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Abstract—This study introduces a data-driven approach to
assessing failure mechanisms and reliability degradation in
outdoor photovoltaic (PV) string inverters. The manufacturer’s
stated PV inverter lifetime can vary due to the impact of
operating site conditions. To address limitations in degradation
estimation through accelerated testing, condition monitoring, or
degradation modeling, we propose a machine learning (ML)
oriented approach. Utilizing data from a 1.4 MW PV power
plant operational since 2016, with 46 string PV inverters tied to
the grid, we employ the unsupervised one-class support vector
machine ML technique to analyze inverter and sensor data,
capable of classifying humidity cycling and temperature fluc-
tuations as dominant failure mechanisms. Utilizing the anomaly-
alert relationship and alert details specific to the inverter, the
level of photovoltaic (PV) inverter output is considered as its
availability or available reliability. Subsequently, a continuous
Markov model is applied to six-month alert data, revealing an
average stated reliability of 20% after twenty years of continuous
operation. These results support recommendations for time-
bound preventive measures to enhance PV inverter reliability
under diverse outdoor conditions. The approach provides a
nondestructive, top-down, and generalized method for analyzing
any commercial PV inverter exposed to outdoor conditions,
contingent on the availability of relevant data.

Index Terms—Micro grid, OCSVM, CART, Reliability, In-
verter, Correlation, Degradation.

I. INTRODUCTION

The performance of a photovoltaic (PV) string inverter, the
most critical component of a grid-tied PV system, depends
on various factors including operating conditions, application,
mission profile, and maintenance activities whereas these make
its reliability assessment a complex task. Failure of the inverter
can lead to a significant loss of power generation and PV
system downtime all of a sudden. PV inverters commonly
experience failures at both the component level and system
level. Power electronic switches, capacitors, filters, cooling
systems, drive circuits, and control systems - all can be
the origin of failure, producing electrical-thermal-mechanical
over-stresses for thousands of components in it. Environmental
factors, such as temperatures, humidity, and exposure to dust
and other contaminants, can also play a detrimental role in
premature field failures.

Inverter reliability study is challenging due to the complex-
ity of understanding failure modes, so developing methods for

real field conditions has been worked on differently. A dis-
crete convolution-based approach for assessing the PV system
reliability in [1] has considered component availability due
to weather parameters (i.e. solar irradiance and temperature).
Demonstrated through simulations on the IEEE RTS-79 sys-
tem, the method utilizes a 3D capacity outage model towards
system reliability determination, hence limited by component
field failure data. The mean time between failure (MTBF)
optimization used in [2] by intentionally re-designing the PV
inverter to identify its component and parameter that have the
highest impact on the reliability, making it a computationally
inefficient technique. Statistical models are utilized to estimate
failure modes while considering dataset size being a major
concern, to alleviate the burden.

One dynamic Markov model [9] incorporating failures sim-
plifies the reliability calculation by assessing fault tolerance
and thermal stress. Monte Carlo simulation is utilized [10] for
analyzing inverter subsystems at a high level, enabling priori-
tization of design efforts towards the least reliable subsystems
due to difficulties in quantifying environmental effects on
individual components in real-world scenarios. Now outdoor
PV inverter doesn’t fail in a single day, but suffers from
continuing degradation due to the environmental stresses, and
operation by-product stresses until it is producing zero power
permanently to get replaced. In reality, a multi-system inverter
repair is too expensive, and identifying the root cause is
difficult - so inverter failure can interpreted as a failure to
produce power on a time scale, letting us quantify its system
level degradation by observing the output power profile. Hence
PV inverter reliability becomes available power reliability; if
the PV string inverter is not producing or available - it is not
reliable.

In literature, numerous works are reported on PV inverter
reliability; the majority are by monitoring field data, per-
forming accelerated testing, and modeling the component
degradation. The first method of field monitoring uses physical
performance and historical data of PV setup, service records,
and condition monitoring software, however any lack of
intelligence in filtering out the noises or outliers from the
dataset can impact analysis credibility significantly. In [11] PV-
setup and performance data exploration reveal the impact of
varying PV panel tilt angle and azimuth angles on the lifetime
of static inverter. Specific angular orientations can prolong



TABLE I: A Comparison Summary on Inverter Reliability Methods and Contributions

1] [2] 13] 4] (5] 16] 171 18] This work
System i PV System Inverter PV System Inverter Inverter Inverter Inverter Inverter String inverter
Application Commercial Prototype Commercial Simulation Prototype Simulation Simulation Commercial Commercial
Method used Thermal Power Loss | Design-of-experiment Mai data | Condition monitoring | Accelerated testing | Parallel computin; Volt Var control DC-link control ML-driven
Invasiveness Non-invasive Moderate Non-invasive Non-invasive Invasive Non-invasive Non-invasive Non-invasive Non-invasive
Data source Model Laboratory Hybrid imulation Experimental i i i i Hybrid Real field
Cost involved Low High derate Low derate Moderate Low Low Low
Failure mode identification | Limited No No Limited Limited No Limited Yes Yes
iability estimati Comp level Component level Plant level Compol level Ci level Inverter level Comp level C level Inverter level
Environment awareness Yes No Limited No Limited No Yes No Yes
fon aspect Data availability Computationally Complex | Time of failure Simulation only Mission profile Computational load | Non-convex uncertainty | Limited by comp Dataset quality

PV inverter lifespan whereas PV panel degradation does the
opposite. However, reliability restoration by replacement of
PV panels was not discussed. On this limitation point, the
extensive case study [3] performed on ten PV plants with a
combination of centralized, string, and multi-string inverters
is relevant. The analysis revealed that preventive maintenance
could get 90% minimum availability but in costly ways (i.e.
replacing parts under service warranty even before failure).
Online condition monitoring of critical components is a non-
invasive way reported in [4]. The junction temperature of
SiC MOSFET and the secondary ripple of DC bus capacitors
were used as precursors of failure where it didn’t count the
effect from environmental stressors. On the grid support role
of PV inverters, reactive power generation can reduce its
lifetime as reported in [12] identified from a quasi-static time-
series simulation under varying volt-VAR conditions. This
condition monitoring reveals that using the IEEE 1547 default
volt-VAR curve can reduce PV inverter lifetime by 0.15%.
So incorporating the effect of mission profiles and thermal
damage resulting from volt-VAR support has time-dependent
impact on the reliability assessment.

The second method for studying reliability involves acceler-
ated testing of key components in a laboratory, subjecting them
to high stresses in cycles over a short period, with the primary
concern being the practicality of the controlled environment
used, which may not accurately reflect field conditions and
secondary concerned on limited types of components. In [5]
DC-bus capacitor degradation is tested by intensifying thermal
stresses by modified mission profile (i.e. solar irradiance, and
temperature) reflecting as real-world shapes. While it can
shorten the testing time, real-world degradation occurs much
slower and differently to multiple components based on their
location and operating condition. A more accurate approach is
reported in [6] combines cluster merging, adaptive model up-
dates, steady-state identification, and optimization techniques
to achieve high-fidelity solutions. Where the method can en-
sure accuracy and efficiency, it remains a highly computational
resource-dependent model. Physics-of-failure (PoF) model of-
ten supports accelerated testing results. In [13] a PV inverter
lifetime estimation model considering varying power loads re-
sulting in electromigration and mechanical strain on aluminum
wire bonds is presented by doing accelerated testing. High-
cost involvement in such a PoF study necessitates statistical
data supporting accelerated testing platforms. In this context,
the study in [14] evaluated the reliability of fault-tolerant
inverters through Monte Carlo simulation. Improve accuracy in
estimating reliability under wear-out/aging conditions damage
accumulation leading to a fault keep tracked. So, despite its
short-time benefits, accelerated testing methods appear to be

an expensive, invasive, lab condition, and component model-
dependent method only in reliability studies.

Thirdly, the PV inverter modeling approach in terms of
topology, control, and component degradation is another way
of reporting reliability assessment, which lacks applicability
in analyzing commercial inverters in the installed condition.
The reason is the unavailability of proprietary information
required for modeling an actual inverter. In a distributed
low voltage system, the high penetrating grid-supporting PV
inverters would suffer from their volt-VAR control (VVC)
role. A multi-objective optimization model of PV inverter,
supporting grid volt/VAR control (VVC) developed in [7] after
minimizing network power loss and performing PV power
curtailment. While it enhanced inverter reliability, the VVC-
impacted degradation models were limited to only two types
of components. Reducing the component count in the design
can justify an improvement in the probability of failure at
the outset, as discussed in [15]-[16]. The design in [15]
utilizes only seven switching power devices, and ensures
less harmonic losses or heat production within the inverter
enclosure. The authors in [16] presented a switching-cell
structure to minimize switching time overlap, enhance DC
utilization, and improve dV=dt stresses to power switches -
overall improving the system reliability. However, environ-
mental degradation consideration was not there is a critical
limitation. A control level innovation, reported in [17] uses a
one-leg clamping pulse width modulation (PWM) technique
on a single-phase IT-type neutral point clamp (NPC) inverter
to have better power efficiency and reliability. In characterizing
power switch reliability in less time, an automated test bench
with a procedure in [18] helps to detect device characteristics
data within 2% deviation. In [19] a 1500 — Vpc PV-inverter
is designed with variable gate resistance and aims to enhance
device reliability by reducing voltage and thermal stresses. A
minimum DC-link voltage control can improve reliability by
reducing voltage overshoot and dv=dt stress, as cited in [8]. In
contrast, modifying the PWM of power switches in reducing
switching losses can enhance reliability but it may increase DC
bus power losses due to low-frequency neutral point voltage
fluctuations [20]. However, none of the models have addressed
“in-situ” components (i.e. inductors, diodes, snubber, drive
circuit, connectors, resistors, etc.) in their analysis, hence
limited in defining system-level failure.

This work has proposed a unique approach addressing the
identified gaps or limitations of the aforementioned methods,
which summary is shown in Table I. To identify failure mech-
anisms and estimate the available reliability of commercially
installed PV inverters experiencing environmental degradation
in a non-invasive way this work has utilized unsupervised



machine learning techniques on a six-year real-field high
resolution dataset. The research objectives are listed below:

To account for environmental factors affecting PV in-
verter health identified through sensor data analysis.

To find a data-driven method for filtering out the inverter’s
“Anomalies or Outliers” to define its associated underly-
ing stresses and failure mechanisms.

To estimate the “system-level” inverter health state prob-
ability or reliability metric by aggregating all stress
inhibitors.

The proposed method is a “Top-Down” approach, meaning
the input-output data of the operational inverter is analyzed
to estimate inverter reliability at its system level in multiple
ways. It is a data-driven, non-invasive, universally applicable,
artificial intelligence-based method with three major stages, as
will be detailed in subsequent sections. The key contributions
of the method lie in:

The response characteristics of the PV inverter are highly
correlated with environmental factors such as solar irra-
diance, ambient temperature, and relative humidity.
Field data-driven results from machine learning tech-
niques show that input DC-sided stress is dominated by
humidity cycling, and output AC-sided stress is domi-
nated by temperature cycling. Thus, these two dominant
failure mechanisms degrade the PV inverter in a time-
bound manner, necessitating preventive action.

PV inverter alert message-driven analysis shows that its
available output power reliability reduces to 20% after 20
years of operation.

The rest of the paper is structured as follows: section II
presents the details of data sources, Section III elaborates
on the real field problem, reliability block diagram, proposed
methodology, and algorithms details, and Section IV holds
five sub-sections presenting results and discussion. Section V
concludes the paper.

II. DATA SOURCES: FIU’s 1.4 MW GRID-TIED PV PLANT

A hybrid microgrid, empowered by artificial intelligence, is
located at Florida International University’s Miami campus,
a portion of which is depicted in Fig. 1. The 1.4 MW PV
plant comprises 46 grid-following (GFL) string inverters, all
exporting AC power to a 230 kV grid through a step-up
solar transformer. All inverters are of the same model and
rating, commissioned simultaneously, presenting an excellent
opportunity for reliability studies. Integrated with a DC arc-
fault circuit interrupter (AFCI), the string inverters have a
DC bus voltage of 600 V and two maximum power point
tracker (MPPT) inputs. The MPPT voltage ranges from 450V
to 800V, with a maximum short-circuit current of 53 Amps
per MPPT. Equipped with utility-interactive controls for active
and reactive power, the system maintains harmonics generation
below 3%. Among its various protection features, critical
elements include DC reverse polarity protection, ground fault
monitoring, grid monitoring, residual current monitoring, and
DC AFCI compliant with UL 1699B. Additionally, AC short-
circuit protection is incorporated. The transformerless topol-
ogy, with OptiCool cooling, complies with NEMA 3R elec-

tronics protection rating, making it suitable for a temperature
range of —23 C to +60 C.

Plant Summary § &
Total | Module | Module | Capacity per Invert | Capacity Net| Capacity Net| DC/AC
DC KW | Size (W) | Number | Inverter (kW) | Size (kW) | er |Inverter (kW) Module (kW)| Ratio
315.46 80 2522 24 6 144 151.321 1.05
315.46 100 31.525 24 40 960 1261.012 131

1412.33

Fig. 1: FIU’s solar canopy data sources.

The system data structure in shown in Fig. 4. The setup has
a 600-volt Revolution® power quality (PQ) recorder installed
at low voltage AC side that captures three-phase voltages,
currents, harmonics, waveform, and alerts. It provides AC
part data as used in this study. The data acquisition system
(DAS) logs different inverter data and alerts at a 1-minute
sample rate to the server. The cluster controller collects various
environmental sensor time-series data of irradiance, ambient
temperature, module temperature, humidity, and inverter data
of input DC, output AC, alerts, warnings, etc. SMA Sunny
Portal is another alert server critically used in this work for
timestamp-based AA pair formulation; it gets data from bi-
directional communication with all the inverters.

III. INVERTER PERFORMANCE ANALYSIS METHODOLOGY

This section commences with a reliability issue identified in
a 1.4 MW PV power plant, which undergoes analysis through
a scientific process assisted by various algorithms. Since it
incorporates machine learning algorithms, this section also
provides details about the data structure. The mathematical
development of the employed machine learning techniques and
the reliability indexing method is elucidated in distinct sub-
sections.
A. Problem Statement

According to literature, the reliability of any complex sys-
tem depends on its interconnected series-parallel components’
or subsystems’ reliability. In a grid-tied PV plant setup, all
the major components are in series - PV panels, DC cables,
junction boxes, inverters, AC connectors, etc. In terms of
the reliability index of this setup Fig. 2a is considered,
where string inverter holds the maximum impact due to its
multi-component structure. The inverter subsystem diagram
and corresponding reliability block diagram in Fig. 2b are
constructed based on the spec-sheet information and physical
inspection done on the commercial inverter used in this study.
A PV string inverter is noticeably a highly complex system
having a mix of components, such as AC, DC, passive,
active, resistive, mechanical, and so on. A two-stage power
conversion is there. The DC-DC stage boosts at the first
stage condition DC level while ensuring maximum power
point tracking (MPPT) from the PV array string. Second,



the DC-AC stage conversion associated with protection and
filtration circuits maintains the grid voltage and frequency
while exporting power to the grid. Within its subsystems, some
exhibit robustness while others do not. Certain subsystems are
interconnected in a pattern of failure, all of which are denoted
by individual . For instance, a bug in the control system
of a DSP can lead to improper IGBT operation, resulting in
abnormal junction temperature and ripples across the DC bus
capacitor. In this way, any component can fail prematurely.
While protected by external surge events by input-output surge
protection devices (SPD), its quality also impacts the entire
system’s failure. Most importantly, environmental conditions
can impact each of the failure rates to a different degree,
making an accumulated behavioral change, rather than hardly
identifiable component/subsystem parameter shift. The field
maintenance report from FIU’s 1.4 MW PV plant shows that
the entire inverter change is the major event in maintaining
plant reliability. The Pareto diagram in Fig. 6 shows that
inverters are not repairable in most cases, because of their
modular interconnected structure. The reliability of a system
is often expressed in terms of metrics like Mean Time Before
Failures (MTBF), which represents the average time between
failures, or availability, which represents the probability that a
system is operational at a given point in time.
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Fig. 2: Reliability block diagram: a) Grid-tied PV system, b)
String Inverter (along with functional block diagram).

The first line findings during data analysis are shown in
Fig. 3. Some inverters show derated power production over
a prolonged time under the influence of the same ambient
conditions in the plant. The inverters replaced in early life had
a history of generating more alerts and producing less power.
However, these alerts were category-specific. Furthermore,
the time distribution of the alerts propagated by problematic
inverters has shown two distinct periods of the daytime [21].

All the field findings indicate that each inverter under the
same outdoor ambiance can have different stresses over the
24-hour daytime, showing differential production performance
and can have irreversible degradation progressing to premature
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Fig. 3: Historical findings on failed PV inverters.

failure. These stresses create component failure that needs to
be understood more by analyzing the system-level data with
the aid of machine learning algorithms in invasive way, that
makes the present approach.

B. Proposed Data Driven Approach

The backbone structure used in this study is in Fig. 4
showing all the interconnected data flow as utilized. At first
various environment or weather data are tested for correlation
with inverter input/output DC voltages and currents. Solar
irradiance extracted into power production can be related
to high ambient temperature in daylight that can negatively
affect the inverter’s electronics. The increase in temperature
affects PV panels, leading to derated operation of inverters
and accelerating the degradation of components. Humidity
percentage in PV plant setup is another major factor that can
cause arcs below or above fault levels, causing damage to
PV panels, capacitors, IGBTs, DC connection cables, etc. The
equivalent series resistance (ESR) of film capacitors increases
with humidity, leading to decreased capacitance and premature
failure [22], [23]. The degradation is also persistent in other
capacitors including filter capacitors and DC link capacitors.

We methodically collected data from three separate sources
to examine the performance of the inverter. Initially, we
gathered meteorological data, with a specific emphasis on
temperature, solar irradiance, and humidity. Furthermore, we
obtained comprehensive sensor data, including precise mea-
surements such as voltage and current from both the input
and output of inverters. Furthermore, we obtained maintenance
documents from the utility company, which yielded valuable
information regarding the past repairs of the inverter. These
records included specific details about the replaced or repaired
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Fig. 4: System structure of data driven inverter reliability approach.

components, as well as the reasons behind these interventions.
In addition, we employed alerts and alarms from the inverter’s
log system to enhance our comprehension of operating prob-
lems. Through a comparative analysis of the output power
of several inverters and its correlation with the irradiance
patterns, we successfully identified anomalous data points.
Subsequently, we cross-referenced these anomalies with the
maintenance records, allowing us to accurately identify and
categorize the exact types of alerts and alarms that were
activated as a result of these inconsistencies.

In accumulated ways, these are the input stresses generated
from irradiance cycling, thermal cycling, humidity cycling,
and power cycling. Based on these stressors’ characteristics
inverter input and output deviation or anomaly or outliers are
translated to inherently designed alert and protection systems,
which serve as another vital block in Fig. 4. The comprehen-
sion of the correlation between performance data and alerts
is achievable solely through the utilization of unsupervised
machine learning algorithms. The decision to apply unsu-
pervised machine learning in this study stemmed primarily
from the characteristics of the data, which was sourced from
a real-world field site completely. Semi-supervised learning
by putting a portion of labeled-synthetic data is also not
approved due to our reliability estimation task for field-
installed inverters. Our data inherently lacked labels, rendering
supervised learning strategies less effective. Additionally, the
dataset exhibited significant imbalance - a frequent issue
in real-world scenarios where certain classes or outcomes
disproportionately outnumber others. Unsupervised learning
methods excel in addressing such challenges. They are adept
at identifying latent patterns and structures within unlabeled
data, and their effectiveness is not diminished by class im-
balances, as they do not depend on predefined labels for
training. Consequently, unsupervised learning is particularly
well-suited for extracting meaningful insights from complex,
unstructured datasets like those typically obtained from field
sites [24]. In this study, One Class Support Vector Machine
(OCSVM) is used to pick inverter-specific input side outliers.

Output side stresses are studied from power quality meter
data which logs high-resolution three-phase data and captures
waveforms at the Point of Common Coupling (PCC). Inverter
output data anomaly detected by OCSVM defines the output
side stresses on the inverter, and is concerned with AA pair
identification as done in this work. It is a holistic approach
to doing system-level analysis. The last part is analyzing
maintenance and troubleshooting service records that hold
physical inspection data, test data, observation, alert inter-
pretation, and recommendations from subject matter experts
on the field. The information from the five-year record helps
actual interpretation of dominant alerts, filter out false alerts,
and validate the significance of AA pairs. The interconnected
analysis system identifies major failure mechanisms inside the
inverter, which can limit its health and reduce reliability over
time. The knowledge extracted from the study can be valid in
setting up preventive measures ensuring the marketed lifetime
or reliability.

C. Research Flowchart

The proposed methodology is outlined in Fig. 5. Different
online server data are considered, i.e., weather data from
the sensors’ server, inverter data from AlsoEnergy, inverter
alert from the alert server, and AC power-related data from
the Revolution PQ recorder. In preliminary sub-step A, 46
inverters’ input-output voltages and currents classification are
performed towards correlation search using CART (input-sided
correlation). The correlation results assist in determining the
variable on which anomalous behavior can be detected using
ML techniques. In sub-step B, unsupervised machine learning
algorithms are employed to identify anomalous data points re-
lated to the input-output current of each inverter. The boundary
conditions or thresholds are from IEEE standards IEEE 1547
[25] and IEC 61727 [26] and manufacturer data sheet. Sub-
step C describes the way the anomaly-alert pairs are formed,
filtered, and used to understand timestamp-specific stresses
that the inverter is having. The accumulated impact of these
time-specific stresses causes the failure of the inverter, so the
mechanisms behind those alerts, tagged with the anomalous
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response, are the base failure mechanisms. The correlation
found in step A agrees to the output of step C, where all
the results are data-driven. The findings have pointed out that
humidity and temperature are the two most prominent failure
mechanisms happening with a correlation of geographical data,
irrespective of a grid disturbance. The findings are available
in the result section in detail.

D. CART Algorithm and OCSVM

In this study, there are two parts where data are extensively
analyzed, classified, and converted into suitable information.
The classification and Regression Tree (CART) algorithm
is utilized for feature extraction before doing a correlation
study of inverter parameters with environment parameters.
After getting this done, OCSVM is used to find the anomaly
behavior in every inverter, which is later used to get AA pairs.

1) Classification and Regression Tree (CART): The CART
method [27] is a classification technique based on Gini’s im-
purity index, constructing decision trees by asking sequential
questions with answers determining the next question. The
resulting decision tree is a tree-like structure with terminal
nodes, used for both classification and regression analysis,
including within the Random Forest algorithm. Decision Trees
are frequently employed in data mining to predict target values
based on input variables showing enough correlation. CART
aims to minimize the Gini Index cost function at each node,
selecting input variables greedily for the most homogeneous
splits. CART encompasses various types of decision trees,
making it a versatile and fundamental machine learning al-
gorithm for various applications in the below cases:

Classification Trees: If the target variable is continuous,
the tree helps determine the most probable “class” for the
target variable.

Regression trees: The tree would try to predict the value
of a continuous variable when applicable.

The Classification and Regression Trees (CART) algorithm
proposed in [28], has been extensively used for a variety of
classification and regression [29, 30]. Primarily utilized for
classification, CART involves constructing a binary decision
tree to categorize data into distinct classes, primarily based on
the criterion of Gini Impurity. Gini ¥gapurity, defined as:

Gini(S)=1- p? (1)
i=1

where pj represents the proportion of items labeled with
class i in the set S, serves as a measure of how often a
randomly chosen element would be incorrectly labeled if
randomly assigned a label according to the distribution of
labels in the subset. At each node of the tree, CART evaluates
all potential splits across all features, calculating the Gini
Impurity for each resulting subset. This process not only
assists in constructing the decision tree but also helps in
identifying the most important features that contribute to the
prediction. The reduction in Gini Impurity due to a split, given
by:

Nieft

Gini = Gini(parent) — x Gini(left)

N

+ Mgt Gini(right)

2)

where Gini(parent), Gini(left), and Gini(right) are the
impurities of the parent, left, and right nodes respectively, and
Nieft, Nright. and N represent the number of samples in the
left, right, and parent nodes, is used to select the optimal split.
The algorithm recursively applies this process, leading to the
growth of the tree until a stopping criterion is reached, such
as maximum tree depth, a minimum number of samples in a
node, or a node containing samples from a single class. CART
algorithm is nonparametric which is a key benefit of it. It
checks its accuracy using separate data and cross-validation.
Also, it can use the same variables multiple times to show



connections between them. In studying correlations, it is useful
to a dataset having outliers that is the case of ours studied one.

2) Unsupervised Learning: One Class Support Vector Ma-
chine (OCSVM): OCSVM is an unsupervised ML technique
[31], spherical (instead of planar) approach to detect outlier
points in a similarly dispersed dataset. The algorithm makes
a spherical boundary in feature space surrounding the data to
identify the true anomaly behavior. The volume surrounded by
the sphere is then minimized, which can reduce the anomaly
impact. A center a, and a radius R, greater than zero, define
the hyperplane.

One-class classification (OCC) solves the classification
problem by focusing on a single class, which is usually the
most important class. This is different from multi- or binary
classification, which looks at more than one class. One thing
that makes OCC stand out is how it handles cases where
labeled examples of the positive class(es) are either hard to
find or not available at all, which is the case of real field-
data. Traditional machine learning models including decision
tree classifier (DTC), random forest classifier (RFC), logistics
classifier, neural network (NN) need a more balanced, labeled
set of the target class to be trained, which is not available in
our case [32].

The SVMs can produce a non-linear decision boundary.
This favorable attribute is achieved by a non-linear function
phi to a space with much higher dimensions. This way, the
linearly non-separable data points in the original space, I, are
hyperplane-separated into one class in a transformed feature
space called F. Later the hyperplane is projected back into
| space recognized by a non-linear curve shape [33]. The
hyperplane expression is W' X +h = 0, the parameter domains
are W € F and b € R. This plane creates the margin between
the classes, for example, class —1 and class 1 hold such those
are data separated. Here, the equal distance from the closest
points of different classes to the hyperplane helps to find the
highest margin. In this way, the classes are getting separated.
SVM classifier can suffer from over-fitting due to noise in data.
A soft margin with the help of slack variables ; is used in this
case allowing some in-margin data. Here is SVM’s objective
function in 1ﬁ§N ﬁgnimizg'@n form:

min —— +C i
wib; .
i=1
subject to:
~ _ 3)
yi w (Xj))+b >1—; foralli=1;:::;
i>0 foralli=1;:::;

Lagrange multipliers solve Eqn. 3. the decision boundary
on a data-class point X casgpe written as Eqn. £
f(x) =sgn iViK (X; %) +b “4)
i=1
Here ; is the Lagrange multiplier. The weighted ; > 0
helps find the decision boundary to support the SVM machine.

E. Reliability Analysis by Continuous Markov

Modern power electronics hardware, including inverters,
functions as a system where various subsystems operate si-
multaneously. These subsystems encompass the power circuit,

filters, DC capacitor, protection system, power conditioning
system, drive circuits, and more. All the subsystems consist
of numerous components and are frequently worked on by
replacing either the larger component or any subsystem. If
any critical component in series as seen in Fig. 2 fails,
having no alternative parallel partner available, the entire
inverter goes into fault mode, limiting its availability. Various
inverter error messages, alerts, and failure statuses indicate
internal failures and stress, prompting the system to raise flags
for recommended actions. According to the site maintenance
record data from Aug 2018 to May 2022, the major replace-
ment is done on the entire inverter change rather than the
subsystem or component changes, shown in the Pareto diagram
of Fig. 6. The only external component is the PV panel. PV
panel’s structural damages can easily create a DC arc that
severely causes inverter input-sided stresses and correspond-
ing damages. Nevertheless, Fig. 6 illustrates the progressive
degradation in PV inverters caused by numerous components,
rendering it irreversible in most cases and often unrepairable.
The degradation stems from internal stresses, which are then
translated into various alert messages based on the protection
configuration map set by the inverter manufacturer.

Pareto Chart- PV Inverter
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Fig. 6: Pareto diagram on PV string inverter.

Due to these reasons, this work strategically utilizes PV
inverter alert behavior to identify its various operational states,
enabling the application of statistical tools. There are two
categorical alerts within the entire dataset. Consequently, re-
liability analysis is performed by a Markov method, resulting
in the state transition diagram depicted in Fig. 7. Some critical
alerts manifest when the inverter is subjected to severe stresses,
prompting the inverter to safeguard itself by disabling power
conversion—this corresponds to the setl class. On the other
hand, set 2 encompasses all non-critical alerts that arise at
the initial onset of stresses. In this scenario, the inverter con-
tinues its production but with flagged indicators. The logical
relationship between these sets is established by the fact that
when non-critical alerts (set2) are not addressed promptly, they
progress into critical alerts (setl), and so forth. The failure
rate and repair rates are derived from an analogous dataset
encompassing all the physical failure mechanisms within the
inverter, which exhibit non-linearity. In Fig. 7, ‘A’ denotes
‘Appeared’, and ‘NA’ denotes ‘Not Appeared’. So the P 1 state



is the most healthy state of the inverter when there are no
alerts (no stresses), whereas P4 is the worst state where all
the critical and non-critical alerts are available in the alert data
stream. The complete alert dataset of FIU’s 46 string inverters
is taken into timestamp-based analysis to get the analogical
monthly failure rates 1, 2, and monthly repair rates, 1,

2:

The mentioned failure rate and repair rate “per set” of alerts
are defined by [34]:

= (Number of alerts per inverter in one year)/(total hr in
1 year) = 1/(Mean Time To Failure); NB: This let the alert
transition from ‘not appeared, NA’ towards ‘appeared, A’.

= (Number of repairs per inverter in one year)/(total hr
in 1 year) = 1/(Mean Time To Repair); NB: This let the
alert transition from ‘appeared, A’ towards ‘not appeared,
NA'.
Fact: Set 1 or critical alerts occur less in numbers but
stay longer in time because they need mandatory vendor
service. Set 2 or non-critical informational alerts occur
frequently but stay shorter in time, reset over time based
on stress conditions.

A1
Setl : NA - == Setl: A
P P,
Set2: NA € - - - Set2: NA
M1
A ! A !
1 1 1 1
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Fig. 7: Conti Markov, state transition di .
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inverter healthy state progression, in other sense its available
reliability progression over time. By literature, Markovian
model of a system consists its potential states and the tran-
sitions characteristics. The transition constants are usually
defined by failures and repair rate in continuous Markovian
processe [35] when conducting reliability analysis. The state
equation for each state relates how its probability changes
over time (dP=dt) to the flow of probabilities coming in
and going out of that state. Total probability flowing into
a specific state is determined by summing up all ongoing
probability multiplied by each transition rates. Similarly, total
probability going out of a state is determined by adding up
all the transitions leaving that state, each multiplied by the
probability of that state itself. This is shown in Eqn. 5. The
state equation sets the rate of change of Py (t) equal to the sum
of these probability flows associated with the net transitions.

O 1
= =
i;kPi + n;kPn - @

i n j n

dp, X<

ot - kj + kin? P
&)

Here, k has four possible state conversions of i;j, and
n. Conventional symbols are  as failure rate  is repair

rate. Each state in the model is defined by an equation.
The system’s behavior becomes evident only when all the
equations are considered simultaneously. In this analysis,
there are transitions of states applicable in alerts of inverters.
Initially, setl comprises critical alerts that place the inverter in
an unavailable state, causing it to cease production until the
recommended root action is executed. The second set2 is non-
critical alerts set inverters to operate in derated conditions. If
non-critical alerts are not resolved automatically, they might
escalate into critical alerts. On the other hand, if any of the
alerts is worked on, and solved, it returns to its initial healthy
state. This transition understanding helps this study to produce
the Markov Transition matrix development for the PV inverter
from the state transition diagram as shown in Fig. 7 in the
aforementioned way.

IV. RESULTS AND DISCUSSION

This section presents results in the same order as the steps
described in the research flowchart. The correlation study
generated insights that drive the ML algorithms for generating
the AA pair, which has utilized identifying the degradation
mechanisms. Lastly, the estimated degradation mechanism-
related understanding triggers Markov analysis on alert server
data to get the available reliability of the inverter.

A. Environmental Correlation and Detecting Independent Pa-
rameters

The physics of failure is a point of high interest in the field
of reliability nowadays. The physical degradation of numerous
components due to the operational environment factors can be
aggregated and transferred into system-level failure over time.
The present study intends to detect those failure mechanisms
from system-level data by Al-driven data analysis. The pre-
requisite is to find the most suitable environmental, sensor-
logged parameter that would impact its power characteristics
the most, and feature extraction by CART would be helpful. It
triggers to perform a correlation study among all the sensors
data with inverter voltage and current, or input power. The
parameters are irradiance, dew point, relative humidity, ambi-
ent temperature, module temperature, precipitation, and output
power. The findings will help to attain the first two objectives,
towards the first contribution. Environment in impacting PV
power production through inverters is complex to analyze and
requires special techniques. A classification and regression tree
(CART) method is utilized for feature extraction such that a
set of environment parameters is decided before performing
a correlation study. At this point inverter DC characteristics
correlation with environmental data is worked on to have the
results shown in Fig. 8 where the color concentration suggests
the level of positive or negative correlation.

Solar irradiance concentration is functionally related to PV
module temperature that is visible in the color concentration of
Fig. 8. Input DC looks highly correlated with temperature. The
relative humidity looks negatively correlated. If there is more
sunlight, the relative humidity lowers while the temperature
rises. The magnitude of correlation % is usable for the
said purpose. The data used are from the FIU campus in
Miami. Miami is a hot-humid tropical city in the sunshine
state of Florida having day-round cloud patterns, rain, and






