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Artificial Glowworm Swarm Optimization Algorithm
for Location Problem

CHENG Kui, MA Liang
(Business School , University of Shanghai for Science and Technology , Shanghai 200093 , China )

Abstract: The location problem is a typical combinatorial optimization problem in the work of
engineering design, line routing, project location, etc. According to the principle of swarm
intelligence,a new optimization algorithm based on the idea of glowworms-the glowworm swarm
algorithm was presented to solve the location problem. To avoid getting stuck into local optima,a
neighborhood search strategy was introduced into the artificial glowworm swarm optimization
algorithm. Simulated tests of the location problem and comparisons with other algorithms show that

the algorithm is feasible and effective and has strong global optimization ability.
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Tab.1 Instances

B TR A T3 AR A

1 3 0,0),(10,0),(5,10)

2 4 (0,0),(10,0),0,10),(7,1)

3 6 0,0,(5,3),(7,5),(10,3),(3,10),(0,6)
(=5,11),(=10, -5),(8, =4),(5,5),(0,0),

4 12 (1,5),(-10, - 1),(=5,7,(=5,0),(-10,4),

(3,6),(2,-9)
(-9,8),(~15,-8),(22,5),(17,20),
5 16 10:00,(3,4).(=5,-9),(~16, ~4), (12,4,

(-10,7),(1,14),(-7,6),(~-14,3),(12,24),
(-1,1,00,13)
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Tab.2 Solutions under unconstrained situation

o . EERORIEN R N
IAffE P 5 et IALfE P 5 At
ABC 7.500 24 (5.000 02,2.499 77) 6.250 16 (5.000 12,3.750 06)
1 GSA 7.500 64 (5.000 00,2.500 06) 6.250 42 (5.000 18,3.74958)
GSO 7.500 03 (4.999 99,2.500 03) 6.250 04 (5.000 05,3.75000)
ABC 10.000 01 (3.277 10,3.277 11) 7.071 22 (4.994 07,4.993 85)
2 GSA 10.000 01 (0.074 87,0.074 86) 7.071 14 (4.996 44,4.996 34)
GSO 10.000 01 (0.332 65,0.332 65) 7.071 07 (4.999 53,4.999 53)
ABC 7.000 02 (3.442 93,3.442 91) 5.930 47 (4.195 36,4.191 60)
3 GSA 7.000 03 (3.160 83,3.160 86) 5.929 18 (4.192 74,4.192 39)
GSO 7.000 00 (3.080 41,3.080 41) 5.928 85 (4.192 34,4.192 28)
ABC 14.000 03 (=1.594 47,0.405 56) 10.599 41 (=1.307 61,1.064 52)
4 GSA 14.000 00 (=2.994 41, —0.994 41) 10.598 61 (=1.308 62,1.065 51)
GSO 14.000 00 (=2.949 33, —0.949 33) 10.598 16 (=1.309 25,1.065 45)
ABC 30.000 01 (2.475 20,4.524 79) 21.261 47 (1.083 71,5.905 56)
5 GSA 30.000 00 (=0.497 49,7.497 49) 21.260 32 (1.014 87,5.982 99)
GSO 30.000 00 (4.917 00,2.083 00) 21.260 29 (1.003 18,5.996 36)

I 2 TR S 78 KA 2 X0 (P 2~ T R
YR 1 A 3 1M 5 - GSO 5k Mg R s s x5
B 21055 3X 3 MRE SR AR EE R — 4 s R 4 A
S5 M, GSO HL 1 GSA F3k i 245 5 —FF L #F
LT ABC 335 . 7R fifk PR S 2 - T [ et ik
XA 5 AN GSO S BRIl 45 R L B i Y.
AT -GSO Bk MU TERE24F T ABC ik A
GSA Hik.

S GSO SRE TR i S AL A 1R AL

P ERE » FEHUEAA] 3 FGLAB 5. A5 3 PR L SR AR R X
PR R A PSS WA 1 s QLR 50, Joig &
WSS P IR SR AR E - GSO S BRI 14 A
HPERE.
2.2 ARELRTFEELLEZ

RIS UE AR L A S R R A A R S
WY ) (ant colony optimization, ACO) FI A T M4 fE 4
2 (ABO ™[R fiff 235 AR X He . ELAAR e 4 SR L3 3
(WSRO o B4 4 FnSEEA] 5 XS o 4331



208

S8 N N S

2013 4F %5 35 %
230
| ---ABC
27, e GSA
GSO
224 | Hry
= 2.1 1

218 |

21.2

0 40 8 120 160 200
N
(b) 5415

1 st b

Fig.1 Convergence comparison

65 _
g ~==ABG
6.4+ \i C e GSA
- : —GSO
63 ! '
Se2} | \
4 i s
61F | b
i v
I R e A T ;.
5.9 S ———
0 40 80 120 160 200
J\r
(a) SHI3
4(x =5y —30) < y* (x-y<30
2x + 3y <60 - 2x -3y <<90
—x + 5y <100 x<—-30
- 9x + y << 240 —x +4y <150
—x — 4y <150 Ta + 5y < 270
192 — 24y <60 11lx — 5y << 270
*3 BHARBEERMBER
Tab.3 Solutions under constrained situation
2 A E 25 AR EG B B
=RUII=RR - - - -
A P Ak FR A P SRR
ACO 14.000 (-1.500,0.500) 10.601 (-1.300,1.070)
4 ABC 14.000 (—2.523,-0.523> 10.601 (—1.295,1.058)
GSO 14.000 (-1.755,0.245) 10.598 (-1.310,1.065)
ACO 57.000 (—30.000,10.0003 52.000 (-30.000,5.000)
5 ABC 57.006 (-30.016,10.011> 52.001 (-—30.004,5.108)
GSO 57.000 (—30.000,10.000> 52.000 (—30.000,5.014)
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