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Abstract

With the increasing scale of the power system and the continuous addition of new energy, the
total amount of knowledge in the system has exploded. The operation of the power system
needs to be realized based on higher data quality in order to provide the system with all-round
and full-cycle data shared. The database used by the domestic electric power information sys-
tem is generally a structured database. In the process of traditional relational databases dealing
with the complex relational problems of big data, a series of technical bottlenecks have become
increasingly prominent, and traditional databases can no longer satisfy the processing modeling
and analysis of massive data. This paper proposes a fully automated new energy big data ano-
maly detection technology method, which uses the advantages of the existing relationship be-
tween the natural response data of the knowledge graph, and based on the graph structure and
the attribute information of the graph vertices, the abnormal graph mode is formalized to di-
rectly mine abnormal data in the grid topology. The abnormal data mined in this paper has se-
mantic information in reality, and has feasibility and practical value in the detection of abnor-
mal data. By mining abnormal graph patterns rich in semantic information, abnormal data in
new energy big data is detected to ensure the reliability and accuracy of the data, and prevent
errors or invalid data from affecting the refined management of the power system and the safe
operation of the power grid. The experimental results of the calculation examples are good, in-
dicating that the proposed identification method has theoretical value and practical application
value.
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v2>, HOCHREME A 1T v AT AL V2. 3) Lo /2 —HARZEIIE S 4) x 2 EMES, AR RERE
B AR A B DEERE PR BB, WM RAEN, BRI RZ 5k
FX R, HRRTRANIGINER T REI.
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Figure 1. Overall technical route
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4.2. FERBRMNFEERN
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FH (R S5AT), HRWEANTEBIME, PR HANAATT @ VE 0 7 5 B R &P (5F 6 17). AT
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Bk 1. AHRERRE EERSE

Input: support threshold m, abnormal threshold n, support, parent-support
Output: a set X of abnormal graph pattern

1. if support>m:

2. Merge to generate frequent graph patterns with no attributes in this layer
3. B ERAEE (LA 2)

4. else

5. if support/parent-support<n:/*abnormal degree*/

6. add abnormal graph pattern toX

43. FRUEPFREEEN

N TAEEBGC A InE N, AT UNEIERAE: ok, fEAVH B IR B s 4 e ok
LIFOORAFERRER § = 1R A0 JE M IR SR (58 2 47)s 28—, THEEER j R0 SR Pk (0 B X K /s
SCRFE (3R 5AT)s BB =, ERU R PER S EBECE 6~1017): e, ININBPELHRAF LA RRER j + 1
JEIAT SR PRI IR BE B CBF 10 4T), SR HAT 58 0 B B AT B 10 & 1 1 e BRI U A Bl j s
BB - HeH, FAMap D925 T AT IS @ 46 15 s FAIDMap Dy 5 g 0] B2 [ T 3 1D 4645 5 PRASet
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Input: PFASet, FAIDMap, nmaches, support threshold m, abnormal threshold n
Output: a set X of abnormal graph pattern with attributes

1 L={g}

2. L= {X \ X e PFASet} [*Initialize the graph pattern candidate set of the first layer*/
3.While L, 2 and j<J:

foreach Ael,.

COMPUTE _SUPPORT

if support<m:
remove A from L; /*prune*/
compute abnormal degree
if abnormal<n

10. add abnormal graph pattern with attribute A toX
11 L, :=GENERATE_NEXT_LEVEL(LJ)

12. j=j+1

©o~No G M

T ERAE |+ 1 BRI LR A AN, RS & aprior FUEREAT SR AR A X T8
j R AR IELIHGEAE A RYE AT vi-E R BEAT M H R 2 47)s BEJE, AIRA DA E
FAE, I E IR AT — BRI (3 3~417)s &Ja, X TNIERE L+ 1 R LR % ARt
TP, HECRBIEARFMNE TR SREET L. BEE, WHHEMAZIL + 1 1EE
ZIREE A (5 5~6 17). BARIEILRIT:

Procedure: GENERATE_NEXT_LEVEL(L))
1 L,={c}

2.foreach K e SAME_BLOCK(L,)

3. foreach {Y,Z}cK)Y=Z

4, X=YuZ
5. ifforall Ae X, X \{A}eL,

6. L=L,0{x}

7.return L,

5. SEIEZAR
5.1. SEEIfEE

SEICAE PR m tE Re T LR, ERHRE RSN CentOS 6, A 20 ANt A node-0-1~16
PL & node-1-1~4, BN THE Y 5SS B 2 XU ) H 10 55, 280 24%Intel Xeon E5 2650 2.2 GHz/64 GB N #f-.
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TEIUAE 26 1F T 82 B R U R B, T RS S R R I 0 I BB A, SEAR SR 46— R
FIE 2 BRI AR, AN RS O FAR fA. —J7 T, B I B AR T REE I 4v HF
Yo PRIHARSCR T B2 8 F IR RS AR . yago 4R . (HOX A X T HIEE I RS FIMRI A,
BRI A Bt s SO IE A 1), S PRS2 48 2 B ET, ANPE J B A (0 ) 44

YAGO [11]# AN KANE W HRE, J5 H Wikipedia, WordNet, WikiData, GeoNames Al HAh s .
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Tablel. The effect of the number of graphs
= 1. EHERFm

K %= im 35m 6m 8m 11m
AT A (S) 26.749 632.254 3988.158 12,182.461 22,073.541
S R 23 83 103 143 163
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Figure 2. Time comparison curve of centralized algorithm and distributed algorithm
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Table 2. The impact of support
F® 2 XFFERIFW

SR A 50 100 150 200 250
IZATHT[H](s) 3930.523 3505.003 3262.47 3106.319 2894.063
S B 749 663 329 184 179
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Table 3. The effect of anomaly
3. FEERFME

S EEBME 1% 3% 5% 7% 9%

AT E](s) 4051.037 3944.174 4297.114 4246.144 4435.98

s BB 986 992 1006 1010 1101
5.4. RGN

B 1 H 3 T QuUA— AT B R ER, AR N B T ERA G
KBy, 1K Gy iE B Qu 7E YAGO3 HIsZfi, Bardas_Phokas_the Elder Al Nikephoros_II_Phokas H.
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Figure 3. Exception graph pattern without attributes
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