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Abstract

In this work a simple and efficient methodology for tuning the input parameters applied to the ant colony optimiza-
tion multiuser detection (ACO-MuD) in direct sequence code division multiple access (DS-CDMA) is proposed. The
motivation in using a heuristic approach is due to the natureof the NP complexity posed by the wireless multiuser
detection optimization problem. The challenge is to obtainsuitable data detection performance in solving the associ-
ated hard complexity problem in a polynomial time. Previousresults indicated that the application of heuristic search
algorithms in several wireless optimization problems havebeen achieved excellent performance-complexity tradeoffs.
Regarding different system operation and channels scenarios, a complete input parameters optimization procedure
for the ACO-MuD is provided herein, which represents the major contribution of this work. The performance of
the ACO-MuD is analyzed via Monte-Carlo simulations. Simulation results show that, after convergence, the per-
formance reached by the ACO-MuD is much better than the conventional detector, and somewhat close to the single
user bound (SuB). Flat Rayleigh channels is initially considered, but the input parameter optimization methodology
is straightforward applied to selective fading channels scenarios, as well as to joint time-spatial wireless channels
diversities.

Keywords: Ant colony intelligence, multiuser detection, input parameters optimization, computational complexity,
multiple access communication networks, DS-CDMA.

1. Introduction

In the direct sequence/code division multiple access
(DS/CDMA) technology, all the users share the entire
frequency band available at the same time. This is pos-
sible due the spreading sequence with short chip period,
which is used in order to spread the user information
along all the available bandwidth spectrum, as well as
serves as an identification code for each user, providing
some level of multiple access interference (MAI) immu-
nity. The application of sequences with low cross corre-
lation allows to support a considerably number of users
simultaneously, as well as the possibility of operation
in the asynchronous configuration mode, meting the re-
quirements of wireless mobile communication uplink.
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However, as the system loading1 increases, the utiliza-
tion of sophisticated detectors become necessary, such
as multi user detection (MuD) Verdú (1998), in such a
way to obtain a reasonable separation among the sev-
eral user’ signals, each one under an intense multiple
access interference level generated byK − 1 interfering
users. The best performance is achieved by the opti-
mum multiuser Detector (OMuD) or maximum likeli-
hood (ML) detector, which complexity grows exponen-
tially with the number of users,O(2K) Verdú (1998).

After the Verdú’s revolutionary work, a wide num-
ber of suboptimal MuD approaches have been proposed
in an attempt to get high performance multiuser re-
ceivers with low complexity. Among the suboptimal
MuDs, the linear multiuser detectors, such as Decorre-
lator Verdú (1986) and MMSE (Minimun Mean Square
Error)Poor and Verdu (1997), as well as the nonlinear
MuDs, such as interference cancelers Patel and Holtz-
man (1994),zero-forcingDuel-Hallen (1995), among

1The number of users by the processing gain ratio,L = K/N.
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others have been widely discussed in literature in the
past two decades. More recently, a new class of mul-
tiuser detection approach has been successfully pro-
posed with increasing gain in complexity-performance
trade-off: the heuristic-based multiuser detectors Ergun
and Hacioglu (2000); Lim and Venkatesh (2003); Hijazi
and Natarajan (2004); Ciriaco et al. (2006).

In the last decade, proposals based on heuristic meth-
ods have been reported to solve the MuD problem, get-
ting performance close to the ML performance with
polynomial computational complexity Ergun and Ha-
cioglu (2000); Abrão et al. (2009). The use of heuris-
tic search algorithms is motivated by the fact that op-
timization problems related to wireless communication
systems results in non-polynomial (NP-hard) problems,
e.g, MuD optimization problem Verdú (1989). So, from
a practical point-of-view, the challenge is to obtain sat-
isfactory results for these high computational complex-
ity problems in a polynomial time. This requirement
comes from the fact that detection stage must be pro-
vided in a short time under a limited computational re-
sources in order to met the real time wireless commu-
nication applications and services. Meting this require-
ment the wireless communication system is able to be
implemented on modern digital signal processors plat-
forms.

Furthermore, the input parameters optimization of the
heuristic-based algorithms is of paramount importance
in order to obtain reliable results. Specifically on MuD
optimization problem, in Abrão et al. (2010) a detailed
study about the input parameters of the particle swarm
heuristic algorithm applied to DS/CDMA multiuser de-
tection problem has been conducted. Hence, present
work aims to develop an input parameters analysis for
the ant colony optimization (ACO) heuristic-based al-
gorithm applied to DS/CDMA multiuser detection prob-
lem.

Previous results shows the heuristic based algorithms
application in several wireless communications opti-
mization problems has achieved great success in the
performance-complexity tradeoff. In the multiuser de-
tection context, the heuristic based algorithms (Heur-
MuD) most commonly used includes the evolutionary
programming (EP) based algorithms, specially the ge-
netic algorithms (GA) Ergun and Hacioglu (2000); Ciri-
aco et al. (2006), particle swarm optimization (PSO)
Zhao et al. (2006); de Oliveira et al. (2006), ant colony
optimization (ACO) Xu et al. (2007) and the local
search method (LS) Lim and Venkatesh (2003); Oliveira
et al. (2009).

The first algorithm using the ACO heuristic approxi-
mation was proposed in 1991 by Colorni Colorni et al.

(1991), and since that many variant algorithms were
described in the literature. The ACO intelligence has
achieved great success in solving combinatorial opti-
mization problems that had arisen in many areas. For
example in power electronics field, variants of this
heuristic method, such as elitist ant system (EAS), rank-
based ant system (ASrank) and max-min ant system
(MMAS) just to name a few, have been deployed, for in-
stance, in reactive power controls Abbasy and Hosseini
(2007). Recently, this ant behavior-based technique has
been widely applied to multiple access multiuser detec-
tion Hijazi and Natarajan (2004); Lai and Lain (2005);
Xu et al. (2007); Zhao et al. (2010).

The computational complexity of DS/CDMA ACO
multiuser detection was analyzed in Hijazi and Natara-
jan (2004), noting that with a few iterations the ACO-
MuD algorithm was able to reach the near-optimal per-
formance spending only a small fraction (≈ 5%) of
computational effort necessary to perform an exhaustive
search. In Hijazi and Natarajan (2005), a similar perfor-
mance is reached considering different received powers
for the users. Also, the lower computational complexity
for the ACO algorithm regarding to genetic algorithm
has been evidenced. Besides, under the same channel
and system operation conditions the authors have been
shows the the worse performance of the GA-MuD re-
garding that obtained with ACO-MuD.

In a more complex system and environment, Hijazi
and Natarajan, Lain and Lai (2007) have explored the
joint receiver diversity and ACO multiuser detection
techniques. In that work, authors have been shown the
near-far robustness effect achieved by ACO algorithm,
differently from GA algorithm, which performance is
degraded under severe NFR condition. Furthermore, Xu
et al. (2007) analyzes the ACO-MuD applied to multi
carrier DS/CDMA systems (MC-DS/CDMA). ACO-
MuD in this context is able to reach the optimal perfor-
mance, regardless the adopted number of carriers. Un-
der this promising performance, the authors have car-
ried out complexity analysis and verified that the ACO-
MuD complexity seems the conventional detector, even
under a system loading of 100%.

An heuristic ACO-based multiuser detector for
space-time block coding (STBC) systems with receiver
diversity was proposed in Hongwu (2009). This STBC
ACO-MuD applies the Pareto-optimally (PO) concept
in the pheromone updating step, selecting only the ants
with the best results in that iteration. Numerical results
have indicated a very close performance to the optimal
one; importantly, authors have demonstrated a very low
computational complexity for the STBC ACO-MuD.
Furthermore, the proposed ACO-MuD presented a per-
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formance much better than GA-MuD at the same op-
eration system and channel conditions; also, the STBC
ACO-MuD does not present the bit error rate saturation
(BER-floor), a degradation performance effect that oc-
curring at high SNR region.

This work is divided in seven parts. Besides
this introductory section, the adopted system model
is described in Section 2. In section 3, the ACO-
based heuristic algorithm applied to MuD detection is
minutely exploited, while in section 4, an input param-
eters optimization methodology was proposed for the
algorithm, considering different channel conditions. An
analysis on the number of iterations Golub and Loan
(1996) computed by the ACO-MuD algorithm is carried
out in Section 5. The numerical results for the perfor-
mance of ACO-MuD detector are presented in section
6. Finally, the main conclusions of this work are offered
in section 7.

2. System Model

In a DS/CDMA system, deploying BPSK modula-
tion under non-line-of-sight (NLOS) fading channels,
the time continuous baseband signal that arrives at the
receiver can be described as:

r (t) =
K∑

k=1

Akbksk (t − τk) ∗ hk (t) + χ (t) (1)

whereK is the number of active users in the system;
t ∈ [0,Tb] andTb is the bit period2; Ak is the transmitted

signal amplitude of thekth user, given byAk =

√
Ek

Tb
,

whereEk is the bit energy andPk the power of the sig-
nal received by thekth user;bk ∈ {±1} is thek−th user’s
transmitted bit information, assumed independent and
equiprobable distributed;hk (t) is the channel impulse
response for thekth user, andχ (t) is the time continu-
ous additive white Gaussian noise (AWGN), represent-
ing the thermal noise and other noise sources uncor-
related to the transmitted signals, with bilateral power
densityN0/2. The spreading sequence,sk, assigned to
thek−th user is represented by:

sk (t) =
N−1∑

i=0

z(i)
k p⊓(t − iTc) (2)

wherezk is the chip vector with elementsz(i)
k ∈ {±1} and

chip periodTc; p⊓ (.) represents the rectangular pulse
with unitary amplitude in[0,Tc) interval.

2Adopted without loss of generality as normalized.

For a synchronous system (τk = 0) and NLOS non-
selective frequency channel, the channel coefficients
can be described as:

hk(t) = ck(t)δ(t) = βke
jφkδ(t) (3)

whereck(t) is the time continuous channel complex co-
efficients for thekth user;βk(t) is the module ofck with
a Rayleigh sthocastic distribution andφk(t) the phase of
ck with an Uniform distribution in the interval [0,2π).

Multiplying the received signal by the spreading se-
quence of the interest user (matched filter to this se-
quence), the conventional detector (CD) provides the
information de-spreading. In this way and using matrix
notation, the output of the matched filter bank (MFB) is
given by:

y = RCAb + χχχ, (4)

wherey is theK ×1 output vector,R is theK ×K corre-
lation matrix,C = diag(c1, c2, ..., ck) theK × K channel
coefficients diagonal matrix,A is the diagonal matrix of
received amplitudes, andb is theK × 1 vector contain-
ing one information bit for each user.χχχ is the sampled
AWGN K × 1 vector with bilateral power spectral den-
sity N0/2.

At the MFB output follows the hard decisor which
takes decision according to the signal polarity:

bcd = sgn(y) (5)

where the modified signum function sgn(.) given by:

sgn(x) =


−1 if x < 0,

+1 if x ≥ 0.

The conventional detector for DS/CDMA uplink re-
ceiver (MFB) considers the MAI as a additional back-
ground noise, being not able to separate multiple ac-
cess interference (MAI) from the interest signal. On the
other hand, the multiuser detectors (MuD) takes advan-
tage of MAI as a way to takes its performance closer
to the optimal. In Verdú (1998), it was shown that the
optimal multiuser detector (OMuD), or maximum like-
lihood (ML) detector, calculates the cost function of all
the possible candidate-solutions, and return as the op-
timal solution the argument of the higher value found.
The cost function can be expressed as:

f (ϑϑϑ) = ℜ{2yTCHAϑϑϑ − ϑϑϑTCARAC Hϑϑϑ} (6)

whereℜ(.) is the real operator andϑϑϑ theK ×1 informa-
tion bits candidate vector. Consequently, the estimated
transmitted bit vector for theK users is defined as:

b̂opt = arg max
ϑϑϑ∈{±1}K

f (ϑϑϑ) (7)
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Since the optimal detector (ML) calculates the cost
function for all the possible solutions, it is immediate
that its performance grows exponentially with the users
numberK, because the number of possible combina-
tions is given by 2K .

From the computational complexity viewpoint, a re-
markable reduction in the number of computed op-
erations can be obtained calculating previouslyF1 =

2yTCHA, andF2 = CARAC H in (6), since these terms
stay fixed along the algorithm iterations, and there isn’t
reason to be re-calculated at each iteration. This way,
an efficient-running cost function can be deployed:

f (ϑϑϑ) = ℜ{F1ϑϑϑ − ϑϑϑ
TF2ϑϑϑ} (8)

3. Heuristic ACO-MuD

Heuristic algorithms are iterative guided search meth-
ods in subspaces that presents fast convergence to global
optimum, even that convergence in 100% of cases is not
guaranteed, Hijazi and Natarajan (2004). They are very
efficient in obtaining almost optimum performances, but
with a computational cost very lower than exhaustive
search methods. In MuD context, the optimal solution
(OMuD) is reached with the maximum likelihood (ML)
approach, which performs an exhaustive search among
all the candidate vectors in (7).

The ant colony optimization is based on the forag-
ing behavior of the ant colony in nature. In search of
food, the ants of a colony are scattered randomly in their
neighborhood. When an ant is successful in it search for
food, it come back nest and leaves pheromones in the
way. This pheromone will induce the other ants to take
this same way in the search for food, further strength-
ening the pheromone trail. If the food at the end of a
certain way runs out and the ants stops taking it, this
pheromone will be evaporated.

For BPSK signaling, uplink receiver side and just one
antenna at the base-station (BS) receiver and each ofK
users’ transmitter, i.e., from the interest user receiver
viewpoint at BS, we have a single-input-single output
(SISO) communication system, withK − 1 interfering
users. So, the multiuser detection problem at the BS
receiver side is constituted by 2K possible candidate so-
lutions in (7). This solutions are seen by the algorithm
as all the possibles vector-candidates (or trails) that the
ants can travel. The quality of each trail is evaluated
by the cost function, defined in eq. (6). The algorithm
steps aiming to find a solution that maximizes (6), or
analogously, find the fastest trail for the ants until the
food.

The MFB outputs serve as initial information to the
ants. So, from (4) the log-likelihood function (LLF) for
thekth user can be defined:

LLLk(±1) = 2ℜ{±AAA(k)y(k)} −AAA(k)2R(k, k) (9)

whereAAA(k) = A(k, k)C(k, k) is thekth signal received
amplitude, including the channel effects (fading, path
loss and shadowing).

The desirability function is defined using the LLF
function:

DDDk(±1) = 1+ e−LLLk(±1) (10)

From the desirability function, the intrinsic affinity
function is defined, which influences the trail decision
of each ant along the algorithm iterations:

ηηηk(±1) =
DDDk(+1)+DDDk(−1)

DDDk(±1)
(11)

The signals at the matched filter bank output are as-
sumed as initial information. It is then necessary to take
into consideration that the decision taken by the ants be
influenced by the paths taken previously, which resulted
in better results. This way, the solution found by the
algorithm will evolve along the iterations.

In order to quantify this evolution, the 2× K
pheromone tablePPP is created, in which the first row
refers to the probability of positive bits, and the second
row refers to the probability of the negative bits. Its ele-
ments are initialized with probabilityλ. Along the iter-
ations, this table is being filled according to the quality
of the paths taken by each ant and a tendency, measured
in terms of increasing probability of that specific bit be
1 (positive bit) or 0 (negative bit).

The first way to update this table takes into account
the paths chosen by each ant in that iteration, and how
successful these chooses were (measured by the cost
function evaluation). A pheromone amount which is
equivalent to the cost function value regarding the path
taken by the ant is multiplied by theγ coefficient, and
incrementally accumulated at the respective positions in
thePPPmatrix:

PPP = PPP + γ · f (trail (m)) · TTT (trail (m)) (12)

wheretrail (m) is the path taken by themth ant in a given
iteration andTTT (trail (m)) is a 2× K filled with 1 in the
positions related to the path taken by the ant and 0 in the
others.

The second way to update this table takes into ac-
count the best path found by the ACO-MuD algorithm
until that moment, named hereinϑϑϑbest. Similar to the
adopted procedure in the first update stage, now, a
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pheromone amount which is equivalent to the cost func-
tion of ϑϑϑbest is multiplied by a coefficient σ and de-
posited at the respective positions ofPPP:

PPP = PPP + σ · f (ϑϑϑbest) · TTT (ϑϑϑbest) (13)

Aiming to scape from possibles local optima (max-
ima), at each new iterationi, the pheromone table
is multiplied by a coefficient (1 − ε), being ε the
pheromone evaporation rate:

PPPi+1 = (1− ε) · PPPi (14)

Hence, an excessive amount of pheromone is avoided to
be accumulated over any possible trail.

Once factors, which influence the path choice of the
ants along the iterations, have been defined, it is possible
to define the bit choice probability:

Pk(±1) =
[PPPk(±1)]α

[
ηηηk(±1)

]β

[PPPk(+1)]α
[
ηηηk(+1)

]β
+ [PPPk(−1)]α

[
ηηηk(−1)

]β
(15)

whereα andβ parameters provide more or less impor-
tance (weighting factors) to the pheromone amount and
the initial information, respectively. Note thatα is re-
lated to the algorithm convergence speed, whileβ is re-
lated to the reliability that can be assigned to the MFB
output, which must be set a low value in hostile condi-
tions of channel and/or system loading (L > 0.5).

At each iteration, the choice of a certain bit related to
each ant trail will be taken from the probability defined
in (15). If some trail is more successfully thanϑϑϑbest, the
best-candidate solution is updated.

After the algorithm performs a specified number of
iterationsNiter, the solution found by the algorithm is
returned by the vectorϑϑϑbest. The ACO-MuD pseudo-
code is described in Algorithm 1.

4. ACO-MuD Input Parameters Optimization

Essentially, there are four input parameters in the
ACO-MuD algorithm,α, β, γ eσ; the values assigned
to these parameters can dramatically affect algorithm’s
performance.

The parameterα is related to the weight given to the
information registered in the pheromone table during
the probability calculation. Asα grows, more and more
ants choose to take the better path identified in the table
(higher probability value). Thus, the algorithm’s con-
vergence speed is improved, because the ants tend to
choose the same way quickly. This affects the conver-
gence time and, as a consequence, the algorithm’s com-
plexity.

The parameterβ is related to thea priori informa-
tion during the probability calculation.β increasing im-
plies in more ants following the initial solution trend,
i.e., choosing the solution given by the MFB outputsy,
in the MuD context. However, if the initial information
is not reliable, i.e., in multiuser scenarios which SNR is
low and/or system loading is high (L ≥ 0.7), high val-
ues ofβ could induce the ants to choose a mistaken path,
increasing the system’s BER.

Algorithm 1 ACO-MuD
1. Initialization:Niter, bcd, PPP = λ, dim. 2× K.
2. Calculate termsF1 eF2

3. Initial Solution:

• ϑϑϑbest= bcd; • fbest= f (ϑϑϑbest)

4. "A priori" information mapping:

• LLLk(±1) = 2ℜ{±A(k)y(k)} − A(k)2R(k, k)

• DDDk(±1) = 1+ e−LLLk(±1)

• ηηηk(±1) = DDDk(+1)+DDDk(−1)
DDDk(±1)

5. Fori = 1, ...,Niter:

• Calculate probabilitiesPk(±1) according to (15);

• Paths taken by each ant,m= 1, ...,M:

– path takentrail (m) is chosen according to the
probabilities calculated above.

– The path chosen by each antf (trail (m)) is
measured by (8).

– If any path is better thanfbest, ϑϑϑbest andfbest

are updated,

• Pheromone Table update.

– Pheromone accumulation is done according
to the path chosen by each ant ("massive in-
cremental"):
PPP = PPP + γ · f (trail (m)) · TTT (trail (m))

– Pheromone accumulation is done according
to the best path found,ϑϑϑbest:
PPP = PPP + σ · f (ϑϑϑbest) · TTT (ϑϑϑbest)

– Pheromone evaporation rate:
PPP = (1− ε) · PPP

6. WhenNiter is completed, the algorithm returnsϑϑϑbest.

On other hand, the parametersγ andσ are related to
the pheromone accumulation according to the quality of
paths taken by each ant and the best path found so far
ϑϑϑbest, respectively. According the study about the ACO
algorithm parameters applied to the traveling salesman
problem done in Dorigo et al. (1996), the ACO algo-
rithm performance is not affected by the values assigned
to γ andσ parameters. Indeed, our simulation results
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described in the next subsections, related to these two
input parameters optimization applied to the MuD prob-
lem, offer support to the conclusions found in Dorigo
et al. (1996).

The evaporation rateε parameter is responsible to
avoid an excessive pheromone accumulation over a spe-
cific path, avoiding a mistaken convergence of the al-
gorithm over some local optima. Hence, this parameter
optimization also is quite relevant in order to achieve
high successful convergence rate performances, mainly
when the objective function presents many local optima,
such as the ACO-MuD function, eq. (6), and specially
under specific system operation situations, i.e., high
loading and hostile channel conditions. However, in the
current study the parameterε assumes value 0.5, and its
importance related to the algorithm’s performance im-
provement will be analyzed in the next work.

Next, it is carried out a complete analysis optimiza-
tion on the four input parameters of ACO algorithm,
specifically applied to the MuD problem considering the
reverse link of DS/CDMA systems under flat frequency
fading channels and different mobility conditions for the
mobile terminals. Monte-Carlo simulation method is
deployed in order to determine the optimum values of
the ACO-MuD input parameters. A 20dB SNR, Gold
spreading sequences with length (processing gain) 31
and system loadingL% = 100 · K

N = 100% have been
adopted. For the others ACO-MuD parameters, the fol-
lowing values have been assumed: initial pheromone
probability, λ = 0.01; population= 30 ants, andNiter

= 20 iterations. Table 1 presents the values of the sys-
tem and channel parameters deployed in the ACO-MuD
input parameter optimization analysis.

Note that the performances reached by the ACO-
MuD, in terms of bit error rate (BER), were compared to
the performance reached when there are only one active
user in the system, namely SuB (single-user-bound),
since due to the full system loading (K = 31) the op-
timum multiuser detector (OMuD) performance calcu-
lation becomes computationally impossible.

The optimization is made starting from presetting ini-
tial values for the four main parameters, for instance,
α = 1, β = 1,σ = 8 eγ = 1. Keeping three parameters
fixed and ranging the fourth, a first set of curves for the
ACO-MuD input parameter optimization could be ob-
tained. Then, the four optimized parameters at this first
step of optimization are updated. Hence, a second set
of curves for the optimized input parameters could be
obtained, now in a narrower values range, being the op-
timized values of the first step the middle of the values
range. The values obtained at this second optimization
step are then assumed as optima for the ACO-MuD al-

Table 1: System and channel parameters used in the ACO-MuD anal-
ysis.

Parameter Adopted Values
DS/CDMA system

Processing Gain N = 31
Spreading Sequence Gold 31
Modulation BPSK
Number of users K = 31
Signal-Noise Ratio SNR∈ [5; 30] dB
System Loading L = K

N = 1
Near-Far Effect NFR= 0 dB
Mobility ∼ U[0; Vmax] [km/h]

Vmax = [60; 120; 240]
Channel

Fading channel Flat Rayleigh
ACO-MuD Algorithm

Pheromone Initial Prob. λ = 0.01
Evaporation Rate ε = 0,5
Population M = 30 ants
Iterations Number Niter = 20

Input Parameters Optimization – ACO-MuD
Pheromone amount α ∈ [0; 3]
Initial Information β ∈ [0; 15]
Pheromone acc. dueϑϑϑbest σ ∈ [1; 13]
Pheromone acc. duetrails γ ∈ [1; 7]

gorithm at that channel condition and system operation
point.

4.1. ACO-MuD Performance under Low Speed Vehicu-
lar Channels

Figure 1.a shows the first performance analysis rang-
ing the parameters according the methodology de-
scribed above. For the parametersα andβ, it could be
observed an optimum value trend, given by:α = 0.6,
β = 6. For the parametersσ andγ, one can see that there
were not performance degradation throughout their re-
spective range values. Hence, intermediate values have
been assumed given byσ = 5 andγ = 3. Then, this
set values has been deployed as the basis for the second
optimization step for the parametersα andβ. Results
in Figure 1.b is taken considering a narrower range cen-
tered on the respective optimum value obtained from the
first optimization step.

Finally, the optimum input parameter values for the
ACO-MuD operating on non-selective fading channels
with mobile units moving with uniformly distributed
speeds in the rangev ∼ U [0,60] km/h and system load-
ing of L% = 100% were obtained, as shown at the first
line of Table 2 (Vmax = 60 km/h).
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Figure 1: ACO-MuD input parameters optimization:Vmax = 60km/h
and SNR= 20 dB

Table 2: Optimized values for the ACO-MuD input parameters con-
sidering different system’s mobility conditions.

Parameters α β σ γ

Vmax = 60km/h 0.6 7 5 3
Vmax = 120km/h 0.4 7 5 3
Vmax = 240km/h 0.6 4 5 3

4.2. ACO-MuD Performance under High and Ultra-
High Speed Vehicular Channels

Figure 2 put in perspective the final results for the in-
put parameter values optimization under high (Vmax =

120 km/h) and ultra-high (Vmax = 240 km/h) speed ve-
hicular non-selective Rayleigh channels.

Under higher mobility, and at same system loading
L = 1, one can see from Figure 2 the similar results re-
garding the optimal input parameters values obtained by

the two-step optimization procedure for the low-speed
vehicular channels, as described in the section 4.1.

According to the methodology described above, un-
der high mobility the optimal values for theα e β pa-
rameters in the first optimization step were changed to
α = 0.6 andβ = 7.5. Similarly to the low mobility
case, forσ andγ parameters it was assumedσ = 5 and
γ = 3. This set was used in the second optimization
stage of the parameters, considering a narrower ranges
centered in each optimum value found in the first step.

0 1 2 360120
240

10
−2

 

α V
max

 
B

E
R

2 4 6 8 10 12
60

120
240

10
−2

 

σ
V

max
 

B
E

R

2 4 6
60120

240

10
−2

 

γV
max

 

B
E

R

0 5 10 1560120
240

10
−2

 

β
V

max
 

B
E

R MF

ACO

SuB

Figure 2: ACO-MuD input parameters optimization. SNR= 20 dB.

The second line of table 2 summarizes the optimum
ACO-MuD input parameters values set for mobile units
moving with uniformly distributed speeds in the range
v ∼ U [0; 120] km/h under flat frequency fading chan-
nels and system loading of 100%.

Furthermore, Figure 2 shows too the final ACO in-
put parameters optimization values for ultra-high speed
vehicular channels. Again, it was observed significant
performance changes only for the parametersα andβ.
After obtained the first set of optimized values for these
parameters,α = 0.6, β = 3 and assuming fixed values
for σ = 5 andγ = 3, this set serves as the basis for
the second step optimization forα eβ, but in a narrower
range centered respectively in each one of the optimum
values obtained at the first step.

Last line of Table 2 shows the optimum values set for
the ACO-MuD input parameters under flat frequency
fading channels with mobile units velocities uniformly
distributed in the rangev ∼ U [0,240] km/h.

Analyzing the optimized values on different mobil-
ity situations, one can conclude from Figure 2 that there
were not significant differences for distinct channel mo-
bility conditions, from low to ultra-high speed vehicular
channels. The parametersα andβ, which are related
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to the convergence speed and thea priori information
reliability, respectively, are more influential to the al-
gorithm’s performance (convergence), while the param-
etersσ andγ proved to be less sensible, corroborating
the analysis carried out in Dorigo et al. (1996) for a gen-
eral purpose discrete ACO algorithm.

Furthermore, the input parameters optimization pro-
cedure developed herein has indicated the ACO-MuD
efficiency in achieving the quasi-optimum BER perfor-
mance with no necessity of a significant adjustments in
the algorithm’s input parameters values, i.e the algo-
rithm is able to achieve the near-optimum BER perfor-
mance under a relatively wide ranges for the four input
parameters. Besides, the ACO-MuD input parameter
optimization results have revealed that the parametersσ

andγ are virtually immune to the multiple access chan-
nel mobility, also indicating that the algorithm is able to
operate robustly under different Rayleigh channels mo-
bility conditions and full system loading.

5. Computational Complexity

In this section, the computational complexity of the
conventional (CD), ACO-MuD, and OMuD DS/CDMA
detectors have been compared. In this analysis the num-
ber of necessary number of operation for each detector
is presented. In order to obtain the number of opera-
tion in each algorithm, the respective pseudo-code has
been analyzed, counting the number of sums and mul-
tiplications Golub and Loan (1996) performed. For the
ACO-MuD algorithm, the number of operations is cal-
culated considering the total number of iterations until
the convergence,Niter. In order to simplify and compare
the algorithms, only the number of multiplications and
divisions were considered, since the sum and subtrac-
tion operations has computational time negligible. The
table 3 summarizes the number of operations for each
algorithm.

Table 3: Number of Operations necessary for each DS/CDMA detec-
tor.

Detector Number of Operations
CD KN

ACO-MuD
[
3K
(
K2 + K + 5

)
+ KN (2K + 1)]

+ Niter

[
M
(
K2 + 4K + 1

)
+ 24K + 1

]

OMuD K
(
3K2 + 2K + 1

)
+ KN (2K + 1)

+ 2K
(
K2 + 2K

)

6. Numeric Results for MuD problem with Opti-
mized ACO Input Parameters

In order to prove the ACO-MuD algorithm robust-
ness and efficiency, in this section the performance of
the heuristic detector with and without optimized in-
put parameters is compared, regarding the number of
iterations (convergence speed) and signal-to-noise ra-
tio (SNR). Figure 3 shows the converge velocity of the
ACO-MuD under SNR= 20dB, Vmax = 120 km/h and
with and without optimized input parameters. One can
see that with optimized input parameters values found
in Section 4, the optimized ACO-MuD with parameters
= 0.4, β = 4, σ = 5 andγ = 3 achieves the BER
performance bound (maximum likelihood optimum de-
tector, i.e., performance very close to SuB) after five
iterations. Thus, for the optimized ACO-MuD,Niter = 5
iterations are enough for the complete convergence un-
der non-selective Rayleigh SISO DS/CDMA channels
and full system loading (L = 100%) condition.
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ACO α = 7, β = 6, σ = 12 e γ = 0.05

Figure 3: ACO-MuD Convergence performance under SNR= 20 dB,
flat Rayleigh channel,L = 100% andVmax = 120 km/h.

In order to confirm the convergence performances re-
lated to ACO-MuD input parameters values, as found in
Fig. 3, Fig. 4 presents the ACO-MuD BER performance
for a wide range of SNR∈ [0; 25]. As one can immedi-
ately conclude, the best ACO-MuD performance (curve
with marker−∆−) is achievable under optimized input
parameters; besides, under with the optimized input pa-
rameters values, the ACO-MuD is able to achieve the
OMuD performance for all SNR values ranging [0; 25]
dB.

Note that, for this scenario, while the OMuD needs
231 cost function calculations (cfc), resulting in over 2
billions of cost function calculations, on the other hand
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Figure 4: BER performance for ACO-MuD under Flat Rayleigh chan-
nels,L = 100% loading,Vmax = 120 km/h, considering different val-
ues for the input parameters.

the ACO-MuD with optimized parameters evaluates a
number of cfc given by the product of the ants popula-
tion M and the algorithm iterationsNiter. With the val-
ues assumed in the simulations, this complexity is of the
order ofC = M ·Niter = 150 [cfc]. Hence, the optimized
ACO-MuD is able to find solutions very close to those
obtained by the OMuD, but with only a fraction of the
cfc, i.e.≈ 1.4 · 107 times lower than the number needed
by OMuD.

The complexity in terms of number of operations
needs for ACO-MuD (with optimized input parame-
ters) convergence is explored in Figure 5, indicating
the marginal increasing in the necessary number of op-
eration as a function of the increasing number of ac-
tive users. Besides, for comparison purpose, the CD
and OMuD complexity were considered. The figure
pinpoints the exponential complexity behavior of the
OMuD with the number of users, which becomes unfea-
sible for a high number of users, while the ACO-MuD
complexity keeps itself close to the conventional detec-
tor with polynomial complexity orderO(K3), as shown
in Table 3.

Comparing the ACO-MuD complexity according to
the expressions shown in Table 3 with the previously
adoptedM, N, K and Niter values, the number of op-
eration needs by ACO-MuD results≈ 6.8 · 106 times
lower than OMuD. This difference in the complexity ra-
tio between the detectors, when comparing with the pre-
vious result taking into account only cfc, is justified by
the number of operations analysis adopted here, which
takes into account all the pre-processing performed by
the ACO-MuD algorithm beyond the cost function cal-
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Figure 5: Number of operation as a function of increasingK.

culation, while for OMuD the overall processing com-
plexity is almost entirely dominated by the cfc step.

Deploying the same values for the input parameters
used in Fig. 3, the excellent achievable ACO-MuD BER
performance in terms of convergence speed is put into
perspective in Fig. 6, considering a wide range of sys-
tem SNR operation and full system loadingL% = 100%.
The number of iterations to achieve total convergence
increases with SNR values; e.g. for SNR=10 dB,Niter =

2, while for SNR=20 dB,Niter = 5 and for SNR=30 dB,
Niter = 9. However, it is worth noting that the neces-
sary number of iteration for total convergence remains
small, proven the high efficiency of the ACO-MuD with
optimized input parameters in finding the global opti-
mum under a high multiple access interference and a
wide range of SNR.
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Figure 6: ACO-MuD Convergence performance under SNR∈ [5; 30]
dB, flat Rayleigh,L% = 100%,Vmax = 120 km/h; α = 0.4; β = 7;
σ = 5; γ = 3.
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The robustness to the near-far effect for the three
MuD’s is compared in Fig. 7, which evaluates the
BER performance degradation as a function of increas-
ing system loading and NFR. Here, half of the users was
considered as the interest performance evaluation and
the another half as interfering users. It is clear that the
ACO-MuD performance degradation is solely affected
by the near-far effect, been robust to the system load-
ing increasing. However, under not so strong near-far
effect, the ACO-MuD is relatively robust in the range
NFR∈ [−10; 10]dB for small system loadings, becom-
ing a little less robust under high system loadings ap-
proaching one in this NFR range. To be more specific,
in the range ofNFR∈ [−10; 5] dB, the ACO-MuD per-
formance is very close to the theoretic OMuD bound,
and just marginally degraded in the rangeNFR∈ [5; 10]
dB.
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Figure 7: ACO-MuD Performance under NFR∈ [−10; 20] dB, flat
Rayleigh,L% ∈ [40; 100] %,Vmax = 120 km/h, SNR= 20dB;α =
0.4; β = 7;σ = 5; γ = 3.

7. Conclusions

A heuristic multiuser detector based in an ant colony
optimization (ACO-MuD) suitable to perform in BPSK
DS/CDMA systems under flat Rayleigh fading channels
was proposed and successfully characterized. An in-
put parameters optimization methodology for the ACO-
MuD was carried out, in order to achieve the best possi-
ble performance with a fixed number of iterations. The
optimized values proved to be robust enough, such a
way to ensure a near-optimum performance for differ-
ent system and channel operations scenarios, as well as
different power control situations, without the need of
significant changes in the algorithm.

Indeed, the input parameters optimization for the
ACO-MuD shows that the parametersσ andγ are virtu-
ally immune to the channel mobility and loading system
variation, indicating that the algorithm is able to oper-
ate robustly under different mobile channel coherence
times; in practice, only theα andβ parameters needs
to be slightingly adjusted when drastic changes in both
system operation conditions and multiple access chan-
nel occur.

The computational complexity for the proposed
ACO-MuD deploying optimized input parameters, was
analyzed by both the number of cost function calcula-
tions, as well as by the number of operations. ACO-
MuD complexity results very low, resulting in a very
small fraction of the OMuD computational complex-
ity (≈ 10−7) under full system loading condition, wide
range of NFR and channel mobility, but with very simi-
lar performances.

Acknowledgement

This work was supported in part by CAPES and
Araucaria Foundation (scholarships) and by the Na-
tional Council for Scientific and Technological Devel-
opment (CNPq) of Brazil under Grant 303426/2009-8.
The authors would like to thanks the fruitful technical
discussions shared with colleagues from the Telecomm
& DSP Laboratory of Londrina State University.

References

Abbasy, A., Hosseini, S., 2007. Ant colony optimization-based ap-
proach to optimal reactive power dispatch: A comparison of
various ant systems. In: Power Engineering Society Conference
and Exposition in Africa, 2007. PowerAfrica ’07. IEEE DOI -
10.1109/PESAFR.2007.4498067. pp. 1–8.

Abrão, T., Oliveira, L. D., Angélico, B. A., Jeszensky, P. J.E., 2010.
Particle Swarm Optimization: Theory, Techniques and Applica-
tions. Vol. 1. Andrea E. Olsson. (Org.), Hauppauge NY., Ch. PSO
Assisted Multiuser Detection for DS-CDMA Communication Sys-
tems, pp. 247–278.

Abrão, T., Oliveira, L. D., Ciriaco, F., Angélico, B. A., Jeszensky,
P. J. E., Casadevall Palacio, F., 2009. S/mimo mc-cdma heuristic
multiuser detectors based on single-objective optimization. Wire-
less Personal Communications 49.

Ciriaco, F., Abrão, T., Jeszensky, P. J. E., 2006. Ds/cdma multiuser
detection with evolutionary algorithms. Journal Of Universal Com-
puter Science Online, USA 12 (4), 450–480.

Colorni, A., Dorigo, M., Maniezzo, V., 1991. Distributed optimization
by ant colonies. Proc. First European Conf. Artificial Life.

de Oliveira, L. D., Ciriaco, F., Abrão, T., Jeszensky, P. J. E., August
2006. Particle swarm and quantum particle swarm optimization
applied to ds/cdma multiuser detection in flat rayleigh channels.
ISSSTA’06 - IEEE International Symposium on Spread Spectrum
Techniques and Applications.

10



Dorigo, M., Maniezzo, V., Colorni, A., feb 1996. Ant system: Opti-
mization by a colony of cooperating agents. IEEE Transactions on
Systems, Man, and Cybernetics - Part B: Cybernetics 26 (1).

Duel-Hallen, A., 1995. A family of multiuser decision-feedback de-
tectors for asynchronous code-division multiple-access channels.
Communications, IEEE Transactions on DOI - 10.1109/26.380060
43 (234), 421–434.

Ergun, C., Hacioglu, K., October 2000. Multiuser detectionusing a
genetic algorithm in cdma communications systems. IEEE Trans-
actions on Communications 48 (8), 1374–1382.

Golub, G., Loan, C., 1996. Matrix Computations. Johns Hopkins stud-
ies in the mathematical sciences. Johns Hopkins University Press.

Hijazi, S. L., Natarajan, B., 2004. Novel low complexity ds/cdma mul-
tiuser detector based on ant colony optimization. IEEE 60th Vehic-
ular Technology Conference 3, 1939 – 1943.

Hijazi, S. L., Natarajan, B., 2005. Novel low-compexity ant colony
based multiuser detector for direct sequence code division multi-
ple access. International Journal of Computational Intelligence and
Applications 5, 201–214.

Hongwu, L., 2009. An aco based multiuser detection for receive-
diversity aided stbc systems. In: Computing, Communication,
Control, and Management, 2009. CCCM 2009. ISECS Inter-
national Colloquium on DOI - 10.1109/CCCM.2009.5270406.
Vol. 2. pp. 250–253.

Lai, J.-J., Lain, J.-K., 2005. Antenna-diversity-assisted ant-colony-
based multiuser detection for ds-cdma systems. 9th International
Workshop on Cellular Neural Networks and Their Applications,
106 – 109.

Lain, J.-K., Lai, J.-J., August 2007. Ant colony optimisation-based
multiuser detection for direct-sequence cdma systems with diver-
sity reception. IET Communications 1 (4), 556–561.

Lim, H. S., Venkatesh, B., June 2003. An efficient local search heuris-
tics for asynchronous multiuser detection. IEEE Communications
Letters 7 (6), 299–301.

Oliveira, L. D., Abrão, T., Ciriaco, F., Jeszensky, P. J. E.,2009. Local
search multiuser detection 63, 259–270.

Patel, P., Holtzman, J. M., June 1994. Analysis of a single sucessive
interference cancellation scheme in a ds/cdma system. IEEE Jour-
nal on Selected Areas in Communications 12, 796–807.

Poor, H. V., Verdu, S., May 1997. Probability of error in mmse multi-
user detection. IEEE Transactions on Information Theory 43 (3),
858–881.

Verdú, S., 1986. Minimum probability of error for asynchronous gaus-
sian multiple-access channels. Information Theory, IEEE Transac-
tions on DOI - 10.1109/TIT.1986.1057121 32 (1), 85–96.

Verdú, S., 1989. Computational complexity of optimum multiuserde-
tection. Algorithmica 4, 303–312.

Verdú, S., 1998. Multiuser Detection. Cambridge UniversityPress,
Cambrigde, England.

Xu, C., Yang, L.-L., Hanzo, L., 2007. Ant-colony-based mul-
tiuser detection for mc ds-cdma systems. In: Vehicular Technol-
ogy Conference, 2007. VTC-2007 Fall. 2007 IEEE 66th DOI -
10.1109/VETECF.2007.209. pp. 960–964.

Zhao, H., Long, H., Wang, W., 2006. Wlc06-6: Pso selection of
surviving nodes in qrm detection for mimo systems. In: Global
Telecommunications Conference, 2006. GLOBECOM ’06. IEEE
DOI - 10.1109/GLOCOM.2006.650. pp. 1–5.

Zhao, N., Wu, Z., Zhao, Y., Quan, T., 2010. A popula-
tion declining mutated ant colony optimization multiuser de-
tector for mc-cdma. Communications Letters, IEEE DOI -
10.1109/LCOMM.2010.06.100157 14 (6), 497–499.

11


