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Abstract. This paper introduces new admission criteria that enable
the use of algorithms based on the many sources asymptotics in real-life
applications. This is achieved by a significant reduction in the computa-
tional requirements and by moving the computationally intensive tasks
away from the timing-sensitive decision instant. It is shown that the tra-
ditional overflow-probability type admission control method can be re-
formulated into a bandwidth-requirement type and a buffer-requirement
type methods and that these methods are equivalent when used for ad-
mission control. The original and the two proposed methods are com-
pared through the example of fractional Brownian motion traffic.

1 Introduction

Bandwidth requirement estimation is a key function in networks intending to
provide quality of service (QoS) to their users. Network devices in QoS-capable
networks must be able to control the amount of traffic they handle. This is gener-
ally performed by using some form of admission control. There are two commonly
used methods for determining whether a new connection can be allowed to en-
ter the system: in the first one an estimate of the buffer overflow probability
is computed based on the properties of the new and the already active flows
in the system, while the second method computes the bandwidth requirement
of the existing traffic flows. When using the first method for admission control
decisions, the devices check the computed overflow probability against the target
overflow probability. If the second method is used, the bandwidth requirement
of the existing flows is increased by the predicted bandwidth usage of the new
flow and the result is compared to the capacity of the system.

Often, the second method is preferred over the first, mainly because it results
in a quantity – the bandwidth requirement – that is more tractable and more
useful than the estimate of the overflow probability. The on-line estimation of the
bandwidth requirement of the traffic enables the network operator to track the
amount of allocated (and free) capacity in the network. Furthermore, the impact
of network management actions (e.g. directing more traffic on the link) on the
resource status of the network can be more easily assessed. The overflow proba-
bility on the other hand is a less straightforward quantity that depends on the
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parameters of the queueing system in a more complex way, thus changes in them
imply a less tractable and computationally more complex update procedure.

Accordingly, most of the work to date has focused on algorithms that quan-
tify the bandwidth requirement of traffic flows. The most widespread approaches
are based on the notion of the effective bandwidth, a comprehensive review of
which is given in [5]. A group of algorithms use the Chernoff bound or the
Hoeffding bound to derive simplified and directly applicable formulae for the
effective bandwidth in case of bufferless statistical multiplexing [9]. For buffered
resources, the theory of large deviations was shown to be a very capable method
for calculating the bandwidth requirement of traffic flows. There are two asymp-
totics that can be used for this purpose: the large buffer asymptotics and the
many sources asymptotics. The large buffer asymptotics provide a rate function
describing the decay rate of the tail of the probability of buffer overflow when
the size of the buffer gets very large. The many sources asymptotics also offer
a rate function but with the assumption that the number of traffic flows in the
system gets very large, while the traffic mix, per-source buffer space and system
per-source capacity are held constant. Both asymptotics discussed so far provide
an overflow-probability type quantity.

Using the large buffer asymptotics it is easy to switch from the overflow
probability representation to the bandwidth requirement representation. How-
ever, algorithms relying on this asymptotics [6] do not account for the gain
arising from the statistical multiplexing of many traffic flows. In recent years,
the second asymptotic regime, the many sources asymptotics (and its Bahadur-
Rao improvement) have been described and investigated in [3], [2], [1] and [7].
In the native form, the many sources asymptotics provide a rate function that
can be used to estimate the probability of overflow. The computation of this rate
function involves two optimisations in two variables. Yet, if it is the bandwidth
requirement that is of interest, another optimisation has to be performed that re-
quires the recomputation of the two original optimisations in each step. Despite
of its complexity, this bandwidth requirement estimate is appealing because it
incorporates the statistical properties of the traffic along with its QoS require-
ments and it also embraces the statistical multiplexing gain that occurs on the
multiplexing link. However, the use of this estimator in real-time applications is
not feasible because of its computational complexity.

This paper introduces a new method for computing the bandwidth require-
ment of traffic flows that is based on the many sources asymptotics as well.
Instead of the three embedded optimisations that previous approaches required,
it comprises only of two optimisations that directly result in an estimate of the
bandwidth requirement. The method is favourable to on-line measurement-based
application, since the admission decision step is simplified and the more involv-
ing computations can be done in the background. It is shown that the new and
the old methods for obtaining the bandwidth requirement are equivalent.

The rest of this paper is organised as follows. Section 2 presents a brief
overview of the many sources asymptotics and describes three admission decision
methods based directly on this asymptotics. The proposed computationally more
favourable method for computing the bandwidth requirement is introduced in
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Sect. 3, and the equivalence is proven. The operation of the novel method is
demonstrated with the example of fractional Brownian motion traffic in Sect. 4.
Conclusions are given in Sect. 5. The Appendix shows that similar results can
be achieved for computing the buffer requirement of traffic flows.

2 Overflow-Probability Based Admission Criteria

This section presents an overview on the many sources asymptotics. Next, a
collection of admission control methods are reviewed, all of which build on the
asymptotic property of the overflow probability.

2.1 Many Sources Asymptotics

The asymptotic regime described by the many sources asymptotics can be used
to form an estimate of the probability of buffer overflow in the system as follows.
Let us consider a buffered communication link with transmission capacity C,
buffer size B, which carries N independent flows multiplexed in the system. N is
viewed as a scaling factor, i.e. we can identify a per-source transmission capacity
c = C/N and a per-source buffer size b = B/N . Further, let the stochastic
process X[0, t) denote the total amount of work arriving at the system during
the time interval [0, t). Let us assume that X[0, t) has stationary increments.

Conclusions on the behaviour of this system can be derived by investigating
a queueing system of infinite buffer size that is served by a finite capacity server
with service rate C = cN . In order to account for the finite buffer size B = bN
of the real system, the probability of buffer overflow in the original system can
be deduced from the proportion of time over which the queue length, Q(C,N),
is above the finite level B. In this system, where the system parameters (cN, bN)
and the workload (X[0, t)) are scaled by the number of sources, an asymptotic
equality can be obtained in N for the probability of overflow:

lim
N→∞

1
N

logP{Q(cN,N) > bN} = sup
t>0

inf
s>0

{
st
α(s, t)
N

− s(b+ ct)
}

def= −I .
(1)

Here α(s, t) (the so-called effective bandwidth [5]) is defined as

α(s, t) def=
1
st

logE
[
esX[0,t)

]
(2)

and I is called the asymptotic rate function, which depends on the per-source
system parameters and on the scaled workload process. This result was proven
for discrete time in [2] and for continuous time in [3]. Equation (2) practically
means that for N large, the probability of overflow can be approximated as
P{Q(C,N) > B} ≈ e−NI , where −NI can be computed from (1) as

−NI = sup
t>0

inf
s>0

{st α(s, t) − s(B + Ct)} . (3)
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The approximation above can also be reasoned in a less rigorous, but brief and
intuitive manner as follows [7]. The Chernoff bound can be used to approxi-
mate the probability that the workload X[0, t) exceeds Ct, the offered service
in [0, t) and in addition it fills up the buffer space B: P{X[0, t) > B + Ct} ≈
infs>0 exp {st α(s, t) − s(B + Ct)} . The steady state queue length distribution
can be described by Q = supt>0 {X[0, t) − Ct} provided that the X[0, t) pro-
cess has stationary increments. This way, the probability of the queue length
exceeding the buffer level B is P{Q > B} ≈ P {supt>0 {X[0, t) − Ct} > B} ≈
supt>0 P {X[0, t) > B + Ct} ≈ e−NI .

For the sake of simplifying further discussions, let us define the function
J(s, t) def= st α(s, t) − s(B + Ct). In (3), the evaluation of supt>0 infs>0 J(s, t)
is computationally complex as a double optimisation has to be performed after
the computation or estimation of the effective bandwidth of X[0, t). Since the
optimisations are embedded, first the optimal (minimal) s has to be found which
still depends on t. Placing this optimal s into J(s, t), the task is its maximisation
with respect to t. For a more formal and concise discussion the following notation
is introduced:

s∗(t) def= arg inf
s>0

J(s, t), t∗ def= arg sup
t>0

J(s∗(t), t) and s∗ def= s∗(t∗) . (4)

Now, the extremising pair of J(s, t) is (s∗, t∗) and thus −NI = J(s∗, t∗). The
extremising values t∗ and s∗ are commonly termed as the critical time and space
scales, respectively. The intuitive explanation of the critical time scale is that
it is the most probable time interval after which overflows occur in the multi-
plexing system (i.e. the most likely length of the busy period prior to overflow).
Although many other busy periods may contribute to the total overflow, large
deviation theory takes into account only the most probable one, which is the
most dominant in the asymptotic sense. The rationale behind the critical space
parameter is that it captures the statistical behaviour of the workload process,
that is the amount of achievable statistical multiplexing gain and the burstiness.
Critical space values close to 0 describe a source (or an aggregate) that can ben-
efit from statistical multiplexing, while larger values infer a higher bandwidth
requirement. Finally, it is also worth noting that s∗ and t∗ always depend on the
system parameters C,B and the statistical properties of X[0, t).

In practical applications there is a QoS requirement, which is often specified
as a constraint for the probability of buffer overflow (e−γ). In order to admit a
source the following criterion has to be satisfied:

P{Q(C,N) > B} ≈ e−NI ≤ e−γ or sup
t>0

inf
s>0

J(s, t) ≤ −γ . (5)

2.2 Equivalent Admission Criteria

The inequalities in (5) define an admission rule that uses the method of the many
sources asymptotics in the native form. In this original form, the probability of
buffer overflow is estimated using X[0, t), B and C as the input quantities, whilst
the target overflow probability is used as the performance criterion.
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It is possible to set up two other criteria that can be used for admission
control decisions. As it was mentioned in the introduction, it is often preferable
to express the bandwidth requirement of the traffic and compare this quantity to
the server capacity. In order to form an estimate of the bandwidth requirement
of the traffic, another optimisation has to be performed. For this, the server
capacity has to be treated as a free variable and given the workload process,
the buffer size and the QoS requirement, the smallest server capacity has to
be identified for which the system still satisfies the performance criterion put
forward in (5). The resulting quantity

Cequ
def= inf

{
C : sup

t>0
inf
s>0

J(s, t) ≤ −γ
}

(6)

is termed in the rest of the paper as the equivalent capacity.1 Then the admission
criterion can be written as

Cequ ≤ C . (7)

A similar, but less frequently used criterion can be defined that allows admis-
sion decisions to be made based on the available buffer space. In this case, the
buffer requirement of the traffic is determined using a similar triple optimisation
as in (6), but this time taking X[0, t), C and the QoS requirement as the input
quantities and B as the performance constraint:

Breq
def= inf

{
B : sup

t>0
inf
s>0

J(s, t) ≤ −γ
}

and Breq ≤ B . (8)

Figure 1 presents a summary of the three methods with respect to their input
parameters and the quantity they use as a constraint in the decision criterion.
The methods are equivalent in the sense that in a given context they arrive at
the same decision. When it comes to numerical evaluation, the first (original)
method with the double optimisation is, however, significantly less demanding
than the others involving three embedded optimisations.

sup
t>0

inf
s>0

sup
t>0

inf
s>0

sup
t>0

inf
s>0

e−γ
γγ

Ploss
X[0, t) X[0, t)X[0, t)
B

B

B
Breq

C

C
C

Cequ ??? arg inf
C

arg inf
B

overflow-probability bandwidth-requirement buffer-requirement
type type type

Fig. 1. Admission decision methods

1 Following the terminology of previous works, the term effective bandwidth is reserved
for α(s, t), which is not directly associated with the minimal service rate required to
meet the QoS target.
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3 The Improved Bandwidth Requirement Estimator

This section introduces an alternative method for computing the equivalent ca-
pacity. The advantage of this new method is that its computational complexity
is reduced to a double optimisation, resulting in a similar formula to the one
used in the rate-function based estimation of the buffer overflow probability.
It is shown that the estimation of the equivalent capacity using the proposed
method arrives at the same decision as the method in (6) and (7). The proposed
method infer a new optimisation function resulting in an alternative set of space
and time scales. The equivalence of the respective methods for estimating the
buffer requirement can be proven in an identical manner (see the Appendix).

3.1 Alternative Definition of the Equivalent Capacity

Let us introduce K(s, t) as

K(s, t) def= α(s, t) +
γ

st
− B

t
, (9)

which is obtained from the isolation of C from J(s, t) = −γ. Namely,K(s, t) = C
holds after the rearrangement.2 By defining a new double optimisation

C̃equ
def= sup

t>0
inf
s>0

K(s, t) , (10)

similarly to (3), the extremisers are attained in the form of

s†(t) def= arg inf
s>0

K(s, t), t† def= arg sup
t>0

K(s†(t), t) and s† def= s†(t†) . (11)

The extremising pair of the double optimisation in (10) is then (s†, t†) and these
are the alternative space and time scales, respectively.

It can be proven that C̃equ = Cequ holds. In other words, we need only two
optimisations instead of three to arrive at the equivalent capacity Cequ. This is
shown in the next subsection using the subsequent theorem.
Theorem 1. The following two strict inequalities are equivalent:

J(s∗, t∗) < −γ ⇐⇒ K(s†, t†) < C , (12)

furthermore the equations

J(s∗, t∗) = −γ , (13)
K(s†, t†) = C (14)

2 The so-called Bahadur-Rao improvement, as described in [1], introduces a prefac-
tor to the estimate of the overflow probability in (5). For the improvement of the
equivalent capacity (and the buffer requirement) this manifests in a modified QoS

constraint for (5) in the following form: γ′ = γ − 1
2 log(4πγ)

1+ 1
2γ

.
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are equivalent as well and consequently the two strict inequalities below also imply
each other:

J(s∗, t∗) > −γ , (15)
K(s†, t†) > C . (16)

Proof. First of all, note that any two of the three equivalences, (12), (13)⇔(14)
and (15)⇔(16), imply the third one, therefore it is enough to prove the second
and the third assertion only. The proof of the statements of Theorem 1 uses
three lemmas.
Lemma 1. For all t > 0, (17) ⇔ (18):

J(s∗(t), t) < −γ , (17)
K(s†(t), t) < C . (18)

Proof. Suppose (17) holds. The isolation of C gives K(s∗(t), t)
by rearr. (17)

< C.

Then, the definition of s†(t) can be used to obtain K(s†(t), t)
by def. of s†(t)

≤
K(s∗(t), t). These two inequalities together entail that (18) holds as well. In the

other direction, if (18) holds, J(s∗(t), t)
by def. of s∗(t)

≤ J(s†(t), t)
by rearr. (18)

< −γ,
consequently (18)⇒(17) as well and thus Lemma 1 is proven. 	


Lemma 2. For all t > 0, (19) ⇔ (20):

J(s∗(t), t) = −γ , (19)
K(s†(t), t) = C . (20)

Proof. If (19) holds, then K(s†(t), t) ≥ C because otherwise (17) should hold

by the assertion of Lemma 1 contradicting (19). This means that C
by L1 and (19)

≤
K(s†(t), t)

by def. of s†(t)
≤ K(s∗(t), t)

by rearr. (19)
= C, therefore equality has to hold

throughout this chain of inequalities, consequently (20) holds. Now suppose that

(20) holds. Then −γ
by L1 and (20)

≤ J(s∗(t), t)
by def. of s∗(t)

≤ J(s†(t), t)
by rearr. (20)

=
−γ, so (20)⇒(19) as well and hence Lemma 2 is proven. 	


Lemma 3. For all t > 0

J(s∗(t), t) > −γ ⇐⇒ K(s†(t), t) > C . (21)

Proof. Lemma 3 is a straightforward consequence of Lemma 1 and Lemma 2. 	

Continuing with the proof of Theorem 1, let us suppose that (13) holds. Sub-
stituting t∗ in Lemma 2 implies that K(s†(t∗), t∗) = C. On the other hand,
K(s†, t†) = K(s†(t†), t†) ≥ K(s†(t∗), t∗) by the definition of t† (note that in

general s† can not be used instead of s†(t∗)). Thus K(s†(t†), t†)
by def. of t†

≥
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K(s†(t∗), t∗)
by L2 with t=t∗

= C. By Lemma 2 and Lemma 3 with t = t† this

inequality implies that J(s∗(t†), t†) ≥ −γ. Hence −γ (13)
= J(s∗(t∗), t∗)

by def. of t∗

≥
J(s∗(t†), t†)

prev., L2 and L3 with t=t†

≥ −γ, from which it can be concluded that
equality holds along the chain of inequalities, accordingly J(s∗(t†), t†) = −γ.
Lemma 2 with t = t† then implies that (14) holds. Vice versa, if (14) holds,

then J(s∗, t∗) = J(s∗(t∗), t∗)
by def. of t∗

≥ J(s∗(t†), t†)
by L2 with t=t†

= −γ, there-

upon C
(14)
= K(s†(t†), t†)

by def. of t†

≥ K(s†(t∗), t∗)
prev., L2 and L3 with t=t∗

≥ C. The
consequence is that K(s†(t∗), t∗) = C holds and by Lemma 2 with t = t∗ it turns
out that (13) holds as well. Thus the proof of equivalence (13)⇔(14) is done. For
the proof of the third statement of Theorem 1, first suppose (15) holds. Then

K(s†, t†) = K(s†(t†), t†)
by def. of t†

≥ K(s†(t∗), t∗)
by L3 with t=t∗

> C, consequently

(15)⇒(16). Finally, supposing (16) holds, J(s∗, t∗) = J(s∗(t∗), t∗)
by def. of t∗

≥
J(s∗(t†), t†)

by L3 with t=t†

> −γ, subsequently (16)⇒(15) as well. Therefore the
equivalence (15)⇔(16) is proven as well. Equivalence (12) follows from the other
two equivalences, hence the proof of Theorem 1 is completed. 	


3.2 Equivalence of the Two Definitions of the Equivalent Capacity

Theorem 1 can now be used to prove that the equivalent capacities defined by
(6) and (10) are equal.

Corollary 1. The equivalent capacity defined by the double optimisation in (10)
equals the one defined by the triple optimisation in (6): K(s†, t†) = C̃equ = Cequ.

Proof. Observe that J(s, t) is (strictly) monotonously decreasing in the variable
C for fixed B and γ. It is easy to see that Cequ = inf{C : supt>0 infs>0 J(s, t) ≤
−γ} str. mon. decr.= inf{C : supt>0 infs>0 J(s, t) = −γ}. The consequence of this
is that J((s∗(Cequ), t∗(Cequ)) = −γ (note that the extremisers depend on the
variables C and B in this case, but B is fixed here, therefore only the dependence
on variable C is indicated). By Theorem 1 it follows that K(s†, t†) = Cequ as
well (here the optimising parameters depend on variables B and γ, but those
are fixed). However, this is exactly the definition of C̃equ and that corresponds
to the assertion. 	

The respective optimiser pairs (s∗(B,C), t∗(B,C)) and (s†(B, γ), t†(B, γ)) do
not coincide in general, they are not even comparable as such, since they depend
on a different set of variables. Nevertheless, on the boundary of the acceptance
region (J(s∗, t∗) = −γ ⇔ (Cequ =)K(s†, t†) = C) the same parameter values
are the optimisers of the two problems:

Proposition 1. If one of the double optimisations (3) and (10) has a unique
extremising pair and J(s∗, t∗) = −γ (or K(s†, t†) = C), then the two extremiser
pairs coincide, t∗ = t† and s∗ = s†.
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Proof. Assume (s†, t†) is unique. By supposing any of the two (equivalent) equal-
ities as the second assumption, J(s∗(t∗), t∗) = −γ and K(s†(t†), t†) = C hold.
By Lemma 2 with t = t∗ this means that K(s†(t∗), t∗) = C holds as well. Since
K(s†(t†), t†) = C, then t∗ = t† by the uniqueness property. On the other hand,
by rearranging K(s†(t∗), t∗) = C, J(s†(t∗), t∗) rearr.= −γ = J(s∗(t∗), t∗) is ob-

tained. This proves s∗ = s∗(t∗)
uniq.
= s†(t∗) t∗=t†

= s†. The proof of the statement
is almost the same when assuming the uniqueness of (s∗, t∗). 	


4 Comparison of the Methods for fBm Traffic

This section presents a comparison of the three admission control methods dis-
cussed in Sect. 2.2 using the new formulae developed in Sect. 3.1 and in the
Appendix. The traffic case used is fractional Brownian motion (fBm), which
involves closed-form formulae due to its Gaussian nature.

4.1 Key Formulae for Fractional Brownian Motion Traffic

The stochastic process {Zt, t ∈ R} is called normalized fractional Brownian
motion with self-similarity (Hurst-) parameter H ∈ (0, 1) if it has stationary
increments and continuous paths, Z0 = 0, E[Zt] = 0, V ar[Zt] = |t|2H and if Zt

is a Gaussian process. Let us define the process X[0, t) def= mt+ Zt, for t > 0. It
is known as fractional Brownian traffic and can be interpreted as the amount of
traffic offered to the multiplexer in the time interval [0, t). This is a so-called self-
similar model, which has been suggested for the description of Internet traffic
aggregates [8], [4].

Using this model the effective bandwidth (2) can be written as α(s, t) =
m+ sσ2t2H−1

2 and accordingly J(s, t) = stm+ s2σ2t2H

2 −s(B+Ct). The extremisers

for J(s, t) and −NI can be found in Table 13, where κ(H) def= HH(1 −H)1−H .
The equivalent capacity can be evaluated in two ways, either using the def-

inition in (6) or the method proposed in this paper (10). C̃equ requires the di-
rect evaluation of K(s, t) (9) at the alternative critical space and time scales
(s†, t†) (11), i.e. “only” a double optimisation is necessary. For fBm traffic
K(s, t) = m+ 1

2σ
2st2H−1+ γ

st − B
t , its extremisers and C̃equ are listed in Table 1.

If Cequ is calculated in the conventional way (6), the third optimisation (with
respect to C) can be exchanged for solving −NI = −γ for C = Cequ (as seen in
the proof of Corollary 1).4 It can be checked that Cequ = C̃equ as expected (using
the definition of κ(H)). In a similar way, s′, t′ and B̃req (see the Appendix) can
be computed (see Table 1) and it also turns out that B̃req = Breq.
3 An identical expression for the approximation of the overflow probability was ob-
tained in [8] with a different approach.

4 This simplification can be done only because −NI is an explicit function of C in the
fBm case (C can be isolated from the equation). In most other cases the third opti-
misation must be done through several double optimisations of J(s, t) for different
values of C in order to locate C = Cequ for which −NI = −γ.
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Table 1. Comparison of the three admission control methods for fBm traffic

f(s, t)
J(s, t) K(s, t) L(s, t)

sopt(t) = s∗(t) = s†(t) = s′(t) =
arg inf

s>0
f(s, t) t−2H (B+(C−m)t)

σ2

√
2γt−H

σ

√
2γt−H

σ

topt = t∗ = t† = t′ =

arg sup
t>0

f(sopt(t), t) H
1−H

B
C−m

2− 1
2H

(
B

(1−H)
√

γσ

) 1
H

(
H

√
2γσ

C−m

) 1
1−H

sopt = sopt(topt) s∗ = 1−H
κ(H)2 · s† = s′ =

(
C−m

H

) H
1−H ·

(C−m)2HB1−2H

σ2
2(1−H)γ

B

(√
2γσ

) 1
1−H 2γ

sup
t>0

inf
s>0

f(s, t) −NI = C̃equ = m + H· B̃req =
(

H
C−m

) H
1−H ·

− (C−m)2HB2−2H

2κ(H)2σ2

(
2γσ2) 1

2H
( 1−H

B

) 1−H
H (1 − H)

(√
2γσ

) 1
1−H

Confirming the statements in the previous section, it is apparent from Table 1
that the critical space scales s∗, s† and s′ are usually different and depend on
different parameter sets. For given B, C, γ,m, H and σ, the corresponding scales
match only when equalities (13) and (14) hold. An interesting consequence of
this fact is that the solution of t∗(B,C,m,H) = t†(B, γ, σ,H) for C results in
the equivalent capacity Cequ and its solution for γ is NI. Similar statements are
valid for the space scales as well.

4.2 A Numerical Example

In this subsection a numerical example is presented to demonstrate the re-
sults of the previous subsection. Let us take the fBm model of one of the
Bellcore Ethernet data traces [4]: m1 = 138 135 byte/s, σ1 = 89 668 byte/sH ,
H = 0.81. Assume that N = 100 of such sources are multiplexed into a buffer.
Hence, the model parameters of the fBm model for the aggregate traffic work-
load become: m = 13.8135Mbyte/s, σ = 0.89668Mbyte/sH , H = 0.81. The
buffer size is chosen to be B = 5.3Mbyte, the service rate is C = 16Mbyte/s
and let the constraint for the overflow be e−16 ≈ 10−7 (γ = 16). For these
system parameters, the extremiser pair is (s∗, t∗) = (1.453, 7.091) and there-
fore −NI = −20.26. Clearly, −NI < −γ, i.e. the QoS requirement is ful-
filled. The alternative critical scales and the equivalent capacity are obtained
as (s†, t†) = (1.147, 8.203) �= (s∗, t∗) and Cequ = C̃equ = 15.568Mbyte/s, thus
Cequ < C holds and there is 0.432Mbyte/s of free service capacity.

5 Conclusion

This paper has introduced a new method for the computation of the equivalent
capacity (and the buffer requirement) of traffic flows that is based on the many
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sources asymptotics. In contrast to the method directly building on the asymp-
totic rate function, the new method involves only two embedded optimisations
instead of three, thus it significantly reduces the computational complexity of
the task. It has been shown that the two methods are equivalent.

The presented method of deriving the equivalent capacity leads to an alterna-
tive domain of time and space scales. In a given system the optimisation defininig
the equivalent capacity estimate (Cequ =) C̃equ (10) yields different optimal pa-
rameter values than that defining the estimate of the overflow probability e−NI

(3). Consequently, the substitution of the extremisers of J(s, t) into K(s, t) (9)
does not lead to a correct estimate of the equivalent capacity. The only excep-
tion is the boundary of the admission region, where the two extremising pairs
coincide.

In terms of applicability, it can be shown that the method of the equivalent ca-
pacity computation is more appropriate for real-time operation than those based
on the asymptotic rate function, especially if the workload process is measured
on-line (measurement-based admission control). Recall the admission methods
defined by (5) and (6), (7). In practice these admission rules are performed at
the arrival of a new flow. The effective bandwidth estimate has to be adjusted
in order to take the new flow into account. For example, let us assume that the
new flow is described by its peak rate only. Then α+(s, t) = α(s, t) + p is a
conservative adjustment. With the rate-function based admission method, the
double optimisation has to be re-evaluated in order to update the estimate of
the overflow probability: −NI+ = supt>0 infs>0 {st α+(s, t) − s(B + Ct)}. The
decision criterion remains the same in this case.

Using the equivalent-capacity based admission criterion is more convenient.
Here, the estimation of the equivalent capacity of the existing flows can be
maintained in the background, i.e. the estimate of Cequ can be recomputed based
on periodic measurements. At the arrival of a new flow, the Cequ+p ≤ C criterion
has to be checked, which differs from (7) only in a correction term that is the
peak rate of the new flow. Hence, the timing-sensitive operation (the admission
decision) involves only a simple addition and a comparison, while the time-
consuming double optimisation can be performed in the background, with more
relaxed timing requirements.

The proposed method thus enables the deployment of the many sources
asymptotics in practice not only through the reduction of its complexity, but
through shifting the computations away from the critical decision instant.
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Appendix: The Improved Buffer Requirement Estimator

Let us introduce L(s, t) def= t α(s, t) + γ
s − Ct, resulting from the isolation of the

variable B from J(s, t) = −γ. That is, L(s, t) = B holds after the rearrangement.
Similarly to (4) and (11) the critical space and time scales of

B̃req
def= sup

t>0
inf
s>0

L(s, t) (22)

are s′(t) def= arg infs>0 L(s, t), t′
def= arg supt>0K(s′(t), t) and s′ def= s′(t′). The

extremiser pair of (22) is then (s′, t′), like in the previous cases.
Analogously to the equivalent capacity, it is also true that the buffer require-

ment defined by the triple optimisation in (8) B̃req = Breq holds. Consequently,
only two optimisations are needed instead of three to determine the buffer re-
quirement Breq, matching the case of the equivalent capacity.

The statements of Sect. 3.1 and Sect. 3.2 can now be reformulated.
Theorem 2. (12) ⇔ L(s′, t′) < B, (13) ⇔ (14) ⇔ L(s′, t′) = B and (15) ⇔
(16) ⇔ L(s′, t′) > B.

Lemma 4. (17) ⇔ (18) ⇔ L(s′(t), t) < B, (19) ⇔ (20) ⇔ L(s′(t), t) = B,
(21) ⇔ L(s′(t), t) > B.

Corollary 2. The buffer requirement defined by the double optimisation in (22)
equals the one defined by the triple optimisation in (8): L(s′, t′) = B̃req = Breq.

Proposition 2. If one of the double optimisations (3), (10) and (22) has a
unique extremising pair and J(s∗, t∗) = −γ (or K(s†, t†) = C or L(s′, t′) = B),
then the three extremiser pairs coincide, t∗ = t† = t′ and s∗ = s† = s′.

Proof. The proofs follow the structure of those in Sect. 3.1 and Sect. 3.2. 	
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