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Abstract

Accurate photovoltaic (PV) power forecasting is important for grid dispatch, energy-storage
management, and electricity-market trading. This paper presents a PV power forecasting
framework that combines multi-model ensemble learning with multi-perspective inter-
pretability analysis. A 22-dimensional feature set was constructed from irradiance, meteo-
rological, temporal, and lagged-power variables. Five supervised regressors, a zero-shot
Chronos-Bolt-Small time-series foundation model, and six additional forecasting baselines
were evaluated at two PV plants. The three ensemble schemes used only the five supervised
regressors and were compared on the final 20% of the 2019 development data; the complete
2020 period was used only for final evaluation. The selected methods achieved normalized
RMSE values of 0.0350 and 0.0376 at Sites 1 and 2, respectively. SHAP, PDP/ICE, LIME, and
permutation importance were applied to the ensemble model at each site. Recent power-
history features dominated this one-step-ahead forecasting task with a 15 min horizon,
while irradiance features provided additional site-dependent information.

Keywords: photovoltaic power forecasting; stacking ensemble learning; explainable
artificial intelligence; SHAP; partial dependence plot; LIME; multi-site

1. Introduction

The rapid deployment of PV has increased the operational importance of accurate
short-term forecasting. PV output varies with irradiance, cloud evolution, and seasonal
and diurnal cycles [1,2]. Forecasts support unit commitment, reserve allocation, energy-
storage scheduling, and electricity-market bidding [3], and improved forecast accuracy can
assist market operation. Accordingly, this study focuses on forecasting accuracy, a sound
validation procedure, and reliable model interpretation.

According to differences in modeling mechanisms, existing PV power forecasting
methods can be grouped into three categories: physical methods, statistical methods, and
machine-learning methods [1,4]. Physical methods are based on numerical weather pre-
diction (NWP) and the analytical modeling of PV modules; they have a clear physical
meaning and strong interpretability, but are highly sensitive to the accuracy of meteoro-
logical inputs and have difficulty characterizing the rapid movement of cloud clusters at
ultra-short-term scales. Statistical methods, represented by the autoregressive integrated
moving average (ARIMA) model, are simple to build and computationally efficient, but
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their linear assumptions struggle to represent the strongly nonlinear mapping between
irradiance and power [2,5].

In recent years, data-driven machine-learning methods have demonstrated signifi-
cant advantages in PV power forecasting owing to their powerful nonlinear modeling
capability [4,6]. Common model families include gradient-boosted decision trees such
as extreme gradient boosting (XGBoost) [7] and the light gradient boosting machine
(LightGBM) [8], random forests (RF) [9], support vector regression (SVR), and long short-
term memory (LSTM) networks [10]. Solar-forecasting reviews document applications of
these methods across diverse horizons and datasets [4,6,11], while also emphasizing that
comparative performance depends on the dataset, forecast horizon, input variables, and
evaluation design [4,11]. However, a single model often possesses an inherent inductive
bias toward a specific data distribution: tree models excel at capturing thresholds and
interactions among features, neural networks are good at characterizing continuous smooth
mappings, and kernel methods perform well in local neighborhoods or with small samples.
Under different irradiance conditions and different plant characteristics, a single model
struggles to simultaneously achieve high forecasting accuracy and robust generalization;
this challenge is especially relevant in cross-site applications.

To overcome the performance bottleneck of a single model, ensemble learning, which
integrates multiple heterogeneous base learners to optimize the bias—variance trade-off,
has been widely shown to significantly improve forecasting robustness [12]. Among en-
semble approaches, stacked generalization (stacking) [13] performs second-stage learning
on the outputs of the base learners through a meta-learner and can theoretically achieve
performance superior to any single base model; it has been widely applied in solar fore-
casting in recent years [14-16]. For example, Lateko et al. [14] used a recurrent neural
network (RNN) as the meta-learner in a stacking ensemble for short-term PV power fore-
casting and reported improved accuracy; Nguyen et al. [15] used the limited-memory
Broyden-Fletcher—Goldfarb—Shanno algorithm with bounds (L-BFGS-B) to optimize the
weights of base learners, achieving performance superior to deep-learning baselines on a
large-scale plant dataset; Islam et al. [16] further built an interpretable stacking ensemble
model for solar-irradiance forecasting. However, stacking faces unique challenges in time-
series scenarios: if ordinary K-fold cross-validation is used, future information leakage
occurs; when time-series cross-validation (TimeSeriesSplit) is used, the early folds have
insufficient training samples, leading to noisy meta-features; meanwhile, nighttime PV
power is commonly zero, and zero-filled unavailable meta-features cannot be distinguished
from genuine nighttime zeros; in addition, an unconstrained linear meta-learner may yield
negative weights, causing the base models to pull against one another and weakening
the ensemble effect. How to construct a time-series ensemble scheme that both avoids
information leakage and remains robust and reliable still leaves considerable room for
improvement. Stacking, blending, and constrained weighted averaging are established
methods; the present framework differs by combining expanding-window out-of-fold
prediction, NaN masking of unavailable meta-features, non-negative simplex constraints,
and validation-only selection in one time-ordered PV forecasting workflow.

Recent solar and PV studies cover machine-learning forecasting comparisons and
post hoc interpretability analyses [17-22]. Chronos-Bolt can generate zero-shot forecasts
from historical sequences and is therefore evaluated as a modern baseline. SHAP provides
additive feature attribution; PDP and ICE summarize average and sample-level marginal
responses [23,24]; and LIME fits a local interpretable surrogate around an individual
prediction [25]. This study combines these complementary views, reports the consistency
of feature rankings across methods, and reports local fidelity for LIME.
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Although the above studies have made considerable progress, three shortcomings
remain. First, most works adopt only a single XAI method and lack a systematic com-
parison of the consistency among different methods; relying on a single method may
yield one-sided or even misleading conclusions. Second, few studies analyze the spatial
differences in feature importance from a multi-site perspective, making it difficult to an-
swer which factors remain stable under cross-site transfer and which vary significantly
with climate conditions—a question crucial to unified regional modeling. Third, a unified
framework that organically integrates a robust time-series ensemble with multi-perspective
interpretability analysis is still rare.

To address these shortcomings, this paper proposes a PV power forecasting frame-
work integrating a multi-model weighted ensemble with multi-perspective interpretability
analysis and evaluates it on two PV plants with different installed capacities and observed
data characteristics. The main contributions of this paper are summarized as follows:

(1) A time-series ensemble-selection framework is proposed. It combines time-series cross-
validation and NaN masking with a non-negative simplex-constrained weighted-
averaging candidate to reduce nighttime-zero contamination and information leakage,
while selecting among stacking, weighted averaging, and blending using validation
data only.

(2) A multi-perspective interpretability framework integrating SHAP, PDP/ICE, and
LIME is developed. Kendall T and Spearman ¢ are used to quantify feature-ranking
consistency across XAl methods, providing a quantitative basis for multi-method
cross-validation.

(38) A cross-site interpretability comparison is conducted, revealing the spatial stability
of the importance of power-history features and the spatial non-stationarity of the
importance of irradiance features, thereby providing a quantitative basis for unified
regional modeling and model transfer.

The remainder of this paper is organized as follows. Section 2 describes the data,
preprocessing, feature engineering, base models, ensemble scheme, and interpretability
methods; Section 3 presents the results and discussion; and Section 4 concludes the paper
and outlines future work.

2. Data and Methods

The overall workflow of the proposed framework is shown in Figure 1, comprising in
sequence the five stages of data preprocessing, feature engineering, base-model training,
ensemble construction, and multi-perspective interpretability analysis. The framework
takes historical irradiance, meteorological, and power observations as input; after mul-
tidimensional features are constructed through feature engineering, five heterogeneous
base learners are trained; their outputs are fused through the selected time-series ensemble
scheme to obtain the final forecast; and three XAI methods are then jointly used to analyze
the model’s decision mechanism.

2.1. Data Sources and Descriptive Statistics

The experimental data were collected from two PV plants in actual operation, denoted
Site 1 and Site 2, with installed capacities of 50 MW and 110 MW, respectively. The data
span from 1 January 2019 to 31 December 2020 with a temporal resolution of 15 min,
yielding 70,176 records per site. The original variables cover total solar irradiance (TSI),
direct normal irradiance (DNI), global horizontal irradiance (GHI), ambient temperature
(Temp), atmospheric pressure (Pressure), and measured PV power (Power). Neither site
contained missing values in the raw data. Descriptive statistics for each variable are given
in Table 1.
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Figure 1. Overall framework of PV power forecasting and interpretability analysis.
Table 1. Descriptive statistics of the main variables for the two sites.
Site Variable Mean Std. Min. Max.
Site 1 TSI (W/m?) 266.21 367.89 0.00 1359.00
Site 1 DNI (W /m?) 93.26 200.78 0.00 980.00
Site 1 GHI (W /m?) 67.69 111.20 0.00 989.00
Site 1 Temp (°C) 13.15 14.34 —18.20 41.20
Site 1 Pressure (hPa) 913.37 8.74 894.00 936.30
Site 1 Power (MW) 9.67 13.71 0.00 48.32
Site 2 TSI (W/m?) 169.30 248.08 0.00 1041.93
Site2  DNI(W/m?) 122.15 178.99 0.00 751.75
Site 2 GHI (W /m?) 78.30 117.59 0.00 561.80
Site 2 Temp (°C) 13.70 12.04 —13.92 4047
Site 2 Pressure (hPa) 861.04 6.15 844.51 881.67
Site 2 Power (MW) 19.57 27.94 0.00 109.36

As shown in Table 1, the two sites exhibit different observed irradiance and meteoro-
logical distributions. Site 1 has a higher mean TSI, whereas Site 2 has a higher mean DNI
and a lower mean atmospheric pressure. These measured differences provide the basis for
the descriptive cross-site comparison below.

2.2. Data Preprocessing

The raw records were standardized by variable name and sorted by timestamp. Neg-
ative values of physically non-negative quantities were clipped to zero, and power was
normalized by installed capacity C. Because neither source file contained missing values,
no interpolation, forward filling, or backward filling was applied.

Powernorm (t) = Power(t)/C, Powernorm € [0, 1] 1)

Normalization places the power outputs of plants with different capacities on a com-
parable scale, facilitating cross-site modeling and error comparison. After preprocessing,
neither site had any missing values.
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2.3. Feature Engineering

The forecasting task is a strict one-step-ahead prediction at a 15 min horizon. For a
target time t, the model predicts normalized PV power at t using measurements available
at or before t — 15 min and deterministic calendar variables for t. The resulting feature
vector contains 22 dimensions in four groups:

e  The first category contains deterministic calendar features for target time t: hour,
month, day of year, and sine—cosine encodings of hour and month;

e  The second category contains TSI, DNI, GHI, temperature, and pressure observed at
t — 15 min, together with DNI/TSI and GHI/ TSI ratios computed from those observations;

o  The third category contains normalized-power lags at 1, 4, and 96 steps and TSI lags at
4 and 96 steps, all defined relative to target time t;

e  The fourth category contains the four-step mean and standard deviation of TSI and
the four-step mean of power, all computed after shifting the corresponding series by
one interval so that the target value is excluded.

e  The periodicity encoding takes the following form:

. 2r1th 27th
Hourgy, (f) = sin( 24t),Hourcos(t) = cos( 24t) ()
Monthg, (t) = sin(%),Monthms(t) = cos(quzm) 3)

After removal of the first 96 rows required by lag construction, 70,080 target-aligned
samples remained at each site: 34,944 in 2019 and 35,136 in 2020.

2.4. Dataset Partitioning

The 34,944 target-aligned 2019 records formed the development set: the first
27,955 records were the chronological fitting block and the final 6989 records were the
validation and selection block. Five-fold expanding-window TimeSeriesSplit with a
one-step gap generated out-of-fold predictions within 2019. The complete 2020 period
(35,136 records) did not participate in fitting, hyperparameter setting, or scheme selection,
and was used only for final evaluation.

2.5. Base Learners

Five regression models with complementary inductive biases were selected as base
learners to maximize ensemble diversity and to fully exploit the structural advantages of
different models. The gradient-boosting tree methods (LightGBM, XGBoost) minimize a
regularized objective through forward stage-wise additive modeling. Taking XGBoost as
an example, its objective function at the t-th round is

LO = Y 133,557 +x0)) + QL) Q) = YT + A\ w]? )

where 1is the loss function, f; is the t-th tree, Q is the regularization term, T is the number of
leaves, w is the leaf weight, and y and A are regularization coefficients [6]. LightGBM further
adopts histogram-based splitting and a leaf-wise growth strategy to improve efficiency [7].
The key hyperparameter settings of each base learner are given in Table 2. The listed
base-model settings were manually specified and frozen; no grid or Bayesian search was
performed, and no 2020 label was used to tune a base learner or select an ensemble scheme.

Chronos-Bolt-Small was evaluated in zero-shot mode without plant-specific fine-
tuning. Each forecast used only the preceding normalized-power sequence ending at
t — 15 min. The fixed configuration used amazon/Chronos-Bolt-Small, context length 512,
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prediction length 1, and the median forecast. Its predictions were evaluated only as a
standalone zero-shot baseline and were not included in the ensemble candidates.

Table 2. Fixed model and inference settings. Base-learner values were manually specified and frozen;
no grid or Bayesian search was performed, and no test-set information was used.

Model Key Hyperparameters Scaling
. 500 trees; learning rate 0.05; max depth 8; 63 leaves; column
LightGBM subsampling 0.8; L1/L2 =0.1 No
XGBoost 500 trees; learning rate 0.05; max depth 8; row/column No

subsampling 0.8; L1/L2 = 0.1

Random Forest

300 trees; max depth 15; min split 10; min leaf 5 No

SVR

RBF kernel; C = 10; ¢ = 0.01; v = scale; latest 12,000 permitted
training samples

Yes

MLP

Hidden layers 128-64-32; ReLU; Adam; max_iter = 500;
early_stopping = false

Yes

Chronos-Bolt-Small

amazon/chronos-bolt-small; zero-shot; no fine-tuning; context 512;
horizon 1; median forecast

No additional scaler

2.6. Ensemble Construction and Selection

Let M =5 denote the five supervised learning models. Based on their five prediction
streams, stacking, chronological blending, and simplex-constrained weighted averaging
were constructed. The best scheme was selected using only the 2019 validation block; the
2020 test set did not participate in scheme selection.

2.6.1. Stacking

Five-fold expanding-window time-series cross-validation with a one-step gap was
used to generate the supervised out-of-fold meta-features. Positions not covered by a
fold were stored as NaN rather than zero, allowing unavailable meta-feature rows to be
distinguished from genuine nighttime zero predictions. A RidgeCV meta-learner was fitted
on valid out-of-fold rows preceding the final validation block for candidate comparison
and on all valid 2019 out-of-fold rows for final refitting.

2
mingY e, (% — Bo —~ Ly BmZin )+ B ©)

The regularization strength o was selected from {0.01, 0.1, 1, 10, 100} by time-series
cross-validation within the 2019 meta-training data. Five-fold splitting produced valid
out-of-fold predictions for approximately 83.3% of the 2019 records. In Equation (5), 3 is
the intercept and 3 contains the five slope coefficients; the intercept is not penalized.

2.6.2. Simplex-Constrained Weighted Averaging

On the valid fitting rows Q)_fit, the weight vector w was estimated by minimizing
RMSE under non-negativity and unit-sum constraints:

' 1 " N M
w = argmin o Z (yi — Zmz] meim) ,Wm >0, Z wm =1 (6)
it

weRM i€eQge m=1

In Equation (6), ()_fit denotes the valid out-of-fold fitting rows and w contains the five
model weights. SLSQP was used. Candidate weights were fitted before validation and, if
selected, refitted on all valid 2019 out-of-fold rows; 2020 labels were never used.
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2.6.3. Blending

Chronological blending used separate 2019 blocks for base-model fitting, combiner
fitting, and final candidate comparison. RidgeCV was fitted to the five prediction streams
without using any 2020 observations for parameter estimation or selection.

The three ensemble candidates were compared on the same final 20% of 2019, and the
ensemble with the lowest validation RMSE was selected for each site. Separately, the best
of the five supervised models on that block was selected as the statistical comparator. The
2020 test period was evaluated only after both choices were finalized.

2.7. Evaluation Metrics and Baselines

The root-mean-square error (RMSE), mean absolute error (MAE), and coefficient of
determination (R?) are used to evaluate model accuracy; all three are computed on the
normalized-power scale:

RMSE = \/(rll)Zi(yi —9.)? 7)

1 .
MAE = HZiIYi—yil (8)

R2—1_ Zili— ?1)22
Lilyi —9)

where y; and §; are the normalized measured and predicted power of the i-th sample, ¥ is

©)

the measured mean, and n is the number of samples.

The comparison also included 15 min persistence, 24 h seasonal persistence, irradiance-
corrected persistence, empirical smart persistence, seasonal autoregressive Ridge, and a
one-layer GRU. These baselines cover simple persistence, statistical autoregression, and
recurrent neural forecasting. Chronos-Bolt-Small was reported separately as a zero-shot
time-series foundation-model baseline. The empirical smart-persistence profile used the
95th percentiles for each month and 15 min time slot in 2019; the seasonal Ridge used
lagged power and cyclic calendar terms, and the GRU used the preceding 16 multivariate
steps with 32 hidden units and chronological 2019 epoch selection.

The validation-selected ensemble was compared with the validation-selected single
model by a paired day-cluster bootstrap with 5000 resamples, a Diebold—Mariano test on
squared-error loss with heteroskedasticity- and autocorrelation-consistent variance, and a
paired Wilcoxon test on daily RMSE. Holm adjustment was applied across the two sites,
and 95% bootstrap confidence intervals (Cls) are reported.

2.8. Multi-Perspective Interpretability Analysis Methods
2.8.1. SHAP

SHAP, based on the Shapley value from cooperative game theory, decomposes an
individual prediction into the sum of feature contributions. For feature j in the feature set F,
its Shapley value is defined as the weighted average of the feature’s marginal contributions
over all possible subsets S:

0= Tacry g [ B s u i) — £65) 00)

The SHAP explanation model satisfies additivity, local accuracy, missingness, and con-
sistency. Because the ensemble contains heterogeneous base learners, model-agnostic per-
mutation SHAP was used. For each site, 12 background samples from 2019 and 100 evenly
spaced samples from the 2020 test period were used, with five permutations per sample.
The resulting values were used for global importance, beeswarm, and dependence plots.
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Pairwise interaction strength among the eight highest-ranked features was estimated using
Friedman’s H statistic based on two-dimensional partial dependence. SHAP, PDP/ICE,
LIME, and permutation importance were all calculated for the same ensemble model.

2.8.2. PDP and ICE

The partial dependence plot (PDP) characterizes the average effect of a target feature
on the prediction by marginalizing over the remaining features [23,24]:

PDs(xs) = Exc[f(xs, xc)] ~ %Zﬂ f(xs,XC,) (11)

The individual conditional expectation (ICE) shows the marginal response curve of
an individual sample, which can reveal the heterogeneity masked by averaging in the
PDP [24]. In this paper, the range of the PDP curve is used as the PDP-importance measure
of a feature.

2.8.3. LIME

LIME generates perturbed samples in the neighborhood of the instance x to be ex-
plained and fits an interpretable local linear model g, giving the local contribution of each
feature by solving the following optimization problem [25]:

£(x) = argmin, cL(f, g, ) + Q(g) (12)

Here, 7ty is the neighborhood weight, L is the local-fidelity loss, and ()(g) is the
complexity penalty. LIME was applied to the same ensemble model used for SHAP and
PDP/ICE. Three cases were selected deterministically: a median case from 11:00 to 13:59
above the site-specific 90th percentile of last-observed TSI; a median case from 14:00 to 16:59
within the 40-60th TSI percentiles; and a median case from 06:00 to 08:59 with last-observed
TSI above 10 W/m?. Weighted local R? and the absolute gap between the ensemble-model
prediction and the local surrogate are reported.

2.8.4. XAI Consistency Measures
To compare feature rankings from different XAI methods, Kendall’s t-b and Spear-

man’s ¢ were calculated for each pair of rankings. Kendall’s t-b, which accounts for ties, is

defined as
N —ng

v/ (R +1g + ) (ne +ng + ty)

T = (13)

where n. and ng are the numbers of concordant and discordant pairs, and tx and ty are the
numbers of pairs tied only in the first and second rankings, respectively. Values closer to 1
indicate stronger agreement.

3. Results and Discussion
3.1. Exploratory Data Analysis

Figure 2 shows the measured PV power and TSI time series for both sites. Both
variables exhibit clear diurnal and seasonal patterns, with higher peaks in summer than
in winter. Figure 3 shows the correlations among the measured variables. Power was
strongly correlated with TSI (r = 0.95 at Site 1 and r = 0.91 at Site 2) and positively correlated
with GHI, whereas its correlations with temperature and pressure were weaker. Figure 4
compares the distributions of key variables. After capacity normalization, the mean power
was approximately 0.193 at Site 1 and 0.178 at Site 2, as calculated from the values in Table 1.
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Figure 2. Time series of measured PV power and total solar irradiance for the two sites; dashed lines
in the power panels indicate installed capacity. Colors are used only for visual differentiation and

have no quantitative meaning.
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Figure 3. Feature correlation heatmap.

3.2. Comparison of Forecasting Accuracy

The 2020 test performance of the models selected using the 2019 validation data
is shown in Table 3. The validation procedure selected simplex-constrained weighted
averaging for Site 1 and stacking for Site 2. Both selected ensembles achieved the lowest
RMSE and highest R? at their respective sites: the RMSE/R? values were 0.03497/0.9835 at
Site 1 and 0.03758/0.9772 at Site 2. Persistence, statistical, neural, and zero-shot time-series
foundation-model baselines are also included for comparison.
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Figure 4. Boxplot comparison of the distribution of key variables for the two sites; orange lines
denote medians, and blue and salmon boxes represent Sites 1 and 2, respectively.

Table 3. Forecasting performance on the 2020 test period after selection in 2019.

Model SIMAE  S1RMSE S1R? S2MAE  S2RMSE S2 R?
Persistence 0.0213 0.04332 0.9747 0.0202 0.04312 0.9700
Seasonal persistence 0.0605 0.13842 0.7420 0.0539 0.12075 0.7646
Irradiance-corrected persistence 0.0216 0.06342 0.9459 0.0265 0.06687 0.9278
Empirical smart persistence 0.0136 0.03635 0.9822 0.0157 0.03831 0.9763
Seasonal autoregressive Ridge 0.0188 0.03846 0.9801 0.0190 0.03881 0.9757
GRU 0.0475 0.07307 0.9281 0.0390 0.06765 0.9261
LightGBM 0.0149 0.03622 0.9823 0.0170 0.03913 0.9753
XGBoost 0.0152 0.03641 0.9821 0.0174 0.04003 0.9741
Random Forest 0.0137 0.03511 0.9834 0.0158 0.03763 0.9771
SVR 0.1387 0.19498 0.4881 0.1468 0.21268 0.2696
MLP 0.0187 0.03857 0.9800 0.0206 0.04076 0.9732
Chronos-Bolt-Small 0.0167 0.03814 0.9804 0.0179 0.03888 0.9756
Five-model ensemble 0.0138 0.03497 0.9835 0.0167 0.03758 0.9772

Relative to the validation-selected single supervised models (Random Forest at both
sites), the RMSE reductions were 0.41% and 0.14%, respectively, indicating modest gains.
The selected ensembles had MAE values of 0.0138 and 0.0167, slightly higher than those of
empirical smart persistence (0.0136 and 0.0157). Thus, the selected ensembles were superior
in RMSE and R?, but not in MAE.

The coefficients of the ensemble models are shown in Table 4. The selected schemes
were simplex-constrained weighted averaging at Site 1 and stacking at Site 2. Only simplex-
constrained weighted averaging requires non-negative coefficients that sum to one.

The RMSE, MAE, and R? values for the forecasting baselines, standalone models, and
five-model ensembles are compared in Figure 5. Measured and predicted power for the
deterministically selected high- and moderate-irradiance representative days are shown in
Figure 6. These examples were not used for model selection.
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Table 4. Coefficients of the ensemble models.
Model/Term Site 1 Coefficient Site 2 Coefficient Selected Schemes
LightGBM 0.149979 0.225612 S1: simplex-constrained weighted averaging; S2: stacking
XGBoost 0.000000 0.036253 S1: simplex-constrained weighted averaging; S2: stacking
Random Forest 0.827024 0.728456 S1: simplex-constrained weighted averaging; S2: stacking
SVR 0.000000 —0.001228 S1: simplex-constrained weighted averaging; S2: stacking
MLP 0.022997 0.015224 S1: simplex-constrained weighted averaging; S2: stacking
Intercept 0.000000 —0.001738 S1: simplex-constrained weighted averaging; S2: stacking
- Site 1 W Site 2
Test RMSE Test MAE Test R*

‘Seasonal persistence Seasonal persistence Seasonal persistence

Irradiance-corrected persistence Iraciance-corrected persistence Irradiance-corrected persistence

Empirical smart persistence Empirical smart persistence Empirical smart persistence

Seasonal autoregressive Ridge Seasonal autoregressive Ridge Seasonal autoregressive Ridge

GRU GRU GRU

LightGBM LightGBM LightGBM

Random Forest Random Forest Random Forest

Chronos-Bolt-Small (zero-shot) Chronos-Bolt-Small (zero-shot) Chronos-Bolt-Small (zero-shot)
DO’OO O.DIZS 0.0'50 0.0'75 01'00 0.1'25 0.1‘50 0.1'75 0.2;00 0.'00 0.'02 0.64 0.'06 0.'08 0.'10 0.'12 0.'14 I:O

MAE R

Power (MW)

Figure 5. Comparison of the forecasting performance of each model.
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Figure 6. Comparison of predicted and measured power on deterministically selected high- and
moderate-irradiance representative days.

https://doi.org/10.3390/en19153539


https://doi.org/10.3390/en19153539

Energies 2026, 19, 3539

12 of 20

3.3. Global Interpretability: SHAP Analysis

The SHAP global importance and beeswarm results for the ensemble model are shown
in Figures 7 and 8, respectively. The three highest-ranked features were Power_lagl,
Hour_cos, and Hour_sin at Site 1, and Power_lagl, Power_roll4_mean, and Hour at Site 2.
The dominance of Power_lagl indicates persistence-enhanced very-short-term forecasting
rather than only a general irradiance-to-power relationship.

SHAP importance of the ensemble model

Site 1 Site 2
Power lagl Power lagl
Hour _cos Power roll4 mean
Hour _sin Hour
Hour Hour_cos
TSI Power_lag96
Power lag96 Hour _sin
Power roll4 mean - Power lag4
Power lag4 TSI
TSI lag4 - GHI
TSI roll4_mean DNI
GHI 1 TSI _lag4
TSI _lag96 Pressure
0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200 0.00 0.05 0.10 0.15 0.20
mean |SHAP value| mean |SHAP value|
Figure 7. SHAP global feature importance.
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0.0 0.2 0.4 0.6 -0.2 0.0 0.2 0.4

SHAP value (impact on model output)

SHAP value (impact on model output)
Figure 8. SHAP beeswarm plot.

Power_lagl ranked first at both sites. Time-of-day and power-history features oc-
cupied most leading ranks, while irradiance features provided smaller, site-dependent
contributions. The comparison is based on the observed feature distributions at the
two PV plants.

The SHAP dependence and Friedman H interaction results for the ensemble model
are shown in Figures 9 and 10, respectively. They describe fitted associations be-
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tween prior-interval observations and the forecast and are not interpreted as causal
physical mechanisms.
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Figure 9. SHAP dependence plots of key features.
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Figure 10. Feature-interaction heatmap of the ensemble model based on Friedman’s H-statistic.

3.4. Marginal Effects: PDP and ICE Analysis

The PDP and ICE results for the ensemble model are shown in Figures 11 and 12,
respectively. The curves show the average response and sample-level heterogeneity of the
fitted prediction function, complementing the SHAP analysis.
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Partial dependence of the ensemble model
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Figure 11. Partial dependence plots of the ensemble model for Power_lagl and last-observed TSI
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Figure 12. ICE curves of the ensemble model for Power_lagl and last-observed TSI; thin light-blue
curves show individual conditional responses, and orange curves show their mean response.

3.5. Local Interpretability: LIME Analysis

The LIME explanations of the ensemble model under the three deterministically
defined conditions are shown in Figure 13. These conditions are high-irradiance noon,
moderate-irradiance afternoon, and sunrise transition. Each panel includes the local
weighted R?.
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Figure 13. LIME explanations of the ensemble model under three deterministically selected operating
conditions; local weighted R? is reported in each panel. Blue and red bars indicate positive and
negative local contributions, respectively.

For the high-irradiance noon cases, the local weighted R? values were 0.005 at Site 1
and 0.865 at Site 2; the absolute local surrogate gaps were 0.0542 and 0.1094, respectively.
The Site 1 surrogate had very low fidelity and was not used for detailed local interpretation.

For the moderate-irradiance afternoon cases, the local weighted R? values were 0.835
at Site 1 and 0.868 at Site 2; the absolute local surrogate gaps were 0.0685 and 0.1618, re-
spectively. These cases support qualitative local interpretation subject to the reported gaps.

For the sunrise-transition cases, the local weighted R? values were 0.006 at Site 1
and 0.011 at Site 2; the absolute local surrogate gaps were 0.1141 and 0.0779, respec-
tively. Both surrogates had very low fidelity, so their feature contributions were not
interpreted mechanistically.

The LIME cases complement the global SHAP and PDP/ICE results, but local feature
contributions are interpreted only when the reported fidelity is adequate. This avoids
treating a weak local linear surrogate as an exact description of the ensemble model.

3.6. Consistency Analysis of XAI Methods

The comparison of the ensemble-model feature rankings is shown in Table 5. At Site 1,
SHAP agreed most strongly with permutation importance, whereas at Site 2, SHAP agreed
most strongly with PDP.

Permutation importance, SHAP attribution, and PDP range measure different as-
pects of the same ensemble model. Their positive and statistically significant ranking
associations provide a consistency check, while no ranking is treated as a ground-truth
physical attribution.

The comparison of the eight highest-ranked displayed features at each site across the
three methods is shown in Figure 14. Overall, SHAP, PDP, and permutation importance
produced broadly consistent rankings. Power_lagl ranked first at both sites under all
three methods, indicating that short-term power persistence was the dominant driver of
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the forecasts. The highest-ranked features were more stable at Site 2, whereas the rankings
at Site 1 varied beyond Power_lagl, particularly for Power_lag96 and TSI. Thus, the
three methods agreed on the core predictors but were more sensitive to method choice for
features with weaker contributions or stronger correlations.

Table 5. Consistency of feature rankings for the ensemble model among XAI methods.

Site Method Pair Kendall v-b Kendall p Spearman ¢ Spearman p
Site 1 PDP vs. Permutation 0.680 p <0.001 0.871 p <0.001
Site 1 SHAP vs. Permutation 0.758 p <0.001 0.919 p <0.001
Site 1 SHAP vs. PDP 0.732 p <0.001 0.885 p <0.001
Site 2 PDP vs. Permutation 0.576 p <0.001 0.732 p <0.001
Site 2 SHAP vs. Permutation 0.610 p <0.001 0.747 p <0.001
Site 2 SHAP vs. PDP 0.688 p <0.001 0.831 p <0.001

Site 1 Site 2

259

Rank
o

104
-@- Power lagl ~@- TSI
Hour cos ~ =@- Power lag96

SHAP PDP Permutation SHAP PDP Permutation

Figure 14. Comparison of the eight highest-ranked displayed features among the three methods
(bump chart).

3.7. Cross-Site Interpretability Comparison

The cross-site comparison of normalized ensemble-model SHAP importance is shown
in Figure 15, and the ranking differences are summarized in Table 6. Recent power-history
features were important at both sites, while several irradiance features changed rank.

Table 6. Cross-site differences in ensemble-model SHAP rankings (excerpt in descending order of
rank difference).

Feature Site1 ISHAP| Site1 Rank Site 2 Rank Rank Diff.
DNI 0.00027 21 10 11
Power_roll4_mean 0.00216 7 2 5
TSI _lag96 0.00138 12 17 5
Pressure 0.00047 17 12 5
DNI_TSI_ratio 0.00081 14 18 4
DayOfYear 0.00043 18 14 4
Hour_sin 0.00501 3 6 3
TSI 0.00402 5 8 3
TSI _roll4_mean 0.00142 10 13 3
TSI_roll4_std 0.00118 13 16 3
Temp 0.00050 16 19 3
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Cross-site SHAP importance of the ensemble model
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Figure 15. Cross-site comparison of normalized ensemble-model SHAP importance for the two sites;
the logarithmic axis and vertically offset markers improve the visibility of secondary features.

Power_lagl ranked first at both sites, whereas the supporting power-history, time,
and irradiance features showed larger rank differences. This result supports site-aware
calibration within the two evaluated PV plants.

3.8. Error Analysis

The time-of-day and monthly error distributions of the ensemble model are shown in
Figure 16. Errors were concentrated mainly during daylight hours, when PV output was
non-zero and more variable. This diagnostic was not used for model selection.

3.9. Comprehensive Discussion

The ensemble comparison used schemes and single-model comparators selected on
the 2019 validation block. Relative to Random Forest, the Site 1 RMSE reduction was
0.41% (95% day-cluster bootstrap CI [0.24, 0.59]%). Relative to Random Forest, the Site 2
reduction was 0.14% (95% CI [—0.07, 0.35]%). The Holm-adjusted Diebold-Mariano and
Wilcoxon p-values were 2.06 x 107 and 2.21 x 10~* at Site 1, and 0.215 and 0.380 at
Site 2, respectively. The Site 1 interval excluded zero, whereas the Site 2 interval included
zero; statistical support was therefore obtained only at Site 1. These forecasts can support
short-term dispatch and electricity-market operations.

SHAP, PDP/ICE, LIME, and permutation importance were all applied to the ensemble
model. The global rankings agreed that recent power history was important. LIME was
interpreted separately and only in proportion to the reported local fidelity of each case.

The two sites show similar importance for recent power history and larger differences
for some irradiance features. This is evidence of site dependence within the present dataset
and may inform site-aware model transfer and calibration.

The study is limited to two PV plants, a single 15 min horizon, and observation-based
inputs without NWP forecasts. Model-agnostic SHAP and Friedman H were estimated
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on fixed subsamples, and LIME was interpreted only when local fidelity was adequate.
Chronos-Bolt-Small was evaluated as a fixed zero-shot standalone baseline without plant-
specific fine-tuning.
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Figure 16. Hourly MAE and monthly RMSE of the ensemble model in MW.

4. Conclusions

This paper proposes and validates a PV power forecasting framework that integrates
a multi-model weighted ensemble with multi-perspective interpretability analysis. The
main conclusions are as follows:

(1) The selected ensemble achieved the lowest RMSE among the evaluated methods at
both sites. The improvement over the validation-selected Random Forest was modest
and statistically supported only at Site 1.

(2) The multi-perspective interpretation results show that the XAI methods generally
agree on the core features but exhibit some method sensitivity for weakly contributing
or highly correlated features.

(8) Across the two sites, historical-power features showed more stable importance rank-
ings, whereas irradiance features showed larger site-dependent differences, indicating
that site-aware calibration may be needed for model transfer.

Future work will extend the analysis to additional plants and forecasting horizons,
incorporate NWP inputs, evaluate weather-aware foundation models, and assess the
stability and transferability of ensemble-model explanations.
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