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Fig.1 User power load forecasting flow chart
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Tab.2 Load forecasting under different classification conditions of electricity price factor

il SRR AT B A TOUEL MW T HL A 671 f RO (L MW

TR/ MW =1 k=2 k=3 k=4 k=5 k=1 k=2 k=3 k=4 k=5
0:00  1536.62  1485.29 1648.47 1634.07 1482.47 1565.04 1494.90 1559.74 1562.20 1591.88  1541.67
1:00 1382.86 1416.29 1457.77 1395.04 1420.59 1425.58 1363.84 1365.49 1386.88 1447.95  1405.50
2:00  1426.40  1319.27 1410.18 1471.87 1338.85 1488.83 1407.41 1379.48 1400.43 1483.10 1410.76
3:00 1336.10  1465.68 1469.91 1392.88 1450.08 1487.78 1473.67 1416.13 1350.09 1412.52  1409.89
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s d S
. SEbR AT HL A A7 A T L MW T EL A £ TR SR MW
AR/ MW  f=1 k=2 k=3 k=4 k=5 k=1 k=2 k=3 k=4 k=5
4:00  1358.58  1384.95 1427.48 1424.81 1372.26 1472.15 1377.49 1377.49 1390.04 1440.97 1371.10
5:00  1440.36 1526.15 1605.22 1496.44 1546.75 1580.09 1440.90 1525.76 1460.90 1481.78  1494.45
6:00  1575.00 1607.82 1685.51 1626.15 1672.87 1666.08 1686.26 1639.94 1611.98 1715.74 1595.41
7:00  1827.28  1841.06 1818.05 1807.85 1902.06 1945.67 1955.64 1909.50 1842.27 1873.17 1781.64
8:00  2190.54 1851.64 1997.25 1980.26 1962.23 2089.08 2000.01 2143.8 2127.46 2124.55  2024.31
9:00  2661.00 2385.49 2721.01 2715.35 2631.85 2743.78 2834.54 2660.23 2710.59 2801.85 2697.77
10:00 2975.96  2645.56 2923.13 2928.76 2840.87 2918.73 2946.40 2868.17 3011.35 2993.08  2784.32
11:00  2752.12  2412.56 2601.52 2867.38 2603.14 2732.96 2585.05 2661.01 2748.54 2810.13  2751.58
12:00 2538.84  2462.51 2464.66 2418.53 2582.02 2616.40 2309.03 2482.91 2454.41 2598.15 2572.18
13:00  2630.60 2353.49 2352.54 2755.03 2650.77 2643.99 2695.56 2645.67 2530.72 2665.74 2682.36
14:00  2606.40 2714.28 2576.17 2832.66 2865.35 2853.92 2610.67 2795.25 2612.93 2663.79  2798.86
15:00 2698.06  2633.52 2565.10 2767.32 2635.36 2717.74 2741.41 2663.13 2572.66 2590.34  2723.55
16:00 2646.68  2626.5 2601.26 2619.38 2751.50 2674.03 2632.97 2632.76 2534.87 2657.02 2676.41
17:00  2331.00 2103.77 2054.48 2259.93 2225.27 2129.19 2135.33 2086.25 2255.80 2230.90 2178.54
18:00  2258.30  2241.06 2214.17 2201.27 2298.34 2325.05 2312.25 2281.88 2249.53 2198.84  2414.4
19:00 2243.90  2092.38 2166.54 2299.38 2192.42 2267.44 2208.15 2225.19 2187.71 2194.67 2261.57
20:00 1940.66 1866.37 1646.78 1842.75 1899.94 1696.85 1790.06 1800.00 1906.45 1919.39  1770.49
21:00 1867.02  1844.19 1658.82 1802.12 1826.47 1714.26 1838.69 1781.07 1843.96 1735.04 1721.12
22:00 1816.50 1811.73 1638.52 1740.17 1748.31 1698.92 1781.14 1718.99 1791.65 1790.24 1762.18
23:00 1632.28  1708.77 1463.62 1542.89 1628.34 1536.02 1588.20 1536.25 1595.53 1569.35 1560.44
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Fig.6  MAPE of load forecasting under different clustering

without considering electricity price
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Tab.3 Maximum and average MAPE of load forecasting under

different clustering without considering electricity price

SRR k MAPE(%)
e A
1 15.4712 5. 4610
2 15. 1435 6. 300
3 9.5993 3. 8813
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Fig.7 MAPE of load forecasting under different clustering

when considering electricity price
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Tab.4 Maximum and average MAPE of load forecasting

under different clustering when considering electricity price

NESGL, _ MAPE(%)
A T
1 10. 2960 3.9013
2 10. 4999 3.5167
3 4. 6479 1. 9490
4 8. 9360 3. 4257
5 8. 7687 3. 4764
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Fig.8 Effect pictures when number of clusters is three
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User short-term load forecasting method under open sales environment

YANG Ben-chen, ZHANG Jun, YU Kun-peng
(Faculty of Electrical and Control Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: The accuracy of user load forecasting under the open sales environment will directly affect the interests of
the power selling company and the stability of the power system. A user short-term load forecasting method under
open sales environment is proposed. First, the typical daily (working day, holiday) load curve of the user is calcu-
lated based on the user historical load data recorded by the smart meter; then, by using Kohonen neural network,
the similarity between user electricity behaviors is collected and the user electricity loads are clustered to classify the
users with similar behaviors into the same cluster. Finally, under the condition of considering the price of electricity
and temperature, the load forecasting model based on the Online Sequential Extreme Learning Machine ( OS-ELM)
is applied to different clusters to conduct load forecasting, and the load forecast is summed to obtain the system
load. In order to prove the validity of the proposed method, the data of smart meter in a certain area was used to
test. The experimental results show that this method can deeply investigate the user electricity behaviors, and re-
veals the relationship between forecasting accuracy and cluster numbers. It can well meet the accuracy requirements
of short-term load forecasting of the system.

Key words: smart meter; Kohonen neural network ; electricity behavior; electricity price; OS-ELM; load forecasting



