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Abstract

Geometry-aided light field compression requires
accurate geometry for the efficient representation
of the light field image data. In this work, we
propose a method to directly estimate a geometry
model from the light field images, such that it max-
imizes the compression efficiency. Previous work
on this problem uses least-squares to solve a set of
optical-flow based equations. This approach suf-
fers from stability problems and gives sub-optimal
results, due to outliers included in the set of equa-
tions. We propose an extension to this approach that
addresses some of its short-comings. Specifically,
we use weighted least-squares to identify and sup-
press the effects of outliers and a multi-resolution
estimation algorithm for the geometry model. The
experiments performed on real and synthetic data
show that our technique stabilizes the algorithm, de-
creases the total running time by a factor of 10 and
decreases bit-rate by up to 10% over the previous
work. For the synthetic light field sequences, we
show that this achieves the optimal achievable com-
pression efficiency, under our constrained arrange-
ment.

1 Introduction

Image-based rendering is an alternative to tradi-
tional image synthesis techniques that enables us to
generate novel views from a finite set of images.
Light field rendering is one such image-based ren-
dering method [1, 2].

A light field is a 4-D data set which can be pa-
rameterized as a 2-D array of 2-D light field images.
Unfortunately, light fields are extremely large data
sets, due to the number of high-resolution images
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needed to render a photorealistic image. Typical
light field data sets vary from a few megabytes to
tens of gigabytes [3]. The efficient compression of
light field data is essential. Direct vector quantiza-
tion, followed by entropy coding, is suggested [1],
but only low compression ratios are attained, around
120:1.

Disparity compensation, which is the analogue of
motion compensation in video processing, is an ef-
ficient technique for light field compression. Light
fields are composed of images of the same object
from different views, which gives rise to a strong
correlation between these images. Disparity com-
pensation exploits this redundancy by predicting
the current image from neighboring reference im-
ages. Disparity or depth values are either specified
for a block of pixels, or inferred from a geometry
[4,5, 6].

In  this paper, we consider disparity-
compensation using an explicit geometry model
of the object. Unfortunately, limited-accuracy
computer vision techniques and representation of
the data by a finite number of bits lead to deviations
from the actual geometry. Even small inaccuracies
in the geometry model may result in serious loss of
compression efficiency [7].

In our previous work, we proposed to automat-
ically refine the geometry using the acquired im-
ages [8]. This geometry refinement method is
based on an optical-flow formulation to minimize
the disparity-compensated prediction error. We ob-
served a 10% bit-rate reduction which represented
only half the possible bit-rate reduction, given the
degrees of freedom of the geometry model. More-
over, the proposed algorithm had stability problems
and long computation time.

In this paper, we refine the geometry estimation
method described in [8] in order to improve com-
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pression efficiency and overcome some of its lim-
itations. We base our technique on weighted least
squares and multi-resolution processing of the light
field images. Our new method has several advan-
tages such as achieving optimum compression ra-
tios, stabilizing the overall algorithm, and reducing
the execution time by a factor of 10.

2 Geometry-Based Disparity Com-
pensation

State-of-the-art light field compression algorithms
[4, 5, 6, 7, 8] use disparity compensation. The un-
derlying idea of disparity-compensated prediction
is that a pixel in a light field image can be pre-
dicted from corresponding pixels in the reference
images. The light field images are taken from a set
of calibrated cameras, which enables us to establish
the correspondence between the images if the depth
value of the pixel is known. We assume the object
surfaces are Lambertian, i.e. looks similar from two
different views if the pixel is not occluded.

Prediction from other images is done using the
hierarchical coding structure described by Magnor
and Girod [4]. Depending on the viewing angle,
each image is predicted from two to four neighbor-
ing reference images. The prediction order of the
images is pre-defined such that the reference images
are coded before the predicted images. Multiple ref-
erence images are used to minimize the occlusions.
In addition, rendering quality depends on the num-
ber of scene images available.

3 Proposed Algorithm for Geometry
Refinement

The technique we propose estimates a geome-
try model for best compression performance. A
silhouette-based model is used as an initial estimate.
An optical-flow based shape refinement formulation
is used to derive linear equations for the geometry
model. These equations are solved using weighted
least squares. The geometry model is refined using
a multi-resolution hierarchical pyramid approach.

3.1 Silhouette-based Geometry Model

For each data set, we initialize our program with
the silhouette-based geometry. We assume that sil-
houette information is available for the light field
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images. The silhouette-based geometry is obtained
by shrinking a 642-vertex subdivided icosahedron
model, that is larger than the actual object, to fit the
silhouette in each view. This shrinking is achieved
by moving a vertex radially towards the center of
the model if it lies outside the silhouette in a partic-
ular view. Applying this procedure for each image,
we thereby obtain a 642-vertex silhouette-based ge-
ometry of the object.

3.2 Optical-flow-based equations

Each light field image may be predicted from multi-
ple reference images that have been previously en-
coded, according to the hierarchical structure dis-
cussed in the previous section. Throughout the pa-
per, we refer to the image to be predicted and a pixel
in that image as the target image and target pixel, re-
spectively, and the images and pixels used for pre-
diction as reference images and reference pixels.
Any given target pixel corresponds to a 3-D point
along the viewing ray 1 in 3-D space. We parame-
terize this line 1 in world coordinates by the depth

value t,
1(t)
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L (t)
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This line is a function of the intrinsic and extrin-
sic camera parameters of the target view, as well as
the target pixel position. Projection of this line onto
the reference image gives us the epipolar line,

_ | ex(?)
e(t) = [ ey (1) :| .

The epipolar line is also parameterized by the depth
value ¢, and is a function of pixel position in the
target image, camera parameters of the target image
and the reference images.

Specifying the depth value ¢ fixes both the 3-D
point in 3-D space and a specific point in the refer-
ence image. Thus, we obtain a corresponding ref-
erence pixel for the target pixel. For a Lambertian
surface and the true depth value ¢, we observe the
same image intensity at the target and reference pix-
els. An error in depth value will result in a predic-
tion error, which will lead to an intensity difference
denoted by AI. The intensity difference is a func-
tion of intensity value at the actual depth value and
the current depth value,

AI = I — I (e(to)) = Ir(e(t)) — Ir(e(to)), (3)
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where o is the current (inaccurate) depth value, and
t is the correct depth value that results in zero pre-
diction error. If we assume the intensity gradient

i

to be locally constant over this region in the refer-
ence image, we can write the intensity difference as
an optical flow equation:

gz
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AT =g" (e(t) — e(to))- ©)

We need to express the depth value in terms of the
parameters of the geometry model,

t = h(p), (6)

where p is the vector of geometry parameters and
h is a nonlinear multivariate function that maps the
geometry parameters to the depth of a given pixel.

We use a triangle mesh geometry model in order
to represent our objects. With this model, our geom-
etry parameters become the vertices of this triangle
mesh. Furthermore, we restrict the movement of the
vertices to one degree of freedom, radially from the
center of the model. Although this parameteriza-
tion makes it possible for us to solve the estimation
problem, it limits our compression efficiency. We
will discuss this further in Section 4.

We now describe our mapping function hA. We
assume that the viewing ray 1 intersects with only
one of the triangle faces in the triangle mesh model.
Therefore, we can determine the depth value ¢ us-
ing only the three vertices that define that triangle
face, instead of the whole geometry. By charac-
terizing this triangle face as an infinite plane, we
obtain a differentiable function h that describes the
depth parameter ¢ in terms of geometry parameters
p- We assume that other vertices will not affect this
pixel through occlusions, and that the pixel will not
move off this triangle. Both of these assumptions
are valid when we restrict the changes on the geom-
etry parameters to be small. We enforce this restric-
tion by adding regularization terms into our set of
equations.

Substituting (6) into (5), we obtain

AT = g" (e(h(p)) — e(h(po))) O

where po denotes the current geometry configura-
tion. In the above equation, both e and h are non-
linear functions of geometry parameters p. In order
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to solve these equations efficiently, we need to lin-
earize them. We linearize the epipolar line equation
around po, giving us

e(h(p)) = Cip + Co. (8)
We can then write
e(h(p)) — e(h(po)) = C1Ap )

where Ap = p — po and C1 is a matrix of size 2 x
N, with N as the number of geometry parameters.
Combining (9) and (7), we obtain the following

equation
g” (C1Ap) = AI (10)

which we use to solve for the geometry parameters.

3.3 Weighted Least Squares Solution

We extract one equation per target-reference pixel
pair from the light field images using the geome-
try model, and arrange them to form the following
matrix equations

AAp =~b (11)

where
(g"Cr)®

(g"C1)®

A= 12)

(g"Cr)™
and
(AI)(U

(AT)® 13

(Aj)(M)

As we mentioned in the previous section, lineariza-
tion is only valid for small Ap values, thus we add
additional equations in order to regularize the solu-
tion. This gives us the equation

4]

where X is the regularization constant and I is the
identity matrix. A larger A value results in a smaller
Ap, and makes the problem more stable. On the
other hand, a very large X value slows the conver-
gence of the solution. The X value is chosen empir-
ically and takes into account the number of optical-
flow equations used.

A
Al

b

o (14)



The least squares method is used in our previous
work [8] to solve (14). When applied iteratively in
an analysis-synthesis loop, the algorithm sometimes
does not converge. Moreover, the solution found
is sub-optimal. Our method in [8] uses all target-
reference pixel pairs in its matrix equation, many
of which may be outlier data. In this work, we in-
vestigate methods for removing these outliers and
improve the results.

Least squares is capable of finding the optimum
solution in the presence of a non-biased noise, but
is sensitive to outlier data. Robust estimators are
employed in order to remove the outliers from the
data without any assumptions of a distribution for
the outliers or the data [9, 10]. Robust estimators

try to minimize
> o),

where p(r;) is a symmetric, positive definite func-
tion of the errors r; with a unique minimum at zero.
We choose p(r;) to be less than =7, used by least-
squares, so that it is less sensitive to outliers. We
solve the estimation problem first with least squares
in order to get an initial estimate at every iteration.
Weighted least squares is an example of a robust es-
timator, where each equation is weighted according
to a confidence measure. We use the initial estimate
to guide our choice of weights. In our technique, we
solve the following iterated weighted least-squares

problem
. 2
min E w(ri)r;,
i

where the r; is the residual error from our least
squares solution. We have tried different weighting
strategies, including L1, L2, Fair, Huber, Cauchy
[10], and a windowing function. Windowing, which
classifies the data as either outliers or inliers, gives
the best results. The windowing weight function has
a threshold constant that needs to be estimated. The
windowing function we have used is

w(r;) = {

where ¢ is the standard deviation of the residuals
and & is a constant. The value of k is selected empir-
ically. The specific values used for & are described
in Section 4.2. We use k multiple times in different
contexts. We subscript & to denote which variable
it is used for (e.g. k, for residuals and k4 for dis-
placements).

(15)

(16)

1, if |rs] < ko

0, otherwise (17
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The windowing function needs an estimate of the
standard deviation to eliminate the outliers from the
data. Unfortunately, the value of & is not known and
needs to be estimated from the data. In the case of
no outliers, o can be found directly from its defini-
tion, but in the presence of outliers a robust method
to estimate o is required. A robust estimate of o can
be found as follows [10]:

6 =1.4826(1 + nip)medianihﬂ (18)
where n is the number of equations and the p is the
number of parameters. We use this estimate as our
o value in (17).

The matrix A and the vector b in (14) are
weighted by (17) and a least squares solution of this
new matrix is found. For stability of the algorithm,
the regularization rows are not weighted. Although
weighted least squares is an iterative method, we
apply the weighted least squares method only once
per iteration, since multiple iterations of weighted
least squares from the same initial point led to spuri-
ous changes in the geometry parameters during our
experiments.

3.4 Displacement Vector Estimation and
Boundary Removal

Our assumption of a locally constant gradient over
a region is valid only for small displacements. The
displacement vector magnitude can be estimated as
it is suggested in [11]

(r(t) = Ir(t0))*
()7 + ()
Equations whose displacement vector exceeds a
certain threshold should be treated as outliers. The
threshold value for the displacement vector is found
again adaptively by using (17). Here, we replace the
r; with ||d||; to find the standard deviation o4 of the
displacement vector. These weights are multiplied

with the weights from the previous section.

Estimation of the gradient values is error-prone
on the boundary of the objects. These points gener-
ate spurious data, which may not be detected by the
above method. Thus, these points are also marked
as outliers. Using all three methods for our data set
results in a rejection of 20 — 30% of the equations.
In Section 4, we demonstrate the improvement we
gain by removing these outliers.

|ldl| = (19)



3.5 Multi-Resolution Processing of the
Light Field Images

We have mentioned that the optical-flow equations
are valid only for a small region around where these
parameters are calculated. Using a lower resolution
version of the light field images enables us to con-
sider a wider range of pixel positions, resulting in
a more stable algorithm than the one for the higher
resolution version. In addition, due to subsampling,
the number of equations is smaller, which leads to
much faster computation of the solution. But, the
solution of these equations are only a rough esti-
mate for the geometry model, since all the high fre-
quency information is lost in the filtering process.
Therefore, we use a multi-resolution approach for
geometry estimation.

The refined geometry from lower resolution im-
ages provides the initial estimate for the higher res-
olution. Multi-resolution processing is more stable
than applying geometry refinement directly to the
silhouette in full-resolution. The number of itera-
tions needed for convergence of the higher resolu-
tion estimation varies from data set to data set when
multi-resolution estimation is used. Furthermore,
although multi-resolution is more stable, it does not
further improve our compression efficiency.

4 Results

We test our proposed algorithm on both real and
synthetic light field data sets. An initial approx-
imation of the geometry model is created using
silhouette information both for full-resolution and
multi-resolution schemes. We estimate the geom-
etry using the technique proposed in Section 3. In
our algorithm, we are constrained to only geome-
try refinement in the radial direction. We, there-
fore, can construct an optimal-constrained geom-
etry, which represents the best achievable geome-
try with our radial constraints. For the synthetic
test sequences, we have both the true geometry and
the optimal-constrained geometry. These geome-
tries give additional performance comparisons for
the synthetic sequences. We compare the compres-
sion efficiency of various geometries by measuring
its rate-PSNR curves. All the light fields are coded
with a geometry-aided light field coder, which is de-
scribed next.
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4.1 Light Field Coder

The light field coder in our work uses block-based
disparity compensation both with and without an
explicit geometry model [4, 5]. Images are divided
into 8 x 8 blocks, which may be coded with sev-
eral modes. These modes are the INTRA mode,
where DCT-based image compression is used for
the block; the GEO mode, where an explicit ge-
ometry model is used to predict the block from ref-
erence images; the STD (standard) mode, where a
depth value is specified to predict the block from
the reference images; and the COPY mode, where
a block from the same image location is simply
copied from the reference images. In the GEO and
STD modes, a DCT-based residual encoder is used.
Mode-selection is performed by minimizing a rate-
distortion Lagrangian cost function

J=D+ AR (20)
where D is the sum-squared-error distortion of the
block image, and R is the rate in bits for the block.
The rate-distortion curve is obtained by varying
quantizer parameter ). The Lagrangian multiplier
A is used to trade-off rate versus distortion and
is found by the following equation, which is com-
monly used in video compression, [12]

Au = 0.85Q°. (21)

4.2 Experiments

We have used three different light field data sets in
our experiments. Two of these data sets, Star and
Cube, are synthetic light fields composed of 26 im-
ages of resolution 256 x 256. The third data set,
Garfield, is a real-world light field composed of
29 images of resolution 384 x 288. The Garfield
data set has only frontal views of the object, which
results in some instability in the geometry at the
boundaries of our visible region.

We refine the silhouette-based initial geometry
for each object using our proposed technique. We
have used a regularization constant A = 10°
a weighted least squares threshold constant k,=3
for residuals both in lower and full-resolution, and
a displacement estimation threshold k4=3 in full-
resolution and k4=5 for the lower resolution. We
use 3 x 3 subsampling for lower-resolution images.
Resolutions lower than this level do not seem to



improve the geometry at all because the images al-
ready small and the objects occupy only quarter of
the area of the images. All experiments include
boundary removal. Typically, we need around 150
to 200 iterations to obtain our final geometry.

)

(d)

Figure 1: Geometry models for the Star light field:
(a) the optimal-constrained geometry, (b) the esti-
mated geometry at full-resolution, (c) the geometry
from our previous work, (d) the estimated geometry
at low resolution.

Figure 1 shows results of our algorithm for the
Star light field. Figure 1(a) shows the optimum ge-
ometry we can achieve with the degrees of freedom
of the triangle mesh model. Figure 1(b) shows the
final estimated geometry using full-resolution im-
ages. Figure 1(c) shows the output of our previous
work [8], and Figure 1(d) shows the refined geome-
try after lower resolution but before full-resolution.
Figure 2 illustrates the results for the Garfield light
field. The output of the previous work [8] is given as
reference in Figure 2(a); Figure 2(b) and 2(c) show
the outputs of the full and lower resolutions, respec-
tively. We note here that our proposed algorithm is
more stable and does not have the obvious geometry
inaccuracies of the previous work.

Figure 3 and 4 show the rate-PSNR curves us-
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Figure 2: Geometry models for the Garfield light
field: (a) the geometry from our previous work, (b)
the estimated geometry at full-resolution, (c) the es-
timated geometry at low resolution.
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Figure 3: Rate-distortion curves for Star. We see
a 20% bit-rate reduction over the silhouette-based

geometry. Also, we almost reach the optimal-
constrained geometry compression efficiency.

ing various geometry models for our synthetic light
fields Star and Cube, respectively. In the synthetic
sequences, the gap between the optimal-constrained
geometry and the reconstructed geometry vanishes.
This shows that our scheme almost perfectly recon-
structs the best possible geometry using only im-
age data, given our radial constraints. Even the ge-
ometry model reconstructed from lower resolution
images gives close compression ratios to the previ-
ous work. The proposed technique realizes approx-
imately 95% of the gain possible under the con-
strained arrangement.

Figure 5 shows the rate-PSNR curve for the real-
world light field data set, Garfield. This data set



Cube Geometry

PSNR (dB)

w
@

—+— True Geometry
—+— Optimal-constrained
—&- Proposed Scheme final result
— Previous Scheme

—+ Proposed Scheme low-resoluti
—6- Silhouette

0.5

%
=2

%)
P

n

W
S

0‘.1 0‘.2 0.3 0.4 O‘.G 0‘.7
Bit-rate (bpp)

Figure 4: Rate-distortion curves for Cube. We see
a 18% bit-rate reduction over the silhouette recon-
structed geometry. Also, we reach the optimal-

constrained geometry compression efficiency.

has different characteristics than the synthetic light
fields. Both the improvement from silhouette to
lower resolution and from lower resolution to full-
resolution is small compared to the synthetic light
fields. We suspect that this performance degrada-
tion is due to two reasons. First, the camera param-
eters may not be accurate, which results in effects
that can not be accounted for given our model. Sec-
ond, real-world images have camera noise, whereas
we assume noise-free images. The effects of the
parameter inaccuracies and camera noise become
less important at lower resolutions due to filter-
ing. Despite the limitations, our proposed technique
gives slightly better results compared to our previ-
ous work, and it is more stable as seen in Figure 2.

Table 1 shows the average rate and PSNR im-
provements of various geometry models for the
light field data sets we have used in our experi-
ments. In all the cases, our technique gives better
results than any other constructed geometry. The
best compression efficiency, given our constrained
arrangement, is almost achieved. In our experi-
ments, we had a 12 — 20% bit-rate reduction com-
pared to the silhouette-based geometry. This corre-
sponds to 0.9 — 1.8dB improvement.

5 Conclusion

We have presented an algorithm to automatically es-
timate a geometry model for disparity-compensated
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Garfield Geometry
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Figure 5: Rate-distortion curves for Garfield. We
see a bit-rate reduction of 12% over the silhouette-
based geometry.

PSNR in [dB] Star Cube Garfield
Previous Work 1.08 0.86 0.82
Full resolution 1.80 154 0.87
Lower resolution 0.72 0.63 0.65
Optimum-constrained 2.09  1.67 NA
Bit-rate in % Star Cube Garfield
Previous Work 125 9.60 11.14
Full resolution 199 164 11.66
Lower resolution 8,53 7.10 8.99
Optimum-constrained 225 17.3 NA

Table 1: Average bit-rate and distortion improve-
ments. All numbers are relative to the silhouette of
the corresponding objects.

light field compression. Our proposed algorithm
improves upon our previous work [8] by increas-
ing the compression efficiency, stabilizing the over-
all algorithm, and reducing the computation time by
up to a factor of 10. Our experiments show bit-rate
savings of 16-20% for the synthetic light fields and
12% for a real-world light field, over the silhouette-
reconstructed geometry model. Furthermore, the
results from the synthetic data sets indicate that the
proposed algorithm achieves optimal compression
efficiency under the constrained arrangement. Fu-
ture work includes relaxing these constraints and in-
corporating joint camera parameter estimation into
geometry estimation for real-world sequences.
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