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Abstract—This study presents a novel hybrid incremental
learning approach for short-term solar power prediction under
dynamic shading conditions, using time window-based incre-
mental learning to adapt a pre-trained prediction model. The
proposed approach rapidly adapts to changes in shading patterns
without the need for full model retraining. The model is config-
ured to use an estimation period, after which it requires three
additional days to effectively compensate for shading effects.
The results show that the proposed method significantly reduces
forecast errors, improving the RMSE by up to 19.27% and the
MAE by up to 31.81% in strong shading scenarios compared
to transfer learning approaches. Moreover, the method requires
only one tenth of the computation time. The proposed method
provides a scalable, robust, and efficient solution for solar power
forecasting, particularly in scenarios with frequent and strong
shading.

Index Terms—machine learning, solar power forecasting, in-
cremental learning, shading

I. INTRODUCTION

With photovoltaics (PV) emerging as the dominant renew-
able energy source, its share of global electricity is projected to
rise from 6.8% in 2024 to 16.1% by 2030 [1], playing a crucial
role in achieving carbon reduction targets. This will position
it as the leading renewable energy source. This expansion
underscores the key role of solar in meeting international
carbon reduction targets and transitioning to sustainable energy
systems. This surge underscores the critical role of PV systems
in achieving a sustainable energy transition. However, the
variability of solar power output, driven by factors such as
cloud cover, precipitation, shading [2], [3], soiling [4] and
fluctuating solar irradiance, poses significant challenges energy
management and grid stability [5]. Accurate forecasting of
solar power generation is essential to mitigate these challenges,
ensure system reliability, and enable effective integration of
renewable energy into the grid.

Traditional methods, including physical models, statistical
approaches, and machine learning, have been employed to pre-
dict solar power generation. Among these, machine learning
has gained significant attention due to its ability to generalize
across different conditions [6]. In the recent years, the most
notable methods are those based on long-short term memory
(LSTM) [7] and those based on the self-attention mechanism
[8], which have gained popularity in short-term PV power
prediction. Nguyen et al. [9] demonstrated that Transformer
networks, coupled with Convolutional Neural Networks and
data pre-processing techniques like Variational Mode Decom-
position, significantly outperform traditional approaches in

capturing complex solar irradiance patterns. Similarly, Jailani
et al. [10] highlighted the advantages of LSTM-based models
in handling sequential solar energy data, particularly in hybrid
setups combining LSTM with other architectures. Al-Ali et al.
[11] further explored CNN-LSTM-Transformer hybrid archi-
tectures, demonstrating their ability to achieve state-of-the-art
forecast accuracy by integrating complementary strengths of
these methods.

Despite these advancements, forecasting models often strug-
gle with unexpected changes, such as shading caused by tree
growth or buildings. Shading dynamics, influenced by factors
like irradiance, panel orientation, and obstacle geometry, re-
main challenging to model. Zhang et al. [12] discussed the lim-
itations of transfer learning, noting that errors increase when
models are applied to conditions that are significantly different
from the domain in which they were trained. Other studies
[13], [14] have incorporated external sensor data to address
shading effects, but these solutions often add significant costs
due to the requirement for additional hardware.

To overcome these limitations, incremental and online learn-
ing methodologies have emerged as promising alternatives.
Incremental learning is particularly valuable in non-stationary
environments, where models must adapt to changing condi-
tions without retraining. Yang et al. [15] proposed a concept
drift detection method for online extreme learning machines
(OS-ELMs) that effectively identifies model dissimilarity, em-
phasizing the need for adaptation when retraining is com-
putationally expensive. Similarly, Puah et al. [16] introduced
the Regression Enhanced Self-Organizing Incremental Neural
Network (RE-SOINN), which incrementally learns time-series
data and predicts in real time, outperforming conventional
models in highly fluctuating scenarios. Incremental learning
frameworks, such as those by Zhang et al. [17], have success-
fully integrated concept drift detection with privacy-preserving
methods, ensuring accurate PV power prediction in distributed
settings. These methods aim to identify drifts, allowing for
real-time model adaptation without expensive retraining.

While these incremental learning techniques show great
promise, no prior work has attempted to combine the adap-
tive capabilities of incremental learning with the strong per-
formance of traditional batch learning models. This paper
introduces a hybrid approach that leverages the strengths
of both paradigms. By combining incremental learning with
high-performance models trained using large datasets, the
proposed framework provides rapid adaptation to dynamic
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conditions like shading without the need of external radiation
sensors, while still benefiting from the robust performance of
established batch-learning techniques.

Building on this foundation in short-term power forecast-
ing, this paper presents a hybrid framework that combines
solar power prediction models using LSTM and Transformer
networks with a windowed incremental learning approach
for rapid adaptation to shading conditions. The proposed
incremental learning algorithm dynamically adjusts the output
of the prediction model, enabling faster adaptation, improved
performance, and reduced computational cost compared to
conventional transfer learning methods. This approach exploits
the high performance of a model trained on a large dataset,
while benefiting from the fast adaptation capabilities of in-
cremental learning. Furthermore, the framework supports PV
system monitoring based on the prediction error, providing
valuable insights for condition-based maintenance and system
optimization.

The contributions of this study are as follows:
• A hybrid approach combining LSTM and Transformer

networks with incremental learning, enabling dynamic
adaptation to shading conditions

• Efficient adaptation to shading effects with minimal com-
putational cost

• Experimental validation of the proposed methodology
across various shading scenarios and PV array config-
urations

The paper is organized as follows: Section II outlines the
methodology, Section III presents the experimental setup, and
Section IV discusses results and future directions.

II. METHODOLOGY

The structure of the work is divided into four steps. First, a
model is trained on an unshaded PV system. In this study, both
LSTM- and Transformer networks (Encoder) are investigated.
Second, the forecasted power is compared to new PV systems
with different levels of shading. Third, to adapt the method
to the new environmental conditions, a new hybrid method is
presented (see Fig. 1). This method combines a pre-trained
network with an incremental support vector machine (iSVM)
to adjust the prediction error. Finally, the performance of
the proposed approach is evaluated and compared against
conventional forecasting methods.

The proposed framework builds upon a pre-trained model
that has been trained on extensive recorded PV data. This
study employs two advanced deep learning architectures, Long
Short-Term Memory (LSTM) networks and Transformer net-
works, to predict solar power generation.

The LSTM network is specifically designed to handle tem-
poral dependencies in sequential data. By using memory cells
controlled by the forget gate, input gate, and output gate, the
network determines which information is stored, updated, or
output at each time step. This mechanism enables the LSTM to
effectively model long-term dependencies, which are essential
for capturing the dynamics of solar power generation.

Normalize

Filter

Train & Optimize

Generate Sequences
yPred

yiSVR

yj

yPred,New
XInput

XiSVR

∀j Є{1,...,N} 

C
on

cat

iSVR
predict

+
update

iSVR
predict
 +
update

S
p

lit

Windowed-iSVR

Pretrained Model

Fig. 1. Overview of the Proposed Approach

In contrast, the Transformer network leverages a self-
attention mechanism to identify dependencies within time se-
ries data without relying on recurrent connections. This allows
the model to process the entire input sequence in parallel,
greatly enhancing computational efficiency. The Transformer
encoder used in this study incorporates a position embedding
layer, a self-attention mechanism, and feedforward layers to
process the input data. These components work together to
capture intricate patterns in solar power generation. The train-
ing procedure and parameters for the LSTM and Transformer
networks are further detailed in Section III.

While the deep learning models provide accurate initial
forecasts, they can benefit from refinement to account for
local and recent variations in data. To achieve this, the predic-
tions from these models are incrementally improved using a
Window-Based Incremental Learning Support Vector Regres-
sion (W-iSVR) approach. This hybrid framework combines the
global learning capabilities of deep learning models with the
adaptability of incremental regression.

The W-iSVR method addresses the challenge of adapting
to new data efficiently without requiring complete retraining.
Instead of solving the optimization problem over the entire
dataset repeatedly, the SVR model updates its parameters
incrementally as new data arrives. Assume the model is trained
on a dataset {Xold,yold} and new samples {Xnew,ynew}.The
variable w represents the weight vector of the model. The
slack variables ξ and ξ∗ account for deviations beyond the
margin of tolerance ϵ. The parameter C is a regularization
term that controls the trade-off between model complexity and
the penalty for errors.

The updated SVR problem can be written as:

min
w,ξ,ξ∗

1

2
∥w∥2 + C

Nold∑
i=1

(ξi + ξ∗i ) +

Nnew∑
j=1

(ξj + ξ∗j )

 (1)

The slack variables ξi and ξ∗i correspond to the old samples,
while ξj and ξ∗j are associated with the new samples. The
optimization process focuses exclusively on the new samples,
ensuring that the parameters remain consistent with what was
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learned from the old data. To enhance accuracy and adapt-
ability, the framework incorporates hour-based time window
splitting. The day is divided into distinct hourly windows,
and for each time window, a separate incremental learner is
constructed. This approach ensures that the specific character-
istics and patterns of each hour are captured effectively. For
instance, the early morning and late afternoon hours may have
distinct behaviors compared to the midday hours as a result
of variations in solar angles and weather conditions.

Let T = {t1, t2, . . . , tN} represent the set of N hourly win-
dows within a day. For each hourly window tk ∈ T , a separate
model Mk is incrementally trained and updated to account
for specific characteristics observed during that hour. This
ensures that temporal patterns, such as solar angles or weather
conditions unique to that hour, are modeled effectively.

The training process for each hourly model can be described
as follows: Let D represent the dataset containing input
features X and corresponding target values y:

D = {(xi, yi)}Ni=1 (2)

where N is the total number of samples. The dataset is
partitioned into subsets Dk for each hourly window tk:

Dk = {(xi, yi) : hour(ti) = tk,∀i} (3)

where hour(ti) extracts the hour from the timestamp ti of
sample i. For each hourly window tk, the corresponding
model Mk is updated using the subset Dk. The update step
incorporates new data after a predefined period (e.g., 10 days),
ensuring that the model adapts to changes without overfitting:

Mk,new ← Update(Mk,Dk,new) (4)

where Dk,new represents the new data collected for hour tk.
The W-iSVR model updates incrementally to adapt to new
data efficiently, avoiding the computational overhead of full
retraining. At each prediction step, the corrected forecast is
computed as:

ypred,new = ypred,pretrained − yiSVR (5)

where ypred,pretrained is the output of the pre-trained model
(LSTM or Transformer) and yiSVR is the correction term
provided by the W-iSVR model, accounting for recent data
patterns and errors.

III. CASE STUDY

To evaluate the robustness of the proposed forecasting ap-
proach three photovoltaic (PV) systems with varying shading
conditions over a one-year period are used. The configurations
of these systems are detailed in Table I. For System D,
however, only data covering half a year is available. System A
serves as the reference system without shading, while Systems
B, C, and D represent scenarios with low, medium, and
strong shading. First, the datasets used for both the pre-trained
models and the W-iSVR model are described in detail. This
is followed by a comprehensive explanation of the evaluation
methodology.

TABLE I
CONFIGURATIONS FOR SYSTEM A-D

System A System B System C System D

Azimuth 0°S 30°W 60°E 74°E
Tilt 30° 15° 30° 9°

Mounting Ground Ground Ground Roof
PSTC / kW 10 10 10 7.2

Shading None Low Medium Strong

A. Data Description

The dataset consists of weather forecasts and measured
power data. The weather forecasts are obtained via OpenMeteo
[18], based on the DWD ICON-D2 model [19], which provides
numerical weather predictions with a spatial resolution of
2.2 km and a temporal resolution of 15 minutes. The ICON-
D2 model generates short-term forecasts with lead times of up
to 48 hours and is updated eight times per day, effectively pro-
viding forecasts 3 hours ahead. The data includes parameters
such as air temperature, shortwave radiation, diffuse radiation,
and direct normal irradiance. The geographic coordinates of
the systems are used to compute solar angles (elevation and
azimuth) via the pvlib library [20]. Data quality is ensured
by pre-processing steps to remove corrupted or erroneous val-
ues caused by sensor or communication errors. Power output
data is aggregated to match the temporal resolution of the
weather forecasts. To forecast power, LSTM and Transformer
models are pre-trained on one year of data from the unshaded
System A. These models are tested on the shaded systems
over a subsequent year. For validation, real shading data is
utilized. Figure 2 presents a comparison of the mean predicted
and actual power outputs for the shaded systems during the
test period using a trained LSTM model. These shading effects
are confirmed by comparing the data with PV systems with
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Fig. 2. Mean predicted and actual power outputs for shaded systems B (upper
panel)-D (lower panel) over the test period.
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identical tilt and azimuth angles but no shading. This shows
the intensity of the different shadings. It should be noted, that
shading does not occur at the same time or to the same extent
throughout the year. It varies depending on the season and the
type of weather (proportion of diffuse and direct radiation).

B. Benchmark

The W-iSVR uses lagged power outputs, forecast errors
and weather forecasts of the last three days as input, as well
as time-based features such as hour and month. To account
for daily and seasonal variations, predictions are grouped into
hourly time windows. This ensures that the models capture
patterns specific to varying solar radiation levels throughout
the day. The W-iSVR approach is compared to pre-trained
models under shading conditions. Both the LSTM and Trans-
former models are trained using a 70/30 data split. Addition-
ally, a grid search for hyperparameter optimization has been
performed. The best configurations, summarized in Table II,
include parameters such as hidden size, layers, learning rate,
and attention heads for Transformers. The model trained on
the unshaded system is used as a baseline for comparison.
The retraining strategy involves periodically updating the
pre-trained models with new data to ensure adaptability to
changing conditions. Retraining cycles of 30 and 90 days
are used to evaluate performance over different time periods.
Performance is evaluated using several key metrics. Root
Mean Squared Error (RMSE) measures overall performance,
with a higher penalty for larger errors. Mean Absolute Error
(MAE) quantifies the average magnitude of errors, treating all
deviations equally. Mean Bias Error (MBE), on the other hand,
highlights prediction bias, revealing whether the model tends
to overestimate or underestimate power output. This metric
is important in shading scenarios, where a low MBE close to
zero indicates effective bias correction. Additionally, the Mean
Computational Time per Prediction (MCTPP) is used to assess
the scalability of the approach. It is calculated by dividing the
total computation time by the number of predictions. Overall,
this benchmark highlights the effectiveness of the hybrid
approach in adapting to changing conditions and provides a
comprehensive evaluation of its performance across multiple
metrics.

TABLE II
SETTING FOR HYPERPARAMETER TUNING

Model Parameter Range Best

LSTM

Hidden Size {8, 16, 24, 32, 64} 24
Learning Rate [10−4, 10−2] 1.5 · 10−3

Layers {1, 2, 3, 4, 5, 6} 2

Transformer

Attention Heads {1, 4} 1
Feedforward Size [16, 32, 64] 16
Learning Rate [10−4, 10−2] 1 · 10−3

IV. RESULTS AND DISCUSSION

The performance of the proposed model is first analyzed
using system D, which is characterized by a strong shade
(see Fig. 2). This analysis demonstrates how quickly the
model can adapt to abrupt changes in shading patterns. To
highlight the model’s response, the evaluation focuses on
summer days with high levels of direct solar radiation, as
such conditions are more likely to trigger shading effects.
The model is configured with an estimation period of one
day, during which it accumulates sufficient information to
identify the shading pattern. Remarkably, the results show
that the model requires just three additional days after the
estimation period to fully adapt and compensate for the
shading. This is evident from the significant reduction in
forecast error observed after the estimation period, as illus-
trated in Fig. 3. The figure highlights the transition from
baseline predictions to corrected predictions, demonstrating
how the model learns and adjusts to the shading effects over
time. The difference between predictions and actuals in the
plot represents the high prediction error before adaptation,
which diminishes rapidly as the model corrects its outputs.
These results underline the effectiveness of the incremental
learning approach in handling dynamic shading scenarios,
ensuring robust and accurate power predictions under varying
environmental conditions. The performance metrics for each
system and approach are summarized in Table III. The metrics
include RMSE, MAE, and MBE, providing a comprehensive
view of the forecast error. The comparison focuses on the
proposed approach and its improvements relative to transfer
learning-based methods, as well as the impact of different
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Fig. 3. Predictions of reference model and proposed model of system B after the estimation period
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TABLE III
RESULTS AND METRICS (IN KW) FOR EACH SYSTEM OF THE LSTM AND

TRANSFORMER MODELS

LSTM Metric Reference Retrain Proposed
30 Days 90 Days

System B
RMSE 0.708 0.720 0.707 0.680
MAE 0.325 0.327 0.323 0.296
MBE 0.045 -0.026 0.047 -0.019

System C
RMSE 0.676 0.687 0.675 0.627
MAE 0.310 0.315 0.307 0.277
MBE 0.088 0.008 0.081 -0.006

System D
RMSE 0.702 0.519 0.632 0.419
MAE 0.388 0.270 0.340 0.208
MBE 0.327 0.086 0.247 0.021

TF Metric Reference Retrain Proposed
30 Days 90 Days

System B
RMSE 0.714 0.729 0.707 0.670
MAE 0.335 0.322 0.322 0.295
MBE 0.071 -0.031 -0.028 0.007

System C
RMSE 0.755 0.690 0.722 0.659
MAE 0.383 0.318 0.348 0.293
MBE 0.228 -0.020 0.042 0.017

System D
RMSE 0.929 0.730 0.861 0.608
MAE 0.591 0.415 0.528 0.283
MBE 0.538 -0.099 0.359 0.023

retrain intervals (30 days vs. 90 days). The proposed approach
outperforms both LSTM and Transformer retrain strategies
across all systems. For System B, the Transformer achieves
slightly greater improvements in RMSE (5.23%) and MAE
(8.39%) compared to the LSTM (3.82% and 8.36%). For
System C, both models demonstrate RMSE improvements
(7.11% for LSTM and 4.49% for Transformer), while LSTM
achieves a greater MAE reduction (9.77%) compared to Trans-
former (7.86%). These results highlight the effectiveness of
the proposed approach in leveraging each model’s strengths
and addressing shading-induced variations. Comparing to the
Baseline models, the proposed method demonstrates superior
performance across most metrics. For RMSE, the improve-
ments are more pronounced for LSTM models, with reductions
of 7.11% and 9.77% in System C compared to the best retrain
approach. However, for MAE, Transformer models achieves
better improvements in Systems B and D, indicating a nuanced
advantage depending on the metric. The retrain interval length
(30 days vs. 90 days) significantly impacts the performance of
retraining-based methods. Shorter intervals (30 days) generally
result in better accuracy, as seen in lower RMSE and MAE
values across the systems. In System D, the Transformer
improves in MAE (31.81%) and RMSE (16.71%) compared
to LSTM (22.96% and 19.27%). Additionally, the proposed
approach eliminates most of the negative bias observed in the
retrain methods, with an MBE of 0.02 kW. In contrast, transfer
learning-based approaches struggle to fully correct shading,
as the learned domains differ too significantly from the target
domain. This is a common problem in transfer learning strate-
gies, where retraining on new data is complicated because the
target domain is too far apart from the trained domain. As
a result, the retraining approach exhibits higher residual bias

TABLE IV
RELATIVE IMPROVEMENTS DES INKREMENTELLEN LERNENS GEGENÜBER

DEM BESTEN 30-TAGE-RETRAIN

Metric System B System C System D

LSTM ∆RMSE 3.82% 7.11% 19.27%
∆MAE 8.36% 9.77% 22.96%

Transformer ∆RMSE 5.23% 4.49% 16.71%
∆MAE 8.39% 7.86% 31.81%

and less effective compensation for shading-induced errors.
This highlights that the greater the extent of shading, the
higher the expected benefit to the retrain approaches. How-
ever, this advantage diminishes when the shading impact is
moderate, where the proposed approach already demonstrates
superior performance in eliminating residual bias. As shown
in Table IV, the proposed approach consistently outperforms
the best retrain approaches across all systems. The relative
improvements in RMSE range from 3.82% to 19.27%, with
the most significant gains observed in System D. For MAE,
the improvements are similarly notable, with a maximum of
31.81% for the Transformer model in System D. These results
demonstrate the robustness and efficiency of the proposed
method, particularly in scenarios with strong shading. For
a more comprehensive study, the model pool is extended
to XGBoost, yielding RMSE improvements from 2.39% to
7.74% and MAE improvements from 0.59 % to 13.51 %,
further reinforcing the incremental approach’s effectiveness in
enhancing prediction quality.

Next, the computational time of the two methods is eval-
uated. The total execution time was calculated across all
systems and divided by the number of predictions in a year
to determine the Mean Computational Time Per Prediction
(MCTPP). All tests were performed on an Intel(R) Core(TM)
i7-12700H CPU @ 2.30GHz. These times reflect an average
estimate for prediction on this specific CPU, but may vary
on different hardware platforms. Table V summarizes the
computational effort required for the different approaches in
terms of MCTPP ratios. The ratios indicate how many times
faster the proposed approach is compared to the retraining
methods. For the Transformer model, the 30-day retraining
window results in a ratio of 27.4, meaning it is approximately
27 times slower than the proposed approach. Extending the
retraining window to 90 days reduces the ratio to 9.2, but
it remains significantly slower than the incremental method.
LSTM models have even higher computational demands. The

TABLE V
COMPUTATIONAL EFFORT FOR DIFFERENT APPROACHES

Method MCTPP / µs Ratio

Transformer Retrain 30 Days 764.6 27.4
Retrain 90 Days 256.5 9.2

LSTM Retrain 30 Days 905.8 32.5
Retrain 90 Days 503.6 18.1

Proposed - 27.9 1
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30-day retraining window leads to a ratio of 32.5, making
the LSTM approach over 32 times slower than the proposed
method. Even with a 90-day retraining window, the LSTM
model is still about 18 times slower. In contrast, the proposed
incremental approach is the fastest and most computationally
efficient method. By eliminating the need for retraining, it
provides a significant advantage in terms of speed and scalabil-
ity. This makes it especially superior for applications where
forecasts are required for many different PV systems, as it
minimizes the computational cost and time associated with
frequent retraining.

V. CONCLUSION

This study proposes an incremental learning approach to
improve solar power prediction under dynamic shading. The
method outperforms traditional retraining, reducing RMSE by
up to 19.27 % and MAE by 31.81 %, while being ten times
more computationally efficient. Its rapid adaptability proves
to be especially effective for fluctuating shading, as seen in
System D with strong shading effects. Compared to LSTM
and Transformer networks, the approach provides superior
error reduction and computational efficiency by eliminating
frequent retraining. In conclusion, the proposed method is
a scalable, practical solution for solar power forecasting in
PV systems, offering rapid adaptation and low computational
overhead. However, this study has limitations, as the proposed
method requires continuous availability of measured power
data for model updates, which may not always be available.
Furthermore, the systems studied are geographically close, and
broader testing in varied locations is needed to evaluate the
method’s generalizability. Future work could explore the use
of prediction errors from the W-iSVR output for monitoring
and predictive maintenance of the PV system.
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