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Abstract

This paper presents a novel user interaction concept for
document image scanning with mobile phones. A high res-
olution mosaic image is constructed in two main stages.
Firstly, online camera motion estimation is applied to the
phone to assist the user to capture small image patches of
the document page. Automatic image stitching process with
the help of estimated device motion is carried out to recon-
struct the full view of the document. Experiments on doc-
ument images captured and processed with mosaicing soft-
ware clearly show the feasibility of the approach.

Figure 1. Scanning a map with a mobile

1. Introduction phone.

The imaging capabilities of modern mobile phones have
created an opportunity for more exible document image
acquisition. Traditionally, documents are captured with ages can be modelled using a 2-D similarity model and
atbed scanners that produce high quality images. How- lighting conditions are xed. There are also approaches
ever, these devices are too large and heavy to be portableclosely related to our work. For example, Nakao et al
Mobile cameras enable portable and non-contactimage capfl1] presented a method where a camera was attached to
ture of any kind of document including thick books, text the mouse. The user takes partial images by moving the
in scenes or wall mounted documents [2]. Although they mouse over the document. The mouse movement is es-
cannot replace atbed scanners, they are more suitable fotimated using block matching. The captured images are
several scanning tasks in less constrained environments. matched by applying image mosaicing with the help of the

A full view of a document page such as a poster or a map mouse movement. Zappala et al [15] used an over-the-desk
(See Fig. 1) is usually too large to capture in detail by tgkin camera to take images of a document that is moved on the
a single snapshot. The resolution can be increased by zoomdesk. At the same time, the motion of the document is
ing in or moving closer and then taking partial images. A coarsely tracked using a simple correlation measure. Suc-
high resolution image is nally achieved by stitching cap- cessive frames overlap by about 50%. Recently, Liang et al
tured images together. A resolution suf cient for optical [7] proposed a method for camera captured document im-
character recognition (OCR) is usually desired. The qual- ages. It allows registration of images with an overlapping
ity of the result is mainly affected by two important tasks: areaas small as 10 % with signi cant perspective distortion
image registration and image blending. They also apply sharpness based text component selection

A number of methods have been proposed for the specialin order to obtain seamless blending.
case of documentimage mosaicing [11, 15, 14, 7]. Most of  In this paper, we present a method for document image
these are developed for atbed scanners where image stitchscanning with mobile phones. During online scanning, mo-
ing is easier because geometric transformation between imtion estimation with low-resolution images is used to con-
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result, good high-resolution images of the document page . il Ed EX 0, | Ry
can be captured for stitching. Images with coarse align- BS 75| BMA OA FIT oM

ment information are downloaded to a desktop computer,

. . . . BS = feature block selection
Where a mosaic of Im.ages is constructed aUtomatlca”y us- BMA = block displacement estimation and uncertainty analysis
ing a feature-based alignment method. OA = outlier analysis

FIT = fitting of a parametric global motion model
CUM = cumulation of estimates

2. Online image capturing

o Figure 2. Computational phases of the cam-
In the rst stage, partial images of the document are o3 motion estimation.

captured with the help of user interaction. The basic idea

is to apply online camera motion estimation to the mobile

phone to assist the user in the image scanning process. The

user starts the scanning by taking a high resolution imagelS based on analysis of image gradients. In our solution,
of some part of the document. Then, the user is asked toV€ compute eigenvalues of the normal matrix [13]. In a
move the device to the next location. The scanning direc- subregion, we rst try to locate a block with strong gradi-
tion is not restricted. The camera motion is estimated dur- €nt values in orthogonal directions (both eigenvaluesef th
ing movement and the user is informed when the suitablenormal matrix are large). If such a block is not found, we
overlap between images is achieved (for example 25 %).seek a block with strong gradients in one spatial direction
When the device motion is small enough, a new high res- (Iarge value for one eigenvalue).

olution image is taken. The movement should be stopped In the second phase of motion feature computation, dis-
because otherwise images are blurred. In order to measur@lacement of each chosen block is estimated. As a block
device motion, we estimate the dominant global motion be- matching measure, we use the zero mean sum of squared
tween several consecutive low-resolutia6Q 120)image  differences (ZSSD) criterion, which can be de ned as

frames. These estimates are then used for computing cumu- X
lative displacement estimates. The requirement here is tha D(d)= (Ik(x+d) Ix 1(x) d)? (2
the error in this estimate does not become too high, so that x2B

suf cient overlap between stored images is guaranteed.

Our motion estimation method is illustrated in Fig. 2. Whered = [u;V]" is the displacemen8 denotes a set
The method is based on estimation of locaition features ~ Of block pixel coordinatesl( ) is the target frame, and
which encode information about displacements of a sparse (d) is the average dfc(x + d) lx 1(x) computed over
set of image blocks between two frames. The motion fea-X 2 B. The ZSSD measure can tolerate changes in light-
tures are passed on to an outlier analysis, which de nes theing conditions and sensor sensitivity [1], which is crudmal
features used for the global motion estimation. Global mo- our application due to automatic control of image capturing
tion estimates :k = 1;:;Ngare then used to estimate Parameters such as exposure time and shadows.

the matrixR . and the vectoty of the approximative map- In our method, ZSSD is evaluated for some range of in-
ping teger displacementsandv. The surface of matching mea-
x0= RyX + ty; 1) sure values obtained in this way is called thetion pro le,

) o which is used for re nement and uncertainty analysis. The
wherex denotes the coordinates of a pointin the rstframe, griginal estimate for the displacement is re ned to subpixe
lo, andx® are its coordinates in framk. Guidance of  precision by the tting of quadratic functions to the crite-
the picture-taking process is then based on the elements OFion values in the neighborhood of that minimum. Separate
Ry andfy. In the following, we discuss the computational tting in horizontal (u) and vertical ¢) directions is per-

phases in more detail. formed in our case.
] To evaluate the uncertainty of the local displacement es-
2.1. Motion features timate, analysis of the motion pro le is performed in order

to detect those displacements, which are possible accord-
Computation of motion features begins by selection of ing to the ZSSD criterion. The main principle is to perform
blocks from the anchor framie 1() (recall Fig. 2). The  gradient-based thresholding for the motion pro le. The set
locations of the blockp 2 P are obtained by dividing the  of good matchesisdened as = fd jD(d) Tgwith
image region tdN rectangular subregions and selecting one the threshold
block from each subregion. In this way, we have features
distributed over the image. Comparison of candidate blocks T=D(dn) + kiG + ky; 3)



wheredy, is a displacement, which minimizes the block the hypothesized displacement and estimated displacement
difference measurés; is a block gradient measure, akgd However, we can also use the Mahalanobis distance based
andk, are constants. The gradient measGrés the sum onC, in our analysis. This enhances the utilization of par-
of squared differences of neighboring pixels computed overtial displacement information available at edge-like oegi.

the block in horizontal and vertical directions. Statigtic = The scope of this paper does not allow full discussion of the
justifcations for this principle are given in [4]. approach here, we refer to [4] for details.

Once thresholding has been performed, we summarize Global motion estimation is illustrated in Fig. 3. Lines
the result as a covariance matfix,, which is the second in the top right image illustrate the block displacement es-
central moment ol 2 V with the constant = 1=12 timates,d, and ellipses show the related uncertainties. The
added to the diagonal values. The constant re ects thebottom left image shows the trusted features that are used
fact that thresholding was done for integer-valued digplac  for parametric model tting. In this case, the ellipses diu
ments. We also compute the rst moment oVerwhich is trate the weight that a particular displacement estimase ha
denoted, . With these notations, a single motion feature is in the tting.
de ned as a quadruplé€p; a:dy; Cv), wherep denotes the
location of the block centroid in the image afhds the sub-
pixel precision displacement estimate. Such features make B L\ -
up the sef shown in Fig. 2. O \! O

—— c ———

2.2. Global motion estimation -

Selected blocks Motion features
Global motion estimation uses the local motion features
and determines a parametric motion model, which is sup- -
ported by those features. In general, such a model repre-
sents the displacemedtat image coordinatp = [x;y]"
as - —
d=H [p] ; (4) Trusted features Estimated motion

where isaN 1 parameter vector and[p]isa2 N

mapping matrix. In our application, we use the similarity _ ) )
model as it gives adequate approximation of the global mo- ~ Figure 3. Example of global motion estima-
tion. The mapping matrix of it is de ned as tion.

_ 1 0 x vy
HIPI= 5 1y x (5)
Robust tting of parametric models is typically based on the 3. Document image mosaicing
random sample consensus (RANSAC) method [3] or some
variant of it. In our case, we present an approach, where After online image capturing, the partial high resolution
agreement on some model takes local motion uncertaintyimages of the document page are downloaded from the mo-
information into account. Recalling Fig. 2, inlier selecti ~ bile phone to a desktop computer and the automatic doc-
takes the set of motion features as an input, and outputs dMment image mosaicing is carried out. The mosaicing is
set of trusted motion features, which are tripkgtsd; W ). based on robust estimator (RANSAC [3]) with a feature
whereW is a2 2 weighting matrix. This information ~ Point detector (SIFT [8]). Graph based global alignment
is fed to the model tting stage, where the nal result is and bundle adjustment steps are performed in order to min-
estimated using the weighted least squares method [10]. imize image registration errors. Finally, warped images ar

In outlier analysis, hypotheses about global motion are blended to the mosaic using simple Gaussian weighting.
generated by drawing suf cient subsets of motion features
and solving the corresponding system of equations, which3.1. Feature matching
is based on (4). In those equations, estim8tese used for
displacementsl. The best hypothesis is found among the  First, the features have to be detected for ef cient im-
generated ones, and it de nes the inlier features used in theage matching. Most methods for automatic image matching
nal model tting. are based on extracting Harris corner [5] features from the
Uncertainty information associated with the motion fea- rst image and performing normalized cross correlation to
tures is used to support the outlier analysis. The basie prin match them in the second image. However, Harris corners
ciple would be to evaluate the Euclidean distance betweenare not scale invariant and cross correlation is not ratatio



invariant. Recently, the SIFT [8] feature detector has be- zig-zag type of scanning path, it is necessary to minimize

come very popular due to its good performance. SIFT fea-the global registration error. In this work, we apply a graph

tures are invariant to image scale and rotation. based registration that takes advantage of registering non
consecutive images [9]. Finally, the bundle adjustment pro
cess is performed.

(b)

Figure 4. An example of the feature corre- Figure 5. (a) A graph for image sequence with
spondences established. shortcuts added (dashed lines). (b) A graph

of the shortest path.

In this work, we utilize the coarse alignment informa-
tion obtained during online image capturing. First, theTSIF . .
features used for matching are extracted only from the es-. First, we con‘_struct a g_raph for the image sequence. The
) . . images are vertices of this graph and two vertices are con-
timated overlap areas of two images. Second, alignment

. o . . nected with an edge if the corresponding images are regis-
information is used to set up windows where matching fea- . . . ;
. . o tered. The location of the vertices is based on image cen-
tures are sought in the second image. Matching is based orj " " .
. . . troids in the reference coordinate system. After creation o
evaluation of the Euclidean distance measure to the SIFT,

feature vectors [8], and the best match is included in thethe graph, only consecutive frames are registered (Fig. 5(a

: lines). The next step is to nd non-consecutive images
feature correspondences. If two features are spatialbeclo . o
. . ; which overlap signi cantly and create shortcuts between
in the rst image, a match is sought only for one of them. . . . .
. corresponding vertices. According to [9], the normalized
Fig. 4 shows an example of feature corresponces found from’. e
. S distance between centroids is used as a measure of overlap
document images in this way.

max(0;jci  ¢j j di  djj=2).

. . ij = - ; 6

3.2. Homography estimation b min (d;; d;) ©)
) wherec;; ¢j; di andd; are the centroids and the diameters
Once feature correspondences have been established, wgr 1o imaged;;1;. If i is greater than one, there is no

have a set of feature matches between images to be regissyeriap between images. The criterion for a shortcut is
tered. Most of the outliers are removed during our matching

stage, butthere is a possibility of mismatched featuretpoin b = i @)
In order to reject outlying matches and estimate the geo- ’ i
metric transformation from the remaining good matches, we yhere ;j is the length of the shortest path between ver-

use the well known robust algorithm, RANSAC [3]. We use jcesii andj. The shortcuts (Fig. 5(a) dashed lines) are
a planar perspective projection, also called as homographyagded using the algorithm presented in [9]. The valid short-
to model the geometric relationship between two overlap- ¢yts are registered and then the shortest path from the im-
ping images. The adaptive version of the RANSAC, pre- 5qes to the reference image (frame 4) is computed. Fig. 5(b)
sented in [6], nds geometrically consistent matches be- spows an example result. After graph based registration,
tween images. Finally, the resulting homography is ne- the overall alignment error decreases signi cantly. Perfo
tuned using the Levenberg-Marquardt algorithm to mini- mance of the mosaicing is further improved with bundle
mize a geometric error function for the inlier matches [6]. adjustment. We optimize all the homographies for all im-

age pairs simultaneously using the Levenberg-Marquardt
3.3. Global alignment method in order minimize global registration error [12].

The concatenation of estimated homogaphies causes im3.4. Warping and blending
age alignment errors to accumulate. This error cannot be
observed in the nal mosaic if the scanning path does not We use the projective transformations estimated in the
overlap any images visited earlier. However, if we use a previous steps to transform all overlapping images into a



reference image coordinate system. The reference image
is chosen from the middle of the document. The transfor-
mations for each frame are computed by concatenating the
estimated homographies estimated. Then, the pixels of the
image are warped into a new image, where the pixel values
are interpolated on the regular grid. We use cubic interpo-
lation in our warping. Due to different exposure times and
inconsistent lighting we do not have the same intensity lev-
els in images to be aligned. We utilize local histogram nor-
malization in order to balance the brightness and contrast
across images. Otherwise, visible dicontinuities areceati

in the resulting mosaic.

A straightforward solution to seamless merging of im-
ages into the mosaic is to compute a weighted average in
an overlap region in order to get a gradual transition from
one image to another. The pixels in the area of overlap are
blended using a Gaussian weighting function. The pixels )
at the region are increasingly weighted towards the edges.ues are shown. It can be seen that the largest error is less

This blending eliminates abrupt seams in the mosaic. Thetan one pixel, so the performance is good. In the right-
shortcoming of the weighted averaging is double or ghosthand image, estimated image overlaps are plotted against

images in the case of registration errors. In the future work the ground truth overlaps and it can be seen that the differ-

we could use more sophisticated methods especially dence is small, so detection of the overlap condition can be
signed for documents [7] made reliably. This was not the case with a multiresolution

gradient-based motion estimation, which we tried out as an
alternative method in our work.

Figure 6. Examples of document page views.

4. Experiments

3

4.1. Camera motion estimation

As was stated at the beginning of Sec. 2, the error in
the overlap estimates should not become too high in order
to guarantee an adequate overlap between images. For our
experiments, we used 10 sequences having a length of 20- ;
50 low resolution {60 120) frames. A high resolution
(640 480 image was captured both at the beginning and
at end of the sequence. These images were used to verify Figure 7. Estimation results. Left: global mo-
that a correct overlap was measured with accumulating mo-  tion model difference, right: frame overlap
tion estimates. The sequences were captured with a Nokia estimates.

6670 mobile phone using our real-time implementation for
devices based on the Symbian OS. Some examples of doc-
ument images are shown in Fig. 6. It can be observed that
signi cant shadows are present and also some parts of the
images are better focused than others, and this makes mo-
tion estimation more dif cult. This is also a problem in the
image stitching phase. In order to have an approximation The mosaicing method was tested with several image
for the 'ground truth' motion, annotations of point tracks sequences captured with our real-time software using a
were made to the sequences. This allows us to see easily iNokia 6670 mobile phone. Fig. 8 illustrates the mosaic
large errors are made in estimation. (1397 1099 constructed for an A4 document page from

The performance of the method with the sequences iseight high resolution40 480 images. The focus of the
illustrated in Fig. 7. The image on the left shows the dif- camera can not be controlled and some patches are better
ference between the estimated and ground truth parametridocused than others. Therefore, the sharpness variessacros
global motion models. The difference is evaluated as thethe mosaic, as can be seen from the image on the left of
root mean square (RMS) difference between the displace-Fig. 9. There are no strongly visible seams, which can be
ments, that models give over the image, and sorted val-seen in the right image of Fig. 9, for example.

Overlaps [%], estimated

RMS difference [pixels]

;
d
-

o 20 40 60 80 100
Overlaps [%], ground truth

.2. Document image mosaicing



Figure 8. A mosaicing example.

Figure 9. Some patches of the mosaic.

5. Discussion

We have presented a new technique for creating docu-
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