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Abstract— Characters, which are man-made symbols
composed of strokes arranged in a certain structure, could
provide semantic information and play an indispensable role
in our daily life. In this paper, we try to make use of the
intrinsic characteristics of characters and explore the stroke and
structure-based methods for character recognition. First, we
introduce two existing part-based models to recognize characters
by detecting the elastic strokelike parts. In order to utilize
strokes of various scales, we propose to learn the discriminative
multi-scale stroke detector-based representation (DMSDR) for
characters. However, the part-based models and DMSDR need
to manually label the parts or key points for training. In order
to learn the discriminative stroke detectors automatically,
we further propose the discriminative spatiality embedded
dictionary learning-based representation (DSEDR) for character
recognition. We make a comparative study of the performance
of the tree-structured model (TSM), mixtures-of-parts TSM,
DMSDR, and DSEDR for character recognition on three
challenging scene character recognition (SCR) data sets as well
as two handwritten digits recognition data sets. A series of
experiments is done on these data sets with various experimental
setup. The experimental results demonstrate the suitability of
stroke detector-based models for recognizing characters with
deformations and distortions, especially in the case of limited
training samples.

Index Terms— Character recognition, stroke detector,
structure, part-based model, tree-structure, spatiality embedded
codeword.

I. INTRODUCTION

TEXT could provide high-level semantic information and
is one of the most important and expressive ways of

communications. Thus, over the past several decades, text
recognition has been a hot topic. With the widespread use
of smart mobile devices with digital cameras, automatically
understanding the text in images taken by these devices is
in urgent need for a growing number of vision applications,
such as image understanding, automatic sign recognition and
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translation, navigation, automatic geocoding [1], [2], etc.
Cameral-captured text images are confronted with more
challenges than conventional scanned ones (different noises,
various deformations and complex background) and many
algorithms are proposed to deal with text detection [3]–[12],
recognition [13]–[24] or the end-to-end recognition [25]–[30].
As text detection is the premise for the following recognition,
it has received more attention than recognition and many
effective methods have been proposed in the last decade.
However, in recent years, more and more researchers pay
their attention on the recognition of scene text, as even if the
text is perfectly detected, the recognition accuracy is still far
from satisfactory for practical requirement, due to the uneven
illumination, various fonts, distortion, blurring, degradation
and complex backgrounds [31]. Text is composed of a series of
characters, and although the final text recognition result could
be improved by using the language prior [15], [17], [22] or
some lexicon based postprocessing [23], [27], we argue that
character recognition accuracy is the primary determinant and
thus of crucial importance to the final text recognition.

Although conventional Optical Character Recogni-
tion (OCR) has been considered as a solved problem and
has been successfully applied in many fields, scene character
recognition still has many obstacles due to the large intra-
class variability caused by unpredictable image collecting
condition (lighting, resolution, blurring, etc) and changeable
background. Methods for traditional OCR could be found in
many surveys [32]–[35] and thus are not our focus. We mainly
cope with scene character recognition (SCR), which shares the
same hurdles as object recognition. Most recently published
methods consider scene characters as a special category
of objects. They take advantages of feature extraction,
representation or classification methods that perform well
in object detection or recognition tasks and directly apply
these methods on character recognition [13], [23], [36], [37].
These methods have shown promising performance compared
to conventional OCR ones. However, there is still much room
for improvement, since most of the existing object-recognition
based methods are not specially designed to make full use of
the unique characteristic of these man-made characters.

Characters are actually human-designed symbols, which are
composed of a series of strokes arranged in a certain structure.
Thus, we should try to make use of stroke or structure based
information when designing character recognition algorithms.
A few recently proposed methods have already realized
this fact and tried to utilize certain structure [22], [38] or
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Fig. 1. Some examples of learned discriminative strokes. Each red rectangle
corresponds to a learned stroke. These strokes could have any size and appear
at any position.

stroke [23], [39] related information for SCR. The relative
satisfying performance of these methods on some datasets
suggests the importance of structure and stroke information
for character recognition. However, most of these stroke
or structure oriented methods either only report character
recognition accuracy on one or two public datasets, or just
simply skip the single character recognition accuracy and use
the word recognition results to evaluate their performance.
Thus, no further conclusions of why these methods work
well and the actual pros and cons of these methods could be
drawn without comprehensive experiments and analysis on
the performance of stroke or structure based methods.

In this paper, we explore the feasibility of using stroke and
structure information for SCR and give comprehensive analy-
sis of the performance and suitability of stroke detector based
methods for character recognition. Considering the success of
part-based models on object detection [40]–[43] as well as
the elastic structure information incorporated by the model,
we first explore the suitability of applying part-based models
on character recognition. We introduce two existing part-based
models, the part-based tree-structure model (TSM) [43] and
mixtures-of-parts tree-structured model (MTSM) [42] and use
them to recognize characters by detecting the elastic stroke-
like parts.

However, the TSM and MTSM rely on the manually
designed tree-structure and the size of the parts (strokes)
models is restricted within a single scale for a certain char-
acter model. Considering the fact that discriminative strokes
of characters could have any size as illustrated in Fig. 1,
we propose to learn the discriminative multi-scale stroke
detector based representation (DMSDR) for characters. Given
the learned stroke detectors, the characters could be repre-
sented using the bag-of-visual-words (BOW) framework, in
which the stroke detectors are the learned “visual words”.
However, the proposed TSM, MTSM and DMSDR depend
on the manually labeled parts or key-points for training.
In order to learn the discriminative stroke detectors auto-
matically, we further propose the discriminative spatiality
embedded dictionary learning based representation (DSEDR)
for character recognition using the BOW framework as well.

We make a comparative study of the performance
of TSM, MTSM, DMSDR and DSEDR for character
recognition on four challenging datasets–the CVL Single
Digit dataset (CVLSD) [44], the Street View House
Number (SVHN) dataset [1], the ICDAR 2003 char-
acter recognition dataset (ICDAR03-CH) [45], Chars74k
dataset [36] and MNIST dataset [46]. The SVHN,
ICDAR03-CH and Chars74k datasets consist of digits
and English letters cropped from natural scene images,
and the CVLSD and MNIST datasets contain handwritten

digits images. A series of experiments are done on these
datasets with various experiment setup and in-depth analysis
of the results is given. Experimental results show that
the proposed stroke detector based methods could achieve
state-of-the-art performance on all the four datasets, demon-
strating the suitability of stroke detector based models for
recognizing characters with deformations and distortions.
Extensive experiments also suggest the advantage of stroke
detector based models in the case of limited training samples.

Although some part of TSM, DMSDR and DSEDR have
been proposed in our previous work [38], [39], [47], this
paper differs from our previous work in several ways. First,
for TSM, our previous work focuses on the word recognition
problem. We use TSM as a character detection model and
do not evaluate TSM for character recognition thoroughly.
In this paper, we will give thorough experiments and analysis
of TSM on different datasets to evaluate its general suitability
for character recognition. Second, we introduce the MTSM
for character recognition, which has not been proposed by
any existing work. Third, for DMSDR, the original stroke
bank in [39] need us to manually select the discriminative
strokes, which is inconvenient and might miss some discrim-
inative strokes as well. We propose to automatically produce
multi-scale stroke detectors at various position and use an
intuitive but effective method to choose the discriminative
stroke detectors. For DSEDR, we also improve the original
work [47] by choosing the discriminative codewords. Last
but not the least, for the proposed four methods, we provide
comprehensive experimental results on different datasets with
various experimental setups and give in-depth analysis of the
performance of these methods, which could serve as references
for future researchers.

The rest of the paper is organized as follows. Section II
briefly reviews the related work of SCR. Section III introduces
two deformable part-based models for character recognition.
Section IV details the proposed DMSDR and DSEDR for char-
acter recognition using the BOW framework. Experimental
results and analysis are given in Section V and conclusions
are drawn in Section VI.

II. RELATED WORK

Optical character recognition (OCR) has been studied for
several decades and many effective approaches have been
proposed for conventional OCR. In this section, we only
review recently published work on recognition of scene char-
acters, which have large intra-class variations and complex
background and thus are more difficult to recognize. First,
we review some recently proposed SCR methods which do
not intend to use stroke or structure information. We then
give a brief introduction of the progress of part-based models
for object detection and recognition, since we will introduce
two part-based models for character recognition in this paper.
Finally, we describe the recently proposed character recogni-
tion methods that utilize the stroke or structure information in
a certain way.

A. Conventional Object-Recognition Based Methods
Stroke or structure information are not the main con-

cern for conventional object-recognition based SCR methods.
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Most existing SCR methods first extract features from original
image and then use various classifiers to recognize the
character. Based on bag-of-visual-words (BOW) framework,
De Campos et al. [36] benchmarked the performance of
various features to assess the feasibility of posing the problem
as an object recognition task and showed that Geometric
Blur [48] and Shape Context [49] in conjunction with Nearest
Neighbor (NN) classifier, performed better than other methods.
Weinman et al. [50] proposed to incorporate character
appearance, bi-gram frequencies, similarity and lexicons into
the recognition process. Smith et al. [14] also proposed to
incorporate character similarity information to improve recog-
nition performance. Wang and Belongie [13] proposed to use
Histograms of Oriented Gradients (HOG) [51] in conjunction
with an NN classifier and reported better performance. Newell
and Griffin [52] proposed two extensions of HOG descriptor to
include features at multiple scales and their method achieved
promising performance on two datasets, Chars74k [36]
and ICDAR03-CH [45]. Tian et al. [53] proposed to use
co-occurrence of histogram of oriented gradients to recog-
nize scene characters and reported better results than HOG.
Coates et al. [5] took an unsupervised approach to learn
features from unlabeled data and the character recogni-
tion results on the ICDAR03-CH [45] are quite promising.
Netzer et al. [1] proposed to recognize digits in natural scenes
using unsupervised feature learning methods and experimental
results demonstrated the major advantages of learned represen-
tations over hand crafted ones. Neither the learned features
or the hand crafted ones could deal with characters with
large deformations, low resolution or distortions, especially
when the training samples could not include all the factors
mentioned above.

B. Deep Learning for Character Recognition

Deep learning has achieved significant performance gain
in image classification [54], speech recognition [55] and
character recognition [56], [57], especially in the presence
of large amount of training data. For character recognition,
Wang et al. [27] used convolutional neural networks (CNN)
to recognize English and digits characters in natural scene
images and achieved satisfactory performance when using
the original training set as well as those synthetic ones.
Bissacco et al. [19] adopted deep neural networks with five
hidden layers to recognize scene characters, based on which
they built an effective text recognition system. Li et al. [57]
proposed to regularize neural networks using dropconnect
and achieved satisfactory performance on street view house
number (SVHN) datasets. Lee et al. [56] further proposed the
deeply-supervised nets (DSN) for recognition and achieved
extraordinary performance on MNIST and SVHN datasets.
Although deep learning has shown promising performance for
character recognition, their effectiveness depends on the large
amount of training samples. For scene characters, it is very
difficult to collect so many training samples, especially for
Chinese, which has tens of thousands categories. Thus, it is
still necessary to explore methods that could work well in the
case of limited training samples.

C. Deformable Part-Based Models

Deformable part-based models, namely pictorial
structure models (PS), first proposed by
Felzenszwalb and Huttenlocher [58], aim to model the
local appearance properties and the deformable configuration
of an object at the same time. In this framework, objects are
represented by a collection of parts arranged in a deformable
configuration. The detection is thus defined as a matching
problem where parts have an individual match cost in a dense
set of locations and their geometric arrangement is captured
by a set of “springs” connecting pairs of parts. In order to deal
with object with significant variations, Felzenszwalb et al. [40]
proposed to use mixtures of star-structured model defined by
a root filter plus a set of part filters and deformation models.
Impressively, their method won the first place on PASCAL
Visual Object Detection Challenge 2008 and 2009 [59], [60].
Later, Yang and Ramanan [42] proposed to detect articulated
pose of human using flexible mixtures-of-parts. Tree structure
is used to model co-occurrence and spatial relations, and
the model could be efficiently optimized with dynamic
programming. Experimental results on standard benchmarks
for pose estimation demonstrate that their approach
outperforms past work by 50% while being orders of
magnitude faster. Xiangxin and Ramanan [43] proposed to
jointly address the tasks of face detection, pose estimation,
and landmark estimation using mixtures of trees with a
shared pool of parts. Although their model is only trained
with hundreds of faces, it compares favorably to commercial
systems trained with billions of examples.

Deformable part-based models have been proved to be
successful for a large variety of applications, such as pedes-
trian detection [61], human pose estimation [42], [62], face
detection [63] and landmark localization [43], and generic
object detection [40], [41]. Character, is a special category of
object, and more importantly, has unique structure distinguish-
ing one class from others. Thus, it is reasonable to detect and
recognize characters using the deformable part-based models.
The part models correspond to a stroke or a segment of a
stroke while the spatial springs reflect the global structure
information. However, few researchers have evaluated the
suitability of using part-based models to detect and recognize
characters.

D. Strokes or Structure Information Dominant Methods

Some researchers have realized the importance of utiliz-
ing the intrinsic characteristics of characters—-stroke and
structure information for character recognition. Most recently,
Shi et al. [38] proposed to use part-based tree-structured
model (TSM) to recognize scene characters. As the TSM
could make use of both the local appearance information and
the global structure information, it could deal with characters
with certain degree of deformation, distortion and low res-
olution. Neumann and Matas [64] proposed to use oriented
bar filters to model character parts (strokes). Characters are
detected and recognized as image regions which contain
strokes of specific orientations in a specific relative position.
Recently, Yao et al. [23] proposed the “strokelets”—-a learned
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Fig. 2. An illustration of how to use the trained part-based models to
recognize characters.

multi-scale representation for character recognition. The
representation consists of a set of detectable primitives, which
capture the essential substructures of characters at different
granularities. The overall word recognition results suggest the
effectiveness of the learned strokelets. However, no further
conclusions of the actual performance of these stroke or struc-
ture based methods could be drawn without comprehensive
study on different datasets.

III. PART-BASED MODELS FOR

CHARACTER RECOGNITION

In this section, we present two types of part-based models
for character recognition. First, we give an overview of how
to use part-based models to recognize characters. Then we
give a brief introduction of the existing TSM for character
recognition. Finally, we bring in the MTSM to recognize
characters, which use multiple components to represent each
part so as to deal with characters with larger deformation,
rotation or distortion.

A. Method Overview

Fig. 2 illustrates how to recognize the characters using
the trained character models. Given a test image, we apply
each trained part-based model on the image and a number of
detection results could be acquired. For each character model,
we choose the detection with the highest score as the detection
result for this model. Finally, we choose the character model
with the highest score as the recognition result. Although
regression over the raw detection results may improve the
recognition accuracy, we only report the results using the
detection scores of the part-based models since the raw scores
could reveal the feasibility of part-based models for character
recognition more directly.

B. Part-Based Tree-Structured Model

Each category of characters is represented by a tree
Tk = (Vk, Ek), where k is the index of the model for
different structures, Vk represents the nodes and Ek specifies
the topological relations of nodes [43]. Each node represents
a part of the character. Let I represents the input image and
li = (xi , yi ) denotes the location of part i . The score of the
configuration of all the parts L = {li , i ∈ Vk} could be defined
as [38]:

S(L, I, k) = SApp(L, I, k) + SStr(L, k) + αk (1)

Fig. 3. Illustration of the part models and the global structure model
of TSM. The part models reflect the shape of certain part of characters (strokes
or sub-strokes). The global structure model constrains the position of the part
models. Each part is placed at its best-scoring location relative to their parent
and the red ellipse draws the learned parameters w2

i j .

where

SApp(L, I, k) =
∑

i∈Vk

wk
i · φ(I, li ) (2)

and

SStr(L, k) =
∑

i j∈Ek

wk
i j · ψ(li − l j ) (3)

As we can see, the total score of a configuration L for
model k consists of the local appearance score in (2), the
structure or shape score in (3), and the bias αk . Fig. 3 shows
the trained part-based tree-structured models of character ‘2’.

1) Local Appearance Model: Eq. (2) is the local appearance
model which reflects the suitability of putting the part based
models on the corresponding positions. wk

i represents the filter
or the model for part i , structure k, and φ(I, li ) denotes the
feature vector extracted from location li . We choose HOG [51]
as the local appearance descriptor due to its good performance
on many computer vision tasks. As we can see in Fig. 3, the
part models reflect the shapes of certain parts of characters,
which could also be regarded as a stroke or sub-stroke of
characters.

2) Global Structure Model: Eq. (3) is the structure or shape
model which scores the character-specific global structure
arrangement of configuration L. Here we set ψ(li − l j ) =
[dx dx2 dy dy2], where dx = xi − x j and dy = yi − y j

are the relative distance from part i to part j . Each term in
the sum acts as a spring that constrains the relative spatial
positions between a pair of parts. The parameters wk

i j , which
are learned in the training process, could control the location
of each part relative to its parent and the rigidity of each
spring. As shown in Fig. 3, the red lines connecting the parts
reflect the topological structure constrain among the parts.
The part models could be located within a certain range and
each location would be linked with a cost according to the
learned wk

i j (as shown by the ellipses in Fig. 3).

C. Mixtures-of-Parts Tree-Structured Model

The part-based tree-structured model (TSM) only uses one
component to represent each part. It might fail to detect char-
acters with large deformation, rotation or distortion. To this
end, we propose to use mixtures-of-parts tree-structured
model (MTSM) [42] to represent characters. Let li = (xi , yi )
be the pixel location of part i and ti be the mixture component



4956 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 24, NO. 12, DECEMBER 2015

Fig. 4. A visualization of our mixture-of-parts tree-structured model of
character ‘6’ for type number T = 4, trained on the CVLSD dataset. We show
the local part models above, and the corresponding tree structure shape model
below. Each part is placed at its best-scoring location relative to their parent

and the red ellipse draws the learned parameters w
ti ,t j
i j .

of part i . Here we call ti the type of part i . For notational
convenience, we use ti to represent the set of types of part i .
We use G = (V , E) to represent a K-node relational graph
whose edges specify which pairs of parts are constrained
to have consistent relations. Then the full score associated
with a configuration of part types and positions could be
written as:

S(I, L, t) = S(t)+
∑

i∈V

w
ti
i · φ(I, li )+

∑

i j∈E

w
ti ,t j
i j · ψ(li − l j )

(4)

where

S(t) =
∑

i∈V

bti
i +

∑

i j∈E

b
ti ,t j
i j (5)

1) Co-Occurrence Model: Eq. (5) corresponds to the
co-occurrence model. The parameter bti

i favors particular type
assignments for part i , while the pairwise parameter b

ti ,t j
i j

favors particular co-occurrences of part types.
The last two terms in Eq. (4) correspond to the local

appearance model and the deformation model respectively.
Their definitions are similar to TSM except that parameters
w

ti
i and w

ti ,t j
i j are type related.

Fig. 4 shows four learned mixtures-of-parts tree-structured
models of digit ‘6’, trained on the handwritten digits dataset
CVLSD [44] with part type number T = 4. The tree-structured
shape models make it possible to detect and recognize
handwritten characters with various writing styles. Moreover,
although we only visualize 4 trees, there exist an large number
of realizable combinations, obtained by composing different
part types together.

The parameters of both TSM and MTSM could be learned
discriminatively using a structured prediction framework. Here
we assume a fully-supervised scenario, where we are provided
positive images with part labels, as well as negative images
without characters. Details of the learning could be found
in [38], [42], and [43]. Since both the TSM and MTSM are

Fig. 5. An illustration of how to use BOW framework for feature
representation of character images.

Fig. 6. Overview of the proposed DMSDR for character recognition.

tree-structured, the inference could be done efficiently with
dynamic programming. Please refer to [38], [42], and [43] for
details.

IV. ROBUST STROKE DETECTOR BASED REPRESENTATION

FOR CHARACTER RECOGNITION

In this section, we propose two stroke detector based
representation methods for character recognition using
BOW framework. First, we briefly introduce how to get the
representation for characters given the stroke detectors or
codewords under the BOW framework. Then, we present the
discriminative multi-scale stroke detector based representa-
tion (DMSDR) for character recognition. Finally, we detail the
discriminative spatiality embedded dictionary learning based
representation (DSEDR).

A. Method Overview

The BOW framework is one of the most widely used and
effective image representation methods for object recognition.
In this framework, as shown in Fig. 5, three critical factors,
codeword learning, coding and pooling strategies are vital to
the final representation. After learning the discriminative local
descriptors, such as stroke detectors for DMSDR or spatiality
embedded codewords for DSEDR, an character image could
be represented by a histogram of these “visual words” using
the corresponding coding and pooling methods. Given these
histogram features of characters, various methods could be
used for recognition. In this paper, we choose SVM as
the recognition model. However, the proposed representation
could be combined with any recognition method.

B. Discriminative Multi-Scale Stroke Detector
Based Representation

As shown in Fig. 6, the proposed DMSDR consists
of four stages: stroke detector learning based on labeled
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Fig. 7. Illustration of how we randomly sampled the stroke detector windows
based on the labeled key points.“w” and “h” represent the width and height
of the sampled windows.

key points, discriminative stroke detector selection, feature
extraction based on the position related stroke detector using
BOW framework, and finally multi-class classifier training
and testing. Under the BOW framework, the stroke detector
learning corresponds to the codeword generation and the
extracted histogram features are determined by the coding and
pooling strategy.

1) Stroke Detector Learning: Each training sample is
labeled with several key points. Here we use the same labeled
samples with TSM and MTSM. Based on these key points,
we collect the training samples for the stroke detectors.
Different from our previous work [39], which selects the
discriminative strokes manually, we propose to randomly
produce the candidate strokes. All the training images are
normalized to W = H = 64. To get these candidate strokes
windows, we choose one image from the training samples for
each category as the standard template images. The height
and the width of the stroke windows fall into Ms sizes as
listed in Fig. 7, leading to M2

s different sizes of the stroke
detectors. We then randomly choose Ns locations for each of
these M2

s stroke detectors. The selected sub-windows should
at least include one labeled key point. In total, we could get
Ns × M2

s stroke detectors for each category of characters.
Fig. 7 shows some randomly chosen stroke windows. These
stroke windows might include one or several key points.
As scene characters might have various fonts, rotations and
deformations, the position of a certain stroke might vary
considerably. Thus, these labeled key points are used as
position alignment to collect the stroke detectors’ training
samples cropped from different training images. For a certain
stroke detector Strokeci , j , all the cropped training samples
corresponding to this stroke from class ci constitute the
positive training samples whereas those ones from other
classes constitute the negative training samples. Please refer
to [39] for more details. Each stroke detector has its own
response region, which is acquired by covering the rectangles
of all the training samples (as shown by the blue dashed
rectangles in Fig. 6). In total, if we have Nc categories of
characters to classify, we get Ns × M2

s × Nc candidate stroke
detectors. We set Ns to 20 in the experiments.

2) Feature Extraction and Classification: Given the learned
stroke detectors, we use the BOW framework to extract
histogram features and linear SVM is used for classification.
Different from the conventional BOW, each of our stroke
detector has its own position related response region which
is much smaller than the whole image, and max pooling is
used so as to deal with small deformation or rotation.

Fig. 8. Illustration of how to collect codewords for a certain category of
characters. Each learned codeword reflects a certain stroke of characters as
illustrated by the strokes (sub-images cropped from some template image)
next to the codewords.

3) Discriminative Stroke Detector Selection: Not all the
stroke detectors are equally important or necessary for
classification and thus the unnecessary ones need to be
eliminated for both computation efficiency and performance
improvement. Since we use linear SVM for classification and
the final decision value of linear SVM is a linear combination
of the weights w and features f —-wT f , mathematically the
bigger the value of |w| is, the more the corresponding feature
(codeword) contributes to the final decision value [65].
Therefore, we use the absolute value of the trained weights
to select discriminative stroke detectors. After extracting the
histogram features from the training images, we train a
one-vs-all classifier for each category of characters and
choose the stroke detectors corresponding to the top K largest
absolute weights |w|. Finally, the selected stroke detectors
from all the categories removing the repetitive ones constitute
the final discriminative detectors. We call the stroke detector
selection method as WOSVM, namely weight of SVM.
The discriminative detectors selection procedure preserves
those important stroke detectors and discards unnecessary
ones, which could reduce the computation cost and improve
the performance as well. Only the selected stroke detectors
contribute to the final feature representation and linear SVM
is used for classification.

C. Discriminative Spatiality Embedded Dictionary
Learning Based Representation

Unlike TSM, MTSM and DMSDR which need the part
or key points labels, DSEDR learns the spatiality embedded
codewords (stroke detectors) automatically. Different from
conventional codeword learning methods, which use K-means
to cluster the descriptors regardless of their positions, the
DSEDR generates position related codewords by associating
each codeword with a response region. Given the spatiality
embedded dictionary, coding could be performed locally and
also spatially according to the spatial relationship between
codeword and descriptor.

1) Learning Spatiality Embedded Dictionary: Fig. 8 shows
how to collect codewords for a certain category of characters
given the training images. Each training image is normalized
to W = H = 64 and partitioned into nh × nw blocks.



4958 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 24, NO. 12, DECEMBER 2015

Suppose the HOG features within each block have
nhog dimensions, we would use a feature vector of
nh × nw × nhog dimensions to represent each image. Based
on the overall representations, for each category of characters,
we use K-means clustering to get kci centers. For each of these
clustering centers, we reshape the 1D overall representation to
3D matrices with three dimension sizes of nh , nw and nhog

as shown by the clustering centers in Fig. 8. We then extract
3D matrices (sub-stroke or stroke windows as illustrated by
the collected codewords in Fig. 8) with three dimension sizes
of nh,d , nw,d , nhog from the clustering centers densely as
candidate codewords, where nh,d and nw,d are the number
of blocks in vertical and horizontal respectively.

For each codeword d j , we record a response region r j ,
which should include the codeword sampling window (details
of how to set the response region could be found in [47]).
All the codewords sampled from the clustering centers of
all the categories constitute the learned spatiality embedded
dictionary DS E D = {(d1, r1), (d2, r2), (d3, r3), . . . , (dn, rn)}.

2) Feature Extraction and Classification: Given the learned
codewords, we also extract features for each character image
using the BOW framework. Since each codeword has its
own response region, coding could be performed locally and
spatially according to codewords’ response regions, which
alleviates computation burden and also retains discrimination
power. For each local descriptor φ extracted from position
(xφ, yφ) of a certain image, we only code it with those
codewords whose response region contain point (xφ, yφ).
Localized soft assignment [66] is chosen for its effectiveness
and efficiency. After coding, max pooling is performed over
the whole image to obtain the final feature vector. Similar
to DMSDR, we also use linear SVM for classification and
the WOSVM strategy is accordingly utilized to choose the
discriminative codewords. Only the selected codewords are
used for final feature extraction and classification.

V. EXPERIMENTAL RESULTS AND DISCUSSION

In this section, we will give thorough evaluation of the
performance of TSM, MTSM, DMSDR and DSEDR on five
challenging character recognition datasets.

Comparative experiments and analysis of the proposed four
methods are given using different numbers of training samples.
For MTSM, we evaluate the performance with different “type”
numbers, whereas for DMSDR and DSEDR, we report the
quantitative results with different numbers of discriminative
stroke detectors or codewords. We also evaluate the fea-
sibility of training TSM and MTSM with limited labeled
samples along with synthetic training samples. Comparative
results with state-of-the-art methods are also presented and
discussed.

A. Datasets

1) CVLSD Dataset: The CVLSD dataset [44] is used
for the handwritten digits recognition competition (HDRC)
in ICDAR 2013. It is part of the CVL Handwritten Digit
database (CVL HDdb), which consists of samples from
303 writers. It has 10 classes (0-9) with 3,578 samples

Fig. 9. Some samples from CVLSD, SVHN, ICDAR03-CH and Chars74k
datasets.

per class. The training set contains 7,000 digits (700 digits
per class) of 67 writers. A validation set of equal size has been
published with a different set of 60 writers. The evaluation set
consists of 2,178 digits per class of the remaining 176 writers.
Fig. 9(a) shows some examples from the dataset.

2) SVHN Dataset: The SVHN dataset [1] was obtained
from a large number of Street View images. The dataset
comprises over 600,000 labeled characters in total, and has
been made available in two formats: full numbers and cropped
digits. We focus on the cropped digits recognition task, which
contains 73,257 digits for training, 26,032 digits for testing,
and 531,131 additional less difficult training samples. Some
character images from this dataset are shown in Fig. 9(b).
As we can see, these characters have low resolution, certain
degree of deformation and distortion. In this paper, for the
TSM, MTSM and DMSDR, which need the part labels to
learn the model, we only use a maximum of 700 samples
per class for training. For DSEDR, we provide the results of
700 training samples per class and the whole 73,257 training
images as well. The 531,131 additional less difficult training
samples are not used in the experiments.

3) ICDAR03-CH Dataset: ICDAR03-CH dataset is the
robust character recognition dataset from ICDAR 2003 [45].
The dataset contains 5897 training samples and 5337 test
samples. Fig. 9(c) shows some samples from the dataset.
As we can see, the font, size, illumination, color and
background of characters vary greatly.

4) Chars74k Dataset: Chars74k dataset [36] contains
62 classes consisting of digits, upper and lower case letters
collected from natural scene images. Some images from
the dataset are shown in Fig. 9(d). In the experiments,
similar to [36], we randomly select 30 image per class
from which to get 15 images for training and 15 ones for
testing.

5) MNIST Dataset: The MNIST dataset [46] consists of
handwritten digits images of 10 different classes (0 to 9) of
size 28 × 28 with 60,000 training samples and 10,000 test
samples.
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Fig. 10. Comparison results of different methods with different training
samples on CVLSD dataset (best viewed in color). (a) Precision of the first
guess. (b) Precision of the second guess.

B. Evaluation Method

Similar to the evaluation method of the ICDAR 2013
HDRC [44], we use precision P as the evaluation protocol:

P = tp

tp + f p
(6)

where tp is the number of true positives (a true positive is
an element where the class label ci of class i equals the
recognized class label ai ), and f p is the sum of false positives
(ci �= ai ). For SVHN, ICDAR03-CH and Chars74k datasets,
we only report the precision of the first guess, namely recog-
nition accuracy. For CVLSD, similar to the competition [44],
in addition to the precision of the first guess, we also report
the precision of the second guess, in which case, tp is defined
as the sum of all elements whose first or second prediction
equals the class label.

C. Comparative Study of the Proposed Four Methods

We evaluate the performance of the proposed stroke detector
based methods with different numbers of training samples.
In addition to TSM, MTSM, DMSDR and DSEDR, we also
report the performance of Support Vector Machine (SVM)
with HOG features (HOG+SVM) for comparison. For
HOG+SVM, all the images are normalized to 32 ∗ 32 with
cell size of 4 ∗ 4, and nonlinear SVM with RBF kernel is
used. We use LIBSVM [67] toolkit for SVM training and
classification. The results on CVLSD with different training
samples are shown in Fig. 10. For SVHN, the results with
700 training samples of the proposed four methods as well as

TABLE I

COMPARISON RESULTS OF DIFFERENT METHODS ON SVHN DATASET

the results of DSEDR with all the training samples are shown
in Table. I. “TS” is short for “training samples”.

1) HOG+SVM Versus TSM and MTSM: From the results on
CVLSD we can see that using more training samples could
lead to an improvement of all the methods. Although both
the HOG+SVM and part-based models use HOG as the local
region descriptor, TSM and MTSM outperform HOG+SVM
constantly with different numbers of training samples. The
reason lies in the fact that in addition to the local appearance
information, TSM and MTSM also make use of the unique
elastic global structures of characters, and thus are more robust
to deformations and distortions.

2) HOG+SVM Versus DMSDR and DSEDR: From the
results in Fig. 10 we can see that DMSDR and DSEDR
outperform HOG+SVM significantly with different numbers
of training samples. The superiority of DMSDR and DSEDR is
more obvious on SVHN datasets, outperforming HOG+SVM
by more than 13%. Since all of the three methods adopt SVM
as the classification method, the difference lies in the feature
representation. HOG+SVM extracts HOG feature densely and
directly concatenates the features from each block to get the
final representation, whereas DMSDR and DSEDR utilize
the position related stroke detector and codewords as well
as max pooling strategy to represent each character. As the
position related stroke detectors and codewords have their own
response regions and max pooling only chooses the highest
detection score within a region, DMSDR and DSEDR are
relatively more robust to local rotation and deformation.

3) Discriminative Stroke Detector or Codewords
Selection: As not all the learned stroke detectors or codewords
are necessary for the final representation, we propose the
WOSVM strategy to only choose the discriminative ones.
To evaluate the effectiveness of WOSVM, we test the
recognition accuracy of DMSDR and DSEDR on CVLSD
dataset using different numbers of selected stroke detectors and
codewords. For DMSDR, as we could learn 2420 candidate
stroke detectors per class, we change the number of selected
discriminative stroke detectors per class from 1 to 2400.
Whereas for DSEDR, the number of selected codewords per
class varies from 1 to 800. The results of DMSDR are shown
in Fig. 11(a) and those of DSEDR are shown in Fig. 11(b).

The results demonstrate that the performance of both
methods improves with the increasing number of selected
stroke detectors and codewords. However, the improvement
stops when the number exceeds a certain value. From the
results we can see that choosing some discriminative stroke
detectors and codewords could acquire the same or even higher
accuracy than using all the detectors or codewords, demon-
strating the effectiveness of the stroke detector and codewords
selecting strategy. The results suggest that in addition
to reducing the computation efficiency, the discriminative



4960 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 24, NO. 12, DECEMBER 2015

Fig. 11. Performance of DMSDR and DSEDR with different numbers
of selected stroke detectors or codewords on CVLSD dataset. The x-axis
corresponds to the number of selected strokes or codewords per class and the
y-axis corresponds to the precision of the first guess, namely the recognition
accuracy. (a) DMSDR. (b) DSEDR.

detector or codewords selection strategy could also eliminate
the uninformative elements which would otherwise disturb the
discriminative ones. DMSDR achieves the accuracy of 94.9%
on CVLSD when only using 20% of the original stroke
detectors and DSEDR reaches the accuracy of 96.42% with
only 50 codewords per class (444 in total after removing
repetitive ones). Moreover, the results show that with only
5 discriminative codewords per class (49 in total), DSEDR
could achieve an accuracy of 89.44%, further demonstrating
the effectiveness of the codeword learning and localized soft
coding strategy. For DMSDR, with 5 selected stroke detectors
per class (50 in total), the accuracy could reach 86.77%, show-
ing the discriminative power of the learned stroke detectors for
representing characters.

4) TSM Versus MTSM: The results also show that MTSM
outperforms TSM on almost all the tasks. As each part
of MTSM has multiple types and MTSM could model
co-occurrence between particular pairs of part types, it could
detect characters with larger deformation or distortions.
When each part of MTSM only has one type, MTSM
degrades to TSM. To evaluate the performance of MTSM with
different type numbers, we test the first guess of MTSM on
CVLSD using 700 training samples with type numbers varying
from 1 to 8. The results are shown in Fig. 12. The results
demonstrate that increasing the type numbers could lead to
higher recognition accuracy. However, the improvement stops
when the type number exceeds a certain value, suggesting that
certain number of types are enough to represent the parts.

5) The Effect of Synthetic Training Samples: TSM, MTSM
rely on the part labels for training. In addition to the labeled

Fig. 12. The precision of the first guess of MTSM on CVLSD with different
type numbers.

TABLE II

COMPARISON RESULTS OF HOG+SVM, TSM AND MTSM ON CVLSD

DATASET USING ADDITIONAL SYNTHETIC TRAINING SAMPLES(%).

PRECISIONS OF THE FIRST AND SECOND GUESS

ARE PROVIDED IN THE FORM (-/-)

samples, we also produce some synthetic training samples by
rotating the available labeled samples with degrees of −7.50,
−150, 7.50, and 150. We train TSM and MTSM with the
original samples as well as these synthetic ones. The precision
of the first and second guess on CVLSD dataset are listed
in Table II. LTS is short for “labeled training samples”.
We also list the results of HOG+SVM for comparison.
Compared to the results only using the original training
samples in Fig. 10, we find that with the additional synthetic
training samples, the performance of all the three methods
could be further improved. However, HOG+SVM is more
sensitive to the number of training samples. When using
100 original labeled training samples per class, the accuracy
of HOG+SVM is only 83.42%, whereas the accuracies of
TSM and MTSM are 87.14% and 93.20%, which outperforms
HOG+SVM by 4% and 10% respectively. Reducing the
original labeled training samples from 700 to 100, the accu-
racy of HOG+SVM drops considerably by 8%, whereas that
of TSM and MTSM only decreases by 4% and 2%. The
results demonstrate the effectiveness of MTSM in the case
of limited training samples. Moreover, the results show that,
with 100 labeled samples and the synthetic images, MTSM
could achieve similar result with 700 labeled samples, thus
making it possible to train the MTSM with a small number of
labeled training samples along with the synthetic ones.

6) DSEDR Versus DMSDR: The results demonstrate that
although DSEDR does not need the part labels, it outperforms
DMSDR on CVLSD dataset. DMSDR uses the part labels
as the position alignment to collect the training samples
for a certain stroke detector. Whereas for DSEDR, as the
codewords are acquired by cropping sub-windows from the
clustering centers of the training samples, they can tolerate a
certain degree of local rotation or deformation, especially for
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TABLE III

COMPARISON RESULTS WITH OTHER METHODS ON CVLSD AND SVHN

DATASETS(%). BOTH THE PRECISIONS OF THE FIRST GUESS

AND THE SECOND GUESS ARE REPORTED (-/-)

TABLE IV

COMPARISON RESULTS WITH OTHER METHODS ON ICDAR03-CH

AND CHARS74k DATASETS(%)

CVLSD dataset from which most of the characters are located
in the middle of the image (as shown in Fig. 9(a)). From the
results in Fig. 11 we can see that, with only 20 discriminative
codewords per class (186 in total), DSEDR could achieve
better results than DMSDR with all the discriminative stroke
detectors (>20000), demonstrating the effectiveness of the
automatically learned codewords and the localized soft coding
strategy. For SVHN datast, as the characters might appear
at any position of the image (shown in Fig. 9(b)), with
700 training samples per class, DSEDR does not perform
as well as DMSDR which has part labels for position
alignment. However, as DSEDR does not rely on the part
labels, it outperforms DMSDR with more training samples as
shown in Table I, further demonstrating that the localized soft
coding and max-pooling strategy make DSEDR robust to local
rotation or deformation.

D. Comparison Results With Other Methods

We compare the proposed stroke detector based meth-
ods with other methods. The results of the proposed TSM,
MTSM, DMSDR and DSEDR along with the state-of-the-
art ones on CVLSD, SVHN are shown in Table III and
those on ICDAR03-CH and Chars74k are shown in Table IV.
For CVLSD, we report the precision of the first guess and

TABLE V

COMPARISON RESULTS OF DSEDR WITH OTHER METHODS

ON MNIST DATASET(%)

the second guess as the HDRC in the form of (-/-). The
comparative results of DSEDR and the state-of-the-art ones
on MNIST dataset are shown in Table V.

For CVLSD, we only list the results of the top five methods
in the 2013 ICDAR HDRC [44]. The results show that the
first guesses of MTSM and DSEDR are only second to
Salzburg’s methods [44]. Salzburg adopted the Finite Impulse
Response Multilayer Perceptron (FIR MLP), a class of tem-
poral processing neural networks. They used more synthetic
training samples with random rotation, shearing and scaling,
whereas MTSM only used additional synthetic samples with
rotation, and DSEDR only utilized the original training sam-
ples without synthetic images. Moreover, as shown in Fig. 10,
with only 400 training samples per class, DSEDR could still
achieve an accuracy of 96.34% which is also only second
to Salzburg’s methods [44], showing the effectiveness of the
spatiality embedded codeword learning strategy.

For SVHN, although we only use a subset of the training
set, the recognition accuracy is on par with or even surpass
most existing methods. With 73,257 training samples,
ConvNet/MS/L2/ [2] achieves an recognition accuracy
of 91.55%, whereas DSEDR achieves higher accuracy
of 92.12% with the same amount of training samples. With
700 training samples per class, which leads to 7000 training
samples in total and is only less than 10% of the original
training set, the proposed DMSDR could correctly recog-
nize 91.62% of the testing images, outperforming the
feature learning methods proposed by Netzer et al. [1] and
ConvNet/MS/L2/ in [2] which use the whole training set,
further showing the superiority of stroke based methods
for recognizing characters with deformation and degradation,
especially in the case of limited training samples. Although
Dropconnect [57] and DSN [56] outperform our method, they
use a total of 598,388 images for training. Since they do not
report the results using only 73,257 training samples, we are
not sure how these deep learning methods would perform in
the case of limited training samples.

On ICDAR03-CH dataset, the proposed DMSDR and
DSEDR achieve the best result so far using the same
training samples, reaching 81.7% and 82.6% respectively.
DSEDR with the original training set could even outperforms
the unsupervised feature learning methods in [5] which uses
49200 training images, showing the effectiveness of the pro-
posed stroke detector based representation in the case of
limited training samples. Although Wang et al. [27] achieve an
accuracy of 83.9%, they use far more training samples to train
a large scale CNN and their test set is different from others,
thus making their result incomparable to other methods.
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TABLE VI

RESULTS ON CHINESE PLATE CHARACTER RECOGNITION DATASET(%)

For Char74k, DMSDR and DSEDR outperform most of the
existing methods under the same evaluation protocol. With
only 15 training samples per class, DSEDR could reach an
accuracy of 71.8%, showing the effectiveness of the proposed
stroke detector based representation under limited training
samples.

The results on ICDAR03-CH and Chars74k show that,
the proposed DMSDR outperformes Stroke Bank [39] in
our previous work which chooses the discriminative stroke
detectors manually, showing the effectiveness of the proposed
randomly producing candidate strokes and the discriminative
stroke selection strategy. The proposed DSEDR also outper-
formes our previous SED in [47] on both datasets using the
discriminative codewords, demonstrating the effectiveness of
the WOSVM strategy.

On MNIST dataset, with all the 60K training samples, DSN
and Dropconnect achieve better performance than DSEDR.
With 10K training samples, the proposed DSEDR achieves
similar performance with DSN [56]. With 1K training samples
in total, the proposed DSEDR achieves the classification error
of 2.2%, outperforming DSN and CNN [69] by 1.5% and 2%
respectively. The results further demonstrate the effectiveness
of DSEDR in the case of limited training samples.

In addition to the English and digits character recognition
datasets, we also evaluate the proposed DMSDR and RSEDR
on our Chinese plate character recognition dataset which
has 31 categories of Chinese characters in total. We have
10 images per class for training and the number of the test
set per class varies from 5 to 15. The results are shown
in Table. VI. As we can see, DMSDR and RSEDR outperform
HOG+SVM considerably, demonstrating their effectiveness to
recognize Chinese characters.

E. Discussion

1) Stroke and Structure Information for Character
Recognition: A good representation is essential for object
recognition. For characters, how to make use of the stroke
and unique structure information is critical for getting the
robust and effective representation. As TSM makes use of
the elastic structure information, it outperforms HOG+SVM.
Whereas for MTSM, having more part types makes it more
robust to local deformation and distortion than TSM which
only has one type for each part. However, the size of the
parts of both TSM and MTSM is limited to a certain scale,
thus failing to make full use of strokes of other sizes. As the
proposed DMSDR could learn multi-scales stroke detectors,
it outperforms MTSM constantly with different number
of training samples. From the results of discriminative
codewords selection in Fig. 11(b) we can see that, with
less than 200 stroke-like codewords in total, DSEDR could
achieve an recognition accuracy of 95.5%, which surpasses
most of the methods in the ICDAR 2013 handwritten digits
recognition competition [44]. The results demonstrate that the

learned codewords as well as the localized soft coding are
very effective and stroke information is quite important for
representing characters.

2) The Effectiveness With Limited Training Samples:
Although DNN could achieve better results on some datasets
with far more training samples, our methods are more effec-
tive in the case of limited training samples. For instance,
on ICDAR dataset, the proposed DMSDR and DSEDR achieve
the accuracy of 81.7% and 82.6% respectively with only
about 5000 training samples in total, outperforming unsu-
pervised feature learning methods [1] which use far more
training samples. On Chars74k dataset, DSEDR outperforms
all the existing methods with only 15 training samples per
class. On CVLSD dataset, DSEDR could achieve an accu-
racy of 96.34% with only 400 training samples per class.
Although no one has reported the performance of DNN on
this dataset, we doubt whether DNN could be well trained
with such a limited number of training samples. On SVHN
dataset, with the smaller training set, the proposed DSEDR
outperforms CNN [2] whereas DMSDR outperforms CNN [2]
with less than 10% of the training samples used by the CNN.
On MNIST dataset, with 1K traning samples in total, DSEDR
outperforms both DSN [56] and CNN [69]. One of the most
important reasons that DNN could perform well is the use
of large number of training samples. However, for Chinese
scene characters which have tens of thousands of categories
to recognize, it is almost impossible for us to collect so many
training samples. Thus, it is quite necessary to explore methods
that could work well in the case of limited training samples.

VI. CONCLUSION

In this paper, we have introduced two existing part-based
models, TSM and MTSM for character recognition. We also
propose the DMSDR and DSEDR for character recognition.
Experimental results on the challenging digits and
English recognition datasets demonstrate the effectiveness of
stroke detector based methods for recognizing characters with
deformation, rotation or distortion. The results indicate that
TSM and MTSM could be effectively trained with a small
number of labeled samples along with the synthetic ones.
The results also show that MTSM, DMSDR and DSEDR are
even more effective when the training samples are limited.
Furthermore, the results reveal that, the proposed DSEDR
which does not need the part labels, could learn representative
position related codewords (strokes) and the localized coding
along with max-pooling makes it robust to represent characters
with certain deformation and rotation. In the future, we will
try to apply the stroke based methods on recognition of
other languages, such as Chinese which has more than
30,000 categories.
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