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Abstract

 
Document images produced by cameras often have 

varying degrees of brightness. To resolve the problem, 
we propose a method that divides an image into sever-
al regions and decides what binarization action to take 
on each region based on the rules that are derived 
from a learning process. Since each region can allow 
more than one action to take, we are dealing with a 
multi-label and multi-class classification problem that 
can be solved effectively by support vector machines. 
Tests on images produced under normal and inade-
quate illumination conditions show that our method 
yields better OCR performance than three global bina-
rization methods and four locally adaptive binariza-
tion methods. 
 
1. Introduction 
 

Binarizing images of documents captured with 
camera presents a new challenge, because such images 
are produced under illumination conditions that are 
inferior to those found in a scanning environment. As a 
result, there are varying degrees of brightness over the 
images. If we simply apply a global threshold, as we 
do with scanned images, the binarized results could be 
too bright in one area and too dark in another area. A 
more effective way of binarizing such images is there-
fore desired. 

Various binarization methods have been proposed 
before. Following Sezgin and Sankur [1], we classify 
them into six categories: (i) histogram-based methods 
(Sezan [2], Rosenfeld and Torre[3], Pavlidis [4]); (ii) 
clustering-based methods (Otsu [5], Kittler and Illing-
worth [6]); (iii) entropy-based methods (Kapur et al. 
[7]); (iv) object attribute-based methods (Hertz and 
Schafer [8], Huang and Wang [9]); (v) spatial binariza-
tion methods (Abutableb [10]); and (vi) locally adap-
tive methods (Bernsen [11], Niblack [12], Taxt et al. 
[13], Eikvil et al. [14], Mardia and Hainsworth [15], 

Chow and Kaneko [16], Nakagawa and Rosenfeld [17], 
White and Rohrer [18], Yasuda [19], Sauvola and Pie-
tikäinen [20], Sauvola et al. [21], Kim [22], Trier and 
Taxt [23], Parker [24], Yanowitz and Bruckstein [25], 
Kamel and Zhao [26], Yang and Yan [27], Ye et al. 
[28]). 

If a binarization method computes a threshold for 
an entire image, it is called a global method. Trier and 
Taxt [29] evaluated four such methods ([5-7] and [10]) 
and concluded that Otsu’s approach [5] outperforms 
the other three. On the other hand, if a method com-
putes a threshold for the neighborhood around each 
pixel or for each designated block in the image, it is 
called a local method. Trier and Jain [30] evaluated 
these methods ([11-16], [18], and [23-25]) and con-
cluded that those proposed by Bernsen [11], Niblack 
[12] and Eikvil et al. [14] are the top-ranked local thre-
shold methods in terms of the error rate and rejection 
rate for character recognition, and also for the visual 
criterion. More complete surveys of image threshold-
ing techniques can be found in [1] and [29-35]. 

As noted earlier, using cameras to produce docu-
ment images creates a new challenge for document 
image binarization. To address the problem, Park et al. 
[36] proposed block adaptive binarization of business 
card images produced by a PDA camera. This method 
is very similar to that of Eikvil et al. [14], which parti-
tions an input image into blocks. For a given block, b, 
a larger concentric block, denoted as L(b), is found and 
Otsu’s method is applied to it. If the difference be-
tween the means of two classes, determined by Otsu’s 
method, exceeds a certain threshold, block b is classi-
fied as a content block; otherwise, it is classified as a 
background block. Content blocks are binarized ac-
cording to Otsu’s thresholds, while background blocks 
are set directly to white or black based on the average 
of gray values found in them. The method in [36] dif-
fers from that of [14] in the way content blocks are 
differentiated from background blocks, and also in the 
way the sizes of b and L(b) are set. 
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Our method also divides a document image into 
smaller areas, but differs from the methods proposed in 
[14] and [36] in a number of respects. For example, 
instead of dividing an image into fixed-size blocks, we 
divide it into k×k regions, using the value of k obtained 
in experiments. Dividing each image into the same 
number of regions ensures that the binarization effect 
is relatively invariant with respect to the resolution of 
the camera. Within each region r, one of the following 
four actions is applied: set the whole of r to black, set 
the whole of r to white, use Otsu’s method to compute 
the threshold for r, or use the smallest Otsu threshold 
in the neighboring regions as the threshold for r. A 
learning process is used to establish the rules for decid-
ing which of the above actions should be adopted for 
each region. The rules are expressed as decision func-
tions, which take a number of features extracted from r 
as input. The experiment results demonstrate that the 
above factors have a significant impact on the success-
ful performance of our method. 

The crucial step in our approach is establishing 
rules to decide which action should be applied to each 
sub-divided region. To do this, we utilize support vec-
tor machine (SVM) method [37-38]. Two innovations 
of SVM are responsible for its success: (1) the ability 
to find a hyperplane that divides samples into two 
groups with the widest margin between them; and (2) 
the extension of the concept in (1) to a higher-
dimensional setting using a kernel function to 
represent a similarity measure on that setting. Both 
innovations can be formulated in a quadratic pro-
gramming framework whose optimal solution is ob-
tained in a reasonable amount of time. This makes 
SVM a practical and effective solution for many pat-
tern classification problems. In this paper, we divide 
training images into a number of regions and label the 
appropriate actions for them, after which we com-
mence the SVM learning process and construct the 
decision functions. Since the total number of regions is 
relatively small, compared to the alternative approach 
in which pixels are labeled, it is relatively easy for 
humans to label the regions using a graphic-user inter-
face. The proposed binarization method thus consti-
tutes an interesting application of the SVM approach in 
the area of image analysis. 

The remainder of the paper is organized as follows. 
In Section 2, the proposed binarization method is in-
troduced. In Section 3, we discuss the learning algo-
rithm. Section 4 details the experiment results. Then, in 
Section 5, we present our conclusions. 

 
2. The Proposed Binarization Method 
 

As our approach involves the computation of thre-
sholds using Otsu’s method, we begin by giving a brief 
summary of that method. Given a gray-scale image, 
Otsu’s method sets a threshold as the gray value v that 
attains the maximum variance between the class of 
pixels whose gray values are below v and the class of 
pixels whose gray values are above v.  

When the background and foreground intensities 
are well separated, Otsu’s method yields good bina-
rized results. However, if the image intensities are in-
separable, the resulting threshold value is unsuitable. 
Figure 1a shows a document image taken by a camera. 
From the histogram of the image, shown in Figure 1b, 
we observe that the gray scales associated with the 
foreground pixels are mixed with those associated with 
the background pixels; thus, it is difficult to determine 
a good threshold value for binarization. In fact, when 
applying Otsu’s method, we find that the threshold 
value is 185, causing part of the image to become 
blurred. Clearly a different binarization solution is re-
quired. 

 
(a) 

    

 (b) (c) 

Figure 1. (a) A document image obtained by a 
camera under the inadequate illumination condi-
tion. (b) The histogram of (a). (c) The document 
image binarized using Otsu’s method. 

An immediate solution is to divide an image into 
several regions and apply a thresholding method to 
each region separately. However, the image should not 
be divided according to the layout structure of the doc-
ument, since the whole image (shown in Figure 1a) 
falls within the same text region of the layout structure, 
while the brightness varies extensively over the region. 
Instead, we divide the image into equal-sized regions. 
For example, we divide the image in Figure 2a into 
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3×3 regions and apply Otsu’s method to obtain a local 
threshold (LT) for each region. The Otsu thresholds 
usually vary according to the regions. For example, in 
Figure 2b, the thresholds are 204 over region A and 
156 over region B. The resulting binarized image, 
shown in Figure 2b, is more satisfactory than the result 
shown in Figure 1c.  

  
 (a) (b) 

Figure 2. (a) A raw image partitioned into 3×3 
regions. (b) The binarized image using Otsu’s 
me

f C to 0, since its � value is 
15

tead, 255 could be a better LT, 
as 

LT. Here, the minimum value is obtained from region 

thod to find the local threshold for each region. 

Even so, using Otsu threshold as a local threshold 
can yield poor results for regions containing back-
ground pixels only. For example, region C in Figure 3a 
would be improperly binarized, as shown in Figure 3b, 
if the Otsu threshold (= 162) were employed as the LT. 
In fact, setting the LT to 0 would yield a satisfactory 
result, as shown in Figure 3c. A reasonable condition 
for setting the LT to 0 is to take reference of � and �, 
which are the mean and variance of C’s gray values 
respectively. When the � value is high, there is good 
mixture of black and white pixels, so we can use the 
Otsu threshold as the LT. On the other hand, when the 
� value is low, we can set the LT to 0, provided the � 
value is high. Figure 3 is an example of the latter case, 
where the � value of region C (= 9.3) is low. Thus, it is 
reasonable to set the LT o

8 – a rather high value. 
If the � and � values of a region are both low, it is 

reasonable to set the LT to 255. Figure 4a provides 
such an example, in which the � values of regions D, E, 
and F (= 7.1, 5.1, 4.6, respectively) are low and their � 
values (= 34, 32, 29, respectively) are also low, since 
these regions are parts of a figure. Using Otsu’s thre-
shold as the LT would turn some of the pixels white, as 
shown in Figure 4b. Ins

shown in Figure 4c. 
In Figure 5a, region G is filled largely with white 

pixels, and some neighboring regions are also domi-
nated by white pixels. In this case, using Otsu’s thre-
shold (= 161) as the LT would turn many white pixels 
black, as shown in Figure 5b. Instead, the lowest 
neighboring Otsu threshold (= 106) serves as a better 

H, which has a good mixture of black and white pixels, 
as shown in Figure 5c.  

 
(a) 

   
 (b) (c) 

Figure 3. (a) An original gray-scale image. (b) 
The image binarized using Otsu’s method to find 
a local threshold for each region. (c) The local 
threshold is set to 0 for region C. 

 

 
(a) 

     

 (b) (c) 

Figure 4. (a) An original gray-scale image. (b) 
The image binarized using Otsu’s method to find 
a local threshold for each region. (c) The local 
thresholds for regions D, E, and F are set to 255. 
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 (a) 

     
 (b) (c) 

Figure 5. (a) An original gray-scale image. (b) 
The image binarized using Otsu’s method to find 
a local threshold for each region. (c) The local 
threshold is set to the minimum of the neighbor-
ing thresholds for region G. 

The above examples show that there are four possi-
ble actions we can take for each region r, namely: set 
the LT of r to 0, 255, TOtsu(r), or Tmin(r), where TOtsu(r) 
is the Otsu threshold for r, and 

min Otsu Otsu
( )

( ) min ( ), min ( )
s r

T r T r T s
��

�� �
�

�
	



, 

where �(r) is the set of neighboring regions of r. The 
following features help determine which action would 
be appropriate for each region: , �(r), 
and �(r); the last two terms are, respectively, the mean 
and the standard deviation of the distribution of gray-
values in r. 

Otsu min( ) ( )T r T r�

In summary, we extract the following features from 
each region r: 

Feature 1: TOtsu(r)-Tmin(r); 
Feature 2: �(r); 
Feature 3: �(r). 
From these features, we must decide which of the 

following actions would be the most appropriate for 
binarizing region r: 

Action 1: set LT = 0; 
Action 2: set LT = 255; 
Action 3: set LT = TOtsu(r); 
Action 4: set LT = Tmin(r). 
 

3. Constructing Adaptive Binarization 
Rules Using Support Vector Machines 
 

Having specified the three features, we use the 
SVM method to determine which binarization action to 
take for each region. SVM provides a learning algo-
rithm that constructs decision functions from training 
data. SVM is especially effective for binary classifica-
tion problems in which an object is assigned one of 
two labels. In such cases, a decision function assumes 
only two values, which are the same as the two labels 
in question. It is thus called a binary decision function. 
Assuming that the two labels are –1 and 1, a binary 
decision function f works in such a way that if f(x) 0, 
x is assigned label 1; otherwise, it is assigned label –1. 

To apply SVM to the binarization problem, we must 
first map the problem to the SVM setting. We do this 
by dividing each image into k×k regions, which consti-
tute our training samples. How to find an appropriate 
value of k is considered in Section 4.2. From each re-
gion r, we extract the three features, TOtsu(r)-Tmin(r), 
�(r), and �(r), to form a 3-dimensional feature vector; 
thus, the dimension of our Euclidean space is fixed at 3. 
The four actions are then taken as four labels so that if 
an action y is deemed appropriate for r, the latter is 
assigned the label y. 

Two other problems must also be addressed. First, 
for certain regions, there may be more than one appro-
priate binarization action. We can observe this problem 
by examining the image in Figure 6a, which is divided 
into 9 regions from A to I. Among the regions, A and 
C carry a single label, Tmin, D to I carry labels TOtsu and 
Tmin, and B carries 0 and Tmin. To demonstrate that 
multiple labels are reasonable for some of these re-
gions, in Figure 6b, we show the binarized result using 
a common threshold Tmin as the LT of each region. 
Meanwhile, Figure 6c shows the binarized result using 
the alternative threshold to Tmin as the LT of those re-
gions for which two options are allowed. Both bina-
rized results are acceptable. Thus, when preparing 
training data for the learning process, we allow mul-
tiple labels to associate with the training samples. We 
find that, among the 1,098 regions obtained in our data 
set, 352 regions carry a single label and the remaining 
746 regions carry multiple labels. A similar situation 
can be found in text categorization (Joachims [39], 
Schapire and Singer [40]) or scene classification 
(Moutell [41]). For example, a news article can belong 
to two categories, such as earn and trade in the Ruth-
ers-21578 dataset (see [39-40]). 
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 (a) 

       

 (b) (c) 

Figure 6. (a) An original gray-scale image. (b) 
The image binarized using Tmin as the LT of all 
regions. (c) The image binarized using the alter-
native to Tmin as the LT of those regions for which 
two options are allowed. 

In addition to the multi-label problem, we also need 
to deal with the multi-class problem. That is, there are 
four labels or class types in our application, but SVM 
can only deal with two class types at a time. To resolve 
these two problems we follow the solution proposed in 
[39] by using SVM to construct as many decision 
functions as there are labels (see also Bottou [42]). 
Therefore, assuming that the four labels in our applica-
tion are {1, 2, 3, 4}, we use SVM to construct four 
binary decision functions {f1, f2, f3, f4}. 

To construct fi for i = 1, 2, 3, 4 in the training phase, 
we divide the training samples into two groups. The 
first group, called the positive group, consists of sam-
ples with label i, and the second group, called the 
negative group, consists of samples without label i. 
Thus, if a sample carries labels j and k, it will be as-
signed to the positive group associated with fj and the 
positive group with fk, but not to the negative group 
associated with fj or fk. In the testing phase, when a test 
sample x is given, we compute fi(x) for i = 1, 2, 3, 4 
and assign label l to x when 

1,2,3,4
arg max ( )i

i
l f

�
� x . 

 
4. Experiment Results 
 

In this section, we discuss how to prepare training 
data, how to divide document images, and how to use 
SVMs for deriving decision functions. Furthermore, 
we compare the results obtained by our method with 
three global methods and four locally adaptive me-

thods. We use OCR performance as the performance 
criterion in this paper. For the comparisons using im-
age quality as the criterion, we refer the readers to 
Chou et al. [43]. 

 
4.1. Data Preparation 

 
We collected 122 hardcopy documents from news-

papers and magazines, and used an ORITE I-CAM 
1300 one-chip color camera, with a resolution of 
1,300,000 pixels, to photograph them. We then stored 
the photographs as gray-scale images consisting of 
320×240 pixels. The images were produced under two 
conditions: the normal illumination condition and the 
inadequate illumination condition. In the former, the 
room light was on and there were no obstructions be-
tween the light and the documents, resulting in more or 
less uniform brightness across the images. In the latter, 
although the room light was on, humans or objects cast 
shadows over the documents, so that the shadowy area 
appears darker than the rest of the image. In total, 60 
images were produced under normal illumination and 
62 were produced under inadequate illumination. 
We use three measures to evaluate a given binarization 
method’s performance on the 122 camera images. Let 
A = the number of characters in the 122 camera images 
(there are actually 3,559 characters); B = the number of 
characters detected by ABBYY, an OCR software sys-
tem; and C = the number of characters correctly recog-
nized by ABBYY. The three measures, expressed in 
percentages, are (i) recall rate = C/A; (ii) precision rate 
= C/B; and (iii) F1 score, derived by the following 
formula [44-45] 

2

2

( 1) recall rate precision rate
(recall rate precision rate) 

F�
�
�

 � ��
� 

, 

where � is set to 1. 
 
4.2. Determining the Number of Regions 
 

We divide each image into k×k regions and apply 
our binarization method to each region. We then apply 
a simple binarization scheme to evaluate the binarized 
results for each k. This binarization scheme is used to 
determine the best value of k, and is not taken as our 
final solution. It is given as follows. 

For a given region r, if �(r) is larger than a specified 
threshold �0 (we set �0 =15), we set LT = TOtsu(r); oth-
erwise, we classify the entire r as white if �(r) > �0, or 
black if �(r)  �0, where �0 is 128 (= 256/2). Having 
binarized all 122 images by means of this simple 
scheme, we apply ABBYY to the binarized images. 
We use the recall rate, precision rate, and F1 score to 
evaluate the OCR results. All three measures suggest 
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that dividing an image into 3×3 regions produces the 
best results. 

Having determined that k = 3 is the most appropri-
ate value, we fetch the regions derived by the 3×3 divi-
sion of all 122 images. There are 1,098 such regions, 
each comprised of 107×80 pixels. These regions con-
stitute our training samples. 

 
4.3. Constructing Decision Functions with 
SVM

 
As stated in Section 3, SVM is employed to con-

struct the decision functions. In addition, we use the 
LIBSVM toolkit [46] to conduct SVM training. We 
need to perform four SVM training operations, each of 
which divides training samples into two groups: one 
group consists of all samples with label i, and the other 
consists of all samples without label i for i = 1, 2, 3, 4. 
We employ the soft-margin version of SVM (see [39] 
and [48]) and the RBF kernel function. The value 
range of the penalty factor C is set to {10a: a = -1, 
0, …, 5}. The RBF function involves a parameter �, 
whose value range is set to {10b: b = -8, -7, …, 0}. To 
find the best values for (C, �), we perform a cross vali-
dation operation whereby all samples employed in the 
experiment are partitioned into five folds. We conduct 
five tasks, using four folds in each task as training data 
to construct SVM classifiers and the remaining fold as 
validation data. We then select the values of (C, �) that 
maximize the average accuracy rates in the five tasks. 
By so doing, we find the optimal (C, �) to be (10, 0.1), 
resulting in a 98.57% average validation accuracy rate. 

 
4.4. Comparisons with Other Binarization Me-
thods

 
In order to make comparisons, we implemented 

seven other binarization methods. Three of them are 
global threshold methods proposed by Rosenfeld and 

Torre [3], Pavlidis [4], and Otsu [5] respectively; the 
other four are locally adaptive methods proposed by 
Bernsen [11], Niblack [12], Taxt et al. [13], and Eikvil 
et al. [14] respectively. For the parameters involved in 
the three locally adaptive methods, we adopted the 
values suggested in [30]. We would have liked to im-
plement the method proposed by Park et al. [36], as it 
had been explicitly applied to camera images. Howev-
er, we were not given the values of parameters for this 
method. We therefore implemented Eikvil et al.’s me-
thod instead, because there is a high degree of similari-
ty between the two methods. 

To determine the impact of the different binariza-
tion methods on character recognition, we fed all the 
binarized results into the ABBYY software. Table 1 
shows the OCR performance on (i) images produced 
under a normal illumination condition, (ii) images pro-
duced under the inadequate illumination condition, and 
(iii) all images. The boldface figures in the table indi-
cate the best performances. 

Based on the above results, we conclude that our 
method outperforms the other methods by substantial 
margins. It also produces satisfactory binarized results 
for camera images taken under both normal and inade-
quate illumination conditions. 

 
5. Conclusion 

 
Document images with non-uniform brightness re-

quire binarization methods with delicate local thre-
sholds that must be determined according to various 
conditions. For this purpose, we propose a region-
based binarization method. We use the SVM method 
to construct decision functions from the information 
provided by training samples and use these rules to 
decide what binarization action to take for each region. 
The experiments produce favorable results, judged in 
terms of the OCR performance. 

Table 1. OCR performance of the eight binarization methods.  

Binarization Method Ours Otsu’s Bernsen’s Niblack’s Eikvil
et al.’s

Rosenfeld 
and Torre’s Pavlidis’s Taxt 

et al.’s
Images Produced under the 
Normal Illumination Condi-
tion 

Recall  97.40 94.00 87.50 77.21 91.54 82.13 82.58 88.45
Precision 97.08 94.60 37.14 42.04 89.23 90.41 84.17 51.56

F1 97.24 94.50 53.12 54.44 90.37 86.07 83.37 65.15
Images Produced under the 
Inadequate Illumination 
Condition 

Recall  96.84 84.61 85.31 85.72 89.06 57.62 78.03 89.62
Precision 96.68 93.10 44.61 42.53 78.95 92.15 79.47 60.67

F1 96.76 88.64 58.58 56.85 83.70 70.90  78.74  72.36 

All Images 
Recall  97.12 89.31 86.41 81.47 90.30 69.88  80.31  89.04 

Precision 96.88 93.85 41.38 42.29 84.09 91.28  81.82  56.12 
F1 97.00 91.52 55.96 55.67 87.04 79.16  81.06  68.84 
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Abstract

In this paper, a method for extracting a character image
from a scene image using color information and multiscale
analysis is proposed. In scene images, it is difficult to sepa-
rate a character image from the background accurately be-
cause of noises and the change in the lighting condition.
In the proposed method, first the number of colors is re-
duced by a color clustering technique and several binary
images are generated from the clustering results. Mean-
while, a character region is estimated by using the edges
detected from the image. In the estimated region, a global
structure of the character is obtained. Finally, the binary
image that represents the character is obtained by unifying
the information of the global structure and the binary im-
ages. The effect of the proposed method is evaluated with
the experimental results using the ICDAR2003 datasets.

1. Introduction

Detecting and recognizing characters in a scene image
accurately are still a challenging problem in the field of
document analysis [6, 8]. A lot of techniques for detect-
ing characters or strings in a scene image have been pro-
posed so far [5, 7, 11, 12]. However, even if characters are
detected, recognizing them is another difficult task. In this
paper, we propose a method for extracting a clean character
image from a scene image in order to recognize the charac-
ter accurately. If a document image is obtained by an op-
tical image scanner, it is not difficult to separate characters
and the background. However, in the case of scene images,
lighting condition, blurring and existence of many objects
similar to characters make it difficult to separate characters
and the background. The proposed method utilizes color
information and multiscale images of the input image.

Figure 1 displays the outline of the proposed method. A
scene image including a character is given. Since a char-
acter in scene images usually consists of only one color, it
is useful to separate a character color and the colors of the

background for extracting a character image. For this pur-
pose, a color clustering technique [4] is applied and the col-
ors of all the pixels are converted to one of the representative
colors. Next, multiple binary images are generated by us-
ing the color information. Meanwhile, a character region is
estimated with the edges detected in the image. In the esti-
mated region, a global structure of the character is extracted
by using the multiscale images [10]. Finally, the binary im-
age that represents the character is obtained by comparing
the global structure and the binary images. The effect of the
proposed method is evaluated by the experimental results
using the ICDAR2003 datasets.

2. Proposed method

2.1. Generating binary images

In order to eliminate noises and make the same ob-
jects (e.g., characters, background, shadows, etc) have the
same RGB values, a smoothing method with a median
filter, which is called the Weighted Median Filter based
Anisotropic Diffusion [2], or WMFAD, is applied. The
WMFAD can smooth an image without discarding edges.
Then a color clustering technique [4] is applied to the im-
age. The colors of all the pixels are projected into the
L*a*b* color space in order to reduce the effect caused by
the illumination, and a cube including all the pixels is de-
termined by measuring the maximum and minimum values
of L*, a* and b*. Then the cube is divided into 8000 sub-
cubes by dividing each edge into 20 segments. The number
of subcubes was determined experimentally.

Next, the number of pixels of each subcube is counted.
If the number of pixels in a subcube is larger than the ones
of its surrounding subcubes and it is larger than a threshold,
a representative color is determined by calculating the grav-
ity of the pixels in the subcube. Here, the threshold was
determined experimentally. Considering all the subcubes
that satisfy this condition, we can get a set of representative
colors. Then, the color of every pixel is converted to the
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Input image

Color clustering

Generating binary images

Estimation of
character region

Global structure extraction

Comparison of the binary images
and the global structure

Output

Figure 1. Outline of the proposed method.

L*

b*

a*

Figure 2. Color clustering.

nearest representative color. Figure 2 displays an example.
The circles show the colors of the original image, and the
cubes are the representative colors. Finally, the L*a*b* val-
ues of the representative colors are converted to the RGB
values.

Every color in the input image is converted to one of
the representative colors by the color clustering. By this
procedure, the number of colors is decreased. In some
cases, however, two colors have almost the same RGB val-
ues caused by the differences between RGB and L*a*b*
spaces. Therefore, the number of colors in the RGB space
is reduced by converting two similar representative colors
into one of them. The condition of selecting similar colors
was determined experimentally as follows.

• The differences of R, G and B values between the col-
ors are less than or equal to five.

• The difference of luminance is less than or equal to ten.

(a) (b)

Figure 3. An example of the reduced color im-
age.

(a) (b) (c)

Figure 4. Binary images generated from the
reduced color image.

For two colors satisfying these conditions, the numbers of
pixels of the colors are counted. The color which has fewer
pixels is converted to the other color. An example of the
reduced color image is shown in Figure 3. Figure 3(a) is an
original image and Figure 3(b) is the image that has only
three colors generated from (a).

After reducing the number of colors, binary images are
generated by regarding one color as the character region and
the other colors as the background. Figure 4 shows exam-
ples of the binary images generated from the image of Fig-
ure 3(b). The white pixels represent the character region
and the black pixels represent the background.

2.2. Global structure extraction

2.2.1 Estimation of character region

The region of a character is estimated by using edge infor-
mation. The method proposed by Canny [1] is used for edge
detection. First, three grayscale images are obtained by ap-
plying the Gaussian filters with variances 5, 10 and 15 to the
original intensity image. Then the edge images are unified
in order to get a more reliable edge image.

Figure 5 shows an example. Figure 5(a) is an original
image. Figure 5(b) is the image obtained by unifying the
three edge images. From this image, the longest edge is
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(a) (b) (c)

Figure 5. Unification of edges.

(a) (b)

Figure 6. Reversing intensity.

detected. The edges of which lengths are shorter than the
one-fifth of that of the longest edge are eliminated as noises.
The minimum rectangle that includes all the remained edges
is regarded as the character region (Figure 5(c)).

2.2.2 Generating grayscale images

First, the image is reversed so that the brighter pixels rep-
resent a character, if necessary. For example, the image of
Figure 6(a) is reversed to the image of Figure 6(b).

Then four grayscale images are obtained using the in-
tensities, R-values, G-values and B-values of the original
image. Figure 7(b), (c), (d) and (e) represent the grayscale
images of Figure 7(a). Then the image of which difference
of the average values between the character region and the
background region determined by the unified edges is the
maximum is selected. In the case of Figure 7, the image of
(e) is selected as the grayscale image from which the global
structure is obtained.

2.2.3 Ridge detection

A global structure of a character is obtained by using the
multiscale images [9]. By changing the scale (variance) t
of the Gaussian filter, multiscale images are generated as
shown in Figure 8. The image of scale t, L(x, y; t), is
obtained by the convolution of the image f(x, y) and the
Gaussian function of variance t, g(x, y; t), as:

L(x, y; t) = g(x, y; t) ∗ f(x, y). (1)

Figure 9 shows the intensity surfaces [3] of the images
of Figures 8(a) and (b). In Figure 9(b), it is expected that

(a) (b)

(c) (d) (e)

Figure 7. Grayscale images.

(a) Original. (b) t = 5. (c) t = 10.

(d) t = 20. (e) t = 40. (f) t = 80.

Figure 8. Multiscale images.

ridges of the surface represent the global structure of the
character. Therefore, it is necessary to detect the ridges by
selecting an appropriate scale. Let the direction of which
the absolute value of the second order differential coeffi-
cient is the maximum be p, and let the direction perpendic-
ular to p be q. The condition that the point (x, y) is on the
ridges is:

∂L(x, y; t)
∂p

= 0, (2)

∂2L(x, y; t)
∂p2

< 0. (3)

The edge strength is defined as:

S(x, y; t) =
{

∂2L(x, y; t)
∂p2

− ∂2L(x, y; t)
∂q2

}2

. (4)

The scale that maximize the edge strength is obtained by the
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(a) Original. (b) t = 5.

Figure 9. Intensity surfaces.

(a) Original. (b) t:0-10. (c) t:20-30.

(d) t:30-40. (e) t:30-40. (f) t:40-50.

Figure 10. Detected ridges by changing
scales.

following condition:

∂S(x, y; t)
∂t

= 0, (5)

∂2S(x, y; t)
∂t2

< 0. (6)

The global structure of a character is obtained by detecting
the points that satisfy Eqs.(2), (3), (5) and (6). Figure 10
displays the detected ridges by changing the scale t. Fig-
ure 11 displays the detected ridges by choosing α% strong
edges (α = 100 ∼ 20).

2.2.4 Extraction of character structure

In the proposed method, ridges are detected from the mul-
tiscale images by varying the scale from 1 to 30 and using
30% strong edges. Next, the edges out of the character re-
gion are removed. Figure 12 displays the results of applying
the ridge detection to the image of Figure 7(e). Figure 12(a)
shows the detected ridges, Figure 12(b) displays the esti-
mated character region, and Figure 12(c) is the image that
the edges outside the character region are removed.

In order to obtain a character structure from the ridge
image, we have to interpolate the gaps in the image. For

(a) Original. (b) 100%. (c) 80%.

(d) 60%. (e) 40%. (f) 20%.

Figure 11. Detected ridges by changing ridge
strength.

(a) (b) (c)

Figure 12. Ridge detection.

this purpose, ravines are detected recursively. The condition
that a point (x, y) is on ravines is defined as:

∂L(x, y; t)
∂p

= 0, (7)

∂2L(x, y; t)
∂p2

> 0. (8)

First an initial scale t0 is given. Ravines are detected with
this scale, and the detected ravines are added to the original
image. This procedure is repeated by dividing the scale by
two until the scale becomes one. Then the image is blurred.
In the experiment, t0 = 4. Figure 13 displays the result of
recursive ravine detection. Figure 13(a) is the image after
the ridge detection. Figure 13(b)∼(d) are the images that
ravines are detected with scale 4, 2 and 1, respectively. Fig-
ure 13(e) is the binarized image after the recursive ravine
detection followed by the blurring.

Finally, in order to adjust the line width and eliminate the
unevenness, thinning, blurring and binarization are applied.
Figure 14 displays the whole process of the global structure
extraction, and Figure 14(h) is the result.
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(a) (b) (c) (d) (e)

Figure 13. Recursive ravine detection.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 14. Character structure extraction.

2.3. Generation of the optimal binary image

From the multiple binary images obtained by the color
clustering described in Section 2.1, an optimal binary image
is generated. First, binary images that include the charac-
ter structure more than 15% are selected. Then the selected
images are overlapped. Figure 15 shows an example. Fig-
ure 15(a) is the image of which number of colors is reduced
to nine. Figure 15(b) is the obtained character structure.
Figures 15(c) and (d) are the selected binary images and
Figures 15(e) is the final result.

(a) (b) (c) (d) (e)

Figure 15. Optimal binary image.

(a) (b)

(c) (d)

(e) (f)

Figure 16. Results of the character image ex-
traction (succeeded).

3. Experimental results

In order to confirm the effect of the proposed method,
the TrialTrain and TrialTest datasets in the ICDAR2003 Ro-
bust OCR datasets1 were used. Some experimental results
are shown in Figure 16. In the figure, the left images are
the original ones, the center images are the extracted global
structures, and the right images are the results. All the char-
acter images in Figure 16 were correctly extracted by the
proposed method. In these images, there is a high contrast
between the character and the background, and the change
in the color of the character is small. These results show
the effectiveness of the proposed method for these kinds of
images.

However, the proposed algorithm failed in some cases.
The failed results are shown in Figure 17. In the case of Fig-
ure 17(a), a little change in the color of the character cause
the failure of the color clustering. Moreover, since the im-
age that does not have enough contrast between the charac-
ter and the background, the global structure extraction also
failed. Figure 17(b) is an image that has heavy change in
the lighting condition, and appropriate binary images were
not obtained. In these cases, a part of the character was not
extracted.

From these results, it is said that a major drawback of
the proposed method is the assumption that a character con-
sists of only one color. In order to remedy this drawback, a
color clustering method that works well even if a character
consists of multiple colors should be developed.

1http://algoval.essex.ac.uk/icdar/Datasets.html
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(a) (b)

Figure 17. Results of the character image ex-
traction (failed).

4. Conclusions

In this paper, we have proposed a method for extracting
a character image from a scene image by using color in-
formation and multiscale images. In the proposed method,
several binary images are generated by the color clustering.
Meanwhile, a character region is estimated by the edges and
a global structure of the character is obtained. By compar-
ing the binary images and the global structure, an optimal
binary image that represents the character is generated. The
effect of the proposed method was evaluated with the IC-
DAR2003 datasets. Even if there was a slight change in
the lighting condition, a character image was successfully
extracted by the proposed method.

Future work includes the improvement of the color clus-
tering method and the multiscale analysis. More accurate
detection of a rectangle that includes a character image is
another future work.
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Abstract

This paper reports on initial experiments in
adopting a motion grid state machine based ap-
proach to determining the stable regions of a scene
for the purpose of triggering document capture in a
casual desktop environment. A demonstration pro-
totype system was built to illustrate desktop docu-
ment capture in a document sorting application sce-
nario.

1 Introduction

In one of the most influential envisionment
videos in our field, the concept of the Digital Desk
was introduced over fifteen years ago [11]. We still
don’t have it, yet signs are encouraging that peo-
ple may some day be able to exploit computational
power and network resources in our casual interac-
tions with physical documents [1, 2, 4, 6]. Desktop
computing power has increased about a hundred-
fold since 1993; memory and disk capacity have in-
creased likewise; digital cameras and digital video
are now ubiquitous; and knowledge in the fields
of computer vision and document image analysis
has grown. Arguably, work on the algorithmic and
applications aspects of desktop document cameras
will soon gain the opportunity to bear fruit in exper-
imental and even practical deployment.

One of the important issues in camera-based
document capture is framing documents and trig-
gering document capture in a field of view that will
include various activities. While it is possible to
design a system where a document to be captured
is placed in a special location and a deliberate trig-
ger action is taken by the user, casual use scenar-
ios will benefit from the ability to track and image
documents in the course of their normal handling,
wherever they appear in the field of view.

An example application is document sorting.
Consider the problem of organizing a stack of grant
application forms in alphabetical order, by applicant
name. The user is faced with two different aspects
of the task. One is the physical handling of the doc-
uments to expose each, one at a time for visual in-
spection, and subsequently to manually place and
move it in the workspace to such locations as to
lead to a sorted order. A small sorting task can be
done in one pass by placing each document more or
less where it belongs in an array. A larger sorting
task may have to be broken into subtasks, with doc-
uments placed on several piles, each of these groups
to be sorted again.

The second aspect of this task is to read the
relevant information off the document and decide
where it should be placed. This is where compu-
tation can help. Every child learns to sort alpha-
betically. Yet, the task is tedious and demanding
of a certain amount of cognitive capacity. After
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a while, even professional knowledge workers tire
and start to slow down and make mistakes. The task
could proceed much faster if an automated mecha-
nism could immediately indicate to the user where
to place each document as soon as it appears on the
top of the unsorted stack. Many means for this are
possible. For example, a motorized laser pointer
could be used to direct the user to target document
placement locations.

In order for a document camera to participate in
this scenario, the system must detect where the tar-
get document appears in the field of view, and it
must detect the moment at which to trigger the cap-
ture operation so that the necessary fields will be
in view and stationary enough to capture a clear im-
age. This must take place in real time while the user
may be moving vigorously within the field of view,
placing documents in their correct sorted locations.

Recent work on digital desk rigs has employed
global motion analysis and strong simplifying as-
sumptions about how documents can be manipu-
lated and rearranged by the user [2]. Kim et al’s
Desktop Browser Interface performed all video pro-
cessing offline; this work was later replicated to op-
erate at frame rates—provided the user moved doc-
uments slowly enough—but at the cost of additional
tradeoffs in lighting constraints and degraded accu-
racy [5].

Clearly a simple motion sensor or any frame-
wide global motion detection will not suffice for a
practical system because it would be triggered con-
stantly and would not differentiate stationary from
moving objects in the field of view. Methods to seg-
ment human hands based on skin color and finger-
tips based on hand shape [4, 3] have also been at-
tempted. These do not address the motion of docu-
ments in the scene. Yet another popular approach is
to employ tangible artifacts with carefully designed
visual targets that can be more easily tracked and
identified by the camera [7, 10].

In order for a visual system to detect the starting
and stopping of the motion of documents in one part
of the the scene while the user may remain actively
in motion in another part of the scene, a practical
real-time system must possess the ability to divide
its attention across the scene and make decisions on
a spatially local basis.

To accomplish this, we report on our initial ex-
periments in adopting a motion grid state machine

based approach to determining the stable regions of
a scene for the purpose of document capture in a ca-
sual desktop environment. Our system, called Do-
cuTable is implemented using separate video and
still capture cameras, for technical hardware rea-
sons. The motion grid state machine operates on
the video stream, while trigged document capture
occurs via the higher resolution still camera.

2 Background: ZombieBoard

Our approach was first developed in 1996 for an
office whiteboard scanner application called Zom-
bieBoard, and has proven its reliability through con-
tinuous routine use at our research center since that
time [9]. See Figure 1. The whiteboard scan-
ning application is similar to the desktop document
capture application in an interesting way. Zom-
bieBoard employs an experimental Diagrammatic
User Interface, whereby users trigger actions by
drawing on the whiteboard itself. Two control ac-
tions are deployed. The “Scan” operation is trig-
gered by drawing a button and then drawing an “X”
or check mark in it. The “Change Boards” opera-
tion is triggered by drawing a button with an arrow
pointing to the left or right. ZombieBoard’s camera
is a video camera on a pan-tilt device, capable of
turning toward any scanable surface in the field of
view.

Under ZombieBoard, the diagrammatic user in-
terface must operate even when the user remains in
the field of view. Due to the computational cost of
analyzing an image to interpret possible diagram-
matic commands, it is important to trigger analysis
only at appropriate times and locations, namely, as
soon as the user has drawn a command, but only
once per region of the whiteboard that has been
newly drawn on. This means that stationary regions
of the board must be analyzed even while other
parts of the scene are in motion. More precisely, di-
agrammatic image analysis must be triggered when-
ever a part of the scene becomes stationary, follow-
ing a period when that part of the scene has been in
motion.

3 Grid State Machine

For this purpose we developed a grid state ma-
chine approach, which we applied also to Do-

2
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Figure 1. The PARC ZombieBoard whiteboard scanner. The pan/tilt/zoom video camera
is mounted in the ceiling. The user is placing a magnetic pre-drawn “scan whiteboard”
command button.

cuTable. The image is divided into tiles that define
coarse regions of the board. Each tile operates an
independent state machine. States are, STABLE, IN-
MOTION, STATIONARY-AFTER-MOTION (Figure 2)
Intially, all tiles are STABLE. At each time step,
successive frames are compared. Image process-
ing is performed to filter camera jitter and slight
global illumination changes. Image differencing
is applied with image processing to trigger tran-
sition to the IN-MOTION state if sufficient pixels
are sufficiently different within that tile between
frames. When, in IN-MOTION state, the differences
between successive frames falls below a threshold,
the state for that tile transitions to STATIONARY-
AFTER-MOTION state. Quite often, a user standing
in front of the whiteboard will move, then remain
relatively still for a slight period of time. Similarly,
a user will move around in the field of view of the
DocuTable camera. While persons are perfectly ca-
pable of remaining very still for a long time, we
set a heuristic threshold on the period of time that
a tile shall remain in STATIONARY-AFTER-MOTION

state, before it transitions automatically to STABLE

state. Four seconds is a typical threshold. At that
transition, the tile is declared to possibly contain
new material written on the whiteboard or a doc-
ument newly positioned on the table. It and sur-
rounding tiles STABLE tiles are collected to form a

local region which is sent for analysis.
The motion grid state machine works very ef-

fectively for the ZombieBoard whiteboard scanner.
It has operated continuously in between 10 and 20
conference rooms and offices for over 12 years in
our research center. Over that time it has evalu-
ated an estimated 20 million frames, and triggered
an estimated 10,000 whiteboard captures. Based on
an informal sampling of frames which resulted in
a whiteboard capture command, in approximately
50% of these the user remains in motion within the
field of view of the camera.

4 DocuTable

For implementation on the DocuTable camera-
based document capture experimental prototype,
the grid motion state machine approach was ap-
plied in a straightforward manner. We divided the
640x480 video frame into 100 by 100 tiles. By
coloring tile borders according to state, it is pos-
sible to visualize state transitions across the image
in real time, as illustrated in Figure 4. As tiles tran-
sition from STATIONARY-AFTER-MOTION to STA-
BLE state, they become candidates for considering
that a document has come into view and should be
captured at high resolution. A single tile represents
only a small portion of the scene. It is when a clus-
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Figure 2. Per-tile state transition diagram.

ter of contiguous tiles all have recently transitioned
from STATIONARY-AFTER-MOTION state that a re-
gion becomes defined for possible document cap-
ture.

In both the whiteboard and desktop scenarios,
it is common for the user to move and gesture in
front of stationary material, and it would be point-
less to re-analyze this stationary material over and
over again. For this reason, in both ZombieBoard
and DocuTable the grid motion state machine oper-
ates as the inner loop of a nested system. The outer
loop maintains a model of the stationary material in
view, in the form of an image. As tiles transition
back to STABLE state, their contents are compared
to this model. Only if there is sufficient difference
between these image patches is it determined that
new stationary document material may have come
into view. In such a case, high resolution capture is
triggered and image analysis is performed on these
regions of the scene. Obviously regions of blank
white paper will not appear to change between the
time documents are placed on the scene. These are
to be treated as possibly changed and are subject
to capture and analysis along with any darker, truly
changed material, they are proximal to.

5 Application Scenario

Our initial application scenario was designed to
approximate the document sorting application dis-
cussed above. In our trials, we did not attempt

Figure 3. DocuTable fixture.
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Figure 4. Tile state visualization. IN-MOTION tiles are shown in red.
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to perform OCR or other conventional document
recognition which would be subject to image qual-
ity considerations. Instead, we modeled our sce-
nario on one in which the documents are initially
viewed in a particular order, then are scattered
around and the ordering lost. We suppose that the
user wants to arrange the documents back in their
original order. To do so does not require reading
the documents, but only recognizing documents that
have previously appeared in the scene.

For this purpose we employ an image-based doc-
ument indexing module that is capable of storing
and retrieving document images in terms of “fin-
gerprints” based on 2D spatial arrangement of word
blobs. Our implementation is heavily inspired by
the pioneering work of Kise et al, who have demon-
strated this sort of capability in many venues [8].
Of course, to build any practicable system requires
many refinements and enhancements of the core
ideas.

In our initial implementation, for document de-
tection we employ a video camera positioned over
the table to have a view area of approximately 90
x 60 centimeters. For document capture, we use
a Canon SX100. In order to obtain good qual-
ity images with this inexpensive consumer camera,
we confine target document placement to one re-
gion of the DocuTable platform approximately 30
x 40 cm in size. This is significantly larger than
a letter-size page, allowing for capture with only
casual placement of the document in the capture
region of the table. In principle, the grid motion
state machine approach supports general document
placement anywhere on the table, but would require
sufficient imaging quality over a wider field of veiw,
either through the use of a higher resolution camera,
or through a rapid pan/tilt foveation mechanism.

Our application employs a video GUI control.
There is a “training” phase in which the user reveals
the document stack, one page at a time. The grid
motion state machine automatic triggering mecha-
nism permits the user to do this at a casual pace
without further deliberate action. Then the user
manually switches the application to a “sort” mode.
They may dis-order the documents, and present
them one at a time in the capture region. The system
automatically detects the appearance of the docu-
ment, triggers capture by the high-resolution cam-
era, extracts the document fingerprints matches with

stored documents from the training phase, and de-
termines where this document belongs in the sort.
A directive is given the user on a video display as
to which of a few piles to place the document on in
order to achieve a correct sorted result.

6 Lessons Learned and Conclusion

While the main grid motion state machine tech-
nical approach has proven successful, our demon-
stration system is not net responsive enough to sup-
port the casual, effortless experience we all hope
for from the original Digital Desk envisionments.
Our main issue is speed, and the main barrier we
encountered was the simple mechanics of trigger-
ing capture of images and getting them into mem-
ory fast. While the grid motion state machine pro-
cess operates at an adequate 10-12 frames/second,
high-resolution capture and other operations take 1-
2 seconds which forces the user to pause their ac-
tivity unnaturally. From an implementation point
of view, this is “simply a matter of engineering,”
yet such engineering remains nontrivial even today.
Cameras that are potentially inexpensive enough for
practical deployment in real application settings are
inexpensive because of their manufacturing scale.
In other words, these are consumer cameras. Con-
sumer cameras, however, are narrowly designed for
consumer photography, not for laboratory experi-
mentation. Their API’s are often inadequately doc-
umented, and their data transfer capabilities are in-
adequate for digital desk/CBDAR purposes.

These shortcomings are important because they
make it difficult both to to perform advanced exper-
iments, and to produce compelling demonstrations
that can spark the imaginations of researchers, de-
velopers, and potential users and clients, which is
necessary to drive developments in this promising
yet ephemeral area. We look forward to future de-
velopments on the hardware front that will enable
document recognition to at last become the primary
choke point for research and development of algo-
rithms and novel applications. When that happens,
the motion grid state machine can offer a vital ingre-
dient to real-time performance in practical settings.
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Abstract 
Portable digital cameras are being used widely by 

students and professionals in different fields as a 
practical way to digitize documents. Tools such as 
PhotoDoc enable the automatic processing of such 
documents, performing border removal and 
perspective correction. A PhotoDoc processed 
document and a scanned one look very similar to the 
human eye if both are in true color. However, if one 
tries to automatically binarize a batch of documents 
digitized from portable cameras compared to scanners, 
they have different features. The knowledge of their 
source is fundamental for successful processing. This 
paper presents a classification strategy to distinguish 
between scanned and photographed documents. Over 
16,000 documents were tested with a correct 
classification rate of over 99.96%.   
 
1. Introduction 
 
Portable digital cameras are ubiquitous. Either in 
standalone versions, or incorporated in cell phones, the 
quality of the images has risen at a fast pace while their 
price has dropped drastically. Such pervasiveness has 
given rise to unforeseen applications such as using 
portable digital cameras for digitalizing documents by 
users of many different professional areas. For 
instance, students and professionals are taking photos 
of writing boards instead of taking notes; lawyers are 
taking photos of legal processes instead of going 
through a difficult bureaucratic path to take documents 
out of court to photocopy them, etc. This new research 
area [1][4] is evolving fast in many directions. General 
users, non-specialized in image processing, want new 
algorithms, tools and processing environments to be 
able to provide simple and user-friendly ways of 
visualizing, printing, transcribing, compressing, storing 
and transmitting document images. Figure 1 presents 
an example of a document acquired with a portable 
digital camera. Reference [6] points out some 

particular problems that arise in this document 
digitalization process: the first is background removal. 
Very often the document photograph goes beyond the 
document size and incorporates parts of the area that 
served as mechanical support for taking the photo of 
the document. The second problem is due to the skew 
often found in the image in relation to the photograph 
axes. As portable cameras have no fixed mechanical 
support, often there is some inclination in the 
document image. The third problem is non-frontal 
perspective, due to the same reasons that give rise to 
skew. A fourth problem is caused by the distortion of 
the lens of the camera. This means that the perspective 
distortion is not a straight line, but a convex arc, 
depending on the quality of the lens and the relative 
position of the camera and the document. The fifth 
difficulty in processing document images acquired 
with portable cameras is non-uniform illumination.  

 
Figure 1. Example of a photo document 
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Reference [3] presents PhotoDoc, a 
toolbox for processing document image
portable digital cameras, which is im
plugin in ImageJ [9]. Figure 2 presents 
photo document processed with Phot
implemented as a Plugin in ImageJ [11]

 
Figure 2. PhotoDoc processed photo
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The classification strategy depends on the following: 
• The choice of the set of features to be 

extracted. The features selected must provide 
enough elements to distinguish between the 
clusters of interest. Feature extraction has also 
impact in classification time. 

• The choice of the classifier. Some classifiers 
are able to perform better than some others 
depending on the nature and class of the 
problem, the representativeness of the features 
selected, etc. 

• The quality and size of the training set used 
for the classifier. The training set must be 
carefully chosen to encompass the whole 
diversity of the universe of objects to be 
classified, with as less redundancy as 
possible. 

 
This paper shows that the classifier presented in 
reference [7] presents excellent performance for 
distinguishing between documents obtained from 
scanners and portable digital cameras with or without 
the strobe flash on. The results obtained are compared 
with the classification strategy in reference [8]. The 
new classifier not only reached a higher correct 
classification rate, but besides that, elapsed much less 
time for feature extraction and classification. The 
classifier presented herein was implemented using 
Weka [10, 12], an excellent, user friendly and open-
source platform developed at the University of 
Waikato. The test set encompassed 17,781 documents 
of which only 3 documents were misclassified, 
yielding a correct classification rate of 99.98%. 
 

2. Experiments Performed 
 

The starting point for this work was collecting 
images that are representative of the two different 
clusters of interest: scanned and photographed 
documents. The photographed documents were split in 
two sub-clusters: images acquired with and without the 
strobe flash on. 

The test set for the photo document cluster is 
formed by 9,573 documents acquired with a Sony 
Cybershot digital camera DSC-W55 in 5 and 7.2 
Mpixels, with and without mechanical support, in-built 
strobe flash on and off. In the camera set there are also 
404 photos taken with a portable camera Sony DSC-
S40 and 60 photos from a cell phone LG Shine 
ME970, both without any mechanical support. All 
photo documents were processed with PhotoDoc [3] a 
photo document processing tool that crops the framing 
border and corrects perspective and skew, should be 
classified as “document”.  

The 6,444 of the scanned documents were digitized 
with a Ricoh Affício 1075 flatbed scanner in 100, 200 
and 300 dpi saved into four different file formats: bmp 
(uncompressed), jpg (1% losses), png (lossless), and 
tiff (uncompressed), using the software provided by the 
scanner manufacturer.  Although the jpeg file format 
may be seen as unsuitable for such kind of image it is 
often used by people in general [5]. In addition, 300 
images were acquired with a scanner HP 5300c in 300 
dpi, true color, stored in tiff (uncompressed) and 1000 
jpeg images in different resolutions were collected 
from the Internet. 
Table 1 shows the numbers of images per file format in 
the test set. 
 JPG PNG TIFF BMP Total 
Photo 10,037 **** **** **** 10,037 
Scanned 2,611 1,611 2,522 1,000  7,744 

Total 12,648 1,611 2,522 1,000 17,821 
Table 1 – Images per file formats 

 

2.1 Features Tested 
 

The choice of the features to be extracted and tested 
is the key to the success and performance of the 
classification. Image entropy is often used as the key 
for classification [8]. It has a large computational cost, 
however. Entropy calculation demands a scan in the 
image to calculate the relative frequency of a given 
color, for instance, which is than multiplied for its 
logarithm and added up. The classifier described in 
reference [9] is based on the binary classification 
approach, and assumes a Gaussian distribution for each 
of the features. Its performance degrades in proportion 
to the non-Gaussian nature of the data. We designate 
this the entropy-based classifier, as the set of features 
chosen herein has entropy calculation as its key. 

The work presented in reference [7] proposes a new 
classification strategy that assumes that decreasing the 
gamut of an image, analyzed together with its grey 
scale and monochromatic equivalents would provide 
enough elements for a fast and efficient image 
classification. The features tested are: 

 

• Palette (true-color/grayscale)  
• Gamut  
• Conversion into Grayscale  
• Gamut in Grayscale (if RGB)  
• Conversion into Binary (Otsu)  
• Number of black pixels in binary image. 
• (#Black_pixels/Total_#_pixels)*100% 
• (Gamut/Palette)*100% (true-color/grayscale)  

 

Image binarization is performed by using Otsu [8] 
algorithm. The data above are extracted for each image 
and placed in a vector of features. 
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The classification strategy adopted herein follows the 
feature set proposed in reference [9]. The training set 
used had size of about 8% of the test set and was 
selected from within the images of Sony Cybershot 
digital camera DSC-W55 in 5 and 7.2 Mpixel and the 
Ricoh Affício 1075 flatbed scanner in 100, 200 and 
300 dpi. The images in the training set were not part of 
the test set. The entropy-based classifier [9] was used 
to compare the results obtained. Both classifiers used 
the same training and test sets. 

 

2.2 Sub-sampling 
 
Image sub-sampling may be used as a way to reduce 
the time elapsed in feature extraction of images to be 
classified. The key points in image sub-sampling are: 
1- The larger the image file, the richer in data 

redundancy; thus, if the redundant data are thrown 
away the efficiency both in feature-collection time 
and classification may rise.  

2- The selection of points to be analyzed for feature 
collection should not be random. It should 
somehow provide a "reduced" version of the 
original image (although in some cases it may be 
distorted by unequal scaling!).  

Twenty different sub sampling strategies were 
evaluated on the images of this study. The cascaded 
subsampling strategy consisted of removing more 
points from the larger image files and provided the best 
overall accuracy of any classification schema, while 
simultaneously significantly improving the 
performance of the feature extractor, as shown in the 
next section. The cascaded subsampler performs the 
following operations:  
 

 
 

3. Results 
 
The results of classification are presented in two steps. 
The group of results was obtained with 16,017 images 
digitized with the Sony Cybershot digital camera DSC-
W55 in 5 and 7.2 Mpixel, and the Ricoh Affício 1075 
flatbed scanner in 100, 200 and 300 dpi. Several 
different classifiers implement in Weka [10, 12] were 
tested. Random forests provided the best classification 
results amongst the statistical classifiers. A Multi-layer 
Perceptron (MLP) neural classifier was also tested and 
the best results obtained for eight neurons on two 
layers. The confusion matrices obtained by the 
classifiers that used the proposed set of features are 
shown in Table 2. The entry “Photo +sf” stands for the 
document images photographed with the strobe flash 
on, while “Photo –sf” denotes it off.  
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Table 2 – Confusion matrix of the  
proposed classifier with 16,017 original images 

Table 2 points out that the Random Forest statistical 
classifier [1] with 10 trees presented the best 
classification results. 

size = height*width  
 

• If size � 300,000  break; 
• If 300,000< size � 500,000: 
       remove even lines or columns  
                                                    (whatever the larger); 
• If 500,000 < size � 700,000:  
       remove even lines and columns; 
• If 700,000 < size � 900,000:  
      remove 2 lines in every 3 lines and even columns,  
                                                          (if height>width)     
      remove even lines and  
                2 columns in every 3 columns, otherwise; 
• If 900,000 < size  remove 2 lines and 2 columns  
      in every 3 lines and columns;  

Code for the “cascaded” sub-sampler 
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Table 3 shows the results obtained for the same set of 
classifiers trained and tested with subsampled images. 
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Table 3 – Confusion matrix of the  
proposed classifiers with 16,017 subsampled images 

 
Using subsampling, the relative performance of the 
classifiers was stable. Again, Random-forests with 10 
trees provided the best results. Curiously, subsampling, 
besides speeding-up the feature extraction time, 
increased correct classification rate. One important 
point worth noting is that the misclassified documents, 
when binarized using a global algorithm, performed 
satisfactorily. Having the strobe flash off may resemble 
a scanned document, provided there is enough uniform 
illumination from the environment. Then, the 
misclassification errors in this case do not cause 
serious problems to the overall process. 
 
Now, the entropy-based set of features for 
classification proposed by reference [9] was tested on 
the original data and the results obtained are presented 
on Table 4. 

Proposed 
Classifier 

Photo 
"	�

Photo 
-sf 

Scanned Accuracy 

Photo +sf ����� � �� ���� ��!�� ��#�
Photo -sf  �� ����� ��� � ��!�����#�
Scanned ��� ���� ����� � !�����#�

Table 4 – Confusion matrix of the  
entropy-based classifier with original images 

The results obtained for entropy based classifier with 
subsampled images are shown on Table 5. 

Proposed 
Classifier 

Photo 
"	�

Photo 
-sf 

Scanned Accuracy 

Photo +sf ����� � �� �� � ��!�� ��#�
Photo -sf ��� ����� ���� ��!�� ��#�
Scanned ��� ���� ����� � !� ���#�

Table 5 – Confusion matrix of the  
entropy-based classifier with subsampled images 

 
The comparison between the entropy-based and the 
new one proposed here shows that the new one is about 
10% better than the previous one. 
The classification of the 404 photos taken with a 
portable camera Sony DSC-S40 and 60 photos from a 
cell phone LG Shine ME970, both without any 
mechanical support, and the images obtained with 
scanner HP 5300c and the images collected from the 
Internet did not bring any misclassification at all. 
 
4. Time Performance 
 

Table 6 presents the feature extraction and 
classification times along with the programming 
language used for implementation. Besides 
classification accuracy per cluster, the average feature 
extraction and classification times are presented. One 
should also remark that there is a difference in time 
scale between feature extraction and classification. 
 

 Feature extraction Classification 
Time  

(s) 
Language Time 

(ms) 
Language 

Original 0.4174 C++ 0.12 C# 
Subsampled 0.1470 C++ 0.12 C# 
Original 0.4174 C++ 0.10 C++ 
Subsampled 0.1470 C++ 0.10 C++ 
Entropy Or. 1.4576 C# 6.13 C# 
Entropy Ss. 0.497 C# 6.13 C# 
Table 6 – Feature extraction and classification times 

 
Table 6 shows that the set of features used for image 
classification based on image palette conversion 
outperforms the entropy-based classifier by a factor of 
four for feature extraction and by a factor of fifty for 
image classification. (“Entropy Or.” stands for the 
Entropy-based classifier [9] with the original images, 
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while “Entropy Ss.” corresponds to the Entropy-based 
classifier with subsampled images). 
The figures of the relative performance of the 
classifiers for the proposed set of features varying the 
number of trees and the MLP implemented in Weka 
(Java) are shown on Table 7. 
 

Proposed Classifier Time (ms) 
Random Forest 5-trees 5.4 

Random Forest 10-trees 6.1 
Random Forest 15-trees 6.7 
Random Forest 20-trees 7.9 
Random Forest 100-trees 9.5 

MLP 6.8 
Table 07 – Classification times in Weka (Java) 

 
One may observe that the Random-forests classifier 
reaches the best trade-off classification and time 
efficiency. 
 
5. Conclusions 
 
Weka [10, 12] has shown to be an excellent test bed 
for statistical analysis. The choice for a Random tree 
classifier was made after performing several 
experiments with the large number of alternatives 
offered by Weka, although results did not vary widely. 
Amongst them a preliminary comparison between the 
new statistical classifier proposed here and a MLP 
neural classifier provided worse results (around 94% of 
accuracy). 

The choice of the images in the training set is of 
paramount importance to the performance of the 
classifier. They must be representative of the whole 
universe of images in a cluster. 

The classification scheme presented in this paper 
increased the correct classification rate by more than 
10%. This automatic classification allows 
distinguishing scanned from photographed document 
images yielding better ways to suitably process 
document images. 
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Abstract 
This article analyses the quality of documents 

acquired with portable digital cameras for Optical 
Character Recognition. The results obtained are 
compared with same documents after border removal, 
perspective and skew correction and their scanned 
equivalent with different resolutions and saved into 
distinct file formats. 
 
1. Motivation 
 

Students and professionals of many different areas now 
use portable digital cameras for digitalizing documents, 
taking advantage of their low weight, portability, low 
cost, small dimensions, etc. This new research area 
[1][2] is evolving fast in many different directions and 
claims for new algorithms, tools and processing 
environments that are able to provide users in general 
with simple ways of visualizing, printing, transcribing, 
compressing, storing and transmitting through 
networks such images. Reference [3] points out some 
particular problems that arise in this document 
digitalization process: the first of all is background 
removal. Very often the document photograph goes 
beyond the document size and incorporates parts of the 
area that served as mechanical support for taking the 
photo of the document. The second problem is due to 
the skew often found in the image in relation to the 
photograph axes, as documents have no fixed 
mechanical support very often there is some degree of 
inclination in the document image. The third problem 
is non-frontal perspective, due to the same reasons that 
give rise to skew. A fourth problem is caused by the 
distortion of the lens of the camera. This means that the 
perspective distortion is not a straight line but a convex 
line, depending on the quality of the lens and the 
relative position of the camera and the document. The 
fifth difficulty in processing document images acquired 
with portable cameras is due to non-uniform 
illumination. This paper focuses on assessing the 
output of a commercially OCR (Optical Character 
Recognition) software for such documents. The results 
obtained are compared with the results obtained of 
processing the same batch of documents with 
PhotoDoc [4] a freely available software environment 

for processing document images acquired with portable 
cameras. The results of unprocessed and PhotoDoc 
Processed camera images are compared with the 
transcription obtained for the scanned version of the 
same documents. This work besides updating the 
results presented in [5] to more modern camera models 
of current use today, it applies a much better 
assessment methodology. 
  
2. The assessment methodology 
 

Assessing image quality in general is a complex 
subjective task. A quantitative assessment that avoids 
such subjectivity is of great importance. Similarly to 
the experiments reported in [5], in this paper the 
assessment methodology was limited to analyze the 
performance of commercial OCR tools. ABBYY 
FineReader Professional Edition 9 [6] was used, 
because it is possibly the best general purpose tool 
available today, able to process formatted texts. 

 
Figure 01. The “Planetarium” test bed 
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The “Planetarium” test bed shown in Figure 01 allows 
a controlled way to measure the angles and height of 
the camera to verify in extreme cases the effects of the 
perspective into the document transcription. These 
results are later used to assess the gains obtained with 
the documents after each processing step. On its turn, 
analyzing the results of OCRs is far from being a 
trivial task. The methodology presented in reference 
[7] which takes into account the nature of the errors in 
transcription was adopted here. 

The errors were classified according to: 
1. Character replacement. 
2. Missing characters. 
3. Character insertion. 
4. Punctuation errors.  

 

3. Test images features 
 
 The 168 pages of the proceedings of CBDAR 2007 
were used as test document images for this work. 
Several pages include photographs, graphs, tables and 
other illustrations. They are printed in black in opaque 
white paper, where negligible back-to-front [8] 
interference was observed.  

 
Table I presents the results of the total of errors 

found in the OCR transcription of all document images 

digitized with a Ricoh Affício 1075 flatbed scanner in 
100, 200 and 300 dpi saved into four different file 
formats: bmp (uncompressed), jpg (1% losses), png 
(lossless), and tiff (uncompressed), using the software 
provided by the scanner manufacturer. Figure 02 
shows an example of the test images used in this work. 

TABLE I 
CHARACTER ERRORS FOUND IN  
SCANNED DOCUMENT IMAGES�

�������� ���� ���� ���� ����
�� �!������ ������ ������ ������ ������
�"�!�"��#
�� ����� �� �� ��� � ��  �
�#��#�$�  �� � ����� ����� �����
#����#
�� ��� �� �� ��� ������ ������
%�&'� ���$%� ��!�$%�  �!�$%� ���$%�

�������� ���� ���� ���� ����
�� �!������ ���� � ������ ������ ��� ��
�"�!�"��#
�� �� �� � � � ����� � ���
�#��#�$� �� �� ����� ����� �����
#����#
��  ��� �  ����� ������  �����
%�&'� �!��&%� ��!�$%� ���$%� �!��&%�

(������� ���� ���� ���� ����
�� �!������ ������ ������ �� ��� ���� �
�"�!�"��#
�� ����� �� �� ����� ��� �
�#��#�$� �� �� ����� ����� ��� �

#����#
�� ������ ���  � ������ ������
%�&'� �!��&%� ���$%� ���$%� �!��&%�

Analyzing the data in Table I one may observe that 
different file formats yield varying error rate even 
amongst lossless ones (bmp, png, and tiff). One may 
possibly say that the best trade-off between space and 
OCR correct recognition rate is reached in the 200 dpi 
scanning saved in PNG. It is interesting to note that a 
higher resolution tended to drastically increase the 
insertion noise. 
 

4. Unprocessed Image Transcription  
 

The camera used in this work is a Sony Cyber-shot 7.2 
Mega Pixels model DSC-W55, with lenses Carl-Zeiss 
Vario-Tessar 2.8-5.2/6.3-18,9. Figure 03 exemplifies 
the test image obtained in the “Planetarium” test bed. 
Documents were obtained in true-color, in 7.0 and 5.0 
Mpixels, with and without the inbuilt camera strobe 
flash. The camera was set into “auto-focus” mode, i.e. 
the user leaves to the device the automatic setting of 
the focus. This is consistent with the expected 
knowledge of the end user. In the case of documents 
acquired with portable digital cameras with no 
mechanical support very often images have perspective 
distortion. Skewed images are unpleasant for human 
visualization, introduce extra difficulty in text reading, 
claim extra space for storage, degrade OCR 
performance, etc. this problem arises in almost all 
documents. This work used two strategies to measure 

 
Figure 02. Scanned page of the Proceedings of CBDAR´07. 
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perspective degradation the first one was using a 
device developed by the authors in which the position 
of the camera was set and in the second strategy the 
photo was taken “free hand”, without mechanical 
support. Figure 03 shows a document photo taken with 
the Planetarium. 

The photos taken in the Planetarium are surrounded by 
part of the board in wood that serves as mechanical 
support to it. The photos were taken indoors with 
artificial illumination provided by fluorescent lights 
sufficiently high-up to light the document surface 
evenly. 
Table II presents the results of the transcription of the 
documents under different inclinations and heights, 
with and without strobe flash. One may observe that 
the position of the camera in relation to the document 
causes a wide variation in results. As one expects, the 
greater the angle in relation to the frontal plane of the 
document, the larger the OCR transcription 
degradation. In general, the images acquired with 7.2 
Mpixels yielded better results than with 5.0 Mpixels, 
but this was not the case when the perspective 
distortion happened in the West and South directions 
simultaneously (15oE – 15o S). 
At the height of 37 cm parallel with the plane (0oE – 
0oS) the inbuilt strobe flash of the camera yielded an 
uneven illumination not perceptible visually, but that 
degraded OCR response both at 5.0 and 7.2 Mpixels. 
At the height of 45 cm the contrary phenomenon was 
observed and the flash yielded better OCR 
transcription results. When no mechanical support was 
used (Free-hand) the use of the strobe flash in 7.2 
Mpixels provided the best results. These results are 

close to the ones obtained by using the height of 37 cm 
without any inclination angle. The experiments 
performed in reference [5] report a measure of the 
skew angle of the bottom line of the 50 documents 
analyzed was around 2° in each direction. That value 
was also observed in the experiments performed 
herein. One should remark, however that users in 
general tend to be less careful and tend to take photos 
with a higher perspective distortion. Experiments 
performed with several people that meet that profile 
showed that the perspective distortion does not exceed 
10 degrees in each direction simultaneously and that 
the document image is seldom chopped off. 

TABLE II 
CHARACTER ERRORS FOUND IN CAMERA 
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Figure 03. Photo taken in the Planetarium with 15oS-15oW. 
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5. PhotoDoc Processing 
 

As mentioned in the introduction of this paper, the 
motivation for research reported herein is to meet the 
needs of ordinary people such as students and 
professionals that acquire document images using 
portable digital cameras. As shown in Figure 03 such 
documents are framed by the place that serve as 
mechanical support the photo to be taken and as a 
perspective distortion. PhotoDoc is a simple processing 
environment developed with the aim to help those non-
expert users that digitize documents with portable 
digital cameras. A brief overview of PhotoDoc 
processing capabilities are shown here as it was used to 
process all the documents that are also OCR 
transcribed. Experiments in PhotoDoc showed that lens 
distortion has negligible effects if compared with 
border removal and perspective and skew correction. 
Thus, it is ignored. 

 
5.1 Border Removal 

PhotoDoc performs automatic background border 
removal of images of documents obtained with 
portable digital cameras imposing  as few restrictions 
as possible, because users tend to acquire those 
document images in non-ideal conditions of, 
illumination of the surface the document is placed on 
for digitalisation, perspective camera-document, etc.  

As may be observed in Figure 03, the document 
image is surrounded by a wooden background area of 
no value in terms of information. This area not only 
drops the quality of the resulting image for CRT screen 

visualization, but also consumes space for storage and 
large amounts of toner for printing, alters the 
segmentation algorithm of the OCR and thus affects 
the response obtained in the number of characters and 
words correctly transcribed, as shown later on in this 
paper. Several papers in the literature address this 
problem in different applications [9, 10, 11, 12]. 
Removing such frame manually is not practical due to 
the need of a specialized user and time consumed in 
the operation. The algorithm presented in reference 
[11] is used in PhotoDoc to automatically remove such 
border as an OCR pre-processing stage. It assumes that 
the background may be of any kind of colour or 
texture, provided that there is a colour difference of at 
least 32 levels between the image background and at 
least one of the RGB components of the most frequent 
colour of the document background (paper).  

 
5.2 Perspective and skew correction 
The freedom allowed in acquiring document images 
with portable digital cameras without mechanical 
support invariably leads to perspective distortion. 
Several algorithms in the literature address this 
problem [3, 14, 15, 16]. The correction of perspective 
distortion has border detection as a first step to find the 
polygon that margins the image and getting the four 
corner points that will serve as reference for the linear 
transformation. The image of the four corner points 
serve to crop the perspective corrected image and 
automatically performs skew correction. On the other 
hand, perspective distortion opens a number of 
alternatives which cause different effects in the quality 
of the image produced both in terms of visualization 
and OCR response. In general, the skew angle was 
small (less than 2o), thus this means that the image 
tends to exhibit a trapezoidal shape. Two alternatives 
for correction arise: either to narrow the opening edges 
or to widen the closing edges. The latter alternative 
was discarded in PhotoDoc because the general trend is 
to disconnect contiguous areas, which has a serious 
degrading effect on OCR response. The interpolation 
methods applied in PhotoDoc is closest neighbor. The 
image obtained after perspective correction and 
cropping closely resembles the scanned one. 
Table III presents the OCR response for documents, 
after PhotoDoc processing. Comparing the results 
obtained in Tables I, II, and III one may observe that 
Photodoc processing largely improved the OCR 
recognition rate of documents, yielding better OCR 
response than images scanned in 100 dpi resolution, in 
general. The only exceptions are in the case of very 
strong perspective distortion 30o South and in the case 
of insertion errors when photos were taken at a height 

 
Figure 04. Image from Figure 03 showing perspective 

correction reference points and edges. 
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of 37 cm both with and without the strobe flash. 
Insertion errors are harder to be corrected with the help 
of dictionaries than the other errors. 

TABLE III 
CHARACTER ERRORS FOUND IN DOCUMENT 

IMAGES AFTER PHOTODOC PROCESSING  
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5. Conclusions 
 

This paper provides a comparative analysis of the 
quality of documents acquired through 5.0 and 7.2 
Mpixels Sony portable digital camera in comparison 
with their scanned version with three different 
resolutions (100, 200 and 300 dpi). A batch of 168 
documents was studied totaling 479,154 characters. 
The quantitative analysis performed herein allows to 

conclude that portable digital cameras not only provide 
a simple way to digitalize documents to be read by 
humans, but the quality of documents allows means for 
image-to-text transcription using commercial OCRs. 
The OCR performance improves if the document is 
processed in an image processing environment such as 
PhotoDoc that removes the borders introduced during 
document photographing and is perspective and skew 
corrected. 

Several challenges are faced to improve OCR 
performance. Illumination and compensating the effect 
of the embedded strobe flash are two of the most 
important ones as they pose difficulties to image 
binarization. 
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Abstract

Character detection in scenery images is a very difficult
task. This paper describes a strategy of selecting charac-
ter patterns for easier detection in scenery image. These
character patterns, called conspicuous character patterns,
are selected from character font sets according to a crite-
rion that evaluates how the font has a larger distance from
a non-character pattern distribution and, simultaneously,
with a smaller distance from a general character pattern
distribution. Qualitative and quantitative evaluations have
been made to observe how the selected fonts are more con-
spicuous than other fonts.

1. Introduction

The first step of camera-based character recognition in
scenery images is character detection (also called character
localization). Generally speaking, any character detection
scheme is defined by the following four factors:

(i) How do we determine whether the target area is a char-
acter area or not?

(ii) How do we assume the general property of character
patterns?

(iii) How do we assume the general property of non-
character patterns?

(iv) What features do we use for representing patterns?

For satisfactory performance of character detection, those
factors should be defined appropriately.

Many researchers have proposed many detection
schemes according to their own definition of the four fac-
tors [1, 2, 3, 4]. For example, in a scheme based on edge
complexity, (i) determination is done by some degree of
edge complexity, (ii) character patterns are assumed to have
complex edges, (iii) non-character patterns are assumed to
have less complex edges, and (iv) patterns are represented
by edge features.

In spite of those past researches, character detection is
a difficult open problem. At ICDAR2003, a competition

on character detection was held [5] and the F-measure of
the best method was reported as only 0.5. As shown by this
contest result, detection performance is still not satisfactory.

The difficulty comes from the inevitable trade-off of the
problem. If we want to detect all characters, we often have
many false detections around complex edge regions (such
as tree regions). Conversely, if we want to suppress those
false detections, we may have many miss detections. It will
be very difficult to relax this trade-off in the strategy of the
past attempts.

This paper suggests a new research direction to escape
the trade-off on this problem — preparation of special char-
acter patterns, called conspicuous character patterns, which
can be easily detected. Ideally speaking, conspicuous char-
acter patterns are conspicuous enough to be detected with-
out false and miss detections in any scenery image.

This paper describes a systematic method to prepare
a conspicuous character pattern for a certain detection
scheme. The proposed method selects the most conspicu-
ous character pattern from various fonts. Automatic syn-
thesis of conspicuous character patterns will be discussed
elsewhere in near future.

Note that the research direction of preparing special
character patterns for camera-based character recognition is
not very new. Classic OCR/MICR fonts are specially de-
signed to be recognized correctly by machines. In [6, 7], we
can find updated versions of OCR fonts for camera-based
character recognition. Two-dimensional bar codes, such as
QR-code, are designed to be detected easily by cameras.
Characters on signboards are often designed to be detected
easily by humans.

The rest of this paper is organized as follows. In Sec-
tion 2, the idea of conspicuous character patterns is outlined
with naive examples. The close relation between conspicu-
ous character patterns and the character detection scheme to
be used is also discussed. Then in Section 3, the proposed
method for selecting the most conspicuous font is detailed.
In Section 4, experimental results are shown for evaluating
the conspicuousness of the selected fonts qualitatively and
quantitatively.
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Conspicuous character pattern

Distribution of
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Distribution of
non-character images

Inconspicuous 
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Farthest pattern from
non-character distribution

Feature space

Figure 1. Character detection scheme as-
sumed in this paper.

2. What Is Conspicuous Pattern?

���� ����� �	�
��� �� ��������� �������
��� �������

A naive example of conspicuous character patterns is
red-colored characters; we can detect them in a given
scenery image only by seeking red areas in the image.
Specifically, for detecting the red-colored characters, we
will use a detection scheme where (i) a character area is de-
termined if the color of the area is red enough, (ii) character
patterns are assumed to be red-colored, (iii) non-character
patterns are assumed not to be red-colored, and (iv) patterns
are represented by RGB color feature. If we use this detec-
tion scheme, it is possible to detect all red-colored character
patterns; that is, the red-colored characters are truly con-
spicuous for the detection scheme (even though there are
false-alarms).

Another naive example is Times-Roman characters;
we can detect them through a template matching-based
search technique using original Times-Roman font tem-
plates. Similarly, any character font can be conspicuous if
we employ a suitable detection scheme.

���� �������� ������� ��������� ���������
����
� ��� ��������� ���������
�������

These naive examples suggest an important fact that
conspicuous character patterns should be designed together
with the detection scheme. In other words, We must design
the characters to be detected most easily for the detection
scheme assumed. In fact, the red-colored characters are not
conspicuous for the detector based on Times-Roman tem-
plate matching. Similarly, the Times-Roman fonts are not

conspicuous for the color-based detector.

3. Selecting Conspicuous Character Pattern

���� ��������� ����
�

In this paper, we assume the following detection scheme
as an example:

(i) A target area in a scenery image is determined as the
character area when its distance to a character distribu-
tion is small and its distance to a non-character distri-
bution is large.

(ii) The general property of characters is empirically de-
fined by preparing a large set of font images. In other
words, the property is defined as the actual distribution
of font images.

(iii) The general property of non-characters is also empiri-
cally defined by preparing a large set of scenery image
patches.

(iv) A normalized shape feature is used for representing
patterns.

Figure 1 illustrates this detection scheme. Since any
character or non-character pattern � is normalized so that
��� � �, the feature space becomes a hyper-sphere. Distri-
butions of character patterns and non-character patterns are
on the sphere. Then the target area is detected as a charac-
ter area if it is far to the non-character distribution and near
to the character distribution. The former condition is nec-
essary to differentiate the character area from non-character
patterns. The latter condition is introduced to guarantee hu-
man readability.

Note that this detection scheme is far more reasonable
than the naive examples in Section 1. This is because the
properties of characters and non-characters are defined em-
pirically by using actual patterns. There is no strange as-
sumption such that each character is red-colored.

���� �����������

Now, our task is to find the pattern which is the most
easily detected by the assumed detection scheme of Sec-
tion 3.1. Formally speaking, we must optimize the pattern
� according to the criterion of maximizing its distance from
the non-character distribution and, simultaneously, mini-
mizing its distance from the character distribution.

According to the above criterion, we can define the
conspicuousness of � by using its distances from the
character and non-character distributions as follows. Let
��

�
� � � � ���� � � � ���� denote the principal � eigen-vectors

of the covariance matrix of a distribution. Then the distance
of a normalized pattern � from the distribution can be mea-
sured by using the �-dimensional subspace whose bases are
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��
�
� � � � ���� � � � ����. Specifically, we can have the dis-

tance of � as the canonical angle �� given by

���� �� �

��
���

������
�

��������
�
�

��
���

������
�
� (1)

Using the canonical angle, the conspicuousness of � is
defined as

�� �

�
��
�
����

�
� ��

�
� if ��

�
� ��

� otherwise, (2)

where ��
�

is the canonical angle between � and the non-
character subspace and ��

�
is the canonical angle between

� and the character subspace. Both angles are derived by
(1). The value ��

�
����

�
���

�
� becomes large if ��

�
becomes

large and/or ��
�

becomes small. The maximum and the min-
imum values of �� are 1 (the most conspicuous) and 0 (the
least conspicuous), respectively. The threshold � (� �) is
introduced so that a small ��

�
does not give a large �� with

a very small ��
�

.
The subspaces of the character and non-character distri-

butions are determined by using empirical covariance matri-
ces of many font images and many scenery image patches,
respectively. Note that the dimensions � of the two sub-
spaces can be different. Also note that it is possible to use
any image feature (other than the bitmap feature) for rep-
resenting those images, while we will use a shape feature,
called direction code histogram [8], instead of the bitmap
feature in order to minimize the effect of color and bright-
ness. The detail of the shape feature will be given in Sec-
tion 4.2.

���� �������	
 	� �	� �	
����	� ���������
������


As noted in Section 1, we will not synthesize a conspic-
uous character pattern which globally maximizes ��. In-
stead, we will select the most conspicuous character pattern
among various fonts. Specifically, we calculate the conspic-
uousness�� for every font image�, and then select the font
image � with the largest �� as the most conspicuous char-
acter pattern.

4. Experimental result

Using the above method with font images and scenery
image patches, the selection and the evaluation of the most
conspicuous character pattern were done experimentally.
The following is the detail of this experiment.

Bases of character images

Bases of non-character images

1 2 3 4 5

1 2 3 4 5

6 7 8 9

Figure 2. Bases of character distribution and
non-character distribution.

���� ��������
��� ����

About 8,000 English capital letter images of 308 fonts
were collected (26�308� 8,000). Those fonts were se-
lected using their PANOSE. PANOSE is comprised of 10
elements and the first element represents the font family,
such as “Latin Text”, “Latin Handwritten”, “Latin Deco-
rative”, etc. The selected 308 fonts were of “Latin Text”,
which is the font family suitable for general documents 1.

As non-character images, about 80,000 image patches
(of 	
� 	
 pixel size) were collected from scenery images
of the CalTech’s background database[9], which is available
as a public image database.

���� ������� ����

Each image was represented as the direction code his-
togram [8]. First, each 	
 � 	
 image is converted into an
edge map and divided into 16 blocks of �	� �	 pixel size.
The edge pixels in each block were quantized into four di-
rections and then the number of edge pixels of each direc-
tion was counted within a block. Thus the dimension of the
direction code histogram is 64 = 16(blocks)� 4(quantized
directions). Since this feature is totally based on the edge
direction, it is affected by neither color nor intensity.

Then a 64 � 64 covariance matrix was prepared
for each of the character set and the non-character
set and its � principal eigen-vectors were calculated as
��

�
� � � � ���� � � � ����. By observing the cumulative ratio,

1The authors found many “decorative” fonts with “Latin Text”
PANOSE. The authors, however, did not remove them, because there is
no objective criterion other than PANOSE for separating Latin Text fonts
from decorative fonts.
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(a)

(b)

Figure 3. (a) Example of the most conspicuous pattern and (b) the least conspicuous pattern. Left:
original font image. Right: direction code histogram.
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Figure 4. Most and least conspicuous
fontsets.

the number � was fixed at � for characters and � for non-
characters. Figure 2 visualizes those eigen-vectors (i.e., the
bases of the subspace) of characters and non-characters, re-
spectively. Each eigen-vector is visualized by 64 short line
segments. Each line segment represents the direction and
the value of an element of the vector 2 .

2In Fig. 2, each element is visualized with its polarity; for example, if
an element of ��Æ has positive (negative) value, it will be visualized as a
��Æ (���Æ � ��Æ � ���Æ) line segment.

���� �������	 
������

According to the procedure in Sections 3.2 and 3.3, the
most conspicuous character pattern maximizing �� was se-
lected for each of 26 letter categories (“A” to “Z”). During
the selection, the threshold � was fixed at 0.4, which was
determined experimentally.

Figure 3 (a) shows the most conspicuous character pat-
tern of all categories. Round-shaped characters were se-
lected as the conspicuous character patterns. This is because
the direction code histogram of a round-shaped character
has almost zero-value elements around the center area and
thus is different from, especially, the bases �

�
and �

�
of

non-character subspace. Consequently, ��
�

becomes large
and thus �� becomes large for the round-shaped characters.

It will be important to note that the conspicuous pattern is
not limited to the pattern of Fig. 3 (a). Actually, the pattern
of second-place was a similar round-shaped font. There-
fore, we can use various round-shaped fonts as conspicuous
patterns.

Figure 3 (b) shows the least conspicuous character pat-
tern, which has the minimum �� value by a small ��

�
.

Those characters often have a direction code histogram sim-
ilar to one of the basis of non-character subspace. Thus
���

� ��
�

becomes large and, equivalently, ��
�

becomes
small.
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(a)

(b)
Conspicuous

 patterns

Inconspicuous
 patterns

(c)

Figure 5. Character detection results on three different scenery images. From left to right: original
scenery image with the most conspicuous and the least conspicuous character patterns (of Fig. 3 ),
the locations of those patterns, detected areas, and the detected areas superimposed on the scenery
image.

Figure 4 shows the most and the least “fontsets.” That
is, the sum of the conspicuousness �� of all 26 categories
from a fontset was used as criterion on selecting the most
conspicuous fontset. (In Fig. 3, this selection was done at
each individual letter.) While the most conspicuous fontset
is very round and bold, the second most is rather natural and
popular. It is interesting to note that even this natural fontset
can be more conspicuous than other “gaudy” fontsets.

���� ���������	
 
	��������

Actual easiness of detecting the selected conspicuous
patters was examined. As shown in the leftmost figures
in Fig. 5, the most conspicuous patterns were printed on
a paper sheet and put in scene. Similarly, the least conspic-
uous patterns were also printed and put in the scene. The
detection was performed by exhaustive search; the conspic-
uousness �� was evaluated at all possible square windows,
���. Note that the size of square areas was also varied
during the search. If �� is larger than a threshold Æ on

a square window �, we can consider that a conspicuous
character pattern exists within �. Note that for each result,
the threshold Æ was set at its optimal value in the sense that
they give the maximum � -measures. (The definition of � -
measure will be given later.)

Figure 5 (a) verifies that the most conspicuous patterns
are really conspicuous; almost all the conspicuous patterns
were detected successfully. (Only “B” was not detected
here.) In addition, there are very few false alarms. This
promising result indicates the importance of designing con-
spicuous patterns for the detection problem. Another im-
portant fact is that none of the least conspicuous patterns
was detected. This fact is also promising because it proves
the conspicuousness is very stable even in real scene.

Figures 5 (b) and (c) still verify the usefulness of the con-
spicuous patterns in very complex backgrounds. In (b), the
conspicuous patterns were successfully detected regardless
of the sizes. In (c), the conspicuous pattern were printed
in different colors. Since the assumed feature (the direction
code histogram) is affected by neither color nor intensity,
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Table 1. Maximum � -measure on detecting
conspicuous patterns.

criterion �� ��
�

��
�

� -measure 0.73 0.39 0.60

Ground truth

Detected area

Miss detection

False detection

Detection result

Evaluation

Figure 6. Quantitative evaluation method.

the colored conspicuous patterns were detected without ob-
vious degradation. It is interesting to note that most charac-
ters in the backgrounds were not detected successfully. This
also indicates that the characters designed to maximize their
conspicuousness are very privileged patterns in the detec-
tion problem.

���� �����	���	
� �
�����	�

Quantitative evaluation of detection accuracy was done
by the evaluation method shown in Fig. 6. Specifically,
detection accuracy was evaluated by false detection rate
� � ����� �� and miss detection rate 	 � 
�� , where

� �: the area of the entire image,

� � : the area of the ground truth (i.e., the area of the
conspicuous character region) shown as a rectangular
by dotted line,

� 
: the area of the miss detection, shown as a black-
filled region, and

� � : the area of the false detection, shown as a hatched
region.
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Figure 7. ROC curve on detecting conspicu-
ous patterns.

(a)

(b)

Figure 8. Most conspicuous patterns se-
lected under different criteria: (a) ��

�
. (b) ��

�
.

Figure 7 shows the ROC curve (i.e., the relation of � and
	 under different Æ values) on the detection of the conspic-
uous character patterns selected by ��. The ROC curve
becomes L-shaped one and thus indicates that the conspic-
uous character patterns can be detected accurately without
false detection and miss detection.

Detection accuracy is also evaluated by the maximum
of � -measure, which is defined as the harmonic mean of
recall � � �� � 
��� and precision � � �� � 
�� ,
i.e., � � ������ � ����, where  is the area of the de-
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Figure 9. Detection results under different criteria: (a) ��
�

. (b) ��
�

.

tected region. The larger � -measure becomes, the better
detection accuracy is. This is because a larger � -measure
indicates that both of recall and precision could have better
compromise. Table 1 shows that the maximum � -measure
was 0.73 for ��. The goodness of this value will be under-
stood through the comparative study in the next section.

���� ������	
 ���
����

Conspicuous patterns can be selected by using simpler
criteria, such as ��

�
(farness from non-character pattern dis-

tribution) and ��
�

(closeness to character pattern distribu-
tion), instead of their combination ��. Figure 8 shows font
patterns selected by using those criteria. The selected fonts
are almost different from the fonts in Fig. 3, where �� was
used.

Figure 9 shows the detection results of those conspicuous
patterns from scenery images. In those results, the threshold
Æ was fixed at its optimal value the sense that it gives the
maximum � -measures. Comparing to Fig. 5, we can see
far more miss detections in those results. Thus, the results
indicate the usefulness of �� over simple ��

�
and ��

�
. This

fact is confirmed by the ROC curves for ��
�

and ��
�

in Fig. 7
and � -measures in Table 1.

5. Conclusion

Like OCR/MICR fonts for easier character recognition,
conspicuous character patterns were newly introduced for
easier character detection in scenery images. This paper has
discussed the approach of the conspicuous character pat-
tern and detailed a systematic methodology of selecting the

most conspicuous character font among various candidate
fonts for a certain detection scheme. The actual conspicu-
ousness of the selected pattern was confirmed qualitatively
and quantitatively through several experiments; their detec-
tion was very easier than the detection of other characters.

This paper is the first attempt at developing conspicu-
ous character patterns and therefore there are many future
works. In this paper, we first assume a detection scheme
and then design the conspicuous pattern for the scheme. In
future, simultaneous design of the detection scheme and the
conspicuous pattern should be investigated. Another future
work is the systematic creation (synthesis) of the most con-
spicuous pattern instead of selection. For this future work,
some parametric font-shape models will be necessary.
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Abstract

Toward realization of “writing-life-log,” a camera-based
handwriting pattern acquisition system is proposed. The
camera is attached around the tip of a popular pen and cap-
tures frame images around the pen tip continuously. Our
problem is the reconstruction of the entire handwriting pat-
tern by video-mosaicing of those frame images with per-
spective registration of consecutive frames. A key idea is
to use microscopic structure of paper surface, called pa-
per fingerprint, for the registration. Specifically, perspec-
tive transformation is estimated by using correspondence of
SURF keypoints extracted on paper surface. Since the pre-
cise structure can be captured stably as the SURF keypoints
from the pen-tip camera, thus it is possible to expect accu-
rate registration of video frames.

1. Introduction

Pen and paper have been used as one of the most long-
lived and familiar media for information generation and
storage. In fact, we often make handwritings on papers or
other materials (Fig. 1) even though we get used to using
computer and keyboard. Most students still use notebook
to store their knowledge. Simple pocket notebook is still a
good rival of intelligent PDA.

The goal of this research is realization of “writing-life-
log,” which is a system of acquiring our daily handwritings
automatically captured through a video camera attached
around the tip of a popular pen (e.g., a ball-point pen) and
then storing them into database. The system enables us to
review our past memos on papers, even if the papers are
lost. Moreover, if any character recognizer is incorporated
into the system in future, it enables us to search our daily
handwritings on papers.

For this goal, this paper tackles a novel task of recon-
structing an entire handwriting (or, equivalently, estimat-
ing the motion of the pen-tip) from video frames where the

Figure 1. Handwritings everywhere.

handwriting is captured fragmentarily. This reconstruction
process is based on so-called video-mosaicing [1], which is
comprised of four steps: (i) extraction of keypoints at each
frame image, (ii) determination of keypoint correspondence
between every two consecutive frames, (iii) estimation of
geometric (often perspective) transformation between the
frames, and (iv) registration of the frames after compensat-
ing the geometric transformation.

For accurate video-mosaicing without any special re-
quirement for paper, we will utilize the microscopic fiber
structure of paper surface, called paper fingerprint [2] 1.
Thus, we will fully utilize background instead of foreground
(i.e., handwriting patterns of black ink strokes). Recent
camera technologies enable us to capture the paper finger-
print clearly even by a very small and cheap CCD camera.
If it is possible to extract keypoints (e.g., corner points and
edge points) from the paper fingerprint stably, they can be
used as good keypoints of video-mosaicing.

The two main contributions of this paper are summarized

1The name of paper fingerprint (“fiber fingerprint” in [3]) is derived
from the document identification system based on the microscopic struc-
ture of paper surface. For example, Fuji Xerox has developed XAYA [2]
where paper fingerprint captured by a scanner is compared with stored
paper fingerprints to examine their identity. More recently, Clarkson et
al. [4] have developed a more sophisticated system where 3D paper sur-
face is reconstructed from multiple scanning results and utilized for paper
identification.
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camera

Figure 2. Pen-tip camera.

Figure 3. Image from pen-tip camera.

as follows:

� It is shown experimentally that the entire handwriting
pattern on a paper can be reconstructed by mosaicing
video frames from a pen-tip camera.

� It is shown that paper fingerprint is useful for the re-
construction. To the authors’ best knowledge, paper
fingerprint has only been utilized only for paper iden-
tification tasks [2, 4] and not for the reconstruction of
handwriting patterns by pen-based interfaces.

The remaining of the paper is organized as follows. After
a brief review of related work in Section 2, the principle
of recovering a handwriting pattern from video frames is
outlined in Section 3, and then detailed in Section 4. In
Section 5, reconstruction results are shown to observe their
accuracy.

2. Related Work

There are several past attempts on pen-tip camera. An-
oto pen [5] will be the most famous pen-device with a pen-
tip camera. It assumes a special paper where small dots
are printed in advance. The dot pattern printed around a

position on a paper represents not only the absolute ��� ��-
position but also the ID of the paper. Thus, by capturing
the dot pattern from the pen-tip camera, it is possible to
estimate the motion of the pen-tip camera and thus to re-
construct handwriting patterns. A similar idea can be found
in [6]. The proposed system is not necessary to assume any
special paper for the reconstruction.

Arai et al. [7] have proposed PaperLink, which is a
marker pen with a pen-tip camera. When marking a docu-
ment, the camera captures the marked part automatically. If
the marked part is captured by the camera again, the system
recognizes the marked part and launches some predefined
function. PaperLink is an interesting trial to link the real
world (a paper document) to a cyberspace, while its purpose
is not focused on reconstruction of the handwriting.

The proposed system is similar to optical mouse, which
can estimate its motion by measuring the displacement of
microscopic surface images of workbench. However, there
are still big differences between optimal mouse and the pro-
posed system; optical mouse is disturbed by neither various
lighting environments nor perspective distortion nor (self-
)occlusion. Thus, motion estimation of optical mouse is far
easier than that of the pen-tip camera.

Seok et al. [8] have proposed a camera system which
tracks a pen-tip in video frames from an “overlooking” cam-
era. That is, the camera is fixed in the environment and not
attached to the pen. This is a reasonable setup under the
condition that target papers are always placed on the same
area (such as a desk). The proposed system will relax the
condition so that we can make handwritings at arbitrary lo-
cations in our daily life.

3. Overview of the Proposed Method

Figure 2 shows the pen-tip camera used in this paper. A
micro-CCD USB camera (Asahi-Denshi Co., ACB-U04II)
captures images around the pen-tip. The distance between
the paper surface and the camera was around 1.5cm. The
camera outputs non-interlace non-compressed video frames
with 30fps. Figure 3 shows a frame image from the pen-tip
camera. In addition to a black ink stroke, microscopic paper
fingerprint can be observed here.

Video-mosaicing is employed for reconstructing an en-
tire handwriting from the video frames. For example, by
video-mosaicing, the video frames of Fig. 4 are superim-
posed into a single big reconstructed image of “0.” As
noted before, video-mosaicing is comprised of four steps.
In this paper, (i) keypoints are extracted by the SURF algo-
rithm [9], (ii) keypoint correspondence between consecu-
tive frames is determined by the nearest neighbor matching
of SURF keypoints, (iii) perspective transformation is es-
timated by RANSAC [10], and then (iv) the frames after
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Figure 4. Frame image sequences on writing a digit pattern, “0.” (They are shown every 6 frames.)
Note that at several frame images, the handwriting pattern is occluded by the pen-tip.

Figure 5. Image from pen-end camera.

compensating the perspective transformation are superim-
posed. Those steps are to be detailed in the later sections.

Note that, since the camera is fixed on the pen, the pen-
tip is always seen at the same position in every frame image
regardless of pen position, pen motion and pen posture (tilt
and rotation). This fact can be confirmed by Fig. 4, where
the pen-tip area is always seen around the left-top corner in
all the frame images.

Although we will persist in using a pen-tip camera
throughout this paper, we can consider to use a pen-end
camera. The pen-end camera has a merit that it may capture
the entire handwriting pattern within a single frame image.
That is, video-mosaicing may not be necessary for the pen-
end camera. In [11], a pen-end camera is used for estimat-
ing the pen posture and position by using the text contents

which are printed on a paper document and stored in the
system in advance.

The pen-end camera, however, also has a demerit that
the handwriting pattern is heavily occluded by the hand as
shown in Fig. 5. In addition, the ego-motion of the pen-end
camera will be far larger than that of the pen-tip camera,
and therefore larger-scale motions should be estimated with
difficulties. Consequently, we will reconsider the pen-end
camera in our future work as a complement of the pen-tip
camera.

4. Detail of Video Mosaicing

���� �����	
� ������	�
 ��� ���� �
���
�	
�

There are two possible “clues” for mosaicing video
frames from the pen-tip camera: the foreground pattern
(i.e., the handwriting pattern drawn as a black ink stroke)
and the background pattern (i.e., paper fingerprint). As
noted before, we will use paper fingerprint as the clue of
the proposed method. This is because of the following two
advantages of paper fingerprint over handwriting pattern:

� Avoidance of occlusion. If the pen-tip moves down
from the current position in Fig. 3, the resulting black
ink stroke will be totally occluded by the pen in the
succeeding frame images. This fact also can be con-
firmed by the images of latter frames in Fig. 4. Thus,
by observing the black ink stroke, the estimated pen-
tip motion may become erroneous. In contrast, paper
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Figure 6. SURF keypoints on a frame image.

fingerprint can be always observed (except for a small
part occluded by the pen-tip) and thus free from this
occlusion problem.

� Avoidance of aperture problem. If the pen moves
linearly to draw a long straight line, frame images
are misrecognized as “still” frames showing the same
straight handwriting pattern. Thus, it is difficult to
judge whether the pen moves or stops. This is so-called
the aperture problem on motion estimation. In con-
trast, it is possible to judge it correctly by observing
paper fingerprint. That is, if the pen moves, the paper
fingerprint also moves.

From paper fingerprint, keypoints are determined and
represented by a certain feature vector. The feature should
be rotation and scale invariant to have stable keypoint cor-
respondence under pen rotation and pen tilt. The feature
should also be robust to lighting condition change by, for
example, the shades of the pen-tip or the hand.

Among various keypoint detection and representa-
tion algorithms, we choose the SURF (Speed-up Robust
Features[9]) algorithm, which extracts keypoints and de-
scribes them as rotation, scale, and intensity invariant fea-
ture vectors. SURF is a fast version of SIFT (Scale-
Invariant Feature Transform). SURF extracts keypoints by
using efficient Haar wavelet instead of the DoG operator.
Note that we can choose other detection and representation
algorithms, such as FAST [12] and DAISY [13]. Keypoints
specialized for paper fingerprint will be an interesting re-
search topic.

Figure 6 shows the extracted SURF keypoints on a frame
image. Each keypoint is depicted as a circle whose radius
represents the estimated scale of the keypoint. Many key-
points appear on paper fingerprint, while they also appear
around the black ink stroke.

Figure 7. Keypoint correspondence between
two consecutive frames.
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The keypoint correspondence between consecutive
frames (say, the �� � ��th frame and the �th frame) can be
determined by searching for pairs of SURF keypoints with
very similar feature vectors. This search is simply realized
by some nearest neighbor search and a thresholding opera-
tion on the difference of feature vectors; if the feature dif-
ference between a keypoint on the �th frame and its nearest
neighbor keypoint on the �� � ��th frame is smaller than a
fixed threshold, those keypoints are considered as a corre-
sponding pair.

Figure 7 shows an example of keypoint correspondence
between two frames. Each corresponding pair is connected
by a line. Keypoints of the same position are often con-
nected correctly and therefore it is shown that SURF-based
matching of paper fingerprint is quite accurate. It is also
shown that there are several erroneous corresponding pairs.
In the next section, those erroneous pairs are excluded as
possible.

���� ���	���	�
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For flat documents, two consecutive frames captured by
the pen-tip camera can be registered accurately with a per-
spective transformation. Thus, it is necessary to estimate the
most reliable perspective transformation by using the corre-
sponding keypoint pairs. If this estimation is performed for
every consecutive frame pair, it is possible to superimpose
all the frames to have the final mosaicing result, that is, the
entire handwriting pattern.

As noted in Section 4.2, there are erroneous correspond-
ing pairs. Estimation results by LMS-like techniques are
heavily degraded by those erroneous pairs, i.e., outliers.
Unfortunately, those erroneous pairs are almost inevitable
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Figure 8. (Upper) Numeral written on paper and (lower) its reconstruction result.

because paper fingerprint is a very delicate texture and eas-
ily distorted by pen-tilt, pen-rotation, motion blur, etc.

RANSAC [10] is employed in order to suppress the ef-
fect of the erroneous pairs during the estimation of the per-
spective transformation. RANSAC is a robust estimation
method where perspective transformation is initially esti-
mated from a small number of corresponding pairs and then
evaluated by the “consensus” of the remaining correspond-
ing pairs. After repeating this evaluation while changing

corresponding pairs for the initial estimation, the best per-
spective transformation (i.e., the transformation with the
widest consensus) is selected.

In addition to the use of RANSAC, the following three
considerations are made to improve the estimation accuracy
and the reconstruction result:

Keypoint removal on pen-tip area: The keypoints on the
pen-tip area are removed in advance. Since the pen-tip
area is always seen at the same position regardless of
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pen motion, thus the corresponding keypoint pairs on
the pen-tip area are erroneous. (They wrongly indicate
that there is no pen motion between the frames.) By
simply removing the keypoints of the (known) pen-tip
area, their effect can be suppressed easily.

Keypoint removal around pen-tip: The keypoints
around the pen-tip area are removed in advance. Our
mosaicing task deal with a “dynamic” target where
a handwriting pattern grows frame by frame. Thus,
the handwriting pattern of the �th frame has a new-
born part around the pen-tip area and the part has no
corresponding part on the handwriting pattern of the
�� � ��th frame. By removing the keypoints around
the pen-tip area, it is possible to avoid erroneous cor-
responding pairs on this part.

Skipping less reliable frames: The frame images with
less reliable perspective transformation are skipped
when superimposing frame images. Even though
above two considerations, we still have erroneous esti-
mation of perspective transformation. This erroneous
estimation at the �th frame can be detected by check-
ing how the estimation differs from that at the �����th
frame; since the pen motion is generally smooth, this
difference should be small. If a large difference is
found, the estimation at the �th frame is discarded and
the perspective transformation is then estimated be-
tween the ��� ��th and �� � ��th frame.

5. Experimental Results

���� �����	
���
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In order to observe the accuracy of reconstructed hand-
writing patterns, video frames of writing a digit (“0”�“9”)
were captured from the pen-tip camera of Fig. 2. A popu-
lar recycle paper was used in the experiment. The size of a
written digit was about 2.0cm�1.5cm on average. Writing
speed will be discussed later.

Figure 8 shows the mosaicing results and their ground-
truth, that is, the handwriting pattern on the paper. For
showing the reconstructed handwriting pattern clearly, the
small white circles representing the pen-tip position on each
frame image are plotted on the mosaicing results. While the
reconstructed handwriting patterns become slightly jaggy,
they are accurate enough to show the original handwriting
pattern. These results, consequently, indicate the validity of
the paper fingerprint on our mosaicing task.

It was also shown that the occlusion problem noted in
Section 4.1 could be avoided by the use of paper fingerprint.
The video frames of Fig. 4 are the digit pattern “0” of Fig. 8.
As shown in Fig. 4, the black ink stroke is often occluded by
the pen-tip area and thus it is impossible to reconstruct the

Figure 9. Reconstruction results on card-
board paper (left) and glossy photo-print pa-
per (right).

handwriting pattern “0” by using the black ink stroke as the
clue of video-mosaicing. In contrast, “0” was reconstructed
successfully by the paper fingerprint as shown in Fig. 8. It
is interesting to note that the start and the end points of “0”
were located very closely like the original handwriting pat-
tern. This fact also indicates good accuracy of the proposed
system.

���� ����
 �� ����� 
���

Figure 9 shows reconstruction results under various pa-
per types. A good reconstruction result was obtained on the
cardboard paper because the cardboard paper has a rich pa-
per fingerprint. In contrast, a poor reconstruction result was
obtained on the glossy photo-print paper. This result was
due to heavy reflection and less textured paper surface.

���� ��
�� 	����

In this experiment, writing speed was kept rather slow. In
fact, the number of frames was about 120. Since the frame
rate was 30fps, it took 4s for writing a digit on the 2.0cm
�1.5cm area. This slow writing was necessary for avoiding
motion blur, which destroys paper fingerprint. Figure 10
shows corresponding keypoint pairs under motion blur.

It is important to note that the weakness against motion
blur does not prevent the possibility of the pen-tip camera
for capturing paper fingerprint at all. Nowadays, high-speed
cameras, which are free from motion blur, are available eas-
ily (� �� ���USD) and thus we can expect that its micro
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Figure 10. Corresponding keypoint pairs un-
der motion blur.

version will also be available soon. In fact, recent optical
mouse devices are already furnished with a very high-speed
camera (often over 1500fps!).

���� �������	 
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���
� �����

Figure 11 shows the number of keypoint pairs and
skipped frames on writing a star symbol. On the graph, the
vertical green lines indicate skipped frames, that is, less reli-
able frames. Roughly speaking, when keypoint pairs are not
many, less reliable perspective transformation is estimated.
From the principle of RANSAC, this relation is quite possi-
ble.

A small number of the skipped frames will not affect re-
construction results because the remaining frames (which
will have large overlaps with the skipped frames) will
complete the reconstruction. A larger number of skipped
frames, however, are not negligible. A remedy to reduce
the skipped frames is to increase keypoint pairs by remov-
ing motion blur (as noted in Section 5.3), enhancing paper
fingerprint by some image processing, and so on.

6. Conclusion

It was examined to reconstruct handwriting patterns
from video frames captured by a pen-tip camera. Video-
mosaicing was performed for the reconstruction, while uti-
lizing paper fingerprint, that is, a microscopic fiber structure
of paper surface. Specifically, as the clue for the registration
of consecutive frame images, SURF keypoints of paper fin-
gerprint were utilized instead of ink stroke. It was showed
experimentally that we could have good reconstruction re-
sults without any serious degradation by the proposed sys-
tem.

This is the first trial on examining possibility of pen-tip
camera and paper fingerprint and therefore there are many
future work.

Figure 11. The number of keypoint pairs and
skipped frames on writing a star symbol.

1. Image enhancement should be examined to have more
reliable keypoints from paper fingerprint. Especially,
it will be useful to detect stable keypoints on/around
black ink strokes by the enhancement.

2. The strategy of video-mosaicing can be improved. In
this paper, we used a frame-by-frame strategy; thus,
accumulated registration errors degrades reconstruc-
tion accuracy in latter frames. Bundle-adjustment for
improving perspective transformations among multi-
ple frames simultaneously will be a possible remedy;
by searching for corresponding SURF keypoint from
not only the latest frame but also past frames [14, 15],
it is possible to grasp the correct geometric relations
among multiple frames.

3. Removal of motion blur is an important future work.
The most solid remedy will be deblurring. It may be
possible by using ink stroke [16]. A more simple and
straightforward remedy will be to use a high-speed
camera. As emphasized in Section 5.3, we can ex-
pect that commercial micro high-speed cameras will
be available soon.

4. The extension to deal with multiple-stroke handwriting
patterns is necessary. Bundle-adjustment will be useful
again. The combination with a pen-end camera may
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be also be useful to capture global structure of multi-
stroke patterns.
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