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Uncertainty Characterization of Power Grid Net Load of Dirichlet
Process Mixture Model Based on Relevant Data
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Abstract Considering the time sequence correlation of the net load in power grids, this paper proposes a non-para-
metric Bayesian framework based on the data-relevance Dirichlet process mixture model (DDPMM). First, the Di-
richlet process mixture model is used to fit the observation data and the forecast data of net load, in order to ob-
tain a joint mixed probability model. Then, we propose a modified variational Bayesian inference that considers the
correlation of the time sequence to acquire optimal parameters of the mixture model. Afterwards, we obtain the cor-
responding net load forecast error probabilistic distribution according to different net load forecast values. Finally,
this paper uses actual data from the Belgian power grid for verification. Compared with the traditional Dirichlet
process mixture model and Gaussian mixture model (GMM), our proposed approach takes into account the correla-
tion of time series. Therefore, it can better characterize the forecast error of the net load, and obtain the optimal
number of component clusters that would capture the uncertainty of the net load with more efficiency.
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Fig.1  The data-relevance of net load
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Fig.9 Net load and load curve on July 1, 2019
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Table 1 Comparison of log-likelihood
A Log-L/10° (test)
DDPMM (5) 1.639
DPMM (15) 1.625
GMM-AIC (20) 1.612
GMM-BIC (13) 1.611
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Table 2 Comparison of goodness of fit of Chi-square
Test (a) (b) (c) (d) (e) (®) (s) (h) (i) @)
DDPMM 4.36 3.03 3.58 1.63 1.54 1.96 1.59 1.96 5.32 5.11
DPMM 4.87 3.15 4.46 2.46 1.37 1.79 1.98 1.31 4.92 7.08
GMM-AIC 5.32 3.54 4.20 2.87 2.01 2.01 2.42 1.95 5.94 5.58
GMM-BIC 5.64 3.46 3.95 2.63 2.34 2.53 2.07 2.84 4.99 5.98
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Fig.12 Interval radar chart with 0.95 confidence
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#3095 BEET 2020 4F 3 HIXIH4EHR #8 0.5 BEHET 2020 4 6 A XAEhx
Table 3 Interval index for March 2020 with 0.95 Table 8 Interval index for June 2020 with
confidence level 0.5 confidence
R Winkler/102  PICP  CWC  AIS  MPICD/10? T Winkler/10? PICP CWC AIS
DDPMM 33.57 080 414 -1.03 6.03 DDPMM 39.84 0.49 0.16 -1.93
DPMM 37.18 070 2258 -1.56 6.05 DPMM 41.73 0.38 0.73 -2.30
GMM-AIC 39.11 063 7871 -1.84 6.07 GMM-AIC 44.26 0.31 2.19 -2.73
GMM-BIC 36.86 069 2693 -151 6.08 GMM-BIC 42.33 0.38 0.66 -2.40
4 0.95 BEET 2020 4 6 HIX AT DDPMM #FIAL, IFHE K PICP fabri il
Table 4 Interval index for June 2020 with 0.95 Bi5 2, R DDPMM By #u X fa] B F i1 X
confidence level (078 55 . EE— LT I %E 3], DPMM 5 GMM-
) Winkler/10° PICP CWC  AIS  MPICD/10? BIC febrtHZEA K, ATLLINATEE YT IR £ T,
DDPMM 29.84 093 050 —0.58 4.59 DPMM 5 GMM-BIC 53| f7E & BT, Hr
DPMM 30.91 086  1.18 —0.68 4.61 DPMM N 15, GMM-BIC o~ 13. 2k DDPMM H
GMM-AIC 33.19 075  6.68 -1.02 4.65 1 5 MEAHMAHIR TELZME R, Uil 7 DDPMM
GMM-BIC 31.46 084 156 —0.77 4.63 (IR 3
I L F A ZE REGUE T DDPMM AL 4 5 fif
#£5 0 0.95 BEET 2020 4 9 X [a)35kx ANH e ME R AR YE. B DPMM, GMM-AIC 5
Table 5  Interval index for September 2020 with 0.95 GMM-BIC # ., DDPMM P [ VR R 2H 40 B

confidence level

i Winkler/10°  PICP  CWC  AIS  MPICD/10?
DDPMM 30.60 0.89 0.93 —0.70 5.02
DPMM 32.59 0.80 3.71 —0.96 5.03
GMM-AIC 34.90 0.72 13.76  —1.32 5.03
GMM-BIC 32.85 0.79 3.68 —1.01 5.02
£ 6095 BT 2020 4F 12 X AR
Table 6  Interval index for December 2020 with 0.95
confidence level
B8 Winkler/10)’° PICP CWC  AIS  MPICD/10?
DDPMM 39.18 0.72 20.4 -1.97 7.45
DPMM 44.51 0.61 138.23 —2.77 7.44
GMM-AIC 46.02 0.59 173.46  —3.00 7.42
GMM-BIC 43.31 0.64 8232 —2.59 7.42
#7008 BIEEF 2020 4F 6 H X 4Rz
Table 7 Interval index for June 2020 with
0.8 confidence
R Winkler /102 PICP CWC AIS
DDPMM 32.76 0.77 0.41 -0.91
DPMM 34.70 0.68 1.34 —1.20
GMM-AIC 37.53 0.56 9.86 —1.66
GMM-BIC 35.41 0.66 1.90 -0.32
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PINAW = 1 > W —LY) (B4)
i=1
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PICP < pu

17
- B5
7 {0, PICP > p (B5)
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B.4  AIS
AIS 5y AN 16 A S IS8 RERGRA, ALS Xf
NSRS 4 ANECHE R TR XA X TR 3 2 S () B8 N
—20€\™ — 4(L*(@;) — 21), pi < L(ws)
S*(wi) = § 20!, PICP>pu  (B6)

20 — 4(z; — U(2s)),  pi > U (xs)
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