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Abstract

With the rapid expansion of distributed photovoltaic installations, the intermittent and fluctuating
nature of their output power poses challenges to grid dispatch and operational stability. Physical mod-
els offer good interpretability but suffer from limited accuracy under complex meteorological conditions.
Pure data-driven methods lack sufficient generalization under extreme operating conditions, and existing
hybrid approaches often employ static weights that struggle to adapt to environmental changes. To ad-
dress these issues, this paper proposes a photovoltaic power forecasting method that integrates physical
mechanisms with multi-scale deep learning. The key innovations of this method include: (1) A non-
uniform error compensation strategy based on irradiance interval segmentation to enhance the accuracy
of the physical branch across different light intensity ranges; (2) Construction of a 37-dimensional physi-
cally enhanced feature system incorporating meteorological, temporal, physically derived, and statistical
interaction features, utilizing a parallel Multi-scale CNN (kernel lengths 3/7/15) combined with BiLSTM
architecture to extract multi-scale temporal characteristics; (3) A dynamic weighted fusion mechanism
based on four-dimensional confidence levels (irradiance, temperature, time, and weather stability) to
achieve complementary environmental perception between physical and data-driven models. Validation
using 15-minute resolution annual measurement data from a prefecture-level city photovoltaic power sta-
tion demonstrates significant improvements over pure physical and pure neural network approaches in
metrics including MAE, RMSE, and R? (example results: MAE = 3.571 kW, RMSE = 6.384 kW, R*=
0.9781). Ablation analysis further validated the effectiveness of each module. By balancing physical
consistency with data-driven expressiveness, this approach provides practical value for enhancing the
accuracy of photovoltaic power forecasting and improving engineering applicability.

Keywords: Photovoltaic power forecasting Feature engineering Adaptive fusion Multi-scale feature extrac-
tion Dynamic weight allocation

1 Introduction

In the context of the global energy transition toward decarbonization, photovoltaic (PV) power generation
has emerged as a critical component of renewable energy systems due to its clean, low-carbon characteristics
and sustainability (1; 2). According to the International Energy Agency (IEA), as illustrated in Figs. 1 and
2, global renewable energy capacity additions have maintained continuous growth for 22 consecutive years.
In 2024, newly installed renewable capacity reached approximately 700 GW worldwide, with PV accounting
for nearly 80% of this total. Annual electricity generation from solar PV and wind increased by a record 670



TWh, compared to increases of 170 TWh for natural gas and 90 TWh for coal. Notably, in the European
Union, the combined generation share of solar PV and wind exceeded that of coal and natural gas for the first
time. In the United States, solar PV and wind generation reached 16% of the total, surpassing coal-based
generation. In China, solar PV and wind contributed approximately 20% of total electricity generation (3).
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High-precision photovoltaic power prediction serves as a crucial technical foundation for optimizing grid
dispatching, enhancing the capacity to integrate renewable energy, and ensuring the safe and reliable oper-
ation of the power system. However, the large-scale integration of photovoltaic systems, while promoting
clean energy, introduces new challenges for the safe dispatching and stable operation of the power grid. Var-
ious meteorological factors, including solar irradiance, environmental temperature, changes in cloud cover,
and humidity, influence the output of photovoltaic power generation. These factors contribute to significant
randomness, intermittency, and nonlinearity in power generation. This volatility complicates the stable pre-
diction of power system output, thereby increasing the demand for reserve capacity, reducing the dispatching
flexibility of the system, and leading to curtailment issues in certain regions (4; 5; 6; 7; 8). For example, in
2023, China experienced a waste of approximately 7.3 billion kilowatt-hours of photovoltaic power, resulting
in a curtailment rate of 2.3% and direct economic losses exceeding 3 billion yuan. Consequently, the devel-
opment of a high-precision and robust photovoltaic power prediction model is of considerable theoretical and
engineering significance for improving the efficiency of power grid dispatching, facilitating the operation of
the power market, and advancing the planning of energy storage systems.

Existing photovoltaic power generation forecasting methods primarily fall into three categories: physics-
based models, data-driven models (statistical models and machine learning models), and hybrid models
(combinations of the aforementioned approaches) (9; 10; 11; 12; 13). Physics-based models are typically
constructed based on solar geometry, radiation transfer, and thermodynamic processes, offering good inter-
pretability. However, as noted by several researchers (14; 15; 16; 17), their forecasting accuracy heavily relies
on high-quality meteorological inputs and exhibits significant limitations under complex weather conditions.

Data-driven models encompass a range of statistical and machine learning approaches. Traditional sta-
tistical models, such as the Autoregressive Integrated Moving Average (ARIMA) and exponential smoothing
methods, have been extensively investigated and demonstrate effectiveness for stationary or periodic se-
quences; however, their capacity to capture complex nonlinear relationships remains limited (18). To address
this limitation, machine learning models have been introduced, which excel at handling nonlinear relationships
by establishing specific mappings between input and output data through model training (19). Representative
examples include Support Vector Regression (SVR), Random Forests (RF), and Artificial Neural Networks
(ANN), all of which have been successfully applied to PV forecasting tasks (20; 21; 22).

Currently, artificial intelligence has emerged as the cornerstone of PV forecasting methodologies. In the
era of big data, deep learning is progressively surpassing traditional neural networks and conventional machine



learning models. In recent years, deep learning methods have achieved significant advancements in PV power
forecasting. Convolutional Neural Networks (CNNs) have been employed to extract local spatio-temporal
features through multi-scale convolutional kernels. Long Short-Term Memory (LSTM) networks and their
bidirectional variants (BiLSTM) effectively capture temporal dependencies; Wang et al. (23) proposed an
accurate solar PV power prediction interval method based on frequency-domain decomposition and LSTM
model. Meanwhile, Gated Recurrent Units (GRU) offer comparable predictive performance while reducing
computational complexity. The Transformer architecture and its variants—including Informer, Autoformer,
and Temporal Fusion Transformer—have demonstrated exceptional capabilities in modeling long sequences
through multi-head self-attention mechanisms. Piantadosi et al. (24) developed a Transformer-based frame-
work specifically for photovoltaic power forecasting. Furthermore, Yuan et al. (25) proposed a multistep
photovoltaic power forecasting method based on multi-timescale fluctuation aggregation attention mecha-
nism and contrastive learning, enabling adaptive learning of dependencies across different temporal scales.
Given the inherent complexity of time series data and the limitations of single-model approaches, hybrid
architectures combining Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs)—
such as CNN-LSTM, LSTM-CNN, and CNN-GRU—have been widely adopted and have demonstrated strong
capabilities in photovoltaic power generation forecasting (26). Nevertheless, purely data-driven approaches
suffer from three core deficiencies, as identified in recent studies (27; 28): (1) Physical inconsistency—
models may generate predictions that violate fundamental physical laws (e.g., non-zero power output during
nighttime hours, output exceeding rated capacity); (2) Insufficient generalization—model performance signif-
icantly degrades under extreme weather conditions that fall outside the training data distribution; (3) Lack
of interpretability—the inherent “black-box” nature of these models renders predictions difficult to trace and
limits the potential for human intervention and domain knowledge integration.

To address these limitations, several hybrid prediction frameworks that integrate physical prior knowledge
with data-driven models have been developed in recent years (29; 30; 31). These approaches aim to balance
model interpretability with data learning capabilities by embedding physical constraints within neural net-
works or by incorporating outputs from physical models. However, current fusion strategies primarily utilize
static weighting or simple concatenation methods, which do not adaptively adjust the credibility of submod-
els in response to varying environmental conditions. This limitation constrains the models’ adaptability and
robustness in non-stationary time-series scenarios.

Addressing the limitations of traditional data-driven models lacking physical constraints and the sus-
ceptibility of physical models to environmental influences, this study introduces a novel photovoltaic power
prediction framework termed PhysFusionNet. This framework employs a dual approach combining data and
models to achieve comprehensive deep fusion learning, seamlessly integrating the photovoltaic physical model
with a deep neural network at both the feature and decision-making layers. Notably, the predictions gen-
erated by the physical model not only contribute to the final fusion output but also serve as crucial input
features for the deep network, thereby harmonizing mechanism constraints and data-driven learning within
the network. Comprising five essential modules—data preprocessing and quality control, enhanced feature
engineering, physical model branch, deep learning branch, and environmental perception fusion layer—this
framework represents a significant advancement in the field.

1. Non-uniform error compensation based on irradiance intervals and physical model improvement: Ad-
dressing the issue of uneven error distribution under varying light conditions in traditional physical
models, this paper proposes a non-uniform error compensation strategy based on irradiance interval
segmentation. Irradiance intensity is categorized into three intervals: low light (<200 W/m?), medium
light (200-500 W/m?), and high light (>500 W/m?). A robust statistical measure (median ratio)
is employed to determine calibration factors, effectively reducing systematic biases in the physical
model across multiple operating conditions. Furthermore, a wind speed—temperature coupling correc-
tion mechanism was incorporated into the traditional NOCT model, constructing an improved physical
model that accounts for wind cooling effects. This significantly enhances the benchmark prediction
capability and environmental adaptability of the physical branch.

2. Feature engineering for physical knowledge enhancement: Construct a 37-dimensional physical knowl-
edge enhancement feature space, integrate basic meteorological features, cycle time coding, physical
derived features, interactive features, and temporal statistical features to achieve deep integration of
multi-source information. This feature system significantly improves the representation ability of the



model while maintaining interpretability. The prediction results of the physical model not only par-
ticipate in the final fusion but also enter the deep network as important input features to achieve
end-to-end fusion of mechanism information and data learning, so that the model naturally follows
physical constraints during the training process.

3. Multi-scale Feature Extraction and Physical Constraint Embedding: A parallel multi-scale
convolutional-bidirectional LSTM (BiLSTM) architecture is designed with convolutional kernel lengths
of 3, 7, and 15 to capture short-term fluctuations, medium-term trends, and long-term periodic features,
respectively. BiLSTM further models temporal dependencies to achieve global spatio-temporal feature
extraction. Simultaneously, we incorporate physical consistency constraint layers (non-negativity, ca-
pacity limits, nighttime zero power, etc.) into the network to ensure predictions align with fundamental
PV power physics, enhancing the model’s engineering credibility.

4. Environment-Aware Dynamic Fusion Mechanism: We propose a four-dimensional dynamic weighting
strategy based on irradiance, temperature, time, and weather stability confidence to adaptively adjust
the fusion ratio between physical and data-driven models. This mechanism maintains prediction robust-
ness and generalization capability under variable meteorological conditions, overcoming the limitations
of traditional static weighting methods.

The proposed dual-driven framework, PhysFusionNet, effectively balances physical consistency with data
learning capabilities, thereby significantly enhancing prediction accuracy and robustness. The model demon-
strates strong generalization performance across diverse meteorological conditions, offering a viable new
approach for intelligent and engineering-oriented PV power forecasting applications.

The remainder of this paper is organized as follows: Section 2 details the proposed methodological frame-
work; Section 3 introduces the experimental setup and datasets; Section 4 presents experimental results with
in-depth analysis; Section 5 discusses the method’s strengths, limitations, and future directions; Section 6
concludes the paper.

2 Methods

The proposed model-data dual-driven photovoltaic power forecasting framework comprises five core modules:
data preprocessing and quality control, enhanced feature engineering, physical model branch, deep learning
branch, and intelligent fusion decision layer. Adopting an end-to-end learning paradigm, the framework
achieves a complete workflow from raw data to final predictions.

As shown in Fig. 3, raw data enters through the data acquisition module, which includes the collection
and integration of multi-source meteorological parameters such as solar irradiance, temperature, humidity,
and wind speed. This data proceeds through the data quality control module for cleaning, missing value
imputation, and outlier handling. Subsequently, the signal separation module employs a multi-stage IIR
filter to decompose the data into trend, seasonal, and residual components. These components are then fed
into the enhanced feature engineering module, followed by processing through the physical model and data-
driven model branches. The outputs of these branches ultimately converge in the environmental perception
fusion layer for dynamic weight fusion. Figure 3 illustrates the overall system architecture and detailed data
flow.

2.1 Data Preprocessing

The quality of raw data directly impacts model performance. The data cleaning process includes:

2.1.1 Missing Value Handling

A segmented strategy is employed to handle missing values, accommodating different lengths of missing data:
Short-term missing data: When missing values occur consecutively for no more than four time steps,
linear interpolation is used to fill in the gaps. Based on the linear relationship between known data points,
this method reasonably estimates missing values using the formula:
Ti—1
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where x; denotes the estimated value of the ith missing value, x;_1 denotes the known value preceding the
missing value, x;4, denotes the nth known value following the missing value, and k denotes the step size
from x;_1 to the current missing value.

Long-term missing values: For missing values spanning more than 4 consecutive time steps, first use
nearest-neighbor interpolation to obtain initial fill values. Then apply smoothing to the filled data to reduce
abruptness caused by interpolation, ensuring the data better aligns with the overall trend.

Tt if ¢ < tmin
z(t) =< x4 if £ > tmax (2)
interpolated by Eq.(1), otherwise

next ?

prev?

where t,ex¢ denotes the most recent subsequent non-missing value time point, and ?,.ev denotes the most
recent preceding non-missing value time point. Specifically, when time ¢ is less than the minimum time ¢,
the most recent subsequent non-missing value is used to fill the gap; when ¢ exceeds the maximum time ¢y,
the most recent preceding non-missing value is used to fill the gap.

2.1.2 Outlier Detection and Handling

Identifying Outliers Using Physical Constraints and Statistical Methods. Physical constraints are limitations
on data ranges based on actual physical significance. Define the physical constraint function I':

I ifx<l
Iz, l,u)=<u ifz>u (3)

x otherwise

The constraint boundaries for each variable are:

G = I'(Genr, 0, 1500)
Gpni = I'(Gpwi, 0, 1000)
GDHI I'(Gpnr, 0,800)
¢iie = I'(Gie, 0, 1500) (4)
b = L' (Tamb, —20, 60)
Vind = I (Vwind, 0, 30)
ret = I'(Hyel, 0,100)

The function I" constrains each variable (such as global horizontal irradiance Ggni, direct normal irradi-
ance Gpni, ambient temperature Ty, etc.) within reasonable physical limits (taking the lower bound [ if
below the lower limit, taking the upper bound w if above the upper limit, and otherwise retaining the original
value).

For power output P, a fractional-based outlier detection method is employed, with the formula defined
as:

0 ifP<0
P*=1{ Qg if P>2-Qq (5)
P otherwise

where Qg9 = quantile(P,0.99) represents the 99th percentile of the power. Specifically, when the power is
less than 0, it is adjusted to 0; when it exceeds twice the 99th percentile, it is adjusted to Qgg; otherwise, it
retains its original value.

These methods ensure data remains within reasonable bounds through physical principles and statistical
properties, providing high-quality inputs for subsequent analysis or modeling.



2.1.3 Data Standardization

Z-score standardization is employed:
L — Mtrain

Tnorm — — (6)

Otrain
Anti-standardization:

T = Tnorm * Otrain T Htrain (7)

where fitrain and oirain represent the mean and standard deviation of the training set, respectively.

2.2 Physical-Model Enhancement and Nonuniform Error Compensation Strat-
egy
2.2.1 Photovoltaic Physical Model

Developing a physical model based on the mechanism of photovoltaic power generation:

G (t
Pphysical (t) - g,it(f) : Pnom * Mirrad (t) : ntemp(t) : nsysteln (8)
re

where Gy (t) is the irradiance on the tilted surface (W/m?), Pyom is the nominal power capacity (kW),
Mirrad (t) 1s the irradiance-related efficiency factor, nemp(t) is the temperature correction factor, and 7system
represents system-level losses (including inverter efficiency, line losses, etc.). The reference irradiance Gef is
typically set to 1000 W/m? in the photovoltaic field.

The temperature efficiency factor is calculated as follows:

ntemp(t) =1+ v [Tmodule (t) - Tref] (9)

where 7 is the temperature coefficient (typically —0.004/°C for crystalline silicon modules), and Ty is the
reference temperature (25°C).
Estimation of thermal models for module temperature:

Tiodule(t) = Tamb (t) + knoct - Giite () + AT wina () (10)

where Tinodule(t) represents the module temperature; kxoct = 0.03°C - m? /W denotes the coefficient related
to the module’s Nominal Operating Cell Temperature (NOCT), which represents the cell temperature when
the module operates under open-circuit conditions at an irradiance of 800 W/m?, ambient temperature of
20°C, and wind speed of 1 m/s.

Wind Speed Correction Factor (physically meaning: higher wind speeds result in more pronounced module
heat dissipation and lower temperatures):

ATyina(t) = —2.0 X min (Uwfg(t) 1.0) (11)

Irradiance efficiency factor accounts for the low-light effect:

G (?)

0-6- =00

if Gaur(t) <100 W/m?

Mirrad (t) = GGHI(t) 100 (12)

0.6+0.4 in|1
+ X min ( , 900

) . if Gaui(t) > 100 W/m?

This piecewise function captures the nonlinear response characteristics of photovoltaic modules under different
irradiance levels.



2.2.2 Non-uniform Error Compensation Strategy Based on Irradiation Interval Partitioning

To address system bias and site-specific characteristics, we implemented a non-uniform error compensation
strategy based on irradiation interval segmentation:

Pcalib (t) = Pphysical(t) ' kcalib(GGHI (t)) (13)
The calibration factor kcayp is divided into three intervals based on global horizontal irradiance (GHI):

Kiow, if G <200 W/m?
Eeatib(G) = < kmia, if 200 < G < 500 W/m? (14)
knign, if G > 500 W/m?

The calibration factor is determined using the median ratio between observed and predicted power during
training, employing robust statistics to minimize the impact of outliers:

p
Ksegment = median {O(k;?erve‘i | i € segment (15)
physical
This segmentation method recognizes the systematic variation in model error under different operating
conditions, providing more precise calibration. Combining Equations (8) through (15), the overall calculation
formula for the physical model is:

~ G (t
Pphysics(t) = Pnom * Tlref [1 + Y (Tmodule(t) - 25)] : ’ lt( )

“keatin(Gani(t)) (16)

where ¢ denotes the reference conversion efficiency of the PV module under standard test conditions (STC:
irradiance 1000 W/m?2, cell temperature 25°C, AM1.5 spectrum), which is typically provided by the module
manufacturer and ranges from 0.15 to 0.22 for crystalline silicon modules. In this study, 7.t is set to 0.18
based on the specifications of the installed modules. Compared to Equation (8), the system loss factor nsystem
is implicitly incorporated into 7,..f as an average derating factor, while the irradiance-dependent efficiency
Nirrad (£) 18 captured by the piecewise calibration factor kcain(Genr), which inherently accounts for low-light
efficiency degradation through segment-specific calibration.

2.3 Deep Learning Architectures for Physically Informed Enhancement
2.3.1 Feature Engineering

In photovoltaic power forecasting, relying solely on raw meteorological and electrical inputs often fails to
fully capture the nonlinear effects of radiation, temperature, and environmental conditions on PV output.
To fully leverage the multi-source information embedded in PV power forecasting, this study constructs a
five-tier feature engineering system. This system encompasses raw meteorological features, temporal feature
engineering, physically derived features, interaction features, and time-series statistical features, collectively
forming a 37-dimensional input feature vector that aligns with the input layer structure of neural network
models. This feature system design not only ensures comprehensive utilization of raw measurement data but
also incorporates domain-knowledge-driven physical information and historical statistical patterns, thereby
enabling a deeper characterization of the photovoltaic power evolution mechanism.

Raw Meteorological Features (10 dimensions): Directly collected via power plant monitoring system
sensors, including global horizontal irradiance (GHI), direct normal irradiance (DNI), diffuse horizontal ir-
radiance (DHI), tilt-angle irradiance, ambient temperature, atmospheric pressure, relative humidity, wind
speed, wind direction, and real-time active power.

Time Feature Engineering (7 Dimensions): Time features exhibit distinct daily and annual cyclical pat-
terns. To avoid boundary discontinuities (e.g., 23:00 — 0:00), sine-cosine cyclic encoding is employed:

hsin (t) = sin <27r2z(t)> , heos(t) = cos (%2Z(t)) (17)



o) = s (D) ) = con (200 (18)

56
) = s (D) () = cos () (19)

Additionally, monthly integer encoding (1-12) is introduced to capture seasonal effects.

Physical derivative features (10 dimensions) are combined with mechanistic modeling results of PV power
forecasting to introduce the following features. The calculation of the component temperature is the same
as that of Equation (10).

Theoretical power:

~ Gu(t)
Ptheory (t) - 1000 : Pnom * Nref (20)
Radiation Quality Indicators:
Gpni(t) .
—_—, if GGHI(t) >1
Qraa(t) = § Gemi(t) (21)
0, otherwise
Scattering ratio:
Gpmi(t) .
—, i G t)>1
Rdiﬁ'usc(t) = GGHI(t) GHI( ) (22)
0, otherwise

Inclined Surface Advantage:

Ay () = max (0.8, min (1.5, Cm» (23)

Sunny Sky Index:

. Gani(t)
K. (1) = 1 24
C( ) m1n< ’Eo(t)'COS(ez(t))+6 ( )
where Fy(t) is the extraterrestrial irradiance and 6, (t) is the solar zenith angle.
Air density factor:
Pom(t T
pair(t) = : ( ) 2 (25)

X
PO TO + Tamb (t)

where Py = 1013.25 hPa is the standard atmospheric pressure, Ty = 273.15 K is the reference temperature,
and T,mp(t) is the ambient temperature in °C.
Shadow Indicator:

Lshadow (t) = 1{Gpni(t) <50 and Gamr(t)>100] (26)

The calculation of the power predicted by the physical model is the same as that of formula (16).

Interaction Features (3 dimensions): To capture nonlinear coupling effects between variables, this study
designed three types of interaction features: Radiation-temperature interaction features describe efficiency
degradation under high radiation and high temperature conditions; Wind-cooling-temperature interaction
features reflect the regulatory effect of wind cooling on module temperature, the baseline temperature of
15°C is the empirically optimal value; Air quality interaction features reveal the combined influence of
atmospheric transmittance and cloud cover conditions. These interaction features are generated through
element-wise multiplication, offering both simplicity and clear physical interpretation.

Radiation-temperature interaction features:

FR (1) = Gami(t) X memp (t) (27)

Wind-cooling-temperature interaction features:

F2 () = vwina(t) X [Tam () — 15] (28)



Air quality interaction features:
Jiad () = Quaa(t) x Ke(t) (20)

Temporal Statistical Features (7 dimensions): Photovoltaic power sequences exhibit significant autocor-
relation characteristics. Based on a sliding window approach (96 time steps, equivalent to 24 hours), we
extract temporal statistical features, including moving average of power output, moving standard deviation
of power output, moving maximum of power output, moving average of GHI, and lagged power values at
1-step, 2-step, and 4-step intervals. The moving average and standard deviation are employed to characterize
short-term stationarity, while the lagged terms incorporate historical information to enable the model to
capture temporal dependencies.

In summary, the final input feature vector comprises five components, as shown in Table 1.

Table 1: Feature Fusion and Input Construction

Feature Type Count Example Features Effect

Raw Meteorological 10 GHI, DNI, temperature Meteorological
environment

Time Feature 7 Hour/Day Cyclic Encoding  Cyclical Patterns

Physical Derivative 10 Module temperature Physical constraints

Interaction Features 3 Radiation-temperature Nonlinear coupling

Time-series Statistical 7 Moving average, lag term Historical dependency

To validate the effectiveness of the proposed 37-dimensional feature system and elucidate the intrin-
sic correlations between individual features and photovoltaic power output, we employed a comprehensive
evaluation framework comprising Pearson correlation coefficient, Spearman rank correlation coefficient, and
partial correlation analysis. Specifically, the Pearson correlation coefficient quantifies the degree of linear
association between variables, the Spearman coefficient assesses monotonic relationships through rank trans-
formation, and partial correlation analysis reveals the net correlation between two variables while controlling
for confounding effects. Based on 34,835 measured data points, the correlation coefficients between raw
meteorological variables and power output were calculated, with results presented in Table 2.

Table 2: Correlation coefficients between meteorological variables and power output

Variable Pearson Spearman Kendall Sig.
GHI 0.9273 0.9426 0.8852 HAK
Tilted irradiance 0.8387 0.9124 0.8061 HAK
DNI 0.7549 0.8668 0.7483 ok
DHI 0.6375 0.7714 0.6611 HAK
Humidity -0.4363 -0.3929 -0.2821 ok
Wind speed 0.2794 0.2816 0.2056 HAk
Temperature 0.1148 0.2106 0.1537 HAK
Wind direction 0.1058 0.0745 0.0530 ok
Pressure 0.0009 -0.0969 -0.0692 ns

Note: *** p < 0.001; ns = not significant

As shown in Table 2, irradiance-related variables exhibited strong positive correlations with power output.
Global horizontal irradiance (GHI) demonstrated the highest Pearson correlation coefficient of 0.9273, indi-
cating its predominant influence on PV power generation. Tilted irradiance (r = 0.8387) and direct normal
irradiance (DNI, r = 0.7549) also exhibited substantial correlations. Relative humidity showed a moder-
ate negative correlation with power output (r = -0.4363), consistent with the physical mechanism in which
increased humidity reduces atmospheric transmittance. Notably, atmospheric pressure showed a near-zero
correlation coefficient, which was not statistically significant, suggesting a negligible direct impact on power
generation.

To visualize the interrelationships among variables more intuitively, Fig. 4 presents heatmap matrices of
both Pearson and Spearman correlation coefficients.
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Figure 4: Correlation heatmaps: (a) Pearson correlation coefficient matrix; (b) Spearman correlation coefficient
matrix

Several key observations can be drawn from Fig. 4: (1) Irradiance-related variables (GHI, DNI, DHI, and
Tilted Irradiance) exhibit strong positive correlations, forming a distinct red cluster region, indicating that
these variables carry similar solar radiation information. (2) Power demonstrates the strongest correlation
with GHI (Pearson r = 0.93, Spearman p = 0.94), followed by TiltedIrradiance (r = 0.84, p = 0.91), confirm-
ing that irradiance is the dominant factor influencing photovoltaic power generation. (3) Humidity shows
negative correlations with irradiance-related variables (blue regions), reflecting the physical phenomenon of
reduced atmospheric transmittance under high-humidity conditions. (4) Pressure and Temperature exhibit
a strong negative correlation (r = —0.82), consistent with atmospheric thermodynamic principles. (5) Wind
direction displays generally weak correlations with other variables, suggesting its limited direct contribution
to power prediction. The Spearman correlation coefficients are slightly higher than their Pearson counterparts
overall, indicating the presence of certain nonlinear monotonic relationships among variables.

Further correlation analysis was conducted on the constructed 37-dimensional enhanced feature set. The
average correlations between each feature category and power output are summarized in Table 3.

Table 3: Average correlations between feature categories and power output

Feature Category Dimensionality Mean |r|
Interaction features 3 0.568
Time-series Statistical Features 7 0.539
Raw Meteorological Features 10 0.510
Physical Derivative Features 10 0.430
Time Features 7 0.278

The analysis reveals that interaction features and temporal statistical features yield the highest average
correlations of 0.568 and 0.539, respectively, validating the effectiveness of feature engineering in enhancing
model representational capability. These correlation analysis results provide statistical justification for the 37-
dimensional physics-enhanced feature framework adopted in this study, while simultaneously demonstrating
the rationality of integrating physics-based models with data-driven approaches.

The model incorporates a total of 37 dimensional features. In the model implementation, these features
undergo Z-score normalization and are then expanded into a matrix based on a 96-step (24-hour) sliding
window:

x|
X3
X=|.|eRrRM™P (30)

T
X7
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where T' = 96 represents the time steps and D = 37 denotes the fused feature dimensionality. This input
tensor is directly connected to the neural network’s input layer, serving as the foundation for downstream
multi-scale convolution, temporal recurrence, and attention-based modeling.

The feature vector comprises:

Xt = [fraw (t)é fiime (t)§ fphysics (t)§ finteract (t)§ fstat (t)] (31)

2.3.2 Deep Neural Network

Input layer
xERA(96x37)

!

multi-scale CNN

Short-Term Feature Brnnch‘ ( Sl;orl-'l'erm P‘e?lllre Branch Sl;ort-'l‘erm Feature Branch
Hshort Hmid ) Hlong
ConvlD(k=3, C=128) ‘ ConvlD(k=7, C=96) ConvlD(k=15, C=64)
BatchNorm ‘ BatchNorm BatchNorm
ReLU ‘ ReLU ReLU
Dropout(0.1) ‘ Dropout(0.1) Dropout(0.1)

l l l
Hmulti

l

Feature Fusion Layer

l

BILSTM

l

Physical Integration Layer

l

Output

Figure 5: Deep Neural Network Architecture for the End-to-End Learning Paradigm

We propose a deep neural network architecture based on an end-to-end learning paradigm, as illustrated
in Fig. 5, for efficient feature extraction and predictive modeling of complex time-series data. The overall
architecture comprises an input layer, multi-scale convolutional feature extraction layers, feature fusion layers,
BiLSTM temporal modeling layers, a physical integration layer, and an output layer. These components work
synergistically to capture multi-scale temporal dependencies while achieving deep integration of physical prior
knowledge with data-driven features. Specifically, multi-scale convolutions extract feature patterns across
varying time spans; BiLSTM modules model bidirectional dependencies to effectively represent temporal
contextual information; the physical integration layer fuses prior knowledge with learned features to enhance
model interpretability and prediction stability; and the regression output layer generates final continuous-
value predictions.

The deep neural network architecture for end-to-end learning comprises the following components:

Input Layer: The input feature matrix X € R6*37 directly receives preprocessed normalized data without
additional standardization, thereby preserving proportional relationships among features and original distri-
bution characteristics. This provides high-fidelity input for subsequent multi-scale parallel convolutions.

12



Multi-scale Convolutional Feature Extraction Layers: The core function of Convolutional Neural Networks
(CNNs) is local feature extraction. By sliding convolutional kernels across the input, CNNs effectively capture
local patterns while reducing dimensionality, yielding concise yet information-rich feature representations for
subsequent processing. Since photovoltaic power fluctuations are influenced by multi-timescale factors (e.g.,
instantaneous cloud cover, diurnal irradiance variations, and seasonal patterns), a single convolutional kernel
cannot fully capture cross-scale feature patterns. To capture these cross-scale patterns, we employ a three-
branch parallel ConvlD architecture with varying kernel sizes, as detailed in Table 4. Each branch follows
an identical processing pipeline:

H, — Dropout (ReLU (BN(Conv1DE" (X)), p = 0.1), i € {short, mid, long} (32)

Table 4: Multi-scale convolutional branch configurations

Branch Kernel Size Filters Target Scale

Short-term 3 128 Rapid fluctuations
Mid-term 7 96 Hourly variations
Long-term 15 64 Diurnal patterns

The outputs from the three branches are concatenated along the channel dimension to form a multi-scale
temporal feature representation.

Hmulti - Concat([Hshort; Hmida Hlong]) S RTX288 (33)

Feature Fusion Layer: To further integrate multi-scale feature information and map it to a unified high-
dimensional feature space, a fusion convolutional layer is designed. This layer employs a ConvlD structure
with a kernel size of 1 and 256 channels, achieving feature compression and mapping without altering the
temporal dimension. Subsequently, batch normalization, ReLU activation, and Dropout (with a probability
of 0.2) are applied sequentially to enhance training stability and prevent overfitting:

Hiyseq = Dropout(ReLU(BN(Conv1D{ =% (Hypui))), p = 0.2) (34)

This layer effectively fuses features across multiple temporal scales, providing a unified and comprehensive
feature representation for subsequent temporal modeling and prediction.

LST™ ;T SISt [T % s

\\\ \ \ \
A \ \ \ \ \
LST™ _) ISV |, | ] LSt |

' | 1
¢ © ¢
Y41

Figure 6: Neural Network Architectures: (a) LSTM; (b) BiLSTM

To further model the global temporal dependencies of photovoltaic power sequences, this study introduces
a bidirectional long short-term memory (BiLSTM) architecture based on the Heyseq fusion feature, as shown
in Fig. 6. By simultaneously processing both forward and backward information in the time series, the
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BiLSTM captures bidirectional contextual features, enabling a more comprehensive modeling of dynamic
trends.

Forward LSTM:

it =0 (W; - [he—1, 2] + b;)

fe=0 Wy [hi—1, 2] + by)

ot =0 (Wy - [he—1, 2] + bo)

Cy = tanh (We - [hy—1, 4] + bc) (35)
Cy=fi- Coo1 +i - Cy

hy = o ® tanh(Cy)

E>t = LSTMorward (X, E>t71, 8:571)

The backward LSTM uses similar equations but processes the sequence in reverse order. The final hidden
state is the concatenation of the forward and backward states:

<—
ﬁt = LSTMbackward (Xt, %t+17 Ct+1) (36)

Bidirectional State Concatenation:
L

This bidirectional structure simultaneously leverages historical and future contextual information (during
training), significantly enhancing the model’s ability to represent complex temporal dependencies.

The first layer BILSTM is configured with 128 hidden units, and sets return__sequences=True to preserve
the complete sequence of temporal features:

{hgl)}?:l = BiLSTMS:)ms(Hfused) (38)

Subsequently, a Dropout layer (0.25) is applied to enhance regularization. The second BiLSTM layer
is configured with 64 hidden units and sets return_sequences=False, outputting only the final state of the
sequence as a compressed representation of the temporal features. This is followed by another Dropout layer
(0.25):

hgpa = BiLSTMf:)M({hgl)}?:l) (39)

Following the BiLSTM layer, we introduced a dedicated physics integration layer to explicitly incorporate
physical model predictions:

thysics = DrOPOUt(ReLU(BN(qusion . [hﬁnal; ﬁphysics; fphysics] + bfusion))vp = 03) (40)

This layer contains 128 neurons and employs batch normalization with ReLLU activation functions to
maintain stable feature distributions and preserve nonlinear numerical expression capabilities. The introduc-
tion of Dropout (0.3) further reduces the risk of model overfitting, enabling the network to achieve stronger
generalization performance under physical consistency constraints.

Next is the final output layer, which consists of two fully connected mapping stages. First, an intermediate
representation is obtained through nonlinear transformation of the hidden layer:

z = ReLU(Whidden . thysics + bhidden) (41)
The final prediction result is then obtained through a linear transformation:
ﬁiata = W(—)rutput - Z+ boutput (42)

This output layer achieves efficient regression mapping of fused features while maintaining temporal
consistency, providing the final output for precise photovoltaic power prediction.
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2.3.3 Loss function

The loss function employs a composite loss function, where the composite loss function £ is composed of
three weighted components. Its mathematical expression is:

L = alyar + BLMsE + YL physics (43)

The weights «, 8, and ~y represent the respective loss terms, balancing their contributions to the overall
loss. To balance the effects of data fitting and physical constraints, sensitivity experiments were conducted
within the v range {0.01,0.05,0.1,0.2,0.5}. Results indicate that when v < 0.05, insufficient physical con-
straints lead to non-zero outputs at night; When v > 0.2, the physical constraints become overly stringent,
causing underfitting and increasing the RMSE by approximately 12%. After optimization, v = 0.1 was
selected as the optimal weight. This value demonstrates an effective balance between physical consistency
and high prediction accuracy under various meteorological conditions, exhibiting good stability and physical
plausibility. We set a« = 0.5, § = 0.4, and v = 0.1 based on grid search optimization over the validation
set, where o € {0.3,0.4,0.5,0.6} and 8 € {0.2,0.3,0.4,0.5} with ~ fixed at 0.1. The selected combination

achieved the minimum validation error.

LN
Lyag = ~ ; lyi — Uil (44)
where N is the sample size, y; is the true value of the i-th sample, g; is the predicted value of the i-th sample,
and |y; — 9;| represents the absolute error between the true value and the predicted value. This metric is
relatively insensitive to outliers and reflects the overall bias in predictions.
The mean squared error loss measures the average of the squared errors between predicted values and
true values, expressed mathematically as:

N
1 ~
Lyse = ~ Z(yz —)° (45)

i=1

By squaring the error, this approach amplifies the impact of larger errors, placing greater emphasis on
the deviation between predicted and actual values. This allows the model to learn more thoroughly from
samples with significant discrepancies.

The physical constraint loss is used to incorporate prior knowledge from the physical domain, imposing
bounds on the range of predicted values. Its mathematical expression is:

N N
1 ) A .
Lphysics = N Z maX(07 _yi) + N Z maX(O, Yi — 1~1]3nom) (46)
i=1 =1

where the first part, % Ef\il max(0, —g;), constrains the predicted value §; from being negative. When
¥; < 0, max(0, —¢;) = —¥;, resulting in loss; when g; > 0, this component’s loss is zero.

The second part, % i]il max(0, §; — 1.1Pyom ), constrains the predicted value §; from exceeding 1.1 times
the rated capacity Pyom, with A = 0.01 as the weight for this part. When ¢; > 1.1P,om, the loss is calculated
as max(0,9; — 1.1Pyom) = i — 1.1 Pyom; when §; < 1.1P,om, the loss for this part is zero.

Both terms are normalized by % to ensure dimensional consistency, making the physical constraint loss
comparable in scale regardless of batch size.

2.4 Dynamic Weight Fusion Mechanism Based on Four-Dimensional Environ-
mental Perception

2.4.1 Multi-dimensional Confidence Assessment System

Traditional fusion methods employ fixed weights. We propose a dynamic adjustment of model weights
based on confidence assessment across four key dimensions. The threshold values in the following confidence
functions are determined based on established photovoltaic operating characteristics and validated through
sensitivity analysis on the validation set.
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Irradiance confidence:

1.0, if G > 800 W/m”
G — 300
0.340.7x ——— if 300 < G < 800 W/m?
firrad(G) = G 5_080 9 (47)
01+02x ===, if50<G< 300 W /m
0.05, if G <50 W/m?
Time Confidence:
_ 2
0.840.2 x exp ((}13212)) , if8<h<16
Frime(h) =90 5. f6<h<8orl6<h<19 (48)
0.1, otherwise

Temperature Confidence:

1.0, if15<T <35
Sremp(T) = ¢ 0.85, if 10<T <150r 35 <T <40 (49)
0.7, otherwise

Weather Stability Confidence:

1.0, ifv<3m/s
fweather(v) =4 0.8, f3<v< 8m/s (50)
0.6, ifv>8m/s

Composite Confidence (Weighted Geometric Mean):

The four factors influencing the data-driven model—irradiance, time, temperature, and weather
stability—are assigned four-dimensional confidence weights (0.4, 0.3, 0.15, 0.15) based on feature impor-
tance analysis using SHAP (SHapley Additive exPlanations) values computed on the validation set. The
SHAP analysis revealed that irradiance exhibits the highest sensitivity to prediction performance (42%), fol-
lowed by time (29%). Temperature and weather stability contribute similarly (around 15% each). Therefore,
weights are normalized according to relative importance to ensure the composite confidence reflects dominant
factors in the real environment. The composite confidence Cyata for the data-driven model is calculated using
a weighted geometric mean.

4
— wji __ 0.4 0.3 0.15 0.15
Cdata - H fj - firrad X Jtime X temp X Jweather (51)
j=1

The calculated Cgata may yield overly extreme values (such as being too close to 0 or 1), so the clip
function is used to constrain Cyg.ia between 0.05 and 0.95.

Clata = clip(Cyata, 0.05,0.95) (52)
Confidence level of the physical model:
Cohysics = 1 = Clata (53)
Confidence Fusion Strategy:

~ y ~ ~
Pconﬁdence - Cdata : Pdata + C’physics : Pphysics (54)
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2.4.2 Error-weighted fusion

Validation Set Error Calculation:

val P(l

data

(55)

€data =

val

o

On the validation set, compute the average absolute error between the data-driven model’s predicted
value del and the true value vg?l. Here, Ny, represents the number of samples in the validation set. By
summing the absolute error for each sample and then taking the average, the overall error of the data-driven

model on the validation set is obtained.

Nyal
1 (i
€physics = Noat E y;’al Pé;l)ySiCS (56)
val ;=]

Calculate the average absolute error between the physical model prediction pW and the true value

physics
yy*. This follows the same principle as the data-driven model error calculation and measures the overall
error of the physical model on the validation set.

Error-inverse weighting:

l/edata

wq = 57
e 1/€data + ]-/ephysics ( )

1/ephysics
Wphysics — 58
PRysIes 1/edata + 1/ephysics ( )

Error-weighted fusion prediction:

Perror = Wdata * Pdata + Wphysics * Pphysics (59)

The purpose of this approach is to assign a higher weight to models with smaller errors in the fusion
results, thereby improving the overall prediction accuracy.

2.4.3 Ultimate Integration

The final prediction is obtained by weighting the sum of confidence-based fusion and error-weighted fusion.
The initial fusion weights (o = 0.7, 8 = 0.3) were determined through grid search on the validation set,
achieving minimal model error (RMSE = 6.4 kW) within the o € [0.6,0.8] range. This indicates that the
data-driven branch contributes more significantly under high-irradiance scenarios. To balance accuracy and
robustness, the final initial fusion ratio was selected as &« = 0.7 and 8 = 0.3. This yields a more comprehensive
and accurate final prediction result:

ﬁﬁnal =0.7 x ﬁconﬁdence + 0.3 x ﬁerror (60)

3 Experimental Setup

3.1 Dataset

This study utilizes empirical data collected from a photovoltaic power station in a prefecture-level city in
China. The dataset spans an entire year across multiple seasons, with a 15-minute sampling interval, totaling
34,835 samples. It encompasses various typical weather conditions, including clear, cloudy, and overcast
days, and consists of 23 variables covering meteorological parameters, electrical parameters, and temporal
information.
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3.2 Training Configuration

During the model training phase, the data is initially partitioned using a rigorous time-series segmentation
approach to prevent future information leaking. The training set comprises 70%, while the validation and
test sets each constitute 15%. The input sequence length is established at 96 time steps, encompassing
a complete 24-hour cycle, with 37-dimensional input features, including meteorological, electrical, physical
derivatives, and temporal loops. The Adam optimizer is employed, with an initial learning rate of 0.0005 and
a learning rate scheduling strategy that reduces the rate to 0.7 times the original every 25 epochs to enhance
convergence stability. Additionally, gradient clipping (threshold 1.0) is implemented during training to avert
gradient explosion, and L2 regularization (coefficient 0.0005) is applied to the network weights to mitigate
overfitting and ensure the model’s generalization performance in photovoltaic power prediction tasks. The
model training was finalized using an Intel i7-13700K CPU and an NVIDIA RTX 4060 GPU.

3.3 Evaluation Metrics

To comprehensively evaluate model performance, we employ the following four metrics.
Mean Absolute Error (MAE):

N
1 N
MAE = N ; lyi — Uil (61)

MAE quantifies the average prediction error magnitude, expressed in kW for intuitive interpretation.
Root Mean Square Error (RMSE):

RMSE = (i — 1i)? (62)

RMSE is more sensitive to large errors and reflects prediction stability.
Mean Absolute Percentage Error (MAPE):

100 lyi — il
MAPE = — = 63
N Yi (63)
iy >0
where =10 kW is introduced to exclude low-power periods and prevent percentage distortion.
Coefficient of Determination (R?):
N )2
R2 — 1 _ Zi:l(yl yZ) (64)

SN (i — )2

R? measures the model’s ability to explain data variability, with values ranging from 0 to 1.

4 Results and Analysis

4.1 Overall Performance

The performance comparison between the proposed dual-driver prediction system and the single-model ap-
proach is presented in Table 5 and Fig. 7. The experimental results demonstrate that the proposed dual-driver
prediction system significantly outperforms the single-model approach in photovoltaic power forecasting. To
verify the statistical significance of the proposed method, a paired t-test was conducted to compare the pre-
diction errors between the proposed method and the purely data-driven approach on the test set. The results
indicate p < 0.001, confirming that the improvement is statistically significant.

The experimental results presented in Table 5 and Fig. 7 demonstrate that the proposed dual-driver
prediction system significantly outperforms single-model methods in photovoltaic power forecasting.

The physical model, which relies exclusively on mechanism-based equations incorporating radiation and
temperature parameters, fails to adequately account for environmental noise and equipment operational
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Table 5: Prediction Results

Model MAE (kW) RMSE (kW) MAPE (%) R?

Physical Model 15.585 32.95 66.77 0.4157
Neural Network 6.654 10.173 26.54 0.9443
Proposed 3.571 6.384 22.62 0.9781

variations. Consequently, it exhibits substantial prediction errors: the Mean Absolute Error (MAE) is 15.585
kW, the Root Mean Square Error (RMSE) is 32.95 kW, the Mean Absolute Percentage Error (MAPE) is
66.77%, and the coefficient of determination (R?) is only 0.4157, indicating a limited capacity to accurately
characterize actual power generation.
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Figure 7: Prediction Results: (a) Prediction Comparison; (b) Error Distribution Analysis

The data-driven model markedly improves predictive accuracy by capturing complex nonlinear relation-
ships through deep neural networks. The MAE decreases to 6.654 kW, the RMSE to 10.173 kW, the MAPE to
26.54%, and the R? increases to 0.9443, demonstrating a strong capability to identify temporal patterns and
correlations across multidimensional inputs. However, this approach still exhibits insufficient adaptability to
abrupt changes under adverse weather conditions.

The proposed ensemble fusion model integrates the mechanism-based constraints of physical models with
the feature extraction capabilities of data-driven models, yielding substantial performance improvements.
The final MAE is reduced to 3.571 kW, RMSE to 6.384 kW, MAPE to 22.62%, and R? reaches 0.9781,
approaching optimal fitting performance. These results indicate that the dual-driver methodology not only
enhances predictive accuracy but also strengthens the model’s generalization capability under complex and
variable meteorological conditions, highlighting the synergistic benefits of integrating data-driven and physics-
based approaches.

4.2 Ablation Experiment Analysis

We performed systematic ablation experiments to validate the efficacy of each module. Figure 8 illustrates
the outcomes of the ablation experiment, with further data provided in Table 6.
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Table 6: Ablation Experiment Results

Configuration MAE RMSE MAPE R? AMAE
Full Model (Proposed) 3.571  6.384 22.62 0.9781 —
w/o Physics Loss 3.892 6.930 24.78 0.9724 +9.0%
w/o Multi-Scale CNN 4.156 7.450 26.91 0.9683 +16.4%
w/o BiLSTM 4.523 8.090 28.84 0.9632  +26.7%
w /o Fusion 6.654 10.21 40.10 0.9443  +86.4%
w/o Physical Features  5.238 9.310 32.42 0.9538  +46.7%
w/o Time Features 4.687 8.12 30.54 0.9601 +31.2%
Base Features Only 7.823 13.02 48.71 0.9215  +119.1%

Ablation tests were conducted to evaluate the necessity and contribution of each component by progres-
sively removing core modules, including temporal features, physical features, the fusion module, the BiILSTM
layer, the Multi-scale CNN module, and the physics-informed loss function. The full model served as the
baseline for performance comparison, with evaluation metrics including MAE, RMSE, MAPE, and R2. The
experimental results are presented in Table 6 and Fig. 8.

The ablation study systematically removes individual components to quantify their respective contribu-
tions to overall performance. Fig. 8 presents the MAE comparison across different configurations in a bar
chart format. The baseline configuration “Base Features Only” exhibits the highest MAE of 7.823 kW, serving
as a reference point for assessing component contributions.

Base Features Only Base Features Only 7.823 -

w/o Time Features w/o Time Features

w/o Physical Features w/o Physical Features

w/o Fusion w/o Fusion

w/o BiLSTM w/o BILSTM

w/o Multi-Scale CNN w/o Multi-Scale CNN

w/o Physics Loss w/o Physics Loss

Full Model Full Model

0.9 0.92 0.94 0.96 0.98
R? MAE (KW)

Figure 8: Ablation Experiment Results: (a) MAE Comparison; (b) R? Comparison

Removing temporal features (w/o Time Features) results in an MAE of 4.687 kW, demonstrating that
temporal features are critical for capturing temporal dynamics and reducing prediction errors. Excluding
physical features (w/o Physical Features) yields an MAE of 5.238 kW, indicating that physical features
provide domain-specific prior constraints that substantially reduce prediction bias. The removal of the fusion
module (w/o Fusion) causes the MAE to increase significantly to 6.654 kW, highlighting the essential role
of the fusion mechanism in integrating multi-source information from both data-driven and physics-based
components.

Eliminating the BiLSTM layer (w/o BiLSTM) results in an MAE of 4.523 kW, while removing the multi-
scale CNN module (w/o Multi-Scale CNN) yields an MAE of 4.156 kW. These results confirm that both
the sequential modeling capability of BILSTM and the multi-scale feature extraction capability of CNN are
integral to improving prediction accuracy. Excluding the physics-informed loss term (w/o Physics Loss)
produces an MAE of 3.892 kW, whereas the full model achieves the lowest MAE of 3.571 kW.

These findings demonstrate that the progressive incorporation of each component consistently reduces
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the MAE, confirming the synergistic contributions of temporal features, physical features, the fusion module,
BiLSTM, Multi-scale CNN, and physics-informed loss to prediction accuracy. In summary, the ablation
experiments comprehensively validate the effectiveness of the proposed integrated fusion framework. The
synergistic interaction among functional modules ensures both high prediction accuracy and model robustness.

4.3 Comparative Experimental Analysis

To comprehensively evaluate the performance of the proposed method, we compare it with several mainstream
forecasting approaches, including traditional statistical methods (moving average, SARIMA), machine learn-
ing methods (SVR, random forest), deep learning methods (LSTM, GRU, CNN-LSTM), and the latest
Transformer architectures (Informer, Autoformer, PINN-Transformer). All experiments were conducted on
the same dataset and hardware environment, employing 15-minute intervals for forecasting with a 3-day
prediction window (288 time steps). Evaluation metrics encompassed Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), Coefficient of Determination (R?),
and model training time to comprehensively assess each method’s forecasting accuracy and computational
efficiency.

The comparison results with 10 benchmark methods are shown in Table 7. The proposed method signif-
icantly outperforms the comparison methods across all metrics.

Table 7: Comparative Experimental Results

Methods MAE RMSE MAPE R? Time (min)
Proposed 3.571 6.384 22.62 0.9781 21.52
CNN-LSTM 5.54 7.64 27.60 0.9684 35.7
GRU 5.69 7.82 28.35 0.9670 28.4
LSTM 7.24 9.97 36.05 0.9463 31.2
Random Forest 10.07 18.12 43.28 0.8225 8.5
SVR 16.15 25.36 66.42 0.6522 15.3
SARIMA 17.94 29.48 72.15 0.5303 2.1
MA-24 18.60 30.25 74.82 0.5056 <0.1
Informer 6.728 10.100 32.95 0.9448 27.30
PINN-Transformer  7.321 8.526 25.93 0.9606 30.50
Autoformer 10.787  12.332 33.55 0.9176 33.60

As shown in Fig. 9 and Table 7, the proposed method achieves the best performance across all evaluation
metrics. The proposed method has a mean absolute error (MAE) of 3.571 kW, which is 35.5% lower than the
second-best method (CNN-LSTM) and 50.7% lower than the standard LSTM method. The RMSE is 6.384
kW, which is lower than the RMSE of other deep learning methods. The MAPE is 22.62%, indicating a clear
advantage in relative error control. The R? value reaches 0.9781, demonstrating the model’s strong ability
to capture load variations.

From a methodological perspective, deep learning approaches generally outperform traditional statisti-
cal and machine learning methods. SARIMA and moving-average methods yield MAEs of 17.94 kW and
18.60 kW, respectively, indicating substantial errors and failing to capture nonlinear load characteristics.
Support vector regression (SVR) and random forests perform marginally better than statistical methods but
still exhibit considerable errors, with random forests achieving an MAE of 10.07 kW and SVR achieving
16.15 kW.

Among deep learning approaches, recurrent neural network-based methods demonstrate moderate perfor-
mance, with GRU achieving an MAE of 5.69 kW and LSTM achieving 7.24 kW. CNN-LSTM, which combines
convolutional and recurrent structures, achieves improved performance with an MAE of 5.54 kW. Among
Transformer-based architectures, Informer achieves an MAE of 6.728 kW, PINN-Transformer achieves 7.321
kW, and Autoformer achieves 10.787 kW; none of these methods surpasses the proposed approach.

Furthermore, the proposed method demonstrates notable computational efficiency with a training time of
21.52 minutes, which is the shortest among all deep learning approaches. In comparison, Informer requires
27.30 minutes, GRU requires 28.4 minutes, and CNN-LSTM requires 35.7 minutes. This indicates that the
proposed method achieves superior prediction accuracy without incurring additional computational overhead.
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Figure 9: Comparison of MAE and RMSE across methods

Fig. 10 compares the prediction curves of the proposed method with three representative Transformer-
based approaches over a 3-day prediction horizon. To clearly illustrate prediction details, four top-performing
deep learning methods are visualized: the proposed method, PINN-Transformer, Autoformer, and Informer.
Traditional and machine learning methods, which exhibit substantial prediction errors (MAE > 10 kW),
show pronounced deviations from actual values, rendering detailed analysis impractical; therefore, they are
excluded from the figure. Other deep learning methods (LSTM, GRU, and CNN-LSTM) exhibit prediction
curve patterns similar to those of the selected methods and are omitted to avoid visual clutter.
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Figure 10: Prediction Comparison Curve

As shown in Fig. 10, the proposed method (red solid line) closely matches the ground truth (black
solid line), accurately capturing both peak-to-trough variations and daily cycle characteristics. During peak
load periods (approximately 150 kW), the prediction curve of the proposed method nearly overlaps with
the ground truth. In contrast, PINN-Transformer (blue solid line) and Autoformer (green dashed line)
exhibit notable underestimation at peak values, with prediction errors reaching 15-25 kW. During low-
load periods (approximately 10-30 kW), the proposed method also demonstrates excellent performance,
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with predictions remaining stable near the ground truth. In contrast, Informer (pink dashed line) exhibits
noticeable fluctuations during low-load periods, with deviations exceeding 10 kW at certain time steps,
indicating poor stability. Notably, during the load transition phase from time steps 250 to 288, the proposed
method demonstrates strong tracking capability and rapid response to both rising and falling load trends.
Other methods exhibit noticeable lag, with a delay of approximately 2-3 time steps (30-45 minutes), which
could result in delayed decision-making in practical power dispatch scenarios.

4.4 Performance Under Different Weather Conditions

Table 8: Performance Under Different Weather Conditions

Weather Samples MAE (kW) RMSE (kW) R?

Sunny 2,190 (41.8%) 2.34 4.12 0.9856
Cloudy 1,682 (32.2%) 3.78 6.45 0.9742
Overcast 1,029 (19.7%) 5.12 8.67 0.9623
Rainy 324 (6.2%) 6.89 11.23 0.9478
Overall 5,225 3.57 6.38 0.9781

Table 8 indicates that the proposed model exhibits significant variations in predictive performance across
different weather scenarios. Under clear-sky conditions, the model demonstrates the best performance, achiev-
ing a coefficient of determination (R?) of 0.9856, with MAE and RMSE as low as 2.34 kW and 4.12 kW,
respectively. This reflects strong adaptability to stable illumination conditions. As weather complexity in-
creases (cloudy — overcast — rainy), the model’s prediction errors progressively rise. Under rainy conditions,
MAE and RMSE increase to 6.89 kW and 11.23 kW, respectively, while R? decreases to 0.9478. Although
prediction accuracy exhibits some degradation under complex weather scenarios with significant illumination
fluctuations, the overall R? remains at a high level of 0.9781. This validates the robustness and practical
applicability of the proposed method under diverse weather conditions, demonstrating its capability to meet
the requirements of real-world PV power forecasting.
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Figure 11: Dynamic Weight Allocation
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4.5 Dynamic Weight Fusion Mechanism

The dynamic weight allocation mechanism is illustrated in Fig. 11. Experimental results indicate that the
weights assigned to the data-driven model are positively correlated with GHI. Under high irradiance con-
ditions (GHI > 600 W/m?), the data-driven weights reach 0.75-0.98; under moderate irradiance conditions
(200 < GHI < 600 W/m?), weights range from 0.35 to 0.75; under low irradiance conditions (GHI < 200
W /m?), weights decrease to 0.15-0.45.

This mechanism effectively leverages the complementary strengths of both models: the data-driven model
excels under stable high-irradiance conditions due to abundant training samples and clear patterns, while
the physical model provides reliable constraints under complex low-irradiance conditions where data-driven
predictions may be less stable. The smooth transition of weights across different irradiance levels demonstrates
the adaptive capability of the proposed fusion strategy.

Furthermore, the physical constraints embedded in the model ensure that all predictions remain within
physically reasonable bounds, preventing non-physical results such as negative power values or outputs ex-
ceeding theoretical limits. These results validate the effectiveness of the physics-informed neural network
approach in photovoltaic power forecasting.

5 Discussion

The experimental results demonstrate that the proposed dual-driven framework achieves improvements in
prediction accuracy, stability, and interpretability. The physical model ensures consistency with fundamental
principles, while the dynamic weighting mechanism enhances adaptability by leveraging data-driven precision
under clear-sky conditions and physical stability during weather fluctuations.

Several limitations warrant acknowledgment. The model depends on high-quality historical data and may
deteriorate with data gaps or noise. Hyperparameter selection requires adaptive optimization for different
configurations, and the deep network component may constrain real-time efficiency. Additionally, the current
implementation focuses on single-site modeling without capturing spatial correlations.

Future research may explore graph neural networks for multi-site prediction, uncertainty quantification
for probabilistic forecasts, online learning for improved adaptability, and lightweight architectures for reduced
deployment costs.

6 Conclusion

This paper proposes a dual-driven photovoltaic power prediction framework that integrates physical prior
knowledge with deep learning methodologies. The physical model ensures prediction consistency with fun-
damental principles, while the data-driven component captures complex nonlinear patterns. A dynamic
weighting mechanism enables adaptive fusion based on environmental conditions.

Experimental validation on real-world datasets confirms that the proposed framework outperforms conven-
tional single-paradigm approaches in both accuracy and reliability under variable meteorological conditions.
The framework achieves a balance between interpretability and predictive performance, providing a promising
direction for photovoltaic power forecasting research.
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