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Abstract: An improved harmony search algorithm called Multi-HM Adaptive Harmony Search (MAHS)
algorithm is investigated. The new harmonies of multiple harmony memories compete each other to produce
a better one assigned as the new harmony for both HMs. Adaptive PAR is employed and the new harmony is
introduced into pitch adjusting bandwidth. The golden section is adopted as the border of pitch adjusting. The
experimental results show MAHS performs well for both low-dimensional and high-dimensional problems
when applied to five common benchmark functions and compared with HS, IHS and GHS.
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INTRODUCTION

Recently, a new meta-heuristic optimization
algorithm named Harmony Search (HS) is developed by
(Geem and Kim, 2001). The HS  algorithm imitates the
musical  improvisation  process in  which seeking a
perfect state of harmony according to aesthetic standard
is analogous to seeking a global optimum according to
objective function. The HS algorithm behaves excellent
effectiveness and robustness when applied to several
optimization problems and presents lots of advantages
when compared to other heuristic optimization algorithms
(Lee et al., 2005; Lee and Geen, 2004).The capability of
the HS algorithm is sensitive awfully to parameter
settings  and new vector creating manner. A few
improved algorithms (Chia-Ming and Yin-Fu, 2010;
Quan-Ke et al., 2010) have been surveyed according to
these  drawbacks and numerical results reveal a fine
tuning feature. A new version of HS algorithm called
multi-harmony memory (HM) adaptive harmony search
algorithm (MAHS) is investigated here where Pitch
Adjusting Rate (PAR) varies adaptively, new harmony
vectors from two HMs compete each other to obtain the
better one as the new harmony vector for the two HMs
and the new harmony vector created is included in pitch
adjusting bandwidth (BW) calculating so as to the new
vector after pitch adjusting is bounded in the possible
range of values for each variable. MAHS is applied to
various standard benchmark functions and compared to
HS, IHS and GHS and numerical results indicate that the
proposed method is effective.

METHODOLOGY

Multi-HM adaptive harmony search algorithm:
Inspired by competitive coevolutionary genetic algorithm
(Danoy et al., 2006), a new algorithm called MAHS with
competitive strategy and adaptive parameter setting is
proposed here. In MAHS two HMs are adopted and HS
algorithm is performed in each HM individually. Each
iteration PAR and BW are set adaptively for both HMs.
   
Multi-HM competitive mechanism: Harmony Memory
is important in the initializing step which mimics the short
memory of musicians. From the biologic point of view
short memory size can  be too large. New vector is chosen
randomly from each harmony in HM according to
HMCR. So it seems small-sized HM works faster than a
larger one. However, the diversity of harmony decreases
for too small-sized HM. MAHS employs multiple small-
sized HMs and each HM improvises independently. In
order to use information from all HMs, competitive
mechanism is adopted. That is,for every iteration, new
vectors from different HM compete each other and the
best is assigned as the new vector for every HM after
competing. Diversity increases based on competitive
strategy and simultaneously the best new vector will boost
the other HM. Here, two HMs are employed. 

Adaptive parameter setting: The HS algorithm takes
fixed PAR based on experience which makes it hard to
find an optimal value. An adaptive adjusting PAR strategy
based on iteration is presented in MAHS shown as Eq. 1:
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Table 1: Mean and standard deviation of the benchmark function optimization results
Camel-Back Ackley Griewank Rosenbrock Sphere 

HS 1 M - 1.03162 2.00201×10G7 5.57331×10G15 2.66671×10G6 7.12280×10G15

SD 1.28651×10G10 3.64150×10G7 1.45610×10G14 1.45079×10G5 1.89280×10G14

30 M 5.59257×10G3 1.77083×10G2 5.17160×10 6.08627×10G5

SD 5.62831×10G3 2.60209×10G2 6.09794×10 6.17800×10G5

IHS 1 M - 1.03162 4.23771×10G9 0 3.88450×10G2 8.83427×10G19

SD 1.27993×10G10 9.13399×10G9 0 1.57088×10G1 1.93003×10G18

30 M 5.68033×10G4 1.49347×10G1 7.56849×10 2.99319×10G2

SD 5.69096×10G4 1.56408×10G1 8.65929×10 4.47258×10G2

GHS 1 M - 1.03162 2.25839×10G3 2.16923×10G4 7.95555×10G1 8.25730×10G6

SD 1.27993×10G10 3.91708×10G3 1.01924×10G3 1.37673 2.52669×10G5

30 M 8.47857×10G2 1.51360×10G1 9.72541×10 1.02227×10G1

SD 8.68025×10G2 1.59493×10G1 1.05827×102 1.09256×10G1

MAHS 1 M - 1.03162 8.88178×10G16 0 6.35491×10G3 0
SD 1.97462×10G9 9.03362×10G16 0 9.41160×10G3 0

30 M 2.35365×10G3 1.83976×10G2 5.84038×10 1.10708×10G4

SD 2.42775×10G3 2.51229×10G2 7.09691×10 1.18705×10G4

Table 2: Mean and standard deviation of the effect of HMS on optimization results
HMS Camel-Back Ackley Griewank Rosenbrock Sphere

5 1 M - 1.03162 8.88178×10G16 0 2.42555×10G2 0
SD 1.32985×10G7 9.03362×10G16 0 3.68067×10G2 0

30 M 1.42591×10 6.47247×10 4.26474×106 7.16988×103

SD 1.45105×10 6.66920×10 4.50190×106 7.36394×103

45 1 M - 1.03162 8.88178×10G16 0 1.40292×10G2 0
SD 6.85828×10G8 9.03362×10G16 0 2.11415×10G2 0

30 M 1.46148×10 7.54490×10 6.10220×106 8.36278×103

SD 1.48756×10 7.73272×10 6.35481×106 8.57234×103

85 1 M - 1.03162 8.88178×10G16 0 2.64316×10G2 0
SD 6.17364×10G8 9.03362×10G16 0 4.35453×10G2 0

30 M 1.50517×10 8.23211×10 7.04810×106 8.95452×103

SD 1.53165×10 8.43291×10 7.35626×106 9.15149×103

Table 3: Mean and standard deviation of the effect of HMCR on optimization results
HMCR Camel-Back Ackley Griewank Rosenbrock Sphere

0.1 1 M - 1.03162 8.88178×10G16 0 6.00947×10G3 0
SD 3.99343×10G7 9.03362×10G16 0 9.13897×10G3 0

30 M 1.88141×10 2.50843×102 4.53242×107 2.74955×104

SD 1.91366×10 2.55702×102 4.69019×107 2.80667×104

0.5 1 M - 1.03162 8.88178×10G16 0 1.97949×10G2 0
SD 5.81119×10G8 9.03362×10G16 0 3.16904×10G2 0

30 M 1.46977×10 7.46462×10 6.51775×106 8.02032×103

SD 1.49609×10 7.66650×10 6.75708×106 8.24973×103

0.7 1 M - 1.03162 8.88178×10G16 0 4.24889×10G2 1.34632×10G29

SD 6.70364×10G8 9.03362×101G6 0 6.55110×10G2 5.30342×10G29

30 M 7.31014 9.05207 1.19440×105 8.58469×102

SD 7.44158 9.26669 1.26849×105 8.84085×102

0.9 1 M -1.03162 8.10019×10G4 1.60065×10G5 2.87903×10G1 4.80656×10G7

SD 5.65469×10G7 1.48149×10G3 4.25425×10G5 4.26082×10G1 1.18018×10G6

30 M 5.02643×10G2 6.64216×10G2 7.01641×10 3.54180×10G2

SD 5.27747×10G2 7.17931×10G2 8.08494×10 4.02805×10G2

0.99 1 M - 1.03162 9.84583×10G3 1.84482×10G3 2.59037 1.47064×10G4

SD 2.81241×10G5 1.68938×10G2 3.14657×10G3 5.09690 3.24974×10G4

30 M 2.09228×10G2 3.46183×10G2 7.89313×10 8.28332×10G3

SD 2.16688×10G2 4.33035×10G2 8.90548×10 9.03015×10G3

(1)PAR gn
gn

r( ) ( )
1

where, PAR (gn) is pitch adjusting rate for generation gn,
r , (0,1). At the beginning PAR is relatively large that
means new vector tends to be pitch adjusted to enlarge the
searching area and increase global exploration ability;
otherwise, PAR decreases with time and at the late
iteration PAR is relatively small that means  new vector

tends to be reserved to next iteration and enhance the
local exploitation ability of the algorithm around the new
vector.

Adjusting BW dynamically: A relatively large BW
enlarges the searching area of new vector in the process
of pitch adjusting and is good to escape the local optima;
while a relatively small BW is useful to improve the
searching ability around the new vector. In the HS
algorithm    BW    is    fixed    which    doesn’t   consider



Res. J. Appl. Sci. Eng. Technol., 4(2): 100-103, 2012

102

Table 4: Mean and standard deviation of the effect of r in PAR on optimization results
r Camel-Back Ackley Griewank Rosenbrock Sphere

0.1 1 M - 1.03162 8.88178×10G16 0 1.19123×10G2 0
SD 1.14903×10G7 9.03362×10G16 0 1.73436×10G2 0

30 M 1.71922×10 1.51910×102 2.18122×107 1.66620×104

SD 1.74886×10 1.55088×102 2.24644×107 1.70646×104

0.5 1 M - 1.03162 8.88178×10G16 0 1.16553×10G2 0
SD 8.91623×10G8 9.03362×10G16 0 1.99226×10G2 0

30 M 1.47590×10 7.53143×10 6.23999×106 8.06930×103

SD 1.50218×10 7.72250×10 6.49128×106 8.35791×103

0.9 1 M - 1.03162 8.88178×10G16 0 2.19645×10G2 0
SD 5.87939×10G8 9.03362×10G16 0 3.96164×10G2 0

30 M 1.45941×10 7.34608×10 6.25783×106 7.92639×103

SD 1.48520×10 7.53239×10 6.55670×106 8.15188×103

different phase of the algorithm needs different BW value
to gain better searching performance. In order to make full
use of new vector information and reduce parameters
initialized, new vector is added to calculate BW value in
MAHS shown as Eq. (2):

(2) 
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where  is the new vector after pitch adjusting,xijnew

before pitch adjusting, UBj is the upper limit ofxijnew

variable xij, LBj is the lower, i is the number of harmony
in HM and j is the number of variables. Equation (2)
shows following such pitch adjusting strategy isxijnew

bounded in the possible range of xij, then sloping over
estimation is eliminated.

Golden section in pitch adjusting procedure: HS
algorithm employs 0.5 as the border in the pitch adjusting
procedure, namely the algorithm chooses an upper
neighboring value with 50% probability and lower with
50% around new vector. Golden section is one of well-
known natural theorem, especially in music composing
the climax of many famous sonatas is located in the
golden section of whole sonatas. Inspired by golden
section theorem golden section is adopted as the border of
pitch adjusting in MAHS as shown in Eq. 2.

Computational procedure of MAHS: Based on all
above the computational procedure of MAHS is divided
into 5 Steps as follows:

Step 1: Initialize the optimization problem and algorithm
parameters 

Step 2: Initialize two HMs
Step 3: Improvise a new harmony based on HMCR and

pitch adjust new harmony based on adaptive PAR
and BW for each HM separately 

Step 4: Update HM based on competitive mechanism
Step 5: Repeat Steps 3 and 4 until the termination

criterion is satisfied.

EXPERIMENTAL RESULTS

This  section compares the performance of the
MAHS  with  HS, IHS  and  GHS  applied to five
common benchmark functions. All simulation is done in
the same conditions for 30 times. For HS, IHS and GHS
{HMS, HMCR, PARmax, PARmin, PAR, BW, BWmin}
= {5, 0.9, 0.99, 0.01, 0.3, 0.01, 0.0001} [1] [6] [7] [8].
MAHS  parameter  setting  is  generated by uniform
design  (Kai-Tai, 1994)  as {HMCR, r, HMS} = {0.2, 1.0,
25} for 1-dimensional functions and {HMCR, r, HMS} =
{0.99, 0.6, 35} for 30-dimensional functions. 

Optimization results of four approaches: Table 1
summarizes the mean and standard deviation applying the
four approaches to the five benchmark functions for 1
dimension and 30 dimensions. For low-dimensional
problem, the four approaches all perform well, especially
MAHS exceeds the other three for Ackley, Griewank and
Sphere functions. Only for Rosenbrock function, MAHS
performs relatively worse than HS, but better than the
other two. It is worth to indicate that MAHS outperforms
for Griewank and Sphere functions that the optima is
found every time. With the dimension increasing, the
performance of all the approaches decreases. MAHS
exhibits good performance stability, namely the results of
MAHS is comparable to or better than the other three
dimension, 30-30 dimensions, M-mean, SD-standard
deviation (the signs mean the same meaning in the
following tables).

Effect of HMS, HMCR and PAR on optimization
results: Table 2 to 4 are the effects of HMS, HMCR and
PAR on the performance of MAHS. Table 2 and 4 show
that changing HMS and PAR brings less effect on the
performance of MAHS, that  to say there is a large choice
range of PAR and BW for MAHS. Considering running
time cost small HMS is recommended and it seems
selecting r around 0.5 is a better choice. HMCR
influences the results most among the three parameters.
For low-dimensional functions changing HMCR affects
less before 0.7 and the performance of MAHS worsens
sharply after 0.9. For high-dimensional functions,
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increasing HMCR improves the performance especially
after 0.9 for all functions. For high-dimensional problems,
a large value of HMCR (viz.$0.9) is a better choice to
improve the exploration capability of the algorithm. For
low-dimensional problems, it seems a small value of
HMCR (viz.#0.7) is superior to a large one to increase the
diversity of harmony in HM.

CONCLUSION

A new version of harmony search called multi-HM
adaptive harmony search is proposed here. MAHS
employs multi-HM mechanism to produce multiple new
vectors, then new vectors compete each other and the
better one is assigned as the new vector of this generation
for both HMs. PAR of MAHS decreases exponentially to
generation and new vector is added to adjusting BW
dynamically. The golden section is adopted as the border
of pitch adjusting. All these modifications make MAHS
efficient. Experimental results show MAHS performs well
for both low-dimensional and high-dimensional problems.
The effect of HMS, HMCR and PAR is investigated and
the results indicate that HMCR influences the
characteristic of the algorithm most while PAR and BW
influence less.
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