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Abstract

This paper reports a trial of handwritten text recog-
nition by a part-based method. The part-based method
recognizes individual characters by their parts without
considering their whole shape. This realizes great ro-
bustness to severe deformations. This robustness is also
effective for text recognition. Especially, for handwrit-
ten texts whose segmentation into individual characters
is very difficult by deep touching and heavy slant, the
part-based method still can recognize them because it
does not request segmentation results to provide their
whole shapes. Experimental results using digit se-
quences proved this robustness.

1. Introduction

Segmentation and recognition of handwritten texts
is a classic but still important task for practical hand-
written character recognition. For this task, two gen-
eral approaches have been studied: segmentation-then-
recognition and segmentation-by-recognition [1]. In the
first approach, the segmentation is limited to predefined
rules, thus when the query string image does not fit the
rule well, the segmentation will be failed. In the sec-
ond approach, also called analytical approach [2], the
recognition process is conducted for every possible seg-
mented candidate and then it finds the optimal choice.
Consequently, they also require a good segmentation
candidates for recognition.

Recently, many researchers employed the local fea-
ture detection method on character images. By us-
ing the local feature to describe the character, a flex-
ible matching and robustness against image degrada-
tion can be obtained. In [3] this kind of method was
used for word spotting and in [4] it was used for hand-
written character segmentation. In [5] this method was
first used on single handwritten digit recognition, which
was also called the part-based method. With a simple
framework, the part-based method for single handwrit-

ten digit recognition achieved a promising recognition
rate. However, above trials never tried the part-based
method on handwritten texts directly, in which the seg-
mentation and recognition of the handwritten words are
both conducted.

In this paper, we will propose a part-based method
for handwritten texts. Our method is supposed to have
the following merits.

• Compared with the segmentation-based-on-
recognition methods, the part-based method
does not require accurate segmentation, such
as [6]. This is the most important merit of the
proposed method, that is, its robustness to difficult
segmentation situations.

• The proposed method inherits the robustness of the
part-based method. Therefore it can deal with se-
vere character deformation, such as heavily touch-
ing, overlapping, slanted writing style, and rule
line distortion. All of those deformations are com-
mon to see in the handwritten texts and which are
difficult for the conventional method to deal with.

This paper will concentrate to show the above merits
of the proposed method. Although the recognition per-
formance of the part-based method is often not better
than the above conventional methods for well-written
inputs, we can find the advantage of the part-based
method on severe cases of the handwritten texts.

2. Methodology

The basic idea of the part-based recognition is to de-
compose a query handwritten text into parts, i.e., local
areas. Each part is represented as a feature vector, called
local feature. Then, each part is recognized as a class.
This step is later called feature-level recognition. Fi-
nally recognition results of all parts are aggregated to
provide the text recognition result.

In our method, the speeded-up robust features
(SURF) [7] is used to extract the local feature whereas
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Figure 1. The framework of the part-based
method on handwritten digit texts.

any local feature (e.g., SIFT [8]) can be a good alter-
native. SURF is a rotation-invariant and scale-invariant
feature by automatically changing the size and the ori-
entation of its local area where a feature vector is cal-
culated. This is very good property especially for hand-
written text recognition because the sizes and the rota-
tion angles (i.e., slant) of individual characters are dif-
ferent. In the following however, we do not make SURF
as a rotaton-invariant feature (by fixing the local area to
be upright) because perfect rotation-invariance makes
many confusion (e.g., “6” and “9”). A similar remedy
can be found in [9], where not only rotation but also
scale are fixed.

Figure 1 shows the overall framework of the part-
based method on handwritten digit texts. Hereafter,
we consider handwritten digit sequences as an exam-
ple of handwritten text. The proposed method is com-
prised of four steps: training, feature-level recognition,
smoothing, and segmentation search. Their details are
described as follows.

2.1 Training

In this step, a reference keypoint database is created
by extracting and storing SURF keypoints from training
samples. Each training sample is a digit image. For
each reference keypoint, its digit class label is attached.
The reference keypoints are used for recognizing query
digit string images as described later.

2.2 Feature-Level Recognition

In this step, first the SURF keypoints are extracted
from the query digit string image. Then for each query
keypoint, its first nearest neighbor (1NN) in the SURF
feature space is searched from the reference keypoint
database by Euclidean distance, as shown in Fig. 2.

During the 1NN search, the 1NN of each individual
class is also recorded for the latter smoothing step. Con-
sequently, each query keypoint has ten 1NN reference
keypoints of ten individual digit classes.

2.3 Smoothing

As shown in Fig. 3, before smoothing, the feature-
level recognition results of each individual digit were
mixed of many classes. It is difficult to find the correct
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Figure 2. Feature-level recognition.

segmentation by using those results directly. We have to
reveal the main class of a certain image area, and thus
a smoothing process is employed. The smoothing tries
to estimate a query keypoint by its nearest neighbors of
geometric distance on the image. After smoothing the
query keypoints from the same area of the image will
have the same class label.

As shown in Fig. 4, first, for each query keypoint, its
nearest neighbors of geometric distance on the image
are found. This query keypoint is also called the target
keypoint. Next, we simply add all the 1NN distances of
the keypoints (including the target keypoint) together
class by class. The class with the minimum total 1NN
distance is the estimation result. Then the feature-level
recognition result of the target keypoint is changed to
the new estimation result. This process is similar to the
part-based method of class distance in [9].

Figure 3 shows the smoothing result of a query im-
age. After the smoothing, we can have keypoints of
pure class in each digit. The following segmentation
search is based on the smoothing result and the key-
points of pure class will reduce the incorrect segmenta-
tions.

2.4 Segmentation Search for Sequence-Level
Recognition

A simple dynamic programming (DP)-based optimal
segmentation search is conducted on the horizontal di-
mension. After the segmentation search, we estimate
the class of each segmented area in the same way with
the smoothing. It should be emphasized again that this
is a very basic DP segmentation and in which only the
vertical lines are used as the boundaries. Even with such
a simple segmentation, our method is capable of rec-
ognizing severely connected, overlapping, and slanted
characters.
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Figure 3. The effect of the smoothing step.
The circle and the color shows the query
keypoint and its feature-level recognition
result. Only half of the query keypoints
were showed.
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Figure 4. The process of smoothing. The
red box on the query image represents
the target query keypoint and the blue
boxes represents the query keypoints
neighboring to it. Originally, the target
keypoint is recognized as “3” with the
1NN distance 0.1, and finally as “2” by
considering the neighboring keypoints.

3. Experiment and Analysis

In the experiment, we used the BR sub-dataset of the
CEDAR database. The segmented digit images in this
sub-dataset were used for training. For the following
analysis, we used the training dataset of 250 isolated
digit images/class. We then selected 100 digit string
images which are very severe for segmentation as our
test set. Since all the test strings contain 5 digits, we set
5 as the maximum segmentation number in the segmen-
tation search step. A character-wise accuracy is used as
the final recognition rate.

3.1 Robustness

Compared with the conventional methods, the part-
based method is robust on severely connected and de-

graded string images. Several processed images from
the experiment are showed in Fig. 5. In the result
(1), the second digit “0” missed the upper part and the
third digit “5” was broken into upper part and lower
part. Moreover, these two digits were totally connected.
However, the part-based method can still have the cor-
rect result by using the parts of the digit. The results
(2) and (3) were also recognized correctly, in which the
digits were connected and slanted. In the results (4) to
(6), the segmentation was not so promising, sometimes
the boundary even went through the middle of the digit,
but those images were all correctly recognized by the
part-based method. This proves that the accurate seg-
mentation is not necessary for the part-based method.

In the result (7), the image was distorted by a rule
line and some other noise. However, the part-based
method still made the correct segmentations and rec-
ognized four digits. In the result (8), there was se-
vere overlapping between the first digit “4” and second
digit “8”. For this situation, most of the conventional
methods may failed. However, our method was able to
make correct segmentation and recognition. The simi-
lar thing happened to the result (9), the overlapped “9”
and “4” were correctly segmented and recognized. The
last three images of Fig. 5 all had a misrecognized digit,
but this problem may be fixed by the following strategy
of improving the part-based method.

3.2 Influence of Training Dataset

In the part-based method, with different training
dataset, the feature-level recognition has different per-
formance, and with a higher feature-level recognition
rate the part-based method can achieve a higher final
recognition rate. Usually, the larger training dataset
used the higher recognition rate we can have. How-
ever, according to [10], for the part-based method, some
reference keypoint may have negative influence to the
recognition.

Table 1 shows the final recognition rate under the
training dataset of different size. Because of the neg-
ative reference keypoints, the recognition rate dropped
when the larger training dataset was used. If we re-
move those negative reference keypoints when using the
larger training dataset, we can improve the recognition
rate significantly and have less computation cost.

Again, it should be emphasized that the current part-
based text recognition is not expected to outperform
other conventional methods in the cases where individ-
ual characters/digits are well separated and well written.
This is because the part-based method disregards whole
character shape information, which is often important
for recognizing characters. However, as shown in the
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Figure 5. The processed images of the part-based method. The circle and the color shows
the query keypoint and its feature-level recognition result. Only half of the query keypoints
were showed. The first digit string below the image is the recognition result and second is the
ground truth.

Table 1. Recognition Rate (%) under
dataset different size (images/class).

Size by image number 100 250 500 1000
Recognition rate 64.8 69.0 67.4 64.8

above examples, the part-based method can be a good
remedy for the case where the conventional method fails
due to severe deformations. (In addition, recall the
recognition rates of Table 1 are derived for very diffi-
cult 100 test sets selected manually.)

4. Conclusion and Future Work

The experiment above proved the merits of the part-
based method on handwritten texts. Moreover, the part-
based method has a potential to be improved by using
better reference keypoint database. In the future, the
performance of the reference keypoint will be studied
and then some selection strategy may be employed for
better recognition rate. More feature extraction meth-
ods will be examined in order to design a better local
feature for the part-based method.
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