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Abstract— Aloha-based random-access schemes have been ex-
tensively used in mobile, satellite, and other communications
multiple-access networks. They are frequently employed by
demand-assigned multiple access protocols for regulating access
into control (order-wire type) channels for the transmission of
reservation packets. In this paper, we study the performance of
a random-access scheme when loaded by traffic processes that ex-
hibit long range dependence (LRD). The LRD traffic flows are
modeled as multiplicative multifractal processes. The random ac-
cess scheme is represented as the prototypical Aloha channel with
blocking. Five key parameters are introduced to characterize the
scheme. We show that the key feature dictating the performance
of an Aloha channel is not the LRD nature of the loading traffic
processes, but rather the burstiness level of these processes. When
the LRD traffic process is not very bursty, we show that the perfor-
mance of the random-access channel can be much better than that
produced under Poisson traffic loading; otherwise, a distinct per-
formance degradation takes place. The parameters of the system
are carefully tuned up so that the algorithm operates effectively
under the loading multifractal traffic process, over a wide range
of burstiness level conditions.

I. INTRODUCTION

In the currently operating mobile, satellite, and other com-
munications networks, Aloha-based random multiple access
schemes have been extensively used especially for scenarios
where the activity factor of sources is low and low packet de-
lay is a primary requirement. Random access schemes have
also been extensively used for regulating access into control
(or order-wire type) channels for the transmission of reserva-
tion packets, as is the case for cellular wireless networks. It
is essential to design such networks to yield acceptable packet
delay performance to ensure that users are allocated network
resources in a timely manner to satisfy their required quality of
service (QoS) performance level.

The input traffic process for an Aloha-based channel is typ-
ically modeled as a Poisson process. Formulas have been de-
veloped to describe the channel’s throughput and delay perfor-
mance and are used for network dimensioning purposes. Re-
cently, it has been observed that measured network traffic data
often possess the long-range-dependent (LRD) property [1-4].
Furthermore it has been shown that the LRD property has a pro-
found impact on the performance of a network. For example, it
has been shown that Poisson or Markovian models may under-
estimate packet loss probability or delay time by several orders
of magnitude [5-7].

With LRD traffic measured in many data networks, one ex-
pects the aggregated traffic loading an Aloha-based channel to
also possess such properties. Furthermore, one expects such
LRD properties to have a significant impact on the performance
of Aloha-based channels as well. This issue has been recently
studied by Aracil and Munoz [8] and by Harpantidou and Pat-
erakis [9], who concluded that the Aloha channel actually per-
forms much better than that loaded by a Poisson traffic. The
results of [8,9] are quite the opposite of those in [5-7]. This
situation, and the ensuing importance of the model in many ap-
plications, motivate us to carefully study the performance of
Aloha channel loaded by LRD traffic.

A key issue in the study of LRD traffic is the characteriza-
tion of the burstiness of network traffic. An LRD traffic process
is characterized by the Hurst parameter 1=2 < H < 1 [1,3]. H
characterizes the persistence of correlations in a traffic process
and is often interpreted as an effective indicator of the bursti-
ness of traffic [1]. Recently we have found that although an
LRD traffic process is sometimes very bursty, a burstier LRD
traffic is not necessarily associated with a larger value for the
Hurst parameter [10]. We show here that what really matters
for the performance of an Aloha channel is not the LRD na-
ture, but the burstiness level, of the traffic. For this purpose, we
employ a multiplicative multifractal traffic process [7,10-16] as
an LRD traffic model, since multiplicative multifractal traffic
processes have well defined burstiness indicators. In this paper,
we show that when the LRD traffic is not very bursty, then the
performance of the random-access channel can be much better
than that produced under Poisson traffic loading; otherwise, a
distinct performance degradation takes place.

The second purpose of this paper is to determine the desirable
range for the selection of key parameter values for the random-
access algorithm. This is performed to tune-up the algorithm to
operate effectively under multifractal traffic, under a wide range
of burstiness level conditions.

The rest of the paper is organized as follows. In Sec. 2, we
describe the Aloha system adopted here and the multiplicative
multifractal arrival traffic model. In Sec. 3, we first study the
performance of the Aloha system under Poisson traffic, for pur-
poses of comparing it with the same system loaded by multi-
fractal traffic. We then study the performance of the random-
access scheme under multifractal traffic loading. Finally, we
draw conclusions in Sec. 4.
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II. THE MULTI-ACCESS SCHEME AND THE ARRIVAL

TRAFFIC MODEL

A. Slotted Aloha system with blocking

The system studied here is the slotted Aloha multiple-access
communication channel driven by a large (theoretically infinite)
number of identical users. The aggregated traffic, with mean ar-
rival rate λ, is modeled as a multiplicative multifractal process,
which will be described shortly. Each terminal handles at most
a single packet at a time. All transmitted packets have the same
length. A packet transmission requires a single time slot. If only
one user transmits a packet in a given time slot, the packet is as-
sumed to be correctly received by the receiver. If two or more
terminals transmit packets in the same time slot, then a destruc-
tive collision occurs. For simplicity of the implementation of
the system, we assume that what is detectable in a given time
slot is whether the packets transmitted during the slot collide or
not. The number of colliding packets is not a given observable.

The system works as follows. A ready terminal transmits its
packet at the start of a time slot. The system detects how many
time slots experienced collisions during the most recent W time
slots. If, at a given time slot, this number of collisions, NCS(W ),
exceeds a threshold value, T H, then with probability Pb, each
ready terminal is blocked during this time slot. The blocked
terminal discards its packet. Non-blocked ready terminals are
permitted to transmit their packets at this time slot. The latter
packets are checked to confirm whether their transmissions re-
sulted in a collision. If no collision is incurred, the transmission
is declared successful. Otherwise, a collision has occurred. The
collided packets are scheduled for retransmission at a later slot
that is selected by using a uniform redistribution over a subse-
quent window of length L (slots).

Next we describe the traffic model for the packet arrival pro-
cess.

B. The multiplicative multifractal arrival traffic model

We consider the interarrival times for the aggregated traffic
representing the overall arrivals of packets to the system. Note
that for the Poisson traffic model, the interarrival times are as-
sumed to be exponentially distributed. Here we employ a mul-
tiplicative multifractal traffic model, as developed by us [7, 10-
16]. The model is described as follows.
Construction rule: Consider a unit interval. Associate it with
a unit mass. Divide the unit interval into two (say, left and
right) segments of equal length. Also partition the mass into
two fractions, r and 1� r, and assign them to the left and right
segments, respectively. The parameter r is in general a ran-
dom variable, governed by a probability density function P(r),
0 � r � 1, which is symmetric about r = 1=2. The fraction r
is called the multiplier, and P(r) is called the multiplier func-
tion. Each new subinterval and its associated weight (or mass)
are further divided into two parts following the same rule. The
weights calculated at stage N are employed to model the inter-
arrival time series of the aggregated traffic.

Since P(r) is symmetric about r = 1=2, the mean value for
the weights at stage N is 2�N . In order to obtain an aggregated
traffic with mean arrival rate λ, we can simply choose the length
of the time slot to be 2�Nλ.

For simplicity, we choose the multiplier distribution to be
Gaussian: P(r) � e�α(r�1=2)2

. Parameter α determines the
burstiness of the traffic: the larger the value of α, the less bursty
the traffic is [11]. Typically, we generate a multifractal process
by iterated computation till stage N = 20, so that the number of
weights at our disposal is about one million.

Since the concept of the burstiness of the traffic plays a key
role in this study, we first quantitatively determine how bursty a
multifractal traffic process (with given α) is. For this purpose,
we consider a single server FIFO queueing system with an in-
finite buffer. We then drive the queueing system by the mul-
tiplicative multifractal traffic and compute the queue tail size
distribution. We choose the complementary queue length corre-
sponding to the 99.99-percentile tail value as our effective mea-
sure for the burstiness of the traffic. Such a procedure is also
carried out for Poisson traffic. We then normalize the 99.99 per-
centile of the complementary queue length for the multifractal
traffic by that for Poisson traffic. Fig. 1 shows the result, where
the x-axis is the utilization level ρ. We note two interesting fea-
tures revealed by the figure: (i) The multifractal traffic is more
bursty when α is smaller; and (ii) All the multifractal traffic
processes studied here are much more bursty than the Poisson
traffic.

III. PERFORMANCE OF THE ALOHA SYSTEM

In this section, we study the performance of the Aloha chan-
nel under different parameter values. We employ five parame-
ters: the burstiness parameter α; the window size W ; the thresh-
old value T H for determining if blocking takes place; the block-
ing probability Pb; and the window size L for redistributing the
transmissions of the collided packets. For simplicity, we fix
L = 10 for the illustrative cases presented in the following. To
better understand the performance of the Aloha system under
multifractal traffic, we first exhibit the performance of the sys-
tem under Poisson traffic.

A. Performance of the system under Poisson traffic

Under the assumption that the arrival traffic is Poisson and
the total aggregated traffic, which represents the superposition
of new and retransmitted message process, is also Poisson, we
state the well-known throughput formula:

s = Ge�G ; (1)

where s is the normalized throughput and G denotes the total
channel loading rate.

Assuming a window size of W = 20, our simulations indicate
that a good selection for the threshold level is T H = 10. Fig. 2
shows the throughput s vs. channel loading G performance
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Fig. 1. The ratio of the 99.99 percentile of the complementary queue length for
a FIFO queueing system with multifractal traffic and that with Poisson traffic.
The six curves, denoted as (1) to (6), from top to bottom, correspond to α = 10,
30, 50, 100, 400, and 1000.

Fig. 2. The throughput s vs. the total channel loading G curves under Poisson
traffic. The top most solid thin line is generated from Eq. (1). The other three
curves, denoted as (1), (2) (both dash-dot curves), and (3) (solid thick curve),
correspond to Pb = 0:1, 0.25, and 0.5, respectively.

curves under three selected values for the blocking probabili-
ties, Pb = 0:1, 0.25, and 0.5. The thin solid curve is generated
by using Eq. (1). We observe that all three curves (two dash-
dot curves and one thick solid curve) lie below the thin solid
curve, indicating that the throughput of the system under Pois-
son arrival traffic is actually slightly lower than that predicted
by Eq. (1), under the selected set of parameters (noting also
that L is limited to a range of 10 slots). We note that when Pb is
small, such as 0.1, the throughput of the system becomes highly
degraded as the loading rate increases. When Pb is increased to
a level such as to 0.25, the realized throughput level is distinctly
improved. However, when Pb is further increased to a blocking
level of 0.50, the maximum throughput level achieved is some-
what lower than that attained for Pb = 0:25. As Pb is further
increased, the maximum throughput level gradually decreases.

Packet delay time statistics also serve as important perfor-
mance measures for an Aloha system. To assess the packet’s
delay performance, we examine the number of retransmissions
incurred by a packet until it is successfully transmitted. In
Fig. 3(a-c), we show the behavior of the 90-percentile of the
number of retransmissions, NRet(90%), vs. the total channel
loading G, under Poisson traffic loading, for parameter values
corresponding to the three curves exhibited in Fig. 2. It is in-
teresting to note that the delay performance under Pb = 0:1 is

Fig. 3. The 90 percentile of the number of retransmissions vs. the total channel
loading G curves for Poisson traffic: (a) Pb = 0:1, and (TH;W ) = (10;20); (b)
Pb = 0:25, and (TH;W ) = (10;20); (c) Pb = 0:5, and (TH;W ) = (10;20); and
(d) Pb = 0:25, and (TH;W ) = (12;20).

worse than that observed for Pb = 0:25 in terms of both the re-
alized throughput level (Fig. 2(a,b)) and the attained delay per-
formance, as expressed by NRet(90%). For Pb = 0:50, however,
an improved delay performance is observed, as expected, due to
the high blocking level. Under the assumed conditions, we note
that designs (2) and (3) of Figs. 2-3 yield good performance
behavior.

Note from Fig. 3(d), in comparison with Fig. 3(b), that as the
threshold level is increased (from TH = 10 to TH = 12), mes-
sage delay performance somewhat degrades. Similar through-
put performance has been noted by us for the two cases (not
shown for (d)).

B. Performance of the system under multifractal traffic

First we fix α = 100 and study the performance of the system
under different parameter values for T H; W , and Pb. We find
by numerical simulations that a good selection of (T H;W ) is
(7;20). It turns out that for not too high channel loading condi-
tions, this parameter combination also works very well for the
other studied α parameter values. Since an Aloha channel is
designed to work for not too high loading conditions, we thus
fix (T H;W ) to be (7;20) in the rest of the paper.

Next, we study the dependence of the performance of the sys-
tem on the blocking Pb parameter. Fig. 4 shows the throughput s
vs. the total channel loading G for four different Pb values. For
comparison, the curve generated from Eq. (1) is also plotted as
a dashed curve. We observe that for low loading conditions, the
throughput level is larger when the system is loaded by mul-
tifractal traffic (than that loaded by Poisson traffic), irrespec-
tive of the blocking probability Pb value. Under high loading
conditions, the performance of the system loaded by the LRD
traffic process remains much better than that experienced un-
der Poisson traffic loading, if suitable Pb values (0.4 and 0.6,
corresponding to curves (2) and (3) in Fig. 4) are used.
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Fig. 4. The throughput s vs. total channel loading G curves for the Aloha
system under multifractal traffic with α = 100: (1) Pb = 0:2, (2) Pb = 0:4, (3)
Pb = 0:6, and (4) Pb = 0:8.

Fig. 5. The 90 percentile of the number of retransmissions vs. total channel
loading G curves for the system under multifractal traffic with α = 100: (a)
Pb = 0:2, (b) Pb = 0:4, (c) Pb = 0:6, and (d) Pb = 0:8.

Fig. 5 shows NRet(90%) vs. total channel loading curves for
the four Pb values studied in Fig. 4. We observe that typically
when the blocking level Pb is increased, the delay performance
is improved. In a satellite network, for example, NRet(90%) is
many times required to not exceed 2 (or a similarly small value,
due to the high retransmission delay involved) for not too high
loading conditions. Under such a criterion, a value of Pb = 0:6
is most preferred. Re-examining Fig. 4, we find that this Pb

value also produces good throughput behavior.
Now that we have demonstrated the performance of the sys-

tem under different values for the T H; W and Pb parameters,
we study the performance of the system under multifractal traf-
fic loading processes characterized by different burstiness lev-
els, as expressed by their different corresponding α parameters.
Fig. 6 shows system throughput s vs. total channel loading G
performance curves for five different α levels. It is clearly noted
that the attained system throughput behavior critically depends
on the selected value for the loading process burstiness param-
eter α value. When the multifractal traffic is not very bursty
(α � 100), the throughput performance of the system under
multifrafctal traffic loading is noted to be much better than that

Fig. 6. Throughput s vs. total channel loading G curves for multifractal traffic.
The 5 curves, from bottom to top, denoted as (1) to (5), correspond to α = 10,
30, 50, 100, and 400. The dashed curve is generated from Eq. (1).

attained under Poisson traffic loading. However, when the load-
ing LRD traffic process becomes highly bursty, as is the case
when we set α = 30 or 10, the throughput performance exhib-
ited under multifrafctal traffic is much worse than that attained
under Poisson traffic loading.

We have also studied the delay performance for the system
when loaded by multifractal traffic processes, corresponding to
the conditions used for Fig. 6, and found that for not too high
loading conditions, NRet(90%) is less than or equal to 2.

IV. CONCLUSIONS

In this paper, we have studied the performance of a random-
access scheme when loaded by an LRD traffic loading pro-
cess. The LRD traffic process is modeled as a multiplicative
multifractal process. The random access scheme is the proto-
typical Aloha channel with blocking. Five key parameters are
introduced to characterize the scheme. We show that the key
performance features of the random-access protocols are deter-
mined by the burstiness level of the loading traffic process and
not solely by its LRD character. We demonstrate that when
the LRD loading process is not very bursty, the multiple-access
protocol can yield better performance than that exhibited under
Poisson loading conditions. In turn, significant performance
degradations are observed when the system is loaded by LRD
processes characterized by higher levels of burstiness. We fur-
ther show that the parameters of the protocol must be tuned-up
carefully to yield efficient performance behavior.
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