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Abstract: Energy conservation and emission reduction in enterprises are the frontier issues and research hot-spots in the
way of China's development. Comprehensive analysis and evaluation on the current situation of power consumption in
enterprises is the premise and foundation for energy-saving transformations or energy conservation designs. Having
described the common forecasting methods for electricity consumption, the shortcomings of constructing a prediction model
taking Classification and Regression Tree (CART)algorithm as the weak learner are analyzed. To deal with the deficiency
of the traditional AdaBoost algorithm focusing on the minimum prediction error rate only, an improved AdaBoost algorithm
based on multi-parameter cost-sensitive coefficient learning is studied and proposed based on the essence of the algorithm.
A regression prediction model constructed based on the improved AdaBoost algorithm can make short-term power
consumption prediction according to real data, which verifies the improvement of the model’s performance.
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Tab.1 Original data set

record_date power_consumption/(kW +h)

2015-01-01 2900 575
2015-01-02 3158211
2015-01-03 3596 487
2015-01-04 3939672
2015-01-05 4101 790
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Tab.2 Data set formed by adding information such as time and weekend feature
power_consumption/ weekend_  weekend_  week_of_  period_  period2_ . .
record_date (kW +h) dow dom month year weekend <t <un month  of month  of month festival
2015-01-01 2900 575 3 1 1 2015 0 0 0 1 1 1 0
2015-01-02 3158211 4 2 1 2015 0 0 0 1 1 1 0
2015-01-03 3596 487 5 3 1 2015 1 1 0 1 1 1 0
2015-01-04 3939672 6 4 1 2015 1 0 1 1 1 1 0
2015-01-05 4101 790 0 5 1 2015 0 0 0 4 3 2 0
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0 0 0 0 1 0 0 1 0 1 0
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0 0 0 0 0 0 1 1 0 1 0
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0 1 0 0 0 0 0 0 1 0 1
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Fig.1 Comparison of the power consumption predicted by

CART algorithm with its actual value
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Tab. 4 Algorithm model scores with different numbers of weak learners

__ 859% ) e oe
TR A
100 200 300 400 500 600 700 800 900 1 000
[T e 0.414 3 04143 0.4537 0.476 1 0.476 1 0.474 1 0.4912 0.497 4 0.476 0 0.4920
PRAR R
e 0.581 4 0.681 4 0.661 4 0.663 2 0.563 2 0.514 8 0.661 1 0.561 1 0.544 1 0.514 1
Il 44E 0.460 5 0.460 5 0.468 1 0.488 1 0.4927 0.499 6 0.460 5 0.493 6 0.4709 0.5012
SR L
ML 0.673 4 0.773 4 0.753 4 0.7552 0.6552 0.606 8 0.753 1 0.653 1 0.636 1 0.606 1
SHLA 2 Il Z54E 0.493 6 0.483 6 0.4742 0.4822 0.496 1 0.5194 0.5011 0.446 8 0.5142 0.5216
T MEAAE 07554 08554 0.8354  0.8372  0.7372  0.6888  0.8351 0.7351  0.7181  0.6881
x5 RAFEFIENEEERSH
Tab.5 Algorithm model scores with different learning rates
_ SR
TR
0.001 0.003 0.010 0.030 0.100 0.300 0.500 1.000 3.000 10.000
B IIEZ RS 0.478 7 0.465 7 0.464 5 0.490 7 0.4800 0.479 1 0.4809 0.476 5 0.516 3 0.489 4
FARTRIA
il M 0.478 2 0.552 8 0.590 2 0.616 6 0.5100 0.4522 0.437 3 0.5727 0.480 3 04351
Il 254 0.5138 0.4952 0.508 7 0.469 6 0.4755 0.470 1 04756 04730 0.5237 0.488 3
BHAA
A 0.568 2 0.642 8 0.680 2 0.706 6 0.600 0 0.5422 0.527 3 0.662 7 0.570 3 0.5251
ez RS 0.505 4 0.558 6 0.5553 0.569 7 0.552 8 0.5812 0.4829 0.528 6 0.461 6 0.5251
ZHE A2
A 0.649 2 0.723 8 0.761 2 0.787 6 0.681 0 0.6232 0.608 3 0.743 7 0.6513 0.606 1
F6 RAFEMIRHHEEERIH
Tab. 6 Algorithm model scores with different loss function
o , B BRUIA BRI 2
S O L — — — — : :
I MR WML M4 M4 M4
etk 0.4590 0.590 6 0.5115 0.679 6 0.543 1 0.770 6
100 I 04253 0.5140 0.488 5 0.603 0 0.4910 0.694 0
i 0.4355 0.496 1 0.496 3 0.5851 0.504 3 0.676 1
etk 0.466 9 0.495 8 0.5254 0.584 8 0.565 4 0.675 8
300 Iy 04535 0.5977 0.468 2 0.686 7 0.5198 0.7777
TREL 0.443 0 0.193 1 0.5459 0.282 1 0.509 2 0.373 1
2tk 0.486 0 0.495 8 0.494 1 0.584 8 0.5519 0.675 8
500 oy 0.4817 0.4977 0.5313 0.586 7 0.5309 0.6777
B 0.454 2 0.507 5 0.493 3 0.596 5 0.508 9 0.687 5
2tk 0.4855 0.4927 0.560 8 0.5817 0.565 5 0.6727
700 i 0.4870 0.4510 0.5354 0.540 0 0.584 4 0.6310
Ei=g14 0.447 2 0.693 4 0.546 0 0.782 4 0.5137 0.873 4
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