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Abstract: With the development of new power systems, transmission monitoring text data presents the characteristics of
large volume and fast growth rate, and because of the privatization of industry data transmission protocols, the
performance of data retrieval is low. This affects the real-time decision analysis of transmission lines. An intelligent
retrieval model of power transmission monitoring data based on MapReduce is proposed. First, this paper innovates and
improves the SimHash algorithm to achieve efficient extraction of retrieval vectors for transmission line online
monitoring text data, and introduces multi-attribute decision-making and comprehensive scoring mechanisms to achieve
precise retrieval of target data and improve data retrieval accuracy and recall. Second, from the characteristics of large
data volume and fast growth rate, a power data retrieval model based on MapReduce is designed. Finally, the retrieval
accuracy, recall rate and retrieval efficiency of the proposed method are verified through comparative analysis of power
grid examples.
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Table 1 Initial format of power data
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Fig. 2 Relationship between A and retrieval precision
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Table 2 Accuracy comparison of four algorithms

AP HH VR Pr/% Ri/% Ti/s
YD AF 1 79.15 86.12 5.32
YZ AFE] 1 74.85 90.30 3.22
DQ A1 66.42 57.97 11.69
GS AT 4236 19.24 6.82

B 2 AT, YZ SRR AR SRR N E 5
TR, HYERERIL: GS kM EHER, &
R AR HAT RN AR PR ZE .
RIUERERZE .

[FIREHE, SR /N AR SR 56 UE MR-IRM [
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BE T 6 4~ Map F1 6 /> Reduce iHFE; HHEEE T
12 R, BRI 200 kB(2500 2%), S A
MEERAER 3 PR .

# 3 MR-IRM 5 SimHash BiERRER
Table 3 Search results of MR-IRM and SimHash algorithm

5k i BIEE/AB  P/%  Po/% Tils
SimHash AF 1 200 38.13  85.41 5.24
MR-IRM AF1 200 9578  91.88 3.31
YZ AFE] 1 200 7525  90.08  3.32
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THEN=

R IAE MR-IRM  SHEA 2 M BE A
P, ¥ MR-IRM 544t SimHash H7E. & 2 R
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Fig. 3 Comparison of retrieval precision of four algorithms
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Fig. 4 Comparison of retrieval recall rates of four algorithms
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Fig. 5 Comparison of retrieval running time of four algorithms
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Table 4 Impact of data volume on the algorithm

Hk EAET i #/GB Px/% Re/%
2.048 36.47 80.55
2T 1
20.48 35.46 83.11
SimHash
20.48 32.89 84.64
2AFE 2
204.8 29.76 86.73
2.048 95.71 91.36
AR
20.48 96.89 90.78
MR-IRM
20.48 94.52 91.51
2AF 2
204.8 95.37 92.48

FHER 4 a5, a8 L 10 £ i RS ik, %f
MR-IRM 52 PR F1 RE i i iR Z= ) 7E 2% AN,
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5, FTLL MR-IRM 505 KL 2R PERE 2 I/
F8)(PR. RE {HIITE 2% LAINTFS)), 1HE BLH 2
T £ i ) A AL B R R I S R SR s AR
1M » SimHash 57546 2% Fr 5 PRAEAE 6.6% LAWIF5].
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Table 5 Relationship between running time and data size

B E/MB K2t a)/s
10 156.11
30 312.07
60 501.91
100 935.43
300 1202.86
500 1355.37
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Fig. 6 Speedup ratio and scalability of each number of nodes
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