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Chaotic time series composite prediction of office
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Abstract: The existing energy consumption prediction methods for office buildings fail to take into account
the chaotic change characteristics of energy consumption data. In this paper, a method of energy
consumption prediction for office buildings based on chaotic time series was proposed. The method first
reconstructed the phase space of the time series of the research object, and judged that whether it had
chaotic characteristics. Then the combination model of chaos theory was established and applied in vector
regression for training. Finally, Markov chain was used to eliminate the cumulative errors caused by
parameter transfer of the combination model, and the final prediction result was obtained. In order to verify
the effectiveness of the algorithm, the energy consumption monitoring data of an office building in Xi’an
was taken as an example for analysis. The proposed method was compared with other prediction methods,

such as nonlinear autoregressive neural network and support vector regression. The experimental results
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show that the prediction accuracy of the chaotic time series combination model modified by Markov was
significantly improved, the prediction result was better than those of other models and more consistent
with the change law of energy consumption of office buildings, providing effective data support for energy
conservation optimization.
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Table 1 Energy consumption statistics of an office building in Xi’ an
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2019/8/1/00 8 001.23 659.23 30.56 21.21 2.34 689.40
2019/8/1/01 8 003.95 500.35 42.31 8.35 1.01 686.31
2019/9/30/22 8 007.13 1111.24 50.26 7.68 0.95 686.64
2019/9/30/23 8 003.32 766.76 35.85 5.65 0.34 686.19
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Fig. 1 Time series statistics curve of total energy consumption reconstructed by C-C method
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Table 2 Error values of prediction model

KI5 ik RMSE MAPE
Narnet 38.321 2 10.569 5
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Table 3 Prediction error classification results of Chaos-SVR model

B I7] R R B I7] R A B I7] R A
0 0.011 1 E, 8 0.016 1 E, 16 —0.001 3 E;
1 0.496 0 E; 9 0.091 5 E, 17 0.004 3 E,
2 —0.000 3 E, 10 0.000 4 E; 18 0.023 9 E,
3 0.057 6 E, 11 —0.031 4 E, 19 —0.003 1 E;
4 —0.099 7 E, 12 0.025 6 E, 20 0.078 0 E,
5 —0.000 4 E, 13 —0.001 3 E, 21 0.039 8 E;
6 —0.042 1 E, 14 0.004 3 E; 22 0.142 0 E;
7 0.069 0 E, 15 0.025 0 E, 23 0.001 5 E;

FRAE I A% 15 22 R 25 X 1R] 14 3 72 7T AR 1 Chaos-SVR HUM 45 2 19 Markov % IR S 7 B 485 B0 L F — 26 11
FHARSHBR IR P



% 9 4 FEHR,F.hNFZHEAFRAGRENEEFF) LA TR0 85

0 O — 0 0
2
0 0 0 i 0
1
8 1 2
P—EREEEO (23)
0 0 i 0 0
3
0 0 z 0 0
2

MR Markov 8 FUM AL ALAS B Ip 2 H 50 9 25 H B9 REFE BUNAR 25 1] B, BF X Chao-SVR FUil A5 11 47 7
1 R PR AT IE A B2 A U REFE Y e & B AH . O T B iE S T Markov 88 1EJ5 1Y Chaos-SVR
TR A T A B PO 25 SR AT HE . X AR WA 6 BTR

700
650
600 -
o 550
5
=
¥ 500
e
ig 40t
400 + O
—e— SVR
350 —@— Chaos-SVR
—#— Chaos-SVR-Markov
300 -
0 10 20 30 40 50
B} JE] A3/

Bl 6 Markov & IE B /5 71 Ul 45 SR % bk B
Fig. 6 Comparison of Markov’s prediction results before and after revision
Markov £ & 1E i i 70 25 5 052 22 X% b il 7 pros

067 [ svR
I Chaos-SVR
I Chaos-SVR-Markov

04 r

WL

HIXFIRZE%

il 1 1
0.2 ‘ I II L 'lI'IlI[ Illrl‘l][rllll
021
| | | | |
4 10 20 30 40 50
EnpilE Il

7 Markov $ & IE 8 J5 7l 45 SR iR 2= 3T bk B

Fig. 7 Error comparison diagram of prediction results before and after Markov chain correction
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Table 4 Error values before and after Markov chain correction

PILFRCS RMSE MAPE
Chaos-SVR 6.326 1 0.287 5
Chaos-SVR-Markov 0.565 5 0.044 1

Hi &l 6 15, 22 Markov & 1F J (4 #5580 T30 000 il 2 0 92 (8 il 2R 3005 BE AR 55 B b ] LU 3] 22X 2 A
[ S B AT REFE M HEAT THEIE . MR 7 T &5 S 152 22 %) Lo vp ] DA BIHIE S L 2803 Markov 8518 1E 2 5 15915 22
B /N AU 43 BRUR 22 HEAT A IE 235 F 0 fB, Hofh 52 25 to a4 7 17 A A8 0E o 0 191 00OKS B G 35 4
Hi 22 4 7] LA 3], 28 Markov & 1E 2 J5 i RMSE Hil MAPE 4RG3 156 B 28 538 Markov 4 % 41 45 455 780 th 2 8k
TR AEAE 1 RBUR Z AT T A R0k ik BB E L RS T A BRI REFE X —JE L R 5. Markov 8
{14 TG A R A1E 7 A S TR 1 5% 22 1 T v AR B T 3 o A B, B B S I 45 SR A Ak BT AN S ) £ S 0 A
R B AR A A S PRI A BSRIZ AT REFE M AR AL LA . I, 5 Chaos-SVR I [i] 7 371 i 0 52 760 A L,
T Markov £ 1& iF 9 Chaos-SVR B [i] /5 %1 $5 0 455 750 o 44 B

4 4

5] e 51
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2) ¥ 5 B B J7 %5 AN Narnet, SVR 5 A SCHr #5777 % Chaos-SVR U 45 R 7847 oL, A SCHr g 57,
75 T 3% 2% /)N ,RMSE 2 6.326 1, MAPE Jy 0.287 5, F] J§ Markov 4 % £H & 16 58 2R 25148 1F 2 )5 i
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