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Abstract

Photovoltaic plants generate multivariate operating time series from inverter voltage,
current, power output, temperature, string-level generation, irradiance, grid frequency, and alarm
states. These signals are noisy because of cloud movement, shading, sensor drift, weather
fluctuations, and grid-side disturbances. Conventional anomaly detection methods may confuse
normal irradiance-induced variation with inverter degradation or electrical faults. This study
develops a noise-resilient disentanglement method for photovoltaic inverter anomaly detection.
The method first applies conditional diffusion reconstruction to denoise operating signals under
changing irradiance and temperature conditions. A factor-disentanglement module then separates
weather-driven variation, grid fluctuation, and inverter-related abnormal components. An adaptive
residual boundary is used to detect anomalies from denoised inverter-specific representations.
Experiments are conducted on a photovoltaic plant dataset containing 96 solar farms, 12,800
inverters, 284,000 string channels, and 42 operating variables collected at one-minute intervals
over 20 months. The dataset contains 1.34 billion timestamped records and 3,260 confirmed
abnormal events, including inverter overheating, string current mismatch, DC-side insulation
decline, abnormal clipping, grid-frequency disturbance, and MPPT tracking failure. The proposed
method shortens median detection delay from 47.5 minutes to 13.2 minutes compared with a
temporal reconstruction baseline. False alerts decrease to 2.4 cases per solar farm per month. The
denoised current and voltage trajectories show a mean reconstruction deviation of 0.064
normalized units, while weather-related components absorb 71 million cloud-transient windows
before anomaly scoring. The online scoring module processes 64,000 inverter records per second
with a median latency of 33 ms per farm window. These findings demonstrate that denoising and
disentangled representation learning can improve anomaly detection in noisy photovoltaic
operation time series.
Keywords: Photovoltaic plant monitoring; inverter anomaly detection; noisy time series;
diffusion reconstruction; signal disentanglement; renewable energy systems; operational fault

diagnosis.


mailto:lauren.bennett@mcgill.ca

1. Introduction

Photovoltaic power generation has become an important component of modern renewable-
energy systems because of its low operating emissions, modular deployment, and adaptability to
different installation environments. As photovoltaic plants continue to expand in capacity and
geographical coverage, maintaining reliable power conversion and stable grid connection has
become increasingly important. Inverters are critical components in this process because they
convert the direct current generated by photovoltaic modules into alternating current that satisfies
grid requirements. Their operating condition directly affects energy-conversion efficiency, power
quality, system availability, and the overall economic performance of photovoltaic plants. Large
photovoltaic plants continuously collect inverter voltage, current, active and reactive power,
internal temperature, string-level generation, irradiance, ambient temperature, grid frequency,
operating status, and alarm information. These variables form complex multivariate time series
and are affected by both equipment condition and external operating environments. Cloud
movement, partial shading, module temperature, seasonal irradiance variation, dust accumulation,
grid disturbances, and changes in plant control strategies may all cause rapid fluctuations in
inverter measurements. Weak degradation or early-stage faults can therefore be obscured by
normal weather-related changes, while sudden irradiance variation may produce signal patterns
similar to those caused by inverter abnormalities [1,2]. These characteristics make it difficult to
distinguish genuine equipment faults from normal operating fluctuations, particularly in large
plants containing thousands of inverters and string channels. Recent studies have demonstrated
that machine-learning and deep-learning methods can improve photovoltaic fault detection and
predictive maintenance compared with conventional fixed-threshold alarm systems [3,4]. Causal
inference has also been introduced into multivariate time-series anomaly detection to characterize
directional dependencies among variables and support more fine-grained identification of
abnormal components [5]. Such dependency-aware modeling is particularly relevant to
photovoltaic monitoring because inverter, environmental, string-level, and grid variables are
strongly interconnected.

Existing photovoltaic anomaly-detection methods mainly include statistical process
monitoring, power-curve analysis, supervised fault classification, reconstruction-based detection,
and temporal prediction [6]. Statistical methods and rule-based alarms are computationally
efficient and easy to implement, but their performance depends heavily on manually defined
thresholds [7,8]. These thresholds may become unreliable when the operating distribution
changes across seasons, locations, inverter models, or weather conditions [9,10]. Power-curve
methods identify abnormal energy conversion by comparing measured and expected output, but
deviations from the reference curve may also be caused by shading, curtailment, module
contamination, or irradiance measurement errors. Supervised classifiers can recognize known fault
categories when sufficiently representative labels are available [11,12], but large-scale

photovoltaic datasets are usually dominated by normal samples, while fault records are sparse,



incomplete, and inconsistently labeled across plants. Unsupervised and self-supervised methods
have consequently received increasing attention because they can learn normal operating patterns
without requiring extensive fault annotations. Autoencoders detect anomalies according to
reconstruction residuals, whereas recurrent, convolutional, and Transformer-based models often
use forecasting errors to identify deviations from expected temporal behavior [13,14]. These
approaches can capture nonlinear relationships and long-term temporal dependencies, but their
detection scores are often sensitive to noise and operating-condition changes. A model trained
under relatively stable irradiance may produce large residuals during fast-moving cloud events,
although the inverter remains healthy [15,16]. Similarly, grid-frequency deviations, temporary
power curtailment, sensor drift, and communication errors may be incorrectly interpreted as
inverter degradation [17,18]. A single reconstruction or prediction error is therefore insufficient to
determine whether an observed deviation originates from weather conditions, grid behavior,
measurement noise, or the inverter itself. Another limitation is that many existing models learn
entangled representations in which environmental, grid-related, and equipment-related information
is mixed within the same latent features. In photovoltaic systems, irradiance directly affects string
current and active power, temperature affects module efficiency and inverter thermal behavior,
and grid conditions influence voltage, frequency, and reactive-power control. When these sources
of variation are represented jointly, environmental changes may dominate the latent space and
conceal weak equipment-related abnormalities. This problem becomes more serious during the
early stages of capacitor degradation, thermal stress, switching-device deterioration, cooling-
system failure, or maximum-power-point tracking deviation, where abnormal changes may be
small and gradual. Effective inverter anomaly detection therefore requires not only accurate
temporal modeling but also the ability to separate normal environmental variation from
equipment-specific degradation. Recent diffusion models provide a promising approach to noisy
time-series analysis because they learn data distributions through gradual noise perturbation and
iterative denoising [19,20]. Compared with direct deterministic reconstruction, diffusion-based
reconstruction can recover plausible signal trajectories from corrupted or incomplete observations
and may provide greater robustness to stochastic measurement noise. Disentangled representation
learning offers another useful mechanism by separating latent factors associated with different
physical or operational sources [21,22]. In principle, combining conditional diffusion
reconstruction with factor disentanglement can suppress random noise while preserving
meaningful operating variations. However, existing diffusion and disentanglement studies have
mainly focused on general multivariate benchmarks, industrial processes, or limited experimental
datasets. Their application to photovoltaic inverter monitoring remains insufficient, particularly
under large-scale conditions involving heterogeneous plants, inverter models, weather regimes,
and grid environments. Large photovoltaic fleets also introduce practical challenges that are not
fully addressed by small-scale experimental studies [23,24]. Inverters installed at different sites

may operate under substantially different irradiance distributions, temperature ranges,



maintenance histories, and control settings. A globally fixed anomaly threshold may therefore
generate inconsistent results across plants. Excessive false alerts increase the workload of
operation and maintenance personnel and may reduce confidence in automated monitoring
systems. Conversely, insensitive thresholds may delay the identification of gradual degradation
until the fault causes significant energy loss, inverter shutdown, or secondary damage. A scalable
detection method must therefore adapt to local operating distributions while maintaining
comparable detection reliability across different sites and equipment groups.

This study develops a noise-resilient disentanglement framework for photovoltaic inverter
anomaly detection. The framework uses conditional diffusion reconstruction to recover reliable
operating trajectories under changing irradiance and temperature conditions while reducing the
influence of measurement noise and short-term disturbances. A factor-disentanglement module
separates weather-driven variation, grid-related fluctuation, and inverter-specific abnormal
information, allowing anomaly decisions to be based on equipment-relevant representations rather
than mixed residual signals. An adaptive residual boundary is further introduced to accommodate
differences among plants, operating periods, and inverter groups. The proposed method is
evaluated using a large-scale dataset collected over 20 months from 96 photovoltaic plants,
including 12,800 inverters, 284,000 string channels, and 42 operating variables. Through this
framework, the study aims to identify weak inverter degradation more rapidly, reduce false alerts
caused by cloud transients and grid disturbances, and improve the reliability of multivariate
monitoring signals. The findings are expected to support scalable condition monitoring, reduce
unnecessary manual inspections, limit power-generation losses, and provide a practical basis for

preventive maintenance and operational decision-making in large photovoltaic fleets.

2. Materials and Methods

2.1 Samples and Study Area

This study used a photovoltaic plant operation dataset collected from 96 solar farms over 20
months. The monitored system included 12,800 inverters, 284,000 string channels, grid-
connection points, weather stations, and plant supervisory platforms. A total of 42 operating
variables were recorded at one-minute intervals, including inverter voltage, inverter current, power
output, inverter temperature, string-level generation, irradiance, grid frequency, alarm states, and
ambient temperature. The dataset contained 1.34 billion timestamped records and 3,260 confirmed
abnormal events, including inverter overheating, string current mismatch, DC-side insulation
decline, abnormal clipping, grid-frequency disturbance, and maximum power point tracking
failure. All records were collected under real plant conditions, including changing irradiance,

partial shading, seasonal temperature variation, and grid-side disturbance.

2.2 Experimental Design and Control Setup



Two groups were used to evaluate the proposed method. The experimental group used
conditional diffusion reconstruction, factor disentanglement, and adaptive residual boundary
detection for inverter anomaly detection. This group separated weather-driven variation, grid
fluctuation, and inverter-related abnormal components before anomaly scoring. The control group
used a temporal reconstruction baseline, which detected anomalies from reconstruction errors
without separating signal sources. Both groups were tested on the same inverter records and
confirmed abnormal events to ensure a fair comparison. The temporal reconstruction baseline was
selected because it is commonly used in photovoltaic time-series monitoring. This design allowed
comparison of detection delay, false alert rate, reconstruction deviation, cloud-transient

absorption, and online scoring speed.

2.3 Measurement Methods and Quality Control

Inverter voltage, current, power output, temperature, alarm states, and string-level generation
were obtained from inverter monitoring systems and plant supervisory platforms. Irradiance and
ambient temperature were measured by on-site weather stations, while grid frequency was
recorded at grid-connection points. Raw data were checked for missing values, repeated readings,
time-stamp mismatch, sensor drift, and communication errors. Short missing intervals were filled
by linear interpolation, while long gaps caused by device outage were removed from training and
testing. Irradiance and power curves were checked to identify normal cloud-induced transients.
Alarm logs, maintenance reports, and inspection records were used to verify abnormal events and
their time ranges. These steps reduced measurement error and improved the reliability of model

evaluation.

2.4 Data Processing and Model Formulation

All variables were aligned to a one-minute time grid and normalized by z-score
transformation. Let X, denote the noisy inverter operating signal at diffusion step t, and let ¢
denote condition information, including irradiance, ambient temperature, farm location, and grid

state. The conditional diffusion module estimated the denoised operating trajectory as:
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where @, is the cumulative noise schedule and €, is the learned noise estimator. The

factor-disentanglement module separated the latent representation into weather-driven, grid-
related, and inverter-specific components. The inverter anomaly score was calculated as:
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where X; (t) is the observed value of variable 1, X, (t) is the denoised estimate, © ;1S

the normal standard deviation, zinv (t) is the inverter-related abnormal component,and B isa



weighting parameter. An anomaly was detected when A; (t) exceeded the adaptive boundary

learned from normal operation under similar irradiance and temperature conditions.

2.5 Statistical Analysis and Validation

Model performance was assessed using median detection delay, false alerts per solar farm
per month, mean reconstruction deviation, cloud-transient absorption, and online scoring latency.
The proposed method and the temporal reconstruction baseline were compared using paired
statistical tests at a significance level of 0.05. Sensitivity tests were conducted by changing
diffusion steps, residual thresholds, irradiance partitions, and factor-disentanglement weights. All
analyses were performed in Python using NumPy, SciPy, pandas, and PyTorch. Confirmed
abnormal events from maintenance records and inverter alarm logs were used as reference labels

to assess whether detected anomalies matched real inverter faults or grid-related disturbances.

3. Results and Discussion

3.1 Inverter Anomaly Detection under Weather-Driven Noise

The proposed noise-resilient disentanglement method achieved better anomaly detection
than the temporal reconstruction baseline. The improvement was clear for inverter overheating,
string current mismatch, DC-side insulation decline, abnormal clipping, grid-frequency
disturbance, and MPPT tracking failure. The median detection delay decreased from 47.5 min to
13.2 min, showing better sensitivity to early inverter faults. As shown in Fig. 1, photovoltaic faults
can be caused by electrical, physical, and environmental factors, and different faults may produce
similar changes in current, voltage, and power curves. Conventional classification and
reconstruction methods can detect abnormal periods, but they may confuse irradiance variation
with inverter degradation. The proposed method addressed this problem by denoising operating
signals under irradiance and temperature conditions and then scoring inverter-specific residuals.

This design improved detection reliability under cloud movement, shading, and grid-side

disturbance [25,26].
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Fig. 1. DC-side fault types in photovoltaic systems.

3.2 Signal Separation and Reconstruction Quality

The denoised current and voltage trajectories showed a mean reconstruction deviation of
0.064 normalized units, indicating that the diffusion reconstruction module recovered stable
inverter operating patterns from noisy records. Weather-related components absorbed 71 million
cloud-transient windows before anomaly scoring, reducing the effect of normal irradiance
variation on fault detection. As illustrated in Fig. 2, previous photovoltaic anomaly detection
studies often use reconstruction models to detect abnormal signals from power and environmental
variables. These methods are useful for general screening, but they usually treat weather variation
and equipment faults as mixed deviations [27,28,29]. The proposed factor-separation module
divided the signals into weather-driven variation, grid fluctuation, and inverter-related abnormal
components. This made the anomaly score more specific to inverter behavior.
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Fig. 2. Detection result for an abnormal photovoltaic AC power signal.

3.3 False Alert Reduction and Operational Stability

False alerts decreased to 2.4 cases per solar farm per month, which was lower than the
temporal reconstruction baseline. This reduction is important for large photovoltaic plants because
frequent false alarms increase maintenance workload and reduce trust in automatic monitoring
systems. The lower false alert rate was mainly due to the adaptive residual boundary. An operating
window was not marked as abnormal only because current or power changed sharply. It also
needed to show abnormal inverter-specific behavior after weather and grid components were
separated. This rule reduced false alerts caused by cloud transients, partial shading, temperature
changes, and short grid-frequency shifts [31,32]. Compared with reconstruction-only monitoring,

the proposed method produced more stable results across farms, inverters, and seasons.



3.4 Practical Value and Remaining Limitations

The method was evaluated on 1.34 billion timestamped records from 96 solar farms, 12,800
inverters, 284,000 string channels, and 42 operating variables collected over 20 months. The
online scoring module processed 64,000 inverter records per second, with a median latency of 33
ms per farm window. This result suggests that the method is suitable for large-scale photovoltaic
monitoring. The findings show that diffusion reconstruction and signal separation can support
early inverter fault warning, maintenance planning, and plant-level operation management.
However, the method depends on fault-label quality, weather-station coverage, inverter alarm
consistency, and the choice of separation weights. Future studies should test the method under

more climate zones, inverter brands, aging stages, and grid disturbance conditions.

4. Conclusion

This study developed a noise-resilient signal separation method for photovoltaic inverter
anomaly detection. The method combines conditional diffusion reconstruction, factor separation,
and adaptive residual boundaries to reduce weather-related noise and identify inverter-specific
abnormal signals. Tests on 96 solar farms, 12,800 inverters, and 1.34 billion records showed that
the proposed method reduced the median detection delay from 47.5 min to 13.2 min compared
with the temporal reconstruction baseline. False alerts decreased to 2.4 cases per solar farm per
month. The denoised current and voltage trajectories had a mean reconstruction deviation of 0.064
normalized units. Weather-related components absorbed 71 million cloud-transient windows
before anomaly scoring, which reduced false alarms caused by irradiance changes and shading.
These results show that diffusion reconstruction and signal separation can improve detection
accuracy, noise robustness, and fault interpretation in large photovoltaic plants. The method can
support early inverter fault warning, maintenance planning, and plant-level operation
management. However, its performance depends on fault-label quality, weather-station coverage,
inverter alarm consistency, and the choice of separation weights. Future studies should test the
method under different climate zones, inverter brands, equipment aging stages, and grid

disturbance conditions.
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