Establishment of Enhanced Load Modeling by Correlating with Occupancy Information
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* Load consumption is time-varying due to human behaviors, different load models
may be found in different time periods.

« Conventional load modeling methods using measurement data In a certain period

the real environment, especially by an irregular movement of human activities.

* Under normal circumstances, the power consumption in a load area Is expected to
change at different time frames that are influenced by their existence closer to the

metering points.
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\ Fig. 1. ldeal correlation of human movements and clectnicity consumption within a partial distnbution feeder. /

may not be able to capture the time-varying load behaviors that may be affected by

- 2 ENHANCED LOAD MODELING FRAMEWORK
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!‘ig. 2. Flowchart ol the proposed cormelabon framework, > TR
Algorithm 1 Heunstic Regression Algorithm 6 while n > n,,;, do
Initialization: 7 Rpary 4 1(1,2,--- ,A),
S0 A set of OP paired points based on (), and 1. Rz ¢ (A4 1,22, m). )
5% A test set for cross-validation. B Do fu(Rpanr, C M, ), S Rpurz, CMoen, v)
i A training set to construct a regression model. *
Sl - ): leration function of heuristic regression. B, 1) = M = Fu(Brsr, CMy, v), R € Ry
M2 A set of candidate models, where me is the index ' Min o = i Bpsnz, CMps, v), R € Rpuo.
for candidate models, m = 1,2,... i
2 Test criteria to validate a regression model. :[:‘ Im;m:, while
' i

mi: Number of elements in K.
Timin: Minimum number of elements in A can partition set
in the heunstic regression algorithm,

12 if No M7(1,t) gencrated. then
13: Reduce vigiq by p;
1 Do fi(R,CM,,,v)

A, @ Adjustment parameters. 15: end if
Input: Oy, F Cross-Validation: M” (17, 1)
I: Construct 5. 16: Using 57 to evaluate cross-validation.
Iteration Process: Extract 57 from & and left K. 17: il Average cross-validation is reasonable then
2 0f fi (B, CM,,,v) satisly v then 18 return MR, ).
y MT(Rt) 4+ fu(R,CM,,,v); I9: else
4 return M"(R,1); w5
5 elso 20 (R, CM, )

22: end if

The heuristic regression algorithm builds models based on:
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(b) Time series analysis of sample data
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(c) GPR analysis of sample data
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(e) On-going training hybrid regression model
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(d) Heuristic regression analysis of 2-D and 3-D
sample data on test lumped loads
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o

6 CONCLUSION

The proposed finite mixtures of regression models for load model are adjusted by
correlating with data available from smart meters, on-site reading, derivation of
billing kWh information, or analog and binary measurements.

The estimated occupancy can be gathered from cellular devices.

Such correlation with human movement would strengthen the load modeling in high-

regularity load such as industrial, commercial, and academic load.
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