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Abstract


The increasing integration of photovoltaic systems into modern power grids requires forecasting models that not only provide accurate predictions but also reliable uncertainty quantification under evolving operating conditions. In this paper, we propose an Out-of-distribution-aware time series conformal prediction framework with adaptive retraining, designed to address key limitations of standard conformal prediction methods in temporally dependent and dynamically changing environments. The framework is built upon the Ensemble batch prediction intervals method, which enables distribution-free uncertainty quantification without relying on a fixed calibration set, making it particularly suitable for time series applications. To ensure robustness to distribution shifts, a conformal out-of-distribution detection module is incorporated, where out-of-distribution detection is formulated as a hypothesis testing problem and enhanced through calibration-conditional p-values obtained via the Simes correction, providing conservative false-positive control intended to limit unnecessary model retraining. The proposed framework demonstrates superior performance compared to state-of-the-art approaches in uncertainty quantification, while conformal out-of-distribution detection reduces false positives and the adaptive retraining mechanism ensures effective adaptation to evolving data distributions in real-world scenarios.
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1. Introduction


The rapid integration of renewable energy sources into modern power systems introduces both opportunities and challenges for grid operators. Among renewables, solar photovoltaic (PV) energy has witnessed the fastest growth in installed capacity worldwide. According to the International Energy Agency, global PV capacity is expected to exceed 4000 GW by 2030, highlighting its central role in the ongoing energy transition [1]. However, the inherently intermittent and weather-dependent nature of solar generation presents substantial forecasting challenges [2,3], particularly when forecasts must be translated into uncertainty-aware decision support for operators [4].



Traditional time series forecasting methods, including statistical approaches and machine learning models, typically aim to minimize point prediction errors [5,6,7]. To ensure reliable integration of PV into modern grids, forecasting models must not only provide accurate point predictions but also quantify uncertainty. While deterministic point forecasts are informative, probabilistic forecasts and calibrated prediction intervals are essential for energy trading, reserve scheduling, and risk management [8]. However, point forecasts alone cannot adequately capture the inherent uncertainty of solar generation. This uncertainty becomes critical in operational decision-making processes, where system operators and energy traders require not only predictions but also reliable measures of confidence.



Conformal prediction (CP) has recently emerged as a powerful framework for uncertainty quantification in machine learning, offering valid prediction intervals with user-specified coverage guarantees under the assumption of data exchangeability (Data exchangeability refers to the assumption that the joint probability distribution of a dataset remains unchanged under any permutation of the data samples. This property is less restrictive than the assumption of independent and identically distributed (i.i.d.) data, as it allows for certain dependencies among samples, provided that their joint distribution is symmetric) CP adjusts prediction intervals on the test set by analyzing the residuals obtained from a held-out portion of the training data, commonly referred to as the calibration set. The method ensures statistical validity by transforming point estimates into intervals that, with a predefined probability, capture the true observation [9]. Unlike many probabilistic approaches, CP is model-agnostic, computationally efficient, and provides rigorous finite-sample coverage guarantees. These properties make CP particularly appealing for renewable energy forecasting tasks.



Recent years have witnessed an increasing use of CP techniques for time series forecasting across diverse application areas [10,11]. Nevertheless, only a small number of studies have focused on applying CP to renewable energy forecasting problems, including solar and wind power generation [12,13,14]. In all of these works, standard CP algorithms are employed under the assumption of data exchangeability. However, data exchangeability represents a major challenge when applying standard CP algorithms, as time-series data generated by PV plants typically violate this assumption. To the best of our knowledge, no prior study has explored CP methods explicitly tailored for time series data that do not rely on the exchangeability assumption and are therefore better suited for non-stationary, real-world environments.



The second challenge with CP methods is sensitivity to distribution shifts. When changes in the data distribution occur, the reliability of conformal prediction intervals may decline. For example, under non-stationary meteorological conditions or during sudden operational changes in PV power plants, the coverage guarantees can deteriorate [15]. Addressing this challenge requires approaches that integrate Out-Of-Distribution (OOD) detection with conformal calibration, ensuring prediction intervals remain reliable when covariate shifts occur. Recent contributions in weighted conformal prediction [15], doubly robust calibration [16], and training-conditional coverage [17] emphasize the importance of adapting CP to real-world non-stationary environments. However, no prior work has investigated Conformal OOD (COOD) detection in the context of solar forecasting.



In this work, we propose an Out-of-Distribution-Aware Time Series Conformal Prediction framework with Adaptive Retraining (OOD-CPAR) that jointly addresses both challenges discussed above. To mitigate the first challenge related to the exchangeability assumption, OOD-CPAR builds upon the time-series conformal prediction framework based on the Ensemble Batch Prediction Intervals (ENBPI) method, which relaxes the strict requirement of data exchangeability that constrains conventional CP approaches. This enables the generation of valid prediction intervals for sequential, autocorrelated data produced by PV plants. Second, the framework introduces an adaptive component designed to maintain calibration under non-stationary and OOD conditions. It integrates COOD detection to continuously monitor incoming data streams and selectively retrains the predictive model when significant distribution shifts are identified. The false positive rate (FPR) is defined as the probability that the algorithm falsely signals a distribution shift when the underlying data distribution has not actually changed. By controlling FPR the framework maintains the desired sensitivity level. This control mechanism prevents unnecessary retraining events, ensuring that model updates occur only when distribution shifts are detected, thereby preserving both computational efficiency and consistent predictive reliability.



The main contributions of this paper are as follows:




	
We propose OOD-CPAR, an integrated framework combining time-series conformal prediction, conformal OOD detection, and adaptive retraining for uncertainty-aware PV power forecasting under distribution shifts.



	
We present the first application of a time series CP framework (ENBPI framework) to solar PV plant data, which relaxes the data exchangeability assumption that constrains conventional CP methods.



	
We introduce the first COOD detection mechanism specifically designed for solar forecasting data.



	
One additional contribution of this work is a dataset (upon publication of this work, the PV generation dataset will be made publicly available at [https://github.com/UrosElfak/datasetOOD-CPAR.git], accessed on 5 May 2026) of PV plant production time-series data, which will be made publicly available after publication to support further research in this domain.








By enhancing conformal prediction for time series data with OOD awareness and adaptive retraining, this work bridges the gap between theoretical guarantees and practical deployment of uncertainty-aware forecasting models for renewable energy systems. The remainder of this paper is organized as follows. Section 2 describes the data collection and description. Section 3 reviews theoretical background of conformal prediction algorithms and evaluation metrics. Section 4 introduces the proposed approach. Section 5 presents results and discussion. Finally, Section 6 concludes the paper and outlines directions for future research.




2. Data Collection and Description


The dataset used in this study was collected from a rooftop PV plant located in Vladičin Han, a town in southern Serbia. The system has an installed capacity of 156 kW and consists of three inverters whose output power was continuously monitored from January to December 2023. Measurements were recorded every 5 min, resulting in over 100,000 data samples. For the purpose of this analysis, power output measurements from all inverters were combined to obtain the total system generation, which was then resampled to hourly resolution by averaging the corresponding 5 min values. This procedure provided full temporal alignment with the hourly meteorological data and ensured consistent time synchronization in local time.



Meteorological and irradiance variables were obtained from the Solcast platform [18], which provides a comprehensive set of historical and forecast weather parameters. In total, 27 weather-related variables were retrieved, including global horizontal irradiance (GHI), direct normal irradiance (DNI), diffuse horizontal irradiance (DHI), global tilted irradiance (GTI), clear-sky GHI, DNI, DHI and GTI, air temperature, dewpoint temperature, cloud opacity, albedo, wind direction and wind speed at 10 m and 100 m, relative humidity, surface pressure, precipitable water, precipitation rate, azimuth, zenith, and several snow-related variables (snow depth, snow water equivalent, snow soiling on rooftop and ground). These data were available at an hourly temporal resolution, and correspond to historical weather records. To capture temporal dependencies within the data, additional calendar-based features were derived, indicating the week of year, day of week, and hour of day for each sample. These engineered features enable the model to learn seasonal and diurnal patterns characteristic of solar energy generation.



A preliminary data quality assessment showed no missing values in any of the variables. The presence of statistical outliers was evaluated using the Interquartile Range (IQR) method. The results indicate that all weather and generation variables remain within physically consistent bounds, and no outlier removal or imputation was required. Consequently, the dataset provides a clean and temporally consistent basis for the analysis.



Figure 1 illustrates the distribution of the key meteorological and PV production variables in the dataset. As shown, PV output and global horizontal irradiance (GHI) exhibit a right-skewed distribution, reflecting the natural dominance of low or moderate irradiance values and fewer hours of peak solar production. Air temperature follows an approximately symmetric distribution around its mean, while the wind speed shows a Weibull pattern typical of measurements at low altitudes. Cloud opacity presents two distinct peaks, reflecting clear-sky and cloudy periods. Finally, relative humidity peaks at higher values, indicating the generally humid climate conditions of the site. The x-axes denote the respective measurement units (kW, W/m2, °C, %, m/s), and all distributions are shown after temporal aggregation to hourly resolution. Together, these distributions provide a concise overview of the operational and environmental variability captured in the dataset.




3. Conformal Prediction: Algorithms and Metrics


Uncertainty is an inevitable component of every predictive model, as real-world systems are managed by numerous interacting factors that are either difficult to measure or entirely unobservable. Since models, such as machine learning models, are typically built from limited data and approximations of reality, their forecasts are expectedly subject to different sources of uncertainty.



Accurate quantification of uncertainty is therefore crucial for ensuring the reliability and interpretability of machine learning models. By assessing uncertainty, we can estimate the range of possible outcomes, evaluate the confidence level associated with predictions generated by machine learning models, and support informed decision-making process in risk-sensitive domains. Uncertainty quantification (UQ) enables the assessment of the reliability and informativeness of model predictions, especially in scenarios involving highly intermittent processes, such as solar prediction. A model that cannot provide a measure of its own confidence is inherently limited in transparency and trustworthiness. In contrast, models capable of producing reliable uncertainty estimates enable stakeholders to better interpret predictions, manage risk, and increase reliance on automated decision systems.



Among existing UQ techniques, CP stands out as a robust, model-agnostic, and non-parametric approach that provides statistically valid prediction intervals with guaranteed coverage. Unlike traditional probabilistic or Bayesian approaches, CP does not require explicit assumptions about the underlying data distribution or model structure, making it particularly advantageous in complex, data-driven forecasting scenarios, such as those found in energy systems [19].



Besides CP methods designed for regression tasks that generate prediction intervals, there are also CP approaches developed for classification problems. Since the prediction of PV power output is inherently a regression task, Section 3.1 focuses on CP methods and evaluation metrics tailored to regression settings. Section 3.2 introduces the fundamental concepts of CP for classification are introduced, since OOD detection represents a specific variant of binary classification. A more detailed discussion of the OOD framework and its methodological aspects is provided in the following section.



3.1. CP for Regression


In the context of regression, a conformal predictor consists of several essential components that jointly determine how prediction intervals are constructed and their reliability assessed. It builds upon an underlying regression model that provides point predictions of the target variable, while the conformal prediction framework acts as a post-processing layer that calibrates these predictions to produce valid and adaptive uncertainty estimates without altering the base model itself. The trained base model then generates predictions on a separate portion of the training data, referred to as the calibration dataset. The discrepancies between predicted and true values in the calibration data, known as nonconformity scores, are computed and sorted to form an empirical distribution of model errors. Based on a user-defined significance level α, which determines the allowed error rate (e.g., α = 0.1 implies 90% nominal coverage), an appropriate quantile of the nonconformity score distribution is selected. Next, the base model predicts the target value for a new test input, while the α-quantile of the stored nonconformity scores from calibration defines the interval width around the point prediction. Finally, the conformal predictor outputs a prediction interval   (   y  ^  − d ,   y  ^  + d )   where d reflects the magnitude of uncertainty corresponding to the chosen significance level, and     y  ^    is a predicted value of test set. This procedure ensures that, under the assumption of data exchangeability, the generated intervals achieve valid marginal coverage [20].



The prediction interval construction described above corresponds to the basic CP approach, where a single global interval width is applied uniformly across all test samples. However, some instances are inherently more difficult to predict than others, and assigning them the same level of uncertainty may result in under-coverage or over-coverage. To improve interval quality, adaptive variants of CP adjust the interval width for points that are harder to predict. Several approaches are specifically developed for estimating how challenging a prediction may be. One common method relies on k-nearest neighbors to assess local prediction difficulty, while another, known as CP with Mondrian binning, groups data into Mondrian categories and calibrates uncertainty separately within each group. These two techniques can also be combined to take advantage of both local structure and broader data grouping.



3.1.1. CP with K-Nearest Neighbors as Difficulty Estimator


One widely used approach for adapting interval widths in regression tasks is CP with k-nearest neighbors (KNN). The core idea behind this method is that prediction uncertainty depends on how similar a new sample is to previously seen examples. If the neighborhood around a prediction point is dense and consistent, the model is likely to be more confident; conversely, sparse or highly variable neighborhoods suggest greater uncertainty, requiring wider prediction intervals [21].



Let       y  ^    i     denote the point prediction obtained from the base regression model for calibration sample     x   i    , and     y   i     its true target value. For each calibration sample, the absolute residual is computed as the baseline nonconformity score:


    r   i   =  |    y   i   −     y  ^    i    |   



(1)







To incorporate local difficulty, the average distance to its   k   nearest neighbors in feature space is calculated as:


    d   i   =    1   k      ∑  j ∈   N   k    (  i  )      ‖    x   i   −   x   j    ‖    ,  



(2)




where     d   i     is calculated distace,     x   i     and     x   j     is sample from calibration dataset.



The normalized nonconformity score is then defined as:


    α   i   =      r   i       d   i   − ε    ,  



(3)




where   ε > 0   is a small constant used to avoid division by zero. These scores are stored and sorted to form the empirical error distribution. The nonconformity-score threshold is selected from the empirical score distribution to achieve the specified nominal coverage, which is set to 90% in this study.



Throughout the manuscript,   α ∈ ( 0,1 )   denotes the significance level and   1 − α   denotes nominal coverage. For a set of   n   calibration nonconformity scores     a   1   , …   a   n    , the finite-sample conformal quantile is defined as       q  ^    1 − α   =     a   (  [ (  n + 1  )   (  1 − α  )  ] )     where     a   ( k )     denotes   k  -th order statistic, with the index truncated at   n   when necessary.



Then, using those nonconformity scores     α   ( 1 − α )     the prediction interval is determined just as in the basic variant of CP. The prediction interval is in this case the difficulty estimate of the test point multiplied by     α   ( 1 − α )     added and subtracted from the point prediction (Equation (4), where     P I   t     and       y  ^    t     stand for the prediction interval and point prediction, respectively, of test point   t  , and     d   t     is the neighbor difficulty of test point   t  ).


    P I   t   =  [      y  ^    t   −     q  ^    1 − α   (   d   i   + ε ) ,     y  ^    t   +     q  ^    1 − α   (   d   i   + ε )  ]   



(4)








3.1.2. CP with Mondrian Binning


CP with Mondrian binning extends the standard CP framework by enforcing conditional validity within predefined partitions of the input space. Instead of calibrating prediction uncertainty globally over the entire dataset, the calibration and test samples are divided into disjoint groups (bins), and separate nonconformity distributions are maintained for each group. This allows the prediction intervals to better reflect local characteristics of the data [22].



This method follows a binning strategy where calibration samples are partitioned according to specific value into a fixed number of equally populated bins. The bin thresholds derived from the calibration set are then applied to the test set, ensuring consistent membership assignment. For each bin   b  , a conformal quantile       q  ^    b     is computed from the corresponding nonconformity scores. During prediction, the base model provides a point estimate       y  ^    t     for test sample   t  , and the appropriate quantile value of observed bin is used to form the prediction interval (see (Equation (5)):


    P I   t   =  [      y  ^    t   −     q  ^    b   ,     y  ^    t   +     q  ^    b    ]   



(5)







Since different regions of the prediction space exhibit different error behavior, this method of CP typically yields intervals that are narrower in well-predicted regimes and wider where uncertainty is inherently higher, improving adaptivity compared to basic CP. Prior work has demonstrated that such local calibration can significantly enhance overall efficiency without compromising validity.



According to the findings presented in [12], the application of the mentioned CP algorithms demonstrated that the best performance is achieved through a combination of CP with KNN as a difficulty estimator and CP with Mondrian binning and this unified approach will therefore be regarded as the state-of-the-art method in the remainder of this study.





3.2. CP for Time-Series Data


CP has been extended to the time series setting to enable reliable UQ for sequential and temporally dependent data. Unlike the classical CP framework, which relies on the assumption of exchangeability, time series data typically exhibit temporal dependence, recurring seasonal patterns, and gradual or abrupt changes in their underlying behavior. These characteristics violate exchangeability and may result in invalid coverage or overly conservative prediction intervals if standard CP methods are applied directly. To overcome these limitations, several variants of CP have been developed that explicitly account for temporal ordering and the sequential nature of the data [23].



In time series applications, these adaptations generally rely on constructing nonconformity scores using only past observations and updating them sequentially over time. Common approaches include rolling or sliding window schemes, block-based methods, and online calibration strategies, all of which ensure that prediction intervals are formed using information available up to the forecasting time. By relaxing the strict exchangeability assumption while preserving the distribution-free guarantees of CP, these methods provide a principled framework for UQ in forecasting problems with temporal dependence.



Among the proposed approaches, the ENBPI method represents a notable advancement for CP in time series settings. A key distinguishing feature of ENBPI is that it does not rely on a fixed calibration dataset, which is a common limitation of split conformal predictors. Instead, ENBPI employs a rolling mechanism that continuously updates nonconformity scores as new observations become available, making it well suited for sequential prediction tasks and evolving data-generating processes. This design allows ENBPI to efficiently utilize available data and naturally adapt to changes in prediction difficulty over time, which is particularly important in non-stationary environments. As a result, ENBPI achieves valid marginal coverage under mild assumptions while producing tighter and more responsive prediction intervals compared to traditional conformal methods. These properties make ENBPI a representative and state-of-the-art approach for uncertainty-aware forecasting in time series applications [24].




3.3. Metrics for Uncertainty Quantification


Reliable evaluation of CP models requires metrics that go beyond standard point-wise error measures and explicitly account for UQ, reliability, and adaptivity of prediction intervals. In many real-world applications, and particularly in energy systems and risk-aware decision-making, the usefulness of prediction intervals is determined not only by their empirical coverage, but also by their width, calibration properties, and consistency across different levels of prediction difficulty. Consequently, recent studies emphasize the need for a comprehensive set of evaluation metrics that jointly assess validity, efficiency, and adaptivity of uncertainty estimates rather than relying on coverage alone [8,9].



Marginal coverage remains a fundamental requirement of conformal predictors, ensuring that the true target value lies within the predicted interval with a predefined probability. However, coverage by itself is insufficient, as overly wide intervals may trivially satisfy coverage constraints while providing limited practical value. To address this limitation, sharpness-related metrics such as average interval width are commonly employed to quantify the informativeness of prediction intervals [25]. In addition, calibration-based metrics explicitly penalize predictions that fall outside the interval bounds, thereby capturing the magnitude of miscoverage and its dependence on the chosen significance level.



Furthermore, in adaptive CP methods, interval widths vary across samples to reflect differences in prediction difficulty. Evaluating such adaptivity requires metrics that assess how well coverage is preserved across intervals of different sizes rather than only in aggregate. Size-stratified coverage and related criteria have therefore been introduced to analyze conditional performance and detect regions where uncertainty estimates may systematically fail [26]. Coverage and Breach assess the validity of the prediction intervals, Sharpness measures their efficiency, and CWC provides a combined assessment of coverage and interval width. Together, these complementary metrics enable a concise evaluation of interval reliability and informativeness.



Motivated by their relevance to uncertainty-aware forecasting, this study evaluates prediction-interval performance using Coverage, Breach, Sharpness, and the Coverage Width-Based Criterion. Together, these metrics provide a concise assessment of interval validity and efficiency.



3.3.1. Coverage


Coverage measures the proportion of test datapoints for which the true value lies within the corresponding prediction interval and represents the primary validity criterion of CP:


  C o v e r a g e =    1   N       ∑  i = 1   N     1  (    y   i   ∈  [      y  ^    i   −   ,     y  ^    i   +    ]   )  ,    



(6)




where   1 { · }   denotes the indicator function. In this setting, it is used to evaluate whether the observed target value lies within the predicted conformal interval for each test instance. By averaging the indicator values across the test set, the empirical coverage of the conformal predictor is obtained. Here,     y   i     denotes the true observed value for test point   i  ,       y  ^    i   −     and       y  ^    i   +     represent the lower and upper bounds of the prediction interval, respectively, and   N   is the total number of test samples. For a valid CP model, the empirical coverage should be close to the nominal level   1 −   α .  




3.3.2. Breach


The breach metric explicitly penalizes under-coverage by measuring the deviation from the target coverage level


  B r e a c h =   max   ( 0 ,  (  1 − α  )  − C o v e r a g e   ) .  



(7)







If the achieved coverage is equal to or higher than   1 −   α  , the breach is zero. Otherwise, the breach quantifies the magnitude of the shortfall. Lower values are preferred, as they indicate better adherence to the desired confidence level.




3.3.3. Sharpness


Sharpness evaluates the efficiency of the prediction intervals by measuring their average width


  S h a r p n e s s =    1   N       ∑  i = 1   N     (     y  ^    i   +   −     y  ^    i   −   )   .  



(8)







Narrower intervals correspond to higher sharpness and more informative predictions, provided that adequate coverage is maintained. Sharpness is commonly used as a key efficiency metric in interval forecasting and UQ.




3.3.4. Coverage Width-Based Criterion


The Coverage Width-Based Criterion (CWC) is a composite metric that jointly evaluates empirical coverage and average interval width. Its objective is to reward narrow, informative intervals while penalizing deviations from the nominal coverage level.


  C W C =  (  1 − M W S  )  ·   e   − μ    (  C o v e r a g e −  (  1 − α  )   )    2      



(9)




where MWS denotes the mean width score of the prediction intervals,   C o v e r a g e   is the empirical coverage probability, and   1 − α   represents the nominal confidence level. The parameter   μ > 0   controls the strength of the penalty applied when the empirical coverage deviates from the desired level.



Through its exponential penalty term, CWC strongly discourages models that achieve narrow intervals at the expense of insufficient coverage, while assigning higher scores to methods that simultaneously maintain adequate coverage and small interval widths. As such, CWC provides a concise and informative summary measure for comparing conformal prediction models in uncertainty-aware forecasting tasks.





3.4. CP for Classification


In classification problems, CP provides a framework for constructing prediction sets with guaranteed coverage, rather than outputting a single class label. Instead of returning only the most probable class, a conformal classifier produces a subset of labels that contains the true class with a predefined probability defined by   1 −   α  , denotes the significance level [8,9]. In this context, the significance level represents the tolerated error rate, while   1 −   α   corresponds to the confidence level of the prediction set.



To construct conformal prediction sets, a conformity score function   s ( x , y )   must be defined, which quantifies how well an input sample   x   aligns with a candidate class label   k  . Higher values of   s ( x , y )   indicate stronger conformity between the sample and the assigned label. In practice, a common choice for classification tasks is the softmax probability assigned by the base classifier to class   k  . Although such scores reflect the model’s confidence, they are often miscalibrated, and conformal prediction serves as a calibration layer that transforms them into prediction sets with guaranteed coverage.



For this conformal setting, data are partitioned into a proper training set     X   t r a i n     and a calibration set     X   c a l     of size     n   c a l    . After training the base classifier on     X   t r a i n    , conformity scores are computed on the calibration samples as   s (   x   i   ,   y   i   )  , for    (    x   i   ,   y   i    )  ϵ     X   t r a i n    . A threshold     s   α     is then determined as the empirical   ( 1 −   α  )-quantile of these scores. To ensure finite-sample validity, the quantile level is adjusted as


  q =     |    ( n   c a l   + 1 ) α  |      n   c a l      ,  



(10)




so that the resulting threshold accounts for the finite size of the calibration set and preserves the desired coverage guarantee.



For a new test sample     x   t e s t    , conformity scores   s (   x   t e s t   , y )   are computed for all candidate classes   y   ∈  {  1 ,   … ,   K  }  .   The conformal prediction set is then defined as


      Y  ^    α    (    x   t e s t    )  =  {  y : s  (    x   t e s t   , y  )  ≥   s   α    }  .  



(11)







By construction, the prediction set satisfies the marginal coverage property


  P  (    y   t r u e   ϵ     Y  ^    α    (    x   t e s t    )   )  ≥ 1 − α ,  



(12)




under the exchangeability assumption between calibration and test samples. This guarantee holds on average over different calibration sets and test points. The size of       Y  ^    α    (    x   t e s t    )    reflects predictive uncertainty: smaller sets indicate confident predictions, whereas larger sets arise when the classifier assigns comparable conformity scores to multiple classes or when the input sample is inherently difficult to classify. In this way, conformal classification provides an interpretable and distribution-free framework for uncertainty-aware decision-making.



To evaluate CP in the classification setting, we employ standard performance metrics commonly used in binary classification. This evaluation framework is particularly appropriate in the context of OOD detection, which constitutes a specific case of binary decision-making, where instances are categorized as either in distribution or out of distribution. Accordingly, performance is assessed using FPR and False Negative Rate (FNR), which quantify the proportions of incorrectly classified negative and positive samples, respectively. Complementary measures include True Positive Rate (TPR), also referred to as recall or sensitivity, and True Negative Rate (TNR), or specificity, which capture the ability of the model to correctly identify positive and negative instances.



In addition, we report precision, which reflects the reliability of positive predictions, and overall accuracy, which measures the proportion of correctly classified samples across both classes. To provide a balanced assessment in scenarios where class distributions may be skewed, the F1 score is considered as the harmonic mean of precision and recall. Finally, the Area Under the Receiver Operating Characteristic Curve (AUROC) is used to evaluate the discriminative capability of the model independently of a fixed decision threshold, summarizing the trade-off between TPR and FPR across all possible thresholds [27].





4. Proposed Approach


This section introduces the proposed framework for uncertainty-aware PV power forecasting in non-stationary environments. It begins with the formulation of CP for time series using the ENBPI algorithm, followed by a conformal approach to OOD detection based on statistical hypothesis testing. The section concludes with the integration of these components into a unified pipeline with an adaptive retraining strategy designed to handle evolving data distributions.



4.1. CP for Time-Series Forecasting of PV Data


Effective application of CP to time series forecasting requires a preprocessing pipeline that preserves temporal dependencies while enriching the feature space with informative exogenous variables. In the context of PV power generation, this involves integrating production data with meteorological observations and constructing time-based features that capture inherent periodic patterns. Accordingly, the preprocessing pipeline was designed to preserve the temporal structure of PV production data while enriching the feature space with relevant meteorological and calendar-based information. The raw dataset consists of hourly PV active power measurements for the year 2023, which were merged with corresponding hourly meteorological observations using timestamp alignment. All records were indexed by datetime to ensure strict chronological ordering throughout the analysis.



Following the data integration step, several time-based explanatory variables were constructed in order to capture periodic patterns inherent to PV generation. Specifically, the week of year, day of week, and hour of day were extracted from the timestamp and included as additional predictors. These variables allow the model to account for daily and seasonal periodicity without explicitly imposing parametric assumptions on the temporal structure.



Importantly, no separate calibration set was introduced. Unlike split conformal methods, the ENBPI algorithm does not require an explicit division into training and calibration subsets. Instead, calibration is performed internally through a rolling update of nonconformity scores during the sequential prediction process. This design allows more efficient use of available data while maintaining valid coverage guarantees under temporal dependence.



The ENBPI algorithm constructs sequential, distribution-free prediction intervals without requiring data-splitting. To handle temporal dependencies during the training phase, ENBPI utilizes a block bootstrap procedure to train   B   bootstrap models. Each bootstrap sample preserves local temporal structure, making the procedure suitable for time-series forecasting. The core mechanism of ENBPI relies on constructing leave-one-out (LOO) ensemble estimators. By aggregating bootstrap estimators that have already been trained, it scales efficiently to produce arbitrarily many sequential prediction intervals [24].



Denoting the resulting estimators by       μ  ^     (  b  )    ( · )  , the aggregated predictor is defined as


      μ  ^    a g g    (  x  )  =    1   B       ∑  b = 1   B         μ  ^     (  b  )    ( x )   .  



(13)







Residuals are estimated using out-of-bag predictions in order to avoid optimistic bias. For each training observation, the corresponding residual is computed as


    R   i   =  |    y   i   −     μ  ^    − i   (   x   i   )  |  ,  



(14)




where       μ  ^    − i    (    x   i    )    denotes the prediction obtained by aggregating only those bootstrap models that were not trained on the   i − t h   observation. The empirical distribution of residuals serves as a calibration distribution.



Let       q  ^    1 − α     denote the empirical (  1 − α )  -quantile of these residuals. The ENBPI prediction interval for a new input is then constructed as


    P I   n + 1   =   [   μ  ^    a g g    (    x   n + 1    )  − β       q  ^    1 − α   ,       μ  ^    a g g    (    x   n + 1    )  + β       q  ^    1 − α   ] ,  



(15)




where   β   is an adaptive scaling parameter chosen to stabilize empirical coverage while controlling interval width and creating an asymmetric prediction interval instead of symmetric interval as in other described CP methods.



ENBPI establishes explicit theoretical bounds on both marginal and conditional coverage gaps, ensuring they asymptotically converge to zero without requiring data exchangeability. These guarantees rely on two assumptions: a stable error process with bounded mixing properties and a sufficiently accurate regression learner. In our implementation, these assumptions are strictly addressed. The Block Bootstrap with an experimentally determined length parameter effectively preserves the temporal dependency of the error process, while the hyperparameter-optimized Random Forest ensures that the mean squared error of the LOO estimates vanishes as the sample size increases. Consequently, the proposed pipeline provides asymptotically valid conditional coverage, minimizing the deviation from the target confidence level even in non-stationary environments.



No additional smoothing or recalibration procedures were applied to the conformal prediction intervals. The intervals were evaluated directly as produced by the ENBPI algorithm. The only post-processing operation consisted of restricting the prediction interval bounds to the physically feasible range of PV power output, enforcing non-negativity and a maximum value equal to the installed capacity. This constraint ensures physical consistency of the prediction intervals without altering their conformal calibration mechanism.




4.2. Conformal OOD Detection


COOD is addressed in this work as a problem of anomaly detection, where the objective is to identify input samples that deviate from the distribution of data used for model development. In this setting, the detector is trained exclusively on in-distribution (ID) data, representing normal system operation and is subsequently applied during inference to identify samples that are statistically inconsistent with the training distribution. Such an approach is particularly suitable for PV power forecasting systems, where abnormal conditions may arise due to sensor faults, communication errors, or unexpected environmental conditions.



In many OOD detection approaches, the detection threshold must be selected manually based on heuristic choices or empirical tuning. Such a procedure does not provide statistical guarantees regarding the resulting FPR. Within this framework, CP provides a principled approach for constructing statistically valid decision rules for OOD. Conformity scores obtained on calibration data are used to define a detection threshold through a user-specified significance level, which directly controls the expected FPR [28].



Here, a conformity score function   s  (  x  )    is used to quantify the agreement between a test sample   x   and the ID training data. The conformity score is derived from the anomaly score     s   a    (  x  )    produced by the underlying detection model and is defined as


  s  (  x  )  = −   s   a    (  x  )  ,  



(16)




so that lower conformity scores indicate weaker agreement with the ID data and therefore a higher likelihood that the sample is out of distribution.



The detection procedure can be interpreted as a hypothesis testing problem [8], where the null hypothesis states that a sample originates from the ID data. Statistical evidence against this hypothesis is quantified through conformal p-values computed using conformity scores from a calibration dataset. For a test sample     x   t e s t     marginal conformal p-values are defined as


    p   m a r g    (    x   t e s t    )  =    1 +    ∑  i = 1     n   c a l       1 (   s  (    x   i    )  ≤ s  (    x   t e s t    )  )   1 +   n   c a l      ,  



(17)




where     n   c a l     denotes the size of the calibration set. This formulation includes a finite-sample correction that prevents overly optimistic p-value estimates [29].



Small p-values indicate that the conformity score of the test sample is unusually low compared to the calibration set, suggesting that the sample is unlikely to originate from the ID data. A sample is therefore classified as OOD whenever     p   m a r g    (    x   t e s t    )  ≤   α  .



Under standard conformal assumptions, this decision rule guarantees marginal control of the false positive rate:


  P  (    p   m a r g    (    x   t e s t   , I D  )  ≤ α  )  ≤ α ,  



(18)




meaning that the proportion of ID samples incorrectly identified as OOD does not exceed the chosen significance level on average. This property is particularly important in operational settings, where excessive false positives may reduce the practical usability of the detection system.



Since each incoming observation is evaluated individually using a fixed calibration dataset, the resulting sequence of hypothesis tests becomes statistically dependent [30]. In such cases, marginally valid p-values may still be overly optimistic [29], which can lead to inflated false positive rates.



To address this issue, marginal p-values are adjusted to achieve calibration-conditional validity (CCV) [29]. This is accomplished by applying an adjustment function


    p   C C V    (  x  )  = h (   p   m a r g    (  x  )  ) ,  



(19)




where   h   is value between 0 and 1 and this represent a monotonic correction function derived from the conformity scores of the calibration dataset. The resulting p-values satisfy the CCV condition


  P  (  P  (    p   C C V    (    x   t e s t   , I D  )  ≤ α |   D   c a l    )  ≤ α  )  ≥ 1 − δ ,  



(20)




where   δ   represent a tolerance level for the validity guarantee.



Although several adjustment methods can be applied to obtain CCV [29], in this work only the Simes correction is used, as it demonstrated the best empirical performance on energy system datasets with similar statistical properties [31]. The adjustment function is defined as a piecewise-constant mapping


  h  (    p   m a r g    )  =   b   [ (   n   c a l   + 1 )   p   m a r g   ]   ,  



(21)




where the threshold sequence   b = {   b   0   ,   b   1   ,   … ,   b     n   c a l   + 1   }   is constructed so as to ensure conservative p-value estimates and reliable FPR control under dependence within the calibration dataset [29].




4.3. Overall OOD-CPAR Algorithm


The proposed OOD-CPAR framework integrates CP for time series forecasting with COOD detection into a unified pipeline for reliable PV power modeling. The method combines an ENBPI-based conformal regression model for constructing prediction intervals with a COOD detection module that identifies distribution shifts and triggers model retraining when necessary, while maintaining a low FPR in order to avoid unnecessary retraining.



During the training phase, both components follow a unified data-driven procedure. Historical data are first preprocessed and used to train the ENBPI module, where a Random Forest base model is fitted using block bootstrap resampling, and ensemble residuals are computed to construct prediction intervals. In parallel, the COOD component is trained by fitting an anomaly detection model on ID data and computing conformity scores on a calibration subset. Although a synthetic dataset is used in the evaluation phase of the COOD module, this choice is motivated solely by the ability to explicitly label samples as ID and OOD, enabling controlled and quantitative assessment of detection performance; in practical deployment, the framework assumes a common data source for both components.



In the inference phase, each incoming data point is first preprocessed and passed through the COOD module. An anomaly score is computed and transformed into a conformity score, which is then used to calculate marginal p-values. These p-values are further adjusted using the Simes correction to obtain calibration-conditionally valid p-values. Based on the resulting value and a predefined significance level α, the sample is classified as either ID or OOD.



This decision is further refined through a retraining condition applied to detected OOD samples. Rather than triggering retraining immediately, the proposed approach accumulates such samples over time. Each detected OOD point is temporarily stored, while the ENBPI model continues to produce point predictions and corresponding prediction intervals. Retraining is initiated only when the number of accumulated OOD samples exceeds a predefined threshold, indicating a persistent distribution shift rather than isolated deviations.



Once an OOD sample is detected, a retraining condition is evaluated based on the accumulation of such samples over time. If the condition is not yet satisfied, the sample is temporarily stored and treated within the standard prediction pipeline, where the ENBPI model generates the corresponding prediction intervals. When the predefined threshold on the number of detected OOD samples is reached, all samples observed since the last retraining step are incorporated into the training set, and both the ENBPI and COOD components are updated accordingly. The triggering sample is then re-evaluated under the updated models: if it is classified as ID, the standard prediction process resumes, whereas if it remains OOD, it is retained as such while still producing prediction intervals. This strategy ensures that retraining is not triggered by isolated anomalies, thereby reducing unnecessary updates, while still allowing the framework to adapt effectively to sustained distributional changes.



Figure 2 illustrates the overall algorithm of the proposed framework, where solid lines represent the primary data flow, while dashed lines denote control and information exchange between components. During training, conformity scores computed within the COOD module are transferred to the inference stage and used as a calibration reference for p-value estimation. In the inference phase, the COOD module evaluates each incoming sample and outputs a decision on whether the sample is classified as ID or OOD. This information is then propagated to the decision block of the proposed approach, where it is not used to trigger retraining immediately, but rather accumulated until the number of consecutively detected OOD samples reaches the OOD trigger size. Only upon meeting this condition is retraining activated, which initiates a feedback loop updating both the ENBPI and COOD components.





5. Results


This section first evaluates the ENBPI-based conformal prediction method, followed by the COOD detection framework. Finally, the performance of the proposed integrated two-stage methodology is assessed. This evaluation follows an ablation-style strategy, where the individual components are first tested independently before evaluating the complete two-stage framework.



5.1. ENBPI Performance Evaluation and Sensitivity Analysis


As the first step of the component-wise evaluation, this section assesses the EnbPI uncertainty-quantification component independently of OOD detection and adaptive retraining. Subsequently, the performance of the proposed ENBPI-based approach is compared against SOTA methods. Finally, the robustness of the proposed method is examined by analyzing how its performance varies under different train–test splits and significance levels α.



The used PV production dataset was divided into seasonal subsets in order to mitigate the influence of seasonal variability in solar power generation. Each season was treated as an independent dataset, enabling a consistent evaluation under relatively homogeneous operating conditions.



5.1.1. Residual Window Length Selection


The performance of the ENBPI method depends on the choice of the residual window length, which determines the number of past residuals used for updating prediction intervals. In order to evaluate the influence of this parameter, experiments were conducted for seven different window lengths: 24, 72, 168, 336, 504, 540, and 720 h. For each configuration, prediction intervals were computed separately for all seasons. The results were summarized using the average Coverage and Sharpness values reported in Table 1.



The results indicate a clear trade-off between interval reliability and interval width. Bold values highlight the selected residual window length, which provides the best balance between Coverage and Sharpness and is therefore used in the subsequent experiments. Small residual window lengths (24–168 h) produce relatively narrow prediction intervals but lead to systematic under-coverage. For example, the smallest window length (24 h) achieves the lowest average sharpness but provides insufficient coverage (0.851), significantly below the target level of 0.9. Increasing the window length improves calibration, resulting in a gradual increase in coverage.



Moderate window lengths between 336 and 540 h provide the best compromise between coverage and sharpness. In particular, a window length of 540 h yields coverage closest to the nominal level (0.896) while maintaining moderate interval width. Compared to shorter window lengths, this configuration substantially improves calibration without excessive increase in sharpness.



Very large window lengths, such as 720 h, produce the highest coverage (0.906), exceeding the nominal level and indicating conservative prediction intervals. Although the coverage is improved, the corresponding increase in sharpness suggests wider prediction intervals without a proportional gain in reliability.




5.1.2. Comparison with SOTA CP Methods


In this section, the proposed ENBPI-based time-series CP model (M4) is compared with three baseline approach, including an approach that represents the current SOTA in the literature:




	
M1—CP with KNN



	
M2—CP with Mondrian binning



	
M3—CP with KNN and Mondrian binning [12]








To eliminate the influence of seasonal variability in photovoltaic production, the evaluation was performed separately for winter, spring, summer, and autumn datasets. Within each seasonal dataset, a chronological train–test split was performed to prevent information leakage. Specifically, the first nine twelfths of the observations were assigned to the training set, while the remaining three twelfths were reserved for out-of-sample evaluation. This temporal split preserves the sequential nature of the forecasting problem and reflects realistic deployment conditions in which future values are predicted using past observations only. The comparison includes the following performance metrics: Coverage, Breach, Sharpness and CWC. The seasonal results are presented in Table 2, Table 3, Table 4 and Table 5.



Figure 3 illustrates the relationship between coverage and sharpness across all methods and seasons. The markers represent achieved coverage values, while vertical error bars indicate the deviation from the target coverage level. The bar plots represent the corresponding sharpness values.



Figure 3 illustrates the fundamental trade-off between coverage and interval width. Methods achieving higher coverage values typically produce wider prediction intervals, whereas narrower intervals are associated with lower coverage. While SOTA methods achieve higher coverage in some seasons, this is obtained at the cost of significantly wider prediction intervals.



During winter, the ENBPI model achieves the highest coverage (0.88), closely matching the target value while maintaining competitive interval widths. Although M2 and M3 produce slightly narrower intervals, they exhibit lower coverage and higher deviation from the target level. In spring, the SOTA methods achieve very high coverage values, reaching up to 0.971 for M3. However, this result is associated with substantially wider prediction intervals. The ENBPI model achieves lower coverage (0.851), but with significantly narrower intervals compared to all competing methods. During summer, all methods achieve coverage values close to or above the target level. ENBPI maintains one of the smallest interval widths (52.432), substantially narrower than those obtained by Mondrian-based methods, particularly M3, which produces extremely wide intervals. In autumn, ENBPI produces the narrowest prediction intervals among all methods while maintaining coverage close to the target level. Although M2 and M3 achieve very high coverage values, this again comes at the cost of wider intervals.



Across all seasons, the ENBPI model demonstrates the most balanced performance between reliability and interval efficiency. This observation is further supported by the CWC, which jointly evaluates coverage and interval width by penalizing deviations from the nominal confidence level. ENBPI consistently achieves more favorable CWC values, indicating a better trade-off between calibration and sharpness compared to the SOTA methods. While some competing approaches attain higher coverage in individual seasons, this is generally achieved through overly conservative, wider intervals. In contrast, ENBPI maintains coverage levels close to the target while avoiding unnecessary interval expansion, thereby providing a more efficient and practically relevant solution for PV power forecasting.




5.1.3. Training-Test Split Analysis


An important configuration parameter in the ENBPI algorithm is the ratio between the training and test sets. In order to assess the sensitivity of the proposed approach to this parameter, four different train–test ratios were investigated: 11/1, 10/2, 9/3, and 8/4. These ratios correspond to an analogy in which a full year is divided into twelve months, although the actual partitions were applied to seasonal datasets. The performance of each configuration was evaluated using coverage and sharpness metrics. The obtained results for the mentioned metrics are shown in Table 6 for Coverage and Table 7 for Sharpness.



The coverage results indicate that the 9/3 train–test split provides the most consistent performance across seasons, achieving the best coverage values in winter and summer. In contrast, the remaining configurations either exhibit lower average coverage (10/2 and 8/4) or noticeable deviations from the target level despite larger training sets (11/1). The sharpness results further highlight the sensitivity of the proposed approach to the train–test split, with the 9/3 configuration yielding the narrowest prediction intervals in spring and autumn. Overall, these findings suggest that the performance of the ENBPI model is influenced by the choice of the train–test ratio, with the 9/3 split offering the most favorable balance. In addition, this configuration enables direct comparability with SOTA CP approach, where the ratio between the combined training and calibration sets and the test set typically corresponds to approximately 3:1, which is equivalent to the 9/3 partition used in this work.




5.1.4. Effect of Significance Level   α   on ENBPI Performance


The significance level   α   is a key parameter of the ENBPI method, directly controlling the nominal coverage level   ( 1 − α )   and the width of prediction intervals. In order to evaluate the influence of   α   on interval quality, four values were considered: α ∈ {0.05, 0.1, 0.15, 0.2}. The experiments were conducted separately for each season using the 9/3 train–test split. Table 8 presents the obtained results in terms of average coverage and sharpness for different values of alpha.



The results demonstrate that the empirical coverage closely follows the theoretical target coverage level. Bold values highlight the selected significance level   ( α = 0.1 )  , which provides the target coverage level while maintaining reasonably narrow prediction intervals and is used in the subsequent experiments. For   α = 0.05   the achieved coverage is approximately 0.95 across all seasons, while for   α = 0.1   the coverage is close to the target value of 0.9. Increasing α further results in progressively lower coverage values, approaching the expected levels of 0.85 and 0.8 for   α = 0.15   and   α = 0.2  , respectively. This behavior confirms the proper calibration properties of the ENBPI method.



As expected, the sharpness of the prediction intervals decreases with increasing alpha. Lower values produce wider intervals with higher sharpness values, while larger values result in narrower intervals. For   α = 0.05   the intervals become substantially wider indicating reduced interval efficiency despite high coverage. Among the evaluated configurations, α = 0.1 provides the most favorable trade-off between coverage and sharpness.





5.2. Detection of Distribution Shifts with COOD Detector


In this subsection, we evaluate the performance of the proposed COOD detection framework in identifying distribution shifts in PV power generation data. As the second step, the OOD detector is evaluated independently using controlled synthetic OOD samples with known labels. For this purpose, a synthetic dataset was generated using the Helioscope simulator [32]. The use of a synthetic dataset is motivated by the need for controlled evaluation, as real-world PV datasets typically do not provide explicit labels indicating whether a sample belongs to the ID or OOD regime. In contrast, synthetic data enables direct control over the data-generating process, allowing us to explicitly define and label ID and OOD samples. A detailed model of the real PV power plant used in this study was constructed, incorporating all relevant physical characteristics of the panels and inverters. Based on this model, one year of hourly production data was simulated using meteorological inputs derived from historical records available within the simulator.



The resulting dataset includes key features GHI, DHI, solar angle, air temperature, albedo, and predicted grid power. This dataset was used to train the OOD detection model, where all samples were considered as ID. The data were split into training and calibration sets using a 90:10 ratio, respectively.



To evaluate the OOD detection capability, a test set was constructed from a representative summer month (September), selected to ensure sufficiently active PV generation throughout the period. The first half of the month was retained as ID data, while the second half was modified to simulate distribution shift. This was achieved by applying a multiplicative soiling coefficient to the output power, which resulted in a reduction in the generated power to 60%, while leaving the remaining features unchanged. This step effectively reduced the generated power and emulating the impact of panel dirtiness. In this way, the test set contains both ID and OOD samples under controlled conditions. A two-dimensional PCA projection of the training data, ID test samples, and artificially generated OOD samples is shown in Figure 4. The visualization indicates that even a significant distribution shift induced by simulated soiling is not easily separable, as OOD samples largely overlap with ID data in the feature space.



We first assess the baseline performance of the anomaly detection model, noting that the OOD detection task is addressed through an anomaly detection framework, where ID samples correspond to normal behavior and OOD samples are treated as anomalies. Specifically, an Isolation Forest classifier with automatically determined contamination and default hyperparameters is employed. The results indicate strong discriminative capability, with a high recall and AUROC, but at the cost of a relatively high FPR, which may lead to excessive false positives in practical applications.



Next, we evaluate the COOD detection framework based on marginal p-values. While this approach significantly reduces the FPR compared to the baseline model, it does so at the expense of a substantial increase in FNR. This behavior is expected, as the primary objective of the conformal framework is to control the FPR at a predefined significance level (in this case, α = 0.1), leading to a conservative detection strategy. Importantly, the AUROC remains largely unchanged, indicating that conformalization primarily affects the decision threshold rather than the underlying ranking capability of the detector



Finally, we apply the Simes correction to obtain calibration-conditionally valid p-values. The results show that this adjustment further reduces the FPR compared to marginal p-values, leading to fewer false positives and more stable operation. At the same time, the AUROC remains practically unchanged, confirming that the discriminative ability of the detector is preserved. Additionally, improvements in accuracy and precision are observed, highlighting the benefit of calibration-conditional adjustment in achieving a better balance between reliability and detection performance. The quantitative results are summarized in Table 9.



The marginal and Simes-corrected decisions substantially reduce the FPR, which was an important design objective because false OOD alarms may trigger unnecessary and computationally expensive model retraining. However, the FNR of 0.8038 and recall of 0.1962 show that this conservative behavior comes at the cost of missed OOD samples and potentially delayed adaptation. Thus, the selected operating point prioritizes avoiding unnecessary retraining over sample-level detection sensitivity. This trade-off can be adjusted through the significance level α, increasing α makes the detector less conservative and typically reduces the FNR, but increases the FPR and may consequently lead to more frequent retraining. The operational effect of this trade-off is evaluated in Section 5.3, where the detector is integrated with the adaptive retraining mechanism.




5.3. Evaluation of the Proposed OOD-CPAR Framework


This subsection examines the behavior of the proposed OOD-CPAR framework, with the goal of illustrating how the integration of OOD detection and adaptive retraining influences predictive reliability. The evaluation of the complete OOD-CPAR framework was performed using the measured dataset described in Section 2, with controlled synthetic distribution shifts introduced according to Section 5.2. The analysis emphasizes the practical impact of introducing retraining into a conformal prediction pipeline, particularly in comparison to a static ENBPI model operating without adaptation.



The baseline ENBPI model is compared against the OOD-CPAR framework under different retraining configurations. The retraining mechanism is controlled by a parameter defining the minimum number of consecutively detected OOD samples required to trigger retraining, which directly determines the sensitivity of the system to distribution shifts and results are summarized in Table 10.



The baseline ENBPI model achieves a coverage of 0.853, which falls below the desired level (1 − α = 0.9), indicating that without adaptation the model is unable to maintain reliable uncertainty estimates under distribution shift. In contrast, the OOD-CPAR framework consistently restores coverage across a broad range of retraining configurations, with most settings achieving values close to or slightly above the target level.



A clear trade-off emerges when considering execution time. Frequent retraining (small trigger sizes) leads to a substantial increase in computational cost, whereas larger trigger sizes significantly reduce execution time. Intermediate configurations (e.g., trigger sizes between 10 and 40) provide a favorable balance, achieving reliable coverage with considerably lower computational overhead, making them particularly suitable for practical deployment.



In terms of interval efficiency, the sharpness metric reveals a more nuanced behavior. While one might expect a monotonic relationship where improved coverage is achieved at the cost of wider intervals, the results indicate that sharpness does not vary linearly with coverage. Instead, interval widths fluctuate across configurations, reflecting the interaction between retraining frequency and local data characteristics. Frequent retraining adapts the model more closely to recent data, which can lead to either narrower or wider intervals depending on the variability of the updated data regime, while less frequent retraining results in more stable but less adaptive interval widths. This highlights that the proposed framework does not simply trade sharpness for coverage, but dynamically adjusts interval width in response to underlying distributional changes.



Overall, the results demonstrate that the OOD-CPAR framework effectively enhances the robustness of conformal prediction under distribution shift. By combining statistically controlled OOD detection with adaptive retraining, the approach restores coverage and reduces false positives while providing explicit control over computational cost. The results further indicate that the framework achieves a flexible balance between reliability and interval efficiency, adapting both coverage and interval width to evolving data conditions.





6. Conclusions


The expanding role of solar PV generation in modern power systems demands forecasting approaches that combine high point prediction accuracy with reliable uncertainty quantification. This paper proposed a novel OOD-CPAR to address the critical limitations of standard CP methods in real-world environments characterized by evolving data distributions.



First, to overcome the restrictive data exchangeability assumption, we successfully applied the ENBPI framework to sequential PV production data. Comprehensive seasonal evaluations demonstrated that the ENBPI approach consistently achieves a superior trade-off between statistical reliability (coverage) and interval efficiency (sharpness) compared to state-of-the-art CP techniques, such as KNN and Mondrian binning. While existing methods often achieve target coverage at the expense of impractically wide intervals, the proposed approach maintains nominal coverage while avoiding overly conservative behavior.



Second, we introduced the first COOD detection mechanism explicitly tailored for solar forecasting. By framing OOD detection as a hypothesis testing problem and applying the Simes correction to compute calibration-conditionally valid p-values, the proposed method rigorously controls the FPR while preserving the underlying anomaly detector’s discriminative capability. This prevents too frequent and unnecessary retraining in the overall framework.



Finally, the integration of COOD detection with an adaptive retraining strategy enables the framework to dynamically respond to sustained distribution shifts. Experimental results confirm that OOD-CPAR effectively restores coverage and significantly improves calibration under non-stationary conditions. Furthermore, by requiring a predefined accumulation of OOD samples before triggering an update, the strategy prevents unnecessary retraining, offering explicit control over computational costs.



By coupling robust time-series uncertainty quantification with mathematically grounded distribution shift awareness, this work demonstrates that theoretical coverage guarantees can be maintained in operational forecasting pipelines for renewable energy systems. Although the proposed framework shows promising results, several directions for future work remain. These include the development of more advanced retraining strategies, exploration of alternative OOD detection methods, and validation on additional real-world datasets. Furthermore, extending the framework to multi-step forecasting and other renewable energy domains represents an important avenue for further research.
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The following abbreviations are used in this manuscript:



	PV
	Photovoltaic



	CP
	Conformal prediction



	OOD
	Out-Of-Distribution



	COOD
	Conformal Out-Of-Distribution



	OOD-CPAR
	Conformal Prediction framework with Adaptive Retraining



	ENBPI
	Ensemble Batch Prediction Intervals



	FPR
	False positive rate



	GHI
	Global horizontal irradiance



	DHI
	Diffuse horizontal irradiance



	DNI
	Direct normal irradiance



	GTI
	Global tilted irradiance



	IQR
	Interquartile Range



	UQ
	Uncertainty quantification



	KNN
	k-nearest neighbors



	CWC
	Coverage Width-Based Criterion



	FNR
	False Negative Rate



	TPR
	True Positive Rate



	TNR
	True Negative Rate



	AUROC
	Area Under the Receiver Operating Curve



	ID
	In-distribution
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Figure 1. Distribution of key meteorological and PV variables. 






Figure 1. Distribution of key meteorological and PV variables.
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Figure 2. Overall algorithm. 






Figure 2. Overall algorithm.
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Figure 3. Coverage Deviation and Sharpness by Method and Season. 
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Figure 4. PCA visualization of the feature space for training data and both ID and OOD test samples. 
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Table 1. Average Coverage and Sharpness for Different Residual Window Lengths in ENBPI.






Table 1. Average Coverage and Sharpness for Different Residual Window Lengths in ENBPI.





	Length
	Coverage Avg
	Sharpness Avg





	24
	0.851
	26.6



	72
	0.869
	29.5



	168
	0.874
	31.4



	336
	0.882
	32.2



	504
	0.888
	40.6



	540
	0.896
	35.7



	720
	0.906
	34.8










 





Table 2. Winter performance comparison.
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	Coverage
	Breach
	Sharpness
	CWC





	M1
	0.873
	0.027
	33.533
	0.74



	M2
	0.849
	0.051
	29.016
	0.759



	M3
	0.856
	0.044
	30.528
	0.753



	M4
	0.88
	0.02
	35.656
	0.726







The best result for each evaluation metric among methods M1–M4 is highlighted in bold.













 





Table 3. Spring performance comparison.
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	Coverage
	Breach
	Sharpness
	CWC





	M1
	0.933
	0.000
	50.759
	0.653



	M2
	0.955
	0.000
	50.634
	0.642



	M3
	0.971
	0.000
	63.623
	0.546



	M4
	0.851
	0.049
	37.091
	0.734







The best result for each evaluation metric among methods M1–M4 is highlighted in bold.













 





Table 4. Summer performance comparison.






Table 4. Summer performance comparison.












	
	Coverage
	Breach
	Sharpness
	CWC





	M1
	0.949
	0.000
	53.369
	0.569



	M2
	0.989
	0.000
	74.108
	0.388



	M3
	0.982
	0.000
	105.075
	0.166



	M4
	0.943
	0.000
	52.432
	0.579







The best result for each evaluation metric among methods M1–M4 is highlighted in bold.













 





Table 5. Autumn performance comparison.






Table 5. Autumn performance comparison.












	
	Coverage
	Breach
	Sharpness
	CWC





	M1
	0.964
	0.000
	26.897
	0.562



	M2
	0.989
	0.000
	20.014
	0.639



	M3
	0.985
	0.000
	44.535
	0.293



	M4
	0.91
	0.000
	15.786
	0.756







The best result for each evaluation metric among methods M1–M4 is highlighted in bold.













 





Table 6. Test Set Coverage Results for Different Train–Test Splits in ENBPI Evaluation.
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	Season
	11/1
	10/2
	9/3
	8/4





	Winter
	0.88
	0.829
	0.88
	0.79



	Spring
	0.891
	0.872
	0.851
	0.895



	Summer
	0.926
	0.83
	0.943
	0.932



	Autumn
	0.927
	0.952
	0.91
	0.931










 





Table 7. Test Set Sharpness Results for Different Train–Test Splits in ENBPI Evaluation.






Table 7. Test Set Sharpness Results for Different Train–Test Splits in ENBPI Evaluation.





	Season
	11/1
	10/2
	9/3
	8/4





	Winter
	32.117
	28.497
	35.656
	22.292



	Spring
	40.981
	38.67
	37.091
	45.02



	Summer
	43.908
	47.884
	52.432
	45.144



	Autumn
	16.228
	18.923
	15.786
	18.573










 





Table 8. Average Coverage and Sharpness of ENBPI for Different Significance Levels α.
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	Alpha
	Avg Coverage
	Avg Sharpness





	0.05
	0.95
	52.3



	0.1
	0.9
	35.2



	0.15
	0.85
	26.2



	0.2
	0.79
	18.5










 





Table 9. Comparison of OOD detection methods.
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	Metrics
	Isolation Forest
	Marginal p-Values
	Simes p-Values





	FPR
	0.1957
	0.0641
	0.0338



	FNR
	0.0949
	0.8038
	0.8038



	AUROC
	0.8887
	0.8886
	0.8885



	Precision
	0.5652
	0.4627
	0.6200



	Recall
	0.9051
	0.1962
	0.1962



	Accuracy
	0.8264
	0.7736
	0.7972







Bold values indicate the best result for each evaluation metric, with lower values preferred for FPR and FNR, and higher values preferred for AUROC, Precision, Recall, and Accuracy.













 





Table 10. Performance comparison of baseline ENBPI and OOD-CPAR under different retraining configurations.
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	OOD Trigger Size
	Coverage
	Breach
	Sharpness
	Execution Time (s)





	ENBPI only
	0.853
	0.047
	32.269
	85.73



	1
	0.932
	0
	38.902
	6733.21



	2
	0.929
	0
	37.592
	4513.97



	3
	0.925
	0
	38.711
	4084.82



	4
	0.937
	0
	39.433
	2918.88



	5
	0.922
	0
	39.404
	1912.25



	10
	0.934
	0
	37.738
	1882.33



	20
	0.914
	0
	34.814
	996.45



	30
	0.91
	0
	40.186
	942.51



	40
	0.928
	0
	37.950
	1013.12



	60
	0.923
	0
	38.417
	1042.35



	80
	0.918
	0
	40.690
	1001.07



	100
	0.916
	0
	48.745
	972.56



	120
	0.901
	0
	37.302
	1047.1



	140
	0.891
	0.009
	35.601
	1032.92



	160
	0.884
	0.016
	37.741
	884.67



	180
	0.883
	0.017
	40.504
	912.91



	200
	0.877
	0.023
	33.141
	944.47
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