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ABSTRACT
In this paper we propose a novel method for rendering a
new view from multiple input images. A set of reliable pixel
matches are initially selected and then propagated to neighboring pixels based on the piecewise smooth assumption
in the spatial domain and the clustering-based photoconsistency constraint which is applied to handle pixel occlusion,
partial pixel effects and lighting effects between images.
Experimental results show that the proposed algorithm is
promising and satisfactory.
1. INTRODUCTION
Recently, there has been much interest in image-based rendering (IBR) methods [1, 2] which generate new views of
scenes from novel viewpoints using a collection of images
with known viewpoints. Recently proposed methods and
techniques for image-based modeling and rendering are described and discussed in [3, 4]. Image-based rendering has
many potential applications, such as visual simulation or
virtual reality [5], where computer graphics methods are not
feasible because of very complex scenes.
One most natural approach to IBR is to explicitly compute a 3D representation of the scene for rendering by texture mapping from a collection of images utilizing computervision-based 3-D reconstruction techniques [6,7]. Arbitrary
views of the scene can be synthesized by reprojecting the
reconstructed 3-D model [8]. Typical examples of this approach are stereo reconstructions [9] and volumetric techniques such as space carving [10,11]. More recent work has
shown that some implicit-geometry techniques [1], which
assemble the pixels of the synthesized view from the rays
sampled by the pixels of input images, are very efficient for
rendering of complex scenes.
In [13], Lhuillier and Quan proposed an efficient match
propagation algorithm which produces a quasi-dense pixel
matching between two images using region growing principle. In this paper, we describe a novel image-based rendering method from multiple images based on the clusteringbased match propagation principle. The basic idea of the
proposed match propagation algorithm is the same as in
[13]. It starts from a set of sparse matches as seed points,
then propagate the results to neighboring pixels. In this paper, we propose a different propagation principle and a new
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measure criteria. The proposed algorithm implements the
match propagation based on the piecewise smooth assumption in the spatial domain and clustering-based photoconsisntency constraint between multiple images.
2. PROBLEM FORMULATION
Given a set of 2D input images I1 to In taken by cameras
in different positions, a new view V from a new viewpoint
may be synthesized. Fig. 2 demonstrates the view synthesis situation. It is assumed that we are dealing with diffuse
and opaque objects, and any deviation from this assumption may be considered as part of imaging noise. Both pixel
match propagation and clustering-based photoconsistency
constraint between input images are utilized to complete the
task of the virtual view synthesis.
3. CLUSTERING-BASED MATCHING
3.1. Initialization
In the proposed rendering algorithm, image sequences of
the scene to be rendered are first captured by a hand-held
camera. Then we calibrate and track all camera views from
the image sequence itself based on corresponding points.
Euclidean locations of these corresponding points can be
further recovered. Here we use a commercial camera tracking software [14] to complete these tasks. For each novel
view to render, it has to be decided which input images to
use. We use three camera ranking criteria developed in [15]
for ordering input images. A list of best suited input images
denoted by I1 to In is selected for view synthesis.
3.2. Clustering-Based Photoconsistency Constraint
For each pixel x on the view V to be rendered, we assumed
that its depth search range [zmin , zmax ] is known. If no image noise such as pixel occlusion, partial pixel effects, or
lighting effects exist, we can choose the optimal color V (x)
for the pixel x by searching the depth range [zmin , zmax ] and
the whole RGB colorspace to minimize the deviation from
photoconsistency at pixel x as follows:
Ephoto (V (x), z) =

n
X

kV (x) − Ii (X(z))k2 ,

(1)

i=1

where X(z) denotes a 3D point with the depth z along the
back-projection unit ray at pixel x from the camera Cv and
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Fig. 1. Clustering results of the re-projected pixel sets C(z)
for two typical depth samples in the depth search range
[zmin , zmax ]. Only six largest clusters are shown here. The
symbol ‘+’ denotes the centroids of the clusters, the symbol
‘∗’ denotes the elements of the clusters, and the same color
denotes the same cluster.
Ii (X(z)) denotes the pixel in the image Ii on which the
3D point X(z) projects. Cv is the origin of the coordinate
system used here.
The above minimization problem can be solved in two
steps. In the first step, we find the optimal colour Vz (x) for
a particular depth z by averaging
Pn all the re-projected pixels
{Ii (X(z))}, i.e. Vz (x) = i=1 Ii (X(z))/n. In the second
step, we find the optimal depth value of these noise-free pixels by minimizing the following function:
Ephoto (z) = min
z

n
X

2

kVz (x) − Ii (X(z))k .

l1

(2)

i=1

Subsequently we can get the optimal 3D location for the
pixel x to be rendered.
However, image noise often exists in part of image sequences because of the parallax between images, partial pixel
effects or specular reflections. Hence, we must first try to
find a set of reliable pixels on some images. For a given
depth value z along the ray from Cv , let the set of re-projected
pixels on input image sequences Ii , i = 1, · · · , n be C(z) =
{Ii (X(z)), i = 1, . . . , n}. Here, we utilize a data clustering algorithm to keep only the reliable pixels by finding the
largest cluster in the RGB colorspace.
We arbitrarily choose one pixel to be a centroid and cluster all the pixels around this centroid. We then find the pixel
farthest away from the centroid and makes this pixel a new
centroid. Next we cluster the pixels around the new centroid. This process is repeated until the distance from every
pixel to its centroid is less than some predefined threshold
Θdist . In our system, we set Θdist = 20. Two typical clustering results are shown in Fig. 1. For noise-free pixels, we
find the optimal value of the depth z using (2). For these
noisy pixels, we find the optimal value of z in a different
way in which two factors are considered. They are the deviation from photo-consistency and the number of elements
of the largest cluster N (z). These two factors are weighted
and combined into one scalar value PMQz (x) which repre-
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Fig. 2. Measure of new matches of neighboring pixels
around seed points. Based on the piecewise smooth assumption in the spatial domain, both valid depth search range and
depth sampling number are determined.
sents the pixel matching quality:
Ã
!
P
2
i∈Sz kVz (x) − Ii (X(z))k
PMQz (x) = α 1 −
N (z) × Θ2dist
+(1 − α)

N (z)
,
n

(3)

where n is the total number of used images and α ∈ [0, 1]
is a weighting factor. We choose the value of z as the one
that provides the best pixel matching quality over the depth
search range [zmin , zmax ]:
BPMQ(x) =

max

z∈[zmin ,zmax ],N (z)≥2

PMQz (x).

(4)

Also, we require that the valid depth values are such that the
total number of elements of the largest cluster N (z) ≥ 2.
From the above definition, BPMQ(x) ∈ [0, 1]. With the optimal value of the depth z found using (4), we then compute
the optimal color Vz (x) by averaging all the elements of the
cluster.
3.3. Match Propagation
For the corresponding points obtained in the initialization
process, we can find the optimal colour based on the proposed clustering-based photoconsistency constraint as explained in Section 3.2. For a particular new view to be rendered, maybe some corresponding points are occluded. We
may remove occluded or invalid corresponding points by
setting BPMQ < 0.8. The remaining corresponding points
are regarded as initial matches. All these initial sparse matches
are put in a set called set of seed points. Elements of this set
are sorted by decreasing BPMQ scores. The seed point x
with the best BPMQ score is removed from the current set
of seed points and the corresponding optimal color Vz (x)
is used as the color of x in the rendered image. As shown
in Fig. 2, the seed point x has 8 neighboring pixels. We
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Fig. 3. Recovering a missing view using 6 views: (a) Ground-truth view in which red cross ‘+’ symbols denote 172 initial
matches obtained from the reconstructed 3D points; (b)-(c) Two intermediate rendered images; (d) Final rendered image; (e)
Difference image between (a) and (d).
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Fig. 4. (a) Corresponding depth map of recovered view in Fig. 3(d) (near=dark,far=light); (b)-(d) Three re-projected images
on input images.
propose the following steps to find the possible values of z
represented by [zmin , zmax ] for each of these 8 neighboring
pixels, which are denoted by v.
1. Get the 3D inverse ray V(z);
2. Find the perpendicular point O located on the 3D inverse ray V(z) projected from the 3D point X corresponding to the pixel x;
3. Draw a sphere with the center O and the radius r =
10 × XO where XO denotes the distance between
3D points X and O;
4. Determine the two intersection points denoted by
V(zmin ) and V(zmax ) of the 3D inverse ray V(z)
and the sphere surface.
Another problem is the determination of the number of depth
sampling. We can project the line segment from V(zmin )
to V(zmax ) on input images I1 to In and we get n line
segments l1 to ln on these input images. Let Lmax be the
largest length of these line segments in pixel. In our system,
the number of depth sampling is set as 2 × Lmax .
After that, we can find the optimal depth value and the
optimal colour for the neighboring pixel v based on the
proposed clustering-based photoconsistency constraint by
explicitly sampling the obtained depth search range [zmin ,
zmax ]. Similarly the best pixel matching quality BPMQ(v)
is also calculated. If BPMQ(v) is not less than the threshold
ΘBPMQ , it will be put in the set of seed points for the next
round of propagation. After all neighboring pixels around
the removed seed point are handled, we sort the set of seed
points again by decreasing the BPMQ scores. This process
is repeated until the whole set of seed points is empty. Even
so, there will be many pixels not rendered. To finish the

whole rendering for the view V, we collect all the rendered
pixels whose adjacent pixels are not all rendered as the new
set of seed points. We propagate these to neighboring pixels again by reducing the value of the threshold ΘBPMQ . The
whole process is repeated until all pixels are rendered or
ΘBPMQ < 0.
3.4. Propagation Algorithm
The propagation algorithm can be summarized as follows.
The input of the algorithm is Seed which is the set of the
current seed points. The outputs include the rendered Colour
and Depth which are the colour and the optimal 3D locations of pixels in the new view respectively.
Input: Seed
Output: Colour and Depth
initialize the threshold ΘBPMQ = 0.8
while not all the pixels are rendered and ΘBPMQ > 0 do
while Seed6= ∅ do
pull the BPMQ-best pixel x from Seed for propagation
for each pixel v in 3 × 3 neighborhood N (x) do
if BPMQ(v) ≥ ΘBPMQ then
store the rendered colour and the optimal depth value
in Colour and Depth
store BPMQ(v) and the optimal 3D point V in Seed
end if
end for
end while
reset Seed by collecting all the rendered pixels whose adjacent
pixels are not all rendered
sort Seed by decreasing BPMQ scores
reset ΘBPMQ = ΘBPMQ − 0.1
end while
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4. EXPERIMENTS
In our experiments, we used the same image sequences as
in [12]. The complete MPEG sequences, camera projection matrices and reconstructed 3D points may be found
at http://www.robots.ox.ac.uk/∼awf/ibr. A
missing view will be recovered using six existing views.
Two typical intermediate rendered results, the final rendered
image, and the difference image between the recovered image and the original one are shown in Fig. 3. The obtained
optimal depth map of the recovered image and several reprojected images are shown in Fig. 4. The whole computation time for this example is 34.2 seconds with a P4 1.8Ghz.
The image size is 600 × 470. We also tested the rendering
of novel views of the scene and the results are shown in
Fig. 5. From these experimental results, we may conclude
that both the recovered depth map and the rendered image
by the proposed algorithm are satisfactory.
5. CONCLUSIONS
A novel method for rendering a new view from multiple
images by match propagation is proposed and discussed in
this paper. First a set of reliable pixel matches are initially
selected and then propagated to neighboring pixels based
on the piecewise smooth assumption in the spatial domain
and the clustering-based photoconsistency constraint which
handles occlusion, partial pixel effects or lighting effects.
In the proposed algorithm, we obtain not only the rendered
colour but also the approximative 3D location for each pixel
on the view to be rendered. Experimental results show that
the proposed algorithm is very promising and satisfactory.
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