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FOS: A Funnel-Based Approach for Optimal
Online Traffic Smoothing of Live Video

Jeng-Wei Lin, Ray-1 Chang, Member, |EEE, Jan-Ming Ho, Member, IEEE, and Feipei Lai, Senior
Member, |EEE

Abstract—Traffic smoothing is an efficient meansto reduce the
bandwidth requirement for transmitting a VBR (variable-bit-r ate)
video stream. Several traffic smoothing algorithms have been
presented to offline compute the transmission schedule for a
prerecorded video. For live video applications, Sen et al. present a
diding-window algorithm, referred to as SLWIN(k), to online
compute the transmission schedule on the fly. SLWIN(K) looks
ahead W video frames to compute the transmission schedule for
the next k frametimes, where k<w. Note that W is upper bounded
by the initial delay of the transmission. The time complexity of
SLWIN(K) isO(W*N/k) for an N framelivevideo. In this paper, we
present an O(N) online traffic smoothing algorithm and two
variants, denoted as FOS, FOS1 and FOS2, respectively. Note that
O(N) isatrivial lower bound of the time complexity of the traffic
smoothing problem. Thus, the proposed algorithm is optimal. We
compar e the performance of our algorithms with SLWIN(k) based
on several benchmark video clips. Experiment results show that
FOS2, which adopts the aggressive workahead heuristic, further
reduces the bandwidth requirement and better utilizes the client
buffer for real-time interactive applications in which the initial
delaysaresmall.

Index Terms—M ultimedia Streaming, Online Delivery, Traffic
Smoothing, Live Video

I. INTRODUCTION

HERE is a growing number of video applications such as

digital libraries, video archives, newscasts and distance
learning that can be accessed on various networks. For
continuous video playback, the client player must render a new
frame after one frametime (the period of time between two
successive frames) has passed. In order to prevent the client
player from starvation, the video server has to transmit the

mediadatainto the client buffer beforeit isgoing to be rendered.
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Fig. 1. The bandwidth requirement for transmitting the first 1000 frames of
Star Wars is reduced from 70 to 26 Kbytes per frametime if the output of the
encoder is smoothed.
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While the media data are retrieved from the disks or online
generated, the video server can send a frame per frametime, as
shown in Fig. 1(a). However, compressed video streams often
exhibit significant burstiness of frame sizes (number of bits for
each frame) on many time scales due to the encoding frame
structure and their natural variations within and between scenes
[15][16]. This burstiness complicates the design of a
multimedia system for high resource utilization, such as
network bandwidth [19].

In a guarantee service model, the multimedia system has to
allocate enough network bandwidth for the burstiness. However,
alot of bandwidth iswasted when the effective transmission rate
is much lower than the allocated bandwidth. In a best-effort
service model, when aburst suddenly jamsinto the network, the
packets may be discarded, including those of other applications.
It is necessary to design a mechanism to reduce the impact
caused by the burstiness of VBR (variable-bit-rate) video
streams. One approach is to smooth the burstiness. The video
server can start the transmission of large frames earlier. By
working ahead, it is shown that traffic smoothing is efficient at
reducing the bandwidth requirement for VBR video
transmission [1]-[13], as shown in Fig.1 (b).

For a prerecorded video stream, the video server has
complete knowledge of all the frame sizes. The server can use a
traffic smoothing algorithm that takes advantage of the
knowledge of upcoming large frames and starts more data
transmission in advance of the burst. Several traffic smoothing
algorithms have been presented to offline compute the
transmission schedule. For example, the CBA (Critica
Bandwidth Allocation) algorithm [2] minimizes the total
number of rate increases, the MCBA (Minimum Change
Bandwidth Allocation) algorithm [9] minimizes the total
number of rate changes, and the MVBA (Minimum Variance
Bandwidth Allocation) algorithm [1] minimizes the variance of
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rate changes.

In live video applications, however, the video server only has
limited knowledge of frame sizes at any time. Old mediadatais
transmitted, while new media datais generated simultaneously.
In rea-time interactive applications, such as video
teleconferencing, thetolerableresponse delay issmall, soonly a
few frames can be buffered in the video server. In other live
video applications, like newscasts and distance learning, the
clients may be willing to tolerate a longer playback delay, of
several secondsto minutes, in exchange for asmaller bandwidth
reguirement. For delay tolerable live video applications, Sen et
al. introduce a diding-window traffic smoothing algorithm,
referred to as SLWIN(K), that computes the transmission
schedule onthe fly [10][11]. The constant k is referred to as the
dlide length. Given an initia delay (D frametimes), SLWIN(K)
looks ahead a window of W (k<W<D) frames and computes the
transmission schedule for the window. After k new frames have
been generated, SLWIN(K) recomputes the transmission
schedule. For an N frame live video, the time complexity of
SLWIN(K) is O(W¥N/K). Since the time-consuming SLWIN(1)
usually computes the transmission schedule of a small peak
bandwidth requirement, there is a tradeoff between computing
costs and performance.

In this paper, we present an O(N) traffic smoothing algorithm
called FOS (Funnel-based optimal Online traffic Smoothing)
for live video applications. Note that O(N) is a trivial lower
bound of the time complexity of the traffic smoothing problem.
Thus, the proposed algorithm is optimal. The video server can
use FOSto compute the transmission schedule for a live video.
In a lookahead window, FOS maintains the candidates for
transmission schedules in afunnel. It considers each new frame
iteratively and modifies the two chains of the funnel. If the two
chains will cross each other, FOS deterministically generates a
transmission schedule, or when no more frame size information
is available, FOS heuristically generates a schedule at the
minimal transmission rate in the funnel. While the video server
executes the transmission schedule, new frames are generated,
and after the transmission schedul e has finished, FOS computes
the next one. In fact, FOS computes the same transmission
schedule as SSWIN(1) in linear time.

We observe that FOS always uses the minimal transmission
rate in alookahead window. It may lower the transmission rate
unnecessarily and then raise the rate in the next window. This

usually occursif theinitial delay of avideo transmissionissmall.

In such cases, it is likely that all frames in the server buffer are
small, eg. B/P-frames, due to the encoding frame structure.
Therefore, FOS lowers the transmission rate. When FOS finds
that alarge frame, e.g. I-frame, is generated later, it hasto raise
the transmission rate. If a traffic smoothing algorithm has
aggressively transmitted more data to the client, there are less
data buffered in the server. Therefore, it is likely the algorithm
can smooth the large frame in the next window.

We have used different heuristics to improve FOS. By
combining FOS with frame size prediction [13][17][18] and
aggressive workahead [12], we derived two variant FOS
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Fig. 2. A feasible transmission schedule Sshould satisfy F(t)<G(t)<H(t),
where G(t) isafunction of S

algorithms called FOSL and FOS2, respectively. Experiment
results show that FOS2 further reduces the peak bandwidth
requirement and utilizes the client buffer more efficiently when
theinitial delay is small.

The remainder of this paper is organized asfollows. A formal
definition of the online traffic smoothing problem for live video
is illustrated in Section Il. Section Il presents our FOS
algorithm, its time complexity proof, and different heuristics.
Section 1V shows the experiment results. Finally, in section V
we give conclusions.

Il. ONLINE TRAFFIC SMOOTHING FOR LIVE VIDEO
For an N frame video {fq,f1,f2,...,fn-1; T}, Which usesf; bits
to encode the i-th frame and T is the frametime, the continuous
playback schedule can be represented as the step function
F(t)=F; for i* Te<t<(i+1)* Ts,
where
ifi<O,

0

Fi:{Fi_l+fi ifO<i<N-1.
Attimei*T;, the client player will have played F;.; bitsand will
continue playing f; bits in the next frametime. Given a D
frametime playback delay, a video server can transmit media
data at the rate r; from time i*T; to (i+1)*T; according to a
transmission schedule S={rp,f.p+1.f-D+2,---. N2} . The
cumulative transmission function is defined as

0 ift<-D*T,,

G(I)Z{G(i*Tf)+l'i *-i*T,) AT, <t<(i+2)*T,.
To guarantee continuous playback at the client, S should satisfy

F(t)<G(t) for t<(N-1)*Ty.
However, the client player usually does not have unlimited
buffer space. We assume the client player provides a B-bit
buffer. The cumulative buffer function is defined as

H(t)=Fi_1+B for i* Ti<t<(i+1)* T;.
To avoid buffer overrun, Sshould also satisfy

G(t)<H(t) for t<(N-1)* T,
asshowninFig. 2.

Without loss of generality, we consider adiscrete time model

at the granularity of a frametime. Assuming Ti=1, we simplify
the definition of F(t), G(t) and H(t) as follows.

Cumulative playback function:
_Jo if i <0, 1)
F(I)_{F(i—l)wi if 0<i<N-1
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Cumulative buffer function:
Hi)=F(-1)+B ifi<N-1 2
Cumulative transmission function:

(0 ifi<-D, 3
G(I):{G(i—l)"'ri_l if—D<i<N-1 <

As F(N-1) is the total size of the video frames, a traffic
smoothing algorithm should not plan to transmit more than
F(N-1) data. For a prerecorded video stream, a traffic
smoothing agorithm knows each frame size and can offline
compute the transmission schedule that satisfies

F(>i)<G(i)<MIN(H(i),F(N-1)) for -D<i<N-1. (4

For live video, however, a traffic smoothing algorithm has
limited knowledge of frame sizes at any time t+D because
frames after the time t+D have not been generated. The
algorithm knows fiiq,fii2,....ftsp @and has no idea about
fup+1.feD+2,--- fn-1- An L (1<L<D) frametime transmission
schedule S={r,ri+1,....Mt+1-1} isfeasibleif S satisfies

F(>i)<G(i)<MIN(H(i),F(t+D)) for t<i<t+L, (5)
as shown in Fig. 3(a). While the video server executes S, new
frames are generated. After L frametimes have passed and S
has therefore finished, L new frames have been generated. The
traffic smoothing algorithm can incorporate new frame size
information to compute the next transmission schedule S+L, as
shown in Fig. 3(b).

Given a D frametime initial delay and a dlide length k,
SLWIN(K) [10][11] looks ahead a window of W (k<W<D)
frames and uses an O(W) agorithm (MVBA [1]) to compute the
transmission schedule for thewindow. Note that SLWIN(K) fixes
L=k. After k frametimes have passed, SLWIN(K) computes the
next transmission schedule. The total time complexity is N/k
times the complexity of smoothing a W-frame window of the
video stream. Thus, the time complexity of SLWIN(K) is
O(W*N/K).

S WIN(K) usually has a tradeoff in selecting the dide length.
If the maximum dlide length is used (k=W=D), as shown in Fig.
4(a), the entire live video transmission is scheduled into
continuous non-overlapped transmission schedules. SLWIN(W)
has drawbacks when smoothing traffic across window
boundaries. If kis smaller than W, as shown in Fig. 4(b), only
the first k frametime part of the transmission schedule is used
and the rest of the schedule is discarded. Although using a
smaller dlide length requires more computing resources, it
makes a better transmission schedule.

We observe that SLWIN(K) always generates the transmission
schedulefor awindow at the minimal rate. Note that at time t+D,
the transmission schedule that SLWIN(K) generates for the
window is the shortest path from (t,G(t)) to (t+D,F(t+D))
[11][14]. SLWIN(K) may lower the transmission rate
unnecessarily and raise therate in the next window, as shownin
Fig. 5. This usually occurs when SLWIN(k) has smoothed a
window of small frames and a large frame is generated in the
next window. If atraffic smoothing algorithm has aggressively
transmitted more data to the client in the previous windows,
there are less data buffered in the server. Thus, it is likely the

L 1D
(b)

Fig. 3. Looking ahead in live video applications. (a) An online smoothing
algorithm determines an L frametime transmission schedule S, (b) After L
frametimes have passed, the algorithm determines the next transmission
schedule S+L.

¢ low < Window (k 11 2)
Fig. 4. (@ SLWIN(W) has drawbacks when smoothing traffic across
window boundaries. (b) SLWIN(k) incorporates new frame size information
and therefore computes a better transmission schedule.

Fig. 5. SLWIN(K) unnecessarily lowers the transmission rate in the first
three windows and raises the rate in the fourth window.

algorithm can smooth the large frame in the next window.

I11. OUR ALGORITHMSAND TIME COMPLEXITY ANALYSIS

A. FOSAIlgorithm

Like SLWIN(K), at time t+D, our FOS agorithm tries to find
the shortest path from (t,G(t)) to (t+D,F(t+D)) in the window.
However, FOS generates transmission schedules in
non-overlapped and variant-length manners. It considers each
frame only once and remembers useful computational resultsfor
the next window by maintaining a funnel.

Asshown in Fig. 6(a), from the starting point s=(t,G(t)), FOS
maintains the candidates for transmission schedules within a
convex upper chain U={ug,us,Up,...,Un} and a concave lower
chain V={vg,v{,Vp,...,Vn} , where ug=vp=s, uy,Uy,...,un are
points selected from the function H, and vq,vo,...,v,, are points
selected from the function F. U is convex if and only if

m<2 or Rate(ug,ur)<Rate(uq,up)<...<Rate(Um.1,Um)  (6)
where Rate(x,y) isthe slope of thelinefrom x to y. V isconcave
if and only if

n<2 or Rate(vp,v1)>Rate(vy,vo)>...>Rate(vy.1,Vp)- )
The two chains form a funnel.

We now describe how the chain points are selected. Initialy,
V={(-D,0)}, U={(-D,0)}, and r_p=F(0)/D. In a window, FOS
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Fig. 6. FOSiteratively considers F(a) and H(a) for t+1<a<t+D to maintain the candidates for transmission schedulesin the funnel, i.e. the shadowed area.

iteratively considers each unprocessed frame and modifies V
and U. For t+1<a<t+D, FOS appends the points x=(a,F(a))
onto V and x'=(a,H(a)) onto U, as shown in Fig. 6(b) and (c).
FOS then removes some points so that the resultant V and U
remain concave and convex respectively, as shown in Fig. 6(c)
and (d). By triangle inequality, we can prove that the shortest
path is in the funndl. If the resultant U and V will cross each
other, as shown in Fig. 7(a) and (c), FOS deterministicaly
generates the transmission schedule. When there is no more
frame size information available, as shown in Fig. 7(e), FOS
heuristically chooses a point x" in the funnel and generates the
transmission schedule. The length of each transmission
schedule is dynamic and after it is generated, FOS reconstructs
the funnel, as shown in Fig. 7(b), (d) and (f). When the
transmission schedule has finished and at the same time new
frames have been generated, FOS computes the next
transmission schedule. The detailed description of the funnel
maintenance follows.

When the a-th frame (t+1<a<t+D) is considered, FOS first
triesto append the point x=(a,F(a)) onto V. 1) Asshown in Fig.
8(a), dlong V, FOStries to find a point v; (1<i<n) from v, to v4
such that Rate(vi_1,v;)>Rate(v;,X). If such apoint is found, FOS
removes vy, ...,Vi+1 from V and adds x to the tail of V. As shown
in Fig. 8(b), the resultant chain V'={\vy,...,v;,x} is concave. V'
and U maintain the funnel. In this case, FOS does not generate
the transmission schedule. 2) If there is no such point, as shown
in Fig. 9(a), dong U, FOS tries to find a point u; (0<j<m-1)

from ug to up, 1 so that edge ux will not cross U, i.e

Rate(uj,x)<Rate(uj,uj+1); otherwise, FOS sets Uj=Up, As shown
in Fig. 9(b), FOS replaces V with V'={u;,x}. If j=0, V' and U
maintain the funnel and FOS does not generate the transmission
schedule. If j#0, FOS generates the transmission schedule
according to {up,...,u;} and then removes ug,...,u;.; from U.
The resultant chain U'={y;,...,uy} remains convex. V' and U’
maintain the funnel again.

After appending x onto V, FOS then appends the point
x'=(a,H(a)) onto U. The processing of X' is similar to the
processing of x. 1) FOStriesto find a point u; from upy, to u; so
that U'={ug,...,u;,x} is convex. If such apoint isfound, U' and
V maintain the funnel and FOS does not generate the
transmission schedule. 2) If there is no such point, FOS then
finds a point v; from vg to v, so that U'={v;x} and
V'={V;,...,vy} maintain the funnel. If iZ0, FOS generates the
transmission schedule according to { vg,...,vj} and then removes

H//
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Fig. 7. In (a), FOS removesvq,v2,...,vp, @ppends x onto the funnel, and
discoversthat the resultant lower chain will cross the upper chain. In (b),
FOS deterministically generates the transmission schedule and
reconstructs the funnel. In (c), FOS removes uq,uy,...,Umy, appends x
onto thefunnel, and discoversthat the resultant upper chain will crossthe
lower chain. In (d), FOS deterministically generates the transmission
schedule and reconstructs the funnel. In (e), when there is no more frame
size information, FOS heuristically chooses a point X" in the funnel. In
(f), FOSgenerates the transmission schedule and reconstructs the funnel.

Vo, .-,Vi.1 from V.

Saturation may occur if FOSdoes not decide the transmission
schedule after the (t+D)-th frameis considered. Sincethereisno
more frame sizeinformation available, FOSheuristically selects
apoint X" inthe funnel and generates the transmission schedule
according to {sx"}, as shown in Fig. 7(e). Note that X" must
satisfies

Foin < Rate(s, X") <1, 0 8
where

rmin = Rate(S’ Vl) (9)
and

o = MIN[Rate(s, ul),w)a (10)

i.e, min ad rpex ae the minimal and maxima feasible
transmission rates from the point s. Many heuristics can be used.
FOS sets L=1 to incorporate new frame size information as
early as possible, and uses the minimal feasible transmission
rate in the funnel. It selects the point X" =(t+1,G(t)+r ). FOS
then reconstructs the funnel. As shown in Fig. 10, 1) along V,
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FOS finds a point v; (0<i<n-1) from vy to v,.1 such that
Rate(x",vi+1)>Rate(V;,vi+1) and thus V'={X"Vj,Vi+1,....Vn} iS
concave. 2) Along U, FOSfindsapoint u; (0<j<m-1) from ug to
Uni such that Rate(X",u+1)<Rate(uj,ui+1) and thus
U'={X",Uj,Uj+1,-..,Un} isconvex. U' and V' maintain the funnel.

While the video server executes §, new frames are
simultaneously generated. Assume S is an L frametime
transmission schedule. When S has finished and therefore L
new frames have aready been generated, FOS computes the
next transmission schedule S+L.

B. Complexity Analysis

We assume each edge that is added onto the funnel associates
with a counter. The counter is initialized as zero and increases
by one whenever the edge is scanned. The time complexity
analysis of FOSis based on the following claims.

ClaimA: The counter of an edgethat isadded onto the funnel
and removed later isread astwo.

ClaimB: The counter of an edge that remains on the funnel is
read as one.

Proof: (1) Consider the process of appending x onto V. FOS
first starts scanning the edges on V from the tail. If there is a
point v; (1<i<n) such that Rate(vj.1,v;)>Rate(v;,x), the scan
stops. The edges on{Vv;.1,V;,...,vn} have been scanned and their
associated counters increased from one to two. Then, Viy1,...,Vp
areremoved and x isadded to thetail of V. Note that the counter
of the edge v x is initialized as zero. We can amortize the two
counters of the edges y_y and v x so that each counter is reset

toone, asshowninFig. 8. Thus, claims A and B hold. If thereis

no such point, FOSstarts scanning the edgeson U fromthe head.

Applying similar amortized analyses, we can prove that claims
A and B aso hold after the scan stops, as shown in Fig. 9.
Therefore, after FOScompletesthe process of appending x onto
V, claims A and B hold.

(2) Similarly, we can prove that after FOS completes the
process of appending X' onto U, claims A and B hold.

(3) When there is no more frame size information available,
FOS computes X" in constant time and then reconstructs the
funnel. Asshownin Fig. 10, FOS scansthe edgeson V from the
head. When FOS finds a point v; (0<i<n-1) such that
Rate(x",vi+1)>Rate(V;,vi+1) , the scan stops. The edges on
{Vvo,-.-,Vi,Vi+1} have been scanned and their associated counters
increased from one to two. Then, vy,...,vj.; are removed and x"
is added to the head of V. Note that the counter of the edge v,

isinitialized as zero. We can amortize the two counters of the
edges xy and vy, so that each counter is reset to one.

Therefore, Claims A and B hold. FOSthen scansthe edgeson U
from the head. Again by applying similar analyses, we can prove
that after FOS completes the reconstruction, claims A and B
hold. m

(@ S )
Fig. 8. Processing x. (&) FOSfirst scansthe lower chain. If thereisapoint vj
such that V'={vy,...,vj,x} is concave, (b) FOS modifies the funnel. In this

case, FOS does not generate the transmission schedule. The figure is skewed
for better visualization.

@ ¥) (b) v,
Fig. 9. Processing x. (cont.) (a) If FOSfailsto find vj, it scansthe upper chain
and finds a point Uj so that the edge ;~ will not cross the upper chain. (b)
1

FOS moadifies the funnd. If j#0, FOS generates the transmission schedule
according to {ug,..., uJ'} . Thefigure is skewed for better visualization.

@ v) ® v)
Fig. 10. Processing xX". () After FOS heuristically chooses a point X" in the
funnel, it finds vj and uj on thelower chain and the upper chain, respectively,
so that {X",Vj,Vj+1,....vn} is concave and {X",Uj,Uj+1,...um} is convex. (b)
FOS reconstructs the funne and computes the transmission schedule
according to { s x"}. Thefigureis skewed for better visualization.

FOS considers F(a) and H(a) once for 0<a<N-1. Each time,
FOSadds one edge onto the funnel and may remove some edges.
Since the number of transmission schedules generated will be N,
at the most, FOS reconstructs the funnel at most N times. Each
time, FOSmay add two edges onto the funnel and remove some
edges. In total, FOS adds a maximum of 4*N edges onto the
funnel. Thus, there is a maximum of 4*N associated counters
and the summation of al readings is smaler than 8*N.
Therefore, the time complexity of FOSis O(N).

C. Heuristics
Consider thethree saturationsin which FOS deterministically,
or heuristically, computes the transmission schedule. It is easy
to see that FOS computes the same transmission schedule as
SLWIN(1). As stated in the end of Section 1, it isalso true FOS
may |ower the transmission rate unnecessarily and then raise the
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TABLEI
THIS TABLE SHOWS SOME STATISTICS OF THE FOUR MPEG VIDEO CLIPS.

Video Number of frames FPS GOP  Maximum framesize (bytes)  Average frame size (bytes) STD (bytes)
Star Wars 40,000 24 12 124,816 9,313.2 12,902.7
MTV 40,000 24 12 229,200 24,604.2 23,062.6
Talk 40,000 24 12 106,768 14,536.8 16,519.5
Soccer 40,000 24 12 190,296 25,109.6 21,260.6

FPSis the number of frames per second. GOP means Group of Picture. STD is the standard deviation of frame sizes.

rate in the next transmission schedule. Note that when there is
no more frame size information available, FOS heuristically
choosesto transmit media data over aframetime at therate ryn.
If a traffic smoothing algorithm has aggressively transmitted
more datato the client, there are less data buffered in the server.
Therefore, it is likely the algorithm can smooth the upcoming
large frame.

There exist different heuristics. For example, smoothing
algorithms can predict the transmission rate in the near future
[17][18]. We have derived avariant algorithm called FOSL that
considers the current transmission rate as a simple form of rate
prediction. FOSL transmits media data over a frametime at the
rate

r’ = MAX(MIN(F o s P s Tain )1
whererq,=ri.1 atimet+D.

We have a so derived another variant algorithm called FOS2
that considers the current peak rate. FOS2 will try to keep the
client buffer full without raising the current peak rate. It
transmits media data over aframetime at the rate

r” = MAX (MIN(F s o ) T )
where rpeak=MAX(r p,...,It.1) a time t+D.

By definition, reyr<rpeak and thus rmp<r'sr'<rppy. FOX
works ahead more aggressively than FOSL and FOS. The
aggressive workahead has a significant impact on reducing the
peak rate when theinitial delay issmall. Inthis case, thereis not
much time for traffic smoothing al gorithmsto work ahead on the
upcoming large frames. If FOS2 has aggressively transmitted
more data to the client, there is a high probability it will smooth
the large frames.

(11)

(12)

IV. EXPERIMENT RESULTS

In this section, we examine the performance of the proposed
online traffic smoothing agorithms. The study focuses on
network and client resources by measuring the peak rate and the
client buffer occupancy. The peak rate of a smoothed video
stream determines its worst-case bandwidth regquirement across
the path from the video server to the playback client. Hence,
most traffic smoothing a gorithms attempt to minimize the peak
rate to increase the likelihood that the video server, network and
client player have sufficient resources to handle the stream.
Practically, media data may get lost in the network. However, if
the client player can detect the data loss early enough, it can
request a retransmission. A transmission schedule with a high
percentage of client buffer occupancy usually implies that there
is a high probability the client player will detect the data loss
early.

We simulate the transmission of four 40,000 frame MPEG
video clips[21]. Table 1 shows some statistics of these streams.
First, we explore how the two metrics, the initial delay (D
frametimes) and the client buffer size (B Kbytes), change as a
function. We then compare the performance of the proposed
algorithms to SLWIN(1) when the initiadl delay is small.
SLWIN(1) looks ahead D frames to compute the transmission
schedule, i.e. W=D. We can see that FOS indeed computes the
same transmission schedule as SLWIN(1). However, the time
complexity of FOSisonly /W of SLWIN(1). In[10][11], Sen et
a. have shown that SLWIN(1) consistently outperforms
S WIN(K). To demonstrate the lower bound of the peak rate, the
graph also plots the optimal transmission schedule obtained by
the offline algorithm presented in [1].

A. Client Buffer Sze and Initial Delay

Using Star Wars as the test video, Fig. 11 illustrates the
performance of the three proposed agorithms FOS FOSL and
FOS2. Generaly speaking, the client buffer size limits the
maximum data that can be workahead transmitted to the client.
If the client buffer is small, smoothing agorithms cannot
transmit mediadatain advance of the burst. Asthe client buffer
is enlarged and more data can be transmitted in advance, the
transmission rate can be reduced. High client buffer occupancy
shows that most media data arrives at the client much earlier
than its playback time. However, enlarging the client buffer
beyond a certain value does not help smoothing algorithms to
reduce the peak rate. When the client buffer is comparatively
huge with the initial delay, the client buffer occupancy also
starts falling.

When the initial delay is small, there are few frames in the
server buffer. Consequently, the benefit from a large client
buffer is not significant. As shown in Fig. 11, when the initial
delay is smaller than 72 frametimes, using a client buffer larger
than 512 Kbytes does not help the three algorithms to further
reduce the peak rate. Since thereislittle datato be buffered, the
client buffer occupancy falls rapidly as the client buffer is
enlarged. Heuristics play an important role when the initial
delay is small. We will discuss this in more detail in the next
subsection.

Astheinitial delay increases, the benefit from a large client
buffer becomes apparent. A large initial delay gives the video
server moretime to transmit any frame, and thusthe peak rate is
reduced. In such cases, there is a high probability that FOS
FOSL and FOS2 will deterministically compute the
transmission schedule at any time. Heuristics, therefore, have
little impact on reducing the peak rate. For example, when the
initial delay is 360 or 720 frametimes, the peak rate computed
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by FOS, FOS1 and FOS? is ailmost the same for variant client
buffer sizes. Even so, aggressive workahead utilizes the client
buffer more efficiently. FOS2 utilizes 60% to 80% of the client
buffer. However, FOSL only achieves 40% to 60% while FOS
achieves 40% only when client buffer is smaller than 1024
Kbytes.

When the initial delay is comparatively large with the client
buffer size, the three algorithms always deterministically
compute the transmission schedule. Heuristics are, therefore,
never used. The three algorithms compute the same
transmission schedule, for example, when the initial delay is
3600 or 7200 frametimes and the client buffer is smaller than
2048 Kbytes.

B. Heuristicsand Initial Delay

In this subsection, we further compare the performance of
online traffic smoothing algorithms when the initial delay is
small. In such cases, online traffic smoothing algorithms lack
the information to deterministically compute a transmission
schedule most of the time. Heuristics play an important role.
Since large client buffers do not have significant impacts, we
choose two client buffer sizes that are slightly larger than the
double and triple of the maximal framesize. Inreal applications,
the system may determine this value according to experiential
rules, such as the desired quality of the video. Note that
S WIN(1) computes the same transmission schedule as FOS.
Their performance curves are overlapped in Fig. 12 and Fig. 13.

As shown in Fig. 12 and Fig. 13, online traffic smoothing
algorithms hardly reduce the peak rate for transmitting Star
Wars by enlarging the client buffer from 256 to 384 Kbytes.
FOS2 congtantly performs better than FOSL and FOS in
reducing the peak rate and utilizing the client buffer. FOS2
dramatically reduces the peak rate when the initial delay is
within 12 to 48 frametimes. It reducesthe peak rate to 32 Kbytes
per frametime when the initial delay is 16 frametimes.
Analyzing the frame sizes of Star Wars, there are two bursts
close to one another. The second is dlightly longer and burstier
than the first. If the initial delay is smaller than 48 frametimes,
FOS2 cannot smooth the first burst. It therefore raises the peak
rate. Since FOS2 aggressively works ahead and there are less
databuffered in the server, it can smooth the second burst. If the
initial delay is larger than 48 frametimes, FOS2 is able to
smooth the first burst with a smaller rate. This time, however,
FOS2 cannot smooth the second burst and therefore the peak
rate increases.

Experiments on the other video clips show similar trends.
Table 2 gives abrief summary of the improvement of FOS2 on
SLWIN(1) inrate reduction when the initial delay is small. The
results show that the aggressive workahead heuristic
significantly improves the performance of smoothing
algorithms, especialy for real-time interactive applications.

V. CONCLUSION

In this paper, we first present an efficient traffic smoothing
algorithm FOSfor live video transmission. Given aclient buffer
and a playback delay, FOS maintains the candidates for
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Fig. 11. These graphs plot the peak bandwidth and client buffer utilization
of transmission schedules for Star Wars as a function of the client buffer
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of transmission schedules for Star Wars when initid delays are small.
(B=384KB)

transmission schedules in afunnel. Whenever the two chains of
the funnel will cross each other, FOS deterministically
generates the transmission schedule. When there is no more
frame size information available, FOS heuristically generates
the transmission schedule at the minimal rate for the next
frametime. The total time complexity of FOSis O(N). In fact,
FOS generates the same transmission schedule as SLWIN(1).

We observe that FOS may lower the transmission rate
unnecessarily and then raise the rate in the next transmission
schedule. We have used different heuristics to improve FOS.
FOSL considers the current transmission rate and FOS2
aggressively considers the current peak rate. When the initial
delay is small, heuristics play an important role. Experiment
results show that FOS2 further reduces the peak bandwidth
requirement and better utilizes the client buffer for real-time
interactive applications in which the initial delay issmall.

In the best-effort service model, media data transmitted
across the Internet are normally subject to delay jitter,
out-of-order delivery, and packet loss. The working of
smoothing algorithms will be seriously impaired if there are
errors in the transmission medium. Many error recovery
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techniques for multimedia streaming have been proposed, such
as ARQ (Automatic Repeat Request), FEC (Forward Error
Correction), etc. [20] Since FOS2 usualy generates the
transmission schedule with high client buffer occupancy, the
media data should arrive at the client much earlier before its
playback time. If thereisan error, the client can detect the error
early and request aretransmission. In such cases, the server may
retransmit the data and recompute the funnel. We will further
study this problemin the future.
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TABLEII
THISTABLE SHOWS THE IMPROVEMENT OF FOS2 ON SLWIN(1) IN RATE
REDUCTION.
Buffer INITIAL DELAY
Video size (FRAMETIME)
(Kbytes) 8 16 24
Star 256 7.3% 7.8% 3.5%
384 7.3% 8.6% 6.7%
512 7.0% 5.5% 2.6%
MTV 768 7.0% 5.2% 2.3%
Talk 384 4.9% 2.1% 2.9%
576 4.9% 2.1% 2.9%
Soccer 384 4.6% 4.4% 1.1%
576 3.6% 5.7% 5.5%
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