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Abstract
An important means to guarantee an acceptable quality
of service in networks with real-time communication re-
quirements is the reservation of resources at connection
setup time. Howewver, such reserved resources, e.g. trans-
mission bandwidth, may be unused as a consequence of
the variations in the actual resource demands. There-
fore, a more efficient resource utilization is possible if
communicating stations or end-users dynamically hand
over some of the free resources temporarily to the other
communication partners, e.g. of a “broadcast network”.
This paper concentrates on two fundamental problems
of such a demand-based sharing of resources: on the one
hand, estimation of the current resource requirement on
the basis of load measurements is investigated and, on
the other hand, we elaborate efficient algorithms for re-
source sharing respecting real-time requirements. The al-
gorithms proposed for load estimation and for resource
sharing are evaluated analytically with respect to their
efficiency for worst-case, average-case and realistic load
scenarios. Our approach suggested for resource and traf-
fic management allows one to achieve significantly better
utilization of network resources.

1 INTRODUCTION

The trend to distributed multimedia communications
via local-area networks has led to the requirement to
transmit continuous media streams, such as audio and
video streams, with sufficiently good quality. Basically,
two common possibilities exist in order to guarantee a
certain QoS as required by the users of a network: ei-
ther, one can use resource reservation or, alternatively,

one could rely on priorization combined with admission
control. In the context of the Internet, the resource reser-
vation approach is reflected e.g. by the IntServ proposal
[1] and the priorization approach is inherent to the Diff-
Serv proposal [2].

In this paper we focus on the resource reservation ap-
proach and its usage in local broadcast networks. In par-
ticular, we study ways of how communication resources
which are already reserved and allocated to communicat-
ing end-users or end-systems can be dynamically handed
over to other end-users or end-systems in case that they
are not needed by their original ”owner” for some time.
Our interests center around methods which make re-
sources given back sufficiently quickly, if they are needed
again by their owner, in order to make sure that real-time
requirements are not neglected.

The approach we suggest assumes that the problem of
reserving and statically allocating resources to communi-
cating entities has already been solved [3]. We also sup-
pose that the resource reservation has been established
for a rather long-term time interval, e.g. duration of an
audio/video stream, typically in the order of minutes.
In our approach, each owner of resources determines
whether its communication load, i.e. the amount of time
critical data waiting for transmission at the owner, jus-
tifies the continued reservation of all the resources as
allocated to the owner. If a sufficiently large amount of
resources is observed to be temporarily free, the owner
of the resources will pass some of these resources to its
"neighbors”, i.e. the other end-systems of the broadcast
LAN. In order to respect real-time requirements for its
data to be sent each owner will continue to observe the
arrivals to its transmission queue. If its local load is
increasing again, the owner informs its neighbors that
they are no longer allowed to make use of the resources
which were offered for public access at an earlier instant.
The freeing of resources and their reclaiming could lead



to oscillations in the resource redistribution. Therefore,
our approach for making resource allocation, depending
on the actual communication load, is based on load esti-
mators, which produce some kind of smoothed estimates
for the load as it is generated locally over time. More-
over, we introduce systems of load thresholds which, only
when being crossed by the load estimates of an owner of
resources, leads to a broadcast of messages for freeing or
reclaiming resources.

The remainder of the paper is organized as follows:
Section 2 gives a survey of the state of the art in load
estimation, scheduling resource allocations and dynamic
redistribution of resource reservations in the context of
QoS management. Section 3 presents and analyzes the
behavior of a set of functions for estimating the actu-
ally generated load at a LAN station, based on geomet-
ric or on arithmetic weighting of measured utilization
samples. In Section 4 we introduce several threshold
systems which differ in their responsiveness to observed
load changes and in their overhead, in terms of number of
messages, for sending resource redistribution messages.
Section 5 investigates, by means of mathematical mod-
els, how load estimators can be combined with threshold
systems by a single station if it has to respect real-time
requirements for sending data. The main lessons learned
are summarized in Section 6.

2 RELATED WORK

Reservation of resources is an important means to
achieve quality of service guarantees in computer and
communication networks. In continuous media com-
munications with real-time requirements, such as au-
dio/video communications, it is typical to reserve the
resources (as they are expected to be required later
on) during connection setup of a stream, cf. IntServ
[1]. Some real-time protocols and services, such as
CMTP/CMTS [4], allow that resources may be re-
allocated by means of setting up a new stream dynam-
ically with different, in particular less strict, resource
reservations. Other approaches assume that variations
of load within single stations are smoothed out to a
great extent by means of multiplexing a larger number
of streams and doing the reservation for the complete
overlay of those streams [5]. Up to now, only few pro-
posals exist which - as in our approach - advocate for a
dynamic freeing and recalling of bandwidth between sta-
tions, cf. [6] and [7]; but these earlier proposals do not
provide a redistribution of the unused prioritized band-
width to the other nodes in the LAN. Thus, these so-
lutions satisfy strict real-time bounds for transmission
delays, but at the cost of a worst case reservation.

Estimation of load, as a fundamental problem of our
approach, has been an important topic, e.g., in adaptive
routing and in load-balancing since more than a decade

[8, 9]. Besides the idea of basing load estimation di-
rectly on the utilizations observed [10] it has also been
suggested to observe arrival times, thus estimating ar-
rival rate, and service-time requirements, thus estimat-
ing mean service-times, directly. However, in scenarios
relevant to our paper service-time requirements of data
transfer requests typically would not vary to a sufficient
extent in order to justify the additional expenditure by
roughly duplicating the measurement efforts (estimation
of two parameters instead of one). Still, as an alterna-
tive to observing utilization one could observe the cur-
rent backlog and base resource redistribution on this es-
timate.

Regarding the weighting functions needed for calcu-
lating load estimates, geometric weighting [11] seems to
be the dominating approach. This can be explained by
the easy and straight-forward way to execute the calcu-
lations for geometric weighting and also by the fact it
has been used successfully in the context of TCP [12].
In load sampling besides the periodic sampling which
we suggest for simplicity, a more complex measurement
procedure based on so-called random sampling has been
suggested just recently [13]. Measurements, as required
in our paper, refer to observations of primary load rather
than of secondary load in the sense of [14].

In order to reduce the fluctuations of load at the source
besides using methods of traffic shaping, e.g. based on
rate-based flow control such as [15], one could also ap-
ply techniques for smoothing the traffic generated at the
source [16]. Our use of threshold-systems to reduce the
number of control messages to be exchanged has been in-
spired again by similar techniques which have been suc-
cessfully applied in practice in adaptive routing protocols
[17].

As an alternative to provisioning deterministic QoS
guarantees, as we strive for in our approach, stochas-
tic QoS guarantees are possible [3]. Then, evidently, no
longer a reservation for the worst case would be required
but QoS requirements could become violated temporar-
ily. For applications tolerating transient fluctuations in
the QoS, different approaches for resource management

exist, in particular, in the context of wireless networks
[18, 19].

3 ESTIMATION OF ACTUAL NODE
UTILIZATIONS BASED ON WEIGHT
FUNCTIONS

In the following we present the basic proceeding which
we suppose throughout this paper for resource reserva-
tion and redistribution between the stations of a broad-
cast network.
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Figure 1. Redistribution of bandwidth: the depicted example scenario illustrates the freeing of Ad’ by station So and

recalling of Ad” by S,

3.1 Assumptions and underlying model for
resource redistribution

e Resource reservation: We assume:

— n + 1 stations Sy, ...,S, communicating via local
broadcast network (Ethernet, WLAN;,. . .[20])

— communication load of the stations consisting of
time-critical transmissions and non-time-critical data
transfers, cf. the real-time (RT_Q) and non-real-time
queues (nRT_Q) in Figure 1

— in each station with real-time communication re-
quirements there exists at least one owner of re-
sources, where reserved data rate (allocated “band-
width”) is the resource considered by way of exam-
ple; scenarios could be that the owner reflects the
complete station or an owner could model a single
end-user

resources are supposed to be reserved before starting
a new stream with real-time requirements and are
available to its owner until it releases connection after
end of the stream; the amount of bandwidth reserved
is such that the owner’s QoS requirements can be
guaranteed.

e Temporary resource redistribution:

We assume that an owner of resources can pass re-
sources to other stations temporarily, whenever these
resources are not required locally for some time. We
introduce a message of type

FREE_BW (S, Ad) with which a station S hands
over a bandwidth (respectively data rate) of Ad bit/s
to other stations, and

— RECALL_BW (S, Ad) to recall bandwidth Ad.

With receipt of a RECALL_BW message the recalled
bandwidth has to be released immediately. The ques-
tion of how to distribute free bandwidth among sta-
tions is out of the scope of this paper; an elemen-
tary solution could be, that all neighboring stations
get equal shares. A more advanced approach to dis-
tribute free bandwidth efficiently is proposed in [6].

e Approach to estimate the level of load resulting from
time-critical transmission requests:

We assume periodic measurements available at in-
stants ¢; := tg +1 - At, for i > 1, where the measured
samples p; characterize the load of time-critical trans-
mission requests which have been generated by the
source during the interval T; := [t;_1,t;). Evidently,
pi := d;/(r-At), where d; denotes the amount of time-
critical data generated during 7; and r denotes the
data rate as it was allocated to its owner at connec-
tion set-up time. This sequence of samples (p;) may
be used at each instant ¢; to calculate an estimate

p(t;) of the actual level of load.

The traffic load generated by the communicating users
of a station must be estimated in order to be able to ad-
just the allocated capacity to the actual requirement. If
the capacity, in terms of transmission bandwidth, allo-
cated is too high, only a poor level of utilization for the
network can be achieved. Some flows may have more
reserved capacity than what they really use. This ca-
pacity is lost for all the nodes of the network. On the
other hand, if the reserved capacity is too low in compar-
ison to the flow activity, a situation of congestion occurs
and the general QoS of the flow will be degraded. It
is important to find out good estimators to allow the
algorithm controlling the bandwidth to react in an ap-
propriate manner.



The estimator must take into account some kinds of
fluctuations in order to enable adequate node reactions.
Major changes in data rates for a complex source of traf-
fic must be detected quickly. This is an important con-
dition for flows with a required level of QoS. If the re-
action is too slow, a QoS degradation is viewed by these
flows, whereas a minor change in data rates within single
streams may be ignored in order to get a certain form
of smoothness over time. This constraint is to avoid an
overreaction with respect to the observed fluctuation of
offered load within a station.

3.2 Geometric and arithmetic weighting of
utilization estimates
The methods proposed and investigated by us for load
estimation are geometric and arithmetic weighting.
Here, geometric weighting is defined as follows:

pti) = ap; + (1 — ) - p(ti-1),

where o € (0,1] and p(tg) to be initialized. The «
factor indicates how fast the estimator changes with a
strongly different new sample. The geometric weighting
is also known as the exponential weighted moving aver-
age (EWMA) [11]. As an abbreviation we denote by G,
geometric weighting with parameter « € (0, 1].

The arithmetic weighting estimator is defined as:

1>1

w—1 .

N w—]
plti)=Co- Y — Pii

=0

i>1,

where w € {1,2,...} and py to be initialized for all
2—w < k<0 (Cy= wiﬂ denotes a normalization
constant. This estimator is equivalent to a sliding win-
dow with window size w and weights increasing in a lin-
ear way when the samples are more recent. Arithmetic
weighting uses g as weights, where k is the position in
the window of size w with the most recent sample taking
the position k = w. The size of w indicates how many
past samples including the present sample must be kept
to estimate the current load. As an abbreviation, A,, de-
notes arithmetic weighting with a window size of w € N.

3.3 Impact of weight functions on worst case
backlog of load and on delays

In this section we discuss the impact of the weight
functions and their parametrization on estimation of
p(t). In particular, we analyze how much backlog (BL)
is possible if the “worst case” occurs and determine how
much “delay” is induced at most by the BL. It has been
demonstrated previously [21] that all measured data (of-
fered load) is taken into account once and only once by
both of our estimators.

We constitute that the throughput available for each
interval T; (with boundaries [t;—1,t;)) is identical to

p(ti—1) - - At, except that lowering throughput from
one interval to the next is not admitted if backlog ex-
ists in the sending queue. Here we disregard the time
required to claim back transmission capacity. As men-
tioned previously, within the scope of these studies we
presume that the amount of data d; generated in each
sample interval does not exceed r - At. Hence p; does
not exceed 1. Such behavior could be realized, e.g., by a
“leaky bucket” component, which could establish some
rate-based flow control [15].

The normalized “Backlog of workload” (BL) is de-
fined in the following as the quotient of the amount of
data which has to be stored temporarily due to miss-
ing transmission capacity and the amount of data that
can be sent with full transmission capacity during one
sample interval of length At. This means that BL = 1
corresponds to the amount of data r - At.

(a) Analysis of “worst case” load scenario
W i g, W
A “worst case” scenario occurs, e.g., when

_J0
Pi=19 1

e Using geometric weighting, the estimator at in-
stant ¢;, initialized with p(tp) := 0, for ¢ > 0 is given
by

fori =20
fori>1 (1)

i

Za(l —a)*pi_y Wy (1—a).

k=0

Hence, as normalized backlog BL(i) which accumu-
lates in just one sample interval, we obtain for each
interval T; with ¢ > 1 the difference between actual
level of load p; and the estimated level of load p(t;—1)
at the beginning of the interval:

BL(i) = p; — p(ti—1) = (1 —a)* !

which gives us the following expression for the overall
backlog BL; having accumulated up to time instant
ti:

—(1-a)

BL; =Y BL(j) = ! Vi>1 (2
j=1

(07

The total size of generated (offered) load to be
buffered, expressed in multiples of r - At, is therefore
for all @ € (0, 1] limited by

1—(1—-a)k
BL; < BL., = lim -(-a)f _

1
— Vi>1
k—oo (% «

Ezamples:
a = 1: Since, at each instant ¢;, p; is the only value



used for estimation (p(t;) = p;), as a maximum the
amount of data received during the last interval T;
has to be queued in RT_Q for future transmission.
Therefore the amount of data to be buffered can not
exceed 1-7-At, i.e. BLyq: = 1.

a = 0.5: The maximum amount of data accumulating
in the worst case is BL,,q. = 2.

e Using arithmetic weighting, and taking into ac-
count Equation (1), the estimator at instant ¢; is
given by

Liiwifj:mui-&-i—iz 0<i<uw
plti) =Wt iz (wH)w -

1 1> w.

3)

Again we obtain the maximum backlog for each in-
terval T; as difference between actual and estimated
load

1 G=DCuoidd) gy < <

BL(Z) — { (w+1)w

0 for i > w

which leads to the maximum backlog at instant ¢;
with 1 <i<w

d j—1)-(2w—j+2
BLi= 331 4= ()
and BL; = BL,, for i > w. The total size of gener-
ated (offered) load to be buffered is limited by BL,,,

i.e.

BL; <
= (w+ 1w
2
e A
3
Ezxamples:
w = 1t With w = 1 the maximum backlog is

BL,,.. = 1 as the amount of data received within
T; has to be queued in the worst case, but is com-
pletely served during T;4.

w = 4: Maximum backlog results to BL,q: = 2.

Analysis of maximum backlog delay

Now we determine how much backlog delay at most
is induced by the data being stored temporarily. The
backlog delay is the time elapsing between receiving
data and being ready to send it and its maximum
for each interval T; is denoted with ;. The data is
processed with throughput 5(t;—1) -7 - At within each
interval T; following the FIFO-principle. As men-
tioned previously, we constitute in our study that
the available throughput is not lowered while further

Table 1. Upper bounds for 7,4, given as multiples of
At.

Estimator GO.l Go.g A10 A20
max. Delay 10 3.3 | 5.5 | 10.5

backlog is present. Nevertheless, the generated load
might decrease at any instant whereby the remaining
backlogged data would be sent with a data rate less
than the maximum, possibly resulting in higher delay.
Hence, considering the highest increase of generated
load, which is described by Equation (1), it follows
that the maximum delay is upper bounded by
BL;-r- At

Tmaz = MaxT; = Max —
i>1 >l p(ty) - r

e Using geometric weighting, the maximum back-
log delay is given by

BL;-r-At
p(ti)r

50D o Ay A (5)

Tmax — MaX;>1

—~
~

P

R~

= max;>1

e Using arithmetic weighting, the maximum back-
log delay is given by

i>1  p(ty) - r
1,2 i 2 2
(4)(3) 397 — (w+ 1)i +w* + 2w + 3

= . At.
121%)3,; —14+2w+1

Since the above fraction is monotonically decreasing
(with 1 <i <w,w > 1) it follows

BL1 w+ 1
Tmazr = ——— + At = ——— - AL. 6
p(t1) 2 ©

From the equations above an upper bound for 7,4z
can be computed, which allows us to determine the ac-
ceptable range of values which can be chosen for « or for
w, if a given delay bound 7g,s and a sampling interval
size At have to be respected. Table 1 shows the maxi-
mum backlog delay for different estimators. As we will
show in Section 5.2 upper bounds for 7,,,, for estima-
tors combined with threshold systems can be computed
using a recursive approach leading to significantly bet-
ter bounds than the closed-form expression as derived in
[21].

3.4 Responsiveness of different load estima-
tors
Besides requiring appropriate throughput, applica-
tions with real-time requirements need guarantees for
upper limits of delay. In order to keep these limits, the
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Figure 2. Estimators in the worst case

parameters, in particular At and « or w respectively,
have to be chosen carefully.

The At value is bounded below, e.g., by the com-
ponent used responsible for smoothing incoming data,
guaranteeing p; < 1. As can be seen from Equations (5)
and (6) an upper bound for At is defined depending on
the delay limit from the application and on the deployed
weighting estimator and its parameter o or w respec-
tively.

Figure 2 compares the reactivity of four estima-
tors, two estimators for either arithmetic and geometric
weighting, again assuming the worst case load scenario
being the one showing the highest possible fluctuation
after the estimator has taken its lowest value (cf. Equa-
tion (1)).

We observe that functions A1g and G 3 are more re-
active than functions Asg and Gg.1. This results from
the fact that parametrization with « values near to 1
using geometric weighting or small w values using arith-
metic weighting leads to the advantage, that an increase
of load is taken into account rather quickly and thus the
past (“history”) is “faded out” fast as well. But with this
also quite high variations in function p(¢) come along.

We also observe that G 3 is more reactive than Aqg
during the first samples (it yields the highest estimates
during 8 samples) but Gy 3 takes much longer than A
to estimate the traffic as being approximately 100% (4
more samples). This means that Gy 3 reacts faster to
traffic fluctuations, but it needs more time to converge.

4 SYSTEMS OF LOAD THRESHOLDS TO
CONTROL DISTRIBUTION OF BAND-
WIDTH

In this section we introduce systems of load thresh-
olds, which determine when to free or claim back band-
width based on current load estimation as discussed in
the preceding section. The main tasks of such systems
are on the one hand to assure real-time requirements to
be respected and secondly to avert oscillations caused

70< <80

(a) M1 o AP
50< p<60 15> p=265
D)
— <\\ 40< p<30 65> p=55
/7/ / I ; NN <
/ 35<p<60 5270 N\
/ \
/ \ ! .
| \ 30< /<40 5555245
! 10<p<3s p270 \
/ \ // AN | \ /
bilo \, W 5570 0<p<30 4555235

! N
N \
! \\\: J// v
\ p<10 @ 7055245 1 10<p<20 3555225
VLT e
N\ p=i0 asspra /s V\

NN /s / AT
N \ J 7 p<10 25> p>15
~2 == \(»)/

(c) M3

Figure 3. Proposed state models with 2 (a), 4 (b) and
9 (c) states. For simplicity, M3 is not represented with
all transitions.

by small variations of the estimator’s value. We present
and discuss three example systems which illustrate as
well their representation by state models as their analy-
sis concerning potential increase of network utilization.

Figures 3(a) - 3(c) represent the three state transition
models we consider in this work. These models exemplify
different parametrizations for the decisions how much
bandwidth to be allocated to a specific node depending
on its momentary traffic estimation. The states are la-
beled with numbers in the range of 0 to 100 representing
the percentage of the bandwidth reserved at setup time
which should actually be allocated to the node. State
transitions represent the crossings of thresholds consti-
tuted by the corresponding model. State model M3 has
been represented in a simplified way to clarify the figure.
The fast transitions, representing thresholds which are
not the closest to the current state, are not represented
by the figure, but they exist in the analytical model.

By taking care of recalling bandwidth before the level
of utilization is reached, real-time requirements can be
respected. The three sample models were assorted con-
sidering the following principles: In this study we ana-
lyze equidistant upper and lower thresholds. Since per-
ception of load variations is delayed as a consequence



of the discrete sample interval size, the actual available
bandwidth should always exceed the estimate, e.g. by at
least 5%. Furthermore, to effectively avoid oscillations
it is essential that upper and lower threshold have suf-
ficient distance. We use a minimum difference of 10%.
As mentioned previously, we presume that any host will
distribute transmission capacity only in the case that no
local backlog exists.

The fundamental differences between the state mod-
els are their granularities. State model M1 consists of
two states, state model M2 consists of four states, and
model M3 is composed of nine states. Intuitively, more
states will be more efficient in terms of local loss, but
globally, more states will cause more signalling and this
will not necessarily be more efficient from a network’s
point of view. Evidently, different stations can use dif-
ferent threshold systems as well as different load estima-
tors depending on their application. Both granularity
and levels of thresholds can be customized to individual
needs.

4.1 Potential increase of overall network uti-
lization: worst case study

We consider resource reservation and static allocation
to communicating entities. Hence, if just a small part
of the reserved data rate is used, the remainder is lost
for the overall network — in the worst case this sacrifice
can reach 100% of the initially reserved bandwidth, ob-
viously, if no real-time data is transmitted at all. This
study is focused on methods to reduce such sacrifice even
if quality of service guarantees are provided. We inves-
tigate in the following how much capacity is made avail-
able using the presented threshold systems.

Let us consider how much network capacity can, in
the worst case, be reserved but remain unused by a sta-
tion though a system for sharing bandwidth using our
proposal was employed. This sacrificed capacity, in mul-
tiples of data rate r, can not exceed the maximum differ-
ence between p and its associated state. As mentioned
in Section 3.3 the entire load measured in each sample
interval is considered adequately in the long run by the
presented estimators. Therefore, it is acceptable to con-
sider the estimated load p instead of the actual load in
order to assess the utilized and the provided capacity
respectively.

Using the proposed models M1, M2, or M3, respec-
tively, at least 30%, 60%, or 80% of the a-priori reserved
capacity is utilized or placed at other stations’ disposal.
These values regarding the worst case result from the
difference between reserved data rate and maximum sac-
rificed capacity.

So, the minimum utilized or freed capacity can be en-
hanced by increasing the number of states of the model.
Evidently, communication overhead used for signalling

Table 2. Station’s state and sacrified capacity for dif-
ferent ranges of p(t;).

p(ti) [%] state | sacrified capacity [%]
0-10 25 20
10-20 25 Vv 50 10-35
20-35 50 22.5
35-45 50 V 75 10-35
45-60 75 22.5
60-70 75 Vv 100 10-35
70-100 100 15

increases as a consequence. We neglect this overhead,
depending on individual implementations, for all of the
analysis within Section 4. As results from Section 5 will
show, this simplification can be acceptable in real load
scenarios.

It is worth mentioning that already a very simple 4-
state model such as Model M2 is, in any case, able to
make sure that at least 60% of the available real-time
bandwidth is utilized by the communicating stations —
assuming that the offered load, e.g. in terms of best effort
traffic, is sufficiently high.

4.2 Potential increase of overall network uti-
lization: average case study

With the worst case assessment above, we derived
hard boundaries. In the following we estimate the po-
tential increase of overall network utilization, in form of
upper bounds of sacrifice, for an average case. We do
not assume further restrictions on the sending behavior
of the communicating stations. Therefore, for this evalu-
ation we presume p(t;) as being uniformly distributed in
the interval [0,1]. We demonstrate the assessment using
the 4-state model M2.

To analyze the overall sacrifice, we determine sacrified
capacity for ranges of possible values for p(¢;). These are
determined as follows: In case of 0% < p(¢;) < 10%, il-
lustrated in the first data line of Table 2, the station
is in state 25 what corresponds to reserved capacity of
25%. Thus, the mean sacrified capacity is 20% for this
partition. In the next line the range 10% < p(t;) < 20%
is shown. In this case the station’s state can not be de-
termined uniquely, it might be state 25 or 50. Hence
the unused, but reserved, capacity averages to a value
between 10% and 35% depending on the size of the sta-
tion’s states’ shares.

From Table 2 we derive two values namely o, and o,
respectively, which correspond to the optimistic (or pes-
simistic) assumptions that the station’s state is the fa-
vorable (or unfavorable) one all along. The assumption
that p(t;) is uniformly distributed leads to the assess-
ments o, = 16.25% and o, = 23.75%.

To sum up, Table 3 shows the assessments under op-
timistic and pessimistic assumptions as well as the esti-



Table 3. Average case: Estimated sacrifice o, and oy
as well as estimated overall utilization of bandwidth

Model Oo Op used/lent out
M1 27.5% 35% 65-72.5%
M2 16.25% | 23.75% | 76.25-83.75%
M3 10% 14% 86-90%

mated utilization of the reserved data rate for the pro-
posed threshold systems. The estimated values let us
expect significant enhancements for real-time communi-
cations within broadcast networks. In Section 5 we will
check those potential enhancements under realistic load
scenarios — and show that the derived assessments meet
well reality.

5 NODE BEHAVIOR BASED ON LOAD
ESTIMATOR AND THRESHOLD ALLO-
CATION SYSTEM

5.1 Investigation to study responsiveness of
capacity allocation

The main goal of this section is to evaluate how
well applications’ real-time constraints can be guaran-
teed by using our proposed threshold system in combi-
nation with different load estimation functions. In par-
ticular, we evaluate the time until transmission capacity
is called back from other stations when it is needed again
by its owner. We verify that resources are called back
sufficiently quickly in order to ensure that real-time re-
quirements are met — that is as a rule within 100ms, but
depends on the relevant application.

First, we investigate the worst case, that is a situa-
tion when the offered load increases to its maximum after
a node has redistributed all of its capacity to the other
nodes in the network, cf. Equation (1). In Section 3.4 we
discussed the responsiveness of different estimators and
now we evaluate how fast the up-thresholds are crossed.
Our concern is to get back full capacity as soon as possi-
ble. Therefore, the reactivity of each model corresponds
to the number of intervals needed to get back full capac-
ity.

Using G 3, full capacity is reached within only 2 sam-
pling intervals using state model M1. That is faster than
in the case of state model M2 which needs 4 sampling
intervals and faster than in the case of state model M3
(6 sampling intervals). This is due to the fact that an es-
timator p greater than 45% in model M1, 70% in model
M2, and greater than 85% in model M3 is needed to get
back full capacity. In other words, a high value of the es-
timator is needed to reach an allocated value of 100% in
the case of model M3. Moreover, Gy 3’s slope decreases
significantly when 80% of the capacity is reached; there-
fore, in this case model M2 is more reactive than model
Mas.

From a networking point of view, the gain obtained
using model M1 is even greater since each threshold
crossing is accompanied by signalling information and
thus more signalling is needed if model M2 or model M3
is used.

5.2 Maximum delay induced due to threshold
systems

In Section 3 we analytically derived upper bounds for
the maximum backlog delay which resulted from the esti-
mators’ underestimations of the actual load and from the
time lag between load appearance and its measurement.
In the following we discuss the impact of the threshold
systems combined with weight functions as introduced
previously. In particular, we upper-bound the maximum
delay 7; that can occur for data received during interval
T;.

For this we determine that instant ¢’ € T; at which
data is delayed longestly. The delay is computed then
as difference between the instant ¢”, that is the instant
when all data waiting in the sending queue at instant ¢’
has just been sent, and #'.

The backlog delay within T; is maximal for the instant
t =t + %. Assuming the worst case that data is
generated with the maximum possible data rate r during
the first part of the interval, ¢’ is the instant when the
last data unit within 7; has been added to the sending
buffer. In order to determine ¢, with S; denoting the
portion of 7 allocated during T; by the threshold system,
let B; denote the amount of backlogged data buffered
after interval T;:

B; = max(0,B;—1 + (p; — ;i) -7 - At) fori>0

Algorithm 1 DELAY(z, 1)

Require: Amount of data x and index i of interval; S;
denotes portion of r allocated within T;.
Ensure: Time needed to send amount of data x starting
at interval T;;
Ty —x—S;-r- At
if 2, > 0 then
return 1 4+ DELAY (2,7 + 1)

/* data not sent during T; */

/* start sending
remainder in T;4q1 */
else

return -
end if

/* time to send z in T; */

Furthermore, we introduce DELAY (2, %), described by
Algorithm 1, computing the maximum time needed to
send the amount of data x where sending starts at the
beginning of interval T;. With

t = ti—1+ DELAY(BZ‘_l +pi-r- At, Z)
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Figure 4. Jurassic Park/Mr Bean trace — different esti-
mators

it follows

7; <t —t' = DELAY(B;_1 + p; - 7 - At,i) — %

Applying the load scenario given by Equation (1), the
maximum delays shown by Table 4 can be computed. It
can be seen that even hard real-time requirements can
be solved by selecting adequate estimators and models.
To give an example, by using a geometric estimator with
a = 0.3 combined with Model M1, the maximum backlog
delay does not exceed At.

Table 4. Maximum backlog delay in multiples of At in
the load scenario given by Equation (1) for different
threshold systems.

Go1 Goz Aig Ag
Model M1 3 1 1.5 3

Model M2 | 5.25 1.75 2.5 4.75
Model M3 6.7 2.2 3.1 5.5

5.3 Dynamic behavior of utilization for
realistic load situations within a station

We evaluate now our scheme in a realistic situation,
using real MPEG4 traces. The input MPEG4 trace
chosen is a mix of the two MPEG4 traces obtained
from [22]. The traces are that of the movies “Juras-
sic Park” and “Mr. Bean” which we superimpose. We
study the reactivity of each transition model using arith-
metic and geometric estimators with different weights
with this typical trace of total size 573.8 M B, last-
ing 59.37 minutes. The size of the sample intervals is
At = 40 ms with maximum measured data within one
interval of d,, 4, = 178.41 kbit which induces an a-priori
reserved capacity of r = 4.4 Mbit/s in order to fulfill the
precondition p; < 1 Vi.

Figure 4 shows a clipping from the trace and its cor-
responding estimator values. We have selected sam-
pling intervals during which many fluctuations can be
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Figure 5. Jurrassic Parc/Mr Bean trace — Go.s (top
picture) and Ao combined with models M1-M3

observed in the input trace in order to see how reactive
the models are. As mentioned previously, in all cases,
(.3 is the most reactive of the traffic estimators com-
pared. The bandwidth allocated by each of the models
M1-M3 with estimators Gy 3 and Ajg are represented in
Figure 5. This figure describes how the different state
models realize the bandwidth allocation in the case of
real traffic fluctuations.

Table 5 shows the network capacity put at other sta-
tions’ disposal, the used buffer, the maximum and mean
time the transmission of data was delayed for as well
as the number of FREE/RECALL messages exchanged
by the system. Mentionable, we neglect the signalling
communication overhead needed for controling the shar-
ing of bandwidth; the actual gained capacity depends on
the details of individual implementations.

Previously, we have chosen the data rate r so that it is
never exceeded by the stream. Since we can not always
act on this presumption of excessive over-reservation, we
start further experiments with the trace. The data rate
is set to r = 125 kbit/40 ms, whereby the video mix
uses 42.2% of the bandwidth (instead of 29.6%) which
appears more pragmatical. Table 6 shows the results of
the run without prior smoothing, tolerating p > 1.

Contrary to the worst case, in all experiments transi-
tion model M3 achieves the minimal capacity loss. This



Table 5. Gained bandwidth (G), used buffer (B), additional delay (7), and number of FREE/RECALL messages for video
mix sent with r = 4.4 Mbit/s using different combinations of estimators and threshold systems (-* =max., = mean)

Video mix Jurassic Park / Mr Bean
Data rate: r = 178.41 kbit/40ms(=4.4 Mbit/s) Mean data rate: 1.29 Mbit/s (29.58%)
M1 M2 M3

Go1 Gosz A Az || Goa Gos Ao Az || Goa Goz Awg A
G %] 41.6 389 40.8 41.3 || 47.1 46.1 47.0 47.0 || 57.8 56.7 57.5 57.9
B* [KB] 281 11.7 17.0 28.1 281 11.7 170 28.1 42.0 19.2 241 39.7
B [Byte} 166.0 133.8 151.1 160.9 || 206.0 175.2 192.3 201.4 || 538.3 423.8 474.0 526.2
T* [ms] 85.8 40.8 47.0 &85.8 || 8.8 52,5 62.1 &858 (|133.4 59.9 771 126.3
7 [ms] 9.5 8.5 9.2 9.4 11.1 105 11.0 11.1 18.2 16.7 17.6 18.2
Messages || 114 394 208 120 159 917 345 187 || 1008 8817 3330 1178

Table 6. Video mix, not smoothed, sent with » = 3.1 Mbit/s - see Table 5 for legend.

Video mix Jurassic Park / Mr Bean (not smoothed, no additional delay)
Data rate: r = 125.00 kbit/40ms(=3.1 Mbit/s) Mean data rate: 1.29 Mbit/s (42.22%)
M1 M2 M3
Goa Goz A Az || Gou Gosz Aig Az || Goa Gosz  Aig As
G %] 184 16.0 19.6 19.0 || 35.7 33.7 35.7 358 || 45.1 44.0 446 45.2
B* [KB] 244 244 244 24.4 || 43.5 244 244 372 || 51.4 259 31.1 459
B [Byte] || 213.7 162.0 205.2 213.2 || 452.1 351.1 410.5 441.8 | 883.2 627.3 722.6 858.5
7* [ms] 92.8 624 624 796 ||121.7 624 67.0 105.9( 149.7 66.4 85.7 132.3
T [ms] 5.6 4.4 5.8 5.7 11.2 9.7 11.0 11.2 175 154 164 17.6
Messages || 213 1141 457 237 456 3842 1302 516 || 2106 14781 6975 2291

is due to the fact that real traces often produce variations
which are less radical than the worst case, whereas more
detailed models can better adapt the resource alloca-
tion to the actual requirements. However, the allocated
bandwidth of M3 is often smaller than the value required
by the input trace. M2 fits this requirement better since
it is very rarely smaller than the bandwidth required by
the trace. Therefore, a more detailed model achieves
better performance in terms of lost bandwidth, but also
introduces more delay if the trace fluctuations are rapid
and also more communication overhead is generated.

It can be seen, that significant enhancements under
realistic load scenarios are achieved by the threshold sys-
tems. It is also worth mentioning that the derived assess-
ments from Section 4.2 meet well the realistic traces we
tested, cf. Table 3. Further experiments, in particular
with smoothed traces, show similar results. Though of-
fered load sometimes exceeds the presumed upper bound
of p; < 1, neither mean nor maximum delay differ sig-
nificantly, although the number of exchanged messages
rises.

An overall interpretation of the results obtained in
our various series of experiments leads to the following
insights:

e As to be expected, the gained bandwidth G increases
starting with model M1 via M2 towards M3 and
this holds independently of the weighting function

used (Go.1,Go.s,A10,A2). Evidently, the advan-
tages of more refined threshold models become much
more significant if one reduces the amount of re-
sources (bandwidth) as reserved during connection-
setup-time.

Some direct dependency between the results regard-
ing buffer occupancy B and additional backlog delay
T exists as a direct consequence of Little’s Law [23].

The mean backlog delay 7, in all cases, remains below
20 ms, which is encouraging and seems to be fully ac-
ceptable for a large variety of multimedia applications
with real-time requirements. The maximum backlog
delay Tnqz, t00, remains pleasingly small, at least for
cases where the weight function Gg 3 or A is used.

The number of control messages to be exchanged re-
main practicably even in the worst case as the control
messages have a rather small size. So we conclude
that the overhead of control messages to be broad-
casted seems to be perfectly acceptable, too. And
this holds even for network configurations where a rel-
atively large number of stations (e.g. 50 to 100) with
real-time communication requirements is present in
each one of possibly many interconnected broadcast
networks.



6 CONCLUSIONS

In this paper, we have investigated how the efficiency
of reservation strategies that execute some fixed resource
reservations (in particular reservations for the complete
duration of continuous media streams) can be increased.
On the one hand, we have proposed two classes of
parametrized weight functions for calculating estimates
of the actual load as induced by the connections for
which resource reservations have been established for the
present. On the other hand, we have introduced thresh-
old systems in order to reduce the update traffic for ex-
changing control information the purpose of which is to
hand over free bandwidth and to recall own resources
between the stations of a broadcast network. We have
demonstrated how weight functions and threshold sys-
tems can be combined.

Usage of mathematical performance predictions al-
lowed us to prove that the algorithms we suggest are
able to respect real-time bounds for maximum delays in
the order of 50 to 100 ms (as they are quite typical in
a large variety of audio/video applications) and that, at
the same time, they achieve a high overall utilization of
resources even under worst case load fluctuations. Addi-
tional studies have provided the encouraging result that
in practice, i.e. for realistic load scenarios, the efficiency
to be expected for our proposal to execute dynamic and
load-adaptive resource reservations will even be consid-
erably higher than the ”worst case bounds”.

Future investigations are planned by us to get a still
better understanding regarding the dependencies be-
tween the parametrization as used for specifying the load
estimators and the granularity of the threshold system
being chosen. As a final goal we strive to solve the op-
timum configuring of adaptive reservation systems, for
given load scenarios and given QoS requirements, in a
largely automatic way and at the same time limiting the
overhead resulting from the exchange of control informa-
tion supporting the dynamic redistribution of resources.
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