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ABSTRACT large geometry models is presented. A system for streaming
high-resolution panoramic images, compressed using JPEG, is de-
scribed in [7]. In [8], the authors propose a system to stream con-
centric mosaics, an image-based rendering data set.

In previous work such as [6, 7, 8], heuristics are used to control
the transmission of packets across a network. Streaming over an
error-prone network, such as the Internet, however, requires mech-
anisms to control against errors that are encountered. These range
from simple schemes such as re-transmitting packets to incorporat-
ing Forward Error Correction (FEC) or scheduling more important
packets earlier than other packets, in order to increase the chance
of correct delivery by retransmission.

1. INTRODUCTION There has been much recent work in the area of a rate-

distortion optimized streaming framework for audio and video data

Interactive photorealistis-D graphics has increasingly started to [9, 10, 11]. In this paper, we propose a rate-distortion optimized
appear on the Internet, and has now entered the domain of the typstreaming framework for light field data sets. We build upon the
ical home user. Many interesting graphics data sets [1], however, prior rate-distortion optimized streaming work, and extend it to the
are very large. It is therefore attractivestreamsuch large data  interactive remote viewing of light fields.
sets to the user while they interact with it, instead of requiring the The remainder of this paper is organized as follows. In Section
user to download the data in its entirety before viewing it. In this 2 we summarize prior work on rate-distortion optimized stream-
paper, we propose a system for the streaming of compressed lighing. We then describe our approach to the streaming of light fields
fields that is optimized for the user according to a rate-distortion in Section 3. We show experimental results and comparisons with
criterion. a heuristic algorithm in Section 4.

A light field [2, 3] is an image-based rendering data set, that
represents the outgoing radiance from a particular scene or ob-
ject, at all points in3-D space and in all directions. With image-
based rendering, scenes can be rendered by sampling previousl
acquired image data, instead of synthesizing them from light and
surface shading models and scene geometry. Since image-bas
rendering involves only re-sampling the acquired image data, it is |,

partlsc_ularbl/_ a;traflptllzj/e for méeractlve aplplllcatlons. L Associated with each data unit is the data unit size, for in-
ince light fields can be extremely large, compression is an stance, in Bytes, and the deadline by which the data unit must

important problem and has attracted much research interest. lnarrive in order for it to be useful for playout

this. paper, we use a particular compression mgthod based on dis- There is also a notion of distortion that the user experiences
panéy t(:c()jn;pensatlon [4’| 5] Indth'j‘ a?proach,_ Images are e'the'rwhen only a subset of data units is available for decoding and play-
pre :C e ::(ijnll prewousdy gf!cg € rs ertalsncilrgzé:g_re?, u5|fng a9€%5ut. In order to estimate the distortion in a computationally effi-
Omelry model, or encoded indepenaently. ransform 1S ciant manner, the authors assume that each data unit contributes

used for image and residual error_codlng: - to reducing the distortion that the user experiences. A distortion
_T_he “gh.t field 'coder uses a hierarchical _predlctlon structure. reduction value is associated with each data unit, which repre-
T.h's IS _deS|gned n such a way as to prowdc_s some amount Ofsents the contribution of a particular data unit, given that it arrives
view-point scalability. jl'h.at 1S, with only the Images from the in time, and all ancestor data units that it depends upon are also
lower levels qf the prediction hlerarchy_, a rendereq image of rea- available. These distortion reductions are assumed to be additive,
sonable quality can be generated. This property is important forand the overall distortion is computed by using an acyclic directed

our ;”T‘am";g ﬁyl'stem. K has b d h . ¢ graph that describes the inter-dependencies between the data units
elatively little work has been reported on the streaming of ;o o dia presentation.

3-D graphics data. In [6], a streaming framework for extremely =~ A y-ansmission policyr; is associated with each data uhit
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We propose a framework for the streaming of light fields over a
lossy error-prone packet network. This system is optimized for the
end-user according to a rate-distortion criterion. We build upon re-
cent rate-distortion optimized streaming work for audio and video
data. We extend this work to light field image data by introducing
view-dependent distortion, multiple playout deadlines, and state-
based distortion. In our experimental results, the rate-distortion
optimized framework has a bit-rate reduction of ur§¥ over a
heuristic rule-based system.

2. BACKGROUND

¥ [10, 11], a rate-distortion optimized framework for the stream-
ing of media over a lossy packetized network is presented. This
amework assumes a compressed media representation that has
een assembled into packets or data units.




w1, there is an associated cost for each byte of the dataafnit),
and error probability(r;), the probability that the data unit does
not arrive by the playout deadline.

The goal is to determine the optimal transmission policies for
all data unitsgr = [mi72 - - - ™), given the per-byte costs, dead-

that the end-user experiences as the sum of the distortions at each
time instance over a viewing window of the user’s view trajectory.
The result is that we can no longer discuss a single error prob-
ability for a data unit. Instead, we have an entire set of error prob-
abilities, {e(m, t;)}, for each of the playout deadlines associated

lines and distortion reductions, along with the knowledge of net- with that data unit. As a result, we also need to modify our mini-
work packet loss and delay characteristics, acknowledgments frommization procedure.

the receiver, and transmission history. The policy that minimizes We still minimize independently for each data unit, in an iter-
the overall rate-distortion Lagrangian cost, ative fashion. Our cost function for each data unit now becomes

Ji(m) = p(m) + Y vie(m, ts) ®3)

€T

J(m) = D(m) + AR(w), Q)
where\ controls the trade-off between rate and distortion, is se-
lected as the optimal policy.

The expected rat&(m) depends upon the data unit siz8g

where we consider all time instancgsin the viewing window,
indexed byi € 7. The quantitye(m;, t;) is the probability that

and the per-byte cosjs(m;). The expected distortiol () de- data unitl does not arrive by time;; the per-byte cosﬁ(m)sdoes
not depend on time. The quantity, is given byy,, = b

pends upon the error probabilitieér;), and uses the distortion B
reduction values and the inter-dependency graph for the data unitsanalogous to the reciprocal af in (2). Note that the sensitivity
With a large number of data units, it is difficult to exactly solve - term S, ;. is also indexed by time; it is the sensitivity of the overall
the minimization problem in (1). A reasonable approximate solu- distortion to the non-arrival of data uriiby time instance;.
tion is to find the optimal policy for each data unit, while keeping The cost (3) is computed for each policy, and the one with
the pO”Cies for all other data units fixed, and iterate until the over- the lowest cost is selected as the 0pt|ma| p0||cy Since the p0||Cy
all solution converges. The cost function for data itgiven by length tends to determine the complexity of the algorithm, using
the equation multiple deadlines does not greatly impact the computational com-

Ji(m) = e(m) + N p(m) 2 plexity of the algorithm.

wheree(m;) is the error probability angd(m;) is the per-byte cost
as before. It can be shown that = AS—?, incorporating the rate-
distortion trade-off operatox from (1), the data unit siz&;, and

S, the sensitivity of the overall distortion to not having received
data unit] by its deadline. The sensitivity term represents the rel-

ative importance of a particular data unit.

3.3. State-dependent Distortion

In this subsection, we present our calculation of the distortion val-
ues. Suppose that for a particular vieg; ) at time instance;, we
require the set o data units,C,,), to render that view. There
are2” possible combinations of arrivals and non-arrivals for this
set of data units. We consider each such combination as asstate
that belongs to the set af statesP,;,).

For everys € P,,), we can compute the corresponding dis-
In the following sub-sections, we describe how to extend the rate- tortion that end-user would experience, so that we have a set of
distortion optimized streaming framework to light field streaming, 27 distortion values, one corresponding to each state. These dis-
and we present our complete system. tortion values are used to compute the expected distortion for a
transmission policy.

This state-based approach can quickly become intractable for
even a modest number of data units. For instance, the data sets
For light field streaming, we must consider the view desired by the that we use in our experiments typically requ2@ data units to
end-user when calculating distortion values. Hence, distortion is render a view, which would result in ovér 000, 000 states. We
parameterized by the view variahlén our system. In theory, we  can, however, exploit the hierarchical structure of our light field
would need to compute and store the distortions for every possibledata set to reduce the state space.
view. Instead, it appears more practical to interpolate these values  According to the hierarchy, we can organize the data units into
from the distortion values at a small set of views. In our exper- several different levels, where the data units at a particular level
iments, we assume knowledge of the view trajectory. Therefore, depend upon some of the data units at next lower level. To sim-
we can use the distortions at the views in the trajectory, and do notplify the state-space, we assume that a data unit reqaitebe
have to interpolate. data units at the next lower level; this appears to be a reasonable
assumption for our data sets.

We consider all combinations of arrivals and non-arrivals of
data units at a particular level, only if all data units at all lower lev-
In conventional media like audio or video, a data unit is usually as- €ls have arrived. The resulting total number of states is simply the
sociated with one particular instance in time, its playout deadline. sum of the number of states for the data units for each level. If the
Light fields, on the other hand, typically require a particular data data units are evenly distributed across levels, then this results in a
unit to render several different views along the user view trajectory, significant reduction in the size of the state space. We denote this
at different time instances. reduced state space RS, ,, and we associate a unique distortion

Hence, we associate multiple playout deadlines with a data value with eacts € P;(m.
unit. This results in several changes in our overall distortion, as In order to use these state-based distortion values in our frame-
well as our minimization algorithm. We first redefine the distortion work, we need to compute the expected distortibrizr), for a

3. LIGHT FIELD STREAMING

3.1. View-dependent Distortion

3.2. Multiple Deadlines



given policy. Given a transmission policy, error probabilities can geometry model, along with the camera parameters of the light
be calculated for each data unit. Given these error probabilities, field, are assumed to be sent initially, and are not counted in the
we can compute the probability of any state. We compute the ex-transmission bit-rate.

pected distortion for this policy using the state distortion values In this work, we assume perfect advance knowledge of the
and the probability of each state occurring. The next section de-user’s view trajectory. We considerdifferent trajectories of the
tails the calculation of the expected distortion, and the sensitivity Garfielddata set, both involving rotating about the object in a par-
values, incorporating view-dependence, multiple deadlines, and aticular direction. For each view in a trajectory, the state-based dis-

state-based approach. tortion values are computed and stored for use by our algorithm.
The distortion for a state is measured by comparing the rendered

3.4. Overall System view from the original uncompressed light field to the rendered
view using only the available data units, as defined by the state, of

In our system, for a view trajectory and policys, the overall the decoded light field.

distortion is Our model of the network assumes identical delay and loss

probability distributions for each data unit. Successive packet de-
lays and losses are assumed to be independent. We assume a loss

D(m;v) = Z Z D(s, v(t:)) Pr{s} (4) probability on the forward channel from the sender to the receiver
€T | s€P ) of 20%; data units that are not lost are subject to delay according
» o to a shifted gamma distribution with a shift ®6ms, a mean of
where the probability of a stater{s} is given by 50ms, and a standard deviation 23ms. Acknowledgments are
sent from the receiver to the sender on the back channel with no
Prisy= [[ (—emt) [ (e(m,t:). (5) loss, but with an identical gamma delay distribution as the forward
LE€Ly(t,) LELy (1) channel. We allow for @00ms delay between the first transmis-
bsy=1 b1 =0 sion and the rendering of the first view.
The binary-valued variable indicates whether data uriihas ar- In order to determine which views in the trajectory should be
rived or not in state. The rate, given by considered for transmission, we use the windowing function in
[11] to generate the view window. In our Lagrangian cost mini-
R(m) = Z Bip(m), (6) mization, we use a policy length of Increasing the length be-
1 yond this value increases computational complexity without much
benefit.

does not depend on the view trajectory directly. Note, however,
that it is coupled indirectly through the choice of the transmission o )
policy 7 appropriate for that trajectory. 4.1. Heuristic Packet Scheduling
In order to minimize the overall Lagrangian cost (1), as be-
fore, we minimize the Lagrangian cost (3) for each data unit. For
our overall system, we must take into account the new distortion
calculation in (4). This involves deriving a new sensitivity term

In order to provide a baseline for our rate-distortion optimized
streaming system, we implement a packet-scheduling algorithm
based on some heuristic rules. This heuristic scheduler has knowl-
edge of the view trajectory, the viewing window, the deadlines and
level of each data unit. It also has knowledge of the network con-

’ e — / L. ifl ) . L .
zsepv(tn Satti Zsepvm) Satts € Lo, ditions, and can calculate the probability of arrival for each data

Stts = 0 #1=0 a=t otherwise unit given its transmission history.
’(7) Using this information, the scheduler can sort the data units
where to be sent according to importance, and send them in the order

of importance until the bit-rate constraint is met. The importance
S\, = D(s,v(t; 1—e(my, ti e(my, ). of a data unit is determined by whether or not it has already been
b (s, 0(t:)) H ( (m» ) H (el 1)) sent, its level, and its playout deadline, approximately in that order.

lﬁf;:;’ ll,efl’j(__to) Additionally, if the conditional probability of a data unit not arriv-
V£ V£l ing, given that it has not been acknowledged, is over the arbitrary
(8) threshold 0f99%, we consider this to be a negative acknowledg-
ment. Such a data unit is considered to be as important as a data
4. EXPERIMENTAL RESULTS unit that has not been sent.

W_e compare our rate-distortion optir_nizc_ed streami_ng framework 4 o Comparison

with a heuristic scheme that we describe in Subsection 4.1. In both

cases, we simulate the network conditions, compute transmissionin our comparison, we simulate network conditions, and record

sequences for both algorithms, and derive the set of available datghe transmissions computed by both our rate-distortion optimized

units at the receiver for each time instance in the simulation. and heuristic scheduling algorithms. This determines a set of data
We use theGarfield light field data set for comparison. The units that are available for rendering at each time instance. We

Garfield data set consists (88 views, each of pixel resolution  calculate the image quality of these renderings using PSNR, with

192 x 144. There arer levels in the hierarchy foGarfield We the rendered view from the original uncompressed light field as

encode this data set at the highest possible quality, using the hi-reference.

erarchical disparity-compensated prediction scheme in [4, 5]. We For the rate-distortion optimized system, we vary the La-

render from the light field data set using a geometry model. The grangian multiplierA in (1) to vary the bit-rate. For the heuristic



scheme, we simply vary the target average bit-rate that the schemeesults with theGarfield light field that our rate-distortion opti-

strives to meet. mized streaming system out-performs a heuristic scheme. We re-
For our two trajectories, the comparison rate-PSNR curves areport gains of oveddB in image quality at higher bit-rates, and of

shown in Figure 1. With a policy length 6f the rate-distortion op-  up to several dB at lower bit-rates.

timized scheme outperforms the heuristic scheme by several dB at
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5. CONCLUSIONS

We have presented a rate-distortion optimized framework for the
streaming of light fields. This framework takes into account the
network conditions, history of transmissions, and acknowledg-
ments, and the importance of each data unit. Our main contribu-
tion is in extending the prior rate-distortion optimized framework
for audio and video to light fields. We introduce the notion of a
view-dependent image distortion; we associate with each data unit
multiple playout deadlines, corresponding to the views when this
data unit is required for rendering; and we consider state-based
distortion values to give a more accurate estimate of the overall
image distortion as experienced by the end-user. We show in our



