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Assessment of the risk status of tree-line discharge factor in transmission channels
using the modified SMOTE and Stacking algorithm
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Abstract: At present, the rule is the main method of risk assessment for power transmission channels, and the
characteristics of transmission line structure are seldom considered. Based on KNN, decision tree and SVM models,
a fusing improved SMOTE with the Stacking machine learning algorithm is proposed, it implements the tree line
in the transmission channel discharge factor to the risk assessment of forecast, this algorithm can well solve there is
no clear normal sample data in data sets and abnormal samples type distribution imbalance issue as well as improve
the problem of low classification accuracy of traditional classification algorithms. By comparing with Bagging
ensemble algorithm, SMOTE and Stacking algorithm, the effectiveness and advance of the proposed algorithm
are verified, which lays a foundation for machine learning based risk assessment of other factors in the subsequent

transmission channel.
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Input: Dataset D
=1V pe) (Ko Yegper)s- -+
o Yigpe ) (6):(06,1):06)
Process:
1. Stepl While I'< m//2:
2. i = randint(1,m)
3. DPOSF (X tyViype positive)
4. [ +=1
5. DI1= (pos,,pos,,--+,pos,, )
6. end
7. Step2 While 1” < (k-n)//2:
8. i = randint(n,k)
9. POS=(Xit- 1pYiype_positve)
10. [ +=1
11. D2= (pos,,pos,,--+,pos,, )
12. end
13. Step3 for type =type,,type,, -+, type,.
14. = SMOTE(k,n,(x(*), Yiype))
15. D3= (Dyper, Diyper**+Digpen )
16. end
Output: D’=(D,D,,Dy)
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Process:
1. Stepl fort=1,---,T:
2. ht = L(D);
3. end
4. Step2 D= g;
5. fori=1,-- m:
6. fort=1,---,T:
7. z,= h(x);
8. end
9. D=D U ((zy,"*, zip), )
10. end
11. Step3  h=L(D);
Output: H(x) = h(h(x), -+, hy{(x))
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Fig. 2 Tree line discharge factor model training framework
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Tab. 1 Description of transfer channel equipment ledger data
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Tab. 3 Comparison of performance indexes of different

algorithms
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