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Abstract unit of transmission is a packet. In order to assure scala-
- . ility, the internet w ign ffort n rk
The distribution of digital video content over computebr. by .t € internet was designed as a best effort netwo
- |.<%. it makes no guarantees that a packet sent by a host
networks has become commonplace. Unfortunately, mo : . o . ;
o . . will'arrive at the receiver or that it will be delivered in the
digital video encoding standards do not degrade grace- . : S .
. : . order that it was sent. This also implies that it makes no
fully in the face of packet losses, which often occur in_a :
. . . uarantees on the latency of the delivery.
bursty fashion. We propose an new video encoding s%/s—
tem that scales well with respect to the network’s perfor-A video encoding system designed for computer net-
mance and degrades gracefully under packet loss. Guorks would ideally satisfy the following requirements.
encoder sends packets that consist of a small rand®he transmitted data stream should be tolerant to vari-
subset of pixels distributed throughout a video framations in bandwidth and error rates along various net-
The receiver places samples in their proper locatiomorking routing paths. A given data stream should also
(through a previously agreed ordering), and applies a rbe capable of supporting different qualities of service.
construction algorithm on the received samples to pfd¢here this quality of service might be dictated by local
duce an image. Each of the packets is independent, aegburces (such as CPU performance) or the other user
does not depend on the successful transmission of eeguirements. These requirements are only partially sat-
other packets. Also, each packet contains informatisfied by existing video encoding systems. In this paper
that is distributed over the entire image. We also applye propose a flexible video encoding system that satis-
spatial and temporal optimization to achieve better corfies the following design goals:

pression.

e The system must allow for broadcast. We would
1 1 q . like a system where video can be transmitted to a
ntroduction large audience in real time with no feedback to the

With the advent of the internet, the distribution of digital ~ source. This allows for arbitrary scalability.
video content over computer networks has become com-
monplace. Unfortunately, digital video standards were®
not designed to be used on computer networks. Instead,
they generally assume a fixed bandwidth and reliable
transport from the sender to the receiver. However, for
the typical user, the internet does not make any such guar-
antees about bandwidth, latency or errors. This has lead
to the adaptation or repackaging of existing video encod-
ing standards to meet these constraints. These attempts
have met with varying levels of success. In this paper we
propose to design a new video standard specifically for
computer networks from the ground up.

The network can arbitrarily drop packets due to con-
gestion or difference of bandwidths between net-
works or receivers. Since this system is targeted to
error prone networks, it must perform well under

packet losses.

The sender should be able to dynamically vary the
bandwidth and CPU requirements of the encoding
algorithm. In order to guarantee a quality of ser-
vice variations in bandwidth may be necessary. For
instance, at scene changes or during a complex se-
quence. Variations in bandwidth could also occur
The internet is a heterogeneous network whose basic due to resource limitations at the source such as



channel capacity and CPU utilization, or by a policywhen one packet is lost, all other packets that are related
decision. to it lose their usefulness.

e The receiver should be able construct a reasonabl&Ve propose an encoding system that scales well with
approximation of the desired stream using a subgespect to the sender’s performance, the number of re-
of the data transmitted. Furthermore, the receivegivers, and the network’s performance. This system de-
may also intentionally ignore part of the data regrades gracefully under packet loss. Briefly stated: the
ceived to free up resources in exchange for reducgiicoder sends packets that consist of a small random sub-
quality. set of pixels distributed throughout a video frame. The

receiver places samples in their proper location (through

e The quality of the video should degrade gracefully previously agreed ordering), and applies a reconstruc-

under packet loss by the network or throttling by thgsn algorithm on these samples to produce an image.
sender or receiver. Notice that since each packet contains a small random
e Variations in the algorithm should support a wid%lﬂ)ie;[ ofvt/he |Image, Ithere tl_slno dot[derlngr olr p?icr)r:litzy Iiorn
range of performance levels, from small person pekels. WE aiso apply spatial and temporal optimizatio
. . . to achieve better compression without compromising our
appliances to high-end workstations. ) o
global and independence principles.
e User should be able to quickly join a session in
progress.

2 Previous Work
These goals place severe constraints on how the

tem can be built. vl%ieo encoding algorithms specifically tailored for the

internet have been previously proposed. 1SO MPEG-1
Packets are the basic unit of network transmission wevides high compression ratios, and it allows for bit-
consider [13]. A video frame generally spans many pagtream resynchronization using slices. Generally slices
ets. System throughput and quality are affected by threpan multiple packets, and few encoders make an ef-
tling packets at the sender, packet loss in the netwdidt to align slices within packet boundaries. The vari-
and ignoring of packets at the receiver. Therefore, able length encoding and difference encoding used by
choose to regard packets as atomic in our system desiJREG-1 is very effective in reducing the bitrate, but both
For scalability and error handling we avoid packets th@chniques make assumptions about what has been previ-
contain prioritized data or interdependencies, such asdsly received. If these assumptions are wrong (caused
clustering of data or differential encoding. These godlg packet loss) [8], artifacts will develop in the new
motivate our design principles: frame. Other discrete cosine transform (DCT) based al-
Globalness — Individual .rgorithms like H.261, have been successfully adapted for
packets should contai . . .
use in computer networks by using a technique some-

enough information to reconstruct the whole imagte

They also should be additive - each additional packet o oS called “conditional replenishment” [19]. The idea

creases the reconstructed image quality. Conversel |§(;rthatinstead of encoding the differences from previous
ge quaiity. y’frames, they either keep old blocks or entirely replenish

SZ;ZP?EE?:;Z;Izl?gﬁgp;:g?ggzse sender, network Orr{eeﬁv blocks independently encoded. These techniques re-
' ' quire that all blocks are replenished within a specified pe-
Independence- All packets are independent of eachiod of time. During heavy packet losses, important areas
other; any one of them can be dropped without abrupty not be updated until the losses subside. This is an
changes in quality, and in many cases we can procai®r nothing approach: a block will completely reach its

them out of order. new state or not change at all.

These principles are quite different than current videoLayering approaches have partly alleviated this last
encoding systems. Typical video encoding algorithmpsoblem. Algorithms like L-DCT [2] and PVH [19],
(i.,e. H.263 [1] or ISO MPEG), use compression angse a base channel to encode a low quality representa-
encoding techniques that make packets interdependéat) of the block; and use additional channels to encode
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enhancement information to reproduce a more faithful

block. Because enhancement layers usually depend on £ Feie |
the base layered being received, when the base layer S e _
packets are lost, the block cannot be updated at all. oSl o/ = [ =
/ i il i
Error handling can also be incorporated into the net- // p L Z / C;‘i,o / II B
work layer. By using error correcting codes, or retrans- yaawyS = /] d
mission based schemes, errors can be minimized or elim- /ér}g O/ /3 // Jr

inated, as to create the illusion of a reliable network
stream. Qpen-loop approaches [28] (i.e. those ﬂI‘f“i’éure 1: 2D pull-push. At lower resolutions the gaps are
don’t require feedback) such as, Forward Error Correﬁhaller
tion (FEC), eliminate errors when they are well char- '

acterized. Unfortunately, these systems must include _ ,
enough redundancy in advance to deal with the Worggcket loss, thus there is no guarantee that the client has

case packet loss rate scenario. This leads to inefficiépfeived any particular set of image information. This
cies. The overhead for error correction also increasesREESENtS us with the problem of reconstructing an image
tal network load. Thus the entire network is taxed d{f@m irregularly spaced samples.

to the worse performing route [23, 12]. The alternative
is to use a closed-loop approach. Close-loop approacg%
[25, 22, 7, 29] , where the receivers request the retrans- ) o )
mission of lost packets, have the drawback of higher fA-viable solution to "[hIS image reconstruction problem
tency and are difficult to scale [6, 4]. Additionally, sinc8"USt have the following features:

packet loses generally occur during congestion, these re-

quests and subsequent retransmissions can make mattersThe method must run at frame rate. Thus, it is too
worse. expensive to solve systems of equations (as is done
when using global spline methods [26, 17] ) or to
build spatial data structures (such as a Delauney tri-
angulation [21]).

Image Reconstruction

The algorithm we propose bears many resemblences to
work in error concealment [3, 11, 30, 27]. While most er-
ror concealment techniques are built upon existing stan-
dards, our technique proposes an entirely novel encode The method must deal with spatially scattered sam-
ing scheme. Our encoding scheme is tolerant to bursty ples. Thus we are unable to use standard interpola-
errors, and does not require resynchronization. Our re- tion methods, or Fourier-based sampling theory.
construction algorithm is fast, and makes no a-priori as-
sumptions about the existance of specific nearby block® The method must create reconstructions of accept-
or pixels. able quality.

In this paper we adapt the pull-push algorithm of

: Gortler et al. [14]. This algorithm is based on concepts

3 The Algorlthm from image pyramids [9], wavelets [18] and subband
The Network Aware Internet Video Encoding (NAIVEYXoding [16], and it extends earlier ideas found in [10] and
system sends a small random subset of samples ff@0]. The algorithm proceeds in two phases called pull
each video frame and reconstructs the frame at the ard push. During the first phase, pull, a hierarchical set
ceiver. The random samples can be distributed across ahlewer resolution data sets is created in an image pyra-
or more network packets. Randomness is used to selaitt. Each of these lower resolution images represents a

samples in order to decorrelate errors and reduce artifdbtarred” version of the input data; at lower resolutions,
such as blockiness. Following our design principles, eable gaps in the data become smaller (see figure 1). Dur-
packet contains samples uniformly distributed througimg the second phase, push, this low resolution data is
out the whole image, and independent of any previaused to fill in the gaps at the higher resolutions. Care is

packet sent. Our encoding system allows for arbitraigken not to destroy high resolution information where it
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image, and the associated welgf?t] for this pixel is set
to f. f is the value chosen to represent full confidence.
The meaning off is discussed below. All other weights
at the high resolution are set to 0.

3.1.3 Pull

The pull phase is applied hierarchically, starting from the
highest resolution and going until the lowest resolution in
the image pyramid. In this pull phase, successive lower
resolution approximations of the image are derived from
the adjacent higher resolution by performing a convolu-
tion with a discrete low pass filtér. In our system, we
use the “tent” sequencei[—1..1] x [—1..1]:

1/16 1/8 1/16

1/8 1/4 1/8

1/16 1/8 1/16
The lower resolution pixels are computed by combining
the higher resolution pixels usirig One way to do this

(0) would be to compute
Figure 2: Grayscale lenna image samples and reconstruc-w;;-rl = >kl zlk_giyl_gi wy
tion. Using 22% original pixels (a), and using 5%of orig-  pi ! = —Lo 5 By oigoo; w, P, ()
inal pixels (b). The images in the left column show the Vi

input pixels. The right column shows our reconstructiomhis is equivalent to convolving with and then down-
sampling by a factor of two.

This computation can be interpreted as follows: Sup-
_ _ _ , ose we have a set of continuous tent filter functions as-
is available. Figure 2 shows the reconstruction of t Bciated with each pixel in the image pyramid. Suppose
lenna grayscale from 5% and 22% of the original pler§0 (u,v) is a continuous piecewise bilinear linear tent
functlon centered at, ;7 and two units (high resolution
pixels) Wide,B},j(u,v) at the next lower resolution is
a tent function centered at, 25 and is four units (high
The algorithm uses a hierarchical set of image pixels Witso|ution pixels) wide 32 i(u,v) at the next lower res-
the highest resolution labeledl and lower resolutions | tion is a tent function centered@Mg and is 8 units

having higher indices. Each resolution has 1/2 the re§@ge, and so on. These continuous functions are related
lution in both the horizontal and vertical dimensions. Fgking the discrete sequenke

our 320 by 240 images, we use a 5 level pyramid. As- o . .

sociated with the ij'th pixel value? ; at resolution is Bl (u,0) =Y hg2ir2iBf(u,0)

a weightw; ;. These weights, representing pixel confi- kot

dence, determlne how the pixels at different resolutidinis means that one can linearly combine finer tents to

levels are eventually combined. obtain a lower resolution tent. The desired multiresolu-
tion pixel values can be expressed as an integral over an
original continuous imag® (u, v) using theéaj(u, v) as

3.1.2 Initialize weighting functions:

During initialization, each of the received pixels is used 00 oo .

to set the associated pixel valulg; in the high resolution / / du dv Bj ;(u,v)P(u,v)

3.1.1 Organization

(@)
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If one approximates this integral with a discrete sum o
the received pixel values, one obtains

wi vk = > Bl (k,Dplywi ©)
k,l
where

wi; =Y Bl i(k,l)wp,
k,l

|
_J"
L
Itis easy to show that the values computed by Equatioi:d
can be exactly and efficiently obtained by applying Equa- @) (b)
tion 1 hierarchically.
Figure 3: Grayscale lenna test image reconstruction with

This method creates good low resolution images wh % of samples: (a) using f = 1, (b) f = 1/8
0 . =1, =

the original samples are uniformly distributed. But wh

the original samples are unevenly distributed, Equation 3
becomes a biased estimator of the desired low resolution
value defined by Equation 2 for it overly emphasizes the

ovelr sarrépledt_regifns_ih(.)ur solution to this problem is {gyrking to the highest resolution. During the push stage,
replace Equation 1 with. low resolution approximations are used to fill in the re-

wl-"jl = Dok Zlk—Qi,l—m min(wy, ;, f) 4 gions that have low confidence in the higher resolution
pit = —hr Yy heosigzy min(wpy, f)ph “) images. If a higher resolution pixel has a high associ-
N . . ated confidence (i.e., has weight greater than or equal to
The valuef represents full confidence, and thén op- : ( ght gre: : 9
: e disregard the lower resolution information for that
erator is used to place an upper bound on the degree ig¥v

. L . . resolution pixel. If the higher resolution pixel does
one image pyramid pixel corresponding to a highly sam- . : ) . .

; : npt have sufficient weight, we blend in the information
pled region, can influence the total sum. Any value Prom the lower resolution
1/16 < f < 1 creates a well defined algorithm. ffis )
set to one, then no saturation is applied, and this equatioio blend this information, the low resolution approx-
is equivalent to Equation 1. If is set tol /16, then even imation of the function must be expressed in the higher
a single sample under the sum is enough to saturaterdgsolution. This is done using an interpolation sequence
computation for the next lower resolution. In the systeaiso based on the tent sequence but with a different nor-
we have experimented with many values, and have ehalization: h[—1..1] x [—1..1]:

tained the best results with= 1/8. Although complete

theoretical analysis of the estimator in Equation 4 has yet 1/4 1/2 1/4
to be completed, our experiments show it to be far supe- /2 1 1/2
rior to Equation 1. Figure 3 shows the reconstruction of 1/4 1/2 1/4

the lenna grayscale image with 10% of its samples reccl):n— h ds is d , _ p
structed using (a) f = 1, (b) f = 1/8. ush proceeds is done in two steps: we first compute

temporary values
The pull stage runs in time linear in the number of pix-
els summed over all of the resolutions. Because each tpi; = Zhi—2k,j—2lp7]:gl
lower resolution has half the density of pixels, the com- kil
putation time can be expressed as a geometric series.ﬁq
thus this stage runs in time linear in the number of hi%q
resolution pixels at resolutiop.

% computation is equivalent to upsampling by a factor
2 (adding0 values), and then convolving with These
temporary values are now ready to be blended with the
p" values already at level using thew™ as the blending

3.1.4 Push factors.
The push phase is also applied hierarchically, starting w’ w! .

. . . . U — (1_ Z,J)t (A L2V~
from the lowest resolution in the image pyramid, and Pij 7 Pi,j [ Pij
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analogous to the “over” blending performed in image  OffsetTable
0 = Image Blocks

compositing [24]. 1 =

° 0 \1\1\\2

3.1.5 Lower Resolution Samples Nt

N+1
There can be cases in which the sender wishes to send
only low resolution information about some image re-
gion (perhaps that region is blurry or it is deemed to be
less important). Our algorithm allows the sender to send
lower resolution pixels directly to the appropriate level of Nt
. . . 256N-1
the image pyramidp; ; for » > 0. When such pixels are

received the_y are placepl directly in the image pyramidﬁbure 4: Offset Table: There are N 16x16 blocks in the
the appropriate resolution, and we suppress the pulligi e The i'th entry points to a sample in block number

of high resolution pixels to it. This allows the sender *Omodulo N. On any selection of N consecutive entries,
avoid sending many high resolution pixels where the iﬁ'\'ere is a sample from every block

formation content is primarily of low frequency.

o o o o

3.1.6 Temporal Coherence again in the first block. The random ordering of the sam-

In video sequences, image regions can change slolgs within a block is established by assigning a pseudo-
Our system takes advantage of this temporal coherepggdom number to each pixel. The pixels are then sorted
by allowing pixels from previous frames to be includegto a list according to this random number. The offset
in the pull-push reconstruction process. table can then be constructed by selecting a pixel from
each of the N lists. The sender and receiver are synchro-
o nized through the transmission of a seed for the random
3.2 Packetization number generator. This seed must be transmitted via a
The pull-push algorithm provides a means of reconstruagliable protocol such as TCP/IP.
'ng an Image from non-uniform samples. From our prin- This ordering guarantees that if we pick N consecutive
ciple of globalness we need to pick samples from thgm les, they will span the whole image without large
whole image. And these have to be selected at rand%lm pies, they P g g

o . rs. Additionally, w n il m he block
to avoid visible artifacts and to allow the appearance\;gJ sters. Additionally, we can easily compute the bloc
[

: : . at a sample belongs to, by computing the module N of
simultaneous update everywhere in the image [5]. We amp gs fo, by computing u
. .~ tS location in the table. See figure 4.
guarantee coverage of the whole image by dividing
into 16x16 blocks and making succesive passes over th&he reconstruction explained so far applies to a
image selecting one random sample from each blockgmayscale image. This same idea can be extended to the
each pass. chrominance components of color images. We encode

In order to minimize the information transmitted, thgolor images by sampling the chrominance components

. . t a resolution 1/4 of the luminance image, similar to
sender and the receiver agree on the ordering of sam L
. EG. To encode them, we maintain another offset ta-
such that the sender only needs to send the locatio

. . . I%fwith 8x8 blocks to correspond to the 16x16 blocks of
the first sample in a packet. This is done as follows. The . i
. . S . e luminance components. We encode the chrominance
image is split into 16x16 blocks, this means that there e les independently of the luminance samples
256 samples per block. Say there are N blocks in an im- P P y pies.

age. We generate a table, called the “offset table”, thatVe need to send very little overhead information with
has 256*N entries. The first entry contains the coordiach packet. Each packet consists of: a frame num-
nate of a random sample in the first block; the secohber; table offset of first chrominance sample, number of
entry contains the coordinate of a sample in the secatmlominance samples, and the samples themselves; and

block; The N+1th entry contains the location of a sampigble offset of first luminance sample, with the remaining
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Frame #UV samples | Offset Offset UV samples | Y samples .
Number OV samples | Y samples BLE contains the encoder/decoder agreed upon number

of samples for this block that will be skipped. When a
packet is received, all entries in the SKIP TABLE are ini-
tialized to O; thus each block is guaranteed to have one
sample. When a sample is inserted into a lower resolu-
tion level, we load the skip table entry for that block, with

_ , , a predefined constant, agreed upon by the sender and the
of the packet filled with luminance samples. We use 10?e£eiver. In our system, when a sample is sent for level 1,

bytes as our default packet size. This structure Satis@ﬁ?skip the next 3 samples for this block. When a sam-

our global and independence properties. If a packet IEJ"I’EQ‘ is sent for level 2, we skip the next 15 samples for
more than N luminance samples (where N is the nuqu(S block.

of blocks in a frame), then there will be one sample in ev-

ery block of the image guaranteed by the way we traversd=ach time that block occurs in the sequence we inspect

the offset table. the skip table entry to see if it is non-zero, if it is, we
decrement the skip table, and go to the next block without
reading a sample from the packet. Otherwise, we insert

4 Enhancements the current sample into the block according to the offset

table entry.
The baseline approach described above works well for

images whose details are uniformly distributed through-

out' the whple image. 'Most images, though, have lg-o Temporal Locality

calized regions of detail. And most sequences bear_a | locall b loited h K
high level of temporal coherency across frames. We Cg%mpora ocality can be exploited even when packets

take advantages of these characteristics to produce b g_rlndependI(Tnt ?f egch other. bIMPkEC? a_mdl Hh261 ex-
quality video with the same or less amount of data. ploit tempora oca ity by reusing block ot pixXels t gt are
closely located in the previous frame, encoding this loca-
tion and their difference. In our approach, we don’t make
4.1 Spatial Locality any assumptions about the previous frame or what pack-
. . . ets the receiver has processed. We simply take advantage
In image regions with mostly low frequency content, our,

encoding system allows us to directly transmit lower re%t the fact that pixels in a block may not change signifi-

. . . ._cantly across many frames, in which case, we reuse them
olution samples, and the receiver can insert these directly , o .
. . . o°reconstruct a higher quality image. In NAIVE, pix-
into lower resolution pyramid levels.

els from previous frames can be kept around for up to 20
In our encoding system, we encode the sample vafteames, and used as equal participants in the pull-push

and resolution level in the same byte. We use 7 bitsaforithm. When a block has changed significantly, a

precision for level 0 samples, and 6 bits of precision f&lLL _-BLOCK signal is sent for that block, and all pixels

level 1 and level 2 samples. If the least significant bit isf@r that block from previous frames are discarded. For

the sample is a level 0 sample; if the least significant b#isene changes, a KILALL BLOCKS signal will dis-

is 01 or 11 the sample is a level 1 or level 2 sample i&rd all previous pixels from previous frames.

spectively. With this change we keep the packet structur

. e flush the previous frame samples for a given block
unchanged, except for how sample values are mterprebey Using a special word (KILIBLOCK) instead of en-

Samples that are inserted at lower resolution levateding the sample. When this code is seen, the block that
correspond spatially to many more samples at finer l@srresponds to the offset for that sample, will be marked,
els. Thus, when a low resolution sample is sent, feward all corresponding samples from previous frames are
higher resolution samples are needed. flushed. Additionally, we do not increment the pointer

. L . into the offset table, such that the next sample in the
To manage the bookkeeping for this information, w% .
stream falls in the current block.

use a special table, called the SKIP TABLE. There is
a SKIP TABLE entry for each block. The SKIP TA- Blocks that do not change will slowly improve in

Figure 5: Packet Format
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frames encoded at 1 bpgpand decoded with different
Figure 6: Rate-distortion curve on the grayscale 512x5p2cket drop rates yielding different bpp. receive rates.
“Lena” test image.

of luminance/ chrominance samples to use, among others
quality because they are reusing samples from presecisions. We have manually found reasonable settings
ous frames; therefore we wish to use more samplesfdo our video streams. In the optimal case, the encoder
the blocks which are changing more rapidly and are nebuld make these decisions automatically. Secondly, we
reusing samples. We accomplish this by inserting ndgave used the signal-to-noise ratio metric (SNR) for eval-
ative values in the SKIP TABLE in the following way.uating our results. It is well known that SNR is not an
When a block is killed, we set its corresponding SKIl&ptimal measurement for image quality. It is acceptable
TABLE entry to a negative value (currently -10). Aftefor comparing the algorithms based on the same trans-
we have gone around once for all blocks in the imaderm with different settings [15]. A better measurement
we only visit blocks that have a negative SKIP TABLRould be based on models of the human visual system;
entry and increment its SKIP TABLE for each sampleut these are usually harder to implement or compute
received. This continues until there are no more neghan the SNR.
i entries left. This increases the recon- _. . .
tive SKIP TABLE ' ISt . . _Figure 6 shows the rate distortion curve for 512x512
structed quality of blocks that are not reusing previous ) : )
: . .. grayscale image, compressed for different target bit per
samples. This does not violate our globalness principie, . .
) . |%<els (bpp) and different packet sizes. Large packet
since we still have at least one sample per every blocK] : : .
thev fit in a packet sizes are important for large images. If the packet is not
4 P ' larger than the number of blocks in an image, then there
will not be enough space to go around all the blocks once,
and more importantly, the algorithm will not make use of
5 Results the SKIP TABLE, which allows it to get more samples
in needed areas. The drawback of using large packets is

In this section we evaluate the performance of our corp- .
. . at they are more likely to fragmented and lost. When
pression system. Before we proceed it is important 10 , .
) - Ipacket is fragmented, and one of its fragments get lost,
note two caveats. First, the policies of the enco

. . . e whole packet is lost. For small images, a packet size
will greatly determine the quality of the decompresse . .
- of 1024 bytes is adequate. For our experiments we used
stream. The encoder can make many decisions. For ex-

. . . a packet size of 1024 bytes because it is compatible with
ample, it can make decisions about which blocks to flu ) .

: e maximum packet size of most networks.
or keep, what offset to start sending samples from, from

which levels samples should be drawn, what proportionFigure 7 shows how the quality degrades gracefully
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Figure 8: Base: SNR for each frame given the bpp migure 9: Bursty: SNR for each frame given the bpp re-
ceived per frame, constant receive rate of 0.33 bpp  ceived per frame, there are bursty errors, so the receive
rate drops sporadically

for different kinds of video sequences. For these sajr%d shoulders shot of the person being interview in her

quences, temporal and spacial locality has been us ice. This shot lasts until frame 77. The last shot is a

) . : . 0
The first sequencéjvalk contains a men in suits walk- lose up of the person. The quality of the image is above
dB for most of the sequence, there is a short dip be-

ing from a car, the scene has high detail and motion.
second sequencelaire is a standard head and shoulde{\%een frame 77 and frame 78, but it does not take long to
over.

shot. Lastly, thdnterview consists of three scenes: a
Lo e
person walking into a room, a head and shoulders sﬁo
of the person talking inside the room, and close up ofFigure 9 shows the same sequence under bursty packet
her face. All three sequences contain 100 frames, dosk. The dashed line represents the actual bit rate during
were encoded at 1bpp. To generate all the data, thetke-reception of each frame. This figure shows that even
quences were decoded with different packet drop rategler heavy loss (receiving less that 0.1 bpp), the qual-
calculating the average SNR of all frames. The packit does not degrade significantly. At the end of the first
drop rate determines the independent probability thabarst, in frame 28, the quality level recovers rapidly. Ad-
packet will be dropped. Over a whole sequence, a vidditionally, the quality hardly degrades during the second
encoded at 1bpp and decoded with a packet drop ratdarfst, between frames 37 and 47.
30%, will have a receive bpp of 0.7bpp. The slope of
all three curves is very similar, showing that it degrad%ﬁ
slowly regardless of the kind of video.

The complexity of the algorithm is simple enough to
ow a software-only implementation. Table 1 shows
the decoding frame rate for different sequences. The al-
The algorithm handles bursty packet losses well. Figerithm was run on a common Intel Pentium Pro 200Mhz
ure 8 shows the frame by frame SNR for a 10 secoptbcessor running Linux and the X windows system. The
interview (320x240 color) sequence compressed at Of@8ne rate is not very sensitive to the amount of data re-
bpp. This sequence is composed of three shots. Te#ed. The decoding time is dominated by the pull-push
first 22 frames is a shot sequence of the person walkidgorithm after all the samples received from the network
into an office. The stride of the person and camera anpbve been placed in the image. The color sequence ran
makes the shot contain one slow motion frame and atec0% lower frame rate, than the comparable gray scale
fast motion frame, to give the resulting wave-like shapgequence. This makes sense, since we have to recon-
for the SNR during that shot. The second shot is a hesidict the chrominance data which is half the size of the
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[ Test Sequence | fps 1bpp | fps 0.5bpp | in the transmitted symbols. Differential encoding meth-

interview (color 320x240) 23.5 253 ods could be applied to all samples in the packet fol-
susie (gray 352x240) 34.81 36.32 lowing the initial sample for each block. We are also
qclaire (gray 176x144) | 76.7 84.9 hopeful that motion compensation techniques can be ap-

plied within our framework by encoding motion vector
Table 1: Decoding frame rates (without displaying) fdor each block. These motion vectors would imply that a
different sequences. block of samples in all pyramid levels would be copied to
the current block. Thus, the sender would make no spe-
. . . cific assumption concerning which samples are available
luminance data for color sequences. Displaying QCIF S&- . -
. . ... at the receiver, only that those samples within the trans-
guences in real time would not be a problem, and Wltf} a .
. - . erred block would form the best basis for reconstruct-
faster machine and an efficient display system, the same . . . .
miaht be possible for CIE Sequences ing the desired block. It is also possible to incorporate
g P q ' embedded coding techniques to the samples within each
packet. This would potentially allow for trading off the
gquantization of samples for increased sampling density.

6 Conclusions
Another shortcoming of our NAIVE method is that the

The NAIVE system that we have presented is an initis¢énder is fundamentally unable to make any quality guar-
step towards a video compression system tailored speaiftees to any particular receiver. The need for such a
ically for computer networking environments. NAIVEuarantee might arise based from an economics driven
satisfies our initial design goals. It supports broadpproach where particular receivers pay a premium for
cast over large-area network and maintains scalabil@gsurances of a given quality level. Layering is an effec-
NAIVE is tolerant to packet loss at any point along th@e technique for satisfying such requirements. We be-
network from the sender to the receiver. In fact, the ilieve that our NAIVE method could be extended to pro-
tentional dropping of packets at the source is one methadke layering.
of increasing the effective compression of the bit stream. . .

o . . In summary, we view our NAIVE algorithm as start-
Similarly, the selective dropping of packets at the re- : .

. ) Ing point for the development of a new class of video
ceiver effectively sheds CPU load. A NAIVE sender can . .

) : . . compression methods that are well suited for computer

also dynamically vary its transmission bandwidth when

required by the video sequence in order to maintainn%tworks' By considering the realities of real networks

: . . we believe that is possible to define new classes of al-
given quality level. In all cases, the receiver of a NAIVE _ . . o
arithms that are scalable in broadcast applications and

video stream is able to reconstruct a reasonable appn?jxl— L . o
. . : . ) egrade gracefully under variations in network activity.

mation of an entire frame using a minimum on informa-

tion (i.e. a single packet). The reception of additional

packets further enhances the quality of the frame. Fi-

nally, our system degrades gracefully under severe pa&&knowmdgements

losses.

Fundamentally, the randomizing of samples usedvi\[ne would like to thank Aaron Isaksen for his help in

our NAIVE method has the effect of decorrelating trf €Paring our videos. Support for this research was pro-

input signal and effective compression methods essbifed by DARPA contract N30602-97-1-0283, and Mas-

tially depend on highly correlated input signals. Thugachusetts Institute of Technology’s Laboratory for Com-
uter Science.

our NAIVE algorithm sacrifices compression ratio, a8
compared to other video compression techniques, in or-

der to achieve our design goals. We believe that other

compression techniques can be layered onto our NANREfErences

methods to achieve substantially improved compression.

For instance, variable length encoding techniques can i H.263: Video coding for low bitrate communica-
applied within individual packets to reduce redundancy tion. Draft ITU-T Recommendation H.263Vay
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