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Optimal Estimation of Training Interval
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Abstract—In this paper, an optimal training equalization for
wireless communication is proposed and analyzed. By our scheme,
the training of the equalizer is carried out periodically, with the
training interval optimized for a maximal channel utilization.
A closed-form expression for the optimal training interval is
derived via a semi-Markov process which requires the knowledge
of the channel equalization failure time distribution. A statistical
estimation algorithm with complexity ( 2) is presented and
applied to adaptively estimate and track the optimal interval
when the failure time distribution is not available. Numerical
results show that by choosing the optimal training interval, the
channel utilization can be improved and the statistical estimation
algorithm can effectively approach the optimal solution with a
reasonable number of failure time data points. By comparing this
scheme with nonperiodic training scheme and the mean time to
failure (MTTF)-based heuristic scheme, we find that our scheme
outperforms the nonperiodic training scheme and provides an
upper bound for MTTF-heuristic scheme.

Index Terms—Adaptive training, equalization, semi-Markov
models, statistical estimation.

I. INTRODUCTION

BROADBAND wireless networks tend to be an integral
part of the global communication infrastructure with the

rapid growth in popularity of wireless data services. With lim-
ited spectrum resources, there is an urgent need for developing
new techniques for better bandwidth utilization.

In wide-band digital communication applications, modulation
pulses will spread and result in intersymbol interference (ISI)
whenmodulationbandwidthexceedsthecoherencebandwidthof
the radio channel. Equalization algorithms are usually built into
the receiver to compensate for the channel amplitude and delay
variations and combat the ISI, in order to reduce the bit-error
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rate (BER) [1]. Generally speaking, the equalization algorithms
can be categorized into training-based equalization and blind
equalization [1], in the sense of whether the training sequence
is needed for the initial adjustment of the coefficients. For the
training based schemes, training is carried out periodically due to
the time-varying nature of the wireless channel and, hence, it is
called periodic training equalizer. Different adaptive equaliza-
tion methods are given in references such as [2] and [3]. For the
blind equalization, no training is needed and higher bandwidth
utilization may be achieved as the channel can be fully devoted to
datapacket transmission.However, theblindequalization ismore
complicated than theperiodic trainingequalizationand itsperfor-
mance suffers from the slower convergence rate [4]. On the other
hand, the bandwidth utilization of the periodic training equalizer
is lower due to the requirement of training sequence. What is
worse, a careless selection of training interval might bring about
either redundant training sequences when the channel varies
relatively slowly, or excessive packet retransmissions when the
channel varies relatively fast.

In [5], an adaptive training equalization algorithm was
proposed to determine a training decision. The basic idea of
the scheme is that no training sequence is transmitted until
the abrupt change detection algorithm [6] detects changes in
channel parameters that may cause an equalizer failure. In
such case, the receiver requests the transmitter to send out the
training sequence to readjust the channel estimations at the
receiver so as to recover from the failures. This scheme can be
called condition-based training, because the training decision
is directly based on the channel conditions. However, it is
constrained by the complexity of implementation of the abrupt
change detection algorithm, and may be prone to performance
degradation due to false-alarms and missed-alarms.

Based on these observations, our contributions in this paper
are as follows.

1) We have proposed a new optimal time-based training
scheme. By this scheme, the equalizer is still trained period-
ically. However, the optimal training interval is derived from
the equalization failure time distribution, so that the channel
utilization is maximized. With this approach, the channel
utilizations of periodic training equalization scheme could
be improved while maintaining the ease of implementation.
2) We have formulated the proposed equalization policy as
a semi-Markov process (SMP), which is a generalization of
Markov process [7] and has been often used in hardware pre-
ventive maintenance problems [8], [9]. With explicit informa-
tion on the parameters and distribution function of estimation
failure time, the analytical optimal solution could be derived
from our model.
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Fig. 1. Equivalent discrete-time channel model with ISI.

3) We have proposed a nonparametric statistical estimation
method when the channel estimation failure distribution is
not available beforehand. Similar methods were introduced
by Dohi et al. in the study of software rejuvenation policies
[10], where the strictly increasing failure rate (IFR) distribu-
tion was treated. Our approach extends theirs by including
the important case of more general failure time distributions.
It is also worthwhile to point out that our estimation algo-
rithms further illustrate a certain level of adaptivity in the case
of time varying failure rates, which is also explored in this
paper. This estimation scheme is particularly useful due to
the time-varying nature of wireless channels
4) We have also compared the complexity and channel uti-

lization of our scheme with a heuristic scheme that uses mean
time to failure (MTTF) to determine the training interval, as
well as the nonperiodic training scheme proposed in [5]. Our
numerical results have illustrated that the channel utilization
of our optimal periodic training equalization is higher than
that of the nonperiodic training equalizers with lower com-
putational complexity. This scheme also provides an upper
bound in channel utilization for the heuristic MTTF-based
scheme.
The contribution of our work may become more significant

for such applications as the emerging wireless networking and
wireless data services. In these applications, the users tend to
be more “static,” and occupy the channel for a longer time.
In this case, the channel is less fluctuating than the traditional
mobile voice service. Therefore, the selected training interval,
once fixed, need not be revised frequently. The optimal training
equalization is more feasible under such situations, and is, there-
fore, more capable of improving the bandwidth utilization and
of increasing the throughput for a higher QoS.

This paper is organized as follows. Section II sets forth the
equalizer working model under study, where the underlying sto-
chastic process is recognized as an SMP. With this formula-
tion, a closed-form expression for the optimal training interval
is given, with the conditions for the existence and uniqueness
of the optimal result shown in Section III. Based on the theoret-
ical results, an online estimation algorithm for optimal training
interval is presented in Section IV. Then, in Section V, the imple-
mentation issues of the proposed algorithm are addressed. Fol-
lowing that, Section VI shows the channel utilization and com-
plexity analysis of the MTTF-based heuristic scheme and the
nonperiodic training scheme, and Section VII is devoted to the

numerical illustrations of the aforementioned techniques with
a Weibull channel estimation failure time distribution. Finally,
Section VIII concludes the paper.

II. MODEL DESCRIPTION

The well-known discrete-time white noise channel model that
has been used in the study of equalization algorithms is illus-
trated in Fig. 1 [1]. In this figure, is the th channel tap
coefficient when receiving the th symbol, is the original
transmitted symbol, is the time delay, and is the additive
white Gaussian noise. From this model, the received signal
could be written as

(1)

where

and

Practically, the training-based equalizers operate either in
training mode or in receiving mode [1]. In training mode, the
received symbols are compared with the known transmitted
training symbols to determine the channel tap coefficients. In
the receiving mode, the operation may be decision-directed,
where the decisions on the information symbols are assumed
to be correct and are used to track the changes in the channel
model.

Since the condition of the considered channel is time varying,
the discrepancy between the channel estimated by the equal-
izer and the real channel also evolves with time. As a conse-
quence, if the inaccuracy in estimation is not detected and cor-
rected promptly, the erroneously decoded symbols will prevail
and lead to lost data packets [11] and channel outages [12]. To
avoid such losses, the equalizer is trained periodically to rectify
its deviated channel estimations.

This equalization problem can be depicted by the state transi-
tion diagram shown in Fig. 2. The system can be in one of three
states:

• State 0. In this state, the equalizer works in the receiving
mode. Since the information can be conveyed, we call the
state of the equalizer available.
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Fig. 2. Transition diagram for periodic-training equalizer failure/training
procedure.

• State 1. In this state, the equalizer is in the training mode
and it is unavailable to receive user data.

• State 2. In this state, the cumulative channel estimation
error causes an equalization failure, that is, the BER ex-
ceeds the assigned threshold and valid transmission cannot
proceed. Like State 1, this state is also an unavailable state
for the equalizer to receive user data, since the erroneously
received data packet has to be dropped.

In this paper, we use the mean square error (MSE) of channel
estimation as a metric for its failure to estimate channel tap co-
efficients. MSE is defined as

(2)

where is the estimated channel tap coefficient vector when re-
ceiving the th symbol, and the superscript denotes the trans-
pose. With as a threshold given in advance, defines
the failure of the channel estimator to keep track of the channel
variations.

When the equalizer in question stays in State 0, its only avail-
able state, it will either enter State 1 with a general distribution
function (for transmission of a training sequence), or fail
with a distribution function (due to excessive channel es-
timation errors). The distribution function for the duration of
training is . When the equalizer is in State 2, there will be
a certain delay experienced by the sender to notice the transmis-
sion failure by either a negative acknowledgment or a timeout
event. We assume this delay has a distribution function .
After this delay, the sender will have to transmit a training se-
quence to re-establish the communication. Therefore, as shown
in Fig. 2, the system enters State 1 when it leaves State 2.

We assume that periodic training is performed in our pro-
posed scheme. Suppose the training interval is (that is,
is the time elapsed between two consecutive training triggers).
Then, , where is the unit step function.
The duration for each training interval is generally distributed
with mean , and the time required to recover from the equal-
ization failure is assumed to be generally distributed with mean

. Similarly, the mean channel estimation failure time is as-
sumed to be . Since each state is a regenerative state, the un-
derlying stochastic process is an SMP [7].

III. SMP AND OPTIMIZATION

We define channel utilization as the goodput divided by the
channel capacity, where the goodput means the amount of valid

user data retrieved by the receiver in a unit time. From the pre-
ceding discussion, it is obvious that only in State 0 could user
data be received with negligible errors. Assume the channel ca-
pacity is a constant , the steady-state channel utilization can
then be written as

where is the steady-state probability that the system is in
State 0.

Following the standard procedure of SMP analysis and em-
ploying the approach in [9] and [13], we first construct the kernel
matrix with the following structure:

(3)

The nonzero elements of could be derived as follows:

Training is triggered before channel

estimation failure by time

where is the complementary distribution
function for any . Similarly,

Channel estimation failure occurs

before the training is triggered by time

We also have

Training completes by times

and

Channel estimation failure

recovered by time

Let be the one step transition probability
matrix of the embedded Markov chain (EMC) of the SMP. Then
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where

Solving the EMC steady-state equations and
, we obtain

The expected sojourn time in State 0 is

and the expected sojourn time in States 1 and 2 are

The steady-state probability of each SMP state is, therefore,
[7]

Then, the steady-state channel utilization can be obtained as

(4)

By taking derivative of with respect to , we have

where

(5)

and is the failure rate.
Since, by definition, the preventive maintenance is always taken
before the system fails, which means is always larger
than 0, the system failure rate , therefore, exists.

We obtain the following theorem on the existence and unique-
ness of the optimal training interval based on an extension of the
work in [10], where only the strictly IFR case was considered,
by considering the general IFR case.

Theorem 1:

1) If (or ), then there is
a finite optimal training interval satisfying , and
its local maximal channel utilization can be taken as

(6)

Moreover, if the channel failure time distribution is increasing
failure rate (IFR),1 i.e., , then there is a fi-
nite and unique optimal training interval such that

,2 and the maximal channel utilization can
be taken as

(7)

In addition, if at , then is the only
element in the set .
2) If and the channel failure time distribution is
IFR, then the optimal interval is , and

Proof: Clearly, setting implies
.

1) Note that . If , there is a finite
optimal training interval such that

(8)

which implies is a local maximal value. Otherwise,
if , or if there is no sat-

isfying (8), which will lead to contradictions.
Furthermore, considering the case when the failure time

distribution is IFR (i.e., is not decreasing), we have

which implies is nonincreasing and is concave in
. Then, there is still a finite such that

is a local maximal value and also the set is
simply-connected. This implies that all the values of
with taken in the set are the same and, therefore, is
the global maximal value, with taking

. Moreover, with at , this is the
unique solution of because is nonincreasing
and it is strictly decreasing at .
2) If , the optimal policy is based on the
fact that is increasing with respect to .

IV. STATISTICAL ESTIMATION ALGORITHM

Deriving the optimal training schedule by Theorem 1 requires
the knowledge of the channel estimation failure time distribu-
tion . However, this information is generally not available
a priori and is to be obtained from measurements followed by
statistical inference. To this end, in this section, we follow the
ideas in [10] and [14], and present a statistical optimization al-
gorithm to estimate the optimal training schedule online.

1For the equalization problem, resulting from the error propagation in the
equalization algorithm and the time varying nature of the channel, it is reason-
able to assume that the channel estimation errors accrue with time, which leads
to the IFR failure time distribution.

2Generally speaking, the longer interval is preferred since the system opera-
tional cost decreases with the increase of training intervals.
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One difficulty in collecting the channel estimation failure
time online is that since the equalizer is trained periodically, we
cannot obtain the failure time that is larger than the retraining
interval from the equalizer alone. To solve this problem, two
identical channel estimators are required. One of the esti-
mators (we call it the primary estimator) works in normal
mode with the equalizer, and is updated periodically by the
training process. The other estimator (we call it the secondary
estimator), however, is not trained. We take the output of the
primary estimator as the real channel parameters , and the
output of the secondary estimator as the estimated channel
parameters . When the MSE of the output of the secondary
channel estimator is larger than as in (2), an estimation
failure is indicated and the failure time is recorded.

This process enables us to collect the channel estimation
failure time data and, therefore, enables the online optimization
process, as discussed in the following.

In this section, we assume and .
The scaled total time on test (TTT) transform [14] is defined as

(9)

Suppose the channel is monitored continuously, and an or-
dered complete observation of the times when [as in
(2)] is obtained as . Then, the scaled TTT
statistic based on this observation is defined by ,
where

(10)

We also use the empirical distribution function

for

for

to play the same role of in (9). In fact, define
, then we have

uniformly in with probability one (see [14]).
Following the ideas in [10] and [14], a nonparametric statis-

tical estimation algorithm given for the optimal training interval.
Theorem 2: Suppose that is IFR (i.e, )

and if .

1) With this notation, obtaining the optimal training interval
is equivalent to obtaining such that

(11)

2) Assume that the optimal training interval is to be esti-
mated from ordered complete sample of size

of the failure times from an absolutely contin-
uous distribution , which may be unknown. Then, a non-
parametric estimator of the optimal training interval which
maximizes is given by , where

(12)

Moreover, converges to the optimal solution uniformly
with probability one as , if a unique optimal schedule
exists.

Proof: With the given conditions and the discussions in
[14], it is not difficult to see that is IFR if and only if
is concave on . Let

After differentiation with respect to and setting it equal to zero
(considering that , and is strictly monotoni-
cally increasing when because of the given conditions),
we have

which can be found to be equivalent to after a few
algebraic manipulations. Note that is the maximal value sat-
isfying and is strictly monotonically increasing.
Therefore, defined in (11) equals .

The proof for the second part of this theorem is quite
straightforward, based on the preceding discussion and results
in [14].

In summary, the following steps could be taken to obtain the
training interval .

Step 1) Sort the observations of equalizer failure time in
ascending order, which is .
Step 2) Calculate , according to (10) and
obtain .
Step 3) Find

and .
As a brief discussion of the complexity, assume merge sort

is used in Step 1 and has complexity ,
Step 2 has complexity , and Step 3 has complexity .
Therefore, the overall complexity of our algorithm is .

V. IMPLEMENTATION

The basic system block diagram to implement the optimal
training equalization idea proposed in the preceding sections is
showninFig.3.Whenthereceiver isworking in the trainingmode
(State 1), the received signal is used by the primary channel es-
timator to estimate the channel parameters; but when the receiver
is working in the receiving mode (State 0), the estimated channel
tapcoefficientsfromtheprimarychannelestimatorareusedbythe
equalizer to compensate for the ISI in to retrieve the originally
transmitted signal . On the other hand, the secondary estimator
always works in the receiving mode, and its output is compared
with that of the primary estimator. When an estimation failure
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Fig. 3. System block diagram for implementation of optimal training equalization.

is detected, the failure time is reported to the training interval
estimator, and the parameters of the secondary estimator are
reset to the values of the primary estimator. The optimal training
interval isestimated in theoptimal training intervalestimator, and
its value is fed back to the transmitter.

In the receiving mode, the output from the equalizer is fed
into the subsequent decoding and decision logic to determine
the originally sent symbol . The decoded symbol from
the decoder is used by the primary channel estimator to track
the channel changes. However, we should keep in mind that

is not actually error free. Erroneous will introduce er-
rors into the primary channel estimator and result in false failure
time measurements. In this case, with the assumption that cer-
tain error control coding technique is applied and an unrecover-
able error in can at least be detected, the channel estimation
failure can then be identified and signaled to the training interval
estimator by the decoding and decision logic when the BER ex-
ceeds a tolerable threshold.

The block diagram for the channel training interval estimator
is shown in Fig. 4. When the MSE of channel tap coefficients
is found to be larger than the threshold, or excessive BER is
indicated by the decoder/decision logic, the channel estimation
failure time is recorded. If the sample size is , the oldest
sample is discarded. Then, the timer is reset and another mea-
surement is taken.

The motivation for using a limited number of data samples is
that the channel estimation failure model may be time-varying,
and limiting sample size ( in our case) by throwing away the
old data can adapt the estimator to a changing environment. Al-
though smaller sample size enables faster response to model
changes, larger sample size, if possible, can lead to more ac-
curate estimation as demonstrated by Theorem 2.

VI. MTTF-BASED HEURISTIC SCHEME AND THE

NONPERIODIC TRAINING SCHEME

In this section, we present the complexity and performance
analysis of a heuristic scheme based on MTTF and the nonpe-
riodic training scheme based on abrupt change detection algo-
rithms. In next section, the performance of these three schemes
are compared through numerical examples.

Fig. 4. Transition diagram for nonperiodic training equalizer failure/repair
procedure.

MTTF-based heuristic scheme. For MTTF-based schemes,
the training interval can be chosen as with .
The channel utilization of this scheme may be computed by (4),
with substituted by . The value of needs to be
carefully selected to maintain a high channel utilization, as will
be illustrated in the numerical examples. Since only the average
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Fig. 5. Block diagram for channel training interval estimator.

of the failure time data need to be computed, the complexity
of this scheme is .

Nonperiodic training scheme. Since no periodic training is
performed, the system model for the nonperiodic training equal-
ization is a two-state failure/repair process shown in Fig. 5.
Since the abrupt change detection algorithm is used, the nonpe-
riodic training equalizers could detect the equalization failure
and send back the NACK packet at the beginning of the re-
ception of erroneous packet. Therefore, the detection delay of
nonperiodic training schemes is less than that of the periodic
training schemes, which results in less repair time.

The steady-state channel utilization of this class of equalizers
can thus be computed as

However, the system model in Fig. 4 represents an idealistic
case where the channel change detection algorithm is assumed
to be perfect in detecting channel changes. In realistic appli-
cations, this may not be true and the abrupt change detection
algorithms may be prone to false-alarms and missed alarms de-
pending on the parameter selections and nature of changes [6].
This may impair the performance of this class of schemes.

The abrupt change detection algorithm involves the channel
change magnitude estimation and abrupt change likelihood
ratio estimation. Suppose there are channel observation sam-
ples, the complexity of the abrupt change detection algorithm
in [5] is . In this sense, the scheme proposed in this paper
possesses much less complexity than the nonperiodic training
scheme.

VII. NUMERICAL RESULTS

In this section, we evaluate the performance of the proposed
optimal training algorithm through numerical examples. We as-
sume that the channel estimation failure time is Weibull dis-
tributed, with the distribution function

(13)

The expected sojourn time in State 0 is [15]

(14)

where is the gamma function, and
is the incomplete gamma function.

Then, the channel utilization can be easily obtained from (4).
We assume that the data transmission speed of the communi-

cation link is 1 Mb/s. The length of the equalization sequence
is 128 B, and the data frame length is 4 kB. An erroneously re-
ceived packet would be indicated by the receiver with a negative
acknowledgment (NACK) packet sent to the sender, preceded
by a training sequence so that the sender can correctly receive
the NACK packet. We assume the length of NACK packet is 256
B. When a packet loss is detected, the sender will have to again
send out a training sequence, followed by a retransmission of
the data packet. A switching delay of 10 ms is introduced for
this recovery process.

With the parameters selected earlier, the time required for the
training is 128 8 2 0.97 ms, and the average time to
recover the system from the failed state needs to include the
duration of training for NACK packet transmission, the time
taken to transmit a NACK packet, the time taken to transmit
the packet, and the switching delay. Therefore, the time taken to
recover from the channel estimation failure is 4 0.25 8
2 1000 2 0.97 10 44 ms.

The parameters for the channel estimation failure distribution
are chosen as

which will result in an MTTF of 522 ms.
Applying Theorem 1 and noting that

and

a finite optimal solution exists.

A. Channel Utilization of the Optimal Periodic Training
Equalization

Fig. 6 shows the improvement on channel utilization by
choosing the optimal training interval . This result is obtained
from the closed-form expression in (4). We can see that ,
with a maximal value of , benefits significantly
from choosing the optimal training interval, ms.
This means that the optimal scheme requires that a training
sequence be transmitted after three consecutive transmission of
data frames. Compared to transmitting one training sequence
before every data frame, the adaptive training method reduces
two redundant training sequences and thus increases the link
utilization.

Since the failure time distribution is strictly IFR (that is,
), the value satisfying is

unique (following Theorem 1). However, for instance, if the
failure time distribution is changed to the exponential at time
with , then the failure rate of the distribution becomes
a constant, which means there will be a time interval with any

in it satisfying . If so, the optimal training interval
is chosen as according to Theorem
1 based on the fact that fewer training processes imply less
system cost, without changing the channel utilization.

Fig. 7 shows the asymptotic behavior for the estimation of
based on TTT transform and Fig. 8 shows the corresponding
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Fig. 6. Channel utilization versus training interval t .

Fig. 7. Asymptotic behavior of optimal training interval estimation with
sample size n.

channel utilization. For this calculation, we assume that the esti-
mation failure time data can be obtained error-free. From these
two figures, we see that satisfactory results could be obtained
with sample size 30.

If a mobile user moves to a new environment, or a new noise
source is added, then the considered channel failure model
may change correspondingly. However, our design idea can
still work well with the assumption that a maximum number
of observed channel data points suffice from a statistical
standpoint, since the optimal training interval can be calculated
with samples. We study this issue in our second numerical
experiment, where the channel failure time distribution param-
eters experience an abrupt change to

The number of data samples for the TTT transform is chosen
to be 40. Fig. 9 shows the variation of under the abrupt change
in channel failure distribution parameters and Fig. 10 shows the
corresponding channel utilization. It can be observed from these
two figures that the estimate converges to the optimal value
when more than 20 new failure time data points are collected

Fig. 8. Asymptotic behavior of channel utilization with sample size n.

Fig. 9. Tracking ^t under abrupt change of channel estimation failure
distribution parameters.

Fig. 10. Channel utilization under abrupt change of channel estimation failure
distribution parameters.

on the new distribution parameters. We notice that the optimal
training interval decreases from around 90 to around 20 ms. In
this case, the training frequency needs to be increased from once
for every three data packet transmissions to once for every data
packet transmission. It is worthwhile to point out that although
the estimation error of is not negligible (as shown in Fig. 9),
but since the retraining interval has to be an integer number of
data packets, it is actually rounded off in the final decision of the
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TABLE I
PERFORMANCE OF HEURISTIC SCHEMES UNDER WEIBULL FAILURE

TIME DISTRIBUTION WITH � = 3, � = 5

TABLE II
PERFORMANCE OF HEURISTIC SCHEMES UNDER WEIBULL FAILURE TIME

DISTRIBUTION WITH � = 1:5, � = 5

optimal training interval. Moreover, this error may be reduced
by adoption of more advanced estimation algorithms, or para-
metric estimation methods if some information on the failure
time distribution is available beforehand. This is left for our fu-
ture investigations.

B. Comparison With MTTF-Based Heuristic Scheme and
Nonperiodic Training Scheme

For the heuristic scheme where the training interval is chosen
as , Table I shows the impact of value on the uti-
lization with , , and Table II shows the result with

, . From these results, we observe that by care-
fully choosing the value of the heuristic schemes approach
the maximum achievable channel utilization. For example, for

, the optimal would be 6, and for ,
the optimal would be 8. However, if a general is to

be chosen to guarantee the performance of both these two cases,
then its value should be 5 or 6 so that the utilization is less than
1% smaller than the maximal value. Therefore, we use
for the MTTF heuristic scheme, which means that the training
interval is .

For the nonperiodic training schemes, we assume the abrupt
change detection algorithm works perfectly with negligible de-
tection delay and no false/missed alarms. The time to recover
the system from the failure state to the operational state thus in-
cludes the duration of training for NACK packet, the time taken
to transmit a NACK packet, switching delay, and the training
time. Therefore, the recovery delay may be computed as

Fig. 11. Comparison between the optimal periodic training scheme, the
heuristic scheme, and nonperiodic training schemes.

ms, which is much
less than the recovery delay for the training based schemes.

To compare these schemes, Weibull distribution is assumed
for the equalizer failure time, with varied from 1.2 to 6 and

. Fig. 11 shows the channel utilization corresponding to
these schemes with respect to . We observe that the channel
utilization of the optimal scheme is significantly better than
the nonperiodic training equalization scheme, while the perfor-
mance of heuristic MTTF scheme approaches the optimal result.

The disadvantage of the MTTF-heuristic scheme is that its
performance is dependent on the value of . Although
may be a good choice for Weibull distributed failure time, this
is not always necessarily true for other failure time distribu-
tions. Therefore, this class of schemes is dependent on a priori
distribution information, e.g., the type of distributions. In this
sense, the nonparametrical statistical estimation algorithm is
better than the heuristic scheme in its independence of distri-
bution information.

VIII. CONCLUSION

In this paper, we have proposed an optimal time-based
training scheme. A closed-form solution for the optimal
training interval is obtained to maximize the channel utiliza-
tion. In addition, a statistical estimation algorithm is proposed
and applied to dynamically estimate the optimal training in-
terval with channel estimation data collected online, when the
channel estimation failure time distribution is not available.
Through numerical evaluations, we found that the proposed
training policy effectively improves the bandwidth utilization
compared with nonperiodic training schemes, while providing
an upper bound for heuristic schemes. The adaptive tracking
performance of the estimation algorithm under abrupt changes
in the channel estimation failure time distribution is also
demonstrated. We focused on the equalization problem under
a general class of resource reservation media access control
(MAC) schemes. The performance of the optimal training
equalization scheme under specific MAC protocols will be
addressed in future.
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