574

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 4, NO. 2, MARCH 2005
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Abstract—Layered space–time (LST) transmissions employing
continuous phase modulations (CPM) are well motivated for both
bandwidth- and power-limited multiantenna communications.
However, one of the major challenges for LST-CPM is the high
complexity it incurs with maximum likelihood (ML) detection. In
this paper, we develop reduced complexity LST-CPM receivers.
First, we consider single antenna systems. Specifically, we study
a reduced complexity Viterbi receiver for binary CPM. Based on
this design, we introduce differential encoding for a class of CPM
signals and analyze its performance gain both theoretically and
with simulations. Second, we focus on multiantenna LST systems
with minimum shift-keying (MSK)-type modulations. With group
nulling-canceling (NC) and low-complexity linear equalization, we
convert a coded multiuser detection problem into an uncoded one
with small equalization loss. We also find that the combination of
sphere decoding with hard-decision iterative processing is effective
in boosting performance with a controllable complexity increase.
Both analytical and simulated performance confirm that the novel
LST-MSK receiver exhibits markedly improved performance
relative to conventional NC detectors with moderate complexity
increase.
Index Terms—Continuous phase modulation (CPM), fading
channel, minimum shift keying (MSK), multiuser detection, performance analysis, space time.

I. INTRODUCTION

C

ONTINUOUS phase modulation (CPM) has long been
recognized to possess many desirable features for communication systems that are both bandwidth and power limited
[2], [10]. Due to their phase continuity, CPM signals exhibit
relatively lower spectral side lobes than signals with abrupt
phase changes. Their compact spectra enable CPM signals to
be efficiently multiplexed. Furthermore, CPM waveforms are
constant modulus, which allows nonlinear high-power amplifiers
to operate efficiently. Nonetheless, CPM transmissions incur
high maximum likelihood (ML) decoding complexity. Many
matched filters have to be implemented at the receiver front end,
and Viterbi’s algorithm with possibly a large number of states
has to be employed. Valuable in designing simplified receivers is
Laurent’s decomposition, where binary CPM is represented by
a linear superposition of a finite number of amplitude modulated
-ary
pulses [8]. Laurent’s decomposition was extended to
Manuscript received February 26, 2003; revised July 22, 2003 and January
7, 2004; accepted January 22, 2004. The editor coordinating the review of this
paper and approving it for publication is A. F. Molisch. This work was supported
by the ARO/CTA under Grant DAAD19-01-2-0011. This work was presented
in part at the 37th Conference on Information Sciences and Systems (CISS),
Baltimore, Maryland, March 12–14, 2003.
The authors are with the Department of Electrical and Computer Engineering, University of Minnesota, Minneapolis, MN 55455 USA (e-mail:
wlzhao@ece.umn.edu; georgios@ece.umn.edu).
Digital Object Identifier 10.1109/TWC.2004.843051

CPM in [9], but except for the binary case, it has found limited
applicability to reduced complexity designs [8], [9]. A simplified
decision rule was derived for binary CPM, and a receiver example
for Gaussian minimum shift keying (GMSK) was provided [7].
We first review the simplified receiver structure that was suggested and introduce differential encoding for a class of CPM
signals, in order to improve performance of coherent detection.
Recent information theoretic results show that multiantenna
channels offer the potential for enhanced capacity relative to
their single-antenna counterparts [5], [15]. Going well beyond
the aforementioned single-antenna CPM extensions, the main
focus of this paper is on multiantenna layered space–time
(LST) CPM systems, which we naturally term LST-CPM. In
such systems, CPM features constant modulus and compact
spectra, while ST multiplexing offers increased capacity in a
rich scattering environment. LST-CPM is thus an attractive
choice for both power and bandwidth-limited multiantenna
systems. However, the high complexity of ML demodulation
of LST-CPM poses a greater challenge than the single-antenna case. Due to self-interference among simultaneously
transmitted waveforms, the ML detection complexity is generally high for LST systems even with linear modulations.
Receivers for complex CPM transmissions make the problem
worse. This motivates our emphasis on reduced complexity
LST-CPM receiver structures. Specifically, we will focus on a
novel receiver design for LST systems employing MSK-type
modulations, which efficiently exploits the structure of MSK
along with intermediate sphere decoding results to facilitate the
hard-decision iterative decoding process.
There are several related works on ST-CPM. Design criteria
were introduced for ST-CPM to enable full transmit and receive
antenna diversity in [20], where the emphasis was on error performance rather than low complexity receivers. An orthogonal
structure was imposed on the transmitted waveforms to reduce
ML detection complexity for a two transmit antenna system in
[17], but even in this case complexity is still high for bandwidth
efficient partial response CPM. A soft decision iterative receiver
with joint channel estimation and symbol detection was derived
for ST-CPM in [19]. Different from existing works, we consider
LST (BLAST-type) systems with a large number of transmit and
receive antennas. BLAST systems were considered in, e.g., [4]
and [14], but only for linear modulations. They often do not invoke ST coding to enable transmit diversity but rely on the receive diversity to achieve the required performance.
The organization of the paper is as follows. In Section II, the
decomposition of binary CPM is described, and differential encoding for a class of CPM is introduced and justified. In Section III, an LST-MSK-type receiver design is developed and an-
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alyzed. In Section IV, simulation results of our LST-MSK-type
receiver are shown. Finally, conclusions are drawn in Section V.
Notation: Upper (lower) boldface letters denote matrices
(column vectors);
and
denote transpose and Herand
represent the Kronecker
mitian, respectively;
and
denote the
delta and Dirac delta, respectively;
represents the Frobenius norm;
real and imaginary parts;
stands for the set of natural numbers;
and
represent the real and complex Gaussian distributions;
is the Gaussian
function; and denote the identity and
all-zero matrices, except when explicitly defined otherwise.
II. SINGLE-ANTENNA BINARY CPM
CPM transmissions are, in general, nonlinear functions of
the information-bearing sequence. However, it was shown in
[8] that any binary CPM signal can be exactly represented as
a linear superposition of a finite number of amplitude modulated pluses. Furthermore, it was observed that only a few modulated pulses are needed to accurately approximate a binary CPM
signal, which forms the basis of simplified receiver designs. We
will review this decomposition next.
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TABLE I
PULSE COMPONENT LENGTH

with
s denoting the bits in the binary representation of .
That is,
with
. Generally,
are nonlinear functions of
, which captures the nonlinear nature of CPM. To specify the pulses in (2), we need two
additional definitions

and
we can express

. Using these definitions,
as

A. Decomposition of Binary CPM
A complex baseband binary CPM signal can be represented
as [2]

(1)
where is the transmitted bit energy, is the symbol period,
is the modulation index,
is the sequence of indepen,
is the specdent information symbols drawn from
tral shaping pulse with
only when
,
and
is the phase smoothing response with
, for
. Clearly, the phase
is a continuous
,
is called full response CPM,
function of time. If
,
is referred to as partial response CPM.
whereas if
is, the more specIt turns out that the smoother the pulse
trally efficient CPM is [2]. In practice, smooth pulse shapers,
such as Gaussian or raised cosine pulses, are often used. When
, binary CPM is referred to as MSK-type modulation.
An equivalent representation of the binary CPM waveform in
is [8]
terms of pulse components
(2)
where
denotes the total number of pulse compo, and the coefficients
nents needed to represent
depend on the information sequence
as follows:
(3)

The duration of
is nonincreasing with (see Table I), and
decreases drastically with
the signal energy conveyed by
the pulse duration. The decomposition in (2) does not apply
when takes integer values, but bandwidth efficient CPM typi.
cally corresponds to
is the pulse with the longest duration,
It turns out that
which also carries most of the signal energy [8]. For example,
and
,
in the decomposition of GMSK with
,
has length
and
where is the 3-dB bandwidth of
has length
and
carries 0.991 944 of the signal energy,
carries 0.008 03 of the energy, while the remaining six pulses
45.8 dB of the total energy [7].
only contain 2.63 10
Exploiting the fact that binary CPM signal can be accurately
approximated with only a few pulse components in the linear
decomposition (2), a simplified decoder was derived in [7].
B. Minimum Trellis for Simplified Viterbi Receivers
It is well known that the optimum Viterbi receiver for biof duration
and modulation index
nary CPM with pulse
, where
and are coprime, entails a
-state
, partial response CPM has
phase trellis [10], [11]. With
desirable spectral characteristics: a narrow main lobe and fast
rolling-off side lobes. However, the ML detection complexity
increases exponentially with .
comTo reduce the complexity, we will use only
ponents in the Viterbi decoder. The received signal in additive
white Gaussian noise (AWGN) is

where
is the transmitted binary CPM waveform in (2);
is the zero mean AWGN with
;
is the -component approximation of
defined as
; and
is the
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approximation error. Neglecting the signal energy conveyed by
, the simplified decision rule is [7]

(4)
Fig. 1.

denotes the inner
where
and
,
, and
product of
and
s are completely determined by
. It can be
, instead of
observed from (4) that the coefficients
, are directly involved in the metric calculation. Furcan be uniquely determined by
.
thermore,
The minimum trellis of the Viterbi receiver is specified next.
To determine the minimum number of states for the -component Viterbi receiver, let us examine the memory in
. For any , let
be the minimum number
of bits needed to represent
. It follows from (3) that

Hence, the memory of

is completely determined by
, which also corresponds to the
states of the simplified CPM trellis. Depending on the mod,
takes on values when
ulation index
is even and
values when
is odd [10, p. 255]. Defining
, with the tilted phase representation of [11], we can convert a periodic time-varying phase trellis
, where and are
into a time-invariant one. For any
has states. Finally, at any time instant
relatively prime,
, the trellis state is determined by
,
. Furtherand the total number of trellis states becomes
more, the state transitions are uniquely determined by (3).
The structure of the simplified Viterbi receiver for binary
CPM is shown in Fig. 1, where matched filters are employed.
The matched filter outputs are sampled every seconds to
obtain the decision statistics
. In many practical cases, just
and
can represent a binary CPM signal with suffiand a -state Viterbi receiver is
cient accuracy. Hence,
adequate.

Simplified Viterbi receiver for binary CPM.

Fig. 2. Differentially encoded binary CPM.

encoding will not alter the desirable spectral characteristics of
CPM transmissions.
A simplified Viterbi receiver is used to generate a near-ML
, say
. Since the sequences
sequence estimate for
and
have the same statistics, we infer that they will
. That is,
lead to statistically identical error patterns in
are the same for both systems with or
the error profiles of
without differential encoding. In the following, we examine how
to generate the estimate of the information bearing sequence
. Without differential encoding, the sequence
from
in Fig. 2 is considered as the information sequence. Based on
, the definition of
and (3),
is determined by solving
. It is clear
that there is an inherent differential decoding in the detection
and
, are involved in the
process. Since two symbols,
may cause two errors
detection of , a single error in
in
, which results in performance degradation. Let us now
consider the case with differential encoding. This time, our goal
from
. Since the introduced differentially
is to find
encoded CPM works only for a special set of modulation in,
. Following
dexes, we henceforth consider
from
using
(3), we can determine
, where
. Letting
, and since
, it follows that
,
. The estimate
, where the
of the input bit can be obtained by
equality follows from the fact that

C. Differentially Encoded Binary CPM
In this section, differential encoding is introduced for the
,
to annihilate
class of CPM signals with
the inherent differential decoding of CPM signals and thus im,
prove error performance for coherent detection. When
differentially encoded MSK closely approximates the linearized
MSK [13, p. 192].
The block diagram for the differentially encoded binary CPM
,
is depicted in Fig. 2. The information sequence,
, is first differentially encoded to obtain the binary se,
. Then,
is mapped to the sequence
,
, and modulated by binary CPM. It
quence
and
have
can be easily verified that the sequences
the same mean and correlation functions. Hence, differential

From this derivation, we observe that
, where
is, in general, a nonlinear function of
. That is, depends
on
only. This differential encoding for binary CPM can be
generalized to -ary CPM with -ary differential encoding.
, differential encoding is
We have noticed that for
is an integer factor of
applicable to -ary CPM, where
. For example, when
, this differential encoding is
.
applicable to
Let us now analyze the performance improvement of the introduced differential encoding in AWGN. It is well known that
the single most important parameter characterizing the symbol
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Fig. 3. Eight-state trellis for binary CPM with h = 0:25.

error probability at high signal-to-noise ratio (SNR) is the min[2]. For binary CPM with small
imum Euclidean distance
is calculated as [2]
modulation indexes,
Fig. 4. BER performance gain of differentially encoded CPM with h = 1=2
and h = 1=4.

where

move on to derive sufficient statistics for LST-CPM, before deriving and analyzing our LST-MSK receiver designs.

,
.

A. Channel and System Modeling
is the corresponding phase difference between any two
that achieves the minimum Hamming
input sequences
and
. It is
distance, say
results in two
clear that an error event that achieves
and hence in
. On the other hand, since
errors in
, this error event results in only one
, hence one error in
. We have observed
error in
from simulations that the number of errors without differential
encoding is approximately twice that with differential encoding.
D. Design Example
As a design example, we consider binary partial response
. We use a truncated
CPM with modulation index
with
and
, which has exGaussian pulse
cellent spectral characteristics. For conventional ML decoding,
a 32-state Viterbi receiver is needed. On the other hand, the simplified Viterbi receiver based only on the first two pulse compo, it
nents has eight states. Since
. The eight-state trellis is shown in
is clear that
,
Fig. 3, where the solid lines correspond to the new input
whereas the dashed lines correspond to
.
The bit-error rate (BER) performance of binary CPM with
and
are depicted in Fig. 4 along with
the BER curves of their differentially encoded counterparts. An
eight-state and a four-state Viterbi receiver is employed for
and
, respectively. We can observe that for both
indexes, performance gains are achieved throughout the entire
SNR range. In Fig. 4, the performance for a linear GMSK receiver is also shown, which will be addressed later.
III. LST BINARY CPM
In this section, we shift focus to the multiantenna LST-CPM,
and our goal is to design reduced complexity LST-MSK-type
receivers. We will start with the channel and system models and

Consider a coherent space–time communication system with
transmit and
receive antennas. The channels
between different transmit and receive antennas are assumed to
be mutually independent, quasistatic, and flat Rayleigh faded.
be the fading channel coefficient matrix with
th
Let
denoting the channel coefficient from the th
entry and
transmit to the th receive antenna. Then,
is complex
Gaussian distributed with zero mean and unit variance; i.e.,
,
,
. The
remains invariant during the channel’s coherence
matrix
interval of length
but is allowed to vary independently from
block to block. Perfect knowledge of each channel realization
is assumed only at the receiver end.
We suppose that the receive diversity is sufficient to provide
required performance. No additional space–time coding is employed. Each transmit antenna sends its own binary CPM signals
, the
independently. That is, during a block length of
binary information vectors
are differentially encoded, modulated by binary CPM, and transmitted simultanetransmit antennas. The continuous time data
ously via the
model is
(5)
,
, and
.
,
is the continuous phase waveform
In the definition of
corresponding to ,
is the received waveform at the th
is the zero mean AWGN at the th
receive antenna, and
.
receive antenna with
It follows readily from (5) that the ML decision rule is
where

(6)
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Fig. 5. Simplified LST-MSK-type system.

where
denotes the possible transmitted
s are completely determined by
information matrix, and
. With the binary CPM decomposition in (2), we can express
(6) as

(7)

where
tics are

. The sufficient statis,
, and
. To generate all these decision statistics,
matched filters have to be used per receive antenna. To implement the ML decision rule in (7), an optimal detector employing
state
the Viterbi algorithm must search through a
trellis, which has prohibitively high complexity, even when
and are moderate.
It has been shown in [11] that any CPM can be viewed as the
concatenation of a continuous phase encoder (CPE) and a memoryless mapper (MM). CPE is essentially a trellis encoder. From
this decomposition of CPM, and our assumption of independent
transmit antennas, LST-CPM detectransmissions from the
tion boils down to the mathematical model of a coded multiuser
detection problem. For recent advances in this problem, the interested readers are referred to [3] and the references therein. To
achieve near-ML performance with feasible complexity, these
recent results favor soft decision iterative processing [3]. However, the complexity of soft decision iterative detection is still
very high. Next, we will show how this complexity can be reduced for a practical class of LST-CPM transmissions.
,

B. Reduced Complexity LST-MSK Receivers
MSK-type modulations form a special class in binary CPM
and find wide-spread applications. In particular, Gaussian MSK
has been adopted by many standards, such as GSM, DECT, and
Bluetooth. In this section, the design insight behind the conventional parallel-type MSK linear receiver is described first
[2], [7]. A reduced-complexity suboptimal LST-MSK receiver
is developed subsequently. A single-pulse approximation for
MSK-type modulations and the MSK-type linear receiver will
be employed in our novel LST receiver design.
We focus on a differentially encoded partial response MSKtype system. The one pulse approximation of MSK is
, where
is defined in (3)

, and
. The memory in
only, since the duration of
is
and
. This memory of
can be viewed as controlled intersymbol interference (ISI) introduced by the modulator. Furthermore, notice that independent binary symbols are
carried alternately by the in-phase and quadrature components.
With perfect separation of these two components, ISI in each
one of them is less severe, allowing for low complexity linear
equalization techniques to effectively reduce the mild ISI per
branch. This key observation forms the basis of the conventional
MSK-type receivers. We apply this design to the differentially
coded GMSK. The small performance loss of this linear receiver
compared to a four-state Viterbi receiver is illustrated in Fig. 4.
It can be observed that the one pulse approximation of GMSK
incurs a tolerable error performance degradation.
Equipped with design insights from conventional MSK-type
receivers, we now proceed to design LST-MSK transceivers.
The block diagram for our LST-MSK system is shown in Fig. 5.
Differentially encoded partial response MSK-type modulation
is employed at the transmitter. One-pulse approximation is
, is used per
adopted. Hence, only one matched filter,
receive antenna. The outputs of the matched filters are sampled
every seconds to generate the decision statistics. The simplified discrete-time baseband equivalent model to (5) is therefore

with
is due to

(8)
where
,
,
. Since the duration of
and
is
, successive
s are correlated. However, at time
, since the noise components
index ,
at different receive antennas are independent.
Under the block fading assumption, signals from different
transmit antennas share the same known ISI structure. However,
direct multichannel equalization causes a large performance
loss. Our idea to reduce this loss is to apply array processing
techniques to separate real and imaginary components into two
groups. Low complexity linear equalization can then be applied
to reduce ISI in each group. This converts the coded multiuser
and
detection problem into an uncoded one. For practical
values, say less than 15, lattice search algorithms, such as
sphere decoding, can be used to solve the uncoded multiuser
detection problem efficiently. The LST-MSK detection process
is described in detail next.
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First, we briefly describe the group nulling process along the
lines of [4] and [14]. The real counterpart of (8) is
, where
, can be ,
or
, and

For convenience, we denote the first
columns of
as
and the last
columns as
. Since
is almost surely
has dimension
.
full rank, the null space of
be an orthonormal basis for the
Let
null space of
. Defining
, the
nulling process performs the linear operation

where
has dimension
with real Gaussian
,
independent identically distributed (i.i.d.) entries
and
, since
is
a set of orthonormal vectors. The real signal components from
transmit antennas are eliminated. With ML detection,
all the
we expect that the diversity order for the remaining symbols in
is
. However, to reduce complexity, we will
pursue suboptimal but simpler detectors.
Specifically, we will apply linear equalization to successive
vectors to reduce ISI in the imaginary components of the
received signal. Even though the transmitted signals have the
same power and ISI structure, due to independent fading, their
instantaneous receive SNRs are different per receive antenna.
This precludes application of linear MMSE equalization and
motivates well linear zero-forcing (ZF) equalization. It has been
tested that linear ZF equalization achieves essentially the same
performance as linear minimum mean square error (MMSE)
-point ZF equalizer
equalization for GMSK [7]. Let the
. Then, the equalized vector becomes
coefficients be

(9)
where

and
. Vector
is the ZF estimate of
the transmitted binary vector at time
. ISI is reduced by
linear equalization with small equalization loss. With per,
fect equalization, (9) becomes
are drawn from { 1}, and
where the entries of
. It is clear that with perfect equalization, the coded multiuser detection problem has
been converted into an uncoded one.
We apply an efficient algorithm to solve the uncoded mulituser detection problem in a near-ML sense. There are several
such algorithms known to solve this lattice search problem [1],
[16]. In our simulation, we rely on sphere decoding (SD). It was
reported in [6] that for a large range of SNR and any , the
average complexity of the SD is cubic. Further complexity reduction is possible with the Schnorr–Euchner variate of the SD
algorithm [1]. Based on these facts, it follows that the average
.
complexity of sphere decoding is
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Similar to the layered space–time systems [4], [14], the canceling process is as follows. Detected symbols are used to regenerate the imaginary components, which, in turn, are used to
cancel the actual transmitted ones. With ideal canceling, the resulting signals contain only the transmitted real components and
AWGN. The same low complexity linear ZF equalization and
lattice search procedures can be applied to detect the symbols
in the real components. Without error propagation and equaliza, which
tion loss, the detected symbols enjoy diversity order
is the full receive diversity. At this point, the transmitted symbols are all detected. However, it is possible that symbols carried by the real and imaginary parts have considerably different
performance. This is suggested by the different diversity orders
under ideal conditions. In fact, the overall BER performance is
limited by the low diversity symbols.
To further improve performance, hard decision iterative decision feedback is applied. The detected symbols in the real
components are used to regenerate and cancel the corresponding
components from the original received signals, and symbols in
the imaginary signal are detected again. This iterative process is
applied repeatedly. Similar to most iterative decoders, simulations suggest that the performance gain is diminishing quickly.
In many cases, two complete iterations are sufficient.
Let us now reflect on the pros and cons of combining sphere
decoding with hard-decision iterative processing. It is known
that the complexity of the SD algorithm is sensitive to the initial
searching radius [6]. For the first iteration, the SD is the most
computationally intensive block in the detection loop shown in
Fig. 5. Nonetheless, in subsequent iterations, the SD solution
of the last iteration can always serve as a high-quality estimate
for the current one. In fact, it often coincides with the true solution. Based on this estimate, a distance upper bound can be
determined and utilized as an initial sphere radius in the current search. With this appropriate radius, subsequent SD steps
often exhibit considerably lower complexity. We conclude that
the overall complexity for detecting symbols in one block is
.
Relying on the special structure of MSK-type modulation, our
LST-MSK design does not apply to general CPM. Nevertheless,
the simplified Viterbi receivers in Section II-B can always be
combined with conventional nulling-canceling detection or soft
decision iterative decoding to obtain simplified LST-CPM receivers.
C. Performance Analysis of LST-MSK Receivers
The performance of our LST-MSK receiver is analyzed here.
Since the LST-MSK receiver involves linear equalization and
hard-decision iterative decoding, exact analysis is difficult, if not
impossible. Several simplifying assumptions have to be made.
The two-pulse approximation of a partial response MSK is assumed to be equivalent to the signal itself, since it is often the
case that signal energy conveyed by the remaining pulses is negligible. Furthermore, no error propagation is assumed in the canceling process, which may not be true, in general. Nonetheless,
received signals in our scheme are separated into only two component groups. Ideally, detected symbols enjoy a diversity order
, which makes error propagation less seof at least
vere when compared to conventional NC detection [4]. In fact,
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our analytical results can always serve as an upper bound for the
actual performance.
Since the detectors are identical for the real and imaginary
groups, we only consider the imaginary group. With our simplifying assumptions, the signal from the th transmit antenna is
as follows:

and
bounds can be derived. Define two additional vectors
as follows. If
, then
; otherwise,
. Conversely, if
, then
;
otherwise,
. It follows that
. The
are assumed deterministic but unresidual ISI symbols in
known. Using the Cauchy–Schwarz inequality, it can be shown
that
(12)

where the real symbol sequence
carried by
is
perfectly eliminated. Because the symbol period in the imagito
nary arm is , matched filter outputs are sampled every
obtain the decision statistics. At the th receive antenna, these
statistics are

. It can also be
where
inferred that
is zero mean complex Gaussian distributed
and independent to . That is,

(13)

where
and
define

,
,
. For notational brevity, let us

is the number of positions where the corresponding
where
symbols in and agree, and
. Applying (12) and (13) to (11), the upper
and lower bounds for the conditional PEP are
(14)
, and
. Let
be
the number of corresponding symbols that and differ. Based
follows a central Chi-square probon our channel model,
ability density function
where

Exact unconditional expressions for the bounds in (14) can be
derived; see, e.g.,[12, p. 103]. To gain further insight, the Cheris sufficient. The PEP upper
noff bound
bound is

After linear ZF equalization, we obtain

(15)

where
is the
s
remaining ISI from the th transmit antenna. Collecting
in a vector and dropping all subscripts for simplicity, we obtain
(10)
where has dimension
and
.
In this vector model, is the transmitted vector at time , and
is the remaining ISI after equalization.
To identify performance-affecting factors, we focus on the
pairwise error probability (PEP) next. The conditional PEP between two transmitted vectors and is calculated first. Let
. Then, the conditional PEP is
(11)
Due to the residual ISI vector , even the exact PEP expression is difficult to obtain. However, simple upper and lower

At this point, several observations can be made.
1)
For perfect equalization,
. Following the definition of
and (15), it is clear that PEP enjoys full receive diversity. Furthermore, all pairwise errors enjoy
but have different coding
the same diversity order
s in (15).
advantages due to different
2)
Theoretically, error floor shows up at high SNR. This
is because both and approach some nonzero conapproaches zero, when
. However,
stants as
with small equalization loss, error floor does not appear for practical SNR values.
3)
Tighter upper and lower bounds for the conditional
PEP can be derived by averaging out the strongest
residual ISI symbols in and bounding the remaining
symbols deterministically.
4)
Even though asymptotically pessimistic, our
LST-MSK receivers exhibit considerable performance
improvement relative to conventional nulling-canceling detectors.
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IV. SIMULATIONS
The performance of our LST-MSK receiver is tested here by
Monte Carlo simulations. The transmitted signals are generated
according to the classical CPM representation (1). Since our
concern is on bandwidth efficient CPM, partial response GMSK
is utilized in our simulations with spectral shaping pulse [2]

where denotes the 3-dB bandwidth, and the duration of
is truncated to
. Partial response GMSK with
is employed. The continuous signal generation and matched
filtering are implemented with discrete-time equivalent operations. To avoid aliasing, up-sampling and down-sampling operations are implemented.
Example 1: An LST-MSK receiver with a five-tap real linear
ZF equalizer
is employed. The performance for a
transmit and
receive antennas
system with
is shown in Fig. 6, where error performance of the symbols carried by the real and imaginary components of the transmitted
signals are shown separately. The overall performance is limited
by the group of symbols with the worst performance. To boost
the overall performance, hard-decision iterative canceling is employed. We observe that the performance gain for the second
iteration is the most noticeable. This gain diminishes quickly
with additional iterations. In many cases, we found that two (or
even one and a half) iterations are sufficient to exploit the performance gain of the hard decision iterative detection.
To benchmark performance, two additional curves are plotted
in Fig. 6. The first curve shows the performance of the conventional LST receiver employing NC with optimal detection ordering [18]. Only the performance of the first detected layer is
shown, since the overall performance is dominated by this layer.
After determining the optimal detection order, signals from undesired transmitters are eliminated by nulling, and a simplified four-state Viterbi receiver is employed to detect the symbols from the desired transmitter. The performance gain of our
LST-MSK receiver is noticeable, which is not unexpected since
the conventional NC decoder does not fully exploit the receive
diversity. The second curve corresponds to the performance of
symbols carried by the real component group with perfect elimination of the imaginary group. This can serve as an upper bound
for the performance of our LST-MSK receiver. More accurately,
it may be even better than the ML performance of LST-MSK,
since performance loss due to linear equalization in each group
is relatively small, and interference from one component group
is perfectly eliminated.
Example 2: Performance of our LST-MSK receiver for a
four-transmit and four-receive antennas system is shown in
Fig. 7. In the same figure, performance of a receiver with direct
linear ZF equalization followed by an SD algorithm is also
depicted. For the latter, a ZF equalizer with nine complex taps
is employed. Due to the severe ISI, direct application
of linear equalization causes large equalization loss. It is clear
from Fig. 7 that this performance loss is considerable.
Example 3: To simplify the performance analysis of the
LST-MSK receiver, we have assumed perfect canceling of the

Fig. 6. Performance comparison of the LST-MSK receiver versus
conventional LST nulling-canceling receiver with optimal detection ordering
=
= 8.
for

N

N

Fig. 7. Performance comparison of the LST-MSK receiver versus the direct
=
=4
ZF equalization and sphere decoding for
.

N

N

detected symbols. In general, this assumption is not corroborated fully by our simulations. Error propagation does exist.
We can observe this effect from both Figs. 6 and 7. There are
gaps between the performance of the hard-decision iterative
decoding and those of perfect canceling. However, we have
observed that in other simulations, the perfect canceling performance is closely approached by our LST-MSK receiver. In
Fig. 8, the performance of an LST-MSK system with
and
is shown. We observe that perfect NC performance
is achieved with the second iteration. We encountered similar
.
examples frequently when
V. CONCLUSION
ML receiver complexity for an LST system with a large
number of transmit and receive antennas is, in general, very
high. ST systems employing CPM are motivated by their high
bandwidth and power efficiency. However, the high-decoding
complexity renders the already complex ST detection even
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M

Fig. 8. LST-MSK design example without severe error propagation for
= 4.
2 and

N

N

=

worse. In this paper, we developed reduced complexity receiver
designs for multiantenna LST systems with binary CPM.
For single-antenna binary CPM, we explicitly derived the
minimum trellis of the simplified Viterbi receivers. Based on
this design, differential encoding was introduced for the spe,
. The recial class of CPM signals with
sulting performance gains were justified both theoretically and
with simulations.
For multiantenna systems, we designed reduced complexity
LST-MSK receivers. With group nulling-cancelling and linear
ZF equalization, we converted a coded multiuser detection
problem into an uncoded one with low complexity and small
performance loss. Then, we applied the efficient SD algorithm to solve this problem. To improve performance, we also
employed hard-decision iterative decoding. The combination
of SD with iterative decoding turned out to be effective in
boosting performance with a controllable complexity increase.
With both theoretical analysis and Monte Carlo simulations,
we established that our LST-MSK receiver exhibits improved
performance with moderate complexity.
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