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ABSTRACT
In this paper, a quantitative measure of decoding
complexity for compressed image based scene
representations is defined and is used to optimize the
rate-distortion trade off during encoding subject to a
decoding complexity constraint. The image-based
representation used in this work is the concentric
mosaic. Due to the huge amount of image data to be
managed and the demands on just-in-time decoding
and rendering of the compressed bit-stream,
challenges arise in using concentric mosaics on lowend devices and for streaming applications over the
Internet or other low bit-rate networks. Our approach
allows for maximizing quality with respect to the
available computational resources at the decoder and
the bit rate.
1. INTRODUCTION
Interactive applications traditionally use computer
graphics approaches based on geometric modeling to
create virtual worlds the user can navigate in and
objects he or she has to interact with. Textures are
mapped on surfaces and view dependent warping is
used to generate novel views. Additionally, surface
properties and special rendering techniques can be
defined to achieve lighting effects like shadows and
reflections. These modeling steps are tedious and
time consuming tasks and realistic models can only
be rendered in real time when optimized graphics
hardware is available. Generally speaking, increasing
realism in geometry-based computer graphics
applications is accompanied by increasing
computational complexity.
Since the introduction of the plenoptic function [2] in
1991, more and more research interest is focused on
using photographs of the real world as a reference
for view generation, e.g., [7], [8], [9]. The plenoptic
function describes a scene completely including
lighting and surface properties like refraction and
reflection. For every possible viewing position in

space ( x, y , z ), for every possible viewing direction
( ϕ ,φ ), and for every wavelength λ one intensity
sample is taken. If changes of the structure of the
scene or the lighting over the time t are considered
the plenoptic function becomes a seven dimensional
description of a scene:

P7 = P( x, y, z,ϕ ,φ , λ , t )
As it is not possible in practice to sample the
plenoptic function in all seven dimensions,
simplifications have to be made. For this, some
degrees of freedom are often not considered, e.g.,
discrete wavelength sampling, a static scene and
constant intensity along a light ray are assumed for
light fields and the lumigraph [8],[9]. Furthermore,
for concentric mosaics [1] the y dimension is not
considered which constrains user navigation to a
fixed height. The acquisition process is easy in this
case. A standard video camera is moved on a circle
permanently facing normal to its trajectory. Novel
view generation consists of interpolating reference
images taken from different positions on the camera
path.
Though concentric mosaics are an easy and effective
way of accomplishing virtual reality, the huge
number of images to be kept and managed in the
memory is a big challenge. As an example, the
classroom concentric mosaic we use in this work has
1523 images of CIF size which occupy
approximately 450 MB. In this context compression
is a key issue for real-time rendering. Standard
compression schemes like MPEG are not suitable
because of stringent requirements on the just-in-time
(JIT) decodability of the bit stream [4].
Still image compression schemes like JPEG would
allow for random access, but do not exploit the high
correlation between neighboring reference images.
To provide a good compression rate along with
random access in the compressed bit-stream many
compression schemes were proposed for concentric
mosaics like the vector quantization based scheme

in [1], a modified MPEG scheme in [4] and the 3D
wavelet based scheme proposed in [5]. However, a
complex compression scheme would mean that the
decoding process together with the rendering process
would pose severe requirements on the capabilities
of the end device. A compression scheme which
allows for a trade off between the rate, distortion,
and the decoding complexity would be an ideal
candidate for compression and rendering of
concentric mosaics. With such a scheme, bit-streams
suitable for decoding and rendering on devices of
different capabilities can be produced.
The remainder of the paper is organized as follows.
The basic coding scheme we use in our work is
explained in Section 2. Then, a quantitative measure
for decoding complexity at the receiver is defined in
Section 3. Rate-distortion optimization subject to a
decoding complexity constraint is explained in
Section 4. Experimental results are presented in
Section 5.
2. BASIC CODING SCHEME
The basic building block of the proposed codec is the
DCT. We perform DCT on 8x8 image blocks and
incorporate full pel motion compensation on these
blocks.
Motion Compensation
In our approach the motion compensation procedure
is constrained to horizontal movement in the
concentric mosaic video sequence. In general the
motion vectors in a typical video sequence are two
dimensional pointing in any direction in the image
plane. Assuming a static scene for the concentric
mosaic, motion is only due to the movement of the
camera. The camera itself is constrained to move in
the horizontal plane. Therefore, the motion vectors
are assumed to be horizontal only.
Please note that the motion vectors in a concentric
mosaic sequence are not all exactly horizontal as the
camera motion contains both rotation and translation.
However, as we show in this work, the restriction to
horizontal motion vectors greatly reduces the
decoding complexity without affecting the ratedistortion trade-off too much. Additionally, we
constrain the motion vectors to be in the range of -1
to +6 pixels to allow 3-bit fixed length encoding of

the motion vector fields. This range seems to be best
for the specific angular distance (about 0.2 o )
between the reference images in our test sequence.
Residual error encoding
We use run-length coding with an end-of-block
symbol (EOB) terminating the block for encoding
the transformed and quantized DCT coefficients. The
EOB allows for random access to the residual error
as a specific block can be found without decoding
other parts of the bit stream. The color planes (Cb
and Cr) are not sub-sampled but a coarse
quantization is used instead.
Another important feature of the concentric mosaic
data is that there is no notion of time in the image
dataset. As the compressed stream is not decoded
sequentially we can choose the reference frame
(GOP anchor) of one group of pictures (GOP) at any
position. We selected a GOP size of 25 frames and
the GOP anchor (the frame with all blocks in Intra
mode) is in the middle of the GOP instead of being
at the beginning as is the case in standard video
coding.
3. QUANTIFYING THE DECODING
COMPLEXITY
In order to optimize the compressed bit-stream in
terms of rate, distortion and decoding complexity, a
quantitative measure has to be defined for all the
above three parameters. Quantifying rate and
distortion is straight forward. Since the optimization
algorithm is run on 8x8 blocks, we define the rate as
the number of bits required to signal one 8x8 block
(8x8 blocks in Y, Cb and Cr components together
with the motion vector information). Distortion is
defined as the sum of squared differences (SSD) of
the block. In order to quantify the decodingcomplexity, we have to look at the time spent in
various stages of decoding. Since DCT is the basic
building block of the proposed codec, it can be
assumed that most of the decoding time is spent in
the IDCT
and
the reconstruction steps
(approximately 47.5 % of decoding time involves
IDCT and reconstruction as shown in [6]). We define
the decoding complexity of a given 8x8 block as the
total number of pixels that have to be decoded to
reconstruct the current block completely. This is

proportional to the total number of IDCT steps to be
performed and also the reconstruction overhead. The
rate, distortion and complexity of a given block in
the mth row, nth column and in the pth frame of the
GOP are represented as

decoded on demand (assuming that the previous
blocks are not in cache).

R ( m, n, p ) , D ( m, n, p ) and C (m, n, p )
from here onwards. Now, since we have the
quantitative definitions of all the three parameters
that are to be optimized, the next task is to identify
suitable modes in which each block can be coded.
Our codec uses 5 different modes:

3.1. Intra-mode
A block in this mode is coded without reference to
any other block. Hence such a block can be decoded
independently. From the above definition of
complexity, the complexity of such a block is 64.
This can be seen by the fact that there are 64 pixels
in an 8x8 block and we need to decode the 64 pixels
in order to decode the block completely. Hence,
complexity of a block in Intra mode is given by

C (m, n, p ) = Complexity _ Intra = 64
3.2. Inter-mode
A block in this mode is encoded with a motion
vector referring to a block in the previous frame. The
residual error is encoded in the intra mode as
described above. Since the motion vector is
constrained to be horizontal, it can be seen that a
block in this mode refers to at most two different
blocks in the previous frame as depicted in Figure 1.
It is here that the assumption of horizontal motion
vectors gives returns in terms of reduced complexity.
If the motion vectors were not constrained to be
horizontal, the number of blocks being referenced
can be as large as 4. This means that to decode the
current block we have to decode 4 previous blocks
which in turn might be referring to other blocks. This
leads to an explosion of complexity at the decoder. It
has to be kept in mind that unlike normal video, all
the previous blocks are not already decoded in case
of concentric mosaics. Hence, when a given block is
required to be decoded, all the previous blocks that
are referenced by the motion vectors have to be

Figure 1: Referenced blocks in the previous frame for a typical
video compression scheme (top) and in our case (bottom). The
decoding complexity is reduced significantly for the 1D motion
vector fields when further recursion is needed to decode the
referenced blocks.

Hence, the horizontal motion vectors make the
decoding a lot simpler. The complexity of a block in
inter mode is hence given by the sum of the
complexities of all the blocks that are to be decoded
in turn. Hence, we obtain
C (m, n, p ) = Complexity _ Inter =
64 + C (m, n, p − 1) + C (m, n + sign(mv), p − 1), mv ≠ 0
=
64 + C (m, n, p − 1), mv = 0

Where 64 is the complexity for decoding the residual
error block that is in intra mode as explained in
Section 3.1 and C(m,n,p-1) and C(m,n+sign(mv),p1) are the complexities of the referenced blocks in
the previous frame. “mv” is the motion vector of the
current block. It should be noted that there are two
referenced blocks only in the case when “mv” is non
zero. This is a recursive formula which terminates
only when all the referenced blocks are in intramode.

3.3. Anchor-referring inter-mode

3.5. Anchor-referring skip-mode

This mode is similar to the mode in Section 3.2
except for the fact that here all the motion vectors
refer to the GOP anchor instead of the previous
frame. The advantage of this mode is that all the
blocks in GOP anchor are coded in intra mode and
the prediction process hence terminates after one
step. Hence the complexity of the block in this mode
is low. Since the GOP anchor is in the middle of the
GOP, it is highly probable that many blocks in the
frames at the middle of the GOP are encoded in this
mode. This gives an additional choice for the mode
decision process which is explained later. The
complexity of a block in this mode is given by

This mode is similar to the skip-mode defined in
Section 3.4. However, in this mode the motion
vector refers to blocks in the GOP anchor frame,
instead of the previous frame. The residual error is
not encoded as in the skip mode. This mode is very
efficient both in terms of rate and complexity. The
complexity of a block in this mode is given by

C (m, n, p ) = Complexity _ AR _ Inter =
64 + C (m, n,13) + C (m, n + sign(mv),13), mv ≠ 0
=
64 + C (m, n,13), mv = 0
64 + 64 + 64 = 192, mv ≠ 0
=
64 + 64 = 128, mv = 0
In the above formula we use 13 instead of the frame
number within a GOP because in our work, the GOP
anchor is always the 13th frame in a GOP of 25
frames. Moreover since all the blocks in the GOP
anchor are in intra mode, the complexities are
replaced by 64 as explained in Section 3.1. The first
64 is the complexity of the residual error which is
also in intra mode. Hence the total complexity
becomes 3x64 = 192 for the case when mv ≠ 0 and
128 when mv = 0.

3.4. Skip-mode
This mode is also similar to the inter mode explained
in Section 3.2. However, the residual error is not
encoded in this case. A block in this mode has only a
motion vector referring to a block in the previous
frame. This mode is highly efficient in terms of rate.
We define the complexity of a block in this mode as

C (m, n, p) = Complexity _ Skip =
C (m, n, p − 1) + C (m, n + sign(mv), p − 1), mv ≠ 0
=
C (m, n, p − 1), mv = 0

C (m, n, p ) = Complexity _ AR _ Skip =
C (m, n,13) + C (m, n + sign(mv),13), mv ≠ 0
=
C (m, n,13), mv = 0
64 + 64 =128, mv ≠ 0
=
64, mv = 0
Till now we have defined the complexities of the
blocks in various modes. The rate and distortion
have not been explicitly defined because their
definitions do not depend on the mode definition. As
mentioned earlier, the rate is defined as the number
of bits required to signal an 8x8 block together with
the motion vector (if any). We use Huffman coding
of the run length pairs along with an end of block
symbol as in JPEG. The Y, Cb and Cr components
are written into three separate bit-streams. This
allows easy access of the required block in the bitstream. The mode and the motion vector are coded
together using a fixed number of bits (6 bits for
mode and motion vector together). This data is
written into a separate stream. Since this is a fixed
length code, random access at the floor level is
guaranteed within this bit-stream. All the rate
distortion plots shown in Section 5 have been
generated with these settings.

4. RATE-DISTORTION OPTIMIZATION
WITH DECODING COMPLEXITY
CONSTRAINED
Once the rate, distortion and complexity of a given
block in all the above modes are known, the encoder
can perform the rate distortion optimization subject
to a complexity constraint. It should be noted that the
main idea in our work is to provide a bit-stream in
which every block is guaranteed to have a decoding
complexity which is at most equal to a fixed value

J = D(m, n, p ) + λ1 × R(m, n, p ) + K × C (m, n, p )
Where D is the SSD of the block, R is the rate in bits
per block and C is the complexity of the block. λ1 is
a parameter that is used to select the tradeoff
between rate and distortion. K is the parameter that
controls the mode decision process so that all the
modes in which the current block has an over all
complexity greater than the parameter maximumallowed-complexity are eliminated from the mode
decision process. In other words, K is set to zero if
the complexity of a block in a given mode falls
below the complexity constraint and it is set to
infinity if the complexity of the block in a given
mode exceeds this threshold. This ensures that the
resulting bit-stream is optimized in terms of rate and
distortion but the optimization is done only among
the modes which are satisfying the complexity
constraint.

5. EXPERIMENTAL RESULTS
In this section we show the rate distortion plots for
various values of the complexity constraint. Figure 2
shows the curves for a complexity constraint varying
from 250 till having no complexity constraint.
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which we call the maximum-allowed-complexity of a
block. This is a parameter to the encoder. Such a
complexity constraint is useful for example in
guaranteeing that a fixed number of stitched views
per second can always be rendered on a given enddevice. This is analogous to the number of frames
per second decodable in a video sequence. If a
complexity constraint is not imposed on the
compression scheme, some areas in the concentric
mosaic will be having a prediction process that is too
deep and while viewing the concentric mosaics on a
low-end-device the viewer has to spend an
annoyingly long waiting time to get each view.
While encoding, each frame of the image data is
encoded in all the 5 modes and then the mode
decision mechanism goes through each block and
minimizes the following Lagrangian cost function
over the 5 different modes mentioned in Section 3.
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Figure 2: Operational rate-distortion curves with decodingcomplexity constraint and actual mean complexity for the
compressed bitstream.

The difference between the curve with complexity
250 and the curve having no complexity constraint at
a bitrate of 0.4 bits/pixel is almost 4 dB. It should be
noted that the complexity constraint defines the
maximum number of pixels allowed to be decoded to
decode the current block. However, the average
value of the actual complexity might be far lower
than the constraint. Hence, we measured the actual
average value of the decoding complexity and
showed it in the legend as actual mean complexity
for each rate-distortion curve.
In order to verify that the complexity measure
adopted in our codec actually represents the
decoding complexity, we have measured the time
taken to decode parts of the images in a GOP and
stitch a virtual view which is the actual thing done
by the renderer. We use a Matlab prototype program
to run our simulation. The decoder program is passed
with image numbers and column numbers in the
images to be stitched together to form a virtual view.
The decoder then decodes the required parts of the
images from scratch (assuming no part of the
required block has already been decoded or cached)
and forms a virtual view. The times taken to decode
and stitch one virtual view are given in Table 1.

Complexity
Constraint
250
500
750
1500
4000
9000
No constraint

Time to decode and
stitch a view in sec
8.437
21.188
73.547
203.359
745.515
1655.907
124026.233

Table 1: Decoding time for the prototype implementation for
different complexity settings.

It can be seen from the above table that a bit-stream
encoded with a low value for the complexity
constraint is easy to decode, hence proving the
validity of our complexity measure. An example
virtual view stitched from the classroom concentric
mosaic is shown in Figure 3.

6. CONCLUSION AND FUTURE WORK
In this paper we have proposed a possible way of
achieving rate-distortion optimization subject to a
constraint on decoding complexity for the
compression of concentric mosaics. We showed that
there is a trade-off between the rate-distortion
performance and the decoding complexity. A
quantitative measure for the decoding complexity
has been developed and it has been shown that the
complexity measure is valid.
It has been assumed that the caching at the decoder is
turned off for deriving the complexity measure. A
probabilistic model for the decoding complexity in
presence of caching can be developed and the
proposed idea of rate distortion optimization with
complexity constraint can then be extended to the
case when the decoder has a cache of fixed size. This
would be a possible extension to the work presented
in this paper.
We have performed rate distortion optimization with
a constraint on the maximum decoding complexity.
Another approach would be to perform rate
distortion complexity optimization using two
lagrangian multipliers in the equation for the cost
function and produce a bit-stream that is optimized
with respect to rate, distortion as well as decoding
complexity.

Figure 3: Example stitched view from the compressed dataset
using 250 as maximum complexity and 30.5dB mean PSNR.
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