commercial OCR
software, our approach improved the recognition accuracy by 12.9%. Given the
character images all vary in fonts, lighting conditions, rotation, scale and affine
deformation, these results are indeed encouraging.

There is 33.0% improvement by using our method to build the template im-
ages, 9.5% improvement by the geometric verification algorithm. The results
demonstrated the efficiency of each steps of our approach.

It is also quite obvious from our studies that depending on the used fonts,
the accuracy of text recognition changes dramatically too ( e.g. the lowest rate
56.7% in the case of FangSong font). It indicated the importance of the selection
of fonts in template images.

The results of Test-5 are shown in Tab. 6. Our approach also achieves encour-
aging results for language scripts other than Chinese script. We found the more
SIFT points in a character images (the more complicated structure), the higher
success rate.

The results of Test-4 are shown in Tab. 8. Results show that our approach
is robustness in complex scenes. Some positive results are in Figure 7(a). We
also found the success rate decreased for multiple characters from both natural
scenes and machine-generated images. The main reasons are:
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Table 5. Results of Test-1 and Test-2 (success rate of single Chinese character and
multiple Chinese characters). E-1 is the approach without template-build method, E-2
is the approach without geometric verification algorithm. E-Single represents single
character. E-Multi represents multiple characters.

Fonts E-1 E-2 E-Single E-Multi

Hei 53.3% 90.6% 94.1% 89.6%
MSYaHei 45.1% 70.4% 78.5% 63.2%
XiHei 49.4% 74.9% 84.3% 74.3%
PingHei 44.0% 65.4% 75.7% 66.7%
DengXian 48.8% 76.3% 84.6% 62.8%
YouYuan 37.1% 43.0% 58.7% 56.2%
GWArial 47.9% 80.6% 87.3% 66.1%
Song 44.5% 66.6% 76.4% 60.3%
FangSong 30.8% 40.8% 56.7% 50.7%
Kai 48.3% 81.2% 87.2% 67.8%
STKai 42.8% 67.0% 76.4% 60.2%
BWKai 39.7% 56.4% 67.5% 48.6%
Average 44.3% 67.8% 77.3% 63.9%

Table 6. Test results of Test-5

Language Chinese Japanese Korean

Average number of SIFT points 60.3% 40.4% 28.5%
Success rate of single character 94.1% 88.3% 78.5%
Success rate of multiple characters 89.6% 77.1% 70.5%

Table 7. Test results of Test-3

Methods Our Approach Hanwang-Wenhao OCR 7600 Tsinghua-OCR 9.0 Pro

Success Rate 73.1% 60.2% 44.7%

Table 8. Test results of Test-4. SROC: the rate of the correct recognized characters
among all the characters. FROC: the rate of false characters among all the recognized
ones. SROI: The rate of the images with all characters correctly recognized and no
false ones. FROI: the rate of those images with no characters correctly recognized.

Language SROC FROC SROI FROI

Chinese 60.4% 30.6% 12.5% 15.8%

(1) The complex change in natural scenes, such as joined characters (Figure 7(b)),
varied foreground (Figure 7(c)), shadows, vertical characters, outline charac-
ters, large deformation (Figure 7(d)) and large illumination change will lead
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Fig. 7. Datasets. Examples of images used for the evaluation. (a) Dataset-A: Single
Chinese characters; (b) Dataset-B: Multiple Chinese characters; (c) Dataset-C: Single
Chinese characters from images of natural scenes; (d) Dataset-D: Multiple Chinese
character images from natural scenes; (e) Dataset-E: Single and multiple characters of 3
languages scripts. Yellow rectangles represent correct recognition. Black ones represent
false recognition. Red rectangles are manually drawn for further explanation.

to the great change in the scale, orientation and description of the feature
points, which result in rejection of many matching pairs in both matching
and geometric verification process. Moreover, low resolution (Figure 7(e))
and too thin strokes will cause very few SIFT feature detected.

(2) Threshold t will rejected characters with simple structures as well as the
background noises. It is tradeoff between success rate and false rate. Fig-
ure 7(f) is the sample image that a simple character is rejected.

(3) Similar characters possibly received more votes than the character itself even
after geometric verification, if wrong sub-windows are extracted and selected.
In Figure 7(g), the selected sub-windows are either too big or too small.

5 Conclusion

In this paper, we describe a local-feature-based framework for text localization
and recognition by only using SIFT features. The essential components in this
framework include template-character-feature database buildup, a segmentation
algorithm, a voting algorithm and a geometric verification algorithm. Our re-
sults demonstrated this approach performed well for texts in complex scenes,
especially for those language scripts with complicated structures.
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Although the robust performance of our approach suggests the local features
matching can be utilized to address common problems in text localization and
recognition, more works are needed toward a mature application. We plan to
investigate other geometric verification methods and local features for better
recognizing multiple characters with simple structure. We will explore such an
approach in our future work.
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