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Abstract

This paper presents a global approach to mosaic blending,
reconstructing original scene radiances up to scale, and si-
multaneously estimating intrinsic camera parameters. By
incorporating a geometric constraint of rotating and zoom-
ing cameras and a constraint of non-linear mapping func-
tions into robust optimization problems, we ascertained op-
timal blending parameters for multiple images.

1. INTRODUCTION

Most work in image mosaics focuses on recovering a pro-
jective transformation between a pair of images captured by
a rotating and zooming camera [1][2]. Although the es-
timation of the projective transformations is accurate, the
creation of a high quality mosaic requires color and lumi-
nance correction to avoid seams due to photometric varia-
tions across image boundaries. Traditionally, the objective
of blending is to eliminate such boundary seams using in-
tensity information in the overlapping region of a mosaic
[2]1[3][4]. However, the original factors causing the bound-
ary seams were not considered. Boundary seams in the mo-
saic are caused by some non-linear mapping properties of
cameras. Therefore, once parameters of the mapping func-
tion are estimated, the blending would be a simple average
problem.

Toward this goal, in this paper, we present a new blend-
ing method by self-calibrating intrinsic camera parameters,
and simultaneously reconstructing original scene radiances
up to scale from the motion information. There have been
some efforts to reconstruct scene radiances with a still cam-
era [5][6][7]. Closer to our paper is the work of Hasler and
Siisstrunk [8] which proposed methods that can be used to
correct color mismatches between images. However, they
used only pairwise local relations while our method is a
global approach in that it uses multiple images in a single
framework by estimating camera parameters and scene ra-
diances simultaneously with a more accurate model. Also,
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constraints related to rotating and zooming cameras and non-
linear mapping functions are introduced. To estimate pa-
rameters robust to outliers such as misaligned pixels or mov-
ing objects in the overlapping region, we adapted a skipped
mean estimator, and incorporated it with Levenberg Mar-
quardt (LM) optimization along with the bundle adjustment
technique. We call our method enhanced blending because
the final blended mosaic is seamless and clear.

Linear and non-linear effects causing discontinuities in
blending are briefly described in section 2 and the estima-
tion algorithm is explained in detail in section 3. With ex-
periments in section 4, we conclude our work with some
remarks in section 5.

2. RADIOMETRIC RESPONSE

Most vision algorithms assume that the scene radiance (L)
at a point on an object is linearly related to the irradiance
(F) at the corresponding point in the image sensor array,
given by
7 rdy? 4

E—[4(f) cos Q}L, )
where d is the diameter of lens, f is the focal length of the
camera, and 6 is the angle that the ray from the image point
to the center of the lens makes with the optical axis. The
parameters are depicted in Fig 1 (b), where cos @ is repre-
sented by the focal length and distance (7) from the image
center (or the principal point): cos 8 = /f2/(f? + r?).

In addition, most photographic lenses exhibit optical vi-
gnetting to some degree which is caused by a partial ob-
struction of light from the object space to image space. The
geometry of vignetting for two-lens system is shown in Fig
1 (a) where the shaded part of the beam never reaches the
second lens, causing the irradiance to drop in the image pe-
riphery. Assuming that entrance and exit pupils are circular,
and the off-axis angle # is small, the loss of light due to
vignetting can be expressed as the approximation [7] given
by

E=(1-ar)L, 2)

where a(> 0) is the darkening coefficient.
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The relationships in Equations (1) and (2) show that ir-
radiance is proportional to scene radiance. Also, irradiance
falls off as the light ray deviates from the optical axis due to
cos*f and the vignetting term.

I
ﬁg /[0
s !

(c) Nonlinear mapping

(a) Vignetting

(b) Linear radiometric response

Fig. 1. Relations between intensity (/) and radiance (L).

Finally, the irradiance reaching the image sensor is non-
linearly mapped to produce high quality image intensity
depending on the image acquisition devices [5][6][8], as
shown in Fig 1 (c).

Let ¢ be an image index, t; the exposure time of I;, Xy,
a scene point, X;; the corresponding pixel in I;, and g the
non-linear mapping function of the camera. Then, the final
relation between intensity I;(x;x) and scene radiance L(x)
can be expressed as

E, = Ii(xit) — 9(Gi(xir) L(xx)) =0, (3)
where
s d; f; 2
gZ(Xlk) = th(]. — OZiTi(Xik)) (fQ+r—Zf(xk)2) . (4)

3. SELF-CALIBRATION FROM A ROTATING AND
ZOOMING CAMERA

In this section, we describe the overall procedure of our
algorithm. For simplicity, consider two images I; and I;
obtained from a rotating and zooming camera. Then, two
matching points X;j, and X5, are on the same ray in 3D space
passing through the camera center, as shown in Fig 2. The
point relationship can be represented by a 3 x 3 homography,
Hij’ given by

Xjr = Hijxix = K;Rij K "X, &)

where R;; is the rotation matrix between two images and
K is the camera calibration matrix in the form of

fi sfi Do
K; = 0 ~fi Dy . (6)
0 0 1

The parameters in K; represent the properties of the image
formation system: f; is the focal length of I;, v is the aspect

ratio, s is the skew, and (p,;, p, ) is the principal point of the
camera. It is noted that the intrinsic parameters in K; are
closely related to the distance r;, given by

(X)) = \/[:m — P — %(yi *py)}2 + E(yi *py)}Qv
@)

where (x; = [z;, yi]T) is the image coordinate in I;.

Fig. 2. Geometry of a rotating (¢;;) and zooming camera.

In Fig 2, we observe that intensities of two matching
points X; and X, are from the same radiance L(xy) be-
cause the camera center is the same for both images. Hence,
if exact homographies of all images are known, and assum-
ing that all images are corrupted by zero mean Gaussian
noise and distorted by non-linear mapping in Equation (4),
all related parameters can be found by minimizing the sum
of squared errors in Equation (3) for all pixels in the over-
lapping region.

Notice that given a constant ¢, replacing G; (X1 ) L(xx)
with G; (x;x )cc ™t L(x, ) may result in the same energy. Thus,
¢ 1 L(xy) can be another solution for scene radiances. This
ambiguity can be solved by fixing the radiance of the prin-
cipal point in the reference frame /;, because the intensity
value is not affected by the darkening effects. By replacing
Equation (4) with

fifi 2
fi2+7"i(xik)2)  ®

we can make L(p., p,) equal to g~ (11 (ps, py)) with Dy =
1. Then, D; should be a constant representing the ratios de-
pending on the lens diameters and exposure times between
I and I,. For some cases, it also contains the ratio of white
balances and illumination change. In this sense, scene radi-
ances are reconstructed only up to scale where the scale is
related to the reference frame.

Gi(xit) = Di(1 = airi(xa))

3.1. Robust Statistics

Among a bulk of noisy data in the overlapping region, there
may be outliers which contribute too much to the overall

3304



solution in a negative direction. In our problem, although
there is a small error in the estimated homographies causing
small errors in all point matchings, there may be large in-
tensity errors in the edge region. Also, if there are moving
objects in the overlapping region, which is a general case in
the mosaic problem, the intensity data of the region may be
outliers.

A way of overcoming the outlier problem is by robust
statistics [9]. In our case, intrinsic parameters © =[f1, ...,
fn, Da, ..., DN, g, &, Doy Dys s s]T and scene radiance
L of all pixels are found with Levenberg Marquardt (LM)
optimization minimizing

p |NQ|Z Z lxzk

i=1 XN

— 9(Gi(xir)L(xk))), (9)

where p(x) is a robust error norm of residual error x, €2 is
the overlapping region of the final mosaic image, and N is
the number of images.

The choice of the p-functions results in different ro-
bust estimators and the robustness of a particular estimator
refers to its insensitivity to outliers. In this paper, we used
a Huber-type skipped means estimator [9]: This rejects ev-
erything which is more than 5.2 median deviations away
from the median and takes the mean of the remainder; and
the second derivative is always positive which is a very im-
portant property for incorporating the robust estimator into
LM optimization. Because our algorithm finds too many
parameters in L, direct implementation of LM optimization
is not efficient. However, noting that each radiance depends
only on each pixel position, our formulation can be applied
to the bundle adjustment technique' utilizing the diagonal
structure of the normal equation in the LM optimization.

3.2. Using Priors

There may be some known properties for a given problem,
and using prior knowledge as constraints may prevent de-
generate solutions. In this subsection, we introduce two pri-
ors.

Considering a rotating and zooming camera, we can use
aconstrainton Hy; fori =1 ~ N. Since Ry; = K;lHliKl
is a rotation matrix in Equation (5), it satisfies the property
that Ry; = RIZ-T. This can be equivalently represented by

= KK = H,K,\KI'H] = Hy,wiHE,  (10)
where w* is called the dual image of the absolute conic.
This equation is known as the infinite homography con-
straint (IHC). It relates camera calibration matrices to in-
finite homographies and has been used as a measure for

Thttp://www.esat kuleuven.ac.be/~pollefey/tutorial/node76.html

self-calibration [10]. If Hy; is obtained from a rotating and
zooming camera, IHC should be a strong constraint with

* * 2
Ep = |lw} — Hyw} Hy|| (11)

where F' denotes Frobenius norm.

As for the non-linear mapping function g, we adapt the
polynomial model in [6] to give a broad flexibility to the
shape, given by

n—1
g(z) = a1x+a2x2+...—|—an,1w”_1—|—(1— a;)z"
1

, (12)

and this should always be a monotonically increasing shape.
Because the sigmoid function ( Sig(x) = (1 + e—ar)™h)
is very close to the unit step function with a large value of
a(= 1079), the negative gradient is not permitted by using
the constraint given by

1 2
. 0g(x)
E, = {1 s } da. 13
/0 ig(=5,)| d= (13)
Then, the final solutions are estimated with
é, L= arg Igi}} {Ep + M E, + /\2E5:|, (14)

where \; and \q are Lagrange multipliers, and the two con-
straints can be easily included in the bundle adjustment be-
cause they depend only on ©.

It is noted that simultaneous estimation of ©, L makes
our algorithm use multiple images in a single framework. It
is the reason we call our method a global approach. With ©,
enhanced images I¢"(= G; 'g~'(I;)) can be obtained for
all pixels, and the final mosaic is constructed by an average
blending. We call this enhanced blending in this paper.

4. EXPERIMENTS

In this section, we show results of our algorithm using real
digital images. The homographies are calculated using the
method in [1] without accumulation errors. The initial val-
ues of the parameters in [; are obtained using the method
in [10] with the square pixel assumption (y = 1,s = 0),
andwe setn =5, \; = 1072, and Xy = 1.

In Fig 3, we show blending results from twelve digital
images taken with a Sony digital camera (DSC-P72) in auto
mode, and the estimated intrinsic camera parameters are de-
picted in Fig 4. As expected, the average blending result
shows strong boundary seams in the sky region, while our
method shows no boundary seams. The reconstructed non-
linear mapping function shows smoothly increasing shapes.

In Fig 5, we consider the case where misalignments and
moving objects (cars) exist in the overlapping region. By
using robust statistics, a seamless blending result is obtained.
Also, the average shape of the non-linear mapping function
is close to the shape in Fig 4.
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5. CONCLUDING REMARKS

By introducing new energy terms, we robustly estimated
blending parameters and scene radiances. With the recon-
structed radiance images from a rotating and zooming cam-
era, we produced enhanced mosaic results without boundary
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Fig. 4. Estimated intrinsic parameters of Fig 3.
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Fig. 5. Results from ten images with moving cars.

seams. Because our method deals with multiple images in
a single framework, we expect that it can be easily modi-
fied to the problems of super resolution and global mosaic
improving matching quality.

Regarding traditional self-calibration of a rotating and
zooming camera, the IHC in Equation (11) was used as a
strong measurement. In practice, the assumption of pure
rotation is often violated because the camera center and ro-
tation center do not coincide perfectly. This causes transla-
tions and large variations between feature matchings, also
resulting in large errors in estimated intrinsic camera pa-
rameters. Thus, if there is considerable translation like a
handhold camera, IHC may not be a strong constraint. This
is the reason we set \; = 1072 in experiments. In future
work, we need to include some analysis about the effect of
translation in our formulation.

6. REFERENCES

[1] D. W. Kim and K. S. Hong, “Fast global registration for
image mosaicing,” ICIP, pp. 14-17, 2003.

[2] J. Davis, “Mosaics of scenes with moving objects,”
CVPR, 1998.

[3] P.J. Burt and E. H. Adelson, “ A multiresolution spline
with applications to image mosaics,” ACM transactions
on Graphics 2(4), pp. 217-236, 1983.

[4] H. Nicolas, “Optimal criterion for dynamic mosaick-
ing,” ICIP, pp.138-142, 1999.

[5] P. Debevec and J. Malik, “Recovering high dynamic
range radiance maps from photographs,” SIGGRAPH
97, pp. 369-378, 1997.

[6] T. Mitsunaga and S. K. Nayar, “Radiometric self-
calibration,” CVPR, pp. 374-380, 1999.

[7]1 S. B. Kang and R. Weiss, “Can we calibrate a camera
using an image of a flat, textureless Lambertian sur-
face?,” ECCV, pp. 640-653, 2000.

[8] D. Hasler and S. Siisstrunk, “Mapping colour in im-
age stitching applications,” Journal of Visual Commu-
nication and Image Representation, Vol. 15, pp. 65-90,
2004.

[9] F. R. Hampel. E. M. Ronchetti, P. J. Rousseeuw, and W.
A. Stahel, “Robust statistics: The approach based on
influence function,” New York: Wiley, 1986.

[10] L. de Agapito, E. Hayman, and I. Reid, “Self-
calibration of rotating and zooming cameras,” Interna-
tional Journal of Computer Vision 45(2), pp. 107-127,
2001.

3306



	Index
	ICIP 2004 Home Page
	Conference Info
	Welcome Message
	Techincal Program Overview
	Technical Program Committee
	EDICS Categories
	ICIP2004 Paper Submission Statistics
	ICIP2004 Paper Statistics - Final Program
	ICIP2004 Organizing Committee
	Sponsors
	Exhibition
	Venue Access
	Social Activities
	Other Information
	Call for Papers for ICIP2005

	Sessions
	Monday, 25 October, 2004
	MA-S1-Computational Radar Imaging
	MA-L1-Watermarking I
	MA-L2-Face Recognition
	MA-L3-Video Compression Standards I
	MA-L4-Biomedical Image Processing: Segmentation and Qua ...
	MA-L5-Error Resilience / Concealment I
	MA-P1-Image Segmentation: By Color, Texture, and Edge
	MA-P2-Image Filtering and Morphological Processing
	MA-P3-Image Enhancement I
	MA-P4-Video Segmentation
	MA-P5-Low-level Image Indexing and Retrieval
	MA-P6-DCT-based Video Coding
	MA-P7-Image Compression and Applications
	MA-P8-Distributed Source Coding and Others
	MP-S1-Deformable Models and Applications
	MP-S2-Media Security Issues in Streaming and Mobile App ...
	MP-L1-Face Detection, Recognition, and Classification I
	MP-L2-Video Summarization and Browsing
	MP-L3-Image Filtering and Partial Differential Equation ...
	MP-L4-Image/Video Indexing and Retrieval
	MP-L5-Watermarking II
	MP-P1-Video Compression Standards II
	MP-P2-Error Resilience/Concealment II
	MP-P3-Biometrics I
	MP-P4-Image Segmentation: By Multiple Features and Othe ...
	MP-P5-Image Enhancement II
	MP-P6-Video Object Tracking
	MP-P7-Biomedical Image Processing: Compression and Regi ...
	MP-P8-Video Coding

	Tuesday, 26 October, 2004
	TA-S1-Content-based Analysis of Multi-modal High Dimens ...
	TA-S2-Image Forensics
	TA-L1-Feature-based Image Segmentation
	TA-L2-Denoising and Deblurring
	TA-L3-Biometrics II
	TA-L4-Lossy Image Coding
	TA-L5-Wavelet Video Coding and Scalability I
	TA-P1-Stereoscopic and 3-D Processing I
	TA-P2-Face Detection, Recognition and Classification II
	TA-P3-Motion Detection and Estimation: Block Matching
	TA-P4-Feature Extraction and Analysis: Color and Textur ...
	TA-P5-Watermarking III
	TA-P6-Video Indexing, Retrieval and Editing
	TA-P7-Interpolation
	TA-P8-Geosciences and Remote Sensing and Environment
	TP-S1-What is the Latest in Networked Video?
	TP-L1-Super-resolution and Interpolation
	TP-L2-Deblocking, Restoration, and Enhancement
	TP-L3-Motion Estimation and Detection
	TP-L4-Image Segmentation
	TP-L5-Biomedical Image Processing: Compression, Registr ...
	TP-P1-Stereoscopic and 3-D Processing II
	TP-P2-Face Detection, Recognition and Classification II ...
	TP-P3-Video Streaming and Networking
	TP-P4-Shape Extraction and Analysis
	TP-P5-Watermarking IV
	TP-P6-Image/video Storage and Retrieval
	TP-P7-Wavelet Video Coding and Scalability II
	TP-P8-Image Modeling

	Wednesday, 27 October, 2004
	WA-S1-Content Understanding for Home Photograph and Vid ...
	WA-S2-Pattern Discovery in Real-world Broadcast Video
	WA-L1-Image Scanning, Display, and Printing I
	WA-L2-Image Formation I
	WA-L3-Stereoscopic and 3-D Coding &amp; Processing
	WA-L4-Image Coding I
	WA-L5-Source-Channel Coding I
	WA-P1-Motion Detection and Estimation: Optical Flow and ...
	WA-P2-Watermarking V
	WA-P3-Feature Extraction and Analysis I
	WA-P4-Image Segmentation: Level Set and Active Contour
	WA-P5-Transcoding
	WA-P6-Implementations and Systems
	WA-P7-Document Image Processing and Other Applications
	WA-P8-Biomedical Image Processing: Segmentation and Com ...
	WP-L1-Image Representation, Rendering, and Quality Asse ...
	WP-L2-Stereoscopic Image Processing and 3D Modeling
	WP-L3-Feature Extraction and Analysis II
	WP-L4-Image/Video Segmentation and Tracking
	WP-L5-Distributed Source Coding and Scalability
	WP-L6-Video Streaming
	WP-P1-Image Coding II
	WP-P2-Source-channel Coding II
	WP-P3-Stereoscopic and 3-D Coding
	WP-P4-Super-resolution and Mosaic
	WP-P5-Image Formation II
	WP-P6-Motion Detection and Estimation: Other Methods
	WP-P7-Watermarking and Cryptography
	WP-P8-Image Segmentation: Clustering and Statistical Me ...
	WP-P9-Image Scanning, Display, and Printing II

	Tutorials
	Plenary Sessions
	Special Sessions
	Table of Contents of Printed Proceedings

	Authors
	All Authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Papers
	All Papers
	Papers by Session
	Papers by Topics

	Topics
	1.1.1: Lossy coding
	1.1.2: Lossless coding
	1.1.3: Image compression standards
	1.2.1: DCT-based video coding
	1.2.2: Wavelet-based video coding
	1.2.3: Model-based video coding
	1.2.4: Scalability
	1.2.5: Transcoding
	1.2.6: Video compression standards
	1.2.7: Other
	1.3: Stereoscopic and 3-D Coding
	1.4: Distributed Source Coding
	1.5.1: Source/channel coding
	1.5.2: Networking
	1.5.3: Error resilience / concealment
	1.5.4: Video streaming
	1.5.5: Other
	2.1.1: Linear filtering
	2.1.2: Nonlinear filtering
	2.1.3: Level set and fast marching
	2.1.4: Partial differential equations
	2.1.5: Other filtering techniques
	2.2.1: Multiframe image restoration
	2.2.2: Contrast enhancement
	2.2.3: Deblocking / artifacts removal
	2.2.4: Deblurring
	2.2.5: Denoising
	2.2.6: Other restoration techniques
	2.2.7: Other enhancement techniques
	2.3.1: By edge
	2.3.2: By color
	2.3.3: By texture
	2.3.4: By multiple features
	2.3.5: By other features
	2.3.6: Active-contour / snake-based methods
	2.3.7: Clustering-based methods
	2.3.8: Model-fitting-based methods
	2.3.9: Statistical-classification-based methods
	2.3.10: Morphological-based methods
	2.3.11: Level-set-based methods
	2.3.12: Other segmentation methods
	2.4.1: Video object segmentation
	2.4.2: Temporal segmentation
	2.4.3: Video shot segmentation
	2.4.4: Tracking
	2.4.5: Other video segmentation techniques
	2.4.6: Other tracking techniques
	2.5: Morphological Processing
	2.6.1: Stereo image processing
	2.6.2: 3D modeling &amp; synthesis
	2.6.3: Other techniques
	2.7.1: Color
	2.7.2: Texture
	2.7.3: Shape
	2.7.4: Shading
	2.7.5: Other features
	2.8.1: Perceptual / human visual system
	2.8.2: Source modeling
	2.8.3: Noise modeling
	2.8.4: Other
	2.9.1: Face detection, recognition and classification
	2.9.2: Fingerprint analysis and coding
	2.9.3: Iris analysis
	2.9.4: Human activity, gait analysis, and gaze analysis
	2.9.5: Goal-oriented analysis tasks
	2.9.6: Other
	2.10.1: Interpolation
	2.10.2: Super-resolution
	2.10.3: Mosaic
	2.10.4: Registration / alignment
	2.10.5: Other techniques
	2.11.1: Block matching
	2.11.2: Optical flow
	2.11.3: Parametric model for motion estimation
	2.11.4: Change detection
	2.11.5: Camera calibration
	2.11.6: Other motion detection techniques
	2.11.7: Other motion estimation techniques
	2.12.1: Hardware and software co-design
	2.12.2: Embedded and real-time systems
	2.12.3: Paralleled and distributed systems
	2.12.4: Other system platforms
	3.1.1: Super-acoustic imaging
	3.1.2: Tomographic imaging
	3.1.3: Nuclear and x-ray imaging
	3.1.4: Magnetic resonance imaging
	3.1.5: Other
	3.2.1: Radar imaging
	3.2.5: Multispectral / hyperspectral imaging
	3.2.6: Other
	3.4: Optical Imaging
	3.5: Synthetic-Natural Hybrid Image Systems
	4.1: Scanning and Sampling
	4.2: Quantization and Halftoning
	4.3: Color Reproduction
	4.4: Image Representation and Rendering
	4.5: Display and Printing Systems
	4.6: Image Quality Assessment
	5.1: Image and Video Databases
	5.2.1: Low-level image indexing and retrieval
	5.2.2: Relevance feedback and interactive retrieval
	5.2.3: Content addressable browsing
	5.3.1: Video partition/shot detection
	5.3.2: Video features for retrieval
	5.3.3: Low-level video indexing and retrieval
	5.3.4: Semantic video retrieval
	5.3.5: Content summarization and editing
	5.4: Multimodality Image/Video Indexing and Retrieval
	5.5.1: Watermarking
	5.5.2: Cryptography
	6.1.1: Image segmentation and quantitative analysis
	6.1.2: Computer assisted screening and diagnosis
	6.1.3: Visualization
	6.1.4: Image compression
	6.1.5: Image registration and fusion
	6.2.1: Astronomy
	6.2.2: Geosciences
	6.2.3: Remote sensing
	6.2.4: Environment
	6.3: Document Image Processing and Analysis
	6.4: Other Applications

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Copyright
	Current paper
	Presentation session
	Abstract
	Authors
	Ki-Sang Hong
	Dae-Woong Kim



