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Abstract

We propose to apply an integrated admission control scheme to both streaming flows and
elastic flows. It is assumed that streaming flow packets are served with priority in network
queues so that admission control ensures minimal delay for audio and video applications
while preserving the throughput of document transfers. An implicit measurement-based im-
plementation is proposed where admissibility is based on an estimation of the bandwidth a
new elastic flow would acquire. An analytical fluid flow model provides insight and guides
the choice of admission thresholds. Detailed packet level simulations of TCP and UDP con-
nections show that the proposed algorithms work satisfactorily in the range of admission
thresholds predicted by the fluid model.

Key words: Admission control, quality of service, streaming traffic, elastic traffic, flow
aware networking.

1 Introduction

Applications expected to produce the bulk of traffic in the future multiservice Internet can be
broadly categorized as streaming or elastic according to the nature of the flows they produce.
Streaming flows are produced by audio and video applications. Elastic flows, on the other hand,
result from the transfer of digital documents (Web pages, files, MP3 tracks,...) using a transport
protocol like TCP. The Diffserv network architecture goes someway towards meeting the distinct
quality of service requirements of these two types of traffic. However, it remains unclear how
this architecture can be used by network providers to offer useful services with meaningful end-
to-end guarantees. In this paper we argue that an essential network function is missing: this
function is admission control applied to both streaming and elastic flows.

Admission control has been studied mainly in the context of streaming traffic with new flows
being rejected if the addition of their traffic would lead to quality degradation for ongoing flows.
It has traditionally relied on signalling and explicit resource reservation. The use of admission
control for elastic traffic has been proposed more recently with the objective of avoiding un-
necessary loss of performance and efficiency in case of demand overload [2, 3, 4]. In contrast
with previous studies, which have addressed the issue of admission control either for streaming
traffic alone or for elastic traffic alone, in this paper we envisage an integrated network where
streaming and elastic flows share the same links and admission control applies to both. Packets
of streaming flows have priority in network queues to minimize their delay while elastic flows
dynamically share the remaining bandwidth.

∗A short version of this paper was presented in the QofIS workshop, Coimbra, Portugal, September 2001 [1]
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The envisaged admission control is implicit : new flows are identified “on the fly” and if a
flow must be rejected, its packets are simply discarded. Avoiding the need for signalling and
explicit resource reservation considerably simplifies implementation which can be introduced
progressively with minimal need for standardization. We propose a measurement-based imple-
mentation where admissibility is based on an estimation of the bandwidth which a new elastic
flow would acquire. We investigate two alternative criteria for deriving this: the measured rate
of a permanent “phantom” connection, and the current packet loss rate experienced by traffic on
the considered link or path. The corresponding admission control algorithms were introduced
in an earlier work and tested by simulation assuming all traffic is elastic [5]. In this paper, we
reexamine these algorithms with the objective of investigating the impact of streaming traffic
on their efficiency. To gain insight into their performance in this context and to guide our choice
of admission threshold, we develop a fluid model of statistical bandwidth sharing accounting for
both classes of flow.

The rest of the paper is organized as follows. We first discuss in Section 2 traffic charac-
teristics of elastic and streaming flows. Section 3 outlines their impact on performance and
argues in favour of applying admission control to both types of traffic. Section 4 describes the
integrated network architecture we envisage. Section 5 presents the proposed fluid model and its
analysis. Results of the simulation of the proposed admission control algorithms are presented
in Section 6. Conclusions are drawn in Section 7.

2 Flow level traffic characterization

For the purposes of traffic engineering and control it is most convenient to characterize demand
at flow level. While in practice there may arise a certain ambiguity in the definition of what
constitutes a flow (an entire Web page, a single element or image in that page or the TCP
connection transferring a group of page elements, for example), for present purposes we assume
that a flow can be characterized as a sequence of packets having the same identifier transmitted
with an inter-packet interval smaller than some threshold (a few seconds, say). Flows may be
broadly divided into two categories: elastic and streaming.

2.1 Elastic flows

Elastic flows correspond to the transfer of digital documents (Web page, file, MP3 track,...)
and adapt their rate to available capacity. This adaptation is typically achieved by a transport
protocol like TCP. An elastic flow is simply characterized by the size of the document to be
transferred. The time required to transfer the document depends on the number of ongoing
flows on all routes and constitutes the main performance criterion for an elastic flow. In this
paper we seek to evaluate statistics of the transfer time (or equivalently, the realized throughput)
by considering the random fluctuations of traffic at flow level. We account for the packet level
transport protocol only indirectly through the effect it has on flow level bandwidth sharing.

A simple model of elastic traffic at flow level is to assume flows have a size drawn indepen-
dently from a certain distribution. From the result of measurements, a candidate distribution
would have a heavy tail: most flows are very small (so-called “mice”) while the majority of
traffic is contained in very long flows (so called “elephants”). The high variability of the size
distribution is known to cause the well-known self-similarity of IP traffic at packet level.

For the sake of simplicity, we further assume that flows arrive according to a Poisson process.
This assumption is sufficient for present purposes where we aim to illustrate the advantages of
admission control and to demonstrate the feasibility of a measurement-based implementation.
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Furthermore, it has been shown that performance results derived for this simple model hold
under the much more general and realistic assumption that sessions arrive as a Poisson process,
the flow arrival process within a session being quite arbitrary [6].

2.2 Streaming flows

Streaming flows are produced by audio and video applications and have an intrinsic rate which
must be preserved by the network. The essential traffic characteristics of streaming flows are
their duration and rate.

The stochastic nature of the particular kind of streaming traffic constituted by telephone calls
is well known. Modeling call arrivals as a Poisson process has sound empirical and theoretical
foundations. The duration of telephone calls is, like Web document sizes, extremely variable.
It can, for example, be modelled by a log-normal distribution [7]. In this paper we assume
these modelling assumptions can be carried over to other forms of streaming traffic. We note,
however, that a Poisson arrivals assumption may not always be appropriate, in the case of a
videoconferencing application, for example.

While certain streaming applications produce constant rate flows, most audio and video
applications have variable rate. Variable rate video coding in particular produces extreme rate
variations at multiple time scales [8]. Such flows are intrinsically self-similar at packet level.

Although the QoS of streaming traffic is frequently expressed at packet level (i.e., packet end-
to-end delay and jitter), it is relevant to consider a flow level model for such traffic. Indeed, it has
been shown in [9] that statistical bounds on end-to-end packet delay and jitter can be derived
knowing the load induced by streaming traffic, the number of hops traversed and provided that
simple engineering rules are enforced (mainly, shaping to a peak rate at ingress routers and
non-preemptive priority queuing for streaming traffic). Consequently, by applying (admission)
controls at flow level to ensure that the load induced by streaming traffic does not exceed a
certain threshold, it is possible to provide statistical performance bounds at packet level.

2.3 Relative demand

Elastic traffic presently constitutes the majority of Internet traffic. Measurements consistently
show that TCP connections represent some 80% of IP flows and is responsible for more than
95% of the traffic demand in bytes [10, 11]. These proportions have remained steady over the
past 10 years. New streaming applications like voice over IP or video on demand may change
these proportions. However, since most audio and video traffic is transferred for local playback
using the new peer to peer protocols like Napster, it is likely that elastic traffic will remain
dominant.

3 Impact on performance of traffic characteristics

It is important in designing a QoS capable network architecture to fully understand the impact
of traffic characteristics on realized performance. In this section we outline the results of math-
ematical performance models for elastic and streaming traffic and discuss their interaction in an
integrated network.

3.1 Elastic traffic performance

Elastic traffic is, by definition, suited to the use of closed-loop control whereby the flow rate
is continuously adjusted to make maximal use of available bandwidth. In the present Internet,
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elastic flows share bandwidth dynamically under the control of TCP. The generally assumed
objective is that bandwidth is shared as fairly as possible between contending flows. The degree
of fairness achieved by TCP is variable depending on many factors including the connection
round trip time and the maximum window size. The bandwidth achieved by a flow also depends
on its size, the throughput of small flows (mice) in particular being severely limited by the slow
start algorithm. The bandwidth share acquired by a flow in a network is a complex function
of the number of flows on all routes [12]. For present purposes, however, we make a number of
simplifying assumptions about the way bandwidth is shared and limit attention to an isolated
bottleneck link.

Specifically we assume the bottleneck bandwidth is shared perfectly fairly with instant
readjustment whenever new flows begin or existing ones end. Note, however, that detailed
packet level simulations of TCP connections are used in Section 6 to validate the concept of
measurement-based admission control.

With the assumed traffic model, the shared link behaves like an M/G/1 processor sharing
queue [13]. Let the flow arrival intensity be λ flows/sec, the mean flow size σ bits, the link
capacity C bits/sec and denote by ρ the link load λσ/C. Assuming ρ < 1, the distribution of
the number of flows in progress is geometric:

Pr[flows = n] = ρn(1− ρ), (1)

and the expected duration R(s) of a flow of size s is:

R(s) =
s

C(1− ρ)
. (2)

The ratio s/R(s) = C(1−ρ) constitutes a useful size-independent measure of flow throughput
performance. As long as ρ is not too close to 1, throughput is generally satisfactory. In practice,
for most shared links of reasonably high capacity, C(1− ρ) is typically much greater than rate
limitations due to causes not considered here (the user’s modem, the server, the TCP maximum
receive window,...). Such links are thus virtually transparent with respect to their impact on
perceived throughput performance. Furthermore, in this stable load regime, performance is
insensitive to the flow size distribution.

The above results clearly do not apply in a situation of overload with ρ > 1. The simple
processor sharing model would then be unstable with the number of flows in progress increasing
indefinitely while the bandwidth share of each flow tends to zero. In practice when demand ex-
ceeds capacity the number of flows in progress does not increase indefinitely. As their bandwidth
share diminishes, some flows will be interrupted due to user impatience or aborts triggered by
TCP or higher layer protocols.

Results of simulations and mathematical models of an overloaded link show that performance
depends significantly on traffic characteristics [14, 15]. Performance tends to improve as the
variability of flow sizes increases, for example, since the impact of overload is experienced mainly
by the largest flows (the “elephants”) which abort leaving sufficient capacity for the majority
of small flows (the “mice”). Figure 1 shows results from a simulation of an overloaded link.
It shows how the number of ongoing TCP connections increases in time in the absence of any
aborts. The upper trace relates to all flows, whereas the lower plot shows the number of mice
alone. By mice we mean the smallest 90% of flows1. We observe that the number of ongoing
mice increases much more slowly than the overall number of flows. The larger flows are thus
more susceptible to aborts.

1The precise distribution of flow size used in this simulation is described in Section 6.
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Figure 1: Accumulation of ongoing TCP connections in time on a congested link of 10 Mbps,
load=1.4

Realized throughput of all completed flows is uniformly low and link bandwidth is wasted
transmitting the first part of the transfers which are eventually aborted. Performance is further
degraded when users later reattempt these aborted transfers. To preserve goodput, to ensure
adequate flow throughput and to avoid possible propagation of congestion due to the retrans-
mission of discarded packets, it is necessary to perform admission control, i.e., to accept a new
flow only if its throughput would be sufficient [14].

The primary reason for controlling the admission of elastic flows is thus not to provide
guaranteed minimum throughput although this is certainly a useful consequence. The main
reason is to avoid the negative impact of congestion in overload. The admissibility condition
should be such that blocking is negligible in normal load (ρ < 1) but sufficiently reactive to
prevent congestion collapse in overload (ρ ≥ 1). It turns out that the precise choice of admission
criterion is not highly critical. It is perfectly efficient to realize a minimum throughput typically
much higher than what might reasonably be considered as acceptable for most applications [5].

3.2 Streaming traffic performance

We assume streaming flows are subject to open-loop control implying the notion of “traffic
contract”:

• each flow must declare its traffic characteristics;

• the network performs admission control to ensure that the admission of the flow will not
lead to quality degradation;

• if admitted the traffic of the flow is policed to ensure that its traffic characteristics indeed
conform to what was declared.

This type of multiplexing has been abundantly studied and the available control options are
well known. It is important to distinguish between statistical multiplexing schemes according
to whether or not they rely on significant buffering to absorb rate variations [16].

When a sufficiently large buffer is provided, the combined input rate of multiplexed flows
can momentarily exceed link capacity with limited loss and packet delays compatible with the
QoS requirements of streaming applications. A major problem with this multiplexing scheme,
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however, is that performance depends significantly on detailed traffic characteristics which are
generally unknown a priori and are impossible to police in real time. Implemented admission
control schemes relying on worst case traffic assumptions compatible with the simplistic leaky
bucket traffic descriptor lead to inefficient resource utilization and are hardly satisfactory.

So-called “bufferless multiplexing” is much simpler to control. Admission control is employed
to ensure a negligible probability that the combined input rate of multiplexed flows is greater
than link capacity. Bufferless multiplexing is less misleadingly termed rate envelope multiplex-
ing since a small buffer is necessary to absorb delays due to simultaneous arrivals of packets
from distinct flows. However, the ensuing delays are small and controllable and the loss proba-
bility depends only on the stationary distribution of the input rate and not on any correlation
(including self-similarity) in the packet arrival process [9].

Many admission control schemes for rate envelope multiplexing have been proposed in the
literature. Measurement-based schemes have the most promise since they allow controlled multi-
plexing performance with minimal prior specification of flow traffic characteristics. The decision
theoretic approach proposed in [17] requires only the flow peak rate to be given and the admis-
sion criterion consists in comparing the current overall input rate to an appropriately defined
threshold. In other words, the probability of an excess arrival rate and consequent loss is cir-
cumscribed by accepting or rejecting new flows according to an instantaneous measure of the
current link load.

The efficiency of rate envelope multiplexing depends on the relative value of the flow peak
rate compared to the link capacity. When this rate is small (less than 1% of the link capacity,
say), the admission load threshold is typically high. An example taken from Figure 7 in [17]
shows that, for a peak rate to link capacity ratio of 1%, a load threshold equal to 55% of
link capacity produces a loss rate smaller than 10−8. Average utilization then depends on flow
characteristics other than their peak rate but is always greater than 50% in the above example
(see Figure 11 in [17]).

In the following, we assume that streaming rates are indeed small relative to the link capacity.
The assumption that streaming traffic will continue to constitute less than 60% of traffic ensures
that rate envelope multiplexing is efficient in the integrated services scheme described next.

3.3 Integrating streaming and elastic flows

We assume streaming flows are handled in network nodes using non-preemptive priority queuing
with streaming packets having priority over elastic packets. Note that this is a possible real-
ization of the expedited forwarding (EF) per-hop behaviour of the Diffserv model [18]. Giving
priority to streaming packets ensures maximal responsiveness for the underlying audio and video
applications. The impact of non-priority traffic has been shown to be negligible in a rather pre-
cise sense [9]: streaming flow performance does not suffer from an accumulation of jitter as the
flows proceed through the network.

We assume streaming traffic is handled using rate envelope multiplexing, i.e., the combined
rate of streaming flows is maintained less than the link capacity. By the assumption that the
majority of traffic is elastic, the streaming flows see a link with low effective utilization so that
this condition is naturally satisfied. We assume that a maximum peak rate is enforced by shaping
all streaming flows at the network ingress. Elastic flows share the remaining bandwidth unused
by streaming traffic under the control of TCP.

If the combined expected demand from streaming and elastic traffic is less than link capacity,
we would expect from the performance results outlined above that quality of service will be
satisfactory for both types of flow: sufficient throughput for elastic flows, negligible delay and
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loss for streaming flows. In overload, however, the performance of elastic flows in an uncontrolled
system would rapidly deteriorate. Streaming flows would suffer much less, or not at all, in view of
their priority in the multiplexer queue. This is not a desirable situation since streaming traffic
is not necessarily more valuable to users than elastic traffic. To apply admission control to
streaming flows to limit their consumption of shared bandwidth is only a partial solution. Such
a scenario is modelled in [19]. It is shown that elastic traffic could suffer serious performance
degradation even when overall load is less than capacity due to the occurrence of so-called local
instability periods. The paper also underlines the unpredictability of elastic flow performance
which here depends on the detailed statistical properties of traffic. These different reasons
motivate our proposal of applying admission control to both streaming and elastic flows.

The same admission criterion can be applied to all flows resulting in equal probabilities of
blocking. Since we assume the majority of traffic is elastic, the admission criterion is naturally
related to the performance of an elastic flow. The proposed scheme thus retains the flexibility
and simplicity of elastic flow admission control discussed at the end of Section 3.1. The loss
and delay performance of streaming flows is automatically assured given our assumption that
streaming traffic is in the minority and flows have a limited peak rate. If these assumptions are
not satisfied at some time in the future, it may be necessary to add an admission criterion based
on streaming load, as in [17].

4 Integrated admission control scheme

In this section, we describe the salient features of an implicit, flow-based admission control
scheme designed for an integrated network where streaming and elastic flows share the same
links.

4.1 Implicit admission control

Implementing a flow-based admission control mechanism raises serious scalability issues. The
very high flow arrival rate on any network link and the small size and duration of the majority of
elastic flows require an implicit admission control procedure that avoids signalling and per-flow
resource reservation. Furthermore, the admission criterion for estimating the ability of a link or
path to accept a new flow must be instantly accessible as each flow arrives. The most satisfactory
approach is to rely on a minimal description of each flow coupled with a measurement-based
admissibility condition.

We propose to identify new flows on the fly and to reject them, when necessary, using existing
protocol semantics at transport layer and above. A list of flows in progress is maintained
containing the flow identity and the arrival epoch of the last packet. The flow identity is
determined from certain fields in the packet (IP and TCP) header (e.g., source and destination
addresses and port numbers, the flow identity field of IPv6). The flow identity of all arriving
packets is systematically compared with this list. If a packet belongs to an existing flow it is
forwarded; if not, either the new flow is added to the list if it is accepted, or the packet is
simply discarded. The discard of the first packets of a flow is sufficient signal to the source that
resources are unavailable2. Flows would be overwritten or erased from the table whenever the
time since the last packet exceeds a certain threshold.

2The experimental evaluation of this mechanism with the TCP stack implemented on Solaris 2.7 shows that
a new flow is definitively rejected upon discard of the first seven SYN packets. In the case of a UDP flow, the
number of packets discarded before the source resets the connection is application dependent. A negotiation phase
generally precedes the sending of data, which typically will not start if negotiations fail.
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Alternative implicit admission control procedures have been proposed in [2, 3]. In these
procedures flow identification relies on the assumption that flows use TCP and are delimited
by the initial three-way handshake. In the interests of generality, we prefer to avoid depending
on the detection of SYN and SYN/ACK packets. This is necessary notably to allow admission
control by the same procedure for streaming flows which generally use UDP.

4.2 Measurement-based admissibility condition

The admissibility criterion determines whether or not it is possible to accept a new flow. The
appropriate criterion for elastic flows is a threshold on available bandwidth, i.e., the bandwidth
a new elastic flow would acquire by sharing capacity fairly with the flows already in progress.
Given the inherent tolerance of elastic flows to rate fluctuations, a rough estimate of available
bandwidth is sufficient to determine whether a new flow can be accepted or not. A significant
advantage of this approach is that it applies equally to a single link and to a network path. To
be able to test an entire path is useful when admission control decisions are performed in the
edge routers of an MPLS domain.

Given the assumptions about streaming traffic volume, available bandwidth is also an appro-
priate measure for determining the admissibility of a streaming flow. The available bandwidth
must clearly be greater than a threshold which is at least equal to an assumed maximum stream-
ing flow peak rate. If streaming traffic were greater in volume than elastic traffic or the flow
peak rate greater than a small fraction of the link rate, it would be necessary to define a com-
pound admission criterion including a threshold on the current streaming load. We have not yet
explored this eventuality.

Measurement-based admission control is particularly easy in an integrated system where the
majority of traffic is elastic. Any imprecision in the algorithm leads at worse to a momentary rate
reduction for elastic flows but has a negligible impact on the performance of admitted streaming
flows. Under the Poisson arrivals assumption, applying the same admission criterion to all flows
equalizes blocking probabilities and preserves the relative proportions of streaming and elastic
traffic even in overload3. We investigate the optimal choice of the available bandwidth threshold
in the remaining sections of the paper.

4.3 Bandwidth estimation algorithms

We have investigated two possible probing algorithms for evaluating the current available band-
width. The first consists in emulating a TCP connection over the considered link or path
and measuring its instantaneous throughput. The second relies on estimating the current loss
rate and deriving a bandwidth estimate from the known relation between packet loss and the
throughput of a TCP connection.

The first algorithm uses a “phantom” TCP connection, as first proposed by Afek et al [20].
Its throughput is measured simply by averaging the short term rate of acknowledged packets.
The phantom connection sends a continuous stream of dummy packets and reacts to packet loss
precisely as would a regular TCP connection. This approach can lead to considerable overhead
when a link is lightly loaded. This can be alleviated by imposing a maximum rate (through
the advertised receive window for example) or by using short control packets and appropriately
modifying the TCP code so that acknowledgements are handled as if they correspond to MTU
size data packets.

3This design objective implies that streaming traffic and elastic traffic would be charged in a similar manner.
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The second algorithm measures the current packet loss rate p and uses the fact that TCP
throughput is a known function of p [21]. In practice, it is not straightforward to estimate the
loss rate on the link or path in question. One possibility would be to generate a stream of probe
packets and to measure their loss rate. A TCP-based tool for measuring the packet loss rate
between a pair of hosts was devoloped in [22] by measuring the loss rate of a patched TCP
connection. It is not strictly necessary to convert the loss rate into a throughput estimate since
the loss rate can be used directly as an admission criterion. This is the approach adopted in our
ns simulation experiments reported later.

5 An analytical performance model

Consider a single bottleneck link of capacity C bits/s shared by streaming and elastic flows
arriving according to Poisson processes of intensity λs and λe, respectively. These flows also share
the capacity of the link with the phantom connection which is modeled as a permanent elastic
flow4. Let the mean size of elastic flows be 1/µe bits and the mean duration of streaming flows
1/µs seconds. We assume streaming flows have constant bit rate ds. Denote by ρe = λe/(Cµe)
and ρs = λsds/(Cµs) the link load induced by streaming traffic and elastic traffic, respectively,
and write ρ for the overall load ρs + ρe.

The bandwidth of elastic flows varies dynamically depending on the number of flows of both
types currently in progress. For present purposes, we assume the link bandwidth unused by
streaming traffic is shared perfectly fairly with instant readjustment whenever new flows begin
or existing flows end. Note, however, that detailed packet level simulations of TCP and UDP
connections are used in Section 6 to validate the proposed mechanisms.

Let d be the threshold on the acceptable throughput of elastic flows. In other words, any
newly arriving flow is rejected if the instantaneous flow throughput would otherwise decrease
below the threshold d. As discussed in Section 4.2, we assume d is greater than or equal to ds.

Let Qs and Qe represent the number of ongoing streaming flows and elastic flows (excluding
the phantom connection), respectively. A new flow can be admitted if

C −Qsds
Qe + 1

≥ d (3)

In the inequality above, the left term corresponds to the instantaneous throughput of the
phantom connection. Strictly speaking, this admission condition assures a minimum throughput
to elastic flows equal to C

C+d × d.
The use of a unique admissibility condition for streaming and elastic flows yields equal

blocking probabilities for both types and prevents the most tolerant class gaining an unfair
advantage in case of heavy traffic.

5.1 Quasi-stationary analysis

Let Ne(i) denote the maximum number of elastic flows (excluding the phantom connection)
when there are i ongoing streaming flows:

Ne(i) =

⌊

C − ids
d

⌋

,

4Equivalent formulas are derived in [1] for the system without a permanent phantom connection.
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and Ns the maximum number of streaming flows in the absence of elastic traffic:

Ns =

⌊

C − d+ ds
ds

⌋

.

Let ρe(i) denote the elastic traffic load when i streaming flows are present:

ρe(i) =
λe

µe(C − ids)
.

Rather than solving this system exactly under Markovian assumptions (this would only
lead to a complex algorithmic solution), these quantities are computed below under a quasi-
stationary, or QS, assumption: the ratio λs/λe is assumed small enough so that, in the presence
of i ongoing streaming flows, Qe evolves rapidly with respect to Qs and attains a stationary
regime. The number of elastic flows then behaves like the population of an M/G/1 processor
sharing queue which is also serving the permanent phantom connection. The birth and death
process describing Qe in the presence of i streaming flows is as follows:

{

∀ 1 ≤ j ≤ Ne(i) Qe = j −→ Qe = j − 1 with intensity j
j+1µe(C − ids)

∀ 0 ≤ j ≤ Ne(i)− 1 Qe = j −→ Qe = j + 1 with intensity λe

In this QS regime we have:

Pr [Qe = j|Qs = i] =
(j + 1)(1− ρe(i))

2ρe(i)
j

1− (Ne(i) + 2)ρe(i)Ne(i)+1 + (Ne(i) + 1)ρe(i)Ne(i)+2
, ∀j ≤ Ne(i). (4)

Let B denote the flow blocking probability:

B =
∑

i

Pr [Qs = i] Pr [Qe = Ne(i)|Qs = i] . (5)

To compute Pr [Qs = i], note that Qs behaves like the population of an M/G/∞ system
with state dependent arrival rate and maximum size Ns. The arrival rate when Qs = i, denoted
λs(i), is λs thinned by the probability a flow is not blocked (i.e., Qe < Ne(i)):

λs(i) = λs(1− Pr [Qe = Ne(i)|Qs = i]), ∀i < Ns.

The distribution of Qs under the QS assumption is thus,

Pr[Qs = i] = Pr [Qs = 0]
i−1
∏

k=0

λs(k)

(k + 1)µs
, ∀i ≤ Ns. (6)

where Pr[Qs = 0] is given by the normalization condition
∑

Pr[Qs = i] = 1.
The blocking probability B can thus be derived from (5). To evaluate throughput perfor-

mance we proceed as follows. The expected response time R of an elastic flow can be deduced
using Little’s formula with the expected number of elastic flows in progress E[Qe] derived from
the distributions (4) and (6):

R =
E[Qe]

λe(1−B)
.
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Now, it is known that the response time R(s) of a flow of size s in an M/G/1 processor sharing
queue is proportional to s [23]. The constant of proportionality can be deduced on remarking
that R = E[R(s)], implying R(s) = Rµes. Define γe = s/R(s) to be the (harmonic) mean
throughput of a flow of any size [6]:

γe =
ρe(1−B)

E[Qe]
C.

It is noteworthy that, under the QS assumption, the above results for the performance pa-
rameters of interest B and γe are insensitive to the distributions of elastic flow size and streaming
flow duration.

We now compute the average throughput of the phantom connection. Let γph(i) denote
the average throughput realized by the phantom connection when Qs is in state i. γph(i) is
obtained by averaging over all possible states of Qe the instanteneous throughput of the phantom
connection.

γph(i) =

Ne(i)
∑

j=0

C − ids
j + 1

× IP [Qe = j|Qs = i]

It follows that

γph(i) =
C − ids(1− ρe(i))(1− ρe(i)

Ne(i)+1)

1− (Ne(i) + 2)ρe(i)Ne(i)+1 + (Ne(i) + 1)ρe(i)Ne(i)+2

The average throughput of the phantom connection is given by

γph =

Ns
∑

i=0

IP [Qs = i]× γph(i)

It can be shown that, when ρ < 1 and in the absence of admission control, the average
throughput of the phantom connection is exactly twice the average throughput of the admitted
elastic flows.

5.2 Validity of the QS assumption

We have simulated the fluid flow system with the objective of validating the analytical model and
examining sensitivity with respect to size and duration distributions when the QS assumption
is not appropriate. Assumed parameter values are as follows: C = 10 Mbit/s, ds = 0.0015C,
1/µe = 200 Kbits, 1/µs = 60 s. We consider a class of hyper-exponential distributions for both
streaming flow duration and elastic flow size defined as follows:

∀x ≥ 0, Pr[s > x] =
a exp−ax/σ +exp−x/(aσ)

a+ 1

where σ is the mean and the parameter a controls the proportions of short and long flows.
Figures 2 and 3 plot the blocking probability B and the normalized average throughput

γe/C, respectively, against the admission threshold for ρ = 0.9 and ρ = 1.4. Elastic flow sizes
are drawn from the hyper-exponential distribution with a = 100. We show simulation results for
two different distributions of streaming flow duration, exponential (a = 1) and hyper-exponential
(a = 100). Figure 4 plots the normalized average throughput of the phantom connection.
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Figure 2: Blocking probability by simulation
and analysis of the fluid model
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Figure 3: Throughput by simulation and
analysis of the fluid model
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Figure 4: Throughput of the phantom connection
by simulation and analysis of the fluid model
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We observe that the simulation results are very close to the analytical results in all cases
and for all considered duration distributions. In line with the last remark of Section 5.1, the
phantom connection grabs twice as much bandwidth as the admitted elastic flows when blocking
is negligible. We have also validated the approximation for different elastic flow size distributions
and for a shorter mean streaming flow duration of 30 s. The results confirm that the analytical
fluid model constitutes a good approximation under rather general and realistic traffic patterns.

5.3 Setting the admissibility threshold

It may readily be verified that when ρ < 1 the blocking probability B tends rapidly to zero as
the threshold decreases below 0.02C, e.g., a threshold of 0.01C yields B < 0.001 for ρ ≤ 0.95.
On the other hand, when ρ > 1 we have B ≈ (ρ − 1)/ρ whenever the threshold is less than
0.02C.

When ρ < 1, the normalized average throughput is virtually independent of the threshold
(and equal to (1 − ρ)/2) as soon as the threshold is smaller than 0.02C. In overload, on the
other hand, throughput is roughly proportional to the threshold since the link is almost always
saturated.

It is important to note that admitting flows beyond a certain threshold does not reduce the
blocking probability in overload and therefore only deteriorates performance. An optimal choice
of admissibility threshold should produce negligible blocking in normal load while maintaining
sufficiently high throughput in overload. In the light of the above results, a reasonable compro-
mise for the present system is a threshold between 0.5% and 2% of link capacity. The precise
value of the admission threshold is not critical. It is therefore not necessary to implement a
highly accurate procedure for estimating available bandwidth.

6 Evaluation of the integrated implicit admission control

To evaluate admission control algorithms under realistic traffic conditions we have performed a
number of simulation experiments using NS5 (Network Simulator, version 2).

6.1 Simulation model

Network model. We considered the simple dumb-bell topology shown in Figure 5. All links
have the same fixed delay of 10 ms. Admission control is performed on the 10 Mbit/s bottleneck
link. We have verified that the 5 Mbit/s access links do not affect throughput in this configura-
tion. The link buffer has a capacity of 50 packets. Packets of streaming flows are placed at the
front of the queue, but have to wait for the complete transmission of the packet currently being
served.

Traffic model. TCP connections are generated by each source node according to a Poisson
process. Each connection is used to transfer a stream of 1 Kbyte packets representing a doc-
ument of a certain size and then terminated. The document size is drawn from the following
distribution: 90% of documents are so-called “mice” with size uniformly distributed between
1 and 9 packets; the remainder, deemed “elephants” have size uniformly distributed between
10 and 400 packets. This choice is made for the sake of simplicity. Performance is largely
independent of the size distribution, as noted in Section 5.

5http://www.mash.cs.berkeley.edu/ns/
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Figure 5: Simulated network topology with a single bottleneck link

Streaming traffic is generated in the form of UDP connections and represents 20% of the
offered load. Flow duration is drawn from an exponential distribution with a mean of 60 sec.
All UDP packets have a fixed size of 190 bytes. We considered two different traffic models,
CBR and on/off. In the CBR model, the UDP connections have a fixed constant rate equal to
15 kbit/s. In the second model, connections are intermittent with the transmission rate in an
on-period ten times that of the CBR connections and the probability of being in an on-period
equal to 0.1. On- and off-period durations follow an exponential distribution.

6.2 TCP phantom estimator

Measuring bandwidth. The TCP phantom connects the extremities of the bottleneck link.
Its goodput, equal to the rate of acknowledged packets, is measured in fixed time intervals of
length δ. Let τn denote the number of packets acknowledged in interval ((n − 1)δ, nδ) and let
Bn be the available bandwidth estimate derived at time nδ. We apply exponential smoothing
with parameter α, 0 < α < 1:

Bn = α×Bn−1 + (1− α)× τn/δ. (7)

The values of δ and α are not highly critical to the accuracy of the method. Following a series
of initial experiments we settled on δ = 0.1 seconds (corresponding to 5 times the RTT of the
phantom connection) and α = 0.9.

Choice of admission threshold. Figure 6 shows how the blocking probability depends on
the admission threshold in underload and overload. The figure contrasts the simulation re-
sults with the predictions of the theoretical fluid model of Section 5. Figures 7 and 8 plot the
throughput realized by large connections of more than 100 packets and by the phantom connec-
tion, respectively, as a function of the admission threshold. Table 1 compares the throughput
realized by the admitted connections depending on their size.

We observe that the throughput achieved by TCP flows depends on their size, whereas it did
not in the fluid model. The throughput of mice is severely limited by TCP slow start even when
the number of simultaneously admitted flows is small. Their throughput dominates results for
“all connections”. The throughput of large transfers of more than 100 packets depends more on
TCP congestion avoidance phase and is more sensitive to the choice of threshold in overload.
The permanent phantom has the highest throughput of all. The fluid model provides a rather
accurate approximation for the throughput of the phantom connection. It yields optimistic
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Figure 6: Blocking probability in NS simula-
tions compared with analytical results
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results, however, for the throughput of admitted connections for a threshold greater than 4%.
For such a threshold the admitted connections are not able to completely saturate the link, as
assumed in the fluid model.

In line with the predictions of the fluid model results, we observe that there is no advantage in
choosing a threshold smaller than 0.5% since for such values blocking is negligible in underload
(ρ = 0.9) and tends to the fluid limit (ρ − 1)/ρ in overload (ρ = 1.4). A threshold lower
than 0.5% increases response times and does not reduce the blocking probability. A threshold
greater than 4% tends to be inefficient, yielding high blocking and no compensating increase in
throughput. In conclusion, simulations confirm that any value between 0.5% and 2% constitutes
an acceptable admission threshold.

The results are broadly the same for CBR and on/off streaming flows as illustrated in Table 1,
suggesting that TCP adjusts elastic flow rates sufficiently rapidly. Consequently, the same
conclusions apply with respect to the choice of threshold.

ρ = 0.9 ρ = 1.4
Threshold All > 100 pkts Phantom All > 100 pkts Phantom

0.5% CBR 1.8 5.2 10.9 1.3 2.1 2.0
on/off 1.8 4.9 10.6 1.3 2.2 2.5

2% CBR 1.9 5.4 11.9 1.5 3.0 3.9
on/off 1.9 5.3 12.4 1.5 2.9 3.8

4% CBR 2.0 6.3 14.7 1.7 4.0 5.8
on/off 1.9 5.5 13.0 1.7 4.1 6.1

Table 1: Impact of the rate threshold on the realized throughput (in %) of connections, ρ =
0.9, 1.4

We have also checked the suitability of our choice of threshold for higher proportions of CBR
traffic (up to 50%) and for higher UDP connection rates (100 kbps, i.e., 1% of link capacity).
The resulting performance for elastic flows is similar to that obtained in the previous scenarios.
Hence, values in the range of 1% to 2% constitute a suitable threshold choice (the threshold is
necessarily greater than or equal to the peak rate of streaming flows).

6.3 Loss rate estimator

In this section we evaluate the effectiveness of the second admission control approach based on
the measured loss rate. In the simulations, we simply measure the loss rate averaged over all
TCP packets using the bottleneck link, in 0.1 second time intervals, using exponential smoothing.

It proves difficult to precisely calibrate the observed loss rate with a target available band-
width. Table 2 gives the average throughput realized by all flows and by large flows (> 100
packets), respectively, together with the blocking rates for different loss thresholds, in underload
and in overload conditions. We notice hardly any difference between the results obtained with
the CBR traffic model and those relative to the on/off model.

A threshold smaller than 1% is overly conservative and leads to significant blocking in normal
load. For thresholds greater than 5% blocking is relatively stable and roughly equal to the fluid
limit. Realized throughput decreases as the threshold increases, notably for large transfers.
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Loss threshold ρ = 0.9 ρ = 1.4
All >100 pkts Blocking All >100 pkts Blocking

1% CBR 3.3 13.9 13.7 2.8 11.4 40.8
on/off 3.3 13.5 14.0 2.9 11.3 42.5

5% CBR 2.9 10.7 1.2 2.0 5.5 28.8
on/off 2.8 9.9 1.3 2.0 5.0 30.0

10% CBR 2.8 10.5 0 1.5 2.8 24.9
on/off 2.7 9.5 0 1.5 2.52 27.1

Table 2: Impact of the loss threshold on the realized throughput (in %) of connections and on
the blocking (in %), ρ = 0.9, 1.4

7 Conclusion

We have proposed an integrated admission control scheme applying to both streaming flows
and elastic flows. This scheme uses implicit flow rejection and measurement-based admissibility
conditions avoiding the need for signalling and per-flow resource reservation. It consists in
estimating the rate a new elastic flow would acquire and accepting a new (streaming or elastic)
flow only if it would not reduce the throughput of ongoing elastic flows below a certain threshold.
Giving priority to packets of streaming flows minimizes loss and delay for audio and video
applications without penalizing elastic flows whose minimum throughput is guaranteed.

In order to investigate the choice of an optimal admission threshold, we have developed an
analytical fluid model integrating both classes of traffic under the quasi-stationary assumption.
The model was shown using simulation to provide a good approximation under rather general
and realistic traffic assumptions. The range of optimal admission threshold values predicted
by the model was confirmed by simulations taking into account UDP and TCP dynamics at
packet level. We found that any threshold in the range of 0.5% to 2% of the link capacity is
appropriate. This range of values coincides with that proposed in [5] where only elastic traffic
was offered. It appears that streaming traffic in the considered proportion (up to 20%) has little
impact in this respect. One of the conclusions that can be drawn from this study is that the
choice of threshold is not critical so that the estimation of available bandwidth does not need
to be highly accurate.

In order to estimate the available bandwidth, two algorithms were evaluated and shown
to work satisfactorily. One of the algorithms relies on a TCP phantom connection and the
second is based on measuring the packet loss rate. The inherent tolerance of elastic flows to rate
fluctuations and the fact that streaming traffic is admitted at a relatively low load level partly
explain the effectiveness of both algorithms.

A remaining critical issue is the feasibility of flow identification on the fly on very high speed
interfaces. A test bed is currently being set up to evaluate feasibility and performance in a real
network environment. It is also necessary to account for the limited elasticity of all flows on high
speed backbone links where the impact of rate limitations in the access network is preponderant.
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