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Table A2 Comparison of bad data identification results of different swarm sizes

S AREGEANE KT B4
20 104+d 104+2/d 10+4d

case 1 3 28 0 0 0 0
case 2 7 60 0 0 0 0
case 3 7 78 0 1 0 0
case 4 12 114 2 2 0 0
case 5 31 236 5 3 0 0
case 6 63 600 15 6 2 1
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Table A3  Memory usage of the algorithm in this paper

S BNEH NFSHIEEMB  BAF 5 HIE(E/MB

case 1 107 179 115
case 2 226 183 115
case 3 248 181 115
case 4 406 183 117
case 5 1053 229 118
case 6 2003 234 118
case 7 2 666 247 119
case 8 19197 316 175

case 9 27 252 332 231
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Market Mechanism and Clearing Model of Inter-provincial Peak Regulation
Ancillary Service for Regional Power Grid

XU Fan'*, GE Zhaogiang®, WU Xin®, ZHU Minjian"?, TU Mengfu'"*
(1. NARI Group Corporation (State Grid Electric Power Research Institute) , Nanjing 211106, China;
2. State Key Laboratory of Smart Grid Protection and Control, Nanjing 211106, China;
3. East China Branch of State Grid Corporation of China, Shanghai 200120, China)

Abstract; Aiming at the problem of peak regulation caused by clean energy accommodation in the regional power grid, a market
clearing model for peak regulation ancillary service is proposed. The market-oriented mechanism is used to compensate the units
participating in peak regulation, which solves the difficulty of energy return under the current inter-provincial energy
replacement mechanism. According to the capacity of available peak regulation and the limit of deep peak regulation, the unit
declares the peak regulation capacity and compensation price in stages to participate in the market. The clearing results meet the
unit operation constraints and network security constraints and have good performance in operation. The clearing price of peak
regulation market has clear market guidance function, which means the peak regulation market can provide a clear price signal
to attract more units to provide peak regulation capacity, and promote the effective accommodation of clean energy in the
regional power grid. Case studies are conducted based on the simulated operational data of peak regulation auxiliary service
market for the regional power grid to validate the effectiveness of the proposed model.

This work is supported by State Grid Corporation of China.
Key words: peak regulation market; ancillary service; deep peak regulation; market clearing
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Bad Data Identification Method Based on Maximum Normal Measurement Rate and
GPU Parallel Acceleration

FANG Rui', DONG Shufeng', TANG Kunjie', ZHU Chengzhi*, PEI Tian*, SONG Yonghua®
(1. College of Electrical Engineering, Zhejiang University, Hangzhou 310027, China;
2. State Grid Zhejiang Electric Power Co. Ltd., Hangzhou 310007, China;

3. Department of Electrical and Computer Engineering, University of Macau, Macau, China)

Abstract: Based on the concept of measurement uncertainty, the robust state estimation method for power system with
maximum normal measurement rate (MNMR) has good identification ability of bad data. However, the model is difficult to
solve. In existing researches, the model is approximated and solved by the modern interior point method, but the problems
such as lower identification effect due to approximation are existed. Therefore, based on the state estimation model of MNMR,
a hybrid particle swarm optimization (PSO) algorithm with hybrid mutation is used to propose a bad data identification
algorithm based on graphics processing unit ( GPU) parallel acceleration. Without approximating the MNMR model and
according to the architecture characteristics of the GPU parallel compution, the algorithm designs a parallel acceleration
strategy combining coarse and fine granularity. The results of the case analysis show that the proposed algorithm has low false
detection rate and missed detection rate for bad data, and has good identification ability of bad data, short calculation time and
high acceleration efficiency, which could meet the actual operation requirements.
This work is supported by State Grid Corporation of China (No. 52110418000M).

Key words: data identification; state estimation; normal measurement rate; graphics processing unit ( GPU); parallel

compution
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