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Abstract 

 
Photo documents, documents digitized with portable 

digital cameras, often are affected by non-uniform 
shading. This paper proposes a new method to remove 
the shade of document images captured with digital 
cameras followed by a new binarization algorithm. 
This method is able to automatically work with images 
of different resolutions and lighting patterns without 
any parameter adjustment. The proposed method was 
tested with 300 color camera documents, 20 synthetic 
images with ground truth lighting pattern and 
grayscale images of the dataset of CBDAR 2007 
dewarping contest. The results show that the new 
algorithm proposed here works in a wide variety of 
scenarios and keeps the paper texture of the original 
document. 
 
1. Introduction 
 

Use of portable digital cameras for the digitalization 
of documents is a new research area. Such images, 
called photo documents, often have non-uniform 
shading, perspective distortion and blur. Fixing these 
distortions improves image readability and increases 
OCR accuracy rates. A new method for shading 
removal and binarization of photo documents is 
proposed in this paper. 

For shade removal, Tan et al [12] proposes a 
scheme for scanned document images when the 
shading appears as a result of documents not being 
perfectly positioned on the scanner flatbed, due to book 
binding for instance. The variation in the illumination 
pattern can be modeled as a light source, which is 
found by a Hough transform. Reference [13] identifies 
document boundaries and assumes that the document 
has a rectangular shape; this a priori knowledge is 
used to remove image warp and shading. 

Several papers in the literature attempt to remove 
shading by using 3D model obtained with special setup 
such as in [1], these alternatives are not portable. 

Non-uniform shading requires adaptative 
binarization, first approaches use a sliding window 
around every image pixel to measure pixel threshold. 
Niblack’s approach [8] uses equation (1) to calculate 

the pixel threshold, where � and � are the mean and 
the standard deviation of pixels in the window around 
the current pixel, and � is a constant value in [-1,0). It 
was improved by Sauvola [10] using equation (2) with 
same � and �; constant � set in (0,1] which controls 
the standard deviation contribution to the threshold; 
constant ����� set according to image contrast. � 	 � 
 � � � (1) 

� 	 � � � 
 � ��� � �� (2) 

Reference [4] estimates the document background 
by a polynomial surface approximation of grayscale 
images. The surface is used to remove shading 
followed by binarization using a global threshold. This 
idea is also used in method proposed herein, with the 
advantage of shading removal of true color images. 
 
2. The proposed method 
 

For document images, two assumptions can be 
made [12]: the book surface has lambertian reflection 
(i.e. the specular index is too low) and it has non-
uniform albedo distribution. With these assumptions, 
the image of the paper background has a constant value 
of intensity (���), independent of the location of the 
viewer if illuminated by the same amount of light. As 
the image is the result of reflected light (��) at arbitrary 
levels, one can express light variance by ratio (3): ����� �� �������� �� �� 	 ���� �� ��� ���� � ���  � !"� (3) 

The goal of the proposed method is to calculate the 
value of ������ �� �� for all pixels in an image by 
assuming that the document background (paper) has 
one predominant color which is not uniform in the 
image due to illumination variance. 
 
2.1. Narrow Gaussian Blocks 

 
When observing a small area of the document one 

may notice that when this area belongs to the document 
background the histogram on all components have a 
“Narrow Gaussian shape” as depicted in the Figure 1.a. 
As other elements of the document are present, the 
histogram starts to be spread as can be seen on Figure 
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2.3. Finding background blocks 
 
Now, the gathered information is a set of NGBs. 

The aim is to split into NGBs regions with little color 
variation; one of these will be the document 
background as will be described in this section. 

The main criterion is to put together pairs of NGBs 
neighbors with background component-wise difference 
of its color less than a threshold (Tneighbor) into the 
same region. If this threshold is set too low it can yield 
a false-negative classification of similar neighbors. 
Otherwise, the threshold is set if too high it blurred text 
areas can be set as part of document background. This 
work assumed Tneighbor set to 5. Considering the 
component values in [0,255], the flood-fill algorithm 
with the whole procedure is showed bellow: 
B: Set of all NGBs 
Q: Queue used by to flood-fill 
N: Closest NGBs used  
Tneighbor: Threshold for BDmax value 
BDmax(b1,b2): max(|b1.red-b2.red|,|b1.green-

b2.green|,|b1.blue-b2.blue|) 
for every element b of B do 

If element b was not visited then 
Q <= {b}; 
while Q is not empty 

q = first(Q); 
q visited state is set true; 
Q = Q – {q}; 
N <= NGBs of every 8-direction 

closest to q 
Remove visited NGBs from N 
For every element n of N 
 If (BDmax(n,q) < Tneighbor) then 
  Q = Q + {n}; 
 end if 
end for 

end while 
end if 

end for 

Once the regions are identified, it is needed to select 
the one that represents the document background. As 
no assumptions are made about the image structure, 
two criteria are used to select the region as the 
document background: the percentage of NGBs of the 
region; quantity of NGBs in the center of the image, 
which is defined as a rectangle with dimensions 

�9:.;<9=>?
@ � 9:.;?A9.?>

@ � centered on the intersection of 

the diagonals of the image. 
If there exists a region with more than 15% of all 

NGBs and most blocks in the rectangle of image 
center, this region is set as document background seed 
(DBS). Otherwise, the region with most NGBs is set as 
the DBS. 

The computational complexity for the first part was 
found to be proportional to the number of blocks as 
each NGB are visited exactly one time. Considering 
memory usage, in the worst case the queue contains all 
the blocks in the image. A more efficient flood-fill and 

component labeling procedures could also be used but 
they are more complex to implement, an example can 
be found in [7]. Region statistics for the second part 
can be computed while executing pseudo-code 
presented, which has a computational complexity 
proportional to the number of blocks. 

 
2.4 Interpolation of non-background blocks 
 

Once the DBS is found, the color values of the non-
DBS blocks must be estimated. These NGBs are 
arbitrarily located, so a classical interpolation method 
(bilinear, bicubic etc) cannot be used. 

A new approach is proposed similar to iterative 
dilation; where at every iteration the background 
regions are expanded, the color of the blocks are 
computed by the weighted average of its neighboring 
blocks. This process stops when all blocks have their 
color defined. The pseudo-code with this process is 
presented below; Figure 6 illustrates an example of it. 
BGs: set of background with color set 
B: set of currently expanding blocks 
Q: set of expanding blocks of next iteration 
BGs <= all blocks in DBS 
//initial fill of B set 
for every element n of BGs do 

for every m 8-neighboor of n and not in BGs 
B <= B + {m}; 

end for 
end for 
//algorithm iteration 
do 

Q <= empty set; 
for every element b of B do 

Set color value of b to weighted sum 
of BGs 8-neighboors, where the weight 
equals neighbor distance inverse; 

For every n that are 8-neighboor of b 
and is not in Q or BGs 
Q <= Q + {n}; 

end for 
end for 
BGs = BGs + B; B <= Q; 

until B is empty 

  

  

 

 

Figure 6. Interpolation iterations process 

Observe that each non-DBS block is filled once, 
thus the computational complexity is proportional to 
the number of blocks. 

Figure 7.a presents a synthetic image, Figure 7.b its 
lighting pattern ground truth. The result of the 
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processing described in section 2.3 is presented in 
Figure 7.c, with pure white blocks as non-DBS blocks; 
Figure 7.d shows the predicted background, note that 
the background is estimated for the whole image. 

a. b. 

c. d. 
Figure 7. Background estimation: synthetic image (a); 

ground truth (b); DBS (c); estimated (d) 

 
3. Shading Removal 
 

Observing equation (3), ������ �� �� values for the 
document background color should be constant for 
every RGB component, hence������� �� �� 	 ������. It is 
estimated by calculating the component-wise mean of 
the DBS blocks and locating the closest DBS block to 
this mean. 

The only unknown value is ������ �� �� for every 
pixel in the image. It is calculated using equation (5) or 
(6), where BC���� �� �� and BC�����, denotes ����� �� �� 
and ������ �� �� of estimated document background, 
respectively; ���, ��, BC�� and BC��are in [0,255]. 

Eq. (5) is only applied for the case when ����� �� ��DBC���� �� �� is less than 1. Whenever greater, the ratio 
is difficult to represent as it is in (1,E], negatives are 
used instead, so ���F� �� ��GGGGGGGGGGGGDBC��F� �� ��GGGGGGGGGGGGGG  is in [0,1). 
When ����� �� �� 	 BC���� �� ��, both eqs. (5) and (6) 
yields BC�����, thus it is used in this case. No floating 
point is required as numerator may be computed first 
followed by an integer division.  

������ �� �� 	 BC�����BC���� �� �� ����� �� �� (5) 

������ �� �� 	 H BC���F�GGGGGGGGGG
BC��F� �� ��GGGGGGGGGGGGGG ���F� �� ��GGGGGGGGGGGGIGGGGGGGGGGGGGGGGGGGGGGGGGGGGGG

 (6) 

J�F� �� ��GGGGGGGGGGG 	 KLL � J��� �� �� (7) 

a. b. 
Figure 8. Shade removal: original image (a); result (b) 

4. Document Binarization 
 

Once shade is removed, binarization can be done by 
a global threshold approach [4]. Although, by applying 
it to the grayscale enhanced image purely yields poor 
results as camera documents may contain undesired 
objects around document disrupting the histogram, 
which is input for global threshold algorithms. 

In Figure 7(c) the non-DBS blocks (in white) can be 
separated in two types: text blocks (TB) and image 
bordering blocks (IBB). Regarding these categories 
one may see that most TBs are surrounded by DBS 
blocks gathered on section 2.3. A process to identify 
IBBs is described in the pseudo-code below, and it can 
be summarized by a search starting at every block in 
the image border towards the opposite direction 
looking for a DBS block, until it is not found the 
intermediary blocks are set to be IBBs. Observe that 
the computational complexity in the worst case is 
proportional to the number blocks, but in the cases 
where the document borders are close to the image 
borders the complexity approaches the sum of the 
dimensions of the image. 
I: Number of block columns in the image 
J: Number of block lines in the image 
B: bidimensional array of image blocks. B(0,0) 

means upper left block; B(I,J) lower right 
Initially all blocks are NOT IBBs 
for every i varying from 1 to I 

execute findBorderBlocks(i,0,right); 
execute findBorderBlocks(i,J,left); 

end for 
for every j varying from 1 to J 

execute findBorderBlocks(0,j,down); 
execute findBorderBlocks(I,j,up); 

end for 
procedure findBorderBlocks(i, j, dir) 

//while stops when first DBS block is found 
while ((B(i,j) is not DBS block) 

6



B(i,j) is set as IBB 
//move i or j to given dire
if dir = left then j = j - 
if dir = right then j = j +
if dir = up then i = i - 1;
if dir = down then i = i + 

end while 
end procedure 
 

a. 
 

b. 
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5. Results 
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12.a Savoula’s algorithm does not bin
where in 12.c new method does. R
version is illustrated in Figure 12.c. 

a. 

c. 
Figure 11. Comparison: original (a); S

shade removal (c); new binarization 

a. 

c. 
Figure 12. Processing results: original 
new shade removal (c); new binarizatio
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a. 

c. 
Figure 13. Background estimation
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Notice that for all presented metrics
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Table 3 – Comparison between bina

using the original images and the p

    Min Max M

O
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u 
(o
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 E 0.5% 35.8% 
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O
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u 
(p
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RC 69.5% 99.7% 
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FM 77.2% 94.7% 

S
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-e

t-
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(o
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 E 0.6% 9.0% 
RC 28.7% 100.0% 6
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S
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t-
al
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Table 4 – Savoula’s approa
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a. 
Figure 15. dsc00626 Bi
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ach Metrics 
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85.7% 4.7% 

b. 
narization: 

la (b) 
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c. 

e. 
Figure 15. (cont.) without shading (c); 
with Otsu (d); new binarization with Me

binarization with Silva et a

 
6. Conclusions and Lines for Fu
 

This paper showed new schemes fo
removal and binarization of document
portable digital cameras. The perfo
shading removal algorithm was compa
pattern with ground truth and with 
images, which provided good and fast (
floating point operations) results for a 
scenarios using only the captured imag
the binarization algorithm introduced
with one of the most used local algo
same 300 images and CBDAR2007 de
it proves to cover more scenarios 
method. 

Some of the images in CBDAR 2
dataset exhibit a light back-to-front inte
(bleeding). The binarization of photo 
strong back-to-front interference is 
further work. 
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Abstract

This paper proposes COCOCLUST, a contour-based

color clustering method which robustly segments and bina-

rizes colored text from complex images. Rather than op-

erating on the entire image, a ‘small’ representative set of

color pixels is first identified using the contour information.

The method involves the following steps: (i) Identification of

prototype colors (ii) A one-pass algorithm to identify color

clusters that serve as seeds for the refining step using k-

means clustering (iii) Assignment of pixels in the original

image to the nearest color cluster (iv) Identification of po-

tential candidate text regions in individual color layer and

(v) Adaptive binarization. We propose a robust binarization

technique to threshold the identified text regions, taking into

account the presence of inverse texts, such that the output

image always has black text on a white background. Exper-

iments on several complex images having large variations

in font, size, color, orientation and script illustrate the ro-

bustness of the method.

1. Introduction

The use of digital cameras for image acquisition has en-
abled human interaction with any type of document in any
environment. In addition to imaging hard copy documents,
digital cameras are now used to acquire text information
present in 3-D real world objects such as buildings, vehi-
cles, road signs, billboards and T-shirts rendering the im-
ages more difficult for any recognition task. Such camera-
captured documents are generally characterized by varying
illumination, blur, perspective distortion and deformations.
Moreover, large variations in font style, size, color, orien-
tation and layout pose a big challenge to document anal-
ysis. Conventional optical character recognition engines
meant for document images obtained using flat-bed scan-
ners fail on images acquired by this promising mode. Spe-

cialized techniques are required to deal with these problems.
Thus, research on camera-based document image analysis is
growing [4].

In most document processing systems, a binarization
process precedes the analysis and recognition procedures.
It is critical to achieve robust binarization since any error
introduced in this stage will affect the subsequent process-
ing steps. The simplest and earliest method is the global
thresholding technique that uses a single threshold to clas-
sify image pixels into foreground or background classes.
Global thresholding techniques are generally based on his-
togram analysis [6, 9]. It is simple, fast and works well
for scanned images that have well-separated foreground and
background intensities. Camera-captured images often ex-
hibit non-uniform brightness because it is difficult to control
the imaging environment unlike the case of the scanner. The
histograms of such images are generally not bi-modal and a
single threshold can never yield an accurate binary image.
As such, global binarization methods are not suitable for
camera images.

Local binarization techniques use a dynamic threshold
across the image according to the local image statistics
and offer more robustness to non-uniform illumination and
background noise. These approaches are generally window-
based and the local threshold for a pixel is computed from
the gray values of the pixels within a window centred at that
particular pixel. In Niblack’s method [8], the sample mean
μ(x, y) and the standard deviation σ(x, y) within a window
W centred at the pixel location (x, y) are used to compute
the threshold T (x, y) as follows:

T (x, y) = μ(x, y) − k × σ(x, y), (1)

The constant parameter k is set to 0.2. In [11], Trier and
Jain evaluated the performance of 11 popular local thresh-
olding methods on scanned documents and reported that
Niblack’s method performs the best for optical character
recognition. However, Niblack’s method produces a noisy
output in smooth regions since the expected sample vari-
ance becomes the background noise variance. Sauvola and
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Pietikainen [10] address this drawback by introducing a hy-
pothesis that the gray values of the text are close to 0 (Black)
while the background pixels are close to 255 (White). The
threshold is computed with the dynamic range of standard
deviation (R) which has the effect of amplifying the contri-
bution of standard deviation in an adaptive manner.

T (x, y) = μ(x, y) [1 + k (
σ(x, y)

R
− 1)] (2)

where the parameters R and k are set to 128 and 0.5 respec-
tively. This method overcomes the effect of background
noise and is more suitable for document images. However,
as pointed out by Wolf and Jolion in [13], the Sauvola’s
method fails for images where the assumed hypothesis is
not met and accordingly, the former proposed an improved
threshold estimate by taking the local contrast measure into
account.

T (x, y) = [1− a]μ(x, y) + aM + a
σ(x, y)
Smax

[μ(x, y)−M ]

(3)
where M is the minimum value of the grey levels of the
whole image, Smax is the maximum value of the standard
deviations of all windows of the image and a is a parameter
fixed at 0.5. This method combines Savoula’s robustness
with respect to background textures and the segmentation
quality of Niblack’s method. The Wolf’s method, however,
requires two passes since the parameter Smax is obtained
only after the first pass of the algorithm.

Local methods offer more robustness to the background
complexity, though at a cost of higher computational com-
plexity. The performance of these methods depend on the
size of the window used to compute the image statistics.
They work well if the window encloses at least 1 charac-
ter. For large fonts, where the text stroke is wider than
the window, undesirable voids appear within the text stroke.
This puts a constraint on the maximum font size and limits
their application only to known document types. In addi-
tion, all these methods require a priori knowledge of the po-
larity of the foreground-background intensities and hence
cannot handle documents that have inverse text. Kasar et

al. [7] address these issues by employing an edge-based
approach that derives an adaptive threshold for each con-
nected component (CC). Though it can deal with arbitrary
font size and the presence of inverse text, its performance
significantly degrades, like most CC-based methods do, in
the presence of complex backgrounds that interfere in the
accurate identification of CCs. It also uses script-specific
characteristics to filter out non-text components before bi-
narization and works well only for Roman script.

Most approaches [5, 12, 14] for the analysis of color doc-
uments involve clustering on the 3D color histogram fol-
lowed by identification of text regions in each color layer
using some properties of text.

Badekas et al. [2] estimate dominant colors in the im-
age and CCs are identified in each color plane. Text blocks
are identified by CC filtering and grouping based on a set
of heuristics. Each text block is applied to a Kohonen SOM
neural network to output only two dominant colors. Based
on the run-length histograms, the foreground and the back-
ground are identified to yield a binary image having black
text in white background. The performance of these meth-
ods rely on the accuracy of color reduction and text group-
ing, which are not trivial tasks for a camera-captured com-
plex document image. The method does not consider iso-
lated characters for binarization. Zhu et al. [15] proposed a
robust text detection method that uses a non-linear Niblack
thresholding scheme. Each CC is described by a set of low
level features and text components are classified using a cas-
cade of classifiers trained with Adaboost algorithm. An ac-
curate identification of CCs is the key to the success of these
algorithms. Complex backgrounds and touching characters
can significantly degrade their performance.

In this paper, we introduce a novel color clustering ap-
proach that robustly segments the foreground text from the
background. Text-like regions are identified and individu-
ally binarized such that the foreground text is assigned black
and the background white regardless of its color in the orig-
inal input image.

2 COCOCLUST for color segmentation

We propose a novel contour-based color clustering tech-
nique that obviates the need to specify the number of colors
present in the image and to initialize. Rather than operating
on the entire image, a representative set of color pixels is
first identified using the contour information. This signifi-
cantly reduces the computational load of the algorithm since
their number is much smaller than the total number of pix-
els in the image. A single-pass clustering is then performed
on the reduced color prototypes to identify color clusters
that serve as seeds for a subsequent clustering step using
the k-means algorithm. CCs are accurately identified since
text and background objects fall into separate color layers.
Based on the assumption that every character is of a uniform
color, we analyze each color layer individually and identify
potential text regions for binarization. Figure 1 shows the
schematic block diagram of the proposed method.

2.1 Determination of color prototypes

The segmentation process starts with color edge detec-
tion to obtain the boundaries of homogeneous color regions.
Canny edge detection [3] is performed individually on R,
G and B channel and the overall edge map E is obtained as
follows:

E = ER ∪ EG ∪ EB (4)
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Figure 1. Block diagram of the proposed binarization method.

where ER, EG and EB are the edge images corresponding to
the three color channels and ∪ denotes the union operation.
The resulting edge image gives the boundaries of all the
homogeneous color regions present in the image.

An 8-connected component labeling is performed on the
edge image to obtain a set of M disjoint components

{CCj} j = 1, 2 , · · · , M such that
M⋃

j=1

CCj = E

The boundary pixels are identified and represented as
follows:

Xj
i = {xi, yi} i = 1, 2, · · · , nj (5)

where nj is the number of pixels that constitutes the bound-
ary and the index j refers to the connected component CCj .
Our method employs a few vectors normal to the edge con-
tour for every CC. To estimate the normal vector, the edge
contour is smoothed locally as follows:

X̄j
i =

⎧⎨
⎩1

s

i+ s−1
2∑

i− s−1
2

xi,
1
s

i+ s−1
2∑

i− s−1
2

yi

⎫⎬
⎭ (6)

where s defines the span of pixels over which smoothing
is performed and is set to 5 in this work. Here, the index
i takes a circular convention to maintain continuity of the
contour. The normal vectors are then computed from the
smoothed contour using the following relation.

nj
i =

[
cos(π

2 ) −sin(π
2 )

sin(π
2 ) cos(π

2 )

]
×

1
2

(
X̄j

i − X̄j
i−1

‖X̄j
i − X̄j

i−1‖
+

X̄j
i+1 − X̄j

i

‖X̄j
i+1 − X̄j

i‖

)
(7)

Here, the subscript i denotes the position of the boundary
pixel at which the normal vector is computed and ‖ · ‖ de-
notes L2 norm.

Since the edge image gives the boundaries of homoge-
neous color regions, the color values of a few pixels that lie
normal to the contour are ‘good’ representatives of the col-
ors present in the image. Figure 2(a) shows a sample color
image and Figure 2(b) illustrates the selection of color pro-
totypes from the pixels that lie normal to the edge contour.
The median color values of the pixels in the normal direc-
tion that lie ‘inside’ (nj

−) and ‘outside’ (nj
+) the boundary

are computed based on 3 pixels each to obtain 2 color pro-
totypes from each normal. The color difference between
two points with the same Euclidean distance in the RGB
color space does not reflect the same change in the per-
ceived color. So, we use a uniform color space, namely
CIE L∗a∗b∗, in which similar changes in color distance
also correspond to similar recognizable changes in the per-
ceived color. The color prototypes (CP ), thus obtained, are
stacked column-wise as follows.

CP =

⎧⎨
⎩

L∗
1− L∗

1+ · · · L∗
N− L∗

N+

a∗
1− a∗

1+ · · · a∗
N− a∗

N+

b∗1− b∗1+ · · · b∗N− b∗N+

⎫⎬
⎭

where N is the number of normals along which the color
values are sampled. In this work, we sample the color val-
ues from 6 regularly spaced points along the boundary of
each CC yielding a total of 12 M colors. This set of color
values, though much smaller in number than the total num-
ber of pixels, captures all the colors present in the image.
This offers a significant advantage in terms of cheaper com-
putation and provides an effective initialization of k-means
algorithm regardless of the complexity of image content.
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(a)

(b)

Figure 2. (a) A sample color image (b) Its edge
contours and the computed normals that
guide the selection of color prototypes. From
each normal, one color value each is ob-
tained from the pixels that lie ‘inside’ (Green
segment) and ‘outside’ (Blue segment) the
contour.

2.2 Unsupervised color clustering

A single-pass clustering is performed on color proto-
types, as obtained above, to group them into clusters. The
pseudo-code for the clustering algorithm is given below.

Input:Color prototypes,CP={C1,C2,...,C2N}
Color similarity threshold,Ts

Output:Color clusters,CL
1. Assign CL[1]=C1 and Count =1
2. For i = 2 to 2N, do
3. For j = 1 to Count, do
4. If Dist(CL[j],Ci)≤ Ts

5. CL[j] = Update Mean(CL[j])
6. Next i
7. Else
8. Count = Count + 1
9. CL[Count] = Ci
10. EndIf
11. EndFor
12. EndFor

where Dist(C1, C2) denotes the distance between the colors
C1 = (L∗

1, a∗
1, b∗1)

T and C2 = (L∗
2, a∗

2, b∗2)
T and is com-

puted as follows:

Dist(C1, C2) =
√

(L∗
1 − L∗

2)2 + (a∗
1 − a∗

2)2 + (b∗1 − b∗2)2

(8)
The threshold parameter Ts decides the similarity between
two colors and hence the number of clusters. Antonacopou-
los and Karatzas [1] perform grouping of color pixels based

on the criterion that only colors that cannot be differenti-
ated by humans should be grouped together. The threshold
below which two colors are considered similar was experi-
mentally determined and set to 20. We use a slightly higher
threshold to account for the small color variations that may
appear within the text strokes. In our implementation, the
threshold parameter Ts is empirically fixed at 45, after trial
and error.

The color clusters, thus obtained, are used as seeds for
a subsequent clustering step using the k-means algorithm.
Each resulting cluster is then examined for ‘compactness’
by computing distances of all the pixels in that cluster from
its mean color. The maximum intra-cluster distance from its
mean color is ensured to be less than 75 % of Ts, if required,
by recursively splitting non-compact clusters into two using
k-means algorithm initialized with the mean color and the
one that is furthest from it. The color clusters obtained at the
end of this splitting process are then used as the seed colors
for a final pass of k-means clustering. Note that the whole
clustering process is performed only on the selected proto-
types. Finally, each pixel in the original image is assigned
to the closest color cluster.

3 Adaptive binarization

Each color layer is then individually analyzed and text-
like components are identified. We filter out the obvious
non-text elements by making some sensible assumptions
about the document. The aspect ratio is constrained to lie
between 0.1 and 10 to remove highly elongated compo-
nents. Components larger than 0.6 times the image dimen-
sions are removed. Furthermore, small and spurious com-
ponents with areas less than 8 pixels are not considered for
subsequent processing.

Text components have well-defined boundaries and
hence have a high degree of overlap with the edge image
as compared to non-text components. The boundary Xj of
a component CCj and its corresponding edge image region
Ej are first dilated and their intersection is computed as a
measure of stability of the boundary (BS).

BSj =
Area((Ej ⊕ S3) ∩ (Xj ⊕ S3))

Area(Xj ⊕ S3)
(9)

where S3 is a 3×3 structuring element. Components that
yield a BS measure of more than 0.5 are selected for bi-
narization from all the color layers. Overlapping CCs are
resolved by retaining only the dominant component.

3.1 Estimation of threshold

The binarization technique proposed in [7] automatically
computes the threshold value from the image data without
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the need for any user-defined parameter. We use a similar
approach to binarize each CC by estimating its foreground
and background intensities. The foreground intensity of a
component CCj is computed as the mean gray level of its
boundary pixels.

FGj =
1
nj

∑
(x,y)∈Xj

I(x, y) (10)

where I(x, y) denotes the intensity value at the pixel posi-
tion (x, y) and nj is the number of pixels that constitute the
boundary Xj .

Rather than using the bounding box to obtain an esti-
mate of the background intensity [7], we use the available
contour information that yields a more reliable decision for
inversion in the presence of inverse text. Bounding boxes
can have a significant overlap for inclined text and touching
text lines that can result in incorrect inversion of the binary
output. The contour is traced in a clock-wise direction and
the normals are estimated. The background intensity is then
computed as the median intensity value of the pixels along
the normal direction ‘outside’ the boundary of the CC.

BGj = Median(I(x, y)) (x, y) ∈ nj
+ (11)

Note that the boundary of the CC is always ‘closed’ un-
like during the prototype color identification stage where we
may have broken as well as bifurcating edge contours. The
CC is binarized using the estimated foreground intensity as
the threshold value.

Oj(x, y) =
{

1 if CCj(x, y) ≥ FGj

0 if CCj(x, y) < FGj (12)

The estimated values of the foreground and background in-
tensities indicate their relative polarity. Whenever the esti-
mated foreground intensity is higher that that of the back-
ground, the binary output is inverted to ensure that text is
always represented by black pixels.

4 Experiments and results

The test images used in our experiments include physical
documents such as books and charts as well as non-paper
documents like text on 3-D real world objects. These im-
ages are characterized by complex backgrounds, irregular
text orientation and layout, overlapping text, variable fonts,
size, color, multiple scripts and presence of inverse text.

Figure 3 compares the results of our method with some
popular local binarization techniques, namely, Niblack’s
method, Sauvola’s method and Wolf’s method on a docu-
ment image having multi-colored text and large variations
in sizes with the smallest and the largest components being
4×3 to 174×245 respectively. Clearly, these local binariza-
tion methods fail when the size of the window is smaller

(a) Input color image (b) Niblack’s Method

(c) Sauvola’s Method (d) Wolf’s Method

(e) Proposed method

Figure 3. Comparison of some popular local
binarization methods for a document image
having multiple text color and size. While the
proposed method is able to handle charac-
ters of any size, all other methods fail to bi-
narize properly the components larger than
the size of the window and require a pri-
ori knowledge of the polarity of foreground-
background intensities as well.

than stroke width. The size of the window used here is 33
× 33. While small text regions are properly binarized, large
characters are broken up into several components and unde-
sirable voids occur within the character stroke. It requires a
priori knowledge of the polarity of foreground-background
intensities as well. On the other hand, our method auto-
matically derives the threshold from the image without any
user-defined parameter. It can deal with characters of any
font size and color.

Figure 4 shows the result of the proposed method on im-
ages having inverse text, multiple scripts, background ob-
jects touching the text and cursive letters. The method pro-
posed in [7] is sensitive to the background and several in-
stances of text get filtered out since it uses an edge-based
segmentation. Moreover, it uses script-dependent charac-
teristics and works well only for isolated Roman letters.

15



(i) (ii) (iii) (iv)

(v) (vi) (vii) (viii)

(ix) (x) (xi) (xii)

Figure 4. (i - iv): Input images having graphic objects, inverse text, multiple scripts, complex back-
grounds and cursive letters. (v - viii): The corresponding binary outputs obtained using the method
proposed in [7]. Clearly, the method is sensitive to background objects since it relies on the edge
information to locate CCs. It also invokes script-dependent characteristics and works well only for
isolated Roman letters. (ix - xii): Binarized output images obtained with the proposed method. Color
segmentation provides robustness to background complexity as well as independence to script.

In Figure 4(v) and (vii), the background and graphic ob-
jects touch some text regions and they get filtered out. In
Figure 4(vi-viii), the script-dependency of the method is
clearly observed. In addition to the merged characters and
cursive text being eliminated, Figure 4(viii) also shows an
instance of incorrect inversion of the binary output due to
overlapping text lines. In contrast, the new method shows
a marked improvement thanks to the color clustering algo-
rithm that enables an accurate identification of CCs. The
color decomposition effectively disambiguates background
objects interfering with text as they are separated into dif-
ferent color layers. Each CC is individually binarized based
on a threshold derived from its foreground and background
intensity estimates. The background intensity estimate ob-
tained using the contour normals provides a reliable deci-
sion to invert the binary output in the the presence of inverse
text. As desired, all the text components are represented
by black on white background regardless of their colors in
the original image. The method is tested on several images

and is found to have good adaptability. More results of the
proposed method on various input images that have inverse
text, arbitrary text orientation and layout are shown in Fig-
ure 5.

5 Conclusions

This paper describes an important preprocessing step for
the analysis of color document images. The use of the con-
tour information makes the method robust to the complexity
of the input image. This is a desirable feature for process-
ing camera-based images that are generally characterized
by arbitrary content and layout. It does not require a priori
knowledge of the number of colors present or their initial-
ization. The contour information is successfully exploited
both in color segmentation that enables accurate identifica-
tion of CCs and in the inversion of the binary output to deal
with inverse text. Preliminary results on camera-captured
images with variable fonts, size, color, orientation, script
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Figure 5. Input images and the corresponding color clusters, identified text regions and binarized
outputs shown column-wise.

and the presence of inverse text are encouraging.
Our future work is to augment the method with a trained

classifier for robust extraction of only the text regions.
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Abstract

Binarization is an important preprocessing step in sev-

eral document image processing tasks. Nowadays hand-

held camera devices are in widespread use, that allow fast

and flexible document image capturing. But, they may pro-

duce degraded grayscale image, especially due to bad shad-

ing or non-uniform illumination. State-of-the-art binariza-

tion techniques, which are designed for scanned images, do

not perform well on camera-captured documents. Further-

more, local adaptive binarization methods, like Niblack [1],

Sauvola [2], etc, are sensitive to free parameter values,

which are fixed for whole image. In this paper, we de-

scribe a novel binarization technique using ridges-guided

local binarization method, in which appropriate free pa-

rameter value(s) is(are) selected for each pixel depending

on the presence or absence of ridge(s) in the local neigh-

borhood of a pixel. Our method gives a novel way of auto-

matically selecting parameter values for local binarization

method, this improves binarization results for both scanned

and camera-captured document images relative to previous

methods. Experimental results on a subset of CBDAR 2007

document image dewarping contest dataset show a decrease

in OCR error rate using reported method with respect to

other stat-of-the-art bianrization methods.

1 Introduction

Most of the state-of-the-art document analysis systems
have been designed to work on binary images [3]. There-
fore, document image binarization is an important initial
step in most of the document image processing tasks, like
page segmentation [4], layout analysis [5, 6] or recognition.
Performance of these tasks heavily depends on the results
of binarization. The main objective of document image bi-
narization is to divide a grayscale or color document into

two groups, that are foreground text/images and clear back-
ground.

On one hand, cameras offer fast, easy and non-contact
document imaging as compared to scanners and are in more
common use nowadays. But on the other hand, the qual-
ity of camera-captured documents is worse as compared
to scanned documents because of the degradations which
are not very common in scanned images, like non-uniform
shading, image blurring and lighting variations. Due to this,
binarization of camera-captured documents is more chal-
lenging than scanned documents.

From decades, many different approaches for the bina-
rization of grayscale [7, 2, 8, 9, 1, 10, 11, 12, 13, 14] and
color [15, 16, 17] documents have been proposed in the
literature. Additionally, grayscale binarization techniques
can be applied by first converting the color documents into
grayscale. Grayscale binarization approaches can be clas-
sified into two main groups: i) global binarization methods
and ii) local binarization methods.

Global binarization methods, like Otsu [7], try to esti-
mate a single threshold value for the binarization of whole
document. Then based on the intensity values, each pixel is
assigned either to foreground or background. Global bina-
rization methods are computationally inexpensive and per-
form better for typical scanned document images. However,
they produce marginal noise artifacts if grayscale document
contains non-uniform illumination, which is usually present
in case of scanned thick book, came-captured document or
historical document.

Local binarization methods, like Sauvola [2], try to over-
come these problems by calculating threshold values for
each pixel differently using local neighborhood informa-
tion. They perform better on degraded document images
but are computationally slow and sensitive to the selec-
tion of window size and free parameter values [18]. Some
special techniques [11, 12, 13] based on local binarization
have been proposed recently for improving the binarization
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results of degraded camera-captured and historical docu-
ments. In general these methods produce good bianriza-
tion results under non-uniform illumination as compared to
other types of local binarization methods, but are still sen-
sitive to free parameter values.

In this paper, we deal with the binarization of degraded
grayscale camera-captured document images. Here, we de-
scribe a local binarization method based on Sauvola’s bi-
narization method, which is less sensitive to free parameter
values. Unlike Sauvola’s method, instead of using the same
free parameter values for all pixels, we select different val-
ues for foreground and background pixels. We use ridges
detection technique for finding foreground regions informa-
tion.

The rest of the paper is organized as follows: Section
2 explains the technical and implementation details of our
binarization method. Section 3 deals with experimental re-
sults and section 4 describes conclusion.

2 Foreground-Background Guided Binariza-
tion

Researchers [19, 20] have evaluated different state-of-
the-art global and local binarization methods and reported
that Sauvola’s binarization method [2] is better than other
types of local binarization methods for degraded document
images. But the performance of local binarization meth-
ods is sensitive to free parameter values [18]. Our binariza-
tion method, presented here, is an extension of Sauvola’s
method. In section 2.1 we discuss about the Sauvola’s bi-
narization method and how to improve its performance by
selecting different free parameter values for foreground and
background pixels. In section 2.2 we describe the method
for detecting foreground regions using ridges. In section 2.3
we describe the guided Sauvola’s binarization method with
respect to foreground/background regions information. .

2.1 Local Binarization using Sauvola’s

method

Grayscale document images contain intensity values in
between 0 to 255. Unlike global binarization, local bina-
rization methods calculate a threshold t(x, y) for each pixel
such that

b(x, y) =
{

0 if g(x, y) ≤ t(x, y)
255 otherwise

(1)

The threshold t(x, y) is computed using the mean
μ(x, y) and standard deviation σ(x, y) of the pixel intensi-
ties in a w × w window centered around the pixel (x, y) in

Sauvola’s binarization method:

t(x, y) = μ(x, y)
[
1 + k

(
σ(x, y)

R
− 1

)]
(2)

where R is the maximum value of the standard deviation
(R = 128 for a grayscale document), and k is a parameter
which takes positive values. The formula (Equation 2) has
been designed in such a way that, the value of the thresh-
old is adapted according to the contrast in the local neigh-
borhood of the pixel using the local mean μ(x, y) and lo-
cal standard deviation σ(x, y). Because of this, it tries to
estimate appropriate threshold t(x, y) for each pixel under
both possible conditions: high and low contrast. In case
of local high contrast region (σ(x, y) ≈ R), the threshold
t(x, y) is nearly equal to μ(x, y). Under quite low contrast
region (σ << R), the threshold goes below the mean value
thereby successfully removing the relatively dark regions of
the background. The parameter k controls the value of the
threshold in the local window such that the higher the value
of k, the lower the threshold from the local mean m(x, y).

The statistical constraint in Equation 2 gives acceptable
results even for degraded documents. But, there is a con-
tradiction regarding the appropriate value of k in research
community. Badekas et al. [20] experimented with differ-
ent values and found that k = 0.34 gives the best results,
but Sauvola[2] and Sezgin[19] used k = 0.5.

We have analyzed Sauvola’s binarization method with
different values of k for degraded camera-captured docu-
ment images. Some of the experimental results are shown
in the Figure 1. These results clearly show the sensitiv-
ity of Sauvola’s binarization on the value of k. Addition-
ally, already reported values of k,i.e k = 0.5 [2, 19] and
k = 0.34 [20], do not give acceptable result under blurring
or non-uniform illuminations, as shown in Figure 1.

However, we have noticed that, k = 0.2 gives low noise
in the background but produces broken characters, shown
in Figures1(g) and 1(h). On the other hand, k = 0.05
gives good results for foreground text/images pixels with
unbroken characters but with some noise in the background,
as shown in Figures 1(i) and 1(j). These experiments al-
lows us to claim that, Sauvola’s method can perform better
on degraded documents, if we use different value of k for
each pixel depending upon its association with foreground
or background region.

In next section we describe the method of estimating
foreground region using ridges detection and in section 2.3
we describe the adaptation of Sauvola’s method using fore-
ground/background region information.
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(a) Degraded camera-captured image with blurring. (b) Degraded camera-captured image with non-
uniform illumination.

(c) k = 0.5. (d) k = 0.5.

(e) k = 0.34. (f) k = 0.34.

(g) k = 0.2. (h) k = 0.2.

(i) k = 0.05. (j) k = 0.05.

Figure 1. Sauvola’s binarization results for different values of k. k = 0.5 is reported by Sauvola[2]
and Sezgin[19]. k = 0.34 is used by Badekas et al. [20]. We have selected k = 0.2 and k = 0.05.
With k = 0.2, results have cleaned-background and broken-foreground-characters. And with k = 0.05
results have uncleaned-background and unbroken-foreground-characters.
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2.2 Foreground Regions detection using

Ridges

We have already described textline detection techniques
for handwritten and camera-captured documents using
ridges in [21, 22]. In this paper, we use this technique for
finding foreground regions, that are central lines structure
of textlines and drawings. Detection of foreground regions
using ridges is divided into two sub steps: (i) image
smoothing and (ii) ridges detection. Following sections
discuss these steps in detail.

2.2.1 Image Smoothing

Camera-captured document images contain variety of
curled textlines and drawings structure with respect to size
and orientation angle. Match filter bank approach has been
used for enhancing the structure of multi-oriented blood
vessels [23] and finger prints [24]. In [21, 22] , we have
described multi-oriented multi-scale anisotropic Gaussian
smoothing, based on matched filter bank approach, for
enhancing textlines structure. In this paper, we use multi-
oriented multi-scale anisotropic Gaussian smoothing for
enhancing curled textlines and drawings structure. A single
range is selected for both σx and σy , which is the function
of the height of the document image (H), that is aH to
bH with a < b. The suitable range for θ is from -45 to 45
degrees. From these ranges, a set of filters is generated for
different combinations of σx, σy and θ. This set of filters is
applied to each pixel of grayscale image and the maximum
resulting value is selected. Figures 2(a) and 2(b) show the
input and smoothed images respectively.

2.2.2 Ridges Detection

Multi-oriented multi-scale anisotropic Gaussian smoothing
enhances the foreground structure well, which is clearly
visible in Figure 2(b). Now the task is to find the fore-
ground regions information. Since decades, ridges detec-
tion has been popularly used for producing rich description
of significant features from smoothed grayscale images [25]
and speech-energy representation in time-frequency do-
main [26]. Ridges detection over smoothed image can
produce unbroken central lines structure of foreground
textlines/drawings. In this paper, Horn-Riley [25, 26] based
ridges detection approach is used. This approach is based
on the informations of local direction of gradient and sec-
ond derivatives as the measure of curvature. From these in-
formations, which are calculated by Hessian matrix, ridges
are detected by finding the zero-crossing of the appropriate
directional derivatives of smoothed image. Detected Ridges

over the smoothed image of Figure 2(b) are shown in Fig-
ure 2(c) and Figure 2(d). It is clearly visible in the Fig-
ure 2(c) that ridges are present where the foreground data
are present and each ridge covers the complete central line
structure of a foreground object.

2.3 Foreground-Background Guided

Sauvola’s Binarization

We have already discussed in section 2.1 that no sin-
gle value of parameter k in Sauvola’s method is suit-
able for different types of degraded camera-captured doc-
uments. But k = 0.05 gives good results for foreground
textlines/drawings with some background noise and k =
0.2 gives noise free background with broken characters, as
shown in Figure 1. Ridges have been detected in section
2.2, that give information about foreground data. There-
fore, instead of using fixed value of k for all pixels, we use
different values of k for foreground and background pixels
to improve the binarization result. We redefine Sauvola’s
binarization method, such that:

t(x, y) = μ(x, y)
[
1 + k(x,y)

(
σ(x, y)

R
− 1

)]
(3)

where k(x,y) is equal to 0.05 if ridge(s) is(are) present
in the local neighborhood window w × w window centered
around the pixel (x, y), otherwise equal to 0.2. After thresh-
olding, median filter is applied to remove the salt and pepper
noise. Binarization results based on foreground/background
guided Sauvola’s method are shown in Figures 2(e) and 2(f).

3 Experiments and Results

We evaluate our binarization approach on the hand-held
camera-captured document images dataset used in CBDAR
2007 for document image dewarping contest [27]. For this
purpose, we have selected 10 degraded documents from the
dataset. State-of-the-art Otsu’s [7] and Sauvola’s [2] bina-
rization methods are used for comparative evaluation. The
results of Otsu’s, Sauvola’s and foreground-background
guided Sauvola’s binarization methods on some example
documents are shown in Figure 3.

We compare the OCR error rate of all three binarization
methods for 10 selected documents. These documents have
non-planar shape, therefore we apply dewarping algorithm1

on the results of all three binarization methods. Then de-
warped documents of all methods are processed through a
commercial OCR system ABBYY Fine Reader 9.0. After

1We have described dewarping method using ridges based coupled-
snakes model, which is currently in review phase of CBDAR 2009.
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(a) Input Image. (b) Smoothed Image generated by us-
ing match filter bank approach.

(c) Horn-Riley method [25, 26] is used
for detecting ridges.

(d) Closeup portion of detected ridges.

(e) Result of foreground/background
guided Sauvola’s binarization.

(f) Closeup portion of binarized result.

Figure 2. Binarization algorithm snapshots.
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(a) Input Image (b) Input Image

(c) Otsu’s result (d) Otsu’s result

(e) Sauvola’s result (f) Sauvola’s result

(g) Guided-Binarization’s result (h) Guided-Binarization’s result

Figure 3. Binarization results of Otsu [7], Sauvola [2] and our Guided-Binarization. Note that Otsu’s
results have large amount of noise. For Sauvola’s binarization we have manually selected the appro-
priate paramerter values w = 15 and k = 0.15 for given dataset. Sauvola’s results (w = 15,k = 0.15)
have broken-characters for blured images. Our proposed guided binarization method shows better
results for both text and drawing regions, even in the presence of bluring.
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obtaining text from the OCR software, the block edit dis-
tance2 with the ASCII ground-truth has been used as the
error measure. Table 1 shows the comparative results of all
methods with respect to mean edit distance, median edit dis-
tance and the number of documents for each algorithm on
which it has the lowest edit distance (in case of tie, all al-
gorithms having the lowest edit distance are scored for that
document).

4 Conclusion

In this paper we presented a novel way of automati-
cally selecting free parameter values for locally adaptive
binarization methods. Local binarization methods, like
Niblack’s [1] and Sauvola’s [2] binarization, use constant
values of free parameter for all pixels in the image and are
sensitive to these values. We overcome this sensitivity by
not using constant values of free parameters for all pixels.
We used different free parameter values in Sauvola’s meth-
ods for foreground and background pixels and achieved
promising results for degraded camera-captured documents
having blurring and non-uniform illumination. We have
also described the simple and efficient way of finding fore-
ground regions of document image using ridges detection.

Comparative results in Figure 3 and Table 1 show that,
our guided Sauvola’s method outperforms other state-of-
the-art global and local binarization methods for degraded
documents. Furthermore, our method of selecting free pa-
rameter values can also be used with other types of local
binarization techniques.
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Abstract

Experiments on evaluating and improving the 
mechanical configuration and target illumination in a 
prototype camera-based ballot counter are presented. 
The constraints on the mechanical design are gravity 
paper feed, portability, ease of use and low cost. The 
constraints on illumination are dictated by image 
processing requirements. Initial results are reported 
on the effects of transparent ballot cover plates, 
geometry, and light conditioning (color, diffusion, 
polarization).  

1. Introduction 

Photographing a document behind glass is 
surprisingly troublesome. Why then photograph a 
ballot behind glass? As explained in a companion 
ICDAR paper [1], a camera based ballot reader offers 
potential advantages over the customary scanner based 
systems. It is desirable to complement such a system 
with a simple gravity-feed paper transport that does not 
require a motor and is less prone to jamming. Vacuum 
platforms to keep the ballot flat in the near vertical 
paper path are too expensive, complex, and power 
hungry for our application. Therefore we use a 
transparent cover plate to flatten the ballot in case it 
has been previously folded, crimpled or wetted. 

Sheet-fed optical scan systems are regarded as an 
appealing option by voting advocates who tout their 
support for manual recounts. While several 
commercial vendors sell such systems for use in 
elections, recent experience has raised intrinsic 
reliability concerns. During the 2008 U.S. Presidential 
election, wet ballots were found to jam scanners in 
Virginia (it had been raining that day and voters' hands 
were wet) [2]. Dust build-up on poorly maintained 
machines was blamed for uncounted ballots in 
Michigan [3]. A survey conducted by the 

U.S. Election Assistance Commission after the 
November 2004 general election found 541 instances 
of scanner failures in the 210 jurisdictions that used 
optical scan systems, where "failure" in this case was 
defined as "A malfunction or interruption of a paper 
ballot reading device that either renders the device 
incapable of counting votes or renders the tabulated 
results inaccurate" [4]. Indeed, scanner failures were 
the most prevalent type of reported error across all 
voting systems and technologies used in that election. 
Although such instances are still relatively rare, they 
are non-negligible and could trigger a transition from 
scanner based to camera based ballot counters. 

Figure. 1. Ghost image (reflection) of the camera 
and camera support in the transparent cover 
plate. The target behind the cover plate is matt 
white paper. 

Our design comprises a thin vertical chute with an 
opaque plate behind the ballot and a transparent cover 
plate in front of it. Before the ballot is photographed, it 
must enter the chute far enough to make it difficult or 
impossible for the voter to retrieve it. (Some electoral 
jurisdictions allow two-sided ballots, which would 
require two transparent cover plates and two cameras.) 
It is the reflections from the cover plate (Fig. 1) that 
hamper uniform illumination and motivated this study. 
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The above-cited ICDAR paper references 
objections to direct recording electronic (DRE) ballot 
counters, lists the requirements of viable paper-based 
election technology, proposes a camera-based Portable 
Ballot Counter (PBC), and compares characteristics of 
scanners and cameras that are relevant to image 
digitization and vote mark extraction. The major 
difference between contact digitization (scanner) and 
remote digitization (camera) is the variability in the 
mapping of the reflectance of the target to gray values. 
The range of gray levels observed on a contact- 
scanned uniformly colored document is only about 10, 
and there is no problem with glare. Furthermore, at 
~260 dpi the diameter of the point spread function of 
the scanner is just over half of that of the camera. 

In this paper, we present the current status of the 
design and construction of a prototype ballot counter 
and our on-going efforts to achieve near-uniform 
illumination of the ballot. In the following sections we 
describe the evolution of the prototype, discuss 
imaging problems that arise in this application, and 
present our observations of the relative merits of 
various configurations of illumination. We seek the 
help of the camera-based document recognition 
community towards making further progress. For 
researchers interested in the technical issues behind the 
controversies surrounding recent elections in the 
United States, we reference two lively monographs on 
the subject [5, 6]. 

Prototype design and construction 

The project’s goal of increased reliability and 
accuracy requires a rigid mechanical foundation for the 
ballot holder, camera and lights (Fig 2). For the frame 
and the ballot feed, sturdy materials were chosen for 
accurate positioning of the ballot with respect to the 
camera. Machined aluminum parts contribute to ease 
of modification and assembly. 

The design for the ballot feed mechanism must 
accept a wide range of paper weights and of ballot 
heights and widths. The camera is mounted such that 
the largest allowable ballot occupies the full field of 
view of the camera. Both of these parameters must be 
easily adjustable. In the prototype, the entire feed tray 
can be tilted and moved forward and backward along 
rails. The paper guide rails can be slid in and out to 
accommodate the ballot size used in a particular 
jurisdiction (Fig. 3). 

The design for the ballot feed mechanism must 
accept a wide range of paper weights and of ballot 
heights and widths. The camera is mounted such that 
the largest allowable ballot occupies the full field of 
view of the camera. Both of these parameters must be 

easily adjustable. In the prototype the entire feed tray 
can be tilted and moved forward and backward along 
rails. The paper guide rails can be slid in and out to 
accommodate the ballot size used in a particular 
jurisdiction (Fig. 3). 

Figure 2. Diffuse light from behind the ballot is 
reflected from the sides, top, bottom and back of 
the partially shown white enclosure. The micro-
processor behind the ballot tray will replace many 
functions of the laptop in the background. 

Figure 3. Drawing of back of the ballot feed tray 
with the rail guide adjustment mechanism and the 
cancellation punch (under construction). 

The mechanical system controls the ballot’s travel 
through the chute by means of a microprocessor that 
gathers data from optical sensors. The computer 
determines where the paper is located in the tray and 
triggers the camera and the lights when the system is 
ready. The mark extraction subsystem [7] will analyze 
the image and display the result for each race on a 
screen at the top of the box. During the development 
phase, the image will be transferred to a laptop for 
analysis and display of the results.  

Should the voter notice an unintended overvote, 
undervote, or an error in mark interpretation, the voter 
can cancel the ballot and request a fresh ballot from 
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election officials. Cancelled ballots are marked with a 
die that cuts a small circle out of paper when the Void 
Ballot Lever is pressed. Pressing the lever also triggers 
an input to the controller that is used to signal that the 
ballot has been cancelled and therefore should not be 
tallied. The physical marking of the ballot with a 
punched hole provides a visual signal that indicates to 
election officials which ballots should and should not 
be counted in the event of a recount. In an operational 
system, it may be necessary to route invalid ballots to a 
separate secure box below the ballot counter. 

The shell of the enclosure is made from an opaque 
white polypropylene sheet designed for easy removal 
(not shown in Fig. 2). The shell provides mechanical 
protection, controls light infiltration into the imaging 
space and protects voter confidentiality by blocking 
cast and voided ballots from the view of nearby voters. 
The mechanical design of the prototype is primarily 
motivated by the need for flexibility that permits us to 
rapidly reconfigure lighting, imaging, ballot feeding 
and other subsystems throughout the course of the 
development. For this reason, the prototype is 
constructed using lightweight aluminum extrusions 
with multiple full-length mounting channels available 
from a number of manufacturers. The mounting 
channels allow us to reconfigure the lighting, sensors, 
switches, and other components inside the prototype 
enclosure simply and quickly. In contrast, we 
anticipate that a low-cost manufactured solution would 
be designed using fixed mechanical elements with 
adjustment features only where required. 

3. Imaging considerations 

As mentioned, the transparent cover plate that keeps 
the ballot flat in a near-vertical position gives rise to a 
novel twist in document photography. The production 
of ballot images suitable for mark extraction imposes 
the following constraints on the enclosure, the camera, 
and the source of illumination.  

� The illumination must be uniform to preserve the 
contrast between the background of the ballot, the 
preprinted text and rulings, and marks recorded in 
arbitrary positions with an uncontrolled variety of 
writing instruments 

� Glare  (highlights) due to the geometry of the light 
sources, camera and cover plate must be avoided. 

� The superimposition of a reflected image of the 
camera or of any part of the enclosure on the 
recorded ballot image must be prevented. 

We have designed a systematic series of 
experiments to evaluate methods of illumination that 

have been suggested so far. We are now comparing 
various possible solutions. This is work in progress, 
and the results reported here are fragmentary and  
inconclusive. Several of the experiments require the 
acquisition or construction of components that will 
take place within the next month or two.  

The evaluation of the illumination schemes is based 
on the camera images alone. The camera that we 
selected, based on its imaging properties, software 
library support, and moderate price (~$400), is a 15 
megapixel Canon G10 Powershot. For mark extraction 
we use 127 �m (~200 dpi) images, but for imaging the 
slowly-varying illumination field 656 �m (~39 dpi) is 
sufficient. Although ballots may be as large as 400mm 
in either direction, for evaluating alternative 
illumination methods we settled on 261mm x 185mm, 
380 x 270 pixel, 8-bit gray-scale images.  

Our goal is to illuminate the target so as to obtain an 
array of nearly constant pixel values when we take a 
photograph of a white sheet of paper. We set the 
constant between gray values of 100 and 200 to avoid 
either overexposing or underexposing any part of the 
target. Setting the average gray value to between 100 
and 200 is much easier with the camera controls than 
by controlling the current or voltage to the light source. 
The target and camera are fixed, the depth of field is 
shallow, and there are plenty of photons, so we 
typically use fairly low ISO-equivalent light sensitivity 
settings (80 to 200), long exposure (1/8 to 1 sec), and a 
wide lens aperture (f/3.2): For each photo, the camera 
records

FN  File_name (e.g. E1H1L2O2) 
RN  “Resolution” (e.g. 200 dpi),   
IM  Image Size (e.g. 640 x 480) 
ET  Exposure_time (e.g. 100ms) 
IS  ISO_number   (e.g. 200)  
AP  Aperture  (e.g. f3.2) 
CP   Compression (e.g. JPG_5) 
FS  Focus Setting (e.g. 610mm)  

Image formation is determined by the geometry of 
the optical axis of the camera, the wave-fronts of the 
illumination, and the plane of the target and cover 
plate. Photometric considerations include (a) the 
transmission coefficient and the bidirectional 
reflectance function (BRDF) of the cover plate, (b) the 
spectrum, coherence and polarization of the light,  
(c) the light collection properties of the camera lens 
and CCD sensors, and (d) the linearity and signal-to-
noise ratio of the read-out, amplifier and analog-to-
digital converter electronics.  

We explore the imaging and illumination space in 
terms of the (1) color of the illumination,  
(2) diffuser, (3) enclosure, (4) cover plate,  
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(5) luminaire, and (6) polarizer. We list below the key 
to the options we intend to explore.  The selections that 
we have not yet tried in some combination are 

italicized in the following list of experimental 
conditions.  

Key to image designations in Table I. All of images taken with blank (white) 8.5x11’’ paper used as the 
target/ballot. Categories in italics have yet to be tested. 

�
Color�
C1� No�filter�
C2� Red�filter�
C3� Blue�filter�

Diffusion�
D1� No�diffuser�
D2� White�polypropylene�mounted�on�lights�
D3� White�elastene/spandex�mounted�on�lights�
D4� Optical�diffuser�mounted�on�lights�

Enclosure��
E1�� No�enclosure�
E2� Opaque�box�with�white�sides,�top,�&�back�
E3� Opaque�Box�with�white�sides,�top,�&�black�back�
E4� Box�with�tissue�paper�sides,�white�top,�&�back�
E5� Box�with�tissue�paper�sides,�white�top,�&�black�
� back�
E6� Box�with�tissue�paper�sides,�top,�&�white�back�
E7� Box�with�tissue�paper�sides,�top,�&�black�back�
E8� CAT�enclosure�
E9� Elastene�side�panels�

Cover�Plate�
H1�� None�
H2� Acrylic�thermoplastic��

(Plexiglas,�Lucite,�Perspex)��
H3� Non�reflective�acrylic�
H4� Non�reflective�glass�
H5� Coated�museum�glass�(Mirogard)�

Luminary:�
L1�� Fluorescent�ceiling�lights�
L2� 30�LED�light�with�reflector�
L3� Pair�of�3�LED�fixtures�
L4� Fluorescent�circle�light�without�reflector�
L5� 60W�incandescent�white�bulb�with�reflector�
L6� High�frequency�fluorescent�ring�light�
L7� Grazing�light�
L8� Edge�light�/�light�guide�

Orientation�
O0� Uncontrolled�
O1� Direct�illumination�from�behind�the�camera�
O2� Direct,�from�above�and�behind�the�camera�
O3� Direct,�from�sides�
O4� Indirect,�from�above�and�behind�the�ballot�
O5� Indirect,�from�the�sides�

Polarizer�
P1� No�polarizer�
P2� Horizontal�polarizer�
P3� Vertical�polarizer�
P4� Horizontal�and�vertical�polarizers�at�90deg.��
P5� High�extinction�linear�glass�polarizer�

Version�
Vx� x�is�the�version�number�

           (a)         (b)           (c) 
Figure 4. Matlab displays for observing the uniformity of illumination: (a) Five equally spaced illumination 
contours;  (b) Thirty-two bin histogram of gray values.  (c) Three horizontal and three vertical cross-
sections of 380 x 270 pixel image. This example demonstrates the extent of non-uniformity if insufficient 
precautions are taken to prevent glare from the cover plate (Image #9 in Table 1, FM = 89). 
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Figure 5. Contours, histogram, and cross-sections of the illumination for the most uniform lighting 
conditions that we have found so far (without the cover plate!). Some of the scales are different
than in Fig. 4. Here the contours are only two gray levels apart. (Image #16 in Table 1, FM = 6). 

4. Illumination 

In order to maintain uniform spatial sampling and 
thereby avoid noise-prone and time-consuming 
resampling of the image, we align the optical axis of 
the camera perpendicular to the target plane. This 
leaves the location and orientation of the light sources 
as free geometric parameters.  

We record the illumination field by photographing
in color a matt white sheet of paper and analyzing the 
resulting image in Matlab. For most illumination 
conditions, we reduce the image to gray scale. We plot 
the contours of iso-illumination, examine the intensity 
histogram of the entire image or of parts of it, and trace 
horizontal, vertical and diagonal cross sections of the 
image at the center and near the edges (Fig. 4). We 
have recorded so far images under about 50 different 
lighting conditions.  

We will eventually post our detailed evaluation on 
the PERFECT website [8], but here we provide only a 
simple Figure of Merit for the conditions we tested:  

FM = number of gray levels between the 5% and 
the 95% quantiles of the measured reflectance.  

We normalize FM to NFM by dividing it by the 
average gray level of the image. Table I shows the 
Figure of Merit for various conditions. For the non-
uniform conditions illustrated in Fig. 4, the 95 
percentile is at gray level 189 and the 5 percentile is at 
100, therefore FM = 89. Fig. 5 shows that creating 
uniform illumination is much easier without the cover 
plate. In the next paragraphs we describe the various 
factors that affect ballot illumination and the results of 
experiments conducted to date. 

Reflection. Glare or highlights are caused by 
specular (mirror) reflection. Common glass or 

Plexiglas (H2 images) with a coefficient of refraction 
of ~1.5 and a critical angle of total reflection of 41˚
reflects about 8% of white light at 0˚(4% from each of 
its front and back surfaces). Non-glare acrylic (H3) or 
glass (H4) sold at framing shops reflects half as much. 
Museum glass reflects ~1% of the light, but generally 
requires additional support. Ultra-high transmission 
optical coated glass plates with less than 0.5% 
reflection are available only in small sizes and at high 
cost.

Polarization. The optical properties of uncoated 
paper depend on scattering inside the material. Ballots 
may be coated or uncoated, and even uncoated paper 
may acquire a certain gloss or sheen. Although 
uncoated paper is usually modeled as a Lambertian 
reflector, up to 5% of the light may undergo specular 
reflection at 45˚. Light reflected from a glass plate is 
polarized parallel to the plate and can be reduced by a 
polarizer. Some inexpensive sunglass lenses are 
surprisingly effective polarizers, with a coefficient of 
extinction of about 50:1 (therefore looking at a white 
light source through two lenses at right angles reduces 
the light by a factor of nearly 50 over that transmitted 
by both lenses oriented the same way). Optical linear 
glass polarizers have an extinction ratio of 10,000:1.  
Our experiments indicate, however, that with diffuse 
illumination very little light strikes the cover plate at 
large angles from the normal, so there is only minimal 
polarization (P1-P2-P3 images in Table I) 

Diffusion. Diffuse light helps to eliminate both 
direct reflection and highlights. Portrait photographers 
often use white parasols. Small-objects are usually 
photographed (for instance for advertisements) inside a 
light box with matte or translucent white sides 
illuminated from within or from the outside. We 
experimented with both configurations.  
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A white box with light directed at the white wall 
behind the camera (E2) yields images of the bare target 
with near-uniform intensity. With the glass plate in 
place, however, the image contains a distinct picture of 
the black camera (Fig. 1). Even if the body of the 
camera is painted white or entirely concealed behind 
the white partition, the lens opening itself, which 
cannot be hidden, produces a dark spot on the image. 
This can be reduced by a black back wall (E3 and E5), 
or with diffuse illumination. 

Large optics-quality diffusers are expensive. 
However, the inexpensive fabric spandex or elastene (a 
long-chain synthetic polymer fiber introduced by 
DuPont in 1958 under the trade name Lycra) has 
excellent light diffusion properties. In our application, 
even white paper impregnated with oil is sufficient to 
eliminate any sharp variation in light intensity, but 
Spandex is far more durable.  

Luminaires. For the light source itself, LEDs that 
can be powered all day by a few dry cells are desirable. 
Even if 125V AC were available, incandescent lamps 
produce too much heat, and fluorescent lights flicker at 
the power frequency. High-frequency (~25kHz) linear 
and spherical illuminators are commonly used for 
diffuse fluorescent lighting in industrial computer 
vision applications, but they too require 125V AC. 

LED light sources are typically housed in a metallic 
or acrylic reflector to increase light intensity. They act 
more like spot lights than flood lights. We therefore 
place a diffuser in front of every light fixture. Even 
with a diffuser, a single fixture cannot be placed far 
enough from the ballot to illuminate the entire area 
uniformly. We therefore experiment with various 
configurations of symmetrically placed clusters of 
three white LEDs, both inside the enclosure and 
outside the enclosure. In either case, the light is 
directed at the side walls, which diffuse the light 
further before reaching the target. This arrangement is 
inefficient in terms of the fraction of the total amount 
of light used for imaging, but the low duty cycle of 
ballot counters (<1000 images per day) and the 
sensitivity of the camera keep power consumption at 
negligible levels.   

We are now placing orders for edge lights (light 
guides) and grazing lights. Light guides (Fig. 6a) are 
transparent, light diffusing acrylic sheets containing 
colorless diffusing particles. They accept light through 
their edges and redirect it to either or both surfaces. 
Strips of LED grazing lights (Fig. 6b) for surface 
illumination are available with a 10˚ beam  

     (a)       (b) 

Figure 6. (a) Edge illumination with light guide;  
(b) Architectural grazing lights consisting of a strip 
of LEDs.

perpendicular to the surface and a 60˚ beam parallel to 
the surface. We look forward to experimenting with 
edge illumination and grazing lights because they 
would provide a mechanically simpler and lighter 
configuration. 

5. Discussion 

The goal of the experiments reported here was to 
find spatially smoothly varying and temporally 
constant illumination of the target by easily reproduced 
and relatively inexpensive means. Smooth spatial 
variation is important because during an election, high 
gradients in the illumination could move from pixel to 
pixel (CCD to CCD) under the influence of small 
physical changes due to vibration, stress or ambient 
temperature variation. These changes cannot be 
discriminated from image features. Temporal 
constancy is necessary to allow comparison of marked 
images to blank ballots photographed under identical 
conditions. Ballot counting devices must be 
inexpensive enough for large-scale purchase by cash-
starved municipalities, and robust enough to be 
dragged out of storage and set up overnight once or 
twice a year by non-technical personnel.  

Several of the configurations investigated keep the 
variability of the target to less than 15%, which 
corresponds to FM = 30 at average gray level 200 
(Table I). We would like to reduce this to about 5% 
variability, well below the 25% recommended for 
exacting proofing applications (ISO 3664:2000).  If the 
mark extraction experiments reveal that this is still too 
much, the uniformity can be increased by storing 
multiplicative and additive normalization factors for 
each pixel, as demonstrated in [1].  

The best result that we have obtained so far with a 
cover plate and inside an enclosure is E5H3L3O5
(Fig.7). Here FM = 22 at an average gray level of 
about 165, external illumination with two LED light 
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fixtures through  

Figure 7. Contours, histogram, and cross-sections of the illumination for the most uniform lighting 
conditions that we have found so far with the cover plate (Image #31). The contours are 5 gray levels 
apart, FM = 22. The contours show that additional LEDs are necessary to increase the uniformity. 

Table�I.��Figures�of�Merit�(FM)�&�Normalized�Figures�of�Merit�(NFM)�for�various�types�of�illumination�
#� IMAGE�

(key�in�Section�3)�
FM� NFM� � #� IMAGE��

(key�in�Section�3)�
FM� NFM�

1� E1H1L1O0� 11� 0.06� � 24� E2H2L2O4P4*� 3� 0.99�
2� E1H1L2O2� 87� 0.46� � 25� E2H3L2O4� 40� 0.24�
3� E1H1L3O3� 130� 0.77� � 26� E3H1L2O4� 43� 0.27�
4� E1H1L4O1� 20� 0.10� � 27� E3H2L2O4� 32� 0.22�
5� E1H1L5O2� 19� 0.09� � 28� E3H3L2O4� 32� 0.22�
6� E1H2L1O0� 13� 0.07� � 29� E5H1L3O5� 25� 0.15�
7� E1H2L2O1� 60� 0.29� � 30� E5H2L3O5� 23� 0.14�
8� E1H2L2O2� 89� 0.48� � 31� E5H3L3O5� 22� 0.14�
9� E1H2L2O2P2� 89� 0.59� � 32� D2E1H1L2O2� 15� 0.11�
10� E1H2L2O2P3� 89� 0.59� � 33� D2E1H1L3O3� 39� 0.25�
11� E1H2L3O3� 131� 0.81� � 34� D2E1H2L2O2� 16� 0.12�
12� E1H2L5O2� 20� 0.10� � 35� D2E1H2L2O2P2� 17� 0.09�
13� E1H3L2O2� 90� 0.49� � 36� D2E1H2L2O2P3� 18� 0.10�
14� E1H3L2O2P2� 92� 0.56� � 37� D2E1H2L3O3� 41� 0.28�
15� E1H3L2O2P3� 91� 0.55� � 38� D2E1H3L2O2� 17� 0.12�
16� E2H1L2O4V1� 6� 0.03� � 39� D2E1H3L2O2P2� 19� 0.10�
17� E2H1L2O4V2� 10� 0.06� � 40� D2E1H3L2O2P3� 18� 0.10�
18� E2H2L2O4V1� 41� 0.25� � 41� D3E1H1L2O2� 36� 0.24�
19� E2H2L2O4V2� 37� 0.21� � 42� D3E1H1L3O3� 32� 0.24�
20� E2H2L2O4P2V1� 34� 0.24� � 43� D3E1H1L5O2� 17� 0.11�
21� E2H2L2O4P2V2� 30� 0.23� � 44� D3E1H2L2O2� 34� 0.25�
22� E2H2L2O4P3V1� 34� 0.24� � 45� D3E1H2L3O3� 35� 0.28�
23� E2H2L2O4P3V2� 31� 0.24� � 46� D3E1H2L5O2� 22� 0.13�
� � � � � 47� C3E2H2L2O4� 99� 0.73�
Note:�For�simplicity,�if�the�color,�diffusion,�or�polarization�classifications�are�“C1,”�“D1,”�or�“P1”,�then�the�category�label�is�
omitted�from�the�image�name.��Similarly,�if�there�is�only�one�version�of�an�image,�the�version�category�label�is�omitted�
*Very�dark�image�because�of�crossed�polarizers
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�
tissue paper sides, black back, and anti-reflective 
acrylic cover plate. The contours of Fig. 7 suggest that 
we can increase the uniformity with additional lights 
near the bottom. We would, however, much prefer to 
avoid having to construct a box-within-the-box. (Table 
I shows some images with even lower FM and NFM, 
but detailed examination indicates high spots too small 
to affect the figure of merit but large enough to cover a 
mark.) The imminent completion of the prototype 
shown in Fig. 2 will accelerate and improve our 
experiments, which have so far been conducted with 
ad hoc fixturing.  

It may seem that we are going overboard in our 
attempts to design sound illumination for the relatively 
simple task of counting filled ovals, X’s or checkmarks 
in or near known positions on a fixed form. Note, 
however, that according to the Voluntary Voting 
System Guidelines of 2005, “the system shall achieve a 
target error rate of no more than one in 10,000,000 
ballot positions.” No matter how this guideline is 
interpreted, or whether in fact error rates of 
0.000001% can be verified at all, we must strive to 
minimize all avoidable sources of miscounts. 
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Abstract

Traditional OCR systems are designed for planar (de-

warped) images and the accuracy is reduced when applied

on warped images. Therefore, developing new OCR tech-

niques for warped images or developing dewarping tech-

niques are the possible solutions for improving OCR accu-

racy camera-captured documents. Among different types of

dewarping techniques, curled textlines information based

dewarping techniques are the most popular ones, but are

sensitive to high degrees of curl and variable line spacing.

In this paper we build a novel dewarping approach based

on curled textlines information, which has been extracted

using ridges based modified active contour model (coupled-

snakes). Our dewarping approach is less sensitive different

direction of curl and variable line spacing. Experimental

results show that OCR error rate, from warped to dewarped

documents, has been reduced from 5.15% to 1.92% on the

dataset of CBDAR 2007 document image dewarping con-

test. We also report the performance of our method in com-

parison with other state-of-the-art methods.

1 Introduction

For document analysis and recognition, flat-bed scan-
ners are traditionally and widely used in document cap-
turing, that produce planar images with high resolution.
From decades many novel approaches have been proposed
for planar document image segmentation [1] and OCR [2].
Nowadays high performance cameras are available at low
cost, that offer fast, easy, flexible and non-contact imag-
ing. These advantages make camera a potential substitute of
scanner for document capturing and at the same time open
doors for many new applications, like mobile OCR, digi-
tizing thick books, digitizing fragile historical documents,
finding text-in-images, etc. But camera-captured docu-
ment images suffer from various distortions, like non-planar

(warped) shape, uneven light shading, motion blur, perspec-
tive distortion, under- and over-exposure. Therefore, cur-
rent OCR systems, which are designed for planar document
images, do not have capability to deal with these distor-
tions and give poor performance when applied directly to
warped camera-captured document images. There could be
two possible solutions for improving the OCR performance
of warped document images: (i) design new camera-based
document analysis and recognition techniques, like special-
ized binarization, curled textlines detection which can help
in layout analysis and character segmentation, blurred and
low resolution character recognition, etc. or (ii) design de-
warping techniques for flattening document images such
that current OCR systems can be directly applied to them.

So far, much attention has not been given to develop-
ing new OCR techniques for camera-captured document
images. But over last decade, different approaches have
been proposed for document image dewarping [3, 4]. These
approaches can be divided into two main categories based
on the document capturing methodology: (i) approaches
in which specialized hardware arrangement, like stereo-
camera, is required for 3D shape reconstruction of warped
document [5, 6, 7] and (ii) approaches in which dewarp-
ing method is designed for image which is captured us-
ing single hand-held camera in an uncontrolled environ-
ment [8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19]. Hand-held
camera-based dewarping approaches can be further classi-
fied into two groups: (i) approaches based on document
geometry [8, 9, 10, 11] and (ii) approaches based on curl
textlines information [12, 13, 14, 15, 16, 17, 18, 19].

Our dewarping approach, presented here, falls under the
category of single hand-held camera-based approaches us-
ing curled textlines information. Literature review on curled
textline based dewarping approaches [12, 13, 14, 15, 16,
17, 18, 19] and curled textlines finding techniques [20, 21],
[Ridges based Coupled-Snakes1] are given below.

1Detailed explanation of “Textline Information Extraction from
Grayscale Camera-Captured Documents” will be published elsewhere.
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Zhang and Tan [12] proposed dewarping for scanned im-
ages from thick bound volumes. They consider that the ma-
jor portion of the image is straight. They estimate neigh-
boring curved portions of each straight textline by cluster-
ing connected components and then move these connected
components parallel to their straight line portion.

Ulges et al. [13] proposed dewarping technique based on
priori layout information and local textline approximation
using RAST [22]. After local textlines finding, they es-
timate quadrilateral cell for each letter and then map to a
rectangle of appropriate size and position in the dewarped
image.

Lu et al. [14] introduced a rectification technique for
restoring documents with perspective distortions. Their al-
gorithm is based on tip-points and vertical stroke bound-
aries estimation using morphological operations. They use
top points and bottom points for estimating top and bot-
tom textlines respectively. They estimate source quadrilat-
erals using vertical stroke boundaries and textlines pairs and
then construct rectification homography using each pair of
source and target quadrilaterals.

Lu and Tan [15, 16] proposed dewarping algorithms
which are the extension of work presented in [14]. These
algorithm can remove skew, perspective and geometric dis-
tortions.

Gatos et al. [17] introduced dewarping techniques us-
ing textlines information. They perform horizontal smooth-
ing [23] to combine characters into words and then find
lines by grouping neighboring words. They rotate each
word of a line individually based on its slope and then align
all words of a line with respect to the left most word.

Gatos and Ntirogiannis [18] proposed dewarping ap-
proach based on the estimation of words and textline by
using the modified “box hand” [24, 25] approach. Simi-
lar to [17], they rotate each word of a line and then align all
words of a line with respect to the left most word.

Dewarping technique by Fu et al. [26] starts by
estimating sub lines using characters combination
method [27].They cluster mid points of sub lines based
on a proximity criteria, which results in textlines. From
these textlines, they estimate left and right borders and top
and bottom curves. They stretch cylinder surface area into
planar surface area based on the model presented in [5].

Stamatopoulos et al. [19] introduced a two step dewarp-
ing algorithm. They estimate textlines using method intro-
duced in [17]. In coarse dewarping step, they estimate left
and right borders and top and bottom curves using textlines
information and then transform curve area into 2D rectan-
gular area. In fine dewarping step, they perform dewarping
algorithm, presented in [17], over coarse dewarped image.

We have already described versatile active contours

(snakes) based curled textlines detection techniques for bi-
nary and grayscale camera-captured document images [20,
21, Ridges based Coupled-Snakes1]. our curled textlines
detection techniques are less sensitive to high degrees of
curl, variable direction of curl, different line spacing and
font sizes, as compared to above mentioned curled textlines
approaches (as part of dewarping algorithms).

In this paper we introduce document image dewarping
approach based on curled textline information. The method
starts by estimating x-line:baseline pairs using ridges based
coupled-snakes model1. The starting position of each
straight textline in dewarped image is calculated using
neighboring curled textlines in warped image and then ge-
ometric distortion (curl) is removed by mapping characters
over each curled x-line:baseline pair to its corresponding
straight x-line:baseline pair. Finally perspective distortion
is removed by using four point homography algorithm.

The rest of the paper is organized as follows: Section
2 describes the technical and implementation details of de-
warping algorithm. Section 3 comprises the performance
evaluation and experimental results. Section 4 discusses the
results and conclusion.

2 Dewarping Algorithm

Our dewarping algorithm comprises of three steps: (1)
curled textline information extraction from binarized doc-
ument image using ridges based coupled-snakes model, (2)
geometric distortion handling using curled textline informa-
tion and (3) perspective distortion handling using four point
homography algorithm. All these steps are described below.

2.1 Curled Textline Information Extrac-

tion

We have already described curled textline information
extraction from grayscale document images using ridges
based coupled-snakes model1. The dewarping algorithm
presented here use this technique for finding textlines infor-
mation from binarized document images. Here is the brief
overview of ridges based coupled-snakes model for curled
textlines information extraction.

The process starts by enhancing curled textline struc-
ture using multi-oriented multi-scale anisotropic Gaussian
smoothing, based on match filter bank approach [28, 29].
A single range is selected for both σx and σy , which is the
function of the height of the document image (H), that is
aH to bH with a < b. The range for θ is set from -45 to 45
degrees. From these ranges, a set of filters is generated for
all possible combinations of σx, σy and θ. This set of filters
is applied to each pixel of binary image and the maximum
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value among them is selected. Figures 1(a) and 1(b) show
the input and smoothed images respectively.

Horn-Riley [30, 31] based ridges detection approach is
used for finding the central lines structure for textlines. This
approach is based on the information of local direction of
gradient and second derivatives as the measure of curvature.
From this information, given by Hessian matrix, ridges are
detected by finding the zero-crossing of the appropriate di-
rectional derivatives of smoothed image. Detected Ridges
over the smoothed image of Figure 1(b) are shown in Fig-
ure 1(c). It is clearly visible in the Figure 1(c) that each
ridge covers the complete central line structure of a textline,
which results in textlines detection.

After detecting textlines, the task is to determine the x-
line:baseline pairs information for textlines. For this pur-
pose, the gradient of binary image is computed by using
Sobel filter. Then gradient image is divided into two im-
ages: one contains positive magnitudes (top-image) and an-
other one contains absolute values of negative magnitudes
(bottom-image). Top-image is dominated by the top parts
of curled textlines and similarly bottom-image is dominated
by the bottom parts of curled textlines. Then gradient vec-
tor flow (GVF) [32] of both images are calculated. Active
contour (snake) [33] is adapted over ridges. The duplicated
ridges are used as initial open-curve snakes pairs for curled
textlines. For each pair, one snake is deformed with respect
to the vertical components of GVF of top-image and an-
other one with respect to the vertical components of GVF
of bottom-image. Large percentage of GVF of bottom gra-
dient image and small percentage of GVF of top gradient
image are used during coupling, because of the assumption
that more characters lie on baseline than on x-line. After
each deformation iteration, the distances between each pair
of snakes are adjusted to make them equal to average dis-
tance.

Figures 1(d) and 1(e) show the properly estimated pairs
of x-line:baseline for curled textlines.

2.2 Handling of Geometric Distortions

An easy and efficient way of handling geometric (curled)
distortion by using curled-line pairs is to estimate corre-
sponding straight-line pairs and then map all pixel val-
ues from curled-line pairs to straight-line pairs. For each
textline, the starting and ending x-coordinate values of
straight-line pair is set similar to curled-line pair. Now
the more critical task is the approximation of y-coordinate
values for straight-line pairs. One way of calculating y-
coordinates for each straight-line pair is to find the average
y-coordinate values of top and bottom curled lines within a
pair. But in document image some textlines are small and

some are large and large textlines contain more curled in-
formation than smaller ones. Due to this fact, estimated
y-coordinates of small textlines are not accurate and results
in overlapping of textlines in dewarped image. Therefore
we use neighboring textlines information for estimating y-
coordinate values for straight-line pairs. For each textline,
top and bottom curled lines from neighboring textlines
are projected over the top curled line and bottom curled
line of targeted textline respectively. Then, all these top
curled lines are combined together and bottom curled lines
are combined together, which results in an approximated
curled-line pair for targeted textline. Approximated curled-
textline pairs contain more curled information than actual
curled-line pairs, especially for small textlines. We use
these approximated pairs only for calculating y-coordinates
for straight-line pairs. For each textline, the y-coordinates
for straight-line pair are calculated from the approximated
curled-textline pair through averaging y-coordinates of its
top curled line and bottom curled line. After estimat-
ing straight-line pairs, all pixels over curled-line pairs are
mapped to the corresponding straight-line pairs. Resulting
dewarped image is shown in Figure 1(f), in which textlines
are straight as compared to curled textlines of input image
(Figure 1(a)).

2.3 Handling of Perspective Distortions

After handling geometric (curled) distortion gracefully,
the next step is to remove perspective distortion in the im-
age, as shown in Figure 1(f). For handling perspective dis-
tortion we use four point homography algorithm [34], in
which homography matrix is calculated from source and
target quadrilaterals. In our case, quadrilateral without per-
spective distortion is used as source and quadrilateral with
perspective distortion is used as target. The process of re-
moving perspective distortion starts by finding left and right
vertical borders of warped image. Left and right border
are calculated by applying RANSAC on staring and ending
points of curled-line pairs, detected in section 2.1. Result-
ing borders are shown in Figure 1(d). For perspective distor-
tion free rectangle, left border perpendicular to page width
is calculated by finding minimum x-coordinate value from
left border shown in Figure 1(d). Similarly right border per-
pendicular to page width, is calculated by finding maximum
x-coordinate value of right border shown in Figure 1(d).
Resulting source and target quadrilaterals are shown in Fig-
ures 1(f) and 1(g), in blue and red colors respectively. Recti-
fying homography matrix is calculated by using source and
target quadrilateral. Then, x-and y- coordinates of source
quadrilateral are transformed into target quadrilateral using
homography matrix and bilinear-interpolation is applied for
calculating intensity values for dewarped image. Final de-

36



(a) (b)

Figure 2. a) Two column document image. b)
Dewarped documenrt image result.

warped image is represented in Figures 1(g) and 1(h). One
can compare the good quality of final dewarped image (Fig-
ure 1(h)) with input warped image (Figure 1(a)). Our al-
gorithm also gives good dewarping results for two column
document images, shown in Figure 2.

3 Experiments and Results

To demonstrate the performance of our algorithm on
real world documents, we evaluate it on the dataset of
CBDAR document image dewarping contest [4]. The
dataset consists of 102 documents, captured with hand-held
camera. This dataset is freely available with ASCII text
ground-truth. Three methods participated in this contest:
SEG [17], SKEL [10] and CTM (un-cleaned results) and
CTM2 (cleaned up results) [26]. We referred our dewarping
method as “Ridges-Snakes”. Together with our dewarped
results, we also have dewarped results of all three partici-
pants of dewarping contest [4]. The results of all methods
on some example documents from dataset are shown in Fig-
ure 3.

The dewarped documents of all methods are processed
through a commercial OCR system ABBYY Fine Reader
9.0. After obtaining text from the OCR software, the block
edit distance1 with the ASCII ground-truth has been used as
the error measure. Table 1 shows the comparative results of
all methods with respect to mean edit distance, median edit
distance and the number of documents for each algorithm
on which it has the lowest edit distance (in case of tie, all
algorithms having the lowest edit distance are scored for
that document).

Together with comparative performance evaluation, we
have also compared mean edit distance error rate before

1http://sites.google.com/site/ocropus/release-notes

and after dewarping. Before dewarping, mean edit distance
is 5.153%. After dewarping, using our described method,
mean edit distance is 1.917%, as mentioned in Table 1. This
demonstrates that, after dewarping average edit distance er-
ror rate is reduced by 3.24%.

4 Discussion

We have presented a new approach for document image
dewarping using curled textlines information. Unlike some
other dewarping approaches, our dewarping approach does
not use any type of postprocessing step for cleaning up re-
sulting dewarped documents. We calculated edit distance
error rate using our raw dewarped results. After applying
our reported dewarping method on the dataset of CBDAR
2007 document image dewarping contest [4], OCR error
rate is reduced by 3.24%. Additionally, a fair comparison
of our algorithm with other three participants of dewarp-
ing contest [4] has been done. The winning method [26]
of that contest had submitted two different results: (i) de-
warped results without postprocessing (CTM) and (ii) de-
warped results with postprocessing for removing graphics
and images (CTM2). According to the statistics presented
in the Table 1, our raw (un-cleaned) dewarped results are
nearly similar to the cleaned dewarped results of winning
method of dewarping contest, i.e. CTM2, but our raw (un-
cleaned) dewarped results are better then the un-cleaned de-
warped results of winning method of dewarping contest, i.e.
CTM. Furthermore as shown in Figure 3, our dewarped re-
sults look more planar than other three methods and our de-
warping method performs better than other approaches in
the presence of margin-notes, two-column documents and
high degrees of perspective distortions.
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Abstract

A domain where, even in the era of electronic document

processing, handwriting is still widely used is note-taking

on a whiteboard. Such documents are either captured by a

pen-tracking device or – which is much more challenging –

by a camera. In both cases the layout analysis of realistic

whiteboard notes is an open research problem.

In this paper we propose a camera-based three-stage

approach for the automatic analysis of whiteboard docu-

ments. Assuming a reasonable foreground-background sep-

aration of the handwriting it starts with a locally adaptive

binarization followed by connected component extraction.

These are then automatically classified as representing ei-

ther simple graphical elements of a mindmap or elementary

text patches. In the final stage the text patches are subject

to a clustering procedure in order to generate hypotheses

for those image regions where textual annotations of the

mindmap can be found.

In order to demonstrate the effectiveness of the proposed

approach we report results of an experimental evaluation on

a data set of mindmap images created by several different

writers without any constraints on writing or drawing style.

1. Introduction

In many areas writing down notes or texts manually us-
ing, for example, pens has been replaced by machine-based
techniques. Very prominently, it is nowadays standard to
write an email using a computer and a keyboard rather than
actually writing a letter. Without any doubts, electroni-
cally supported creation of documents implies several ad-
vantages. Machine-printed texts are easily to read by virtu-
ally everybody. Furthermore, storage and retrieval are more
convenient for electronic rather than for handwritten docu-
ments.

However, there are still certain application cases where
the “traditional” way of handwriting is more favorable [16].

Figure 1. Mindmap creation on a whiteboard

Especially for creative processes like brainstorming any
(electronic) equipment that might distract the attention of
humans is likely to hinder the process of generating ideas.
Basically, distraction kills creativity. Consequently, in such
cases people often fall back on “low-tech” equipment for
writing down their ideas, namely to pens and paper.

A standard means of writing down the results of a brain-
storming session in a well structured way is mindmapping

[1]. A mindmap basically corresponds to a graph with
nodes and edges. Nodes represent the ideas that are usu-
ally written down as short texts – mostly a single or just
a small number of words each. Relations between cer-
tain ideas are visualized by (directed) edges between these
nodes. Apart from that, there is no constraint in how to or-
ganize a mindmap, for example, w.r.t. writing style, writing
direction etc. For group based brainstorming mindmaps are
usually created on a whiteboard, which is nowadays stan-
dard equipment of a meeting room. In Fig. 1 the collabora-
tive creation of a mindmap is shown.

When restricting note taking to the use of pens and
whiteboard, unfortunately, all advantages of electronically
supported techniques (see above) are explicitly left out.
However, particularly for storage and retrieval, digital rep-
resentations of whiteboard notes in general and especially
mindmaps written on it are desirable. For their creation the
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paradigm of non-obtrusiveness remains, though.
In our work we develop a camera-based automatic white-

board reading system [13]. One goal is to monitor the dy-
namic process of creating mindmaps on a whiteboard using
a video camera and to automatically extract a digital repre-
sentation of the mindmap. The latter then can be used for
the desired electronic storage and retrieval. By means of
a projector recognized mindmaps can easily be reproduced
directly at the whiteboard. This allows intuitive interaction
(editing, erasing, browsing etc.) with the mindmap using
natural means, i.e. pens, eraser and whiteboard.

One prerequisite for its successful recognition is the seg-
mentation of a mindmap w.r.t. graphical elements (circles,
lines, arrows) and text blocks. In this paper we present
an approach for the automatic analysis of the structure of
handwritten mindmap drawings. Still images of mindmaps
written on whiteboards serve as input data. In a three-
stage procedure we first extract relevant connected compo-
nents, which are then fed into a classification system. At
this second stage of the proposed procedure features cal-
culated from the extracted connected components are auto-
matically classified as either belonging to some graphical
element or as being part of handwritten text. For a success-
ful mindmap recognition we then agglomerate connected
components of the same type to larger portions of struc-
turally connected basic elements. Clusters of connected
text components form single words that are the input for
our handwriting recognition system. The output of the pre-
sented approach is a full segmentation of a mindmap image
that includes region-based annotation at the level of graphi-
cal elements – circles, lines, arrows – and words. By means
of an experimental evaluation on a database of mindmaps
that have been sketched on whiteboards by multiple writers
we demonstrate the effectiveness of this new approach.

2. Related Work

A digital document consists of a huge variety of physical
items such as text blocks, lines, words, figures, tables and
background, etc. However, at a lower level all these items
are composed just by connected components, which are a
set of interconnected pixels containing no high-level infor-
mation at all. The goal of document structure and layout
analysis is to detect the different regions and to identify the
functional roles and relationships between them [9].

While a human reader uses several clues like context, and
a-priori information about the script together with a com-
plex reasoning mechanism, the machine can rely only on
the extracted low-level information. This is the reason why
automatic layout and structure analysis of an arbitrary doc-
ument is a very challenging task. However, we should dis-
tinguish between printed documents and handwritten ones.
While for printed documents we can presume a certain lay-

out, structure [4] or textual information, like font size, bold-
ness [6], for handwritten documents there is usually a total
lack of physical organization.

While some impressive results have been achieved for
the recognition of handwritten forms, postal documents
[2, 14] and mathematical formulas [3, 11, 17], the analy-
sis and recognition of whiteboard notes is a relatively new
issue in the scientific community and just some attempts can
be found in this subject.

In [7] the authors propose a system to recognize white-
board notes by using an HMM based recognizer. In this sys-
tem the image acquisition is performed on-line utilizing an
infrared sensor. Unfortunately the work addresses just the
problem of word recognition of well structured handwritten
notes without considering any extra information, which can
occur in such a document.

A kind of e-Learning strategy using a whiteboard has
been described in [20]. The authors use two cameras and
a pen capture tool on the whiteboard to recognize Japanese
characters based on some character matching. However, to
detect the text regions from the whiteboard, they consider
the software provided by the pen manufacturer.

In [12] the task of processing whiteboard images is ad-
dressed using portable digital cameras or cell-phones. How-
ever, the work is more related to image processing rather
than to its analysis. The focus is on the detection of board
boundaries and on image quality enhancement. The out-
put of the described procedure can then be used for further
analysis.

The authors in [13] consider a more challenging issue as
they recognize whiteboard notes taken with a camera and
without any on-line information. Their text detection strat-
egy is based on the different pieces of low-level information
extracted from the connected components and all this is cal-
culated as a probability. The drawback of this strategy is its
rigidity as it considers global thresholds to distinguish be-
tween textual and non-textual items.

Back in the 1980s research around textual documents has
been extended to line drawings. The original raw data was
scanned documents but the aim was not to recognize the
structure/layout and content but to rebuild the high-level
design from engineering drawings, recognize pipes, lines,
roads, rivers in maps, etc. [18]. Considering the content
of these documents, maybe they are more complex than
printed materials but still operating with a limited and well
defined set of graphical items.

3. Camera-Based Segmentation of Mindmaps

A mandatory pre-processing step for successful recog-
nition of hand-drawn mindmaps is their segmentation. The
goal of this process is to annotate regions of a camera image
w.r.t. graphical elements and text. We developed a three-
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Figure 2. Overview of the system for automatic segmentation of whiteboard notes

stage procedure that handles still images of mindmaps and
produces a complete region-based annotation. The overall
procedure is illustrated in Fig. 2. It starts with the extrac-
tion of relevant connected components (cf. Fig. 2c). In the
second stage, the latter are automatically classified using a
statistical modeling approach. Therefore, feature represen-
tations of all connected components are fed into a classifier
that provides a labeling w.r.t. circles, lines, arrows and text
(cf. Fig. 2d). In the last stage connected components of
the same type (graphical elements or text) are agglomerated
by means of a hierarchical clustering procedure (cf. Fig.
2e). The output of the segmentation procedure, in terms
of separate regions containing text blocks at word level as
well as the other graphical elements, serves as input for a
recognition system. It will analyze the graph structure and
recognize handwritten notes.

3.1. Connected Component Extraction

In the first step of our segmentation method connected
components are extracted. The structure of mindmap im-
ages suggests this procedure as there is apparently a clear
distinction between handwriting in the foreground and a
more or less homogeneous background (the surface of the
whiteboard). Thus, connected components are very likely to
be concentrated on the actual mindmap. Disregarding prob-

able flaws in the image (e.g. inhomogeneous lighting, or
non-opaque marker color) separating the mindmap by con-
nected component analysis is reasonable.

For the purpose of connected component extraction the
input image has to be binarized, which in our case is accom-
plished by use of Niblack’s algorithm [10]. A variant of the
basic approach is used that applies threshold optimization
[15] and local thresholding in a 51x51 pixels window. For
efficient computation integral images for plain as well as
for squared pixel values are analyzed [19]. The actual ex-
traction of connected components follows a straightforward
approach of segmenting contiguous black pixel regions.

By means of heuristic post-processing connected com-
ponents that obviously do not belong to the mindmap are
suppressed by trivial filtering. The remaining set of con-
nected components is not necessarily limited to well iso-
lated, known graphical elements and text portions only. In-
stead unknown and touching elements together with addi-
tional clutter are very likely to occur (cf. Fig. 2c). Thus, for
successful segmentation of mindmap images further analy-
sis of the extracted connected components is required.
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3.2. Classification of Connected
Components

In the second stage of our segmentation approach the
set of extracted connected components is classified w.r.t be-
longing to either one of the known graphical elements, text,
or unknown. In the latter case the particular connected com-
ponent is discarded from further processing.

In a mindmap circles/ellipses, lines and arrows are used
for the purpose of grouping, linking and structuring. This
stands in contrast to textual items which represent the ac-
tual content of a mindmap. Basically, all considered ele-
ments exhibit certain structural specialties. Textual com-
ponents, for example, differ from others by their texture,
(black) pixel density, and size. Similar conclusions can be
drawn for lines, circles and arrows. Consequently, reason-
ably discriminating features can be extracted from image
data that will serve as input for the classification system.

We investigated two kinds of feature sets. On the one
hand standard statistical features are calculated on im-
age data. These measures are invariant in size and rota-
tion. Roughly speaking they represent – to some extent –
shape related properties of the analyzed connected compo-
nents. Alternatively, intensities of gradient histograms (val-
ues ranging from 0 to 255, equally divided into 16 bins) of
the connected components serve as features (gradient set).

The shape-set is based on the features proposed by
Becker, the winner of the ICDAR 2005 Text Locating Com-
petition [8]. They have been used successfully for natural
scene text detection. In order to also cope with the detec-
tion and discrimination of graphical elements we extended
the original set by certain additional statistical measures. In
the reminder of this paper the first set of features is referred
to as shape feature set or extended Becker set.

Original Becker features [8]:
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Extended Becker set:

Becker features: (see above)

Canny edge intensity: The average of the intensity of an
edge of the canny edge image Icanny within the area of
a connected component’s bounding box.

Fcanny intensity =

widthcc−xccP
xcc

heightcc−yccP
ycc

Icanny(x, y)

weightcc · heightcc

Number of foreground gray levels: The number of gray
values in the foreground (i.e. on the connected com-
ponent) of the bounding box of a graphical element.

Ffg gray values =

P
i;histfg [i]>0

1

P
i;histfg [i]>0

1 +
P

i;histbg [i]>0

1

Foreground mean gray level:

Ffg mean =

P
i

histfg[i] · i
P

i;histfg [i]>0

1

Relative amount of gradient orientations: Using the his-
togram histangles of the angles of the gradient image,
the number of the angles appearing at least once is cal-
culated.

Fgradient orientations =

P
i;histangles[i]>0

1

360

Relative amount of foreground pixels: The number of
pixels of the connected component divided by its area.

Ffg pixels =

P
i

histfg[i]

widthcc · heightcc

Standard deviations : As the standard deviation is a mea-
sure of dispersion of data, in our case these features
select irregular/textured connected components.

– Gray level intensity:

Fgray level deviation = σ(I(cc))
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– Sobel gradient orientation:

Fgradient orientation deviation = σ(ISobel directions(cc))

– Sobel gradient magnitude:

Fgradient intensity deviation = σ(ISobel magnitudes(cc))

Using either the extended Becker set or the gradient set
two alternative feature representations for connected com-
ponents are extracted. In the first case input data is repre-
sented by a 12 dimension feature vector whereas in the latter
the resulting feature space contains 16 elements.

The actual classification of the particular feature vectors
is based on a Multi-Layer Perceptron (MLP). By means of
cross-validation the network topology has been adjusted.
We use one hidden layer with 15 or 20 neurons and the
sigmoid function as activation function. Model training is
based on standard backpropagation. The input and output of
the network is defined by the number of input features cal-
culated for each component (12 or 16 based on their nature)
and the number of classes to be identified (4, i.e. arrows,
circles/ellipses, lines, and text).

In order to deal with input data that does not belong to
one of the known classes the following rejection strategy
is considered. Let us denote by A1 and A2 the best two
outputs of the classifier. The rejection function can then be
defined as follows:

O(x) =

{
a1 = c(A1), if|A1 − A2| ≥ ε

M + 1, otherwise
(1)

where c() is the function, which gives the corresponding
class for the outputs, a1 is the top choice given by the clas-
sifier, M is the number of classes and M + 1 stays for the
additional, rejection class. The ε is a parameter controlling
the rejection rate (0 ≤ ε ≤ 1).

3.3. Text Agglomeration

Once the classification of the different connected compo-
nents is performed by the MLP, we can proceed to a higher
level in the mindmap analysis. At this stage we step from
a lower, connected component based level, to a higher one,
which projects a sort of vague layout analysis as we can al-
ready distinguish between text and non-text elements (lines,
circles, arrows). However, the primary goal is not to de-
tect the layout but to merge different identified textual con-
nected components into so-called “word structures”. This
pseudo word level cannot really be equated with the physi-
cal word level as there is no information about what might
be a word. This merging strategy is necessary for the further
processing when a subsequently applied word recognition
tool has to recognize the text.

Knowing that characters usually appear closer to each
other than to other elements, by clustering they should
group with their kind rather than with non-text elements.
For that reason we discard all the items tagged by the clas-
sifier as being non-text and we perform a hierarchical clus-
tering trying to merge the remaining items into words. Such
an attempt can be observed in Fig. 3.

We have considered different distances in order to mea-
sure the similarity between two clusters. As we selected an
agglomerative clustering strategy, we explored the suitabil-
ity of the Euclidean distance between the physical center
of the two connected components. A similar measure is
computed for the gravity centers. Furthermore, the mini-
mal distance between the boxes bounding graphical items
is also considered. While these measures are easy to cal-
culate their complexity is still high. Based on preliminary
results we select the minimal distance to be considered for
the further investigations.

A faster strategy is proposed by Yuan et al. [21], where
the distance is based on the size of components to be merged
as well as on the Euclidean distance between the com-
ponents. In [5] the same idea was used successfully in
a greedy clustering approach to separate text, drawings,
charts, etc. Alternatively to the hierarchical clustering ap-
proach (see above) we explore the capabilities of greedy
clustering thereby exploiting the following distance func-
tion:

f(s1, s2) =

r
ks1s2

s1 + s2

where s1, s2 represent the sizes of the two connected com-
ponents and k is a parameter controlling the level of the
grouping. Analyzing the function f it becomes clear that it
is rotation invariant, symmetric, and it does not respect just
the distances but also the sizes of the components.

In order to use this measure, we calculate the distance
between the components c1 and c2 having the size s1 and
s2. If this distance is smaller than the value given by the
function f then component c1 and c2 are merged and form
a new cluster. This operation is iterated while all the unique
components are tested.

4. Evaluation

In order to evaluate the effectiveness of the proposed sys-
tem we pursued practical experiments on real whiteboard
images. In the following we first give a description of the
data set. Then classification results for connected compo-
nents analysis are presented that illustrate the capabilities
of the system to discriminate between text and non-text el-
ements (circles, lines, arrows). Finally, results achieved by
clustering the connected components are discussed.
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Figure 3. Results of text agglomeration (rect-
angles) on an exemplary mindmap image.

4.1. Data-set

Our whiteboard images based document set consists of
31 photos we took from mindmap-drawings on a white-
board. Eleven different writers were asked to freely draw
one mindmap for each of the topics ”holiday”, ”party” and
”study” (two writers sketched only two mindmaps). The
writers were provided with a standard whiteboard marker
set containing four different colors (black, blue, green, red)
and a whiteboard eraser. Except for a basic set of words for
each topic, which had to be used and an obligation to add
at least three other words to the mindmap, there were no
restrictions in creativity.

After a writer had finished his mindmap, a photo of the
whiteboard was taken with a digital camera set to a resolu-
tion of 2,048x1,536 pixels. Reasoned by the image acquisi-
tion process, we can encounter in the picture items like the
wall, other printed documents linked to the whiteboard, and
frame parts of the board, which are not part of the docu-
ment. These items are considered being noise elements (cf.
e.g. [12] for a comparable argumentation).

In order to create the training and test we split the data
randomly. The only constraint was to have one image sam-
ple from each of the writers. So we have a training set con-
taining 20 images, while the test set consists of 11 images,
one image from each particular writer.

4.2. Results

In the first experiment we evaluated the classification ca-
pabilities of the second stage of our segmentation approach,
namely the analysis of connected components w.r.t. the dis-
crimination between texts, circles, lines and arrows. We
evaluated the two different feature sets described in Sec.

3.2. The overall classification accuracies (without rejec-
tion) for the extended Becker set and the gradient set are
given in Tab. 1. It can be seen that both types of features
are suitable for the classification. However, using the ex-
tended Becker features produces slightly better results. For
the sake of clarity we limit the further presentation of results
to this feature representation. The particular classification
results of each writer can be seen in Tab. 2.

Features Accuracy[%]
ext. Becker set(12) 95.7

gradient set(16) 93.0

Table 1. Results of connected components
classification using different feature sets.

Writer Accuracy[%] Writer Accuracy[%]
1 97.6 2 92.2
3 97.7 4 97.3
5 95.6 6 94.8
7 96.8 8 96.0
9 82.3 10 96.4

11 97.0

Table 2. Writer specific classification re-
sults for connected components analysis
(extended Becker feature set).

While the text items are recognized with a high precision
(99.4%) the arrows are often confused with lines. This con-
fusion can be explained by the fact that just a few arrows are
represented in our data set and there is not much difference
between them. Similar confusions can be encountered for
circles, related to text items where circles can be matched
with textual elements like “o”, “D”, etc.

The rejection rates and the corresponding recognition ac-
curacies for the different ε values (Eq. 1) are given in Tab.
3. Setting a stronger rejection criteria by increasing the pa-
rameter ε provides a higher accuracy, a decreasing misclas-
sification rate and an increasing rejection percentage. How-
ever, the number of false positive rejections (given as abso-
lute percentages in parentheses) also increases. Thus, care
needs to be taken when adjusting the rejection threshold.
For all further experiments reported in this paper we used
small ε values, which practically implies no rejection.

For the evaluation of the quality of the agglomeration
of textual elements we use the method introduced in the
context of the ICDAR 2005 Text Locating Competition [8].
That way we produce comparable and comprehensible eval-
uation results.

The bounding boxes of the annotated ground truth T and
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(a) Hierarchical agglomeration
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(b) Greedy clustering

Figure 4. Comparison of precision/recall values for one example document

ε Accuracy[%] Misclassified[%] Rejection[%]
(% FP)

0.1 96.2 3.8 1.1 (0.6)
0.3 97.1 2.9 3.5 (1.9)
0.5 97.9 2.1 6.3 (4.0)
0.7 98.7 1.3 10.9 (7.8)
0.9 99.5 0.5 22.8 (18.9)

Table 3. Dependency of classification accu-
racy on the choice of the rejection threshold

the agglomerated text components E are compared – the
larger the overlap of the bounding boxes, the higher the
level of match. A match mp between two rectangles r, r′

is defined as the quotient of their intersection area and their
union area:

mp =
A(

⋂
(r, r′))

A(
⋃

(r, r′))
.

The evaluation scheme is based on precision and recall

known from the domain of Information Retrieval. Having a
binary answer to whether there is a fitting ground-truth rect-
angle to an estimated one or not would not cope with partial
matches. This is why the quality for a single match mp in
this case lies in the range of [0; 1]. In order to calculate these
adapted versions of precision and recall the best match be-
tween a rectangle within the agglomerations and all rectan-
gles within the set of annotations is taken into consideration
– and vice versa. The best match m(r, R) of a rectangle r
within a set of other rectangles R is defined as:

m(r, R) = max {mp(r, r′)|r′ ∈ R}.

The recall then is the quotient of the sum of the best matches
of the ground truth among the agglomerated areas and the
number of all annotated bounding boxes within the ground
truth:

recall =

∑
rt∈T m(rt, E)

|T | .

The precision relates to the quotient of the sum of the best
matches of the agglomerated areas among the annotated re-
gions and the number of all agglomerated areas:

precision =

∑
re∈E m(re, T )

|E| .

We evaluated the output of the agglomeration using both
schemes described above (cf. Fig. 4). In Fig. 4(a) we dis-
play a typical result of the hierarchical clustering, stating
in this case the maxima for precision and recall at 83%
and 72%, respectively. One can see that the other cluster-
ing method (cf. Fig. 4(b)) reaches almost the same preci-
sion value (76%) while the maximum recall is significantly
lower (53%). Despite the worse overall results, this algo-
rithm might be preferable in some cases as it obviously
reaches the optimum a lot faster. These diagrams also il-
lustrate the agglomeration process – starting with the initial
component set and finishing with one huge cluster. As more
and more components get agglomerated, the granularity of
the clustering approaches its optimum. Further grouping
leads to too large clusters and by that to worse precision
and recall values.

5. Conclusion

In this paper we presented a segmentation approach for
handwritten whiteboard notes that is based on a three-stage
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(a) Touching items (b) False agglomeration for multi-
line texts

Figure 5. Segmentation challenges

processing strategy. First we extract connected components,
which are then classified w.r.t. belonging to known graph-
ical elements or text. In order to obtain segmentation at
word level in the final stage textual elements are merged by
an automatic clustering procedure.

By means of an experimental evaluation we demon-
strated the effectiveness of the proposed approach. We suc-
cessfully extracted graphical and textual elements of hand-
written mindmaps of real-world whiteboard images. Clus-
tering of connected components identified as being text pro-
duced reasonable word level hypotheses. The latter can now
serve as input for an actual handwriting recognition system.

Analyzing the segmentation results provided by the pro-
posed system certain still remaining challenges can be iden-
tified (cf. Fig. 5). As illustrated in Fig. 5(a) touching con-
nected components need to be separated properly. Further-
more, line separation is required for text portions before
feeding them to an actual recognition system (cf. Fig. 5(b)).

In our future work we will address the aforementioned
issues. Furthermore, we will consider to recognize the
whole structure of the mindmap and the integration of the
system with our handwriting recognizer [13].
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