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ARTICLE INFO ABSTRACT

Keywords: Long-term outdoor testing of photovoltaic (PV) modules is critical for assessing reliability but is often challenged

Monitoring data by inconsistent and noisy data, necessitating robust filtering techniques. Traditional threshold-based filtering

UMAP methods (e.g., irradiance > 300 W/m?) are inadequate for capturing complex data patterns inherent to out-

LQF . door data. This study presents an advanced multi-dimensional filtering framework combining Uniform Manifold

f\lrllt)e;:ﬁes Approximation and Projection (UMAP) and Hierarchical Density-Based Spatial Clustering of Applications with
Noise (HDBSCAN) for unsupervised classification and visualization. Our approach effectively identifies meaning-
ful data classes, such as conditions of partial shading and fluctuating irradiance levels, enabling the development
of targeted filters. Additionally, we employ the Local Outlier Factor (LOF) to detect and remove anomalies. To
demonstrate the effectiveness of class-specific filtering—such as the exclusion of partially shaded data—combined
with LOF-based anomaly detection, we correct outdoor measurements to Standard Test Conditions (STC) using IEC
60891:2021. Our results show that this methodology achieves higher accuracy than conventional threshold-based
filtering while preserving a larger proportion of the data.

1. Introduction data analysis is crucial for optimizing system efficiency, diagnosing per-

formance issues, and ensuring reliable energy production. However,
data collected over long periods is often compromised by anomalies
and outliers arising from various sources. These irregularities can stem
from sensor malfunctions, shading, sensor drift, calibration errors, and

The rapid expansion of large-scale outdoor photovoltaic (PV) instal-
lations has underscored the importance of monitoring and analyzing
extensive, long-term datasets of PV module performance [1]. Accurate
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data retrieval issues such as missing values, data shifts, repetitions, or
synchronization problems [2].

Hawkins [3] defines an anomaly as “an observation that deviates so
much from other observations as to arouse suspicion that it was gen-
erated by a different mechanism.” His definition thus emphasizes that
anomalies are not merely random deviations but are caused by a fun-
damentally different process or mechanism. Detecting such anomalies
is critical, as they can obscure accurate performance assessment and
hinder fault detection. Conventional filtering methods, such as power
thresholding, are often employed to address this challenge by discarding
data points exceeding predefined limits [4-8]. While simple and effec-
tive for eliminating extreme outliers, these threshold-based approaches
are inherently limited. They fail to capture the complex interdepen-
dencies among variables and offer little insight into the root causes of
anomalies, thus risking false positives (valid data being discarded) or
false negatives (anomalies being overlooked).

To overcome these limitations, more robust techniques such as the
Mahalanobis distance-based filtering approach have been introduced
[9-11]. This method evaluates the multivariate distance of data points
from the mean, considering correlations between variables. By account-
ing for the covariance structure within the dataset, Mahalanobis filtering
is more suited for detecting subtle and context-dependent anomalies,
making it a valuable tool for ensuring data integrity in PV system
monitoring.

Recent work has suggested that leveraging the correlations between
multiple dimensions in outdoor PV datasets can enhance anomaly de-
tection accuracy [12]. This approach relies on constructing models that
represent well-established relationships between different variables in
the dataset. Data points that deviate from these expected correlations
are identified as potential anomalies. The rationale behind this method
aligns with the notion that normal data arises from an underlying
mechanism, and any departure from this mechanism signals an outlier.

However, this correlation-based approach has a notable drawback: it
requires prior knowledge of all the relevant mechanisms governing data
generation, along with accurate model descriptions for each. In practice,
this is often challenging. For instance, in the work by Vaas et al. [12],
the method effectively filtered out partial shading conditions. While this
may be desirable in some scenarios, partial shading is not necessarily
an anomaly. It represents a common operational condition in outdoor
PV systems. Moreover, accurately modeling partial shading effects re-
quires precise information about the shading conditions themselves —
data that is typically not monitored. This limitation parallels the pre-
viously discussed power thresholding approach, which tends to filter
out low irradiance data points — conditions often associated with par-
tial shading. Consequently, if the objective is to analyze the effects of
partial shading, both power thresholding and correlation-based filtering
methods may prove unsuitable.

Essentially, the drawbacks of these filtering procedures include the
unintended removal of usable data, the insufficient filtering of frequent
measurement errors, and the often-naive imputation of untrusted data
points [13-15]. Additionally, these anomaly detection methods are gen-
erally applied on a global scale. For instance, power threshold filtering
typically results in the exclusion of large portions of data, raising con-
cerns about whether the remaining dataset accurately represents the
system’s performance under real operating conditions [2,7].

In this work, we therefore propose the use of the Local Outlier Factor
(LOF) approach [16], a density-based anomaly detection method that
evaluates data points based on their local neighborhood. LOF compares
the density of a point to that of its nearest neighbors and assigns an
“outlierness” measure, thereby identifying anomalies as data points that
are isolated or lie in sparse regions relative to their surroundings.

Furthermore, we suggest the application of an unsupervised
classification technique. Unlike supervised methods, unsupervised
classification requires no prior knowledge of the data and can reveal
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distinct modes of operation within the dataset. Analyzing these identi-
fied classes provides insight into the typical behavior of the PV system
under different conditions. Such fine-grained classification is particu-
larly valuable for data filtering, as it facilitates the selection of relevant
data points tailored to specific analysis objectives. Notably, filtering can
be viewed as a classification task in itself — separating useful from non-
useful data — underscoring the potential of unsupervised classification as
a flexible and robust tool for improving data quality in PV monitoring
systems.

For the unsupervised classification of the monitoring data, we
employ a combination of Uniform Manifold Approximation and
Projection (UMAP) and Hierarchical Density-Based Spatial Clustering of
Applications with Noise (HDBSCAN). This approach achieves two com-
plementary objectives: it performs unsupervised classification to identify
clusters representing different modes of system operation, while simul-
taneously providing a convenient low-dimensional representation of the
data. This low-dimensional projection is particularly valuable for visual-
izing the dataset and the identified classes, offering an intuitive way to
explore system behavior and assess the effectiveness of the classification.

In this work, we demonstrate our proposed filtering and classifica-
tion approach using a dataset from a monocrystalline silicon PV module
located in Arizona, USA. The dataset spans over two years and includes
measurements of plane-of-array irradiance, module temperature, and
complete current-voltage (I-V) sweeps. As a first step, the extended
solar cell parameters [17] are extracted from the I-V data, reducing
each sweep to a set of ten well-defined electrical parameters. Combined
with the irradiance and temperature measurements, this results in a
12-dimensional dataset.

We apply UMAP and HDBSCAN to perform an unsupervised classi-
fication of the data, aiming to determine whether the identified classes
correspond to meaningful operational states, such as partial shading,
and low- and high-irradiance conditions. Additionally, we use the LOF
approach to detect outliers. The low-dimensional UMAP projection is
further employed to visualize the classification results and the identified
outliers.

To assess the practical utility of our classification scheme for fil-
tering purposes, we apply the fitting procedure 2 of the International
Electrotechnical Commission (IEC 60891:2021) standard to the filtered
subsets of the data. We evaluate the standard test conditions (STC)
short-circuit current (7,.), using the standard deviation of the result-
ing I, values and the percentage of filtered data points as performance
metrics. We compare the effectiveness of filters based on our unsuper-
vised classification and LOF approach with the commonly applied power
thresholding method. The overall anomaly detection pipeline is depicted
in Fig. 1.

This paper is organized as follows: Section 2 outlines the methods em-
ployed in this work, including the Local Outlier Factor (LOF) algorithm,
UMAP, HDBSCAN, and the IEC 60891:2021 Procedure 2. Section 3 de-
scribes the dataset used in this study, along with the preprocessing
steps applied to the feature vectors, such as normalization and scal-
ing. Section 4 presents the results and discussion of the key findings
and their broader implications. Finally, Section 5 concludes the study
by summarizing the key findings.

2. Methods
2.1. Anomaly detection using LOF

The LOF algorithm is a widely adopted method for detecting anoma-
lies in data. Unlike global outlier detection methods that identify outliers
with respect to the entire data set, LOF focuses on local regions, allowing
it to detect outliers that may be masked in a global context. A more com-
prehensive description of LOF may be found in [16]. In the following we
briefly introduce the LOF. Before we introduce an expression for the LOF
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Fig. 1. Illustration of the anomaly detection pipeline, showing data flow from PV module data preprocessing through the anomaly detection module (UMAP —

HDBSCAN — LOF) to an exemplary application.

of a point in a dataset, let us first introduce several related terms and
quantities.

« k-distance: The LOF is based on the k-nearest neighbors algorithm
(k-NN), which determines for every point, p, in the dataset, the clos-
est k points. To this end, all distances between point p and all other
points in the dataset D, are computed and sorted in ascending order.
After which the first & points are selected. The k-distance, d,(p) is
defined as the distance between p and its k-th neighbor, i.e., d;(p) is
the maximum distance between p and its k nearest neighbors.
Reachability-Distance: The reachability distance, RD is defined for
any two points, p and o, as:

RD, (p, 0) = max (d,(0),d(p,0)), (€]

where d(p, o) is the distance between points p and o. If, for example,
point p is far away from point o, and is thus not one of o’s nearest
neighbors, RD; equals the distance between points p and o. However,
if p is one of o’s nearest neighbors, RD; equals the k-distance of o,
di(0).

Local Reachability Density: The local reachability density (LRD)
measures the density of an area by considering the reachability dis-
tances of a point to its neighbors. The LRD of a point p is the inverse
of the average reachability distance of p to its k-nearest neighbors,
and is defined as:

-1
2 RDy(p,0)
0EN(p)

LRD;(p) = W )

2

where N, (p) is the set of nearest neighbors to point p and |N,(p)| is
the total number of nearest neighbors of p (in general this will be equal
to k, however, in some implementations of k-NN there may be situa-
tions where the number of neighbors varies under certain conditions,
for example when several points have the same distance to point p).

With these terms and definitions, we can now write the LOF for
point p:

LRD; (0)

LOR(p) = SN0 7 3)
p)=—
k [N

Thus, the LOF for a point p, quantifies how much the local density
of p deviates from that of its neighbors. Points with LOF values close to

1 are considered to be in regions of similar density, indicating normal
points while significantly larger values indicate outliers, as they lie in
sparse regions relative to their neighbors. In this work, we applied the
commonly used LOF threshold (p > 1.5) as a simple and reliable crite-
rion to identify anomalies in datasets with varying densities [16]. The
LOF algorithm’s capacity to adapt to the varying densities of different
regions in the dataset makes it a powerful tool for anomaly detection
across a wide range of applications.

2.2. UMAP dimensionality reduction

To visualize the complex process of anomaly detection in high-
dimensional data, our study uses UMAP, an algorithm known for its
ability to reduce dimensionality. UMAP achieves this by combining ideas
from manifold learning and topological data analysis [18,19]. At its core,
UMAP operates on the idea that high-dimensional data often lies on a
lower-dimensional surface, or manifold, hidden within the larger space.
The goal of UMAP is to map this complex high-dimensional structure
into a simpler, lower-dimensional form while preserving as much of the
original data’s local and global relationships as possible.

The process begins by building a weighted graph, where each data
point becomes a node. Connections between nodes represent distances
between points, typically calculated using a nearest-neighbor approach.
The strength of these connections reflects how similar the points are, of-
ten measured using a local metric like Euclidean distance. The number
of neighbors considered (k-nearest neighbors) plays a key role in shap-
ing these connections. In brief, UMAP’s operation is shaped by its key
hyperparameters:

» n_neighbors: controls the size of the local neighborhood around
each point, affecting how UMAP balances local detail versus global
structure.

min_dist: determines how close points can appear in the reduced
space, influencing the tightness of clusters and the overall clarity of
the visualization.

metric: defines how distances are measured in the original data,
offering flexibility to handle different types of data.

In this work, n_neighbors, min_dist, and metric were set to 500, 0.0,
and Euclidean, respectively, to maintain a global-local structure bal-
ance, facilitate compact clustering, and accommodate dense, continuous
data. This careful choice of parameters leverages UMAP’s distinguish-
ing ability, compared to prior dimensionality reduction methods like
t-SNE, to preserve global structure while remaining computationally ef-
ficient and scalable, even for large, high-dimensional datasets [20,21].
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In preserving local structure, this means points that are close together
in the high-dimensional space tend to stay close in the reduced space,
making it easier to explore nuanced patterns within the data. However,
this local focus can sometimes come at the cost of accurately represent-
ing global relationships. While clusters themselves are well-defined, the
overall arrangement of clusters across the dataset may not be as precise.

Another important aspect of UMAP is its tendency to emphasize
clustering. Because the algorithm prioritizes local similarities, it can
lead to an exaggerated perception of cluster separation and density.
While this feature is advantageous for identifying and visualizing dis-
crete groupings within the data, it necessitates a cautious interpretation
of clustering results. However, quantitative assessment via silhouette
analysis demonstrates that genuine cluster structure is present in the
original high-dimensional space (see Appendix A).

2.3. HDBSCAN clustering

HDBSCAN is a density-based clustering algorithm that identifies clus-
ters of varying densities and detects noise points [22-24]. Its operation
begins by transforming the data into a density-adaptive space using the
mutual-reachability distance (dme (P, ))s defined as:

dinr (P> 9) = max (di (p), d; (q). d(p. q)), C))]

where d(p, g) is the Euclidean distance between points p and g, and d;(p)
is the core distance of p, which is the distance from p to its k-th near-
est neighbor. This transformation ensures that points in dense regions
are closer, while sparse regions are farther apart. HDBSCAN then con-
structs a weighted graph, where data points are vertices, edges represent
connections between points, and weights on the edges are the mutual
reachability distances. This weighted graph is used to build a Minimum
Spanning Tree (MST), which connects all points with the smallest to-
tal edge weight. By iteratively removing edges with the highest weights
(weakest links), HDBSCAN constructs a hierarchy of clusters and extracts
stable clusters based on their persistence across density thresholds.

An important feature of HDBSCAN is its ability to identify noise
points—data that do not belong to any cluster with sufficient density.
Rather than forcing all data points into clusters, HDBSCAN labels low-
density points as noise, which helps reduce overfitting and improves the
interpretability of the results, particularly in noisy or high-dimensional
datasets. This makes HDBSCAN especially well-suited for real-world data
where outliers or ambiguous points are expected.

An important hyperparameter in HDBSCAN is the minimum cluster
size, which specifies the smallest size grouping that will be considered
a cluster. This parameter has a direct impact on both the number of de-
tected clusters and the proportion of points labeled as noise. Smaller
values of min cluster size allow the algorithm to detect finer-grained
structures, potentially leading to a higher number of smaller clusters,
but can also increase sensitivity to noise and result in over-clustering.
Conversely, larger values favor the formation of more robust, coarse-
grained clusters, at the expense of potentially merging distinct groups
and labeling more ambiguous points as noise. Selecting an appropriate
min_cluster size thus involves a trade-off between cluster resolution and
robustness, and should be guided by domain knowledge or validated
empirically based on the intended application.

As we already use UMAP for visualization, we also chose to employ
UMAP as a dimensionality reduction step prior to applying HDBSCAN.
In certain datasets, applying UMAP before clustering has been shown to
improve clustering accuracy and reduce noise [25,26]. In our case, the
resulting clusters aligned well with the UMAP visualizations, offering an
interpretable representation of the data structure. However, it should be
noted that using UMAP as a preprocessing step for clustering may intro-
duce discontinuities in the data manifold, potentially leading to under-
or over-clustering. Additionally, the observed reduction in noise, when
using UMAP as a preprocessor, contradicts, to some extent, HDBSCAN’s
intentional design of identifying noise points. However, since we also
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apply the LOF to remove outliers, HDBSCAN’s internal noise modeling
is not critical for our application.

Preliminary tests, summarized in the supplementary material,
demonstrate that clustering quality, as evaluated by metrics such as the
silhouette score and cluster stability, is highly sensitive to the number of
nearest neighbors, with larger values generally improving performance
at the cost of increased computational time. We posit that the minimum
cluster size parameter in HDBSCAN should be chosen to be less than or
equal to the number of nearest neighbors used in UMAP. This is because
UMAP primarily focuses on preserving local distances, and a minimum
cluster size significantly larger than the UMAP neighborhood size in-
creases the risk of fragmenting clusters into noise. Specifically, if the
minimum cluster size exceeds the number of neighbors considered by
UMAP, clusters smaller than this threshold may be incorrectly identified
as noise. Initial results corroborate this argument; we occasionally ob-
served an elevated noise fraction in tests when the HDBSCAN minimum
cluster size was greater than the number of UMAP nearest neighbors.
Furthermore, selecting a smaller minimum cluster size allows HDBSCAN
to identify finer-grained clusters potentially lost when a larger value is
used.

2.4. IEC 60891:2021 procedure 2

To correct the I'V characteristics to Standard Test Conditions (STC),
for a given non-standard temperature (7') and irradiance (G), we utilize
Procedure 2 from the IEC 60891:2021 standard [27]. This procedure de-
fines a method to translate a single IV curve from one set of temperature
and irradiance conditions to another. Specifically, it provides equations
to adjust the current and voltage coordinates of each point in the IV
curve from condition 1 (7}, G,) to condition 2 (T,, G,). The translation
is performed with respect to STC (T, = 25°C, G, = 1000 W/m?2). The
current is translated using:

Gy 1 +a(T, - Ty)

L= Tva — 1y
1 a(Ty — Tp)

)

where I, , are the currents under conditions 1 and 2, respectively, and
a is the temperature coefficient of the short-circuit current.

The voltage is translated according to:
Vo=V =R (I, = 1) —xI, (T, - T})

+Voco (ﬂ[f(Gz)(Tz ~Ty) = SG)(T; = Ty)]

1 1
L) 6
T 76y f(G1)> ©
with:
Ry = Ry +&(T} = Ty). @)
and:
_ Vnc,() _ 2 G() GO

The coefficients used for voltage translation include:

« a: temperature coefficient of the short-circuit current
+ Rg: internal series resistance

+ k: temperature coefficient of R

* Voe,0: Open-circuit voltage at STC

« f: temperature coefficient of the open-circuit voltage
+ By, B,: irradiance correction coefficients

We apply this procedure to translate the short-circuit current (Iy.)
from the measured conditions to STC, i.e., T, = 25°C and G, = 1000
W/m?. The standard deviation of the corrected I, values is used as
a metric to assess the performance of our filtering routine. Both the
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parameterization of Procedure 2 from IEC 60891:2021 and the I, trans-
lation to STC are implemented using the PV-CRAZE library [17,28].
All other analyses were implemented using Python 3.8.20 on Ubuntu
Linux with major open-source libraries including NumPy 1.24.4, Pandas
2.0.3, UMAP (umap-learn) 0.5.7, HDBSCAN 0.8.40, Matplotlib 3.7.3,
and Scikit-learn 1.3.2, all available via the Python Package Index.

3. Datasets
3.1. Used data

The dataset utilized in this study comprises outdoor meteorological
and photovoltaic (PV) module performance data for a crystalline sil-
icon module, collected in Tempe, Arizona, USA. It includes ambient
temperature, Global Horizontal Irradiation (Ggy), Diffuse Horizontal
Irradiation (Gpy), Plane of Array Irradiation (Gpg,), back-of-module
temperature, and current-voltage (I'V) characteristics. Spanning from
January 1, 2015, to July 1, 2017, it features 60,372 complete records,
each with a 15-minute resolution during daylight hours. For an in-depth
description of the dataset, we refer to Schweiger et al. [29].

3.2. Data processing: normalization and scaling

For this study, we concentrated on data directly measured from the
photovoltaic (PV) modules, specifically the IV data, module tempera-
ture T, and Gpps. We characterized the IV data using Extended Solar
Cell Parameters (ESPs), a 10-parameter feature vector extracted from
the IV curves to encapsulate the shape of IV characteristics more com-
prehensively [17]. The ESPs extend standard solar cell parameters, such
as open-circuit voltage (V,.), short-circuit current (1), voltage at maxi-
mum power point (V,,), and current at maximum power point (Ippp,),
by including six additional parameters for a more detailed description of
the I'V data. The added parameters are the conductance at short circuit
(G,.), resistance at open circuit (R,.), and two sets of “quasi maximum
power points” (qgmpp- with ¥, and I, , and gmpp+ with V|
and Igmp)-

Along with irradiance (Gpgp) and temperature (7), the ESPs amount
to a total of 12 dimensions. Given the heterogeneity of measurement
units across these dimensions, scaling the data prior to analysis with
algorithms such as LOF and UMAP is required. A standard scaling
approach subtracts the mean and normalizes against the standard devia-
tion. However, this approach can obscure meaningful data relationships
when dimensions share units, such as voltage or current, or exhibit
strong dependencies, like Gpgs With I.. Moreover, we observe that the
ESP voltages are strongly correlated with V. and the currents with I,
suggesting that much of the variance across the 12 dimensions reflects
information predominantly about two dimensions: T and Gpgj.

To mitigate these issues, we adjusted our scaling strategy by
first aligning dimensions with shared units and strong dependencies.
Specifically, all ESP voltages, except V,., were scaled relative to their
own V., and all currents, excluding I ., were adjusted according to
their own I .. This scheme also applied to Gy, and R,., which were
normalized against I./V,. and V, /I, respectively. Note that this scal-
ing makes the IV representation consist of the V., the I, and 8
dimensionless parameters describing the shape of the IV. After this,
we normalized I relative to Gpp, to further disentangle these depen-
dencies. Following this targeted scaling, the dataset exhibited reduced
inter-parameter correlations, allowing us to employ a standard scaling
protocol across all dimensions, thereby ensuring a more meaningful and
less biased analytical outcome.

mp— mp+

4. Results
4.1. UMAP and clustering of data

Before we present our results on filtering, we first demonstrate the
use of UMAP to visualize the dataset and how it embeds the data in a
low-dimensional space while keeping similar points close to each other.
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Fig. 2. UMAP embedding (with 500 neighbors per sample and minimum distance
of 0.0 as hyperparameters) showing the map of our data colored according to (a)
Irradiance and (b) Temperature dimensions. UMAP performed an unsupervised
classification of our data into various clusters, A — H, of low, mid and high
irradiance and temperatures.
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Fig. 3. UMAP embedding clustered with HDBSCAN with minimum cluster size of
500 data points as a hyperparameter (where smaller cluster sizes are considered
as noise). The different clusters are colored and labeled A — H for the ease of
identification and analysis.

In Fig. 2, we show the computed UMAP embedding of the complete
dataset where we colored the datapoints according to the irradiance
(Fig. 2(a)) and temperatures (Fig. 2(b)). Note that for the projection
UMAP uses all 12 dimensions, however, we use the irradiance and
temperature values to illustrate how UMAP sorts the data in a low di-
mensional space, such that similar points are close to each other. The
UMAP embedding emphasizes the clustering of datapoints, resulting
in several disjoint clusters of points. The overall irradiance and tem-
perature vary between the different clusters. As one would expect, the
highest module temperatures are observed in the cluster with the highest
irradiance.

Interestingly, one can observe that within the clusters, the irra-
diance and temperatures are also sorted, with some clusters having
opposite trends in irradiance and temperature (i.e., lower temperatures
at higher irradiance levels). This demonstrates UMAP’s ability to effec-
tively cluster data by similarity, capturing the principal trend of rising
temperatures with increased irradiance while also preserving the range
of temperatures observed at similar irradiance levels.

In Fig. 3, we show the UMAP embedding in the two-dimensional
reduced space, where the data have been grouped into eight classes,
labeled A-H, using the HDBSCAN clustering algorithm. For clustering,
we applied a minimum cluster size of 500 data points. As discussed in
Section 2.3, the use of UMAP prior to clustering results in clearly sep-
arated clusters and minimal noise—only about 1% of the data points
were classified as noise. This increased separability is due to UMAP’s
tendency to introduce discontinuities in the data manifold, which can ar-
tificially enhance cluster boundaries even in otherwise continuous data.
Nevertheless, the outcome is a fully unsupervised classification of the
data points, which provides a practical basis for downstream analysis.

Having obtained clusters from the dataset, we now examine the prop-
erties of the individual classes. Fig. 4(a—d) shows representative IV
curves randomly selected from clusters A, B, E, and H. As illustrated
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Fig. 4. (a—d) Exemplary IV curves corresponding to the clusters A, B, E and H in Fig. 2. Cluster A consists of partially shaded IV curves. Cluster E and H have a
similar property of high currents. Cluster B consists of low light IV curves, exhibiting lower currents and a few series resistance effects.

Table 1
Cluster characteristics.
Cluster Characteristics
A Low irradiance and partial shading cluster obtained during mostly
sunny days (see Fig. 4a).
B Very low irradiance cluster on cloudy days.
C A mix of low and mid irradiance cluster during partly cloudy and
sunny days.
D-H Consecutively increasing irradiance and temperature clusters.

in Fig. 4(a), cluster A primarily consists of IV curves affected by par-
tial shading conditions, characterized by step-like features due to the
activation of bypass diodes. In general, the irradiance is low for this
cluster, which is expected since shading typically occurs when the solar
elevation is low and shadows are long.

Cluster B also represents low-light conditions, however, without par-
tial shading conditions. These points are predominantly associated with
overcast skies. The cloudiness index for these instances—defined as the
ratio of diffuse horizontal irradiance (DHI) to global horizontal irradi-
ance (GHI)—is approximately equal to unity. This indicates that DHI ~
GHI, meaning the incoming radiation is entirely diffuse and there is no
direct sunlight.

Fig. 4(c) corresponds to cluster E, which represents higher irradi-
ance conditions, as indicated by the increased current levels compared
to clusters A and B. Fig. 4(d) shows representative IV characteristics
from cluster H. Compared to cluster E, the curves in cluster H exhibit
a lower open-circuit voltage (V,.), which is consistent with the higher
module temperatures observed for this cluster (see also Fig. 2b).

Overall, the unsupervised clustering resulted in physically meaning-
ful groupings, successfully identifying distinct modes of operation within
the dataset. A summary of the clusters and their typical characteristics
in terms of irradiance and temperature is provided in Table 1.

At this point, we wish to highlight the significance of the achieved
classification, particularly in the context of data filtering. Cluster A,
which captures partial shading conditions, serves as a compelling
example of the UMAP/HDBSCAN combination’s ability to identify data
points that, in line with Hawkins’s definition of an anomaly, appear

to be generated by “a different mechanism.” Importantly, this does
not imply that entire clusters—such as cluster A—should be labeled as
anomalous, as the cluster represents a common mode of operation and
is not characterized by noise or faults. Rather, the value of the unsu-
pervised classification lies in its ability to differentiate between distinct
operational modes within the dataset.

To validate our overall unsupervised classification methodology, we
applied the same approach to an independent dataset from a module
in Ancona, Italy. The results of this classification, demonstrating robust
performance across datasets, are detailed in the supplementary material.

In subsequent filtering steps, this knowledge enables targeted exclu-
sion of specific clusters, depending on the filtering objective. However,
it should be noted that the classification is not well-suited for detecting
rare anomalies or faults, as the use of UMAP significantly reduces the
proportion of data points classified as noise.

4.2. Data filtering

To detect rare anomalies, we apply the LOF algorithm in the nor-
malized 12-dimensional feature space. LOF identifies data points whose
(locally approximated) density differs significantly from that of their
neighbors, making it well-suited for spotting isolated or unusual pat-
terns.

Fig. 5(a) shows the anomalies detected by LOF (in red) overlaid
on the UMAP embedding (in gray). The anomalies span a broad range
of irradiance (Gppa) and temperature (7)), affecting multiple clusters.
Notably, some clusters are less susceptible to outliers—for example,
cluster B contains very few anomalous points.

As we benchmark our approach compared to a conventional thresh-
olding method, Fig. 5(b) illustrates the effect of filtering data with
Gpoa < 300W/m?. This simple thresholding effectively removes clus-
ter B and significantly reduces the size of clusters A and C. However,
it is worth noting that portions of cluster A—associated with partial
shading—still remain after thresholding. This highlights a limitation of
basic irradiance thresholds—they may fail to capture more nuanced or
context-dependent data patterns.

To illustrate the impact of LOF-based filtering, we apply IEC 60,891
Procedure 2 to correct all measured data to standard test conditions
(STC). The standard deviation of the corrected short-circuit current is
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to the web version of this article.)

normalized to the nominal Iy gr¢ (C/m) and expressed as a percent-
age, providing a dimensionless metric that reflects the variability of
the data relative to its expected STC value. This normalized percent-
age is plotted against the percentage of filtered data points as shown
in Fig. 5(c), enabling its use as a metric for data quality. Higher values
indicate greater dispersion (noise) and therefore reduced measurement
consistency, while lower values reflect a more stable and cleaner dataset.
Thus, the plot in Fig. 5(c) captures the trade-off between data retention
and residual noise in the filtered dataset.

Furthermore, Fig. 5(c) compares several filtering strategies, includ-
ing simple thresholding at Gpp, > 300 W/m?, LOF-based filtering, and
the removal of specific clusters. By combining these approaches, a Pareto
front of optimal filtering strategies can be constructed to balance noise
suppression with data retention. In this context, clustering enables a
modular approach to filtering, allowing different components (e.g., LOF,
cluster exclusions, thresholding) to be mixed and matched according to
the needs of downstream analysis.
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Compared to pure thresholding, LOF-based filtering combined with
the removal of specific clusters proves highly effective. For instance, the
“LOF + AB” filter — applying LOF alongside the exclusion of clusters A
and B—achieves a lower standard deviation than thresholding, while
discarding only 13.8% (8,251) data points. In contrast, the thresholding
approach removes about 30.6% (18,290) which is more than twice as
many points. To further assess the operational implications of the pro-
posed filtering strategy, its effect is examined in the time domain using
a representative one-week segment of PV data. A comparative illustra-
tion against the traditional irradiance threshold filtering is provided in
Fig. B.8 in Appendix B.

In Figs. 6(a—-d), we present scatter density plots of the corrected I
under standard test conditions as a function of irradiance. Fig. 6(a)
shows the unfiltered dataset. Note that the color scale reflects the es-
timated density of points on a logarithmic scale. At lower irradiance
levels, the spread in the corrected I, increases significantly. Below
300W/m?, the data appear to bifurcate into two branches: one that
remains near the standard I, value of approximately 9 A, and a sec-
ond, lower branch extending down to around 6 A. The lower branch is
attributed to partial shading effects [12].

Fig. 6(b) shows the results after applying the “LOF + AB” filter. The
most notable changes include a clear reduction in overall scatter and
the removal of many points associated with the lower branch. Fig. 6(c)
displays the outcome of applying the simple thresholding filter, while
Fig. 6(d) shows thresholding combined with LOF. A comparison between
Figs. 6(c) and (d) reveals that LOF effectively eliminates isolated data
points that deviate significantly from the expected I, under standard
test conditions.

5. Conclusions

We presented a method based on UMAP and HDBSCAN to achieve an
unsupervised classification of outdoor PV performance data. The method
was demonstrated on a dataset collected from a crystalline silicon mod-
ule operating under outdoor conditions in Arizona. The unsupervised
classification resulted in physically meaningful groupings, including dis-
tinct clusters corresponding to partial shading, low irradiance, and high
irradiance conditions. A key advantage of this approach is its ability to
automatically identify and separate different modes of operation present
in the data.

For anomaly removal, we employed LOF-based filtering. We demon-
strated that the targeted removal of specific classes—such as those
associated with partial shading or low irradiance—enables the con-
struction of flexible, application-specific filters. This was illustrated by
correcting the short-circuit current to standard test conditions and using
the standard deviation of the corrected current as a metric for noise.

Our results show that combining LOF with the removal of selected
clusters outperforms traditional threshold-based filtering (e.g., Gpop >
300 W/m?) in terms of noise reduction, while discarding less than half
as many data points. This demonstrates the potential of our approach to
create more accurate, efficient, and targeted data filtering strategies for
downstream PV data analysis.
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Appendix A. Cluster validation via silhouette analysis
A.1. Methodology

Silhouette analysis was employed to quantitatively evaluate clus-
tering quality across different feature representations. The silhouette
coefficient measures both cluster cohesion (intra-cluster similarity) and
separation (inter-cluster dissimilarity) for each data point, computed as
in Eq. (A.1):

5, = q; — p; ( Al)
max(p;, q;)

where p; represents the mean distance to points within the same cluster

and g¢; represents the mean distance to points in the nearest neighboring

cluster. The global silhouette score ranges from —1 (poor clustering) to

+1 (excellent clustering).

A.2. Comparative results

Silhouette scores were computed for clustering results in both the
original high-dimensional space and the UMAP space.

A.3. Visual analysis

Fig. A.7 illustrates the distribution of silhouette scores across clus-
ters in both representations. The UMAP-embedded space demonstrates
superior clustering performance, with most clusters exhibiting positive
silhouette scores and clearer separation.
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Fig. A.7. Distribution of silhouette scores across clusters in (a) original feature
space and (b) UMAP-embedded space. The red broken line represents the mean
silhouette score for all the clusters. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

A.4. Discussion

The substantial improvement in silhouette score from 0.1496 to
0.5811 as shown in Table A.2, indicates that while UMAP may en-
hance apparent cluster separation, the embedded representation cap-
tures meaningful underlying structure that exists in the original data,
albeit less distinctly.

Table A.2
Comparative silhouette analysis across feature spaces.

Feature space Silhouette score Interpretation

0.1496
0.5811

Weak cluster structure
Reasonable cluster structure

Original space
UMAP space
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Appendix B. Timeseries analysis
B.1. Time-series illustration of filtering strategies

Fig. B.8 illustrates the effect of different data filtering strategies on
a representative one-week segment of PV module measurements. The
week was selected to include periods of moderate-to-high irradiance
where partial shading and irregular behavior are known to occur.

As earlier noted, the traditional threshold-based filter discards all
data points with Gpg, < 300 W/m?, regardless of the electrical response.
In contrast, the proposed approach combines Local Outlier Factor (LOF)
anomaly detection with cluster information obtained from HDBSCAN,
allowing selective removal of locally inconsistent operating points and
cluster-specific abnormal behavior.
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Fig. B.8. Comparison of traditional irradiance threshold filtering and the pro-
posed hybrid filtering approach on a representative one-week time series. Black
markers indicate the raw plane-of-array irradiance Gpy,. Red markers denote
data points discarded by each filtering strategy. Top row: (left) LOF-based
anomaly detection only; (right) traditional irradiance threshold filtering (Gpo, <
300 W/m?). Bottom row: (left) combined LOF and irradiance threshold filter-
ing; (right) proposed hybrid filter combining LOF-based anomalies with selected
HDBSCAN clusters associated with partial shading and abnormal operation. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

By visualizing discarded and retained data directly in the time do-
main, the figure demonstrates that our proposed framework removes
anomalous and shaded operating points while retaining physically con-
sistent measurements that would otherwise be discarded by a simple
irradiance threshold.

Appendix C. Supplementary data

Supplementary data for this article can be found online at doi:10.
1016/j.solener.2026.114351.
Data availability

The authors do not have permission to share data.
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