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ant colony Levanova and Loresh (2004)
genetic algorithm Hosage and Goodchild (1986),

Dibble and Densham (1993),
Alp et al. (2003), Correa et al. (2004)

greedy Kuehn and Hamburger (1963),
Cherian and Ravi (1998)
Resende and Werneck (2003)

netghborhood search or node partitioning Maranzana (1964)

node substitution or interchange Teitz and Bart (1968), Whitaker (1983)
scatter search Garcia-Lopez et al. (2003)
simulated annealing Chyiyoshi and Galvao (2000), B
Levanova and Loresh (2004)
tabu search Moreno-Perez et al. (1994), Voss (1996),
- : Rolland et al (1996), Taillard {2003)
variable neighborhood search Hansan and Mladendvic (1997),

Garcia-Lopez et al. (2002),
Crainic et al. (2004)
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Algorithm [GApMP). '
Initialization:
Generate an initial population P of size n + p as described in Section 4.3
Find the best member and its fitness value, fpes: and worst member and its
fitness value, fyorst in the P.
Let J be the set of all genes.
Iteration counter 7 := o, rpest 1= ©.
Iteration step:

. While r — rpe5; < n+ p do the following:
Lri=r+4+1\,

2. Select two members z,y randomly from P. Let J, and J, be the genes of

2 and y, respectively.
3. Generate a new member z:

(a) Set J. = J, [ Jy and compute the fitness value for J..

(b) Find the gene j € J. \ (J;[Jy) so that by adding j to the J. we
have the greatest improvement in the fitness value of J..

(c) I |J.] < p go to step a¥”

4. Select two genes one from J, and one from J\ J., which, when swapped,

result in the greatest improvement in the fitness value of J..

o. Exchange this two selected genes and compute the fitness value, f.,,,, of

Js.



6. If the generated member is not in the population and f.., < fworst then

do the following:

(a) Replace the worst member by the generated member.

{b) Update the worst member of the population and its fitness value,

fworst-

(C) If four < Joest, set Joest = Jewr and Tpes = 7.

endwhile
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e 35 b Jolen (sl GADMP i, U151 ol gl oYy

v

rTest # n p  Optimal GA  Last improv. ZError CPU time
iteration Best  Worst (sec)
1 100 5 5819 5819 61 0.00 46.64 0.35
2 100 10 4093 4093 148 0.00 17.43 0.65
3 100 10 _ 42350 . 4250 170 0.00 13.49 0.70
4 100 20 3034 3034 214 0.00 9.33 0.85
5 100 33 1355 1355 204 0.00 8.63 0.95
6 200 5 7824 7824 92 0.00 15.74 0.80
7 200 10 5631 5631 156 0.00 7.5 1.50
8 200 20 4445 4445 295 0.00 2.50 3.33
9 200 40 2734 2739 404 0.18 0.80 5.00
10 200 67 1255 1260 311 0.40 2.34 6.33
11 300 5 7696 7696 160 0.00 13.11 6.33
12 300 10 6634 6634 312 0.00 6.61 9.63
13 300 30 4374 4374 552 0.00 1.47 17.33
14 300 60 2968 2969 722 0.03 0.54 30.33
15 300 100 1729 1736 618 0.40 0.64 36.00
16 400 5 8162 8162 175 0.00 16.59 19.66
17 400 10 6999 6999 402 0.00 6.60 32.33
18 400 40 4809 4811 722 0.04 0.76 58.33
19 400 80 2845 2849 1365 0.14 0.37 104.00
20 400 133 1789 1789 1700 0.00 0.45 148.33
21 500 b) 9138 9138 150 0.00 25.68 41.33
22 500 10 8579 8579 633 0.00 4.20) 70.33
23 500 50 -4619 - 4619 1047 0.00 0.87 141.00
24 500 100 2961 2961 1627 0.00 0.36 253.33
25 500 167 1828 1831 1531 0.16 0.47 391.66
26 600 5 9917 9917 260 0.00 16.26 89.33
27 600 10 8307 8307 746 0.00 3.76 138.66
28 600 60 4498 4498 1758 0.00 0.31 311.66
29 600 120 3033 3034 1720 0.03 0.38 368.00
30 600 200 1989 1995 1932 0.30 0.65 957.66
31 700 5 10086 10086 265 0.00 21.13 152.00
32 700 10 9297 9297 760 0.00 7.01 188.00
33 700 70 4700 4703 2113 0.06 0.40 543.66
34 700 140 3013 3013 2081 0.00 0.33 1120.00
35 800 5 10400 10400 349 0.00 17.46 216.66
36 800 10 9934 9934 811 0.00 4.45 302.33
37 800 80 5057 5058 2586 0.02 0.31 1111.33
38 900 5 11060 11060 436 0.00 14.41 316.33
39 900 10 9423 9423 756 0.00 6.96 487.66
40 900 90 5128 5129 3793 0.02 0.26 2120.00



) Py Py
Test# 10 p GA MVNS GA MVNGS
1 100 5 1.000 1.000 1.000 0.400
2 100 10 1.550 1.400 1.500 1.200
3 100 10 1.333 1.400 1.500 1.200
4 100 20 1.777 1.800 1.777 1.800
b 100 33 1.777 2.200 1.555 2.600
6 200 ) 2.666 4.000 2.444 3.000
7 200 10 3.000 4.600 2.888 4.600
8 200 20 4.777 10.400 4.111 8.400
9 200 40 7.222 18.000 5.777 17.600
10 200 67 8.222 30.200 6.777 26.000
11 300 5 9.777 12.400 7077 9.000
12 300 10 11.888 20.600 11.666 18.400
13 300 30 21.777 69.400 18.444 55.800
14 300 60 38.625 118.400 36.125 93.800
15 300 100 35.777 169.400 32.444 138.800
16 400 5 25.333 29.600 24.777 25.000
17 400 10 41.500 47.800 37.000 40.200
18 400 40 63.888 200.200 58.111 174.600
19 400 80 105.777 367.800 86.333 302.600
20 400 133 151.555 545.000 117.888 444.800
21 500 5 49.777 37.200 43.375 29.200
22 500 10 80.777 82.400 75.666 70.000
23 500 50 143.333 432.000 127.111 365.000
24 500 100 242.000 764.800 218.222 621.200
25 500 167 | 363.222 1189.600 279.444 978.600
26 600 5 102.000 68.200 102.222 60.8
27 600 10 165.666 161.200 141.666 133.400
28 600 60 336.777 825.600 284.888 707.200
29 600 120 540.444 1451.200 531.888 1229.000
30 600 200 817.111 2142.200 734.000 1812.800
31 700 b) 162.777 74.000 141.429 67.000
32 700 10 246.333 183.200 201.111 166.200
33 700 70 607.222 1354.800 558.555 1114.600
34 700 140 | 1083.555 2411.800 | 1038.444  1948.800
35 800 5 241.888 119.600 217.222 98.200
36 800 10 395.444 237.400 379.777 219.800
37 800 80 1125.666  1944.600 985.111 1624.200
38 900 _ 5 3564.222 215.200 309.333 173.000
39 900 10 474.777 299.000 428.333 261.800
40 900 90 | 2051.555 2873.800 | 1612.888  2301.600
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Objective Function Value %Error
Test # n D Best GA MVNS | GA MVNS
1 100 5 4681 4730 4681 1.05 0.00
2 100 10 2015 2915 2915 0.00 0.00
3 100 10 2529 2529 2529 0.00 0.00
4 100 20 1432 1432 1450 0.00 1.26
) 100 33 61 61 63 0.00 3.17
6 200 5 7061 7061 7061 0.00 0.00
7 200 10 4812 4846 4812 0.71 0.00
8 200 20 3399 3399 3419 0.00 0.59
9 200 40 1919 1919 1926 0.00 0.36
10 200 67 514 514 522 0.00 1.56
11 300 5 7290 7290 7290 0.00 0.00
12 300 10 6201 6201 6201 0.00 0.00
13 300 30 3798 3798 3798 0.00 0.00
14 300 60 2269 2269 2283 0.00 0.62
15 300 100 1153 1153 1157 0.00 0.35
16 400 5 7787 7787 7801 0.00 0.18
17 400 10 6723 6735 6723 0.00 0.18
18 400 40 4219 4219 4219 0.00 0.00
19 400 80 2420 2420 2420 0.00 0.00
20 400 133 1346 1346 1355 0.00 0.67
21 500 5 8888 8888 8888 0.00 0.00
22 500 10 8230 8230 8304 0.00 0.90
23 500 20 4256 4256 4256 0.00 0.00
24 500 100 2538 2538 2538 0.00 0.00
25 500 167 1394 1394 1405 0.00 0.79
26 600 ) 9655 9635 9655 0.00 0.00
27 600 10 8038 8038 8040 0.00 0.02
28 600 60 4043 4043 4043 0.00 0.00
29 600 120 | 2698 2698 2703 0.00 0.19
30 600 200 1604 1604 1614 0.00 0.62
31 700 5 9909 9909 9910 0.00 0.04
32 700 10 8935 8955 8935 0.22 0.00
33 700 70 4411 4411 4417 0.00 0.14
34 700 140 | 2605 2605 2620 0.00 0.57
35 800 5 10230 10230 10230 0.00 0.00
36 800 10 9735 9735 9767 0.00 0.33
37 800 80 4723 4723 4728 0.00 0.11
38 900 5 10860 10860 10861 0.00 0.01
39 900 10 9070 9070 9070 0.00 0.00
40 900 90 4862 4862 4863 0.00 0.02
Total 1.98 12.68
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Objective Function Value ZcError
Test # n p Best GA MVNS GA MVNS
1 100 5 3611 3611 3611 0.00 0.00
2 100 10 1247 1247 1247 0.00 0.00
3 100 10 1029 1029 1029 0.00 0.00
4 100 20 -52 -52 -49 0.00 5.77
5 100 33 -1143  -1143 -1143 0.00 0.00
6 200 5 6374 6374 6374 0.00 0.00
7 200 10 4095 4095 4095 0.00 0.00
8 200 20 2575 2575 2575 0.00 0.00
9 200 40 1088 1088 1091 0.00 0.28
10 200 67 -204 -204 -196 0.00 3.92
11 300 5 6756 6756 6756 0.00 0.00
12 300 - 10 5610 5610 5610 0.00 0.00
13 300 30 3193 3193 3193 0.00 0.00
14 300 60 1480 1480 1489 0.00 0.61
15 300 100 635 635 638 0.00 0.47
16 400 5 7426 7426 7426 0.00 0.00
17 400 10 6292 6292 6301 0.00 0.14
18 400 40 3693 3693 3694 0.00 0.03
19 400 80 2013 2013 2016 0.00 0.15
20 400 133 910 910 919 0.00 0.98
21 500 5 8582 8630 8582 0.56 0.00
22 500 10 7765 7765 7775 0.00 0.13
23 500 50 3795 3795 3795 0.00 0.00
24 500 100 2151 2151 2161 0.00 0.46
25 500 167 990 990 1002 0.00 1.21
26 600 5 9400 9400 9400 0.00 0.00
27 600 10 7651 7651 7651 0.00 0.00
28 600 60 3576 3576 3582 0.00 0.17
29 600 120 | 2359 2359 2363 0.00 0.17
30 600 200 1199 1199 1210 0.00 0.92
31 700 5 9519 9688 9519 1.78 0.00
32 700 - 10 8362 8418 8362 0.67 0.00
33 700 70 | 4144 4144 4153 | 0.00  0.17
34 700 140 2219 2219 2233 0.00 0.63
35 800 5 10039 10039 10039 0.00 0.00
36 800 10 9415 9415 9442 0.00 0.27
37 800 80 4384 4384 4395 0.00 0.25
38 900 5 10696 10696 10754 0.00 0.54
39 900 10 8535 8535 8535 0.00 0.00
40 900 90 4695 4595 4606 0.00 0.24
Total 3.01 17.51
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Objective Function Value %Error
Test # n D Best GA MVNS | GA MVNS

1 100 5 -7651 -7651 -7651 0.00 0.00
2 100 10 -9445 -9445 -9445 | 0.00 0.00
3 100 10 -12398 -12398 -12398 | 0.00 0.00
4 100 20 -11507 -11507 -11507 | 0.00 0.00
5 100 33 | -10811 -10811 -10811 | 0.00 0.00
6 200 5 -9971 - 9971 -9971 0.00 0.00
7 200 10 -10403 -10403 -10402 | 0.00 0.01
8 200 20 -13912 -13912 -13901 | 0.00 0.08
9 200 40 213997 -13997 -13988 | 0.00 0.06
10 200 67 -12437 -12437 -12420 | 0.00 0.14
11 300 5 -10271  -10271  -10271 | 0.00 0.00
12 300 10 -14850 -14850 -14846 | 0.00 0.03
13 300 30 ~13557 -13557 -13553 | 0.00 0.03
14 300 60 _17676 -17676 -17674 | 0.00 0.01
15 300 100 | -14437 -14437 -14433 | 0.00 0.03
16 400 5 -10792 -10792  -10792 | 0.00 0.00
17 400 10 -11583 -11583 -11583 | 0.00 0.00
18 400 40 -16286 -16286 -16282 | 0.00 0.02
19 400 80 -14200 -14200 -14195 | 0.00 0.04
20 400 133 | -16362 -16362 -16355 | 0.00 0.04
21 500 5 -11296  -11296 -11296 | 0.00 0.00
22 500 10 -16588 -16588 -16588 | 0.00 0.00
23 500 50 -15272  -15272  -15257 | 0.00 0.10
24 500 100 | -17221 -17221  -17207 | 0.00 0.08
25 500 167 | -17924 -17924 -17919 | 0.00 0.03
26 600 5 -13060 -13060 -13060 | 0.00 0.00
27 600 10 _16204 -16204 -16179 | 0.00 0.15
28 600 60 -22970 -22970 -22969 | 0.00 0.01
29 600 120 | -17796 -17796 -17793 | 0.00 0.02
30 600 200 | -21333 -21333 -21324 | 0.00 0.04
31 700 5 -11466 -11396 -11466 | 0.61 0.00
32 700 10 -30465 -30465 -30454 | 0.00 0.04
33 700 70 -16914 -16914 -16908 | 0.00 0.04
34 700 140 | -23803 -23803 -23795 | 0.00 0.03
35 800 b) -14709 -14709 -14709 | 0.00 0.00
36 800 10 -21934 -21934 -21934 | 0.00 0.00
37 800 80 | -21038 -21038 -21034 | 0.00 0.02
38 900 = 5 | -21059 -21059 -21059 | 0.00  0.00
39 900 10 | -38980 -38980 -38980 | 0.00 0.00
40 900 90 -19350 -19350 -19345 | 0.00 0.03

Total 0.61 1.08
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Objective Function Value Y Error
Test # n p | Best GA MVNS | GA MVNS
1 100 5 5324 5324 - 5324 000 0.00
2 100 10 | 3696 3696 3709 000 035
3 100 10 | 3592 3592 3592 0.00  0.00
4 100 20 | 2460 2460 2465 0.00 020
5 100 = 33 | 994 994 1010 0.00 161
6 200 5 7266 7266 7266 0.00  0.00
7 200 10 | 5224 5224 5238 0.00  0.27
8 200 20 | 4034 4034 4034 0.00  0.00
9 200 40 | 2540 2540 2547 0.00 0.28
10 200 67 | 1077 1077 1081 0.00  0.37
11 300 5 | 7440 7440 7440 0.00  0.00
12 300 10 | 6511 6511 6511 0.00  0.00
13 300 30 | 4187 4187 4190 0.00 0.07
14 300 60 | 2781 2785 2781 0.14  0.00
15 300 100 | 1581 1581 1590 0.00 057
16 400 5 7870 7870 7870 0.00  0.00
17 400 10 | 6849 6849 6853 0.06  0.00
18 400 40 | 4589 4589 4589 0.00  0.00
19 400 80 | 2741 2741 2749 0.00  0.29
20 400 133 | 1703 1703 1709 000 0.35
21 500 5 8980 8980 8980 0.00  0.00
22 500 10 | 8403 8403 8471 0.00 081
23 500 30 | 4520 4520 4520 0.00  0.00
24 500 100 | 2833 2853 2857 0.00 0.14
25 500 © 167 | 1735 1735 1748 000 Q.75
26 600 5 | 9719 9719 9719 0.00  0.00
27 600 10 | 8137 8137 8137 | 0.00  0.00
28 600 60 | 4385 4385 4385 0.00  0.00
29 600 120 | 2965 2965 2977 0.00  0.40
30 600 200 | 1939 1939 1947 0.00  0.62
31 700 3 9915 9968 9915 0.53  0.00
32 700 10 | 9179 9179 9179 0.00  0.00
33 700 70 | 4623 4624 4623 0.02  0.00
34 700 140 | 2013 2913 2922 0.00 031
35 800 5 | 10286 10286 10286 | 0.00  0.00
36 800 10 | 9803 9803 9815 0.00  0.12
37 800 80 | 4967 4967 4972 0.00  0.10
38 900 5 | 10914 10914 10914 | 0.00  0.00
39 900 10 | 9305 9305 9305 0.00  0.00
40 900 90 | 5075 5075 5102 0.00  0.53
Total 0.75  8.14

it o5 b O s 85 Pr Joke sy GADPMP (o, 58I Juols ol <Y

AR

g

U



Objective Function Value %Error
Test # n D Best GA MVNS | GA MVNS
1 100 5 4826 4826 4826 0.00 0.00
2 100 10 2976 2976 2976 0.00 0.00
3 100 10 3341 3341 3341 0.00 0.00
4 100 20 1854 1854 1854 0.00 0.00
5 100 33 533 533 567 0.00 6.75
6 200 5 6787 6787 6787 0.00 0.00
7 200 10 | 4949 4949 4949 0.00 0.00
8 200 20 | 3812 3812 3820 0.00 0.21
9 200 40 | 2391 2391 2393 0.00 0.08
10 200 67 904 904 909 0.00 0.55
11 300 5 7136 7136 7136 0.00 0.00
12 300 10 6395 6395 6395 0.00 0.00
13 300 30 4011 4011 4011 0.00 0.00
14 300 60 2564 2564 2564 0.00 0.00
15 300 100 1462 1462 1471 0.00 0.62
16 400 5 7624 7624 7624 0.00 0.00
17 400 10 6668 6668 6669 0.00 0.01
18 400 40 | 4437 4437 4437 0.00 0.00
19 400 80 | 2633 2633 2634 0.00 0.04
20 400 133 1623 1623 1633 0.00 0.62
21 500 5 8800 8300 8800 0.00 0.00
22 500 10 | 8291 8291 8360 0.00 0.83
23 500 50 4337 4337 4339 0.00 0.05
24 500 100 | 2748 2779 2748 0.84 0.00
25 500 167 1636 1636 1644 0.00 0.49
26 600 5 9528 9528 9572 0.00 0.46
27 600 10 | 8004 8004 8004 0.00 0.00
28 600 60 4296 4296 4296 0.00 0.00
29 600 120 | 2897 2897 2902 0.00 0.17
30 600 200 | 1850 1850 1858 0.00 0.43
31 700 5 9820 9820 9820 0.00 0.00
32 700 10 | 9053 9053 9053 0.00 0.00
33 700 70 4572 4572 4583 0.00 0.24
34 700 140 | 2835 2835 2852 0.00 0.60
35 800 5 10142 10142 10142 0.00 0.00
36 800 10 | 9637 9637 9637 0.00 0.00
37 800 80 | 4875 4875 4884 0.00 0.18
38 900 5 10800 10800 10839 0.00 0.36
39 900 10 | 9201 9201 9201 0.00 0.00
40 900 90 5026 5026 5044 0.00 0.36
Total 0.84  13.05
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Objective Function Value %Error
Test # n p Best GA MVNS GA MVNS
1 100 5 -635 -635 -635 0.00 0.00
2 100 10 | -1245  -1245 -1245 0.00 0.00
3 100 10 § -1131 -1131 -1131 0.00 0.00
4 100 20 -1477  -1477 -1477 0.00 0.00
5 100 33 | -1687 -1687 -1687 0.00 0.00
6 200 ) -1163  -1163 -1135 0.00 241
7 200 10 | -1360 -1360 -1360 0.00 0.00
8 200 20 | -1765 -1765 -1764 0.00 0.06
9 200 40 | -2212 -2212 -2212 0.00 0.00
10 200 67 | -1815 -1815 -1788 0.00 1.49
11 300 b =797 =797 -797 0.00 0.00
12 300 10 | -1290 -1290 -1285 0.00 0.39
13 300 30 ¢ -1709  -1709 -1674 0.00 2.05
14 300 60 | -2224 -2224 -2190 0.00 1.53
15 300 100 | -2152 -2152 -2151 0.00 0.05
16 400 5 -932 -932 -840 0.00 9.87
17 400 10 | -1318 -1254 -1318 4.86 (.00
18 400 40 | -2096 -2096 -2096 0.00 0.00
19 400 80 | -2119 -2119 -2116 0.00 0.14
20 400 133 | -2291 -2291 -2277 0.00 0.61
21 500 5 -687 -687 -687 0.00 0.00
22 500 10 § -1111 -1111 -1098 0.00 1.17
23 500 50 | -1933 -1933 -1915 0.00 0.93
24 500 100 | -2216 -2216 -2186 0.00 1.35
25 500 167 | -2376 -2376 -2357 0.00 0.80
26 600 b -820 -820 -808 0.00 1.46
27 600 10 | -1053 -1053 -1053 0.00 0.00
28 600 60 | -2119 -2119 -2107 0.00 0.37
29 600 120 | -2198 -2198 -2192 0.00 0.27
30 600 200 | -2320 -2320 -2279 0.00 1.77
31 700 5 -748 -748 -741 0.00 0.94
32 700 10 1 -1030 -1030 -934 0.00 9.32
33 700 70 | -2009 -2009 -1976 0.00 1.65
34 700 140 | -2436 -2436 -2423 0.00 0.54
35 800 5 -855 -855 -855 0.00 0.00
36 800 _ 10 -985 -985 -985 0.00 0.00
37 800 80 | -2278 -2278 -2262 0.00 0.70
38 900 5 -607 -607 -607 0.00 0.00
39 900 10 -901 -901 -860 0.00 4.55
40 900 90 | -2347 -2347 -2346 0.00 0.04
Total 4.86 44.6ﬁ
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A genetic algorithm for the p-median problem
with pos/neg weights

Jafar Fathali
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Abstract .

Let a connected undirected graph G = (¥, £) be given. In the classical p-median problem we want to find a set X con-
taining p points in G such that the sum of weighted distances from X to all vertices in ¥ is minimized. We consider the semi-
obnoxious case where every vertex has either a positive or negative weight. In this case we have two different objective
functions: the sum of the nunimum weighted distances from X to all vertices and the sum of the weighted minimum dis-
tances. In this paper we propose a genetic algorithm for both problems. Computational results are compared with a pre-
viously investigated variable neighborhood search algorithm.
© 2006 Elsevier Inc. All rights reserved.

Keywords: Genetic algorithm; Location theory; p-Median problem; Obnoxious facilities

1. Introduction

In discrete location theory, p-median problems play a central role. In the classic p-median problem the goal
1s to select the locations of p facilities to serve n demand points so that the sum of the distances from facilities
to demand points is minimized. Usually to every demand point v; is also assigned a weight w,, so the problem
actually asks for the minimum weighted-sum, i.c.: .

minf(X):iw,d(X,v,-), (1)

where X is the set of the facilities and d(X,v) 1s defined as the shortest distance from v to the facility x € X
closest to v.

Kartv and Hakimi [16] showed that the p-median problem is .4"%-hard; hence, there is a special need for
good heuristics. Among the first heuristics proposed for the classic p-median problem are the greedy method
of Kuehn and Hamburger [17] as well as the interchange method of Teitz and Bart [23]. Other heuristics
proposed for the p-median problem are the fast interchange heuristic [24], tabu search (e.g. [22] ), variable

E-mail address: fathali@shahrood.ac.ir

0096-3003/3 - see front matter © 2006 Elsevier Inc. All rights reserved.
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neighborhood search [14], genetic algorithms (we discuss genetic algorithms for the p-median problem in Sec-
tion 4) and hybrid heuristic methods [20].

If the facilities are obnoxious for a part of the clients, then a location problem with positive and negative
weights can be considered. Cappanera [8]} discussed and classified many obnoxious location problems. For fur-
ther surveys on (semi-)obnoxious location problems, see Carrizosa and Plastria [9], Eiselt and Laporte {11}and
Plastria [19]. ’

In networks, the first location model with positive and negative weights is due to Burkard and Krarup [4],
who showed that the 1-median problem in a cactus with positive and negative vertex weights can be solved in
linear time. Burkard et al. [5] considered p-median problems with pos/neg weights in graphs and noted that
there are two different models:

In the first model (P1) the sum of the minimum weighted distances 1s minimized:

[iX) = ; lrgj;élp(w[d(v,-,xj)). (P1)
In the second model (P2) the sum of the weighted minimum distances 1s minimized:
f(X) :;w[ ]r?jlgr}ud(ui,xj). (P2)

For problem (P1), Burkard et al. [5] exploit some structural properties and develop an O(x%) algorithm for
finding the 2-median in a tree with n vertices, an O(nlogn) algorithm for stars, and a linear algorithm for
paths. For problem (P2) they present an O(x’) algorithm for finding the 2-median in a tree. If the medians
are restricted to vertices, then the complexity is reduced to O(n?). Burkard and Fathali {7] extend the algorithm
for 3-median in a tree for model (P2).

Some heurisitc methods are proposed for the positive and negative weighted p-median problems. Fathali
and Kakhki [12] applied a modified version of the variable neighborhood search and Burkard et al. [6] pre-
sented an ant colony algorithm to this problem. In this paper we develop a genetic algorithm for the pos/
neg weighted p-median problem.

In what follows we describe our genetic algorithm for the p-median problem with positive and negative
weights in Section 2. Computational results are presented in Section 3. In Section 4 related works are dis-
cussed. Section 5 contains a summary and conclusions.

2. The proposed genetic algorithm

In this section we present a genetic algorithm for the positive and negative weighted p-median problem.
This algorithm can be applied to both models, (P1) and (P2).

2.1. Genetic algorithms

Genetic algorithms (GAs) are search heuristic methods for solving combinatorial optimization problems.
They begin with a feasible solution and seek to improve upon it. GAs invented by John Holland in the
1960s, but they have become popular in the operations research literature more recently.

In the GAs each chromosome corresponds to-a solution for the problem. The measure of quality of a solu-
tion is called fitness. A genetic operator called crossover is used to produce new chromosomes from a pair of
selected chromosomes. Mutations are used to promote genetic diversity. For more details about genetic algo-
rithms the reader is referred to the books by Goldberg [13] and Reeves [21].

2.2. Encoding

In our encoding each chromosome has exactly p genes where each genes corresponds to the index of a
selected facility. For example, {7,5,2,10, 14} is a chromosome corresponds to a feasible solution for a problem
with 5 median where demand points 2,5,7,10 and 14 are selected as location of facilities.
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2.3. Fitness evaluation

The fitness of a chromosome is given by the objective function value of the corresponding solution for the
considered p-median problems. To calculate the objective function value of models (P1) and (P2) one should
note that when some points have negative weights the manner of assignment demand points to the facilities
differ. In model (P1) the vertices with nonnegative weights are assigned to the closest facility and the vertices
with negative weights are assigned to the farthest facility. But in model (P2) both positively and negatively
weighted vertices are assigned to the closest facility.

2.4. Population

The population size and the initial population are two effective factors on the convergence of the algorithm.
Large populations slow down the GA while small population may not have sufficient genetic diversity to
search over the feasible region. In our algorithm we set # -+ p as the population size. Selection a suitable initial
population results fast convergence for the algorithm. To achieve a near optimal solution the initial popula-
tion should be distributed on the whole feasible region and every gene must be presented in the initial popu-
lation. To select members of initial population, we assign the genes 1,2,...,p to the first member, the genes
p+Lp+2,...,2ptothe second member and so on. When the gene index exceeds n we start from 1 with incre-
ment of two in the sequence, 1.e. the first member of this group is 1,3,3,...,2p — 1. Similarly, in the next
groups we use increments of three, four, five and so on.

2.5. Selection

To generate new members, we select the parents randomly from the population. Other methods such as
selecting members with better fitness as the parents can be used. However, our computational experiments
showed that this method did not yield better results.

2.6. Generating new members

In a GA the chromosomes of two parents are merged to generate new members (children). Usually by using
a crossover the chromosomes of the parents are split into two part and then combined to generate two new
members. Instead of this traditional crossover operation we use a greedy-add heuristic method to generate a
new member. We select the genes that are present in both parents, as a part of genes of the new member. Then
among remained genes in the chromosomes of parents, one at a time is added to the genes of the new member
until the number of genes reaches p. To increase the number of genes by one we add the gene whose yields the
smallest increase in the objective function value. This children generation method increases time complexity
however it improves the quality of the generated solutions.

2.7. Mutation

The mutation operator helps the GA to escape from local optimum. To perform mutation, after generating
a new member, we replace one gene in this new member by a gene which is not in the new member so that the
fitness has best improvement. This is equivalent to one step of interchange heuristic method. In the mter-
change heuristic method this procedure is repeated until no better solution can be found. The most efficient
implementation of this method was presented by Whitaker [24]. To perform this operation for models (P1)
and (P2) we use one step of adjusted fast interchange heuristic method which is adjusted Whitaker’s algorithm
for pos/neg weighted p-median problem and can be found in [12]. Note that this is a very computationally
expensive operator, since each time it is applied, a large number of fitness function needs to be performed.
However, the quality of the new solutions will be improved.
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2.8. Replacement

After generate a member and implement the mutation operator, we should admit this member to the pop-
ulation. If the new member is not identical to an existing member and its fitness value is better than the worst
fitness value in the population, then the worst member is replaced by the new one.

2.9. Stopping condition

The stopping rule is usually either the number of iterations, maximum number of iterations after last
improvement, or a maximum CPU time. Our algorithm terminates when it repeat n + p iterations after last
improvement and the best solution has not changed.

Table 1
The results of GApMP algorithm for test problems with positive weights
Test # n p Optimal GA Last improvement YeError CPU time (s}
iteration Best Worst
) 100 5 5819 5819 61 0.00 46.64 0.35
2 100 10 4093 - 74093 148 0.00 17.43 0.65
3 100 10 4250 4250 170 0.00 " 13.49 0.70
4 100 20 3034 3034 214 0.00 9.53 0.85
5 100 33 1355 1355 204 0.00 8.63 0.95
6 200 S 7824 7824 92 0.00 15.74 0.80
7 200 10 5631 5631 156 0.00 7.55 1.50
8 200 20 4445 4445 295 0.00 2.50 3.33
9 200 40 2734 2739 404 0.18 0.80 5.00
10 200 67 1255 1260 311 0.40 2.34 33
Il 300 S 7696 7696 160 0.00 13.11 6.33
12 300 10 6634 6634 ©312 0.00 6.61 9.63
13 300 30 4374 4374 552 0.00 1.47 17.33
14 300 60 2968 2969 722 0.03 0.54 30.33
15 300 100 1729 1736 618 0.40 0.64 36.00
16 400 5 8162 8162 175 0.00 16.59 19.66
17 400 - 10 6999 6999 402 0.00 6.60 32.33
18 400 40 4809 4811 722 0.04 0.76 58.33
19 400 80 2845 2849 1365 0.14 0.37 104.00
20 400 133 1789 1789 1700 0.00 0.45 148.33
21 500 5 9138 9138 150 0.00 25.68 41.33
22 500 10 8579 8579 633 0.00 4.20 70.33
23 500 50 4619 . 4619, 1047 0.00 0.87 141.00
24 500 100 2961 B 2961 1627 0.00 . 036 253.33
25 500 167 1828 1831 1531 0.16 0.47 391.66
26 600 S 9917 9917 260 0.00 16.26 89.33
27 600 10 8307 8307 746 0.00 3.76 138.66
28 600 60 4498 4498 1758 0.00 0.31 311.66
29 600 120 3033 3034 1720 0.03 0.38 568.00
30 600 200 1989 1995 1932 0.30 0.65 957.66
31 700 S 10,086 10.086 265 0.00 21.13 152.00
32 700 10 9297 9297 760 0.00 7.01 188.00
33 700 70 4700 4703 2113 0.06 0.40 543.66
34 700 140 3013 3013 2081 0.00 0.33 1120.00
35 800 S 10,400 10,400 349 0.00 17.46 216.66
36 800 10 9934 9934 811 0.00 4.45 302.33
37 800 80 5057 5058 2586 0.02 0.31 1111.33
38 900 5 11,060 11,060 436 0.00 14.41 316.33
39 900 10 9423 9423 756 0.00 6.96 487.66

40 900 90 5128 5129 3793 0.02 0.26 2120.00




2.10. The algorithm

The ideas of the previous sections lead to the following algorithm.

Algorithm (GApMP)

Initialization:

Generate an initial population £ of stze n + p-as described in Section 2.4.
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Find the best member and its fitness value, fies, and worst member and its fitness value, fior: In the P.
Let J be the set of all genes.

Iteration counter #:=0, rpes:=0.

Table 2
The average total CPU times for problems (P1) and (P2)
Test # n P (P1) (P2)
GA MVNS GA MVNS
1 100 5 1.000 1.000 1.000 0.400
2 100 10 1.550 1.400 1.500 1.200
3 100 10 1.333 1.400 1.500 1.200
4 100 20 1.777 1.800 1.777 1.800
5 100 33 1.777 2.200 1.555 2.600
6 200 5 2.666 4.000 2.444 3.000
7 200 10 3.000 4.600 2.888 4.600
8 200 20 4.777 10.400 4.111 8.400
9 200 40 7.222 18.000 5.777 17.600
10 200 .67 8.222 30.200 6.777 26.000
11 300 5 9.777 12.400 7.777 9.000
12 300 10 11.888 20.600 11.666 18.400
13 300 30 21777 69.400 18.444 55.800
14 300 60 38.625 118.400 36.125 93.800
15 300 100 35.777 169.400 32444 138.800
16 400 5 25.333 29.600 24.777 25.000
17 400 10 41.500 47.800 37.000 40.200
18 400 40 63.888 200.200 58.111 174.600
19 400 80 105.777 367.800 86.333 302.600
20 400 133 151.555 545.000 117.888 444 800
21 500 5 49.777 37.200 43.375 29.200
22 500 10 80.777 82.400 75.666 70.000
23 500 50 143.333 432.000 127111 365.000
24 500 100 242.000 764.800 218.222 621.200
25 500 167 363.222 1189.600 279.444 978.600
26 600 5 102.000 68.200 102.222 60.8
27 600 10 165.666 161.200 141.666 133.400
28 600 60 336.777 825.600 284.888 707.200
29 600 120 540.444 1451.200 531.888 1229.000
30 600 200 817.111 2142.200 734.000 1812.800
31 700 5 - 162.777 74.000 141.429 67.000
32 700 10 246.333 183.200 201111 166.200
33 700 70 607.222 1354.800 558.555 {114.600
34 700 140 1083.555 2411.800 1038.444 1948.800
35 800 5 241.888 119.600 217.222 98.200
36 800 10 395.444 237.400 379.777 219.800
37 800 80 1125.666 1944.600 985.111 1624.200
38 900 5 354.222 215.200 309.333 173.000
39 900 10 474.777 299.000 428.333 261.800
40 900 90 2051.555 2873.800 1612.888 2301.600
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Iteration step:

While # — ryes, < 1+ p do the following:

1. ri=r-+1,

2. Select two members x,y randomly from P. Let J, and J, be the genes of x and y, respectively.

3. Generate a new member z:
(a) Set J.=J,. N J, and compute the fitness value for J..
(b) Find the gene j € (J U J,)\J- so that by adding j to the J. we have the greatest improvement in the
fitness value of J-.
(c) If [1.] < p go to step 3b
4, Select two genes one from J. and one from J\J., which, when swapped, result in the greatest improve-
ment in the fitness value of J..

Table 3
The results for test problems with 5 negative weights for problem (P1)
Test # n p Objective function value " Y%Error
Best GA MVNS GA MVNS
1 100 5 4681 4730 4681 1.05 0.00
2 100 10 2915 2915 2915 0.00 0.00
3 100 10 2529 2529 2529 0.00 0.00
4 100 20 1432 1432 1450 0.00 1.26
5 100 33 61 61 3 0.00 317
6 200 5 7061 7061 7061 0.00 0.00
7 200 10 4812 4846 4812 0.71 0.00
8 200 20 3399 3399 3419 0.00 0.59
9 200 40 1919 1919 1926 0.00 0.36
10 200 67 514 514 522 0.00 1.56
11 300 S 7290 7290 7290 0.00 0.00
12 300 10 6201 6201 6201 0.00 0.00
13 300 30 3798 3798 3798 0.00 0.00
14 300 60 2269 2269 2283 0.00 0.62
5 300 100 1153 1153 1157 0.00 0.35
16 400 5 7787 7787 7801 0.00 0.18
17 400 10 6723 6735 6723 0.00 0.18
I8 400 40 4219 4219 4219 0.00 0.00
19 400 80 - 2420 2420 2420 0.00 0.00
20 400 133 1346 1346 1355 " 0.00 0.67
21 500 S 8888 8888 8888 0.00 0.00
22 500 10 8230 8230 8304 0.00 0.90
23 500 50 4256 4256 4256 0.00 0.00
24 500 100 2538 2538 2538 0.00 0.00
25 500 167 1394 1394 1405 0.00 0.79
26 600 S 9655 9655 9655 0.00 0.00
27 600 10 8038 8038 8040 0.00 0.02
28 600 60 4043 4043 4043 0.00 0.00
29 600 120 2698 2698 2703 0.00 0.19
30 600 200 1604 1604 1614 0.00 0.62
31 700 5 9909 9909 9910 0.00 0.04
32 700 10 8935 8955 8935 0.22 0.00
33 700 70 4411 4411 4417 0.00 0.14
34 700 140 2605 2605 2620 0.00 0.57
35 800 5 10,230 10.230 10,230 0.00 0.00
36 800 10 9735 9735 9767 0.00 0.33
37 800 80 4723 4723 4728 0.00 0.1
3 900 5 10.860 10.860 10,861 0.00 0.01
39 900 10 9070 9070 9070 0.00 0.00
40 900 90 _ 4362 . 4862 4863 0.00 0.02

Total 1.98 12.68
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5. Exchange this two selected genes and compute the fitness value, oy, of J..

6. If the generated member is not in the population and fo,, < fyors: then do the following:
{(a) Replace the worst member by the generated member. :
(b) Update the worst member of the population and its fitness value, fiyors-

) If.f(‘:ur <ﬁvesta set fbesl :fcur and Foest = F-

endwhile

In the next section we compare the algorithm GApMP with a heuristic method. This method is modified
version of the variable neighborhood search (MVNS) algorithm of Hansen and Mladenovic [14] which is mod-
ified for coping with positive and negative weights in [12]. The variable neighborhood search algorithm starts

Table 4
The results for test problems with 10 negative weights for problem (P[)
Test # " p Objective function value YaError
Best GA MVNS GA MVNS
| 100 5 3611 3611 3611 0.00 (.00
2 100 10 1247 1247 1247 0.00 (.00
3 100 10 1029 1029 1029 0.00 0.00
4 100 20 =52 . -52 —49 0.00 5.77
5 100 33 —1143 —1143 —1143 ,0.00 0.00
6 200 5 6374 6374 6374 0.00 0.00
7 200 10 4095 4095 4095 0.00 0.00
8 200 20 2575 2575 2575 0.00 0.00
9 200 40 1088 1088 1091 0.00 0.28
10 200 67 —204 ~204 —196 0.00 3.92
N 300 5 6756 6756 6756 0.00 (.00
12 300 10 5610 5610 5610 0.00 0.00
13 300 30 3193 3193 3193 0.00 0.00
14 300 60 1480 1480 1489 0.00 0.61
15 300 100 635 635 638 0.00 0.47
16 400 5 7426 7426 7426 0.00 0.00
17 400 10 6292 6292 6301 0.00 0.14
18 400 40 3693 3693 3694 0.00 0.03
19 400 80 2013 2013 2016 0.00 0.15
20 400 133 910 910 919 0.00 0.98
21 500 5 8582 8630 8582 0.56 0.00
22 500 10 7765 7765 7775 0.00 0.13
23 500 50 3795 3795 3795 0.00 0.00
24 500 100 2151 2151 2161 0.00 0.46
25 500 167 990 990 1002 0.00 1.2}
26 600 5 5400 : 9400 9400 0.00 0.00
27 600 10 7651 7651 7651 10.00 0.00
28 600 60 3576 3576 3582 0.00 0.17
29 600 120 2359 2359 2363 0.00 0.17
30 600 200 1199 1199 1210 0.00 0.92
3 700 5 9519 9688 9519 1.78 0.00
32 700 10 8362 8418 8362 0.67 0.00
33 700 70 4144 4144 4153 0.00 0.17
3 700 140 2219 2219 2233 0.00 0.63
3 800 5 10,039 10,039 10,039 0.00 0.00
36 800 10 9415 9415 9442 0.00 0.27
37 800 80 4384 4384 4395 0.00 0.25
3 900 5 10,696 10,696 10,754 0.00 0.54
39 900 10 8535 8535 8535 0.00 0.00
40 900 90 4695 4595 4606 0.00 0.24

Total 3.01 17.51
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with an initial solution X and finds a local optimum solution by interchanges of vertices in X and ¥\ X. Then it
moves to a new solution which differs in at most p locations from the previous solution and applies again the
interchange procedure to this new solution. This is repeated until no further improvement can be found.

3. Computational results

The GApMP was tested on 40 test problems from the ORLIB library, see Beasley [2] which were slightly
modified with respect to negative weights. We chose only weights &=1. We assigned the negative weight —1
either to only the first 5 or first 10 vertices and also to all odd numbered vertices of the test examples.

In the tables we use the results which are reported in [12] for MVNS. In MVNS we allow that the iteration

step repeat 100 times.

Table 5
The results for test problems with assigned negative weights to half of the nodes for problem (P1)
Test # n V4 Objective function value YoError
Best GA MVNS GA MVNS
{ 100 5 —7651 ~7651 ~765] 0.00 0.00
2 100 10 —9445 —9445 —9445 0.00 0.00
3 100 10 —12398 —12398 —12398 0.00 0.00
4 100 20 —11507 —11507 — 11507 0.00 0.00
5 100 33 —10811 —10811 —10811 0.00 0.00
6 200 5 -9971 - 9971 —9971 0.00 0.00
7 200 10 —-10403 —-10403 — 10402 0.00 0.01
8 200 20 —13912 —139i2 —13901] 0.00 0.08
9 200 40 —13997 —13997 —13988 0.00 .06
10 200 67 —12437 —12437 —~12420 0.00 0.14
I 300 5 —10271 - 10271 -1027] 0.00 0.00
12 300 10 14850 ’ —14850 — 14846 0.00 0.03
13 300 30 —13557 —13557 —13553 ©0.00 0.03
14 300 60 —17676 —17676 —17674 0.00 0.01
15 300 100 —14437 —14437 — 14433 0.00 0.03
16 400 5 —10792 —10792 -10792 0.00 0.00
17 400 10 — 11583 —11583 —11583 0.00 0.00
18 400 40 — 16286 —16286 —16282 0.00 0.02
19 400 80 —14200 —14200 —14195 0.00 0.04
20 400 133 —16362 —16362 —16355 0.00 0.04
21 500 5 —11296 —11296 —11296 0.00 0.00
22 500 10 —16588 —16588 - 16588 0.00 0.00
23 500 50 —15272 —15272 —15257 0.00 0.10
24 500 100 —17221 —17221 ~17207 0.00 0.08
25 500 167 —17924 —17924 —17919 0.00 0.03
26 600 5 —13060 —13060 - 13060 0.00 0.00
27 600 10 —16204 —16204 —16179 0.00 0.15
28 600 60 —22970 —22970 —22969 0.00 0.01
29 600 120 —17796 -17796 -17793 0.00 0.02
30 600 200 —21333 —-21333 —21324 0.00 0.04
31 700 5 —11466 —11396 — 11466 0.61 0.00
32 700 10 —30465 30465 —30454 0.00 0.04
33 700 70 -16914 —-16914 -16908 0.00 0.04
34 700 140 23803 —23803 —23795 . 0.00 0.03
35 800 5 — 14709 - 14709 -~ 14709 0.00 0.00
36 800 10 —21934 -21934 —21934 0.00 0.00
37 800 80 —21038 —21038 -21034 0.00 0.02
38 900 5 —21059 -21059 —21059 0.00 0.00
39 900 10 —38980 —38980 ~38980 0.00 0.00
40 900 90 ~19350 —19350 —19345 0.00 0.03

Total 0.6l 1.08
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Both methods are coded in C+- and run on a Pentium IV with 1700 MHz CPU and 256 megabytes of
RAM. We ran 5 times each method for all problems and reported the average results.

In Table 1 we present the results of GApMP algorithm for the case positive weights which can be compared
with other methods. In this table the column last improvement iteration indicates the number of iteration after
which no improvement in the solution is attained. The column with the heading % Error indicates the relative
error; 1.e.,

f 7j;)pt R 100
Vllpfl

for the best and worst solutions in the population.

Table 6
The results for test problems with five negative weights for problem (P2)
Test # n p dbjective function value YaErTor
Best GA MVNS GA MVNS
| 100 5 5324 5324 5324 0.00 0.00
2 100 10 3696 3696 3709 0.00 0.35
3 100 10 3592 3592 3592 0.00 0.00
4 100 20 2460 2460 2465 0.00 0.20
S 100 3 994 994 1010 0.00 1.6!
6 200 5 7266 7266 7266 0.00 0.00
7 200 10 5224 5224 5238 0.00 0.27
8 200 20 4034 4034 4034 0.00 0.00
9 200 40 2540 2540 2547 0.00 0.28
10 200 67 1077 1077 1081 0.00 0.37
I 300 5 7440 7440 7440 0.00 0.00
12 300 10 6511 6511 6511 0.00 0.00
13 300 30 4187 4187 4190 0.00 0.07
14 300 60 2781 2785 2781 0.14 0.00
IS 300 100 1581 1581 1590 0.00 0.57
16 400 5 7870 7870 7870 0.00 0.00
17 400 10 6849 6849 6853 0.06 0.00
18 400 40 4589 4589 4589 0.00 0.00
19 400 80 2741 . 2741 2749 0.00 0.29
20 400 133 1703 1703 1709 ,0.00 0.35
21 500 5 8980 8980 8980 0.00 0.00
22 500 10 8403 8403 8471 0.00 0.81
3 500 50 4520 4520 4520 0.00 0.00
24 500 100 2853 2853 2857 0.00 0.14
25 500 167 1735 1735 1748 0.00 0.75
26 600 5 9719 9719 9719 0.00 0.00
27 600 10 8137 8137 8137 0.00 0.00
28 600 60 4385 4385 4385 0.00 0.00
29 600 120 2965 2965 2977 0.00 0.40
30 600 200 1939 1939 1947 0.00 0.62
31 700 5 9915 9968 9915 0.53 0.00
32 700 10 9179 9179 9179 0.00 0.00
33 700 70 4623 4624 4623 0.02 0.00
34 700 140 2913 2913 2922 0.00 0.3
35 800 5 10,286 10,286 10,286 0.00 0.00
36 800 10 9803 9803 9815 0.00 0.12
37 800 80 4967 4967 4972 0.00 0.10
38 900 5 10914 10,914 10,914 0.00 0.00
39 900 10 9305 9305 9305 0.00 0.00
40

900 90 5075 5075 5102 0.00 0.53

Total 10.75 3.14
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Table 2 contains the average total CPU times in GApMP and MVNS for models (P1) and (P2). In the most
cases CPU times of GApMP are less than MVNS. Tables 3-8 show the computational results for the cases
that 5, 10 and half of all vertices have the negative weight —1. The column best in these tables indicates
the best solution obtained by the two methods. The column with the heading %Error indicates the relative
error respect to fues.

Among the tested 240 problems, for 227 problems the best solutions were obtained by the GApMP
mcthod and for 111 by MVNS. The total sum of all %Errors for these methods were. 12.05 and 97.06,
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respectively.
Table 7
The results for test problems with 10 negative weights for problem (P2)
Test # 1 p Objective tunction value YError
Best GA MVNS GA MVNS
1 100 5 4826 4826 4826 0.00 0.00
2 100 10 2976 2976 2976 0.00 0.00
3 100 10 3341 3341 3341 0.00 0.00
4 100 20 1854 1854 1854 0.00 0.00
35 100 33 . 533 533 567 0.00 6.75
6 200 3 6787 6787 6787 + 0.00 0.00
7 200 10 4949 4949 4949 0.00 0.00
8 200 20 3812 3812 3820 0.00 0.21
9 200 40 2391 2391 2393 0.00 0.08
10 200 67 904 904 909 0.00 0.55
i 300 5 7136 7136 7136 0.00 0.00
12 300 10 6395 6395 6395 0.00 0.00
13 300 30 401t 4011 4011 0.00 0.00
14 300 60 2564 2564 2564 0.00 0.00
15 300 100 1462 1462 1471 0.00 0.62
16 400 5 7624 7624 7624 0.00 0.00
17 400 10 6668 6668 6669 0.00 0.01
18 400 40 4437 4437 4437 0.00 0.00
19 400 80 2633 2633 2634 0.00 0.04
20 400 133 1623 1623 1633 0.00 0.62
21 500 S5 8800 8800 8800 0.00 0.00
22 500 10 8291 8291 8360 0.00 0.83
23 500 50 4337 4337 4339 0.00 0.05
24 500 100 2748 2779 2748 0.84 0.00
25 500 167 1636 1636 1644 0.00 0.49
26 600 S5 9528 9528 9572 0.00 0.46
27 600 10 - 8004 8004 80604 0.00 0.00
28 600 60 4296 4296 4296 ' 0.00 0.00
29 600 120 2897 2897 2902 0.00 0.17
30 600 200 1850 1850 1858 0.00 0.43
31 700 S5 9820 9820 9820 0.00 0.00
32 700 10 9053 9053 9053 0.00 0.00
33 700 70 4572 4572 4583 0.00 0.24
34 700 140 2835 2835 2852 0.00 0.60
35 800 5 10,142 10,142 10,142 0.00 0.00
3 800 10 9637 9637 9637 0.00 0.00
37 800 80 4875 4875 4884 0.00 0.18
38 900 S5 10,800 10,800 10,839 0.00 0.36
39 900 10 9201 9201 9201 0.00 0.00
40 900 90 5026 5026 5044 0.00 0.36
Total 0.84 3.05
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Table 8
The results for test problems with assigned negative weights to half of the nodes for problem (P2)
Test # n p Objective function value YoError
Best GA MVNS GA MVNS
] 100 5 —635 —635 —635 0.00 0.00
2 100 ! —1245 —1245 —1245 0.00 0.00
3 100 10 —1131 —1131 —1131] 0.00 0.00
4 100 20 —1477 - 1477 — 1477 0.00 0.00
5 100 33 —1687 —1687 —1687 0.00 0.00
6 200 5 —1163 : —1163 —1135 0.00 2.41
7 200 10 —1360 —1360 —1360 10.00 0.00
8 200 20 —1765 —1765 —1764 0.00 0.06
9 200 40 —2212 —2212 —2212 0.00 0.00
10 200 67 —1815 — 1815 —1788 0.00 1.49
11 300 3 -797 ~797 —797 0.00 0.00
12 300 10 —1290 —1290 —1285 0.00 0.39
3 300 3 —1709 —-1709 —1674 0.00 205
14 300 60 —2224 —2224 -2190 0.00 {.53
15 300 100 —2152 —2152 —2151 0.00 0.05
16 400 5 -932 -932 —840 0.00 9.87
17 400 10 —1318 —1254 —1318 4.86 0.00
18 400 40 —2096 —2096 —2096 0.00 0.00
19 400 80 —2119 -2119 —2116 0.00 0.14
20 400 133 —2291 —2291 —2277 0.00 0.61
21 500 5 —687 -637 ~687 0.00 0.00
22 500 10 -1t -1 ~ 1098 0.00 1.17
23 500 50 —1933 —1933 —1915 0.00 0.93
24 500 100 -2216 -2216 ~2186 0.00 1.35
25 500 167 —2376 —2376 —2357 0.00 0.80
26 600 5 ~820 -~820 —808 0.00 1.46
27 600 10 1053 —1053 —1053 0.00 0.00
28 600 60 —2119 ’ -2119 —2107 0.00 0.57
29 600 120 —2198 —2198 -2192 '0.00 0.27
30 600 200 —2320 —2320 —2279 0.00 1.77
31 700 S —748 748 -741 0.00 0.94
32 700 10 —1030 —1030 —934 0.00 9.32
33 700 70 —2009 —2009 —1976 0.00 1.65
34 700 140 —2436 —2436 —2423 0.00 0.54
35 800 5 —855 ~855 —855 0.00 0.00
36 800 10 —985 ~985 —985 0.00 0.00
37 800 80 —2278 —2278 —2262 0.00 0.70
38 900 5 —607 -607 —607 0.00 0.00
39 900 10 -901 -901 —860 0.00 4.55
40 900 90 —2347 —2347 —2346 0.00 0.04
Total 4.86 44.60

4. Related works

Hosage and Goodchild [15] proposed the first GA for the p-median problem. In their algorithm each solu-
tion is represented by a binary string with # digits'(genes), where each bit corresponds to a facility index. Each
gene (1 or 0) indicates whether the corresponding facility is selected as a median or not. Their encoding does
not guarantee that exactly p facilities are selected, so they used a penalty function to impose this constraint.
Due to this kind of encoding their algorithm performs rather poorly even on small problems.

Dibble and Densham [10] describe another GA with encoding more suitable for the p-median problem.
Each individual of the population has exactly p genes, and each genes represents a facility index. They applied
their GA to solve a problem with » =150 and p =9 with population size of 1000 and 150 generations.
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They compared the results of their algorithm with the results obtained by the interchange heuristic method of
Teitz and Bart [23]. Although their GA took longer processing time, both algorithms produced similar

solutions.
Moreno-Perez et al. [18] develop a parallelized GA for the p-median problem, where multiple population
groups exist and individuals are exchanged in these groups. They do not report computational results.
Bozkaya et al. [3] also describe a GA for the p-median problem. They report the results of an extensive com-
putational experiment with algorithm parameters. Their algorithm produces solutions better than the solu-

tions of an exchange algorithm.

In most recent application of GA to the p-median problem, Alp et al. [1] propose a fast GA with good
results. They used the greedy drop procedure to generate new members. In this procedure, first the chromo-
somes of parents are merged to produce an infeasible solution with m genes where 171 > p. Then the gene whose
dropping produces the best fitness function 1s dropped. This is repeated until number of genes reaches p. In
contrast we use the greedy add procedure to generate new members which results better solutions than greedy
drop method. We also apply one step of interchange procedure as mutation operator to improve the quality of
the generated solutions. Alp et al. [1] do not use the mutation operator.

5. Summary and conclusion

In this paper we proposed a genetic algorithm for solving the p-median problem with positive and negative
weights. The results were compared with those obtained by a variable neighborhood search method and
showed that for almost all examples our GA results better solutions.
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