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Abstract

The purpose of this work is to implement panorama stitching from a sequence of
photos taken by cell phone camera on the Android phone system. The photos for
panorama stitching are captured in a fixed linear spatial interval based on magnetic
compass provided by Android cell phone. The computation is carried out either on
phone or by a cloud according to the number of photos used for the panorama. The post
processing methods on phone or by a cloud for panorama mosaic are similar. SURF
(Speed-Up Robust Features) detection algorithm [1] is employed detect the features,
and the correspondences are further discriminated by RANSAC (RANdom SAmple
Consensus) algorithm [3]. By stitching photos with blending, the resultant panorama
is automatically popped up after these processing steps. Our algorithm successfully
automates the panorama stitching on the user end. The resultant panoramas from
3 photos computed on the Android phone takes 122 seconds, and panorama from 7
photos computed by server takes only 9 seconds.

1 Introduction

Panorama was prevalent ever since mid-19th century because it offers a more immersive
experience compare to a simple snapshot due to the unlimited field of view. At that time,
a series of images were taken from a wide angle and directly stitched into a single large
image, i.e. a panorama. With the advent of new technology, we are capable of achieving
this technique with the power of signal processing. In the research literature, methods for
automatic image alignment and stitching fall broadly into two categories, direct and feature
based methods: Direct methods have the advantage that they use all of the available image
data and hence can provide very accurate registration, but they require a close initialization.
Feature based registration does not require initialization, but traditional feature matching
methods e.g., correlation of image patches around Harris corners lacks the invariance prop-
erties needed to enable reliable matching of arbitrary panoramic image sequences. Thanks
to the scale-invariant feature detection method and homograph model, panorama stitch-
ing problem now has an explicit solution. In our work, we use a feature based method to
implement the panorama stitching on the Android mobile.
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A sequence of photos is the initial input for panorama stitching, and this depends both on
the camera setting and user operation. The Android phone is equipped with a five mega pixel
camera, and the photos’ sequence is designed to be linear to facilitate the post-processing
steps The advantage of a sequence of images here is to minimize the computational burden on
phone. We don’t need to match different images for their sequence, instead we can operate
the stitching one by one without worrying the ordering. With random photo shooting, the
computation time for n input images is O(n log(n)), but the sequence images, it will reduce
the computation to linear time, with sacrificed user options (but we assume the linear photo
gallery satisfies the user requirement to certain extent). For further computation efficiency
purpose, we also down sample the input images by a factor of 16, under which, the feature
detection step may be affected.

The geometry of the panorama problem has been exhausted explored, and we only need
to estimate the homography or a 3× 3 matrix transformation for each images. SIFT (Scale-
invariant feature transform) [4] and SURF methods are both cable of the scale invariant
feature detection. Although SIFT possesses higher accuracy, SURF method is used in our
work considering the computation efficiency on the mobile phone. Blending and cropping is
automatically triggered for image matching. Upon completion of image matching, adaptive
cropping is necessary to form an output seamless panorama image. We describe the algorithm
for this work in the section 2, and the section 3 presents the experiment results. Further
discussion and conclusion is made in section 4.

2 Algorithm

Panorama image mosaicking has been extensively explored nowadays, and many commercial
camera and image software provide such image processing technique. However, implementing
the panorama image mosaicking on the mobile phone is a new idea, which we anticipate meets
customer needs with promising commercial future. We embedded our panorama stitching
algorithm on the android system, with the mobile phone camera as the image sources. The
procedure we used is as following: 1) Images capturing with android cell phone; 2) Images
projection to a predefined cylindrical coordinate; 3) Features matching among successive
images and 4) Image matching. Detailed procedure for each step will be described in the
following sections.

2.1 Images capture

The first step for panorama is to capture desired images which are suitable for panorama
stitching. The desired images means that successive photos need to have roughly the same
camera settings, enough overlap with each other and known camera parameters. Android
phone provides us with a 5 mega-pixel resolution camera which is cable of burst shooting
mode. Utilizing this feature, we took a bunch of pictures of the objects. During the burst
shooting process, cell phone can provide developers with timer and compass information.
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To satisfy the overlapping requirement, we can set the burst shooting at predesigned time
intervals (measured by the timer) or spatial interval (measure by the compass). Since the
photos are taken by users, spatial control of the shooting interval benefits the requirement
of overlapping. For the parameter setting, unfortunately, android phone doesnt provide the
focal length info, which is important to the cylindrical projection step. But the good news
is that our estimation of the focal length works well for the all the experiments. One reason
is that the when taking photos for panorama stitching, we usually obtain objects which are
far away. Under this assumption, the focal length tends to be a fix value.

2.2 Images projection

The first step to process the collected images is to project them to a cylinder with the
preset focal length parameter. This step is critical for panoramas with a large angle of view,
especially for an indoor or outdoor 360◦ scene. The cylindrical projection transform can be
described as following procedure.

(x̂, ŷ, ẑ) =
1√

X2 + Z2
(X, Y, Z) (1)

(sin θ, h, cos θ) = (x̂, ŷ, ẑ) (2)

(x̃, ỹ) = (fθ, fh) + (x̃c, ỹc) (3)

Equation 1 projects arbitrary point in 3D space (X, Y, Z) to the unit cylinder. Equation 2
converts points to cylindrical coordinates. Cylindrical image can be computed from Equation
3, where f is the focal length of the camera and (x̃c, ỹc) is the origin defined in the unwrapped
cylinder.

To prove the importance of the cylindrical projection step, Figure 1 compares the panora-
mas with and without cylindrical projection step. As we can see, the image is greatly dis-
torted if this step is not applied.

(a) Panorama with cylindrical projection

(b) Panorama with perspective projection

Figure 1: Comparison of cylindrical and perspective projection
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2.3 Features matching

2.3.1 SURF

SURF (Speed Up Robust Features) method is a quick scale invariant feature detection
method, which was first proposed by Bay et al.. It computes horizontal and vertical pixel
differences, dx and dy, in local coordinate system for rotation and scale invariance. And then
it accumulates dx, dy, and |dx|, |dy| over 4 × 4 subregions (SURF-64) or 3 × 3 subregions
(SURF-36). It then normalized for gain invariance, but distinguishes bright blobs and dark
blobs based on the sign of Laplacian. It speeds up the feature detection several times than
the SIFT (Scale Invariant Feature Transform).

2.3.2 Feature correspondences

From the detected features, we need to find correspondences between successive images. We
achieve this by using the nearest distance search over the entire features detected. Among all
the correspondence, we need the build the Homography model of the projective transform,
i.e. we need to find the homograph matrix as below: x′i

y′i
1

 =

 h00 h01 h02

h10 h11 h12

h20 h21 h22

 ·
 xi

yi

1

 (4)

The homograph matrix describes the transform we need, and h00, h01, h02, h10, h11, h12,
h20, h21 and h22 are the transform parameters. Calculating those variables only need 3
correspondences, but we have to guarantee that those 3 are the correct correspondences.
Although we have many correspondences, not all of them are correct detection, so we need
further validation for finding the right ones.

2.3.3 Image matching

For each pair of potentially matching images we have a set of feature matches that are
geometrically consistent and a set of features that are inside the area of overlap but not
consistent. The idea of our verification model is to compare the probabilities that this set of
inliers/outliers was generated by a correct image match or by a false image match. Using the
full-fledged RANSAC method, we successfully find the correspondences within the estimated
precision.

3 Results

Figures 2(a) and 2(b) show the panoramas computed on the Motorola Droid phone. For each
panorama, a set of images containing 3 photos was input. Figure 2(a) takes 122 seconds and
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Figure 2(b) takes 143 seconds to compute the result. Figure 2(c) shows the panorama
computed from 7 photos on a 2.33GHz PC. The result was rendered in 9 seconds (without
network transmission). Figure 2(d) shows the panorama computed using Photoshop, which
takes 23 seconds.

(a) Panorama computed from 3 indoor pho-
tos

(b) Panorama computed from 3 outdoor
photos

(c) Panorama computed from 7 outdoor photos

(d) Panorama computed using Photoshop

Figure 2: Experimental results

4 Discussion and Conclusions

Although panorama technique has been well developed by many commercial and research
groups [2], mobile phone application of it is still an interesting and challenging work for both
users and developers. First of all, the constraint of the mobile phone computation ability
seem be a bottleneck for it. Waiting several minutes for a panorama image is not pleasing
for users, and meanwhile this process may jeopardize many other phone applications. Cloud
computing provides an efficient solution for this problem, and the communication between
the phone and server should be carried out safely and accurately. Since it’s beyond the scope
of this paper, we won’t discuss more about it.

Another issue about the stitching process is how to sort the bunch of images and stitch
them. Sequence shooting provides us a way of less effort on this problem, while users loses
the choice of the unlimited panorama formation. Content based image retrieval can be used
to find adjacent images from a bunch of unsorted images. But from the user experience
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perspective, it’s natural to take phone around a certain path instead of random shooting.
And our approaching really combine the photo shooting and panorama construction together
to one step. If powerful server is provided, we can process the panorama stitching during
photo shooting process by simply sending the next image to the server and stitching it to
the panorama we already have. Then near really time panorama construction is achieved,
the time needed is really the time users need to take photos. This feature is only guaranteed
by the sequence model.

In conclusion, we implement an algorithm for fully automatic panorama stitching on An-
droid cell phone environment using a sequence of photos captured by phones own camera.
The use of matching methodologies and alignment algorithms allow us to compose panora-
mas more efficient, and stitch them together without user input. Blending scheme ensures
seamless transitions between image illumination differences, providing an immersive image
panorama experience to the user.
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A Appendix

• Tao Chu: Feature matching, Image Matching

• Bowen Meng: Feature matching, Image Matching

• Zixuan Wang: Feature matching, Image Matching

The poster and report are discussed and written by all of us.
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