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KMEANS CLUSTERING ALGORITHM NEURAL NETWORK

» Neural Net results modeled on a confusion matrix
showing correctly classified modules as well as error
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ABSTRACT

» Create algorithms to identify faults in arrays > Kmeans classifier to detect different clusters in IV curve

» Compare multiple algorithms that can be used to

6 6 . .
optimize fault detection Classes: Confusion Mateix
. . o 5'_‘.____ ' 1| 80 | 0 0 0 0 0 | 100%
» Reduce the average time to repair for PV arrays - - - == 1.- Healthy Modules 16.7% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0%
4r 4 F
4 i o (80| 0o | o | o 0 | 100%
MOTIVATION s & o 2.- Arc Faults 2| 0.0% [16.7% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0%
— 37 = - «  Cluster1
S S ’ . gluster§ 3-_ Ground FaUItS & 3 0 0 800 0 0 0 100%
| wina! . 0.0% | 0.0% |16.7% | 0.0% | 0.0% | 0.0% | 0.0%
- © Qg | : fnse 4.- 25% shading B
Cluster‘ 6 0 . -’ 4 0 0 0 797 1 0 99.9%
S e = s B e e 17 il X Centroids 5-50% shading 3 7| 0.0% | 0.0% | 0.0% |166% | 0.0% | 0.0% | 0.1%
edes?
— 4 — -MPPT 6.- 75% shadin = 0 0o 0o 3 | 795 [ 3 ]99.3%
D N i X i %o . & O | 00% |00%|00%|01% |166% | 0.1% | 0.7%
— ° ® 25% shaded
= ol = e 6| 0 | o | o | o | 4 | 797 |oo5%
) S e Voltage Voltage > Training 70% 0.0% | 0.0% | 0.0% | 0.0% | 0.1% |16.6% | 0.5%
1 ¢ Aretayls 100% | 100% | 100% |99.6% |99.4% | 99.6% | 99.8%
® ‘Ground faulls > Validation 20% 0.0% | 0.0% | 0.0% | 0.4% | 0.6% | 0.4% | 0.2%
5w b s & B 4T e SUPPORT VECTOR MACHINES > Testing 10% s v % % 5 6
Voltage Target Class

»There is a need for improving the efficiency

of solar arrays » Correctly classifies healthy modules, and separates them

from different types of faults and shading.
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