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Abstract: Photovoltaic (PV) power forecasting is challenged by its inherent variability. Pure data-driven models struggle with
generalization under data scarcity and complex weather conditions. In this paper, we introduce a physics-informed deep learning
hybrid model (PIDL-HM) that systematically generates physically grounded input features (e.g., plane-of-array irradiance and
module temperature) for a convolutional neural network—long short-term memory (CNN-LSTM), establishing a principled
integration framework beyond simple ensemble methods. Rigorously validated across multiple PV power plants in China and
Australia for 15-min, 4-h, and 24-h forecasting, our approach demonstrates superior performance, with a reduction of up to
8.93% in root mean square error compared to a purely data-driven baseline. Crucially, the model shows remarkable data efficiency,
maintaining high accuracy with only three months of training data, and exceptional robustness, providing a 6.87% improvement
in performance under strong cross-seasonal data distribution shifts. This work provides a reliable and data-efficient forecasting
solution, establishing the PIDL-HM as a foundational element for next-generation forecasting systems.
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Physically grounded features

1 Introduction
1.1 Research background

The global energy transition is accelerating, with
photovoltaic (PV) power becoming a key renewable
energy source. The share of wind and solar PV in
global electricity generation is projected to increase
substantially by 2030 (IEA, 2024), but their intermit-
tency and volatility challenge grid stability. High-
accuracy forecasting is thus critical for enhancing
renewable energy integration and reducing operational
costs, supporting a sustainable energy future.

1.2 Current status of PV power forecasting research

PV forecasting techniques can be categorized into
physical, data-driven, and hybrid methods. Physical
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forecasting methods simulate PV power generation
using radiation transfer equations and component char-
acteristics, integrating meteorological data and system
parameters. They avoid the need for large historical
datasets but require accurate parameters, limiting their
generalizability and robustness in practical applica-
tions due to sensitivity to external disturbances. For
instance, Mayer and Grof (2021) constructed a model
chain based on seven key processes of PV power
generation, systematically comparing 32400 physical
model combinations and validating them against one
year of production data from 16 actual power plants.
Their study revealed that models performing well ex-
perimentally are not necessarily superior in practical
applications, highlighting the robustness limitations of
purely physical models in engineering scenarios.

Al techniques have been widely adopted in PV
forecasting owing to their ability to accurately capture
complex nonlinear mapping relationships and long-term
temporal dependencies between inputs and outputs.
For instance, Rao et al. (2024) integrated a gated recur-
rent unit (GRU) with a temporal convolutional net-
work (TCN) and attention mechanisms to model com-
plex input—output mappings, significantly improving
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forecasting accuracy over traditional methods. Other
widely used Al methods include support vector regres-
sion (SVR) (Das et al., 2017), extreme gradient boost-
ing (XGBoost) (Zhu CY et al., 2025), backpropaga-
tion neural networks (Liu et al., 2017), convolutional
neural networks (CNNs) (Agga et al., 2021), and long
short-term memory (LSTM) networks (Sun et al.,
2025). Beyond model construction, scholars have ex-
plored forecasting across different time scales. For
example, Zhu JB et al. (2023) proposed a multi-scale
fluctuation characteristic extraction method that inte-
grates meteorological data, historical PV power, and
temporal dynamics into an XGBoost-based model,
demonstrating enhanced forecasting accuracy across
both minute-level and hour-level scales.

In recent years, researchers have begun to embed
physical mechanisms into data-driven frameworks to
improve the accuracy and robustness of deterministic
PV power prediction. For instance, Ogliari et al. (2017)
introduced a clear sky irradiation model into a neural
network; Niccolai et al. (2021) coupled a component
performance model with deep learning; Mayer (2022)
systematically compared physical, data-driven, and
hybrid irradiance-to-power conversion methods, high-
lighting the importance of physical model chain opti-
mization and consistency in forecast directives. Their
work established a valuable benchmark for hybrid
modeling, particularly in scenarios with sufficient his-
torical data. However, these studies mainly adopt a
shallow integration strategy, where physical models
are used to generate predictions or constraints that are
later processed by machine learning models. Moreover,
their robustness under data scarcity and distribution
shifts remains unproven, and they lack adaptability to
diverse forecasting paradigms and regional climates.
This constitutes a critical research gap that our study
aims to address.

1.3 Research gap and contributions

Current hybrid methods rely mainly on shallow
integration, where machine learning merely corrects
physical model outputs. As noted by Mayer (2022),
such approaches require extensive historical data (1—
2 years) to outperform purely physical baselines and
lack robustness under data scarcity or distribution
shifts. To bridge this gap, we developed a physics-
informed deep learning hybrid model (PIDL-HM) that
reshapes the feature space from the ground up. By

leveraging physical models to generate high-fidelity,
stable input features and using deep learning to cap-
ture residual dynamics, the framework ensures high ac-
curacy and robustness in data-scarce and non-stationary
environments.

The main contributions of this paper are summa-
rized as follows:

1. Adaptive PIDL framework: a principled meth-
odology for adaptive feature engineering that optimizes
inputs based on forecasting horizons (sequence- vs.
point-based) and regional climates.

2. Multi-horizon validation: rigorous validation
across various forecasting horizons (15-min, 4-h, and
24-h) using diverse datasets from China and Australia
to demonstrate broad applicability.

3. Robustness and data efficiency: empirical ev-
idence showing superior performance under data-
scarce scenarios (three-month training) and cross-
seasonal distribution shifts.

4. Synergistic performance enhancement: dem-
onstration that PIDL-HM establishes a physically con-
strained baseline that synergistically enhances perfor-
mance when fused with models such as XGBoost.

2 PIDL-HM

PIDL-HM integrates white-box physical model-
ing with black-box data-driven learning (Fig. 1). Phys-
ical models simulate mechanistic processes to trans-
form raw meteorological data into stable, high-fidelity
features. These interpretable inputs guide and regularize
the deep learning network, which captures complex
nonlinear temporal dependencies and residual dynam-
ics that are difficult to model purely physically.

2.1 Physics-based feature generation

The PIDL-HM framework begins with a physics-
based front-end. This module translates fundamen-
tal input data into intermediate physical variables,
such as plane-of-array irradiance and module tempera-
ture, which directly govern the PV power conversion
process.

2.1.1 Solar position calculation

The solar position is defined by several angles,
calculated based on the location’s latitude, longitude,
and time.
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Fig. 1 Workflow of PIDL-HM. @: angle of incidence; W : wind speed; 7.: ambient temperature; 7.: PV module temperature;

G,,,: total irradiance on a tilted surface; X: input vector at time step #; &,_, and A,: hidden states at the previous and
current time steps, respectively; C,_, and C.: cell states at the previous and current time steps, respectively; o: sigmoid

activation function; tanh: hyperbolic tangent activation function

Solar time T, is the local time adjusted for the

equation of time and longitude correction.

T

Tsun: loca1+ 60 -

C.-D. @)

where 7, is the local time (h), 7, is the equation of
time (min), C, is the longitude correction (h), and D is
the daylight-saving time indicator (1 if active, 0 other-
wise). The solar hour angle w is derived from 7.

T, corrects for the eccentricity of Earth’s orbit

and axial tilt:

T:=9.87sin2B—7.53cosB—1.5sinB, 2)

where 9.87, 7.53, and 1.5 are empirically fitted coeffi-

. 360
cients. B= 365 (N,

ranging from 1 to 365.
The declination angle ¢ is the angle between the
rays of the sun and the plane of the Earth’s equator:

—81) and N, is the day of the year,

ay

9=23.45%in [360 A3)

65 (284+Nday)},

where 23.45° denotes the approximate obliquity of the
ecliptic.

The solar altitude angle a is the angle between
the sun’s rays and the horizontal plane:
sina=singsind+cos@cosdcosw, 4)
where ¢ denotes the geographic latitude.
The solar azimuth angle vy, is the compass direc-

tion from which the sunlight arrives, measured from
true north:

sinasing—sin o
= 5
cOSY: COSOCOS P )

The angle of incidence 6 is the angle between
the sun’s rays and the normal to the PV panel surface.
Consider a fixed panel with tilt angle f and azimuth
angle y,, the relationship is expressed as

cosf=sinacosf+cosasinfcos(y,—7y,).

(6)

2.1.2 Tilted plane-of-array (POA) irradiance model

The total irradiance on a tilted surface G,,, is the
sum of its beam G, ,, diffuse G,,, and ground-reflected
G, components:

GPOA:Gb,T+GD.T+GLT7 (7)
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G, =G,cos0), 8)
1
G,._TzszH(l—cos/)’), 9

where G, is the beam normal irradiance, p is the ground
albedo (typically 0.2), and G, is the global horizontal
irradiance.

In this study, we use the Hay model (Hay, 1979),
an anisotropic diffuse sky model, for superior accuracy:

G
Gd.T:GD[ G :

where G, is the horizontal diffuse irradiance, G

ext

G,
G

1+cosf

; } (10)

Rb+(1—

ext ext

is the

T cosé
extraterrestrial irradiance, R.=——
c

0s0

is the geometric

z

factor, and 6, is the zenith angle.
2.1.3 PV module temperature model

The operating temperature of PV modules signif-
icantly impacts their conversion efficiency. In this study,
we adopt the Mattei model (Mattei et al., 2006), recog-
nized for its accuracy across diverse installations. It
models the module temperature 7, as a function of
irradiance, ambient temperature, and wind speed:

~ HTa-i-GPOA(ar—n(1+,upTa,STC))
H—(t:1Grop)

. (D

C

where T, is the ambient temperature (°C), az is the
absorptance-transmittance product, # is the module
efficiency, and u, is the power temperature coefficient
of the module. H is a heat transfer coefficient, with I,
representing the wind speed (m/s), defined as H=26.6+
2.3W._. The subscript STC represents the standard test
condition of 25 °C.

2.2 Data-driven model component

The data-driven component uses a CNN-LSTM
hybrid architecture. CNN layers extract spatial features
and correlations among multi-dimensional meteoro-
logical variables, while the LSTM network models the
long-term temporal dependencies within the sequen-
tial data.

2.3 Hybrid integration strategy

PIDL-HM adopts a sequential integration strategy.
The physics-based front-end first generates G,,, and

T, which are concatenated with numerical weather
prediction (NWP) variables and historical power data
to form an enriched feature set. This multi-variable
time-series matrix is processed by one-dimensional
convolutional layers for spatial feature extraction. The
resulting feature maps are reshaped and fed into LSTM
layers to model temporal evolution. Finally, fully con-
nected layers generate the power forecast. This archi-
tecture ensures that the learning process is anchored
by physical principles while effectively capturing com-
plex residual patterns.

2.4 Model evaluation metrics

1. Root mean square error (RMSE) E,,,: a stan-
dard measure of the difference between values pre-
dicted by a model and the observed values.

1 N tua 2
ERMs:\/niZ‘(P,Pmd_P?C l) > (12)

where 7 is the number of samples, P™ is the predicted
power, and P is the actual power.

2. Forecasting accuracy F,: as defined by the
SAMR (2021), this metric provides a normalized
accuracy score:

Erus
C

FA=(1— ) x 100%, (13)

where C is the installed capacity of the PV plant. This
metric offers an intuitive percentage representation of
forecast performance. Since this indicator £, is derived
from E,,, only Eq, values are discussed during the
case analysis.

3 Case analysis
3.1 Data description

The datasets are sourced from public databases
and industry-academia collaborations, encompassing
multiple PV power stations in China (Guangzhou and
Sanming) and Australia (Alice Springs and Canberra)
with installed capacities ranging from 1.00 to 8.67 MW.
The data resolution varies from 5 min to 1 h, and the
dataset lengths span from 3 to 27 months. All data are
split in chronological order (70%/15%/15% for training/
validation/testing). Detailed information is summarized
in Table 1.
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Table 1 Detailed information for each station

Location and size Category Dataset source Data length Resolution Feature parameter
Alice Springs, M N Desert Knowledge Australia Jan. 1,2015— 5 min '
4.95 MW F x Solar Centre Dec. 31,2015 - Wind speed W,

) M N Digital China Innovation . ambient temperature
Sanming, Contest 2024 Nov. 17, 2022~ I5min 7, rainfall R, humidity
2.77T MW N - Apr. 30,2023 - H_, global horizontal

F Xihe-Energy 15 min e .
- irradiance G,,, diffuse
Guangzhou, M N Skyworth Photovoltaic Power  Jan. 1, 2025— lh horizontal irradiance
8.67 MW F N Station of Guangzhou Bureau  June 19, 2025 15 min G,, and photovoltaic
Canberra, M X Global Energy Forecasting Jan. 1, 2012- - power P
1.00 MW F Competition 2014 Mar. 31, 2014 1h

M: measured data; F: forecast data. “J” and “x” indicate whether the corresponding data/variable is available or unavailable.

corresponding content

3.2 Correlation analysis

Correlation analysis (Fig. 2) guides our feature
and sequence length selection. In the Alice Springs
dataset, G, and G,,, show strong correlations with
power P, unlike the weak correlation with rainfall
R. This pattern generally holds for the Sanming and
Guangzhou datasets, although humidity H, exerts a
more significant influence at these sites.
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Fig. 2 Real-time correlation heatmap of Alice Springs

Furthermore, lagged correlation analysis is per-
formed to identify the optimal input sequence length
for the time-series model. The average lagged correla-
tion (ALC) for Alice Springs at 15-min resolution
(Fig. 3a) reveals a significant periodic pattern of about
24 h. Based on the ALC curve’s key inflection points
(e.g., peaks and troughs), a set of candidate input
lengths is selected (e.g., 4, 10, ---, 106 data points) for

«_

— means no

subsequent experimental optimization. A similar
strategy is applied to other regions and the 4-h fore-
casting task. These points include lags of 12, 24, 36,
and 48 h (Fig. 3b). These four time points cover dif-
ferent temporal ranges, from short-term intra-day pat-
terns to long-term cross-day periodic information.

3.3 Model parameter settings

Table 2 summarizes the hyperparameter configu-
ration for the CNN-LSTM model. To accommodate
the increasing complexity of input patterns as the fore-
casting horizon extended from 15 min to 24 h, the
model capacity is adaptively scaled. Specifically, the
number of LSTM hidden units is increased from 64 to
144 to capture broader temporal dependencies, while
the dropout ratio is raised from 0.0 to 0.4 to prevent
overfitting. Concurrently, CNN output channels are
optimized to maintain computational efficiency while
reducing feature redundancy.

3.4 Forecasting experiments across various
forecasting horizons

A controlled experiment is designed to evaluate the
PIDL-HM’s effectiveness and optimize feature engi-
neering. Two case groups are established: (1) pure data-
driven baselines (Cases 1-1 to 1-3) with various feature
correlation strengths; (2) PIDL-HM variants (Cases 2-1
to 2-6) incorporating physically grounded features (G,
T,) in different combinations (taking the Alice Springs
dataset as an example, all case details are summarized
in Table 3). These case settings are applied consis-
tently across all forecasting horizons and regions.

3.4.1 15-min forecasting experiment

Table 4 presents the RMSE metrics across vari-
ous input sequence lengths and feature combinations for



890 | J Zhejiang Univ-Sci A 2026 27(8):885-896

the 15-min task, using the Alice Springs dataset as a
representative case. Guided by lagged correlation anal-
ysis, optimal sequence lengths (94 for Alice Springs;
95 for Sanming, whose ablation table is not included
here for brevity) are identified to balance historical con-
text with noise, effectively capturing diurnal patterns.
As detailed in Tables 3 and 4, integrating physical
features (G, T) consistently enhanced the prediction
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precision. The hybrid Case 2-2, which synergizes
these physical priors with meteorological variables
(e.g., W, and G,,), achieved the optimal performance,
outperforming both purely data-driven and standalone
physical benchmarks. Notably, this configuration re-
duced RMSE by 1.09% (when the input sequence
length is 94) compared to the all-feature baseline
(Case 1-1). This superiority persisted across both the
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Fig. 3 15-min interval lag correlation of the Alice Springs dataset: (a) 15-min lag correlation of Alice Springs; (b) 4-h

interval lag correlation of Alice Springs

Table 2 CNN-LSTM neural network simulation parameters

Parameter Detail Parameter Detail
15-min 4-h 24-h 15-min 4-h 24-h
Convolutional layer and kernel 1,3 1,3 1,3 Dropout 0.0 0.2 0.4
Pooling layer and kernel 1,3 1,3 1,3 Rate 0.001 0.001 0.001
Output unit 32 16 8 Number of iterations 100 100 100
Number of LSTM layers 1 1 1 Optimizer Adam Adam Adam
LSTM hidden unit 64 128 144
Table 3 Case settings for Alice Springs
Case Description Combination
W, T H_ R G, G, Gu T,
Case 1-1 All available meteorological features N N N N N N - -
Case 1-2  Moderately correlated features J N J - J N - -
Case 1-3 Highly correlated features N - - - N N - -
Case 2-1 Full meteorological and physically grounded features N N N N J N N N
Case 2-2 Moderately correlated and physically grounded features N N N - N N N N
Case 2-3 Highly correlated and physically grounded features N - - - J N N N
Case 2-4  Pure physically grounded features - - - - N N
Case 2-5 Single-information features - - N - - - N N
Case 2-6  Overlapping-information features - N - - - N N N

”»

“y indicates that the feature is used. “—

indicates that the feature is not used
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Table 4 RMSE metrics for the 15-min forecasting task in Alice Springs

Input sequence length

(number of 15-min intervals) Case 1-1 Case 1-2 Case 1-3 Case 2-1 Case 2-2 Case 2-3 Case 2-4 Case 2-5 Case 2-6

4 0.3389  0.3391  0.3387
10 0.3360  0.3379  0.3347
15 0.3267  0.3276  0.3281
21 0.3224  0.3201 0.3279
28 0.3217  0.3231  0.3244
42 0.3223  0.3257  0.3211
60 0.3225  0.3203  0.3215
72 0.3229  0.3269 0.3288
81 0.3246  0.3215 0.3219
94 0.3213  0.3188  0.3199
106 0.3231  0.3225  0.3224

Eppis (MW)
0.3366 0.3360 0.3330 0.3387 0.3367 0.3398
0.3288  0.3321 0.3307 0.3386 0.3337 0.3402
0.3241 0.3221 0.3264 0.3340 0.3324  0.3407
0.3251 0.3216 0.3211 0.3296 0.3282 0.3383
0.3222 03207 0.3214 0.3257 0.3237 0.3304
0.3254 0.3212 0.3246 0.3246 0.3274  0.3274
0.3232 0.3232 0.3240 0.3251 0.3251 0.3310
0.3226  0.3227 0.3239 0.3261 0.3269 0.3300
0.3220  0.3208 0.3237 0.3255 0.3256 0.3287
0.3199 0.3178 0.3206 0.3246 0.3241 0.3295
0.3228  0.3216 0.3230 0.3253 0.3261 0.3333

Best and second-best results are bold-underlined and bold, respectively

Alice Springs and Sanming datasets, confirming the
cross-regional reliability of the PIDL-HM for ultra-
short-term forecasting (Fig. 4).

v/. Case 1-1 mm Case 2-4 77, Case 1-1 = Case 2-1
N\ Case 1-2 @@ Case 2-5 N\ Case 1-2 = Case 2-2
»¢ Case = Case 2-6 x¢ Case 1-3 == Case 2-3

Alice springs

(a)

Fig. 4 15-min RMSE results of Alice Springs (at input
sequence length of 94) and Sanming (at input sequence
length of 95): (a) Alice Springs; (b) Sanming

3.4.2 4-h forecasting experiment

For the 4-h forecast, E,,,s values naturally increase
across all three regions (Alice Springs, Sanming,
and Guangzhou) due to greater inherent uncertainty
(Tables 5—7). The optimal input sequence length con-
sistently proves to be 24 h, a full diurnal cycle, as
suggested by the ALC analysis. At this optimal length,
the PIDL-HM’s advantage remains significant.

Case 2-6 emerges as the optimal configuration
for the Alice Springs and Guangzhou datasets, re-
ducing the E,,s by 8.48% (to 0.4382 MW) and
6.94% (to 0.4344 MW), respectively, compared to the
Case 1-1 baseline. However, the optimal feature strategy

proves region-dependent. In Sanming, high meteoro-
logical volatility renders standalone physical features
(Case 2-4) suboptimal due to error accumulation from
noisy inputs. Conversely, the smoother irradiance- and
temperature-related feature sequences in Alice Springs
and Guangzhou reduce the risk of error accumulation
in physical feature generation, enabling the hybrid
Case 2-6 to effectively capture system dynamics.

3.4.3 24-h forecasting experiment

Note that for the 24-h forecast task, lagged corre-
lation analysis is omitted as it transitions to an NWP-
driven point-to-point mapping paradigm, prioritizing
physical causality over historical inertia.

Table 8 summarizes the day-ahead (24-h) forecast-
ing performance across the three climatically diverse
regions. The results confirm that integrating physical
features consistently enhances accuracy, with the opti-
mal hybrid configuration (Case 2-6) in Guangzhou
achieving a reduction in £, of 8.93% compared to
the Case 1-1 baseline, reaching 92.8% accuracy.

The optimal feature strategy is dictated mainly by
regional NWP reliability. In regions characterized by
high NWP uncertainty (e.g., Sanming), standalone phys-
ical features (Case 2-4) excel by acting as noise filters.
Conversely, in environments with stable, high-quality
NWP data (e.g., Canberra), a hybrid of physical and
meteorological features (Case 2-1) yields the best
results. These findings demonstrate that for point-based
day-ahead forecasting, the physical robustness of G,,,
and T provides a stable causal anchor, effectively miti-
gating the impact of meteorological forecast errors.



892 | JZhejiang Univ-SciA 2026 27(8):885-896

Table 5 RMSE metrics for the 4-h forecasting task in Alice Springs

. Eqns MW)
Lag time (h)
Case 1-1 Case1-2 Case1-3 Case2-1 Case2-2 Case2-3 Case2-4 Case2-5 Case2-6
4 0.5116 0.5161 0.5056 0.4952 0.5162 0.5090 0.5161 0.5143 0.5273
12 0.4675 0.4633 0.4783 0.4821 0.4768 0.4742 0.4584 0.4759 0.4507
24 0.4788 0.4536 0.4607 0.4547 0.4632 0.4486 0.4476 0.4521 0.4382
36 0.4903 0.4745 0.4798 0.4600 0.5187 0.4576 0.4761 0.4583 0.4573
48 0.4864 0.4508 0.4925 0.4860 0.4704 0.4569 0.4889 0.4810 0.4723
Best and second-best results are bold-underlined and bold, respectively
Table 6 RMSE metrics for the 4-h forecasting task in Sanming
. Ens MW)
Lag time (h)
Case 1-1 Casel-2 Case1-3 Case2-1 Case2-2 Case2-3 Case2-4 Case2-5 Case2-6
4 0.2698 0.2632 0.2629 0.2564 0.2572 0.2580 0.2860 0.2999 0.2649
12 0.2825 0.2616 0.2661 0.2574 0.2602 0.2613 0.2988 0.2914 0.2680
24 0.2614 0.2565 0.2551 0.2483 0.2594 0.2419 0.2962 0.2760 0.2624
36 0.2655 0.2902 0.2752 0.2606 0.2601 0.2540 0.2759 0.2854 0.2594
48 0.2870 0.2658 0.2760 0.2706 0.2697 0.2618 0.3006 0.2895 0.2639
Best and second-best results are bold-underlined and bold, respectively
Table 7 RMSE metrics for the 4-h forecasting task in Guangzhou
Lag time (h) Erys (MW)
Case 1-1 Case1-2 Case1-3 Case2-1 Case2-2 Case2-3 Case2-4 Case2-5 Case2-6
4 0.4917 0.4851 0.4987 0.4854 0.4771 0.4782 0.5075 0.5065 0.5144
12 0.4949 0.4878 0.5273 0.4977 0.4812 0.4944 0.5039 0.5017 0.4886
24 0.4668 0.4586 0.4668 0.4619 0.4406 0.4554 0.4370 0.4373 0.4344
36 0.4808 0.4527 0.4846 0.4754 0.4554 0.4724 0.4603 0.4508 0.4478
48 0.4849 0.4577 0.4814 0.4725 0.4582 0.4716 0.4557 0.4642 0.4518
Best and second-best results are bold-underlined and bold, respectively
Table 8 RMSE metrics for the day-ahead (24-h) forecasting in Guangzhou, Canberra, and Sanming
. Eris (MW)
Region
Case 1-1 Case 1-2  Case 1-3 Case2-1 Case2-2 Case2-3 Case2-4 Case2-5 Case2-6
Guangzhou 0.6851 0.6347 0.6639 0.6586 0.6447 0.6561 0.6435 0.6546 0.6239
Canberra 0.1163 0.1170 0.1172 0.1162 0.1168 0.1165 0.1211 0.1169 0.1218
Sanming 0.3353 0.3254 0.3429 0.3289 0.3304 0.3079 0.2983 0.3160 0.3083

Best and second-best results are bold-underlined and bold, respectively

3.5 Data efficiency experiments

To further investigate the robustness and general-
ization capability of the PIDL-HM, in this section we
examine the impact of historical data volume on model
performance.

3.5.1 Small-sample data experiment

To evaluate the efficacy of PIDL-HM under
data scarcity, we conduct the experiment using only

three months of training data across all regions and
forecasting horizons. Specific results are shown in
Tables 9-11.

Under small-sample conditions (three months of
training data), the PIDL-HM demonstrates a decisive
advantage. While the optimal feature combination
varies, the best-performing model in every scenario is
invariably a PIDL-HM variant. This advantage mag-
nifies with the system scale and forecast horizon:
for Guangzhou’s 24-h forecast, the optimal PIDL-HM
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Table 9 RMSE metrics for the 15-min small-sample data efficiency experiment

Region Ers MW)

Case 1-1 Case 1-2 Case 1-3 Case2-1 Case2-2 Case2-3 Case2-4 Case2-5 Case2-6

Alice Springs 0.2767 0.2744 0.2678 0.2812 0.2668 0.2847 0.2774 0.2885 0.2701

Sanming 0.1322 0.1305 0.1324 0.1263 0.1260 0.1263 0.1382 0.1565 0.1351

Best and second-best results are bold-underlined and bold, respectively
Table 10 RMSE metrics for the 4-h small-sample data efficiency experiment
. ERMS (MW)
Region

Case 1-1 Case 1-2  Case 1-3 Case2-1 Case2-2 Case2-3 Case2-4 Case2-5 Case2-6

Alice Springs 0.4105 0.4441 0.3958 0.4099 0.4122 0.3940 0.4145 0.4300 0.4276
Sanming 0.2711 0.2764 0.2868 0.2556 0.2888 0.2640 0.2764 0.2598 0.2305
Guangzhou 0.5246 0.5049 0.4985 0.4986 0.5040 0.4659 0.4667 0.5113 0.4557

Best and second-best results are bold-underlined and bold, respectively
Table 11 RMSE metrics for the 24-h small-sample data efficiency experiment
. Exvs (MW)
Region

Case 1-1 Case 1-2  Case 1-3 Case2-1 Case2-2 Case2-3 Case2-4 Case2-5 Case2-6

Canberra 0.1190 0.1205 0.1197 0.1161 0.1201 0.1196 0.1427 0.1195 0.1457

Sanming 0.2618 0.2689 0.2630 0.2576 0.2598 0.2665 0.2620 0.2621 0.2679

Guangzhou 0.5559 0.5659 0.5423 0.5987 0.5481 0.4568 0.5757 0.5911 0.5402

Best and second-best results are bold-underlined and bold, respectively

reduces the E,, by 17.8% compared to the pure data-
driven baseline.

This superior data efficiency stems from the phys-
ical prior knowledge embedded in the model, which
acts as a powerful inductive bias. While data-driven
models overfit to sparse correlations, the physical front-
end constrains the solution space to physically plausible
outcomes, guiding the learning process effectively,
even with limited data.

3.5.2 Data distribution shift experiment

To evaluate robustness under seasonal distribution
shifts, we use two experimental designs:

Ex 1: chronological test. The training set’s start
date is fixed, and its length is varied. The test set imme-
diately follows the training period.

Ex 2: fixed test. The test set is fixed on a specific
period (e.g., summer). The training set’s length is varied
by extending its start date further into the past, thus
incorporating different seasons.

For stations with shorter datasets (Sanming,
Guangzhou), the performance in Ex 1 fluctuates signifi-
cantly because the training and test sets cover different,
biased seasonal segments (Figs. 5 and 6). Despite this
inherent volatility, the PIDL-HM achieves the best
performance in most cases. The key conclusion is that

the optimal feature combination is context-dependent
and should be selected based on the specific training
data distribution.

The longer datasets (Alice Springs: 12 months;
Canberra: 27 months) reveal distinct distribution shift
patterns. In the Alice Springs dataset (Fig. 7), perfor-
mance dips because the model, trained on mixed sea-
sons (first 8.5 months), is tested solely during the high-
radiation southern hemisphere summer (November—
December). Similarly, the Canberra dataset (Fig. 8)
exhibits clear annual periodicity, with accuracy peak-
ing at full yearly cycles (12/24 months) and degrading
at partial intervals (16/27 months). Despite these shifts
significantly impacting the baseline models, PIDL-HM
consistently maintains superior generalization. How-
ever, the variable optimal feature combinations across
lengths suggest that strategy selection must align with
specific training data distributions.

To evaluate the model’s performance in the 24-h
forecast task in the Guangzhou region under different
training data lengths, Ex 2 is implemented. The test set
has a strictly fixed time frame from Aug. 18 to Sept. 18.
To construct the training set, the end date is set for
July 18, while the start date is progressively extended
from May 1 to Jan. 1. This configuration results in
five different experimental cases, labeled Ex 2-1 to
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Fig. 5 Data efficiency experiment for Sanming (started on Nov. 17, 2022): (a) 15-min; (b) 4-h; (c) 24-h. Label “All”
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Fig. 6 Data efficiency experiment for Guangzhou (started
on Jan. 1, 2025): (a) 4-h; (b) 24-h. Label “All” represents
6.5 months
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Fig. 7 Data efficiency experiment for Alice Springs (started
on Jan. 1, 2015): (a) 15-min; (b) 4-h. Label “All” represents
12 months

Ex 2-5. The relative performance improvement of
PIDL-HM compared to the purely data-driven baseline
in these five cases is detailed in Table 12.
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Fig. 8 E, results of the 24-h data efficiency experiment
for Canberra (started on Jan. 1, 2014). Label “All”
represents 27 months

Table 12 provides compelling quantitative evi-
dence of the PIDL-HM’s value under distribution shift.
The performance gain of the PIDL-HM over the
Case 1-1 baseline monotonically increases from 1.05%
to a peak of 6.87% as the seasonal mismatch between
training and test data increases (Ex 2-4, spanning winter
to summer), and it remains high at 6.44% in Ex 2-5.
This trajectory confirms that the more pronounced
the distribution shift is, the greater the benefit of the
embedded physical priors, highlighting the model’s
particular value for cross-seasonal forecasting and
newly built plants.

3.6 Fusion prediction with tree models

To explore PIDL-HM’s potential as a foundational
component, we integrate it into an ensemble frame-
work. For key scenarios, we fuse predictions from the
baseline pure data-driven model and PIDL-HM models
with those from an XGBoost model via simple aver-
aging (Table 13).
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Table 12 Performance improvement of PIDL-HM under different cases

Ers MW)

Scenario Case 1-1 Case1-2 Case1-3 Case2-1 Case2-2 Case2-3 Case2-4 Case2-5 Case2-6 Gain
Ex 2-1 0.5047 0.5026 0.5023 0.5069 0.5140 0.5040 0.5023 0.4994 0.5158 1.05%
Ex 2-2 0.5190 0.5003 0.5185 0.5193 0.5049 0.5336 0.4952 0.4972 0.5252 4.58%
Ex 2-3 0.5274 0.5029 0.5226 0.5270 0.4987 0.5094 0.4989 0.5020 0.5266 5.44%
Ex 2-4 0.5314 0.5155 0.5143 0.5317 0.5208 0.5207 0.4949 0.4966 0.5004 6.87%
Ex 2-5 0.5263 0.5146 0.5369 0.5377 0.5146 0.4924 0.5093 0.5112 0.5178 6.44%

Best and second-best results are bold-underlined and bold, respectively

Table 13 Performance comparison before and after XGBoost fusion for selected cases

Case ERMS (MW)
Original XGBoost PIDL-HM PIDL-HM+XGBoost
15-min (Alice Springs) 0.3213 0.3138 0.3178 0.3083
4-h (Sanming) 0.2614 0.2426 0.2419 0.2333
24-h (Guangzhou) 0.6851 0.6059 0.6239 0.5789

The fusion strategy shows significant efficacy. For
instance, in Sanming’s 4-h task, integrating the data-
driven baseline with XGBoost reduces E,, by 7.2%.
Notably, replacing the baseline with PIDL-HM as the
base component yielded a further 3.8% E.,,, reduction.
This highlights that PIDL-HM establishes a more accu-
rate and physically constrained foundation for ensem-
ble learning. Consequently, the “PIDL-HM-+XGBoost”
ensemble consistently outperformed its purely data-
driven counterpart, proving that physics-informed out-
puts provide a superior, high-fidelity basis for broader
forecasting pipelines.

4 Conclusions

This study validated a physics-informed deep
learning hybrid model (PIDL-HM) for robust and data-
efficient PV power forecasting. The main findings are
as follows:

1. PIDL-HM achieves deep synergy between phys-
ical principles and data-driven learning. This explain-
able framework yielded significant RMSE reductions
across various forecasting horizons, notably up to 8.93%
for day-ahead tasks compared to purely data-driven
methods.

2. The physics-informed architecture enables high
accuracy with only three months of training data. In
small-sample experiments, PIDL-HM outperformed
the data-driven baseline by up to 17.8% in 24-h fore-
casting, demonstrating its suitability for newly com-
missioned power plants.

3. The framework effectively mitigates perfor-
mance degradation under data distribution shifts. In
cross-seasonal tests, PIDL-HM achieved a reduction of
up to 6.87% in RMSE over the best data-driven models,
confirming its stability in non-stationary environments.

4. Explainable optimization: lagged correlation
analysis and context-dependent feature engineering
provide a principle-guided approach to model con-
struction, offering practical insights for real-world
deployment.

5. PIDL-HM serves as a superior base compo-
nent for ensemble frameworks. The “PIDL-HM+
XGBoost” ensemble consistently outperformed pure
data-driven counterparts, proving that physical con-
straints enhance the entire forecasting pipeline.

In summary, the proposed approach provides a
comprehensive solution to the critical challenges of
data scarcity and distribution shifts in practical PV
forecasting.

Current limitations include the model’s depen-
dence on the quality of meteorological forecasts and the
potential computational overhead for ultra-large-scale
applications. Future research will focus on develop-
ing explicit NWP bias-correction techniques and ex-
ploring more efficient physics-informed architectures
to enhance the framework’s scalability and practical
scope.
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