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Abstract — Solar energy is becoming more affordable
and more common in local businesses and residential use.
We propose to create classification models using labeled
data for solar arrays that are affected by soiling, weather,
ground leakage and short circuits. We then plan to
evaluate these models and use our assessments to to create
new methods that can be used for unlabeled solar array
data sets. If successful, these new methods or algorithms
can be used to inform customers of deficiencies within
their rooftop systems and the probable cause. Our studies
will enable improved system power output and better
management of the solar array. We will compare several
supervised learning algorithms including logistic
regression, support vector machines, neural net classifiers.
We will also simulate semi-supervised positive unlabeled
algorithm to evaluate its effectiveness for PV faults.

Index: Machine Learning, Logistic regression, neural nets,
PU Learning, Fault detection, Photovoltaics, solar arrays.

PROJECT DESCRIPTION

Remote fault detection is a very relevant problem today. As
solar energy systems become more common around the world,
the need for remote monitoring in regards to performance and
maintenance will increase tremendously. Training machine
learning systems to monitor their output is a critical step. This
will facilitate utility companies and other customers in getting
optimal output from their systems. This RET research will
explore machine learning methods (Fig. 1) for fault detection
with the emphasis on positive unlabeled learning. The goals of
this research include: performing a survey of machine learning
and classification techniques [1,2], b) studying specifically
solar array faults [3-6,9-11] with the aid of machine learning
algorithms, and c) identify faults in PV systems using data
from working systems. We begin with a dataset produced
using Simulink that emulates an 18KW solar array [6]. The set
contains over 21,000 labeled points. The labels include soiled,
degraded, shaded, short circuit and standard. We will classify
these data using machine learning (ML) algorithms [7,8],
including logistic regression, support vector machines and
neural net classifiers. Each algorithm can identify the decision
boundary between two labels in order to effectively separate
both sets. We will use confusion matrices to compare the
effectiveness of each learning algorithm. We also intend to
evaluate the data using a semi-supervised positive unlabeled
learning algorithm [2]. In this scenario only a portion of the
dataset will be labeled (Fig. 2) and identified as positive. The
rest of the set is then considered unlabeled. The goal is to
simulate several real world situations in which fully labeled
data sets are not available.

One of the key objectives of our initial study is to produce
reliable classification models for fault detection in solar arrays.
Using our established models, we can then overlay new
unlabeled data onto our existing classifications with the hope
of predicting the unlabeled fault type. Anticipated outcomes

include documented results and comparisons using the PU
learning [13] method. The algorithm will be profiled in terms
of performance and complexity and comparative results will be
given relative to well established ML methods. This study is
part of the SenSIP workforce development programs [12].
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Fig. 1. Block Diagram of using ML for Solar Energy Systems.
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Fig. 2. Positive Unlabeled Learning Concept [13].
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