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Robust Adaptive MMSE/DFE Multiuser Detection in
Multipath Fading Channel with Impulse Noise

Bor-Sen Chen, Fellow, IEEE, Chang-Lan Tsai, and Chia-Sheng Hsu

Abstract—The direct-sequence code-division multiple-access
(DS/CDMA) technique is extensively used for cellular, personal,
and mobile radio communication systems. However, the con-
ventional channel estimators cannot provide accurate channel
information for multiuser detection in the presence of impulsive
noise and Doppler spread, especially in the time-varying fading
channel. We propose a linear-trend tracking method for esti-
mating the impulse response of the time-varying channel via a
robust Kalman filtering with a scheme that can automatically
adjust the variance of the driving noise. The proposed method
need not identify the parameters of the channel model and is
insensitive to the speed of channel variation. Following channel
estimation, a robust multiuser detection algorithm is developed
via a Kalman-based decision feedback equalization (DFE). A non-
linear limitation function is incorporated to mitigate the effects
of channel estimation error and impulsive noise and to prevent
severe error propagation. Simulation results conclude that the
performance of the DS/CDMA system is improved by using the
proposed receiver.

Index Terms—Channel estimation, CDMA, linear trend channel
model, robust Kalman filtering.

I. INTRODUCTION

D IRECT-SEQUENCE code-division multiple-access
(DS/CDMA) communication systems are characterized

by increased capacity in terms of the number of users per
bandwidth unit, greater flexibility in the allocation of channels,
light signaling protocols, the ability to operate asynchronously
over multipath fading channels, as well as the capability of
sharing bandwidth with narrowband communication systems
[1], but DS/CDMA systems exhibit a capacity limit in the
sense that there exists a maximum number of users that can
simultaneously communicate over multipath fading channels
for a specified level of performance per user. This limitation is
caused by multiple-access interference (MAI) among the users
and intersymbol interference (ISI) arising from the existence of
different transmission paths.

The optimal multiuser detector [2], which minimizes the
probability of bit error, is implemented by using the maximum
likelihood (ML) sequence detection method via the Viterbi
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algorithm. However, the computational complexity of the
Viterbi algorithm grows exponentially with the number of
users and the length of the time-dispersive channel. Many
suboptimal schemes have been studied to reduce the com-
plexity. Linear filtering methods are explored in greater detail
[3]–[9]. Channel estimation is required for coherent detection
in most DS/CDMA receivers, including the Rake receiver,
minimum-mean-square-error (MMSE) detectors [10], min-
imum variance detectors [11], and multistage interference
cancellers [12]. Inaccurate channel estimates would lead to
a large bit-error rate, especially with multiuser detection.
Therefore, many joint channel estimation/symbol detection
algorithms have been presented [7], [13], [14]. However, these
channel estimators need to identify the channel coefficients,
and channel noise is assumed to be Gaussian distributed.

It has been found that a variety of man-made noises (e.g., igni-
tion noise, powerline noise, microwave oven noise), which are
known to be major causes of errors in digital radio communi-
cations, are impulsive. Their statistical characteristics are very
different from the Gaussian ones [15], [16]. Therefore, it is nec-
essary to develop a robust receiver scheme for DS/CDMA in
an impulsive noise channel. A robust multiuser detection tech-
nique has been developed to combat MAI and impulsive noise
in CDMA communication systems in [15]. This technique em-
ploys the -estimation method [22] for robust regression. In-
stead of minimizing a sum of squared residues, Wang and Poor
minimized the sum of a less rapidly increasing function of the
residues.

In this paper, the effects of both multipath time-varying
fading and impulsive noise are considered in the design of
a channel estimation and symbol detection algorithm for
DS/CDMA systems. A robust linear-trend tracking algorithm
and a robust multiuser detection algorithm are proposed to
combat the multipath time-varying fading channel with impul-
sive noise. In contrast to the conventional autoregressive (AR)
channel model [5], the proposed linear-trend channel model
with a scheme for tuning the variance of the driving noise is less
sensitive to channel variation due to the changing of Doppler
frequency (for example, due to the changing of mobile speed).
We need not identify the coefficients of the transition matrix
of the linear-trend model. The time-varying fading channels
are estimated by the proposed robust channel estimator with a
self-tuning scheme to track the time-varying fading. Moreover,
a decision feedback-based robust multiuser detection algorithm
is derived by taking into consideration the channel estimation
error. Nonlinear limitation functions are embedded into the
robust channel estimator and robust multiuser detector to mit-
igate the impulsive noise. Finally, computer simulations are
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given for comparison with other methods and to demonstrate
the superiority of the proposed method.

The rest of this paper is organized as follows. Section II
describes the channel model and presents the DS/CDMA
transmitter and receiver structures. Section III proposes the
linear-trend model for channel estimation. Section IV explains
how the channel can be tracked in a time-varying Doppler
environment. A self-tuning scheme is applied to automatically
adjust the variance of the driving noise of the linear-trend
model in the time-varying Doppler environment. The robust
multiuser detector is illustrated in Section V. The bit-error rate
performance of the robust multiuser detector is also simulated.
Concluding remarks are finally made in Section VI.

II. COMMUNICATION SYSTEM MODEL

Consider a -user binary DS/CDMA system. The trans-
mitted signal due to the th user is given by

(1)

where denotes the th binary symbol of the th user,
is the symbol period, and is the normalized chip wave-
form with finite duration , i.e., for

, and has energy . The sequence , for
where denotes the spreading factor, is a

signature sequence of assigned to the th user. Due to the
wideband signaling of DS/CDMA systems, the frequency-se-
lective fading channel that distorts transmission is encountered
in most situations. The complex baseband received signal due
to the th user is

(2)

where is the time
delay for the th path of the th user; represents
the complex amplitude attenuation factor of the th user for
the fading channel on the th path; and is the number of
received replicas due to the th user’s signal. Assume that

, for , has finite support of length ,
i.e., for , for all , for .

The received signal is the superposition of all signals from
users plus background noise. The received signal is

where is the additive channel noise. At the receiver end,
the received signal is first filtered by a chip-matched filter and

then sampled at the chip rate to produce the discrete-time se-
quence [17]

(3)

where

(4)

Here, denotes the largest integer smaller than or equal to ,
and denotes “ .”

III. CHANNEL ESTIMATION WITH LINEAR-TREND

TRACKING TECHNIQUE

A linear-trend channel model and a Kalman filtering algo-
rithm are proposed for channel tracking. Here, we assume that

in (4) is invariant during a symbol interval, i.e., as-
sume that the channel is slowly fading. Denoting the channel
parameter in the th symbol interval as , then is
expressed as

for .
In the conventional state-space model of Rayleigh fading

channel, the state-space model employs either the AR(1) or
AR(2) process. In the AR(2) case, the channel model can be
written as [5]

(5)

where

(6)

and is a complex zero mean white Gaussian process
with variance . The parameter is the Doppler frequency
of the underlying fading channel, and is the pole radius that
corresponds to the steepness of the peaks of the power spectrum.
At least three parameters ( , and , or equivalently

, and ) must be estimated before constructing
the AR(2) state-space model. If the fading channel is stationary
(i.e., , and are constant), AR(2) is an
adequate channel model when , and are
known. However, the signals are always transmitted over a
variable environment (for example, the velocity of mobile
changes). In this situation, the parameters ,
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and should be time-varying, and real-time estimation of
the parameters , and in (5) may become
difficult in practical applications.

Furthermore, channel estimation is very sensitive to the per-
turbations (errors) of and because they influence the lo-
cation of the poles of the transfer function of the AR(2) model,
especially when the poles are close to the unit circle [18]. There-
fore, the AR(2) model is not suitable for the time-varying fading
channel.

In this situation, a simple channel model, i.e., linear-trend
channel model, is proposed for efficient channel estimation in
the time-varying channel case from the perspective of the non-
stationary time series forecast.

A. Linear-Trend (LT) Channel Model

The linear-trend (LT) model has been a simple and efficient
way for local real-time forecasting of nonstationary time series
[19]. This makes the LT model suitable for real-time channel
estimation. The step-ahead prediction of the th channel path
of the th user is decomposed into three components: i) a local
linear trend, ii) a local trend slope multiplied by steps, and iii)
a randomly varying modeling error. For a time-varying fading
channel depicted in Fig. 1, we may model the channel variation
as

(7)

where denotes the local linear trend component at time
denotes the “trend slope,” and denotes the

modeling error, which is assumed to be a white random process
with zero mean and variance . For the one step-ahead pre-
diction case, i.e., , (7) can be reduced to

(8)

Since the trend slope is random in practical channel, we
assume to be a random walk model

(9)

where is called the differential slope at . We model
as a white Gaussian random process with zero mean

and variance and assume that is uncorrelated with
.

Combining (8) and (9) yields the dynamic state-space model

(10)

Define a new state vector
. Then, the

dynamics of the state equation can be expressed as

(11)

Fig. 1. Linear-trend channel model.

where we have the equation at the bottom of the page, where
denotes a identity matrix, and the operator denotes the
Kronecker matrix product.

Stacking the state vectors

the dynamics of the augmented state vector is expressed as

(12)

where

Remark 1: In the channel model (11), the local linear trend
and local trend slope are state variables for describing the dy-
namics of channel variation. Since the transition matrix is
fixed, we only need to estimate the variance of the driving noise.
This simple model is very suitable for real-time estimation of the
time-varying fading channel.

The variance of the driving noise is determined by

(13)

where

in which the correlation function of the channel coeffi-
cient is defined by the zero-order Bessel function of the



CHEN et al.: ROBUST ADAPTIVE MMSE/DFE MULTIUSER DETECTION IN MULTIPATH FADING CHANNEL 309

first kind [6]. denotes the power
of the fading channel . However, when the Doppler fre-
quency is time-varying, it is difficult to estimate the actual

to upgrade the variance of the driving noise to fit with the
fading channel. A self-tuning scheme based on the estimated
slope will be employed to update the noise variance and

to guarantee robust state estimation of (11). It will be dis-
cussed in detail later.

B. State-Space Signal Model

Because of the implicit upsampling within the spreading
operation, a DS/CDMA system is a periodically time-varying
transmission system and the received signal is a cyclosta-
tionary process. The received signal may be vectorized
by stacking consecutive elements in vector where
denotes the symbol index. Similarly, the channel output from
the th user can be written as

(14)

where we have the equations shown at the bottom of the page.
The received signal is the sum of all users’ signals and the
additive channel noise

(15)

where

diag

(16)

diag denotes a block diagonal ma-
trix with diagonal submatrices .

The channel information can be obtained from the aug-
mented state vector

(17)

where . Therefore, the overall dynamics of
the state equation can be expressed as

(18)

where .
Remark 2: Although we have assumed that the spreading

code is symbol-periodic, aperiodic spreading code can still be
employed in our formulation after modifying the content of the
matrix in (16). In the case of aperiodic spreading codes,
the matrix becomes a time-varying matrix because the
spreading code changes from symbol to symbol.

In the next subsection, we will employ the Kalman filtering
method to estimate the multipath fading channel with impulsive
noise.

C. Recursive Channel Estimation

The Kalman filter is employed for the estimation of the
state vector from the received signal such that the
mean-square error (MSE)
is minimized, where is the estimate of , and
denotes statistical expectation. According to the state-space
model (18), the Kalman filter algorithm is given by [20]

(19)

where denotes the innovation
process, and is the Kalman gain. The initial state
is defined as a zero vector. The filter gain and error covariance
matrices are obtained from the following recursive equations:

(20)

(21)

(22)

where is defined as , and is
defined as . For independent, identi-
cally distributed (i.i.d.) channel noise, is defined as

, where . In (20),
is the co-

variance matrix of state-prediction error ,

. . .
. . .

...
...

. . .
...

...

...
...

...
...
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and in (22) is the
covariance matrix of state-estimation error .

The recursive algorithm requires the knowledge of all users’
spreading sequence , for and
symbols , for . For the
uplink multiuser detection scenario, the base station knows
the spreading sequences of all active users. The symbols of
all users can be obtained via training sequence in the training
mode or decision feedback in the tracking mode, respectively.
In the tracking mode, the output symbols from the decision
device , for , are feedback
to the Kalman filter to update the channel parameters
and , for , which
are the state variables. Then, one-step prediction of the channel
impulse response is performed by

(23)

The predicted channel is employed to estimate the symbols
, for , in the multiuser detector,

which will be introduced in Section V.

IV. ROBUST IMPROVEMENT OF THE LINEAR-TREND

CHANNEL MODEL

In this section, based on extensive simulations, a self-tuning
scheme is proposed to improve the performance of the proposed
LT model-based channel estimation without knowledge of the
variances of and in (10). The robustness of the
estimation scheme is illustrated via simulation, which indicate
the potential of the proposed LT model as an effective method
for estimating the time-varying fading channels.

In the simulations, each user is assigned with a short Gold
sequence with a processing gain of 15. The chip waveform is
a rectangular pulse. Jakes model [21] is adopted for the fading
channels, where parameters are adjusted to represent different
mobile speeds (or different Doppler frequencies). The carrier
frequency and symbol interval are MHz and

s, respectively. The data is binary phase shift keying
(BPSK) modulated. The number of channel paths is assumed to
be for all users, with path powers

, respectively, for all , to pro-
duce a frequency-selective fading channel. The number of active
users is in all simulations. We assume , for
all , for simplicity.

In order to illustrate the channel estimation performance
of the proposed algorithm, the normalized mean-square error
(NMSE) of channel estimation is defined as

NMSE (24)

where NMSE denotes the normalized mean-square error of the
th user channel estimate. The signal-to-noise ratio (SNR) is

Fig. 2. Normalized mean-square error of channel estimation of user 1.

defined as the ratio of one-bit received energy to channel noise
variance, i.e.,

MSE (25)

where MSE denotes the SNR value of the th user, and
denotes the variance of the channel noise .

A. Channel Estimation for Different Doppler Frequencies

The simulated NMSE values versus different Doppler fre-
quencies 0, 50, 100, 150, and 200 Hz for the LT model and
AR(2) model-based channel estimation are plotted in Fig. 2.
We assume that all the paths have the same Doppler frequency.
The parameters and for

of the AR(2) model are defined by (6) according
to the corresponding Doppler frequency. The variance of
the driving noise in (5) is defined to satisfy the relation
of a AR(2) process [20]

(26)

For the LT channel model, the variance of the driving
noise is defined by (13), corresponding to different
Doppler frequencies 0, 50, 100, 150, and 200 Hz, for all

.
Remark 3: The driving noise determines the variation of

the channel trend . The variance is not only gov-
erned by the Doppler frequency, as expressed in (13), but the
variance of the additive noise. In the presence of channel noise,
errors happen to the channel coefficient and the trend

. The variance should be large enough to tune the
next estimates back to the true values as possible. is a com-
promise between the ideal value, which is defined in (13), and
the noise variance.

The driving noise determines the variation of the channel
coefficient . If the trend is estimated precisely,
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Fig. 3. (a) Real part of the predicted channel ĥ (n) and actual channel
impulse response h (n). (b) Real part of the estimated trend �̂ (n) and the
actual channel trend � (n) = h (n+1)� h (n) in the case of Doppler
frequency 0 Hz.

the variance is not critical to the performance. We can
define as a very small value.

In this simulation example, the SNR for each user is 12 dB.
From Fig. 2, it is seen that the performance of the LT model
is similar to that of the AR(2) model with exact knowledge of
Doppler frequency, i.e., the exact Doppler frequency is used to
defined the parameters , and . Defining the
variance , and as 100 times the ideal values,
which is clarified in (13), the LT model can track accurately the
fading channel. Figs. 3–5 show the real parts of the predicted
channel impulse response [shown in the subfigure (a)]
obtained from (23), and channel trend [shown in the sub-
figure (b)] of the first path of user 1. The actual channel impulse
response and the channel trend

are also plotted. In Figs. 3–5, the Doppler fre-
quencies are 0, 100, and 200 Hz, respectively. It is seen from
the figures that the proposed algorithm can track accurately the
channel impulse response and channel trend at different Doppler
frequencies.

The variance of the driving noise , for all
, depends on the

Doppler frequency according to (13). However, in practical
wireless communications, the receiver cannot accurately know
the Doppler frequency in each user’s transmission channel.
It is difficult to correctly determine the variances of the
LT model. A scheme to automatically adjust the variance of

is needed in the proposed LT model. Similar difficulties
occur in determining the coefficients and
of the AR(2) model in (5).

B. Scheme for Self-Tuning the Variance

For a fading channel with large Doppler frequency, the
channel impulse response changes rapidly. The varia-
tion of the channel trend would
be large. In this situation, we must set the variance large.
On the other hand, for a fading channel with small Doppler
frequency, the channel impulse response changes mildly. The

Fig. 4. (a) Real part of the predicted channel ĥ (n) and actual channel
impulse response h (n). (b) Real part of the estimated trend �̂ (n) and the
actual channel trend � (n) = h (n+1)� h (n) in the case of Doppler
frequency 100 Hz.

Fig. 5. (a) Real part of the predicted channel ĥ (n) and actual channel
impulse response h1; 0 n). (b) Real part of the estimated trend �̂ (n) and
the actual channel trend � (n) = h (n + 1) � h (n) in the case of
Doppler frequency 200 Hz.

variation of the channel trend would be small. We must set the
variance of the driving noise small. The variances and

can be adjusted according to the estimated local trend
slope . The variance self-tuning scheme is proposed as
the following:

(27)

(28)

where the positive constants and are chosen adequately to
improve the performance.

Fig. 6 shows the NMSE values versus SNR when the Doppler
frequency of a fading channel varies from 50 to 100, 150, 200,
150, 100, 50, and 0 Hz, in proper sequence. All users are assumed
to have the same SNR. The variance of the measurement noise

in (4) is determined by the specified SNR based on (25).
The AR(2) model is assumed to know exactly the temporal
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Fig. 6. Normalized mean-square error of channel estimation of user 1 for the
channel with time-varying Doppler frequency versus SNR.

Doppler frequency to update the parameters ,
and of the model in (5). In the recursive channel tracking
based on the LT model, the automatic self-tuning rules in (27)
and (28) are applied to adjust the variances and ,
for . The parameters
and in (27) and (28) are specified as and 0,
respectively. The initial values of the variances are defined by

and . We can see that the
accuracy of the LT model is slightly superior to that of the
AR(2) model, which employs the accurate Doppler frequency
to update the parameters exactly. Our proposed LT model
combined with the self-tuning scheme can provide satisfactory
performance in practical usage, where the Doppler frequency
is not known.

The real parts of the predicted channel impulse response
obtained from (23) and channel trend are

plotted in Fig. 7(a) and (b), respectively. The MSE is 12 dB. It
is seen from Fig. 7 that the proposed algorithm can accurately
track the channel impulse response and the channel trend when
the Doppler frequency varies with time.

C. Robust Channel Estimation

When impulsive noise arises at the receiver, an impulsive
component occurs in the innovation process . In this situa-
tion, motivated by [15], we embed a nonlinear limiting function

into the Kalman filter to mitigate the effect of impulsive
noise. A robust Kalman filter is proposed to treat this effect

(29)

where the output of the nonlinear limiting function is
a vector whose th element is given by

if
sgn otherwise

(30)

In (30), sgn denotes the sign function; is the th entry
of the complex vector , for and is the error
threshold of the limiting function. The real and imaginary parts

Fig. 7. (a) Real part of the predicted channel ĥ (n) and actual channel
impulse response h (n). (b) Real part of the estimated trend �̂ (n) and
the actual channel trend � (n) = h (n+ 1)� h in the channel with a
time-varying Doppler frequency.

of are treated independently. With a suitable choice of the
error threshold , the robust Kalman filter can reject the effects
of impulsive noise and other interference and prevent error prop-
agation due to the impulsive noise during channel estimation.

Remark 4: [15] Supposing that the additive channel noise is
composed of two-term Gaussian mixture noise, the probability
density function of the noise has the form

(31)

with and . Here, the term repre-
sents the nominal noise, and the term represents an
impulsive component, with representing the probability that
impulses occur. Then, we get the variance of additive noise as

.
Fig. 8 illustrates the performance of channel estimation in

the presence of non-Gaussian noise, which is generated by
the two-term Gaussian mixture model depicted in (31) with
parameters , and . The
threshold of the limiting function in the proposed robust
LT-based Kalman filter in (29) is chosen as . The total
noise variance can be easily estimated at the receiver. The
time-varying channels simulated in Fig. 6 are used in this
example. The results show that the robust estimators (with the
aid of the limiting function , which can smooth the im-
pulse-like noise) achieve better performance than the estimators
without the limiting function, or equivalently, the threshold is
defined as . In the low SNR environment, the estimation

is less accurate due to the large noise disturbance. The
automatic variance tuning scheme’s performance is inferior
to the robust AR(2)-based Kalman filter model, which knows
exactly the temporal Doppler frequency to update the coeffi-
cients. Nevertheless, when the SNR ratio is larger than 8 dB,
the LT model with the variance self-tuning scheme can track
the fading channel faithfully.
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Fig. 8. Normalized mean-square error of channel estimation of user 1 for the
channel with time-varying Doppler frequency disturbed by impulsive noise.

V. ADAPTIVE MMSE/DFE SYMBOL DETECTION

In this section, a first-order linear state-space model is applied
to the DS/CDMA system. Then, we can employ the Kalman
filter to estimate simultaneously all users’ symbols, which are
embedded in the state vector, based on the predicted channel
coefficients obtained via (23).

Define a state vector
, which contains the sym-

bols contributing to the measurement . The first-order
(non-Gaussian) Markov transition model is defined by

(32)

where

The noise vector is white with zeros mean and covariance
matrix

Next, we express (18) in the following form:

(33)

where we have (34), shown at the bottom of the next page.
Since the transmitted symbols are embedded in the state

vector in the transmission system (32) and (33), it is
straightforward to employ the Kalman filter to estimate the
desired state with the knowledge of the matrix . However,
only the channel predictions can be obtained. Re-express the
received signal as

(35)

where diag
is composed of the predicted channel co-

efficients in (23), and is the result of
the prediction error. The disturbance resulting from channel
prediction error is uncorrelated with .
Therefore, it can be seen as random noise superimposed on

. Define the total noise contribution as

(36)

which is with zero mean and covariance matrix
. Therefore, the recursions of the

Kalman filter for signal detection is

(37)

(38)

sgn (39)

(40)

where sgn represents the decision feedback op-
eration. and denote the covariance matrices
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of the estimation error and prediction error
, respectively.

Since the Kalman filter produces symbol estimates with the
minimum mean-squared error (MMSE) among all linear filters,
the recursive algorithm (37)–(40) is actually a MMSE/DFE al-
gorithm, which simultaneously employs the decision-feedback
equalization (DFE) technique and the MMSE approach. The a
priori estimate are adopted to cancel ISI in

via (39), and the decision outputs are fed back to the next
state estimation.

In the above recursion, we need to compute the covariance
matrix . From the definition in (34), we have
(41), shown at the bottom of the page, where is the
channel prediction error . From (23), the pre-
dicted channel is given by , where
is defined as . If we partition the covariance matrix
of the channel-prediction error in (20) as

...
. . .

where each submatrix is with dimension , then the co-
variance matrix of the channel-prediction error is

A. Robust Symbol Detection

In (39), the residual signal
sgn is decomposed as

sgn (42)

where and are the first columns and the last
columns of the matrix , respectively. If the predicted channel

and the symbol estimation , for all , are correct,
then the residual signal contains the desired signal component

and the additive white noise . A
limiting function can be applied to the residual signal to reject

the interference and increase the accuracy of symbol estimation.
The limiting function is chosen as

if
sgn otherwise

(43)

where is the th entry of the complex vector , for
. The real and imaginary parts of are

treated independently. The threshold must be determined care-
fully not to distort the desired signal component, i.e., should
be greater than the absolute values of every components of the
vector , and at the same time, it should
be able to reject the interference as much as possible. Define

as the th row of the matrix , for .
The absolute value of is upper bounded by

(44)

Therefore, we can define the threshold
for detecting the th symbol of all users.

The channel coefficients , for
, can be substituted by their predicted values in

(23). Then, a robust symbol detection is

sgn (45)

instead of (39).
Assuming that the decision feedback symbols are correct,

then the input to the limiting function is

(46)

where is defined in (36). With the aid of the limiting func-
tion in (43), which can cut the large noise, from (35), (36), and
(46), the output of the limiting function is represented
as

(47)

diag (34)

diag

(41)
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where denotes the interfering component at the output of
the limiting function, and the th element of the vector is
defined as the following:

if
if
if

(48)

As mentioned before, the real and imaginary parts of
When , we can observe that

, where de-
notes the th element of the vector , and is
further expressed as

(49)

When , we observe that
, and is expressed as

(50)

Since and , we have .
Concluding from (48)–(50), we can observe that

(51)

for all . Therefore, the cross-covariance of ’s is
smaller than that of ’s, i.e.,

(52)

for , where denotes the complex con-
jugate of the interference . The inequality in (52) will lead

to the improvement of the performance of the proposed adaptive
equalization, which will be proved in the next subsection.

B. Analysis of Error Probability

For a sufficiently large , (45) has the following approxi-
mation [4]:

(53)

where we have the equations at the bottom of the page. The
symbol estimation of the th user is given by

(54)

where and are, respectively, the th column vector
of the matrices and .

Assuming that the interference is joint Gaussian
distributed. The error probability of the th user is deter-
mined by (55), shown at the bottom of the page, where

.
Remark 5: When the nonlinear function is applied

to the residual , it will suppress the effect of interference
and, hence, decrease the amplitude of the entries of the

covariance matrix , whose
entry is , for

, i.e., by (52).
From (55), it is known that smaller covariance in the denomi-
nator of the function will reduce the probability of error.
This conforms that the proposed robust Kalman method can
perform superior to the conventional Kalman filter without the
robust algorithm.

(55)
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Fig. 9. Bit-error rate of user 1 for the channel with time-varying Doppler
frequency.

C. Symbol Detection Performance

In the following, we provide some simulation examples to
demonstrate the performance gains afforded by the proposed
method. The simulation conditions are the same with those
we used in Section IV. The time-varying channels simulated
in Fig. 6 are employed here. We assume that each user has
equal power. The bit-error rate curves of user 1 versus SNR
for various multiuser detectors are plotted in Fig. 9. In this
example, the ambient noise is normal white Gaussian noise.
The proposed MMSE/DFE-LT detector (37)–(40) employs
the channel estimates obtained from (23) via the LT model.
The KR–AR detector employs the conventional Kalman filter
[20] for symbol detection based on the channel estimates via
the AR(2) model. It is seen that the proposed detector based
on the LT channel model, without the knowledge of exact
Doppler frequency, performs very close to that of the AR(2)
model-based symbol detector with the knowledge of exact
Doppler frequency.

Fig. 10 gives the BER performances for these detection
methods over impulsive noise. The non-Gaussian noise is
generated by the two-term Gaussian mixture model depicted in
(31) with parameters . The threshold in (43)
of the limiting function is defined according to the esti-
mated channel parameters, as indicated in (44). The proposed
robust MMSE/DFE-LT detector in (45) is implemented based
on the channel estimates obtained from the robust channel
estimator (29) via the LT model, whereas the robust KR–AR
detector performs symbol detection similar to (45). However,
the sign function is excluded. The results show that the robust
estimators (with the aid of the limiting function , which
can suppress the impulse-like noise) achieve better perfor-
mance than the estimators without the limiting function. In the
presence of impulse noise, signal samples may be contaminated
with strong impulses, resulting in unreliable decision output.
In this situation, the robust MMSE/DFE-LT detector and the
robust KR-AR detector, which are embedded with limitation
functions , can provide robust BER performances.

Fig. 10. Bit-error rate of user 1 for the channel with time-varying Doppler
frequency disturbed by impulsive noise.

VI. CONCLUSION

In this paper, a robust linear-trend (LT) channel estima-
tion algorithm and a robust multiuser detection algorithm
are combined for DS/CDMA communication systems over
multipath time-varying fading channel with impulsive noise.
Both of them employ the robust Kalman state estimator with
a nonlinear limiting function to enhance their performances.
A self-tuning scheme to automatically adjust the variance
of the driving noise in the state-space model is proposed
to cope with the time-varying Doppler frequency. A robust
Kalman-based DFE detection algorithm based on the estimated
channel impulse response is also proposed to prevent severe
error propagation due to impulsive noise and channel estima-
tion error under time-varying fading channels and impulsive
noise. In contrast to the autoregressive (AR) model, since the
parameters of the LT channel model do not need actual Doppler
frequency to modify the model coefficients, it has the advantage
of practical applications. Simulation results indicate that the
proposed method outperforms the conventional detectors in
a frequency-selective Rayleigh fading channel. The reason is
that the proposed Kalman-based DFE method is more robust
in channel estimation and symbol detection via the use of
LT channel model, hard decision feedback, and nonlinear
limiting function in the detection algorithm of the DS/CDMA
communications.
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