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ABSTRACT
In this paper, we address the problem of providing
guaranteed quality of service (QoS) channels over multi-
frequency time division multiple access (MF-TDMA)
systems that employ DPSK with multiple modulation
modes. The two QoS measures that we consider are the bit
error rate (BER) and the data rate. We treat the data rate
as a deterministic QoS measure, and the BER as a
statistical QoS measure. Our approach is divided into two
phases: resource calculation and resource allocation. In
the resource calculation phase, we calculate the number of
timeslots required to provide the desired level of QoS. We
treat this as a disturbance prediction problem and present
a Markov model based scheme for solving it. We compare
the performance of this scheme with that of the scheme
implemented in the Extremely High Frequency Satellite
Communication (EHF-SATCOM) systems, which are
jointly used by the four military services. The resource
allocation phase addresses the problem of allocating
actual timeslots in the MF-TDMA channel structure
(MTCS). The MTCS allows flexibility in capacity
allocation, but suffers from inefficiencies caused by
fragmentation. Here we propose a novel packing scheme
called the Reserve Channel with Priority (RCP) fit, and
show that it outperforms the first-fit and the best-fit
algorithms in the cases considered.

1. INTRODUCTION
MF-TDMA is an uplink access mode favored by many
modern satellite communication systems. In these systems,
multiple frequency channels are allocated for the uplink
access, and the TDMA scheme is employed in each of the
channels. Thus, each frequency channel is divided into a
fixed number of timeslots that can be assigned to multiple
users [1]. In this context, a user represents an entity (e.g.,
an earth terminal) soliciting resources of the satellite link.

We will use the terms resource and timeslots
interchangeably.

In an MF-TDMA access scheme, the number of
timeslots allocated to a user is directly related to the QoS
of the link. The two QoS measures considered here are the
data rate and the BER. We treat the data rate as a
deterministic QoS measure, and BER as a statistical QoS
measure. In the case of systems employing DPSK with
multiple modulation modes, these measures are directly
related to the number of timeslots allocated, modulation
mode being used, and the disturbance level in the system.
The disturbance level in the system in turn depends on
various system and environmental parameters, such as the
power level, the rain level, etc. A brief discussion of these
relations can be found in [2]. While most of the factors
contributing to the disturbance level are deterministic,
some are not. To calculate the number of timeslots
required to satisfy the desired level of QoS, we need to
predict the aggregated effect of the non-deterministic
parameters on the disturbance level. In this paper, we
present a Markov model based scheme for predicting the
worst-case disturbance level over the call duration. We use
this disturbance level to compute the number of timeslots
required.

After the terminal has calculated the number of
timeslots required to satisfy its QoS, it sends a message to
the resource controller in the satellite to request these
timeslots. In the resource allocation phase, the controller
invokes a resource allocation algorithm to share the uplink
capacity among the active terminals. The resource
allocation algorithm examines the MTCS to search for a
contiguous set of unused timeslots large enough to
accommodate the request. If sufficient resources are found,
then the timeslots are allocated and this information is
broadcast to all the terminals in the form of a burst time
plan (BTP). Packing schemes such as the first-fit and the
best-fit algorithms can be applied to the given allocation
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problem, but due to the packing restrictions that are unique
to the resource allocation problem of the MF-TDMA
system, the straightforward application of these algorithms
is inefficient. In this paper, we propose a novel packing
algorithm called RCP-fit that shows performance
improvements over first-fit and best-fit.

It has been shown that obtaining the analytical
performance of such packing algorithms under various
probabilistic assumptions is nearly impossible except for
the simplest cases [3]. Thus, we use simulation as a basis
for comparing the performance of RCP-fit with the other
packing algorithms (i.e., best-fit and first-fit).

2. THE CHANNEL STRUCTURE
We adopt a model based on the Milstar EHF-SATCOM
system. This model uses MF-TDMA as its uplink access
method and one time-division multiplexed stream as its
downlink access method. The uplink bandwidth is divided
into several sets (or beams). Each satellite is capable of
receiving multiple beams and each beam is made up of
several frequency channels. We assume that 32 frequency
channels are available for the uplink and each frequency
channel is made up of 70 time division multiplexed
timeslots per frame. The 70 timeslots are allocated in
groups, called bursts. Each burst is composed of a single
string of contiguous timeslots over which a terminal
transmits its data. The length of the string required to
support the desired data rate depends on the uplink mode.
This dependence is described by the burst rate, which is a
characteristic of the uplink mode. The burst rate is defined
as the rate at which symbols can be transmitted within the
burst. These relationships are tabulated in [2].

The bursts are allocated to the MTCS according to the
following restrictions:
Restriction 1: The set of timeslots used by a terminal to
support a channel of any given data rate must be
contiguous on one frequency.
Restriction 2: A terminal cannot use timeslots that overlap
in time.
Restriction 3: A single terminal cannot be assigned more
than 70 timeslots in a single frame.

3. RESOURCE CALCULATION

3.1. The Resource Calculation Phase
In the resource calculation phase, we determine the
number of timeslots required to set up a communication
channel with a requested level of QoS.  The QoS measures
we consider here are the BER and the data rate. For a fixed
amount of the resource (i.e., the timeslots) different QoS
configurations can be selected by selecting different
modulation modes. Thus, if the amount of the resource is
kept fixed (which is preferable for the EHF uplink because
of the delay involved in channel reconfiguration), then one

of the QoS measures can be guaranteed at the cost of the
other.

Many applications, however, require a guaranteed
BER as well as a fixed data rate. To achieve this, normally
one needs to reconfigure the timeslot allocation in real
time. The timeslot reconfiguration on the uplink of the
EHF-SATCOM system is a very time-consuming process,
taking as long as 40 seconds in the worst case. Hence real-
time channel reconfiguration is out of the question.

One way of avoiding this reconfiguration is to provide
some safety margin in the SNR by using a modulation
mode that has a burst rate lower than what is tolerable,
given the required BER. In the current implementation of
the EHF-SATCOM systems, a 12 dB safety margin is
added to the nominal SNR value computed from the link
budget equations [2]. Based on this discounted value of the
SNR, a modulation mode is selected. This method is
inefficient, and might involve wasting a lot of timeslots,
yet not always satisfy the BER requirement. Next we
present a Markov model based prediction scheme and
show that it outperforms the method currently
implemented in the EHF-SATCOM systems.

3.2. Markov Model Based Prediction

Training the Markov Model
The Markov model consists of 80 states. Each of the states
represents the variable part of the disturbance in terms of
equivalent rain (measured in mm/hr) and whether the
disturbance is increasing or decreasing. The states 0
through 39 represent the rain levels of 0 mm/hr through 39
mm/hr and that the disturbance is either increasing or is
constant. The states 40 through 79 represent the rain levels
of 0 mm/hr through 39 mm/hr and that the disturbance is
strictly decreasing. The reason for representing the
variable part of the disturbance in terms of the equivalent
rain is that rain is the main cause of this disturbance,
though other environmental changes can contribute to it to
some extent. A training profile is used to count the
frequencies of various transitions, which are then used to
compute the transition probabilities.

Computing the timeslots
Assume that the duration of the call is known in advance,
and that it is N (an integer) units of time. Denote the set of
all states by Ω. Let },:{ Ω∈jiPij  be the set of transition
probabilities obtained from the training process. Without
loss of generality, assume that the starting time of the call
is 0 and that the state of the system at this time is x0.
Denote the state of the system at time instant n by a
random variable Xn. Thus, we have, X0 = x0. Let us use the
notation rainlevel(x) to denote the rain level in state x, i.e.,
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Given a probability threshold p0, we wish to find the
smallest value r such that
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where Rn = rainlevel(Xn). If we could compute the LHS of
(2) for any value of r (between 0 to 39, of course), then we
can easily determine the smallest r satisfying (2). Clearly,
if r is less than x0, then the LHS in (2) is zero. Thus, it
suffices to consider the case where r ≥ x0. For each r,
define the set S(r) ≡ {i ∈ Ω: rainlevel(i) ≤ r}. Then the
LHS of (2) can easily be computed as follows:
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Given a probability threshold, we find the smallest r
satisfying (2) in the set {rainlevel(x0), rainlevel(x0) + 1, …,
39} using binary search. This is the maximum value
(supremum) of the effective rain level over the call
duration with a confidence level of p0.

Once the supremum of the effective rainlevel over the
call duration is obtained, the burst rate (and thus the
modulation mode) needed to satisfy the BER requirement
is computed (using the link budget equations; see [2]). The
number of timeslots required to provide the requested data
rate in this modulation mode is obtained using a lookup
table [2] and the communication channel is set up in the
computed modulation mode. The method of allocating the
timeslots on the BTP is described next.

4. RESOURCE ALLOCATION

4.1. Problem Description
After the terminal has calculated the number of timeslots,
it sends a message to the resource controller requesting
these timeslots. In the resource allocation phase, the
controller invokes a resource allocation algorithm to
allocate the timeslots of the MTCS.

The problem of allocating timeslots for the uplink can
be viewed as a variant of the dynamic bin-packing
problem. For our application, frequency channels represent
the equal-capacity bins (70 timeslots each) and the bursts
represent the items that need to be packed. The objective is
to maximize the number of bursts allocated in the

frequency channels with the constraints described in
Section 2. The general bin-packing problem is NP-
complete, and most of the research efforts have
concentrated on finding close bounds on the worst-case
performance of well-known packing schemes such as the
first-fit and the best-fit algorithms applied to the static case
[4]. Coffman et al. [5] formulated the dynamic bin packing
model and analyzed the first-fit algorithm within this
setting. However, they did not consider the problem of
managing space within a bin in order to reduce
fragmentation that might prevent an item from being
allocated although the total space is sufficient for it. An
approach specific to the EHF-SATCOM systems has been
discussed by Nichols et al. [6]. But their approach is
limited to the static case. Due to the dynamic nature of the
service request arrivals, diversity of the burst sizes, and the
packing restrictions, frequency channels are prone to have
many fragmented spaces within it. Obviously, packing
efficiency is directly effected by the fragmentation.

4.2. The RCP-fit Algorithm
As already mentioned, the first-fit and the best-fit
algorithms are commonly used as approximate algorithms
for bin-packing problems. These algorithms blindly pack
the given items without any knowledge of the arrival
statistics of the items or the special packing restrictions
that might exist in a specific application. In contrast, our
RCP-fit algorithm uses the arrival statistics of the items
and also introduces the concept of “reserved channels” to
pack the items more efficiently. The packing efficiency is
improved by reducing the fragmentation in the packing
process. Our algorithm exploits the case where a small
number of terminals dominate the uplink traffic load.

Before describing the details of RCP-fit, we define the
following terms:
• Channel tag: It specifies whether a given channel is

reserved, unreserved, or empty. If the channel is one of
the reserved channels, then it also specifies the
channel’s priority factor.

• Reserved channel: A frequency channel that is
reserved for a certain terminal. All the bursts allocated
in this channel are coming from the same terminal.

• Unreserved channel: A frequency channel that can be
shared by multiple terminals. This channel is
characterized by a heterogeneous mix (in terms of
terminals) of bursts allocated within the channel.

• Empty channel: A frequency channel that is
completely empty. There are no bursts allocated to the
channel.

• Priority factor: Each terminal is assigned a priority
factor, which represents the uplink traffic load that the
terminal is generating and is defined as
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     id : mean duration of the service requests coming from
            terminal i
      il : mean burst length of the requests coming from
            terminal i
     iτ : mean interarrival time of the service requests
            coming from terminal i

In (4), id  and iτ are in units of frames and il  are in
units of timeslots.

The following steps describe RCP-fit applied to the
timeslot allocation problem. In steps 3, 5, and 6, the burst
is allocated in the smallest space available within the
frequency channel that is large enough to fit it.
1. Terminal i requests x number of timeslots.
2. Scan the frequency channels and get their tag values.
3. Search for a reserved channel that is reserved for

terminal i. If a reserved channel is found, then go to
step 4, otherwise go to step 5.

4. Scan the reserved channel for an empty space big
enough to accommodate the request. If it has a
contiguous string of empty timeslots longer than x,
then go to step 9. If not, then go to step 10.

5. Scan the tags for an empty channel. If an empty
channel is found, then go to the next step. Otherwise
go to step 7.

6. Reserve the channel for terminal i (i.e., change the
channel tag to “reserved”) and go to step 9.

7. Scan the tags for an unreserved channel. If an
unreserved channel with enough space is found, then
go to step 9, otherwise go to the next step.

8. Scan the tags for a reserved channel with the smallest
priority factor that has enough space to accommodate
the request. If such a channel is found, then change the
channel tag from “reserved” to “unreserved” and go to
the next step. Otherwise go to step 10.

9. Allocate the timeslots and exit.
10. Reject the service request and exit.

5. SIMULATION RESULTS

5.1. Markov Model Based Prediction
The simulations were performed on computer-generated
Markov and non-Markov disturbance profiles. We
performed a total of twelve different simulations, six with
Markov profiles and six with non-Markov profiles. Each
simulation used two different profiles (with the same
probability distribution), one for the training phase and one
for the prediction phase. The profiles used in different
simulations had different distributions, signifying different
“harshness” levels. The simulations were used to compare
the performance of our algorithm with the 12 dB scheme

currently implemented in the Milstar EHF-SATCOM
system.

For comparing the performance of the two techniques,
two different measures were used, as follows:

1. Slot allocation factor: Let min
iS be the minimum

number of timeslots needed to satisfy the BER requirement
of call i, without reconfiguring the channel. Note that this
can be determined by observing the disturbance profile,

but only after the call has been completed. Let A
iS  be the

number of timeslots allocated by algorithm A for call i.
Then the slot allocation factor (SAF) of algorithm A (here,
A represents the 12 dB scheme or the Markov model based
prediction scheme) is defined as
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2. Fraction of times the QoS is not satisfied: This
measure is defined as the number of calls for which the
BER requirement is not satisfied, divided by the total
number of calls. Because of space constraints we provide
simulation results for only one profile. Figures 1 and 2
show the performance of the two schemes for the case of a
moderate, non-Markov disturbance profile.

It can be seen that for a certain range of probability
thresholds our scheme outperforms the 12 dB scheme in
terms of both of the measures. For the rest of the range of
probability threshold, our scheme outperforms the 12 dB
scheme in terms of at least one of the measures. These
results establish the superiority of our scheme over the 12
dB scheme. Similar results were obtained for the other
disturbance profiles.

For detailed descriptions of the simulations and the
simulation results, see [2].
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Figure 1: Comparison of the SAF performance of the two
schemes in the case of a moderate non-Markov profile.
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Figure 2: Comparison of the two algorithms on the basis
of the fraction of times the QoS is not satisfied

5.2.  Performance of RCP-fit
Figures 3 and 4 compare the three packing algorithms

when the user requests are biased. Here, biased means that
certain terminals have larger load factors than others, a
scenario for which RCP-fit was specifically designed. The
load factor is defined as the mean duration of the requests
divided by the interarrival time of the requests. The
number of biased terminals was fixed at two and the bias
factor for these terminals was set to 24; i.e., these
terminals have a load factor that is 24 times greater than
the unbiased terminals. The bias factor is used to compare
the relative traffic load created by the biased terminals. We
use two measures to quantify the performance of the three
packing schemes: utilization and timeslot rejection ratio
(TRR). Utilization is defined as the percentage of timeslots
that are actually being allocated, and the TRR is defined as

                          100
],min[

],min[

max

max ×−
NN

NNN

r

ar                      (6)

where rN  is the number of requested timeslots, aN  is the
number of timeslots that are allocated, and maxN  is the
maximum capacity of the system in terms of timeslots. In
Figures 3 and 4, the number of terminals requesting
service on the uplink (not necessarily simultaneously) is
fixed at thirty.

It can be seen from the simulation results that a
performance improvement was obtained in terms of
utilization and TRR by using RCP-fit. A utilization gain of
29% was obtained when RCP-fit was used instead of best-
fit (when the load factor was 100).
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Figure 3: Utilization for biased requests, 30 terminals,
2 biased terminals, bias factor = 24
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