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Short-term power load combination forecasting based on parallel membrane computing
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Abstract: A method of parallel membrane computing (PMC) is proposed to solve the combination of short-term load
forecasting. The linear regression model, trend extrapolation model, improved gray model and support vector machines
with particle swarm optimization parameters are used to forecast load concurrently in different basic membranes of
membrane system, and the prediction results are all output to the surface membrane. In the surface membrane, the
ultimate results are got by combined optimization, which is to minimize the square value of geometric mean of above
prediction values minus weighted combination result. The weighted coefficient is time-interval optimized by the improved
particle swarm method. In addition, historical data has been improved through moving average processing before making
the prediction, and can be selected through system clustering method. Parallel membrane computing can greatly improve
composition prediction speed. The method that geometric mean of various prediction results replaces real data in objective
function has more practicability. Finally, the simulation results show the rationality and effectiveness of the proposed
method.
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Fig. 1 Flow of system clustering method
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Table 1 Result of cluster analysis

A% B % C%k
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Fig. 4 Relative error of the single forecast method
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Table A1 Weight of the single forecast method

I B Ml M2 M3 M4 I B Ml M2 M3 M4
1 0.000 0.061 0.345 0.594 49 0.082 0.151 0.499 0.267
2 0.000 1.000 0.000 0.000 50 0.436 0.270 0.034 0.260
3 0.000 0.989 0.059 0.000 51 0.339 0.343 0.068 0.249
4 0.000 0.579 0.426 0.000 52 0.473 0.248 0.016 0.263
5 0.418 0.639 0.058 0.000 53 0.054 0.365 0.341 0.240
6 0.341 0.200 0.141 0.317 54 0.005 0.393 0.356 0.246
7 0.105 0.219 0.391 0.285 55 0.000 0.016 0.743 0.241
8 0.470 0.541 0.000 0.000 56 0.385 0.220 0.135 0.261
9 0.010 0.000 0.352 0.638 57 0.074 0.404 0.280 0.242
10 0.479 0.211 0.000 0.310 58 0.000 0.464 0.304 0.231
11 0.644 0.315 0.050 0.000 59 0.658 0.046 0.013 0.284
12 0.317 0.460 0.233 0.000 60 0.711 0.000 0.007 0.282
13 0.387 0.530 0.182 0.000 61 0.172 0.183 0.387 0.258
14 0.161 0.325 0.524 0.000 62 0.344 0.306 0.096 0.254
15 0.487 0.288 0.244 0.000 63 0.231 0.070 0.436 0.263
16 0.340 0.197 0.556 0.000 64 0.454 0.083 0.195 0.268
17 0.583 0.192 0.231 0.000 65 0.434 0.191 0.111 0.264
18 0.464 0.000 0.497 0.000 66 0.425 0.302 0.017 0.256
19 0.025 0.000 0.985 0.000 67 0.226 0.408 0.121 0.245
20 0.611 0.185 0.039 0.165 68 0.077 0.638 0.065 0.219
21 0.576 0.158 0.160 0.106 69 0.397 0.042 0.284 0.277
22 0.415 0.076 0.338 0.171 70 0.185 0.290 0.274 0.250
23 0.539 0.000 0.275 0.186 71 0.010 0.504 0.250 0.237
24 0.002 0.717 0.000 0.282 72 0.219 0.000 0.522 0.258
25 0.359 0.000 0.380 0.261 73 0.000 0.487 0.266 0.248
26 0.498 0.226 0.009 0.266 74 0.723 0.000 0.000 0.277
27 0.000 0.796 0.107 0.097 75 0.064 0.038 0.651 0.248
28 0.401 0.328 0.039 0.232 76 0.270 0.474 0.000 0.255
29 0.119 0.529 0.228 0.124 77 0.204 0.072 0.466 0.258
30 0.290 0.020 0.328 0.362 78 0.425 0.094 0.221 0.261
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I B /min M1 M2 M3 M4 I} B /min Ml M2 M3 M4
31 0.363 0.302 0.095 0.239 79 0.159 0.128 0.457 0.256
32 0.329 0.229 0.180 0.262 80 0.614 0.012 0.113 0.261
33 0.267 0.043 0.405 0.285 81 0.106 0.599 0.022 0.272
34 0.397 0.270 0.078 0.255 82 0.302 0.179 0.262 0.256
35 0.000 0.002 0.694 0.304 83 0.000 0.379 0.362 0.259
36 0.169 0.668 0.000 0.163 84 0.182 0.493 0.060 0.265
37 0.000 0.000 0.702 0.298 85 0.249 0.356 0.131 0.264
38 0.236 0.068 0.402 0.295 86 0.165 0.079 0.508 0.248
39 0.128 0.580 0.104 0.189 87 0.322 0.291 0.126 0.262
40 0.526 0.049 0.122 0.303 88 0.283 0.245 0.214 0.258
41 0.196 0.526 0.076 0.203 89 0.389 0.204 0.152 0.255
2 0.026 0.614 0.172 0.188 90 0.133 0.573 0.000 0.295
43 0.309 0.145 0.272 0.274 91 0.010 0.395 0.325 0.270
44 0.389 0.000 0.311 0.300 92 0.490 0.019 0.258 0.234
45 0.347 0.176 0.209 0.269 93 0.371 0.273 0.095 0.262
46 0.151 0.341 0.268 0.240 94 0.000 0.585 0.114 0.301
47 0.088 0.224 0.435 0.253 95 0.440 0.000 0.341 0.218
48 0.143 0.593 0.068 0.197 96 0.207 0.278 0.256 0.259
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