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Abstract: This paper focuses on locating all local minima of box-constrained, non-linear optimization problems. A new algorithm based
on Multistart method is proposed. A quality measure called G-measure is constructed to measure the local minima of a multidimensional
continuous and differentiable function distribution inside bounded domain. This paper measures the distribution of local minima in three
facets: Gradient, convexity and concavity, and rate of decline. Feasible region is divided into several small regions, and each is assigned a
set of initial points in proportion to its G-measures. More initial points can be allocated in the region which includes more local minima. A
condition judging whether an initial point is effective is aimed to decrease the run times of local optimal technique. The approximate
computing method is constructed to reduce computational complexity of G-measure. Several benchmarks with large quantities of local
minima are chosen. The performance of this new method is compared with that of Multistart and Minfinder on benchmark problems.
Experimental results show that the proposed method performs better in search efficiency.
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Fig.2 Illustration of G-measure in a 2-dimensional feasible space [-3,3]x[-3,3]
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Tablel G-Measure calculation process of Six Hump Camel function
% 1 Six Hump Camel %t G- & it &t %

TV Co RD m G
S1 676.218 5 2 114.4730 4 2.9280
S2 576.308 0 3 89.349 5 4 47840
S3 693.106 6 2 105.178 1 4 3.2639
sS4 218.027 2 4 34.8145 4 6.087 7
S5 13.205 3 6 0.9720 4 10.044 5
S6 218.027 2 4 34.8145 4 6.087 7
S7 693.106 6 2 105.178 1 4 3.2639
S8 576.308 0 3 89.349 5 4 47840
S9 672.218 5 2 114.4730 4 2.928 0
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SEPL R BRI R SLEAE ] T MATLAB 1 fmincon B 3f,f, F1f, BL 0.1 Sy b A0 AT AT S b AT 25 BR300 40 fo LA 1 28
X AT AT AT S B 4 A6 R RE RUBUN O 20,48 — 5 R AUE R BR NMAX 2 100.f1,f, F 5 (19 0] 47 4834 K1) 43
N9 BRIX I8k, f, T ATk 40 g 2N B X 8K
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Table 2 Experimental results of Multistart algorithm

% 2 Multistart 5k sz 45 1

Problem Minima Found Fevals Gevals Time

fi 6 6 11138 10741  0.04
f, 49 49 17714 16989 0.1
fs 400 400 557668 535368 16.44
iy 1024 3 \ - -

Table 3 Experimental results of Minfinder algorithm
% 3 Minfinder &35z 45 5

Problem  Minima Found Fevals Gevals Time
fy 6 6 1598 2187 0.02
f, 49 49 1723 2975 0.08
fs 400 400 17 404 41849 7.07
7 1024 927 253071 2790955 190.16
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Table 4 Experimental results of GLLMA algorithm
&4 GLLMA FLksii g R

Problem  Minima Found Fevals Gevals Time
f 6 6 6371 983 0.02
f, 49 49 4015 1592 0.07
fs 400 400 54 172 24 855 6.99
f, 1024 1024 899792 113075 182.53
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