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ABSTRACT

This paper elaborates the details of the adaptive
tabu search (ATS) and the management agent (MA).
It starts with briefing about local search, and evo-
lutionary algorithm. The generic tabu search is also
discussed in brief. A detailed explanation of the ATS
with its recommendations for use is given. The MA
that is general enough to be used with any kinds
of search methods is elaborated. The paper dis-
cusses the way the MA organizes its search units,
and presents the search performance assessment. The
assessment employs symmetrical, and asymmetrical
problems based on 3D surface optimization. Appli-
cations on control design optimization of a scaled ve-
hicle are presented.

Keywords: local search, evolutionary algorithm,
adaptive tabu search, management agent.

1. INTRODUCTION

Local search has been known and successfully ap-
plied for many years. Search methods belonging to
this family include simulated annealing [1], threshold
accepting [2], tabu search [3], genetic algorithms [4],
memetic algorithms [5], scatter search [6], etc. These
search algorithms are sometimes referred to as “pop-
ulation based” or “evolutionary” algorithms because
they share similarities in that (i) they are stochas-
tic iterative procedures, (ii) they create a pool of
solutions and select those possible solutions through
“selection process”, and (iii) they maintain their ex-
istence and evolve through “reproduction” and “re-
placement” processes [7, 8]. Generally, evolutionary
algorithm (EA) consists of three main steps as fol-
lows:

Step0: Initialization
Initialize solution pool and search parameters.

Step1: Iteration
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Determine solution quality, selection, reproduc-
tion, replacement, and update counter.

Step2: Termination
If stop criterion is met, stop search and deliver
solution, otherwise go to Step1.
Despite the resemblance of the algorithms, tabu

search (TS) can be regarded as an intelligent search
method because it utilizes adaptive memory, and
opens for users designed search criterion or sub-
algorithms. TS has been applied successfully for
many optimization methods; among those are power
systems [9, 10], transportation [11], flow shop [12],
food processing [13], etc. However, the simplistic TS
cannot completely handle deadlock problems caused
by local minima. Some researchers have proposed
modifications to the generic TS to overcome such
shortcomings. These include adaptive TS (ATS) [14],
probabilistic TS [15], and reactive TS [16]. An ini-
tial performance investigation among the genetic al-
gorithm, TS, and ATS was reported in 2002 by ap-
plying a surface optimization problem [17]. This pre-
vious work performed searches on the Bohachevskys
surface in two categories utilizing random, and de-
terministic initial solutions. Termination criterion
was set as 1.5×10-8, 15×10-101, and 0.0, respectively.
The ATS [14] outperformed the GA, and the TS in
all cases. Till now, the authors of this paper and
their coworkers have been applying the ATS for var-
ious engineering and optimization problems. These
include signal and system identification [18-20], con-
trol engineering [21-23], signal processing [24], etc.
Some advanced works have been further developed
to enhance the performance of the ATS. This is the
subject of presentation of this paper.

This paper is organized into 5 sections. Following
the introduction, section 2 explains the ATS algo-
rithms with recommendations for use. Parallelization
in an upper level for the ATS has been developed,
and named management agent (MA). Section 3 elab-
orates this. Control design applications are presented
in section 4 to demonstrate the powerfulness of the
MA and the ATS to handle a multi-parameter search
situation. Section 5 provides conclusion.

2. ADAPTIVE TABU SEARCH (ATS)

ATS is a meta-heuristic method that has been
modified from the generic TS. The ATS exten-
sively uses adaptive memory, adaptive neighborhood



2 ECTI TRANSACTIONS ON ELECTRICAL ENG., ELECTRONICS, AND COMMUNICATIONS VOL.8, NO.1 February 2010

Fig.1: ATS search moves [25].

area, diversification, and intensification strategies.
Two main mechanisms incorporated into the TS are
namely “backtracking” (BT), and “adaptive search
radius” (AR). The generic TS uses an adaptive mem-
ory so called tabu list (TL) to store previous elite
solutions obtained from search moves. Such solutions
are prohibited from use in common cases. In contrast,
those solutions are particularly helpful when kicking
the search off a deadlock caused by some local op-
tima is needed. The BT mechanism helps the search
to override the TL such that a new search direction
can be formed. The general term for this type of
mechanisms is diversification strategy. Regarded as
an intensification strategy, the AR helps to focus the
search on an extremely high-quality solution with a
high chance to be the global solution for the problem.
Focusing the search can be done by reducing

Fig. 1. illustrates some search moves of the ATS
on a plateau containing many local optima. The
ATS may encounter these local solutions many times.
Each movement towards a local solution, the AR is in-
voked to track a possible high-quality solution. This
can be noticed from the illustration that the radii
of the circular search areas are decreased gradually.
Once the ATS realizes upon examining the termina-
tion criterion that the current local solution cannot
be accepted as the global solution, the BT is invoked.
By the BT, one of the previous elite solutions in the
TL is selected for being an initial solution for a new
search. This is represented by the back-jumping ar-
rows in the picture. A new search direction is then
formed on the basis of this BT selected initial solu-
tion, and randomly generated possible solutions in
the neighborhood around it. Noticeably, the BT and
the AR alternately operate until the ATS hits the
global solution. This search regime has been termed
“strategic oscillation” [3]. While the flow diagram in
Fig. 2. summarizes the ATS, its step-by-step algo-

rithms are prescribed as follows:

Step0: Initialize search space, search parameters,
count and count max.

Step1: Randomly (or heuristically) select an initial
solution S0 from the search space. Set S0 as
a current solution.

Step2: Randomly generate a neighborhood (with its
initial radius R) of N solutions around S0. Set
N solutions as the members of the set X.

Step3: Evaluate the cost value (J) of each member in
X according to a preset objective function.
Define S1 as the member with the minimum
cost, J1.

Step4: If J1 ≥ J0, store S1 in the TL and S0 = S0. If
J1 < J0, store S0 in the TL and S0 = S1.

Step5: Activate the BT when the solution deadlock
occurs.

Step6: Exit with the global solution if the termination
criterion is met.

Step7: Activate the AR when the current solution S0

is relatively close to a local minimum.
Step8: Update iteration counter (count), and go to

Step 2.

The ATS needs a criterion to identify that it is
moving towards a local optimum such that the AR
is invoked at an appropriate instant. The users of
the algorithms may implement probability measure,
possibility measure, distance measure, etc. One sim-
ple approach is to use a threshold of the cost value.
As an example, let ε= cost of the current solution,
∆i = preset cost for i = 1, 2, . . . , n, R = search ra-
dius, and δi= reduction factor for i = 1, 2, . . . , n. The
AR can be simply implemented as “if (ε ≤ ∆i) then
(Rδi · R)”. By doing so, the neighborhood area is
gradually decreased. This approach eventually leads
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Fig.2: ATS flow diagram [25].

to the global solution of high quality within a finite
time. For proof, see [14]. To invoke the BT at the
right instant, the ATS needs a criterion to identify a
deadlock. One simple technique is to use a frequency
counter for the case that solutions of the same qual-
ity repeat themselves, and the algorithms cannot im-
prove the situation. Under this circumstance, the BT
looks up the TL, and selects one solution being stored
to use as a new initial solution for the generation of
the next search move. At the moment, the search
is successfully kicked off the deadlock valley, and a

new search direction begins. By doing so repeatedly,
diversification of the search is guaranteed; the ATS
can always escape from the deadlock caused by local
optima; eventually the global solution can be tracked
down. For proof, see [14].

There are some search parameters to be initial-
ized. These include search radius, N members of a
neighborhood, search radius reduction factor, dead-
lock counter, kth backward jump for the BT to select
a previous solution from the TL, and maximum iter-
ation counter. To start with the ATS, the following
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matters are recommended for an efficient search: (a)
use a guided initial solution, (b) the initial search
radius be 7-15% of the radius of the entire search
space, (c) use N between 30-40, (d) allow 5-15 times
of repetition of current solution before invoking the
BT, and use kth backward jump close to this figure,
(e) use between 20-25%, and (f) conduct some initial
searches to figure out a suitable termination criterion
and any difficulties before attempting a real search
for the problem of interest.

3. MANAGEMENT AGENT (MA)

Upper level parallel algorithms have been devel-
oped for search methods in general. The algorithms
are referred to as “management agent” (MA). The
MA provides an organizing strategy to a particular
search method such that many search units can op-
erate in either parallel or sequential manner accord-
ing to the computing hardware. The search method
employed as search units is not limited to the ATS.
One advantage of using the MA is that there is no
need for any modifications to be made to the search
units. The MA consists of three mechanisms namely
partitioning, sequencing, and discarding mechanisms
(PM, SM, DM), respectively.

The PM serves to divide an entire search space into
several to many sub-search-spaces, bearing in mind
that too many sub-search-spaces would result in a
slow search process. Fig. 3. shows an example of a
symmetrical partitioning made to the Bohachevsky’s
surface. One may employ asymmetrical partitioning.

The SM is a time-sharing tactic to organize the
search units to run one-by-one on a single iteration
approach providing the hardware has a single CPU.
The process is interrupted by the DM for every m
times repetition for some information transfer be-
tween the two mechanisms. With a multiple CPU
platform, the SM serves to distribute the search units
among the available CPUs.

Fig.3: Partitioning of the Bohachevskys surface.

The DM serves to discard some unlikely to be suc-
cessful search paths. Upon its interruption issued to
the SM, a bunch of information concerning the actual
values of the current solutions with their quality in-
dices is supplied to the DM. Using such information
decisively, the DM appropriately discards some cer-
tain search paths. The discarding process occurs re-
peatedly until only one search path is left to continue
searching, and eventually hit the global solution. One
may employ probability measure, possibility measure,
distance measure, etc., as a discarding criterion.

Fig. 4. illustrates the flow diagram of the MA in
which the ATS is used as search units to be executed
on a single CPU platform. In stead of a sequential
execution, the ATS search units can be distributed
to run parallelly on a multi-core platform by the SM.
The steps of the MA algorithms are summarized as
follows:
Step0: Identify search spaces, define number of search

units, initializing search-unit algorithms
(ATS).
Step1: Invoke PM, situate ATSs to sub-search-spaces,

and remove partitions.
Step2: Invoke SM and execute ATS#1, ATS#2, . . . ,

ATS#n for n = n− k, k ≤ n− 1, nmin = 1.
Step3: Exit with the global solution if the termination

criterion is met.
Step4: Invoke DM.
Step5: Update counters. Go to Step 2.

It can be noticed that during Step 2 the ATSs
as search-unit algorithms work independently with-
out any modifications or intrusion made by the MA.
Hence, the convergent property of the ATSs is always
preserved.

Performance of the MA having the ATSs as its
search units, from now on will be called shortly as
MA(ATS), has been assessed using some surface op-
timization problems. The following well-known sur-
faces containing one global and many local optima are
employed: Bohachevsky’s, Rastrigin’s and Shekel’s
foxholes functions (BF, RF, SF), respectively. These
are depicted in Fig. 5. Their algebraic expressions
are given in equations (1)-(3), respectively.

f(x, y) = x2+2y2−0.3 cos(3πx)−0.4 cos(0.4πy)+0.7
(1)

f(x, y) = x2+2y2−10 cos(2πx)−10 cos(2πy)+20 (2)

f(x1, x2) =

∣∣∣∣∣∣
1

500
+

25∑

j=1

1
j +

∑2
i=1(xi − aij)6

∣∣∣∣∣∣

−1

(3)

when

aij =
(−32 −16 0 16 32 −32 . . . 0 16 32
−32 −32 −32 −32 −32 −16 . . . 32 32 32

)
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Fig.4: MA flow diagram.

The BF and RF have their global minima of ze-
roes located at (0,0). The global minimum of the
SF is 1 located at (-32,-32). Some tests, which
are arranged to have these locations of the global
minima situated at the centers of the correspond-
ing search spaces, are regarded as symmetrical prob-
lems. For asymmetrical problems, such locations are
eccentric. Search problems are arranged in this man-
ner in order to study the effects of (a) symmetri-
cal partitioning. Table 1 shows the ATS param-
eters. The PM of the MA is assigned to divide
the entire search space into 2, 4, 8, 16, 32, and 64
sub search- spaces. Correspondingly, the MA(ATS)
is termed MA#2,MA#4, . . . ,MA#64 understood
that MA#64 has 64 paths of the ATS in operation,
for instance. Each time the DM is activated, half of
the existing search paths are forced to stop according
to the discarding criterion. Table 2 summarizes the
ith iteration at which the DM is invoked.

The MA(ATS) was coded in MATLABTM, and
run on a Pentium 4, 2.4 GHz, 640 Mbytes SD-RAM.
Each set of numeric figures disclosed as the results in
Table 3 is an average over 50 runs. Based on these
results, we can obtain “speed up ratios” expressed as

speed pu ratios =
averagesearchtimebyATS

averagesearchtimebyMA(ATS)
.

(4)
The speed up ratios shown in Fig.6. indicate

that the MA(ATS) is 1.01-3.16 times faster than
the ATS under symmetrical problems, and 1.08-3.54
times faster under asymmetrical problems. Hence,
the search performance of the MA(ATS) is not af-
fected much by the symmetrical property of the prob-
lems. Furthermore, the greatest number of search
paths does not always produce the fastest search.
Users need to figure out a suitable number of search
paths that would produce the fastest search for each
particular problem.

4. APPLICATIONS

The control problem presented herein requires an
optimally seeked controller for the yaw rate control
of a scaled vehicle shown in Figs. 7(a) and (b). The
polynomial models, G and Gd, represent the vehi-
cle dynamics. The original controllers (Gdc, Gff, and
Gfb) are designed using the model reference control
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Table 1: ATS parameters.

Table 2: MA parameters in terms of DM arguments.

(a)

(c)

Fig.5: 3D problems for performance assessment
(a) Bohachevskys surface (b) Rastrigins surface (c)
Shekels Foxholes surface.

(b)

Fig.6: Speed up ratios for symmetrical and asym-
metrical problems.
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Table 3: Average search time.

approach to achieve a desired pole-placement [26].
The vehicle models, and the controllers are sum-
marized by Table 4. The transfer function Girs =
Y (s)
R(s)

∣∣∣
V (s)=0

has its order as high as 27. So, its detail

is omitted. The step response of the original con-
trol system is shown in Fig. 8. A smooth response
with approximately 5 ms delay time can be observed.
The response has rise-time of 0.231 s, settling time of
0.552 s, and steady-state value of 8.663 rad/s.

We have applied the MA(ATS) to seek for new
controllers to improve the response. One approach is
to seek 3 new controllers. Another is to adopt the
original controller with an additional PID-controller
in cascaded connection to the Gff.

(a)

(b)

Fig.7: Scaled vehicle (a) reference frame (b) block
diagram.

A. Seeking new controllers
The control problem assumes the original vehicle

models with fixed parameters. The new controllers
are designated as G∗dc, G

∗
ff and G∗fb expressed as the

following polynomial ratios in equations (5.a)-(5.c),

Table 4: Models and original controllers [26].

Fig.8: Responses of the controlled vehicle.

respectively.

G∗dc =
b1s

5 + b2s
4 + b3s

3 + b4s
2 + b5s + b6

a1s5 + a2s4 + a3a3 + a4a2 + a5s + a6
(5.a)

G∗ff =
p1s

2 + ps
2 + p3

r1s3 + r2s2 + r3s + r4
(5.b)

G∗jb =
q1s

3 + qs2

2 + q3s + q4

r1s3 + r2s2 + r3s + r4
. (5.c)

The controller seeking problem is formulated as a
combinatorial optimization problem to minimize the
objective J of the form

J = tr + Mp + ts (6)

where tr = rise-time, Mp = overshoot and ts = set-
tling time of the step response. tr, Mp and ts are nor-
malized to become unitless. A magnifying factor of
1,000 is also applied according to the penalty concept
such that a fine quality solution could be obtained.
The performance specifications are that tr < 0.231s,



8 ECTI TRANSACTIONS ON ELECTRICAL ENG., ELECTRONICS, AND COMMUNICATIONS VOL.8, NO.1 February 2010

Mp ¡ 5%, and the original DC-gain must be main-
tained.

It can be observed from equations (5.a)-(5.c) that
23 parameters are involved. Searching all these pa-
rameters is possible, but time-consuming. Some ini-
tial searches were thus established to identify a set
of influential parameters. A mild termination crite-
rion of J < 90 or countmax = 20 was used. Each
parameter was searched one-by-one, while the oth-
ers assumed their original values. As a result, two
sets of parameters are identified. The first set con-
sists of r4, q2, q4, p3, a2, a3, a5, a6, b1 and b6. The pa-
rameters belonging to this set are very stability sen-
sitive. So, they assume the original values during
the actual search process. The second set comprises
r1, r2, r3, q1, q3, p1, p2, a1, a4, b2, b3, b4 and b5. These
parameters are influential to the system performance,
and robust to stability. As a further result from the
initial searches, the search spaces for these parame-
ters are established as follows:

parameters: [max min]
r1: [1.0 0.1]
r2: [155.3 0.1]
r3: [3.73 103 -3.73 103]
q1: [-5.18 -10.18]
q3: [5.29 103 -5.29 103]
p1: [103.0 -103.0]
p2: [1.85 104 -1.85 104]
a1: [3.64 104 0]
a4: [1.20 109 -1.20 109]
b2: [-8.58 106 -16.58 106]
b3: [-6.50 108 -7.50 108]
b4: [-1.44 1010 -2.44 1010]
b5: [-1.22 1011 -2.22 1011].

The MA(ATS), hence, consists of 13 ATS-paths each
of which employs its own initial solution. However,
they share the same set of search parameters, i.e.
N neighbour = 5, R = 0.1, countmax = 100, J < 70,
BT: N re max = 5, kth backword = 5,
AR: J < 90 ⇒ R = 0.5R, J < 80 ⇒ R = 0.1R, and
DM: at 5th iteration, reduce search paths to 7,

at 10th iteration, reduce search paths to 3,
at 15th iteration, reduce search paths to 1, re-

spectively. The search was completed in 71.53 s on a
Pentium 4 with J = 69.59. The solutions were pro-
vided by the 11th path. The obtained controllers are
expressed as

G∗dc=
−1.203×105s5−8.875×106s4−6.516×108s3−
3.333×104s5+1.792×106s4+6.671×107s3+

. . .

. . .
1.451×1010s2−1.308×106s4−3.598×1011

+1.077×109s2+9.464×109s+2.679×1010
(6.a)

G∗fb=
87.922s2+1.854×104s+8.344×105

0955s3+153.194s2+2.541×103s+2.071×104
. (6.b)

G∗fb=
−5.391s1+49.98s2+4.174×103s+4.814×4

0955s3+153.194s2+2.541×103s+2.071×104
. (6.c)

B. Cascaded PID
A PID-controller is considered due to its antici-

pative property. As the energy in the main control
flows in the forward direction, a PID-controller is in-
serted in cascade connection with the original con-
troller Gff. The present control problem becomes
simpler than the previous topic since there are only
three controller parameters to be searched, while the
original controllers exist and remain unchanged.

The search problem assigned to the MA(ATS) has
3 ATS-paths to search for the real values of KP ,KI

and KD . The controller is assumed to have a theo-
retical transfer function of

G∗c = (KDs2 + Kps + K1)/s. (7)

Each of the parameters has the [max, min] range
of [2,0]. The search parameters are as follows:
N neighbour = 5, R = 0.2, countmax = 1, 000,
J = 65,
BT: N re max = 5, kth

b ackword = 5,
AR: J < 90 ⇒ R = 0.5R, J < 70 ⇒ R = 0.5R, and
DM: at 10th iteration, reduce search paths to 2,

at 50th iteration, reduce search paths to 1, re-
spectively.

Fig.9: Convergence curves

In addition, the performance specifications, and
the formulation of the objective function are simi-
lar to those described earlier. The search stopped
with J = 61.72 at 213th iteration, and rendered
the solutions KP = 0.9993,KI = 5.084810 − 4 and
KD = 0.0751. Fig. 9. shows the corresponding con-
vergence curves. Step response of the controlled sys-
tem is also shown in Fig. 8. It can be noticed that
the rise-time = 0.161 s, the settling time = 0.401 s,
the delay time = 0.4 ms, and no overshoot.

5. CONCLUSIONS

The article presents the adaptive tabu search
(ATS) with its parallel counter part named manage-
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ment agent (MA). The algorithms are detailed in an
easy-to-follow manner. The performance assessment
is also elaborated. The calculated speed up ratios
are given to confirm the superiority of the MA(ATS).
Two applications in optimalizing control of a scaled
vehicle are presented.
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