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Abstract: We employ a multiuser detection (MUD) method using a novel genetic algorithm (GA) based on complementary error
function mutation (CEFM) and a differential algorithm (DA) for ultra-wideband (UWB) systems. The proposed MUD method is
termed CEFM-GA DA for short. We describe the scheme of CEFM-GA DA, analyze its algorithm, and compare its computational
complexity with other MUDs. Simulation results show that a significant performance gain can be achieved by employing the
proposed CEFM-GA DA, compared with successive interference cancellation (SIC), parallel interference cancellation (PIC),
conventional GA, and CEFM-GA without DA, for UWB systems in lognormal fading channel. Moreover, CEFM-GA DA not only
reduces computational complexity relative to conventional GA and CEFM-GA without DA, but also improves bit error rate (BER)
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1 Introduction
The recent increase in demand for short-range
and very high data transmission rates in wireless
communications has prompted the development of a
new generation of broadband wireless communication systems, namely ultra-wideband (UWB) systems
(Qiu, 2005; Shen et al., 2006a; 2006b; AhmadiShokouh and Qiu, 2009). A UWB system utilizes a
frequency spectrum between 3.1 GHz and 10.6 GHz,
with a channel bandwidth which is greater than
500 MHz or 20% of the center frequency. It has a
transmission power level below the Federal Com‡
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munications Commission (FCC) limit on spurious
emissions (<−41.3 dBm/MHz) (ECMA International,
2008). The characteristics of huge bandwidth and low
transmission power have made UWB technology
become a new focus in both the academic and industrial sectors.
Interest in the study of UWB systems has increased, especially the development of multiuser
detection (MUD) techniques in such systems. The
well-known MUD technique, which originates from
code division multiple access (CDMA) systems, can
also be applied in the context of multiple access UWB
systems to combat multiple access interference (MAI)
and improve the system performance. The optimal
multiuser detector proposed by Verdu (1998) had high
computational complexity and was too expensive to
handle. Therefore, suboptimal detectors have become
a focus of research. For example, a minimum mean
square error (MMSE) method was investigated by Li
and Rusch (2002) and Kaligineedi and Bhargava
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(2008) to compute filter weights and deal with
frequency-domain equalization, respectively, for
MUD in UWB systems. An interference cancellation
(IC) technique was developed by Boubaker and Letaief (2004) in direct sequence UWB (DS-UWB)
systems. Adaptive MUDs based on the recursive least
square (RLS) principles were operated by Biradar et
al. (2008) and Ahmed and Yang (2010). However, the
bit error rate (BER) of the system is high when
suboptimal detection techniques, like conventional IC
(Boubaker and Letaief, 2004), are used in UWB systems. These conventional detectors are not good
enough for UWB systems. Thus, exploiting intelligent computation techniques would seem to be a
better approach for obtaining improved BER performance. Among the intelligent computation techniques, genetic algorithm (GA) is the most popular
method for engineering optimization. Tan et al. (2006)
presented a conventional GA MUD algorithm for
UWB channel. Wen et al. (2010) developed a GAbased hybrid detection for MUD in UWB systems.
However, the BER performance and computational
complexity of conventional GA-based MUD remain
to be improved in UWB systems.
In this paper, we propose a MUD method based
on a novel GA with complementary error function
mutation (CEFM) and a differential algorithm (DA)
for UWB systems in lognormal fading channel (Saleh
and Valenzuela, 1987; Foerster, 2003; AhmadiShokouh and Qiu, 2009), namely CEFM-GA DA.
Compared with conventional GA (Tan et al., 2006;
Surajudeen-Bakinde et al., 2009; Wen et al., 2010)
and IC (Boubaker and Letaief, 2004) multiuser detectors in UWB systems, our novel GA, which is
based upon CEFM, improves the mutation process to
achieve a better BER performance. Moreover, using
our proposed DA a good BER performance can be
obtained at a relatively low computational complexity.
In other words, our proposed CEFM-GA DA MUD
not only improves BER performance, but also reduces
computational complexity.
2 System model
2.1 Transmission model
We consider a K-user model for a synchronous
DS-UWB communication system over indoor multipath channel, where each user uses a unique spread-

ing sequence. The transmitted signal generated by the
kth user is given by

xk (t ) = Ek bk sk (t ),

(1)

where Ek is the kth user’s signal energy per bit, bk is
the kth user’s data modulated by binary phase shift
keying (BPSK), and sk(t) is the kth user’s spreading
waveform which is given by
sk (t ) =

1
Ns

Ns

∑ c (i) p(t − iT ),
i =1

k

c

(2)

where Ns is the length of the spreading sequence, ck(i)
is the ith spreading code chip assigned to the kth user,
Tc is the chip duration, and p(t) is the second derivative of Gaussian pulse (Li and Rusch, 2002) given by
p (t ) = [1 − 4π(t / τ )]exp[−2π(t / τ ) 2 ],

(3)

where τ is the pulse shape parameter.
2.2 UWB channel model

A UWB channel model, including cluster and
ray phenomena (Saleh and Valenzuela, 1987; Molisch
et al., 2003), is very different from a narrowband
wireless channel model. The distributions of the parameters of a UWB channel model on small-scale
fading depend on environments and can include
lognormal, Nakagami, or Rician fading distributions
(Ahmadi-Shokouh and Qiu, 2009). Our past work
(Zhong et al., 2010) showed that lognormal fading
UWB channel seems to suit better the Chinese office
and laboratory environment. This lognormal fading
distribution is the same as the distribution in the IEEE
802.15.3a indoor channel model (Molisch et al.,
2003). Thus, we consider a lognormal fading channel
for the UWB indoor transmission environment. The
channel impulse response (CIR) of the UWB channel
of multipath mode for the kth user is as follows:
L

J

hk (t ) = X k ∑∑ α kj ,l δ(t − Tl k − τ kj ,l ) ,

(4)

l =0 j =0

where Xk represents the lognormal shadowing, Tl k is
the delay of the lth cluster, τ kj,l is the delay of the jth
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Finally, the total received signal can be obtained

multipath component (i.e., ray) relative to the lth
cluster arrival time (i.e., Tl k ), and α kj,l are the mul-

by
K

r (t ) = ∑ xk (t ) ⊗ hk (t ) + n(t ) ,

tipath gain coefficients of the jth multipath component (i.e., ray) in the lth cluster. The coefficients α kj,l
for the kth user can be defined as follows:

α kj ,l = p kj ,l ξ lk β jk,l ,

where ⊗ denotes linear convolution and n(t) is the
zero-mean additive white Gaussian noise (AWGN).
(5)
3 Differential multiuser detection using a
genetic algorithm based on complementary
error function mutation

where p kj,l is equiprobably 1 or −1 to show signal
inversion because of reflections, and ξlk and β jk,l
reflect the fading associated with the lth cluster
and the jth ray of the lth cluster, respectively. Note
that, 20lg(ξlk β jk,l ) ∝ N ( μ kj ,l ,σ 12 + σ 2 2 ) or ξlk β jk,l =
( μ kj,l +n1 +n2 )/20

10

, where n1 ∝ N (0,σ 12 ) and n2 ∝ N (0,σ 22 )

are independent and correspond to the fading on each
cluster and ray, respectively.
2
k
−τ / γ
E ⎡ ξ lk β jk,l ⎤ = Ω0 e − Tl /Γ e j ,l ,
⎣
⎦
k

(6)

where Ω0 is the mean energy of the first path of the
first cluster, and Γ and γ are the cluster decay factor
and ray decay factor, respectively. Observing the
above equations, μ kj,l can be calculated as

μ kj,l =

10ln Ω0 − 10Tl k / Γ − 10τ kj ,l / γ
ln10

(10)

k =1

−

(σ 12 + σ 22 )ln10
,
20
(7)

where σ1 and σ2 are the standard deviations of the
cluster lognormal fading term and the ray lognormal
fading term, respectively. The illustrations above
show that the channel coefficients of multipath gain
{ α kj,l } fit a lognormal distribution.
There are two more parameters of the channel
model, the cluster arrival rate Λ and the ray arrival
rate λ (i.e., the arrival rate of path within each cluster),
which are able to express the distributions of the
cluster arrival time and the ray arrival time, respectively:
p (Tl k | Tl −k1 ) = Λexp[ − Λ (Tl k − Tl −k1 )], l > 0,

(8)

p(τ kj ,l | τ (kj −1), l ) = λ exp[ − λ (τ kj ,l − τ (kj −1), l )], j > 0. (9)

GA is a probabilistic search technique based on
the principle of biological evolution. Just as a biological organism evolves to more fully adapt to its
environment, GA follows a path of analysis from
which a design evolves, one that is optimal for the
environmental restrictions placed upon it. GA uses
probabilistic transition rules to select someone to
reproduce or to die so as to guide their search toward
regions of the search space with likely improvement
(Gen and Cheng, 2000). Thus, GA is a powerful and
globally stochastic search and optimization technique,
and is widely employed in optimization problems of
industrial engineering.
In this section, we discuss a novel GA based on
CEFM aided MUD, and its DA for both further improvement of system BER performance and reduction
of computational complexity.
3.1 Genetic algorithm based on complementary
error function mutation
0B

First, we define the trial data vector in our proposed GA based on CEFM (i.e., CEFM-GA) MUD as
bˆ = [bˆ , bˆ , , bˆ ]T for K users. Then,
1

2

K

K

rˆ(t ) = ∑ Ek bˆk sk (t ) ⊗ hk (t )

(11)

k =1

represents the estimated value of the received signal
r(t) for K users.
Fig. 1 shows a flow chart of the proposed
CEFM-GA assisted MUD used in the UWB system.
After our proposed CEFM-GA MUD process, the
trial datum bˆ will be the optimum or near-optimum
k

estimated value of the bk in Eq. (1) for the kth user.
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population is represented by a vector including K bits.
In the vector, each bit is a trial datum belonging to one
of the K users. The pth individual which is the estimated value of b = [b1 , b2 , , bK ]T in Eq. (1) is de-

Start
Population initialization
g=0

(Initial generation)

Fitness value evaluation

fined as

Fitter chromosome selection

bˆ p( g ) = [bˆ1,( gp) , bˆ2,( gp) ,

, bˆK( g, )p ]T , p = 1, 2, … , P , (12)

Crossover
Proposed mutation
g=g+1
Elitism

g=G?

No

Yes
Decision
End

Fig. 1 Flow chart of the proposed CEFM-GA assisted
multiuser detection scheme for UWB systems

For succinctness, we will simply describe the
philosophy of the proposed CEFM-GA. Readers who
are unfamiliar with GAs can refer to Goldberg (1989)
or Gen and Cheng (2000) for details.
1. Start with encoding
For the start of the GA, the trial data vector b̂
must first be encoded into binary string form. The
encoded binary string is regarded as a chromosome in
GA and its elements are regarded as genes. Thus, the
MUD can be treated as a multi-objective optimization
solution that finds the most likely combination of the
binary bits (Jiang et al., 2006; Arifianto et al., 2007).
Without loss of generality, BPSK modulation
has already been employed in the transmission model.
Thus, the chromosome encoding procedure is unnecessary. In this case, the number of genes in a
chromosome, which is also the number of bits in a
trial data vector for BPSK, is the number of users. If
the transmission signals are modulated by QPSK,
namely 2 bits per symbol, the chromosome must have
2-bit genes. In general, the number of bits in a symbol
is equal to the number of bits in a gene.
2. Population initialization
After encoding, an initial population consisting
of P members, called individuals, is created. In our
proposed GA, each individual or chromosome in the

where superscript g (g=1, 2, …, G) denotes the gth
generation and bˆk( ,gp) denotes the kth (k=1, 2, …, K)
gene of the pth individual at the gth generation.
After initialization of the population, the P individuals then begin the optimization process, in
which the initial generation g is 1.
3. Fitness evaluation
In the procedure of this fitness evaluation, our
GA exploits an objective function (OF) to evaluate
the fitness of each individual in the population, which
represents how closely each individual matches the
optimum individual. Thus, the optimum individual
can maximize the OF value. We will now discuss how
to find the OF.
The solution of optimum detection is the
most likely trial data vector b̂opt that minimizes
|| r (t ) − rˆ(t ) ||2 ; that is,
bˆopt = arg {min r (t ) − rˆ(t )

where bˆopt ∈{bˆ = [bˆ1 , bˆ2 ,

2

},

(13)

, bˆK ]T }, bˆk ∈ {−1, 1}, k∈{1,

2, …, K}, and || ⋅ ||2 denotes Euclidean norm or
Euclidean distance.
Next, we consider the likelihood function

{

}

f [r (t ), 0 ≤ t ≤ Ts | bˆ] = exp − ∫ [ r (t ) − rˆ(t )] dt / (2σ 2 ) .
2

Ts

(14)
Analyzing the differential part of the right hand side
of Eq. (14), we find it to be an expression of the distance (Verdu, 1998). Observing Eqs. (13) and (14),
the solution of optimum detection selects b̂ that can
also maximize the likelihood function above (Verdu,
1998; Yen and Hanzo, 2004) or, ignoring the term
which is independent of b̂ (i.e.,
lently maximizes

∫

Ts

r (t )2 dt ), equiva-
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Ω (bˆ) = 2 ∫ rˆ(t )r (t )dt − ∫ rˆ(t )2 dt.
Ts

(15)

Ts

By substituting Eq. (11) into Eq. (15), we obtain
⎡K
⎤
Ω (bˆ ) = 2 ∫ ⎢ ∑ Ek bˆk sk (t ) ⊗ hk (t ) ⎥r (t )dt
Ts
⎣ k =1
⎦

(16)

2

⎡K
⎤
− ∫ ⎢ ∑ Ek bˆk sk (t ) ⊗ hk (t ) ⎥ dt.
Ts
⎣ k =1
⎦

Here, we define
Sk (t ) = Ek sk (t ) ⊗ hk (t ) .

(17)

Then Eq. (16) can be rewritten as
⎛

⎞

K

⎛

⎞

K

2

Ω (bˆ) = 2∫ ⎜ ∑ bˆk Sk (t ) ⎟ r (t )dt − ∫ ⎜ ∑ bˆk Sk (t ) ⎟ dt.
T
T
s

⎝ k =1

⎠

s

⎝ k =1

⎠

plified as

Ω (bˆ ) = 2bˆ T y − bˆ T Rbˆ.

Thus, the solution of optimum or near-optimum detection is the one that maximizes the OF value in
Eq. (20), and y is the input of the proposed GA. The
standard of fitness evaluation of the individuals is that
the greater is the OF value of an individual, the fitter
is the individual.
4. Selection
To evolve the population, some excellent individuals will be chosen to constitute a future population for reproduction. The fitter individuals with better genes are more likely to be selected to produce the
offspring individuals (Goldberg, 1989). Thus, the rule
of selection is based on their fitness or OF values
(Jiang and Hanzo, 2007). The selection probability of
the pth individual is

(18)
Substituting Eqs. (1) and (10) into Eq. (18), we obtain

Ω (bˆ)
⎛ K
⎞⎛ K
⎞
= 2∫ ⎜ ∑ bˆk Sk (t ) ⎟⎜ ∑ Ek bk sk (t ) ⊗ hk (t ) + n(t ) ⎟ dt
Ts
⎝ k =1
⎠⎝ k =1
⎠
2

⎛ K
⎞
− ∫ ⎜ ∑ bˆk Sk (t ) ⎟ dt
Ts
⎝ k =1
⎠
⎛ K
⎞⎛ K
⎞
= 2∫ ⎜ ∑ bˆk Sk (t ) ⎟⎜ ∑ bk Sk (t ) + n(t ) ⎟ dt
Ts
⎝ k =1
⎠⎝ k =1
⎠
2

⎛ K
⎞
− ∫ ⎜ ∑ bˆk Sk (t ) ⎟ dt
Ts
⎝ k =1
⎠
K
⎞
⎛
⎞⎛ K
= 2∫ ⎜ ∑ bˆk Sk (t ) ⎟ ⎜ ∑ bk Sk (t ) ⎟ dt
Ts
⎠
⎝ k =1
⎠ ⎝ k =1
2

⎛ K
⎞
⎛ K
⎞
+ 2∫ ⎜ ∑ bˆk Sk (t ) ⎟n(t )dt − ∫ ⎜ ∑ bˆk Sk (t ) ⎟ dt
Ts
Ts
⎝ k =1
⎠
⎝ k =1
⎠
T
T
T
T
T
ˆ
ˆ
ˆ
ˆ
= 2b SS b + 2bn − (b S )(b S )
ˆ − bˆ T Rbˆ
= 2bˆ T Rb + 2bn
= 2bˆ T ( Rb + n) − bˆ T Rbˆ,

(19)

where n = ∫ S k (t ) n(t )dt , and R=SST is an auto and
Ts

cross correlation matrix. We define y=Rb+n, which
can be treated as the output of the matched filter (MF).
Thus, we treat Ω (bˆ) as the OF, which can be sim-

(20)

Pp =

Ω (bˆ(pg ) ) − Ωw( g ) + 1

∑

(Ω (bˆ (pg ) ) − Ωw( g ) + 1)
p =1

P

,

(21)

where Ω (bˆ (pg ) ) is the OF value of the pth individual
at the gth generation, and Ωw( g ) is the worst OF value
at the gth generation.
5. Crossover
Crossover is the operation by which the selected
individuals exchange their genes to produce pairs of
offspring. Concretely, the crossover operation randomly chooses one cutting point or many cutting
points and exchanges the binary strings of individuals
before or after the cutting point(s). For instance, after
a cut in the first bit in each of the two strings 0011 and
1010, these two strings are crossed over to produce a
new pair of offspring 0010 and 1011. Because the
offspring inherit the merits of their parents, they are
expected to be superior to their parents.
6. The proposed complementary error function
mutation
To increase the diversity of the population, this
mutation operation randomly changes some of the
crossover results’ genes. Without mutation, the GA’s
search falls into local optima. Thus, the mutation
operation is crucial to the success of GA.
In this part, we present a new mutation operation,
namely CEFM. In the proposed CEFM procedure, a
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mutation probability pm(i , j ) which is relative to a
signal-to-noise ratio (SNR) from i to j is defined. It
can be calculated with the help of a complementary
error function (Proakis and Salehi, 2007)
erfc( x) =

2 ∞ −t 2
e dt ,
π ∫x

x ≥ 0.

(22)

8. Generation iteration
The genetic operations above are cycled from
one generation to another, until the generation index g
reaches its maximum G. If the number of generations
G and/or the population size P are large enough, the
final results of GA MUD for K users approach the
optima (Hanzo and Keller, 2006; Jiang and Hanzo,
2007).

Fig. 2 is an illustration of the mutation probability pm( i , j ) for BPSK modulation. A vertical dashed

3.2 Differential algorithm for the proposed
CEFM-GA MUD

line separates −1 and 1, and the Gaussian distribution
N(0, σ2) is centered to the left side of that line, namely
at the position of −1. Here, σ2 is the noise variance at a
specified SNR level. The mutation probability from
−1 to 1 (i.e., pm( −1,1) ) is proportional to the shaded area

The GA is convergent, but the degree of convergence depends on the number of generations G
and/or the population size P (Jiang et al., 2006; Wen
et al., 2010). As noted above, if P and/or G are sufficiently large, our CEFM-GA MUD approaches the
optimum maximum likelihood detection results.
However, increasing P and/or G increases the computational complexity of the MUD system. It is impractical to pursue a slightly higher degree of convergence or a slightly lower BER performance at the
expense of much more computational complexity.
Thus, we present a DA to solve the complexity
problem. Besides the reduction of computational
complexity, the DA can improve BER performance.
Fig. 3 shows the structure of the CEFM-GA with
the DA. We exploit the DA in CEFM-GA to avoid
unnecessary repeated calculations of certain terms in
different generations. The kth user data yk awaiting
detection are forwarded to two CEFM-GA MUDs
(Fig. 3). One CEFM-GA detector which has a large
number of generations G1 is the major detector while
the other, which has a much smaller number of generations G0, is an accessorial detector. The accessorial

in Fig. 2. It can be obtained by
1
⎛ −1 − 1 1 ⎞ 1 ∞ − t 2
⋅ 2 ⎟=
e dt . (23)
pm( −1,1) = erfc ⎜
−2
σ ⎠
2
π ∫σ
⎝ 2

Similarly, we can obtain
1
⎛ 1 − (−1) 1 ⎞ 1
pm(1, −1) = erf c ⎜
⋅ 2 ⎟=
σ ⎠
2
2
π
⎝

∞

∫σ

-2

2

e− t dt . (24)

We find that pm( −1,1) = pm(1, −1) , and thus we define
pm = pm( −1,1) = pm(1, −1) as the CEFM probability for

BPSK modulation.
N(0, σ 2)

bK(1)

On/Off
control

1
( −1 , 1 )
m

Fig. 2 Illustration of the mutation probability p

y1 (or y1 )

y2

y2 (or y )
(2)
2

Cache

yK (or yK )
(2)

Major
CEFM-GA
detector

b̂1

b2(1) (or b2(2))

…

yK

b1(1) (or b1(2))

(2)

…

bK(1) (or bK(2)) Differential

b̂2

…

algorithm
(DA)

b (1)

1
Accessorial
b2(1)
CEFM-GA
detector
b (1)
(only one generation) K

…

…

7. Elitism
An elitism operation (Fig. 1) is used to avoid
losing excellent individuals which have higher fitness
or greater OF values from one generation to another.
The operation copies a small part of the best parent
individuals, and replaces the worst offspring (Gen and
Cheng, 2000).

y1

…

based on complementary error function mutation for
BPSK

…

0

…

-1

b2(1)
b1(1)

…

DAtrigger

bˆK

Fig. 3 Structure of the proposed CEFM-GA DA multiuser detector
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CEFM-GA detector usually has few generations—
one or two are enough. In our proposed DA, we consider one generation for the accessorial CEFM-GA
detector. Let us analyze the principle of the DA. As
mentioned in Eq. (20), the inputs of the major and
accessorial CEFM-GA, which are the same, can be
expressed as
y = [ y1 , y2 ,

, yK ]T , yk = [ yk (1), yk (2), ..., yk (Q)], (25)

where Q is the number of bits per packet, k∈{1, 2, ...,
K}. The outputs of the major and accessorial CEFMGA are different, and are respectively
b (1) = [b1(1) , b2(1) , , bK(1) ]T , bk(1) = [bk(1) (1), bk(1) (2),..., bk(1) (Q)],
(26)
(1)
(1)
(1)
(1) T
(1)
(1)
(1)
(1)
b = [b1 , b2 , , bK ] , bk = [bk (1), bk (2),..., bk (Q)],
(27)

where Q is the number of bits per packet, k∈{1, 2, ...,
K}, and the superscript (1) denotes the first cycle of
CEFM-GA detection. The DA (Fig. 3) defines a differential matrix
b

(1)

b (1) − b (1) ⎡ b1(1) − b1(1) b2(1) − b2(1)
b (1) − bK(1) ⎤
=
=⎢
,
,..., K
⎥
2
2
2
2
⎣
⎦

T

= [b , b ,..., b ] .
(1)
2

(1) T
K

non-zero signal in bk(1) arrives, the DA-trigger (the
initial state is connective) executes a trigger for a
connection. Thus, the new vector yk(2) which is the
input of the second cycle of CEFM-GA detection for
the kth user is defined as
yk(2) = [ yk(2) (1), yk(2) (2),

, yk(2) (q )],

(29)

where k∈{1, 2, ..., K}, q∈{1, 2, ..., Q}, and the superscript (2) denotes the second cycle of CEFM-GA
detection.
In the second cycle of CEFM-GA detection, the
greater number of generations G' and/or the population size P' can be adopted due to the much smaller
number of elements in yk(2) (we will discuss the difference in elements rate between yk(2) and yk in the
next section; usually it is about 10%). In our proposed
CEFM-GA DA, we increase only the number of
generations G'. While increasing the number of generations, our proposed MUD can also obtain better
BER performance.
After the second cycle of CEFM-GA detection,
(2)
bk can be obtained at the output of the major
CEFM-GA detector, and then be forwarded to the DA.
In the DA, a new detection result bk(2) is formed by a

⎛ b1(1) (1) − b1(1) (1)
b (1) (Q) − b1(1) (Q) ⎞
… 1
⎜
⎟
2
2
⎜
⎟
=⎜
⎟
⎜ (1)
⎟
(1)
(1)
(1)
bK (Q) − bK (Q) ⎟
⎜ bK (1) − bK (1)
⎜
⎟
2
2
⎝
⎠
(1)
1

cache, and forms a new input yk(2) . Namely, when a

replacement operation; namely, the non-zero elements in bk(1) are replaced by the elements in bk(2) in
(28)

Calculating the differential matrix b (1) , we find that
it contains many zeros, reflecting the convergence of
the proposed GA, and that its non-zero elements are 1
or −1. The non-zero elements which result from the
differences between b (1) and b (1) reflect errors between the major and accessorial detectors, or a tendency for errors in the results of the CEFM-GA MUD
(Nahler et al., 2002; Kong et al., 2008; 2010). For
simplicity, we now focus our attention on the kth user.
The DA saves bk(1) (k∈{1, 2, ..., K}), and feeds it back
to the DA-trigger (Fig. 3). According to the sequence
bk(1) , the DA-trigger triggers yk, which is from the

turn. Thus, the final results b̂ of the CEFM-GA DA
can be expressed as
b
bˆ = b (1) − b (1) + b (2) =

(1)

+ b (1)
+ b (2) .
2

(30)

Here, we employ a two-cycled CEFM-GA with the
differential algorithm (CEFM-GA DA). More cycles
could be employed, if required.
Quantitative analysis can be used to compare the
computational complexity of different MUDs. Thus,
we used the float-point (flop) operation method
(Nahler et al., 2002) and defined addition and multiplication operations (ops) as add and mul, respectively. The complexity O, measured as the number of
ops, was calculated for successive interference
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cancellation (SIC), parallel interference cancellation
(PIC), conventional GA without CEFM, CEFM-GA,
and CEFM-GA DA detection:
O(SIC) = K [2N s + 2 + (2Ns K 2 + 2K − 1 + 1)]
= 2K ( Ns K 2 + N s + K + 1),

(31)

O(PIC) = S{K + N s [ K + K ( K − 1)] + K (2N s − 1 + 1)}

= SK ( N s K + 2N s + 1),
(32)
O(GA) = G{(3P + 1)[ K ( K + K − 1) + ( K + K − 1)
+ 1 + 3K ( K + K − 1) + ( K + K − 1) + 1]

multiuser UWB communication system in which
direct sequence was employed. The UWB pulse was
the second derivative of Gaussian pulse (Li and Rusch,
2002), as shown in Eq. (3). There were four users in
the UWB system, and the length of the spreading code
was 31 (Gold codes were used). The details of the
system parameters are summarized in Table 1.
Table 1 Summary of system parameters
Config.

+ 6P + Pmu P + 4}
= G (24PK 2 + 8K 2 + 6P + Pmu P + 4),
(33)
O(CEFM-GA)
= G{(3P + 1)[ K ( K + K − 1) + ( K + K − 1)
+ 1 + 3K ( K + K − 1) + ( K + K − 1) + 1]

GA

+ 6P + Pm P + 7}
= G (24PK 2 + 8K 2 + 6P + Pm P + 7),
O(CEFM-GA DA)

(34)

= (G1 + 1)(24PK 2 + 8K 2 + 6P + Pm P + 7)
+ β G′(24PK 2 + 8K 2 + 6P + Pm P + 7)

UWB

= (α G + β G′ + 1)(24PK 2 + 8K 2 + 6P
+ Pm P + 7),

(35)

where K is the number of users, Ns the length of
spreading code, S the number of stages in PIC, P the
number of populations in the conventional GA,
CEFM-GA, and CEFM-GA DA, G the number of
generations in the conventional GA and CEFM-GA,
Pmu the mutation probability in the conventional GA,
Pm the proposed CEFM probability in our proposed
CEFM-GA and CEFM-GA DA, G1=αG (0<α<1/2)
the number of generations in the major detector of the
CEFM-GA DA, G' the number of generations in the
second cycle of CEFM-GA DA detection, and β
(usually about 10%) the percentage of non-zeros in
the differential matrix. Clearly, O(CEFM-GA DA)<
O(CEFM-GA).

4 Simulation results

LDPC

Parameter

Value/Description

Population size
Number of generations
CEFM-GA
Major detector of CEFMGA DA
Accessorial detector of
CEFM-GA DA
Second cycle of CEFM
-GA DA
Selection method
Crossover
Mutation
Elitism
Number of users
Modulation
Channel model

15

Code rate
Number of iterations
Codeword length

1
G' is varied
Fitness-based
Uniform
CEFM
Enabled
4
BPSK
lognormal fading
CM1–CM4
1/2
10
512 bits

GA: genetic algorithm; UWB: ultra-wideband; LDPC: low-density
parity-check. CEFM: complementary error function mutation; DA:
differential algorithm; CM: channel model

In this article, we consider the UWB channel
models (CM) of IEEE 802.15.3a CM1–CM4 (line-ofsight (LOS) and non-line-of-sight (NLOS) channel
characteristics) (Foerster, 2003; Molisch et al., 2003)
in which the channel impulse response (CIR) for each
user is selected randomly from 200 channel realizations (Tan et al., 2006; Ahmed and Yang, 2010). The
parameters of CM1–CM4 are summarized in Table 2.
In Table 2, the mean excess delay τm and the root
mean squared delay τRMS can be defined as

τ m = ∑ P(τ i )τ i
i

Simulations were conducted to evaluate the performance of our proposed CEFM-GA DA MUD for a

G is varied
G1=αG (α=0.3)

τ RMS =

∑ P(τ )(τ
i

i

∑ P(τ ),

(36)

i

i

i

− τ m )2

∑ P(τ ),
i

i

(37)
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100

Table 2 IEEE 802.15 UWB channel for four scenarios

Λ (1/ns)
λ (1/ns)
Γ
γ
τm (ns)
τRMS (ns)
NP10 dB
NP85%

CM1*
0.0233
2.5
7.1
4.3
5.0
5
12.5
20.8

Value
CM2**
CM3**
0.4000
0.0667
0.5
2.1
5.5
14.0
6.7
7.9
9.9
15.9
8
15
15.3
24.9
33.9
64.7

CM4**
0.0667
2.1
24.0
12
30.1
25
41.2
123.3

10-2
BER

Parameter

10-4

10-6
0

Line-of-sight (LOS); ** Non-line-of-sight (NLOS). Λ: cluster
arrival rate; λ: ray arrival rate; Γ: cluster decay factor; γ: ray decay
factor; τm: mean excess delay; τRMS: root mean squared delay;
NP10 dB: the number of multipath arrivals that are within 10 dB of
the peak multipath arrival; NP85%: the number of paths required to
meet the 85% energy capture threshold
*

Matched filter
SIC
PIC
Conventional GA (G=10)
CEFM-GA (G=10)
CEFM-GA DA (G' =10)
CEFM-GA DA (G' =20)
CEFM-GA DA (G' =30)
AWGN

2

4

6
SNR (dB)

(a)
8

10

12

100

Matched filter
SIC
PIC
Conventional GA (G=10)
CEFM-GA (G=10)
CEFM-GA DA (G' =10)
CEFM-GA DA (G' =20)
CEFM-GA DA (G' =30)
AWGN

-4

10

10

-6

0

10

2

4

6
SNR (dB)

(b)
8

10

12

0

10-2
BER

denotes the power of the ith ray (Ahmadi-Shokouh
and Qiu, 2009). NP10 dB is defined as the number of
multipath arrivals that are within 10 dB of the peak
multipath arrival, and NP85% is defined as the number
of paths required to meet the 85% energy capture
threshold (Foerster, 2003). The definitions of the
other parameters of the channel model can be found
above. Note that in CM1–CM4 the channel coefficients are lognormal fading (see Eqs. (5)–(7)). Thus,
the IEEE 802.15.3a UWB channel characteristic is
lognormal fading (Foerster, 2003).
Fig. 4a compares the BER performance of different MUDs for the lognormal fading UWB system
in CM 1 (i.e., LOS channel), where four users and a
processing gain of Ns=31 are supported. Our proposed
CEFM-GA and CEFM-GA DA are much better than
SIC, PIC (50 stages), and conventional GA without
CEFM. Specifically, G is the number of generations
in CEFM-GA, and G' is the number of generations for
the second cycle of detection in CEFM-GA DA (as
G=10, the number of generations of the major detector G1=αG=0.3×10=3). The CEFM-GA DA with
G'=20 or 30 can obtain better BER performance than
the CEFM-GA with G=10 (Fig. 4a), though CEFMGA DA with G'=10 has almost the same BER performance as CEFM-GA with G=10. Concretely, at a
BER of nearly 10−4, the CEFM-GA DA with G'=20
attains gains of more than 1 dB and 0.5 dB compared
to conventional GA and CEFM-GA, respectively.
Furthermore, as G' is increased from 20 to 30, the
CEFM-GA DA can provide a further gain of more
than 0.5 dB.

10

-4

10

-6

10

0

0

Matched filter
SIC
PIC
Conventional GA (G=10)
CEFM-GA (G=10)
CEFM-GA DA (G'=10)
CEFM-GA DA (G'=20)
CEFM-GA DA (G'=30)
AWGN

2

4

6

8
10
SNR (dB)

(c)
12

14

16

10-2
BER

where τi denotes the delay of the ith ray and P(τ i )

BER

10-2

-4

10

10-6
0

Matched filter
SIC
PIC
Conventional GA (G=10)
CEFM-GA (G=10)
CEFM-GA DA (G'=10)
CEFM-GA DA (G'=20)
CEFM-GA DA (G'=30)
AWGN

2

4

6

8
10
SNR (dB)

(d)
12

14

16

Fig. 4 BER performance of different MUDs for a lognormal fading UWB system in CM1 (a), CM2 (b), CM3
(c), and CM4 (d), where four users and a processing gain
of Ns=31 are supported

763

Kong et al. / J Zhejiang Univ-Sci C (Comput & Electron) 2011 12(9):754-765

12.0
CM1
CM2
CM3
CM4

11.5

Percentage (%)

11.0
10.5
10.0
9.5
9.0
8.5
8.0

0

2

4

6

8
10
SNR (dB)

12

14

16

Fig. 5 Percentage of non-zeros in the differential matrix
of the proposed CEFM-GA DA for CM1–CM4
The averages of the percentage of non-zeros in the differential matrix for CM1–CM4 were 9.80%, 10.07%, 10.36%,
and 10.52%, respectively
2.5
Conventional GA (G=10)
CEFM-GA (G=10)
CEFM-GA DA (G'=10)
CEFM-GA DA (G'=20)
CEFM-GA DA (G'=30)

2.0
Number of flops (x107)

Figs. 4b–4d show the BER performance of different MUDs for the lognormal fading UWB system
in CM2–CM4 (i.e., NLOS channel). In Fig. 4, with
the increase of cluster decay factor Γ and ray decay
factor γ (see Table 2), the BER performance of all
MUDs declined. But the proposed CEFM-GA DA
with G'=30 had the best BER performance among all
MUDs, and was closest to the performance over the
AWGN channel. Figs. 4b–4d show that the CEFMGA DA with G'=20 or 30 can obtain better BER performance than the CEFM-GA with G=10, though the
CEFM-GA DA with G'=10 had almost the same BER
performance as the CEFM-GA with G=10. Obviously,
as G' is increased, the BER performance of CEFMGA DA can also be improved due to the nature of the
GA. But the increment of G' brings little additional
computational complexity (to be discussed later).
Fig. 5 shows the percentage of non-zeros in the
differential matrix (i.e., β mentioned above) for
CM1–CM4, and indicates a reduction in computational complexity and an improvement in performance when the DA is used in CEFM-GA. The better
are the conditions of the channel, the lower is the
percentage of non-zeros in the differential matrix.
Also, as the SNR is increased, the percentage of
non-zeros in the differential matrix decreases slightly.
The averages of the percentage of non-zeros in the
differential matrix for CM1–CM4 were 9.80%,
10.07%, 10.36%, and 10.52% respectively, implying
that only about 10% of data will be sent to the second
cycle of detection in the CEFM-GA DA for further
correction. Thus, we can save nearly 90% of computational operations in the second cycle of detection.
This means that we can employ more generations (i.e.,
a larger G') in our algorithm to improve the BER
performance (Fig. 4). The changes in the percentage
of non-zeros in the differential matrix for CM1–CM4
are so tiny that they barely have any impact on the
computational complexity of the whole system;
therefore, we can treat the percentage of non-zeros in
the differential matrix for CM1–CM4 as one fixed
number, namely 10%.
Fig. 6 compares the computational complexity
of different GA MUDs for different numbers of generations. We used the float-point (flop) method
(Nahler et al., 2002) to show how many computation
operations it is possible to save in a real system. The
computational operations of conventional GA and

1.5

1.0

0.5

0

0

10

20
30
40
Number of generations

50

60

Fig. 6 Computational complexity of the proposed CEFMGA DA compared with conventional GA and CEFM-GA
for different numbers of generations

CEFM-GA increased quickly. However, the computational operations of all three proposed CEFM-GA
DA increased much more slowly, and were very
similar. One reason is that the number of generations
G1 of the major detector in our proposed CEFM-GA
DA was set as a small number αG, namely 0.3G. Also,
the input data of the second cycle of detection, namely
non-zeros in the differential matrix, formed only
about 10% of the total. At G=60, the computational
operations of all three proposed CEFM-GA DA were
only one third of those of the conventional GA and
CEFM-GA. Thus, we can employ more generations
for detection by using the DA to obtain better BER
performance.
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Fig. 7 shows the computational complexity of
different MUDs for different numbers of users. The
computational operations of our proposed CEFM-GA
DA with G'=10 increased the slowest. The computational operations of all three CEFM-GA DA MUDs
increased slower than those of other MUDs. When the
number of users was more than 16, our proposed
CEFM-GA DA with G'=10 had the lowest computational complexity (Fig. 7). Thus, with our proposed
CEFM-GA DA, the higher is the number of users, the
lower is the system computational complexity. Figs. 6
and 7 both indicate that when we use SIC, PIC, conventional GA, or CEFM-GA, many more computational operations are wasted. Thus, we can exploit
more generations for detection by using the differential algorithm to obtain better BER performance.

Number of flops

107

105

8

12

16
20
Number of users

24

28
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