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Abstract

of classifiers, one is based on techniques such as HMM
approach which can make good use of the temporal information in a handwriting sample, and another is based
on traditional classifiers such as MQDF-based classifiers
[8] or multiple-prototype (MP) based classifiers (e.g., [4])
constructed with features (e.g., [1, 2]) insensitive to the
variability of writing orders of strokes. Apparently, it is
important to make the second type of classifiers robust
against affine distortions as well. It is the purpose of
this paper that we propose a new approach to address this
problem.

This paper presents a new approach to compensating affine distortion of an isolated online handwritten
Chinese character. The input sample is first analyzed
by using a character-structure-guided orientation estimation approach. If necessary, the orientation hypotheses
are refined based on confidence evaluation of two preclassifiers. Depending on the number of possible orientations, an HMM-based minimax classification approach is
then used to estimate an affine transformation against either the original sample or the compensated sample with
the previously identified orientation. The final compensated sample can be derived accordingly using the estimated affine transformation. The effectiveness of the proposed approach is demonstrated by recognition experiments using distorted samples generated artificially from
the popular Nakayosi and Kuchibue Japanese character
databases.

The rest of the paper is organized as follows. In Section 2, we present our new approach in detail. The experimental results are then reported in Section 3. Finally, we
conclude this paper in Section 4.

2

In this paper, we propose to compensate the affine distortion of an isolated online handwritten Chinese character using combined orientation estimation and HMMbased minimax classification. Each unknown and possibly distorted handwriting sample is first analyzed by using a character-structure-guided orientation estimation approach [5]. The orientation hypotheses are further refined
based on confidence evaluation of two pre-classifiers. Depending on the number of possible orientations, the set
of aforementioned CDHMMs and the minimax classification approach are then used to estimate an affine transformation against either the original sample or the compensated sample with the previously identified orientation.
With the estimated affine transformation, the final compensated sample can be derived accordingly. To speed
up the estimation process, the minimax classification is
conducted on a short-list of candidates hypothesized by
an efficient single-prototype (SP) based classifier which
is robust against rotation distortions with the help of orientation compensation [5]. The overall flow chart of our
proposed approach is illustrated in Fig. 1.

1 Introduction
After many years of research, it is still an unsolved
research problem to construct an online handwritten Chinese character recognition (HCCR) system which is robust against the possible global affine distortions of an
isolated input handwriting sample. In [7], we proposed
to use a minimax classification rule to recognize an unknown Chinese character with a possible affine distortion,
where each character is modeled by several continuousdensity hidden Markov models (CDHMMs) with “coordinates difference” extracted from each point of the fine
trajectory of the handwriting sample as a feature vector,
and a global affine transformation for all the mean vectors of each CDHMM is used to serve as a structural
distortion model. Although very promising results have
been achieved and demonstrated in [7], doing minimax
classification for large vocabulary HCCR is computationally too expensive. Furthermore, a state-of-the-art online HCCR system typically consists of at least two types
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Then, a 512-dimensional raw feature vector is extracted
from each compensated sample P̂i using the approach in
[2] which is an improved version of the approach proposed originally in [1]. A new 80-dimensional feature
vector is then obtained via LDA (Linear Discriminant
Analysis) transformation estimated from training samples.
A single-prototype (SP) based classifier, where the prototype for each character class is estimated as the sample
mean of the corresponding 80-dimensional training feature vectors, can be used to generate a short-list of top
N (N ≥ 3) candidates for each unknown and possibly
distorted sample P, where each compensated sample P̂i
contributes N
L candidates different from the ones provided
by other compensated samples.

2.2

Given a handwriting sample P, it can be represented as a sequence of observation feature vectors O =
(O1 , O2 , · · · , OT ), where Ot = (xt − xt−1 , yt − yt−1 )T r
is a simple 2-dimensional feature vector computed at point
Pt . We use Gaussian-mixture CDHMM to model the
whole character directly for simplicity. Let’s assume that
there are M character classes, Ci , i = 1, 2, ..., M . In order to deal with the variability of writing orders of strokes,
the set of non-distorted training data for each character
class Ci is clustered into several subsets. For the n-th subset with sufficient amount of training data, a left-to-right
(n)
CDHMM, λi , allowing state transitions of skipping one
state, is constructed by using maximum likelihood (ML)
(n)
training. The number of states, N S i , in each CDHMM
(n)
λi is determined as the number of line segments of a representative sample in the corresponding subset of training
data. Consequently, each character class, Ci , will have Ni
(n)
CDHMMs, {λi , n = 1, · · · , Ni }.
As described in [6, 7], a minimax classification rule
can be used to classify the unknown character sample O
as class Ci , if

Figure 1. Overall flow chart of the approach compensating affine distortions using combined orientation
estimation and HMM-based minimax classification.

In the following subsections, we elaborate on how to
generate the “Top-N” candidate list, how to use CDHMMbased minimax classification approach to estimate the
possible affine distortion, and how to estimate and refine
orientations from the input handwriting sample, respectively.

2.1 Generation of Top-N Candidate List

(n)

i = argmax{max[max log p(O, S|TŴ (λj ))]}
j

Given a possibly distorted handwritten character sample, after preprocessing, it can be represented as a time-ordered sequence of points, P =
(P0 , P1 , · · · , Pt , · · · , PT ), where Pt = (xt , yt ) is the
coordinates of the t-th point. Then, the orientation estimation approach to be discussed later is used to estimate L (L ≤ 3) possible character orientations denoted
as {φi }L
i=1 . For each hypothesis φi , the input sample P
is then compensated as P̂i by transforming each sample
point with the following transformation matrix:
·
W φi =

cos (−φi ) − sin (−φi )
sin (−φi ) cos (−φi )

Estimating Affine Distortion Using HMMBased Minimax Classification

n

S

(1)

(n)

where p(O, S|TŴ (λj )) is the joint likelihood of the observation O and the associated hidden state sequence S
(n)
given the transformed CDHMM TŴ (λj ) with the parameters Ŵ estimated as follows:
(n)

Ŵ = argmax p(O|TW (λj )) .
W

(2)

In Eq. (1), the operation “argmax” is conducted over the
j

“Top-N” candidate list identified as described in the previous subsection. A global transform TW (·) is used and
applied to each mean vector of a CDHMM as µ̂ = W · µ,
where W is a 2 × 2 matrix, and µ is a 2-dimensional

¸
.
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½

mean vector of a particular Gaussian component of the
CDHMM. W can be solved in Eq. (2) by using an iterative
EM algorithm [7], which is a special case of a technique
known as maximum likelihood linear regression (MLLR)
[9] in speech recognition field. The optimal affine transform Ŵ for the best recognition result can then be used
to compensate P by transforming the coordinates of each
point as follows:

CM2 =

1
0

|S̃31 − S̃21 | > δ2
otherwise

where δ1 , η1 , and δ2 are three control parameters tuned
empirically on development set to achieve the best performance (δ1 = 1.0, η1 = 0.5, and δ2 = 1.5 in our experiments). The orientation hypotheses can then be refined by
using the following rules:

(x̂t , ŷt )T r = Ŵ −1 · (xt , yt )T r .

• If CM1 = 1, only φ1 is retained;

The compensated sample can be fed into a traditional MPbased or MQDF-based classifier for recognition.

• If CM1 = 0 and CM2 = 1, φ1 and φ2 are retained;

2.3 Estimating and Refining Orientations

• Otherwise, all three orientations will be kept for further processing.

In [5], we have proposed a character-structure-guided
approach (referred to as “Approach 1” hereinafter) to estimate a maximum of 3 possible character orientations
from a distorted handwriting sample. In the following, we
present two approaches to further reducing the number of
hypothesized orientations based on confidence evaluation
of two different classifiers.

The above approach to refining the set of orientations
hypothesized by “Approach 1” will be referred to as “Approach 2” hereinafter. It is noted that if any change is
made to the orientation hypotheses by “Approach 2”, the
set of “Top N” candidate list will also be adjusted accordingly.

2.3.1 Reducing Hypothesized Orientations via Confidence Evaluation of an SP-based Classifier

2.3.2

For a given distorted sample P, “Approach 1” is used
first to estimate a set of possible orientations {φi }. Then,
the SP-based classifier is used, as described in section 2.1,
to recognize the compensated samples {P̂i } with the hypothesized orientations and generate the “Top N” candidate list. Let S̃ij denote the “ j-th best candidate” recognition score of the i-th compensated sample, where the
Euclidean distance between the input feature vector and
the corresponding “prototype” is used as the recognition
score. For the convenience of discussions, φi ’s have been
sorted in ascending order of S̃i1 ’s.
If “Approach 1” generates two orientation hypotheses,
the following confidence measure (CM) is defined:

 1 |S̃21 − S̃11 | > δ or
CM =
|(S̃12 − S̃11 ) − (S̃22 − S̃21 )| > η

0 otherwise

Reducing Hypothesized Orientations via Confidence Evaluation of an HMM-based Minimax
Classifier

If there still exist multiple orientation hypotheses {φi }
even after using “Approach 2”, they may be further refined
by evaluating a confidence measure based on the HMMbased minimax classifier described in section 2.2. More
specifically, for each compensated sample P̂i with the hypothesized orientation φi , a minimax classification can be
conducted. Let S̆i1 denote the “best candidate” recognition score of the i-th compensated sample as defined in
Eq. (1). Again, for the convenience of discussions, φi ’s
have been sorted in descending order of S̆i1 ’s. A new confidence measure is defined as follows:
½
1
|S̆21 − S̆11 | > τ
CM =
0
otherwise

where δ and η are two control parameters tuned empirically on development set to achieve the best performance
(δ = 1.8 and η = 1.2 in our experiments). The orientation hypotheses can then be refined by using the following
rule:

where τ is a control parameter tuned empirically on development set and set as 150 in our experiments. The orientation hypotheses can then be refined by using the following
rule:

• If CM = 1, only φ1 is retained; Otherwise, no
change is made to the orientation hypotheses.

• If CM = 1, only φ1 is retained; Otherwise, no
change is made to the orientation hypotheses.

If “Approach 1” generates three orientation hypotheses, the following two confidence measures are defined:

 1 |S̃21 − S̃11 | > δ1 or
CM1 =
|(S̃12 − S̃11 ) − (S̃22 − S̃21 )| > η1

0 otherwise

The above approach to refining the set of orientations
after using “Approach 2” will be referred to as “Approach
3” hereinafter. Again, if any change is made to the orientation hypotheses by “Approach 3”, the set of “Top N”
candidate list will also be adjusted accordingly.
1228

Table 1. Frequency distribution of estimation errors
∆φmin falling in each bin on 7 testing sets with various distortion degrees when using “Approach 2” for
character orientation estimation.
Bin1
Bin2
Bin3
Bin4
Bin5
Bin6
Bin7
#

T−30
0.31
0.35
0.16
0.10
0.05
0.02
0.01
1.07

T−20
0.31
0.34
0.16
0.10
0.05
0.02
0.02
1.07

T−10
0.31
0.35
0.15
0.11
0.05
0.01
0.02
1.06

T0
0.31
0.33
0.21
0.09
0.05
0.01
0.0
1.05

T10
0.32
0.33
0.18
0.09
0.05
0.01
0.02
1.05

T20
0.32
0.33
0.18
0.09
0.05
0.02
0.01
1.05

Table 2. Frequency distribution of estimation errors
∆φmin falling in each bin on 7 testing sets with various distortion degrees when using “Approach 3” for
character orientation estimation.

T30
0.33
0.33
0.18
0.12
0.03
0.01
0.00
1.05

Bin1
Bin2
Bin3
Bin4
Bin5
Bin6
Bin7
#

3 Experiments and Results

3.2

T−30
0.31
0.35
0.16
0.09
0.04
0.02
0.03
1.03

T−20
0.31
0.34
0.16
0.10
0.04
0.02
0.03
1.03

T−10
0.31
0.35
0.15
0.11
0.04
0.01
0.03
1.03

T0
0.31
0.32
0.20
0.08
0.04
0.01
0.04
1.02

T10
0.32
0.32
0.18
0.09
0.05
0.01
0.03
1.02

T20
0.32
0.33
0.18
0.08
0.05
0.02
0.02
1.02

T30
0.32
0.33
0.18
0.11
0.03
0.01
0.02
1.02

Experimental Results

Let φart denote the artificial rotation degree, and φest
the estimated one. Two frequency distributions of estimation errors, ∆φmin = min |φart − φest |, by using “Approach 2” and “Approach 3” to estimate φest , are tabulated
in Tables 1 and 2, respectively, where the bin starts from
00 with a bin size of 50 . In the last row of these Tables, the
average number of orientation hypotheses is also given for
each testing set. Compared to the average number of 1.89
orientations hypothesized by “Approach 1” as reported in
[5], a much smaller number of 1.058 and 1.02 is achieved
by “Approach 2” and “Approach 3”, respectively. By comparing the results in Table 1 with that in [5], “Approach 2”
achieves similar estimation errors as “Approach 1” with
much smaller number of orientation hypotheses. However, an increased estimation error ∆φmin is observed for
“Approach 3”.
Table 3 summarizes the “Top-N” character recognition accuracies (in %) of the SP-based classifier described
in section 2.1 with orientation compensation using “Approach 1”, “Approach 2” and “Approach 3”, respectively.
It is observed that similar “Top-N” character recognition
accuracies are achieved by “Approach 1” and “Approach
2”, while worse performance is achieved by “Approach
3”.
Table 4 compares the “Top-1” character recognition
accuracies (in %) of the MP-based classifier without distortion compensation (“Baseline”) with that of using the
proposed affine distortion compensation based on “Approach 2” and “Approach 3” respectively. In minimax
classification, a short list of top 6 candidates is used, and 3
EM iterations are performed to estimate each affine transform. It is observed that the performance of the baseline system degrades severely with an increased degree
of distortions while the proposed approaches with affine
distortion compensation is robust against a wide range of
distortions. “Approach 3” performs slightly better than
“Approach 2” for severely distorted samples (e.g. T±20 ,
T±30 ). Unfortunately, both “Approach 2” and “Approach
3” degrade the performance for non-distorted samples

3.1 Experimental Setup
In order to demonstrate the effectiveness of our newly
proposed approach, a series of comparative experiments
have been designed and conducted on the task of the
recognition of isolated online handwritten characters with
a vocabulary of 2965 level-1 Kanji characters in JIS standard. The popular Nakayosi and Kuchibue Japanese character databases [10] are used here. The Nakayosi database
consists of about 1.7 million character samples from 163
writers, and the Kuchibue database contains about 1.4 million character samples from 120 writers. We select randomly about 92% samples from the Nakayosi database
to form the training data set, 75% samples from the
Kuchibue database to form the testing data set T0 , while
the remaining samples from both databases are used to
form a development set for tuning control parameters. By
this partition, there are 704,650 samples in the training
set, 229,398 in the development set, and 506,848 in the
testing set, respectively. To simulate various distortions,
additional 6 testing sets are generated artificially by rotating each testing sample in T0 by ±100 , ±200 , ±300 ,
respectively, which are denoted as T10 , T−10 , T20 , T−20 ,
T30 , T−30 , respectively.
Although other options exist, for simplicity, we use
an MP-based classifier to evaluate the effectiveness of
the proposed affine distortion compensation approach.
Again, a 512-dimensional raw feature vector [2] is extracted from each compensated sample. Then a new 192dimensional feature vector is obtained via LDA transformation estimated from training samples of 2965 Kanji
characters. A two-prototype-based classifier is trained
from 192-dimensional training feature vectors by using
a new minimum classification error (MCE) training approach (i.e., MCE3) we proposed recently in [4]. As for
CDHMMs, the number of Gaussians per state is 4. Readers are referred to [3, 7] for other details.
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Table 3. Comparison of “Top-N” character recognition accuracies (in %) on seven testing sets achieved by an efficient SP-based pre-classifier with orientation compensation using “Approach 1”, “Approach 2”, and “Approach 3”
respectively.

Top-N
Accuracy
Approach 1 Top-6
Top-12
Approach 2 Top-6
Top-12
Approach 3 Top-6
Top-12

T−30
95.49
96.91
95.83
96.91
93.90
94.92

T−20
95.54
96.97
95.81
96.93
93.93
95.05

T−10
96.04
97.35
95.97
97.25
94.78
95.75

Testing Sets
T0
T10
96.20 95.99
97.44 97.29
96.17 95.99
97.31 97.10
95.06 94.90
95.93 95.83

T20
96.17
97.45
96.10
97.25
95.27
96.12

T30
96.92
98.01
96.80
97.83
95.92
96.67

Ave.
96.05
97.35
96.10
97.23
94.83
95.75

Table 4. Comparison of “Top-1” character recognition accuracies (in %) on 7 different testing sets by an MP-based
classifier trained with MCE3 approach in [4]: without distortion compensation (Baseline) vs. with compensation using
“Approach 2” and “Approach 3” respectively.

Top-1
Accuracy
Baseline
With
Approach 2
Compensation Approach 3

T−30
10.36
94.67
95.80

T−20
48.02
95.77
96.02

T−10
92.66
96.39
96.31

from testing set T0 .

Testing Sets
T0
T10
98.36 94.39
96.47 96.24
96.34 96.14

T20
55.99
96.06
96.08

T30
10.97
95.79
96.20

Ave.
58.68
95.91
96.13
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