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Abstract—The overlay network approach is an emerging usually a large number of unicast flows among distributed end
technique to satisfy the strict requirements for various real- hosts, they may interfere with each other by sharing common
time multimedia services. However, overlay networks suffer underlying links. The problem for application layer overla

from a shared congestion problem since each unicast flow may t : than th f network | t
interfere with each other in the common underlying links. Most Syslems IS even worse than the case of network layer sysiems,

previous techniques to detect shared congestion have limitations because there is no information on the underlying network
when applied as a general solution, since they assume perfectstatus. There are already many traditional congestionr@iont

synchronization between probing packets. However, our recent approaches. Since the existing congestion control methls
work shows that a technique based on wavelet denoising can performed on a per-flow base, the knowledge about which

overcome the limitations by mitigating the interfering effects icast fl hari ted derlvi link
such as synchronization offset and the random fluctuations of UNicast Tlows areé sharing a congested underlying link can

queueing delay; the proposed technique provides a more robust be critical information to get better overall performance b
and accurate detection in the presence of a large amount of changing the overlay topology.

synchronization offset. In this paper, wavelet denoising is tailored  There are two possible measures that can be used to decide
to the characteristics of queueing delay on packet networks. The the shared congestion status from feedback: packet loss and

wavelet denoising based technique is verified through extensived | A ket | based h din M
simulations. The efficacy of the proposed approach is demon- elay. packet loss based approach was proposed in [1],

strated by the detection accuracy and convergence speed. and a delay based approach was proposed in [2]. However,
the perfect synchronization requirement for both appreach

leads to limitations when they are applied as a generalisalut
I. INTRODUCTION Since both approaches assume a common source or a common

N recent years, more people are enjoying multimed%esgmﬁ;[fn’a?:dsj‘sign;Elrg'l'gast'onncﬁggitzziror:eoe;fssuert'ngi)dele
services such as audio and video streaming services, rem ‘30 ,ed d};ta trom twl?) aths 'IYhus thev cannot be obroper
conference services, etc. This multimedia traffic is grcg;/vinIO P ' X y Prop

fast and expected to exceed the traditional Internet serv%olutmns for more general overlay topologies with muéipl

traffic including e-mail and WWW. The transition of Internet O rces and multiple destinations.

traffic from the traditional Internet services to real-tinmer- th:zrtcféérr:nio rgssr tt(()) rgstoelzte stngrez:rlo?:loerTSés?iforgheaS:;‘:/g;t
active multimedia services is putting more strict requieets q 9 '

. ) . ased approach has been applied to the packet delay to detect
on the underlying networks: broader bandwidth, lower paCk%hared congestion [3]. In this paper, the application of

loss rate, and delay variance. However, the layered stmct@ S . : . . .
Y y enoising to the multimedia network will be discussed with

of the Internet hinders the introduction of additional teat mphasis on the sianal or in ] tive. The wavelet
for those requirements, since the improvement in interatedi empnasis o € sighal processing perspective. 1he wavele
genmsmg of the packet delay data allows one to filter the

or core level routers is limited and often impossible. Henc nal in terms of time and scale so that the filtered data is
the approach that application layer hosts process their oﬁ)ﬁ

routing or forwarding task over the traditional network éay ess affected by the time synchronization offset and random

. eueing delay fluctuations.
so called overlay networks, emerges as an alternative wayql.% 9 y

meet the additional requirements for multimedia services.

In spite of a recent proliferation of overlay networks, many [I. PROBLEM DESCRIPTION
applications of overlay networks, including applicatiayér . . .
multicast and file download from multiple hosts, have a In Figure 1, a network topology with two paths sharing

congestion problem in the underlying networks. Since theee common links is illustrated. Path& from X;. t0 X4s, and
9 P ying ' Y from Y;.. to Yy, are sharing links betweefi andT'. Let

Research sponsored by National Science Foundation ANSAEHRL and the one-way delay of paﬂX be Dy, and that of patI’Y be
Texas Advanced Research Program 003658-0439-2001. Dy. Each of them has two components;, the delay from
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Fig. 1. A network topology with two paths sharing links
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Fig. 2. Power spectra of time series with heavy traffic andt lighific

S to T, and the remainder denoted by or dy-. L :
X Y in time between these two cases depending on the network

Dx = ds+dx 1) traffic status. Therefore, any attempt to mitigate the fetarg
Dy = ds+dy effects, such as synchronization offset and random quguein

The shared congestion detection problem is to tell wheth&flay fluctuations, should be based on both time and frequenc
congestion occurs betweeS and T. A simple but key analysis, e.g., the wavelet transform. . o
observation is that the delay of a congested link has large! N€ Wavelet transform represents a non-stationary signal i
fluctuations due to queueing delay changes, and if it OCCL?Fng of time and scale. A signal,(t), can be represented
betweenS andT’, Dx and Dy will be highly correlated. For ai_/aQn orf?onormal expansion with wavelet basjs (t) =
example, if bothi, andd, are constant and, is not constant, 27%4(27" — ) as follows [5]:

the cross-correlation coefficient (XCOR) will be one, and if >© > )
ds is constant, andl, andd, vary independently, it will be z(t)= Y Y Xivi,() (2)
zero. i=—00 j=—00

This naive cross-correlation approach is simple and see{gere the wavelet coefficientk are calculated from
reasonable as a measure to detect shared congestion, but ’

it may be inaccurate due to random fluctuations of delay Xi— /Oo ()i (1) dt . 3)
caused by mild congestion on non-shared links. It also regqui J Lo i

:?e delﬁy dgtat_ to bif pr:)l_)ed_ with pzrf?ﬁt synchron!zatlorhote thatX]’i is the discrete wavelet transform of sign&l)
synchronization offset is increased, the cross-coti@ta at scalei and at translatior.

value drops drastically even for highly correlated delayada Wavelet denoising removes noise components from the

pair. Therefore, _th_e mterfer_lng effects should be mitgat noise-corrupted signal by suppressing those wavelet eoeffi
by wavelet denoising technique so that a shared conges_tg?gnts of the signal which fall below a threshold. In this

detection algorithm can be applied to more general topekgi aper, soft thresholding is employed [6]. Wavelet dengisin

:jn IthetiITc])Iloeri]g sée(itmn;]gvti d|scu“ss ttihi r}avtvur\(/a IOI; n_etwio '{% based on the fact that white noise is evenly distributed
¢'ay fime series data, & e application of wavelet camgp over the wavelet coefficients; thus, suppressing the wavele

to the data. coefficients below the noise level can eliminate the noismfr
the original signal. In this paper, the interfering effestgch
Ill. " WAVELET DENOISING FOR DETECTING SHARED as synchronization offset and random fluctuations are degar

CONGESTION as “noise,” and the congestion related information is regar
The frequency spectrum of the data varies in a dynamas the original “signal.”

fashion as the network traffic status changes, thus the mietwo However, the traditional wavelet denoising, which assumes
delay can be considered non-stationary. Figure 2 presentwtdte noise as the background noise, must be adjusted for
pair of power spectra examples of network delay data withur application to the detection of shared congestion. &inc
different network traffic status. The network traffic dat& arthe power spectrum of the delay data with light traffic almost
collected from the ns-2 simulator [4]. The dark line reprdse appears as white noise, as indicated in Figure 2, the toaditi
the average power spectrum of 30 delay data sets with heavgvelet denoising technique is likely to eliminate most of
traffic (packet loss rate between 2% and 10%), and the lighis type of signal, thus leading to a meaningless result.
line represents the average power spectrum of 30 data Seterefore, it is necessary to adjust the wavelet denoising
with light traffic (no packet loss). Note that most of theapproach according to the nature of the network delay data.
power is concentrated in the low frequency band for the In recent literature concerning Internet traffic, the nataf
heavy traffic delay data, while the power spectrum of thetligthe network traffic data is investigated in terms of time and
traffic delay data is uniformly spread over the entire fregnye scale distributions using the self-similarity of the datg{9].
band. The power spectra of network delay data may vaPBarticularly, in [8], the “energy” contained in each scaleh®
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Fig. 3. Time series for shared congestion case Fig. 4. Time series for independent congestion case
TABLE |
XCOR COMPARISON BEFORE AND AFTER WAVELET DENOISING For an illustration of how wavelet denoising makes the
- - cross-correlation approach more robust, selected exangble
Case || Shared congest|0|+ Independent congestlob .. . . .
wavelet denoising are provided in Figs. 3 and 4, and Table
Before denoising 0.4018 0.5157 I. The original time series and the corresponding wavelet
After denoising 0.8027 0.3551 denoised time series are provided in Figs. 3 and 4, which are

measured from different paths with 300 ms synchronization

offset. Figure 3 is for shared congestion case, and Figure
wavelet domain is used to interpret the network status. l@r t4 is for independent congestion case. Since Figure 3 is for
wavelet coefficientsX} for the delay datac(t), the “energy” shared congestion case, the two time series (before wavelet

at scale: is defined as follows: denoising) in (a) and (b) should be highly correlated, but,
1 & - due to the 300 ms synchronization offset, the cross-cdivela
Ei=— Z | X357 (4) value between the two time series becomes only 0.4918, as
=1 shown in Table I. However, the wavelet denoised time series

wheren; is the total number of coefficients at scaldn [g], Nave & high XCOR value, 0.8027. On the other hand, the

[10], it is shown that the self-similar traffic has a linearlyiime series in Figure 4(a) and (b) should exhibit a low XCOR
increasing relationship betweésg, (E;) and scale at large value. I_—|owever, c_Jue to the synchronization offset, theyehav
values of scalei (lower frequency), and queueing delay & considerably high XCOR value, 0.5157, but the wavelet
assumed to be the main cause for this linear relationshffgnoising lowers the XCOR value to 0.3551. These variations
Hence, it is reasonable to conclude that the energy comtaiif XCOR values by the wavelet denoising are summarized in
at large scaleé is associated with congestion. Table . S

Consequently, the congestion-related packet delay data caFor both cases, the XCOR v.aI.ues are not clearly dlst|ngg|§h-
be localized at the scale of interest by choosing wavelet cgRle before the wavelet denoising, but the wavelet derisin
efficients from those large scales. Then the remaining weavefistinguishes both cases clearly. This is because the etavel
coefficients at smaller scales are denoised by the traditiof€neising smooths the time series so that XCOR values
wavelet denoising. Thus, by keeping the coefficients froffter denoising become insensitive to synchronizatiosenff
large scales, we can prevent the denoised delay data frGH{thermore, it also retains the high frequency components
becoming meaningless when there is just slight congestiéh.those times when a strong transient peak occurs, in order
Also, we can make our detection algorithm more robust to i@ avoid the denoised time series being overly-blurred, and
interfering effects such as synchronization offset anaioan this explanation is verified by the comparison with a simple
queueing delay fluctuations by denoising the coefficients !gw-pass filter in the next section.
smaller scales.

In this paper, the wavelet coefficients from the upper IV. EXPERIMENTAL RESULTS

half of the scales are kept for co.n.serving conges.tionedlat The performance evaluation of the wavelet-based approach
information, and the other coefficients are denoised. Aﬁ?srconducted by comparing the receiver operating chaiatieer

denoilsitng in _the tti)me ;r:d ﬁc_ale df[)r:na(ijn Iby ;hf ?rorFlOESIQOC) with 500 delay data sets. The ROC consists of a plot
wavelel denoising-based technique, the delay data 1ro ﬁ‘probability of detectionP;, vs. probability of false alarm,

paths are reconstructed from the selected coefficientsn, The, - For the threshold value of cross-correlati®iycon, Py
the XCOR value between the two reconstructed delay dat :

. . d Py are defined as follows.

is calculated, and, by comparing the XCOR value to the
threshold value, it can be determined whether the two pathsP;, = P(XCOR > Txcor | shared congestion
share a common congested link. Py P(XCOR > Txcor | independent congestipn
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Fig. 5. Comparison of ROC before and after wavelet denoising  Fig. 6. Positive Ratio vs. time for wavelet denoising (WDN) andving

average (MA) for a shared congestion case, and a indepewcdegestion
case

In Figure 5, the effects of wavelet denoising on detection
accuracy are compared by the ROC with 500 ms synchro- ) ) o
nization offset. The solid curve represents the ROC with the!n this paper, we discussed the feasibility of wavelet de-
wavelet denoising, and the dashed curve represents the RE(SING to detect shared congestion in overlay networkd, an
without the wavelet denoising. The ROC area for ‘after waivelSuggested a mOdIfIC?.tIOI’] of wavelet denoising for the ndtwor
denoising’ is 0.940, while the ROC area for ‘before waveléleldy data. From Figs. 5 and 6, one can conclude that the
denoising’ is 0.821. This implies that the wavelet-based d&'odified wavelet denoising technique is robust to synchro-
tection algorithm exhibits almost ideal detection perfanme Nization offset and queueing delay fluctuations, and eisibi
even with 500 ms synchronization offset, whereas the detectfaster convergence. In addition, the accuracy of the detect
performance without the wavelet denoising is unreliable. is enhanced via the wavelet denoising. This successfultresu

Wavelet denoising works as a low-pass filter with sevef@ due to the ability of the proposed wavelet denoising to
congestion. However, simple low-pass filtering may not wofigduce the mterfer_lng effects such_as synchronlzatloeebff
with light traffic. Without congestion, for instance, nearo and random queueing delay fluctuations. We believe that many
cross correlation is expected since the delay signal will Faultimedia overlay systems can utilize network resources
dominated by random queue behaviors. The wavelet denoisRgre effectively by the use of the proposed wavelet dengisin
preserves those dominant high-frequency componentsit-resigchnique.
ing in a low XCOR value. On the other hand, low-pass filtering
may over-blur the delay signal. REFERENCES
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V. CONCLUSION

Positive Ratio=




