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Tab.3 Results comparison of different methods
MLMPIO
MPIO. MPIO . / . /
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MPIO( 3. 280 98x10° 1b) MLMPIO  MLMPIO 2.578485  2.94217
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MPIO 2.513 881 3.271 41 2 517 076 2 990 66
2.509 541 3.280 98
4 MLMPIO
3 MLMPIO
5
3
( ) IBFA. MLMPIO
RCGA/NSGA-II \MAMODE CRO 4 (3)
MLMPIO (2.481 502x 10° $ 2.942 17x%
10° 1b) ' HCRO
(2.479 931x10° $) MLMPIO  MIMPIO DEED

(2.481502x10° $)  0.06%



13

4 MLMPIO
Tab.4 Best compromise solution obtained by MLMPIO

IMW

/ / /

1

2

3

4

5
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7

8 9 10 MW MW MW

O 0 9 N N B W N =

[ T N S O T N S S S G G Y
B W D = O O 0NN RN = O

150. 042
150. 063
152. 665
169. 392
173. 569
203. 053
216. 117
229.992
280. 148
328.327
381.739
396. 135
351.732
298. 067
240. 890
187. 892
176. 650
196. 951
241.296
307. 557
286. 500
207. 989
157. 404
150. 379

135. 042
135.218
146. 897
163. 284
171. 002
196. 305
216. 883
252.311
304. 039
345. 195
384.103
418. 262
376. 646
307. 087
245.993
176. 929
163. 264
203.795
262.574
320. 785
296. 816
218. 156
142. 186
138.790

106. 515
104. 983
144.293
173.293
195. 367
243.933
273. 899
283.398
322.638
340. 000
340. 000
340. 000
340. 000
303.724
281.767
236. 594
192. 224
253.417
271.233
330. 987
323.586
245.035
165. 231
120. 168

85.733
104. 864
135. 802
174. 653
211. 606
245.719
260. 876
281. 331
299.923
300. 000
300. 000
300. 000
300. 000
298.223
278. 504
232.914
214.592
241. 509
272.172
299. 658
299. 846
251.851
201. 945
152.343

105. 101
131. 985
174. 834
216. 326
223.404
242.746
242. 905
242.998
243.000
243.000
243. 000
243. 000
243. 000
242. 988
242. 986
218.838
228. 065
236. 086
242.998
243. 000
243. 000
209. 173
159.342
122.613

127. 609
135.168
147. 200
159. 954
159. 968
159.999
159. 999
159.999
160. 000
160. 000
160. 000
160. 000
160. 000
159. 989
159. 990
159. 983
159. 996
159. 999
159.999
160. 000
160. 000
159. 960
153. 813
143.902

113. 631
119. 052
129. 980
129. 994
129. 969
129. 998
129. 999
129. 999
130. 000
130. 000
130. 000
130. 000
130. 000
129. 989
129. 990
129. 985
129. 996
129. 999
129. 999
130. 000
130. 000
129. 961
129. 618
127. 660

97.120  79.938 54.990 1055.72 19.7209 1036
116.162  79.978 54.988 1132.46 22.4608 1110
119.987  79.990 54.990 1286.64 28.6374 1258
119.994  79.993  54.993 1441.87 35.8748 1406
119.968  79.971 54.972 1519.80 39.796 4 1480
119.998  79.998 54.998 1676.75 48.7458 1628
119.999  79.998 54.998 1755.67 53.6749 1702
119.999  79.999 54.999 1835.02 59.0246 1776
120.000  80.000 55.000 1994.75 70.7479 1924
120.000  80.000 55.000 2101.52 79.5224 2022
120.000  80.000 55.000 2193.84 87.8419 2 106
120.000  80.000 55.000 2242.40 92.3974 2150
120.000  80.000 55.000 2 156.38 84.3785 2072
119.989  79.988 54.988 1995.03 71.0299 1924
119.990  79.990 54.990 1835.09 59.0886 1776
119.985 79.986 54.982 1598.09 44.088 8 1554
119.996  79.996 54.996 1519.78 39.7751 1480
119.999  79.999 54.999 1676.75 48.7525 1628
119.999  79.999 54.998 1 835.27 59.2676 1776
120.000  80.000 55.000 2046.99 74.9889 1972
120.000  80.000 55.000 1994.75 70.7487 1924
119.961  79.963 54.963 1677.01 49.0106 1628
119.755 79.837 54.841 1363.97 31.9733 1332
118.548  79.987 54.980 1209.38 25.378 1 1184
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Dynamic Economic Emission Dispatch Based on Multiple Learning
Multi-ebjective Pigeon-inspired Optimization

YAN Li LI Chao CHAI Xuzhao QU Boyang

( School of Electronic and Information Engineering Zhongyuan University of Technology Zhengzhou 450007 China)

Abstract: For solving the dynamic economic emission dispatch problem ( DEED) a multiple learning based
multi-objective pigeon-inspired optimization ( MLMPIO) algorithm was proposed in this paper. In the proposed
multiple learning strategy individuals of the population were allowed to learn from multiple global best posi—
tions of the external archive and from the personal historical best positions simultaneously. This learning strat—
egy could enable the preservation of the population’s diversity and global search ability to avoid premature con—
vergence. Meanwhile small probability mutation was introduced to enhance the swarm diversity further. The
external archive with adaptive changing capacity was used to store the current Pareto optimal solutions. The
DEED problem of the IEEE 10—generator power system was used to verify the performance of the proposed
method. The results demonstrated the feasibility and effectiveness of the proposed method.

Key words: economic emission dispatch; multi-objective optimization; pigeon-inspired optimization; multiple

learning; small probability mutation



