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Abstract

This paper proposes an predictive congestion control
methodology for the Available Bit Rate (ABR) ser-
vice class in an ATM network for the case of multiple
node with single buffer scenario. Adaptive controller
is developed to control traflic where sources adjust
their transmission rates in response to the feedback
information from the network nodes. Specifically, the
dynamics of the ABR sources with the buffer is mod-
eled as a nonlinear system and an autoregressive mov-
ing average based (ARMAX) adaptive controller is
designed to predict the explicit values of the trans-
mission rates of the sources so as to prevent network
congestion. Stability analysis of the closed-loop sys-
tem is presented. Simulation results are provided to
justify the theoretical conclusions.

1 Introduction

Asynchronous transfer mode (ATM) is a key technol-
ogy for integrating broad-band multimedia services

(B-ISDN) in heterogeneous networks, where data, video

and voice sources transmit information. Due to the
uncertainties of broad band traffic patterns, unpre-
dictable statistical fluctuations of traffic flows can
cause congestion in the network switches, concentra-
tors, transmission links and so on.

In a B-ISDN, congestion is defined as a condition
of an ATM network, where the network does not
meet a stated performance objective or refereed to
as Quality of Service (QoS). In order to prevent the
QoS from severely degrading during short-term con-
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gestion, an appropriate congestion control scheme is
required. Since the ATM forum decided to use a
closed-loop rate based congestion control scheme as
the standard for the available bit rate (ABR) service
[7], several feedback congestion control schemes were
proposed in the literature [3-9]. In terms of feedback
control, the congestion control is viewed as changing
the source rates and regulating the traffic submitted
by these sources onto the network connections. Most
of these schemes are based upon a linear model of the
ABR buffer. Each ABR buffer has then a correspond-
ing congestion controller, which sends congestion no-
tification cells (CNC) back to the sources. These pro-
posed feedback control schemes [5, 8-9] were based
on buffer length, buffer change rate, cell losses, buffer
thresholds and so on. Most of the papers [3-7,9] re-
port simulation results only. Mathematical analysis is
not included to demonstrate the performance of these
controllers in terms of QoS.

In this paper, the traffic rate on the network con-
nections is considered to be nonlinear and the ABR
buffer availability at each node element of an ATM
network is modeled as a nonlinear system. A novel
congestion controller scheme is proposed using an adap-
tive methodology, where an explicit rate for each source
is derived. Autoregressive moving average (ARMAX)
based approach is employed to approximate the un-
known network traffic that is being accumulated at
the buffer. This estimated traffic value is used in the
adaptive controller to modify the source rate. Tuning
laws are provided for the coefficients of the ARMAX
traffic model to improve accuracy. Closed-loop sta-
bility of the adaptive congestion controller is proven
using a Lyapunov-based analysis. It is shown that the
controller guarantees the desired performance, which
is specified in terms of buffer length, even though



network traffic uncertainties exists. Simulation re-
sults are given to justify the theoretical conclusions
for multiple source and single node scenario.

2 Background

2.1 Autoregressive Moving Average Ap-

proach

A general function f(z) € C3) can be approximated
using an ARMAX model as

fz) = 0T p(x(k)) + €(k) (1)

where 67" are constant parameters and ¢(k) denotes
the regression matrix at the instant k, with €(k) a re-
construction error vector. The output of the ARMAX
model is defined as

j(k) = 07 (k)p(x(k)). (2)

It is important to note that, the unknown parame-
ters in an ARMAX approach enter in a linear fashion
as given in 2.

2.2 Stability of Systems

To formulate the discrete-time controller, the follow-
ing stability notion is needed. Consider the nonlinear
system given by

a(k+1) = [f(z(k), u(k))
y(k) = n(z(k), (3)

where z(k) is a state vector, u(k) is the input vector
and y(k) is the output vector. The solution is said
to be uniformly ultimately bounded (UUB) if for all
z(ko) = o, there exists an § > 0 and a number
N(8,20) such that ||z(k)|| < for all k > ko + N.

It is not possible to show the asymptotic stabil-
ity of the closed-loop error system in the presence of
bounded disturbances and approximation errors.

2.3 Traffic Rate Modeling on Network
Connections

Figure 1 shows a multiple source single node/buffer
scenario for an ATM network. It is modeled as a
multi-input and multi-output (MIMO) discrete-time
nonlinear system, to be controlled, as follows

xk+1) = flzk),z(k—1),,.)+ Tu(k)+d(k)
(1)

with state z(k) € R"™ being the actual buffer length
at time instant k, and u(k) € R™ being the feedback
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Figure 1: Multiple Source/Single Buffer Model of an
ATM Network.

signal or referred to as source rate correction. The
nonlinear {unction, f(-), which is assumed to be un-
known,includes the cell arrival rate from the source to
the buffer, buffer service rate and the current queue
length. The disturbance vector acting on the buffer at
the instant k is d(k) € R", which we assume unknown
but bounded so that || d(k) ||< das a known constant.
Figure 1 shows the case of multiple sources with one
bufler scenario where the nonlinear function, f(-), de-
scribes the dynamics of the source/buffer system. It is
well known in the literature that by monitoring mean
cell arrival rate (MSR), peak cell rate (PCR) and so
on for a ABR source does not indicate the network
traffic [3-9]. Further, the net dynamics is not linear
due to bursty traffic conditions. The disturbance vec-
tor, d(k), can be considered as an unexpected traflic
burst or a change in available bandwidth.

The state vector x(k) is scalar variable for a sin-
gle network node scenario and it is a vector for the
case of multiple nodes. Similarly, the feedback source
rate is a scalar variable for one source/one bufler and
multiple sources/one bufler scenarios, whereas it is
a vector otherwise. In the case of multiple sources
with single buffer scenario, the source rate obtained
through feedback is either used to regulate equally
the transmission rates of the sources or the transmis-
sion rates for each source is calculated by dividing the
feedback source rate with the individual PCRs.

Given a desired bufler length, z4(k), define the per-

formance criterion in terms of buffer length error as
e(k) = z(k) — za(k). (5)
Equation (5) can be expressed as

e(k+1)=a(k+1)—xqe(k+1). (6)



Using (4) in (6), the dynamics of the buffer (4) can
be written in terms of the buffer length error as

e(k+1)= f(z(")) —za(k + 1) + Tu(k) + d(k) (7)

In an ATM network, the goal of a traffic rate con-
troller then is to make the network available band-
width to be fully utilized while maintaining good QoS.
In this paper, the objective of selecting a suitable
feedback traffic rate input, u(k), is to minimize the
difference between the actual or desired buffer length
so as to prevent congestion while maintaining maxi-
mum link utilization and minimizing cell losses. The
congestion level is monitored through the buffer cell
losses, buffer queue errors and a change in buffer
length.

Define the feedback source rate u(k) as

u(k) = (1/T)(za(k +1) = F(2() + koe(k)),  (8)

with a diagonal gain matrix k., and f(x(k)) an es-
timate of the dynamics of the source/buffer, {(x(k)).
Then, the closed-loop queue error dynamics becomes

e(k +1) = kye(k) + f(x(k)) + d(k) (9)

where the estimation error in the network dynamics
is given by . A

SO =10 = 10). (10)
Note that the queue error system is driven by the
traffic estimation error and unknown disturbances.

In this paper, a ARMAX approach is used in discrete-

time to provide the estimate of the cell arrival rate,
f(*) to each bufler. The error system (9) is used to
focus on selecting parameter tuning algorithms that

guarantee the QoS, which is defined here as cell losses

e(k).

3 Traffic Rate Controller Design

In this section, an ARMAX based adaptive controller
is considered. In this case, the coefficients of the AR-
MAX model enter in a linear fashion. A novel para-
meter tuning method is derived to provide an accu-
rate estimate of the network dynamics, which is then
used in the adaptive controller. Stability analysis by
Lyapunov’s direct method is presented to show the
convergence of the buffer error or cell losses. Assume,
therefore, that there exist some constant ideal para-
meters @ for the ARMAX network traffic rate model
so that the nonlinear traffic function in (4) can be
written as

fz) = 0T p(x(k)) + €(k) (11)

where @(z(k)) is a vector of past values of bufler
length or else it is referred to as regression matrix.
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Figure 2: Adaptive ABR traffic rate controller struc-
ture.

3.1 Source/Buffer Error System Dy-
namics

Defining the estimate for the network dynamics in the
controller (8) by

Fla(k) = 07 (k)p(x(k) (12)

with é(k) be the current value of the parameters,
yields the controller structure shown in Figure 2. The
output of the buffer system is processed through a
series of delays to obtain the past values of the out-
put,and fed as inputs to the ARMAX model so that
the nonlinear traffic in (4)can be suitably approxi-
mated. The next step is to determine the parameter
updates so that the performance of the closed-loop
error dynamics of the buffer is guaranteed.

Let 6 be the unknown but ideal parameters re-
quired for the approximation to hold in (12) and as-
sume they are bounded by known values so that

10 11< Omaa- (13)

Then the error in the parameters during estimation
is given by

(k) =0 — O(k) (14)
The traffic rate input u(k) is
ulk) = (1/T)(@a(k +1) = 0" (k)p(a(k)) + kve(k()fé)
and the closed-loop dynamics become
e(k +1) = kye(k) +ei(k) + e(k) +d(k), (16)

where the identification error for the network dynam-
ics is defined by

ei(k) = 07 (k)p(x(k)). (17)



3.2 Parameter Tuning

A parameter tuning paradigm [2] based on the error
in buffer length that guarantees the stability of the
closed-loop system (16) is presented in this section.
This algorithm guarantees that both the buffer length
and error in parameter estimates are bounded.

Theorem 3.1 Let the desired trajectory, xq(k), be
finite and the network dynamics reconstruction error
bound en and the disturbance bound dp; be known
constants. Consider the parameter tuning provided

by
O(k +1) = (k) + ap(z(k))eT (k +1)
—I | I —ap(a(k)e" ((k)) || 0(k) (18)
with I' > 0 a design parameter. Then the error in
buffer length e(k) and the parameter estimates 6(k)

are UUB, with the bounds specifically given by (29)
and (81) provided:

D) alle®) <1, (19)
(2) 0<T <1, (20)
with
3)  Komas < —= (21)
vmax \/g

where & is given by
1
(1 — o || o(z(k)) |1?)

c = n-+

21— o || p(z(k) )? +
20l || @(x(k)) II* (1 — o || (2(k)) )],
(22)
with ) being
1

el

Proof:
Define the Lyapunov function candidate

@ IR, (29

The first difference is given by

J = el (k)e(k)

AT = T(k+e(k+1)— el (k)e(k) +

~tr (07 (k + )0k + 1) ~ 07 (R)(1))(25)

Use the buffer length error dynamics (16) and tun-
ing mechanism (18) to obtain

AV S [1 - akgmam} || e(k) ||2

—[1 — " (z(k)) ez (k)] | & (k)
1

(L= agT(a(k)p((k))

(0" (k) p(a(R)) +
2 | T~ apla(k)¢” (a(B)) |)
() + ) - )
o || k) | -
gnf—aw@w»¢%am>w
T2 =1) [ 0(k) || fmaw = T20705),
(26)
where
v = Inleny +du)+
P(1—a ]| @) ) Il (E) || e
(21)
and

p=Inlen +du)?* +20(1 — a || p(x(k)) 1)
I (@) || Omaz(en +dar)l- (28)
Completing the squares for || 0(k) || in (26) results
in AJ < 0 as long as the conditions in (19) through

(21) are satisfied and with the upper bound on the
buffer length error given by

1

| e(k) [|> T=ok2. ) Yevmaz + v/ p1(L — OkZ,,..)]
(29)
where
1 T
p1 =p+am(1—a I ez (k)) 1*)*0700- (30)

On the other hand, completing the squares for ||
e(k) || in (26) results in AJ < 0 as long as the
conditions(19)-(21) are satisfied and

| 6(k) ||>
P(l B P)emam + \/]_"2(1 B P)zerznam + P(2 - P)w 31
where
262 an , 32
V= e T Ty PR Y
and 22
oo @

In general AJ < 0 as long as (19) and (21) are
satisfied and either (29) or(81) holds. According to a
standard Lyapunov extension theorem [2], this demon-
strates that the buffer length or ABR cell arrival rate
error and the error in parameter estimates are UUB.



Note that for practical purposes, (29) with (31) can
be considered as bounds for || e(k) || and || 6(k) ||
The next result discusses the behavior of the closed-
loop system in the idealized case of no estimation
errors in the network dynamics with no disturbances
present in the dynamics of the system.

Theorem 3.2 Let the desired buffer length x4(k) be
finite and the network dynamic estimation error bound
en and the disturbance bound dy; be equal to zero.
Let the source rate for (4) be given by (15) with the
parameter tuning provided by

O(k +1) = 0(k) + ap(z(k)el (k+1), (34)

where o« > 0 is a constant learning rate parameter
or adaptation gain. Then the buffer length error e(k)
approaches asymptotically to zero and the parameter
estimates are bounded provided (19) with

(1) Fomas < % (35)

where 1 is given by

1

a0

Proof: Since the functional reconstruction error and
the disturbances are all zero, these new assumptions
yield the error system

r(k+1) = kye(k) + € (k) (37)

For the case of the parameter tuning mechanism
given in (34), select the Lyapunov function candidate
as (24), and use the new assumptions as well as the
update law (84) to obtain

AT < —llm k2] e®) | -
1 ol (k) |2
@l D)
le®) = T o oty ™

(k) |
(38)

where n is given in (86). Since J > 0 and AJ <0,
this shows stability in the sense of Lyapunov, provided
the conditions in (19) and (35) hold so that e(k) and
0(k) (and O(k)) are bounded if e(ko) and O(ko) are
bounded. Now using standard techniques [1-2], sum
both sides of (88) to note that as k — oo, the tracking

error || e(k) ||— 0. -
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Figure 3: Cell loss ratio with no feedback delay.

4 Simulation Example

In our queue management simulation example, we
drive four ABR sources with MPEG data, which can-
not be adequately modeled using a conventional traf-
fic model. Though MPEG is of VBR type traffic, here
it is used as a bencmarking test data for our conges-
tion controller as it is bursty and not well behaved.
The PCRs for the sources are given by 6527, 8941,
9154, 4648 cells/sec respectively and the combined
PCR rate for all the sources is 11,812 cells/sec with
a MSR of 7317 cells/sec. The desired bufler length,
x4 is selected to be 300, 350, 400 and so on. Cell
losses are defined as ©(k) — 4. The cell loss ratio is
defined as the total number of cells discarded at the
receiver due to buffer overflows divided by the total
number of cells generated at the source. Here trans-
mission delay from the source to the receiver due to
the connections and feedback delays from the con-
troller to the source are assumed to be zero initially.
Cells are removed from the buffer at a constant rate of
11,200 cells/second and the simulation is performed
with a sampling interval of lmsec. Source rates are
adjusted from feedback (u(k))by assuming that indi-
vidual sources have their own buffers and their trans-
mission rates can be calculated accurately. The gain
for the rate based control, k,, is selected as 0.5. The
adaptation gain is selected using a projection algo-
rithm as a = m. Past six values of the
buffer length were used and hence the size of the un-
known parameter vector is taken to be 6 x 1.

Figure 3 shows the cell loss ratio due to rate based,
adaptive controller and thresholding method for dif-
ferent buffer length. From the simulation results, it is
seen that the adaptive controller guarantees the per-
formance with a cell loss ratio of 107 5. As expected,
as the buffer length is increased, the cell loss ratio de-
creases. Though thresholding approach (threshold of
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Figure 4: Cell loss ratio with feedback delays.

0.4) provides minimum cell losses, the performance
cannot be guaranteed. From the results, it is clear
that the adaptive controller outperforms the conven-
tional rate based controller for multiple source sce-
nario.

Figure 4 shows the cell loss ratio due to this adap-
tive controller when the feedback delays are injected.
From the simulation results a cell loss ratio of 1074
was observed even when the delay is nonzero. Fur-
ther, the closed-loop tracking error system is stable
and the adaptive controller is robust against feedback
delays equal to atleast 1 times the sampling interval.

5 Conclusions

This paper proposes an auto-regressive moving av-
erage (ARMAX)-based adaptive traflic controller for
ATM networks. The ATM network traffic flow is
modeled as a nonlinear function at a given switching
node/buffer and an adaptive controller is designed
to prevent network congestion. This approach esti-
mates the traffic accumulated at the node based on
current and past values of buffer length. A rigor-
ous mathematical analysis is provided for the closed-
loop system unlike in other available congestion con-
trol techniques. In fact, the proposed adaptive con-
troller guarantees performance as shown through the
Lyapunov analysis. In addition, the performance in
terms of bufler length error can be reduced to arbi-
trarily small values by choosing appropriately select-
ing the gains, which in turn dictates the desirable
source rates.

Simulation example is given to justify the theo-
retical conclusions. From the results, it was found
that the cell loss ratio decreases with an increase in
the buffer size. Further, the developed adaptive con-
troller guarantees the closed-loop stability of the er-
ror system in the presence of feedback delays. Fi-

nally, the adaptive methodology provides an efficient
queue management schemes for ATM networks. Fu-
ture work will involve extending the adaptive con-
troller for multiple source/multiple node scenario of
an ATM network with propagation delays and in the
presence of network disturbances.
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