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Abstract

Accurate forecasting of photovoltaic (PV) power generation is essential for maintaining smart grid
stability and supporting efficient renewable energy management. This study presents a hybrid deep
learning framework that integrates one-dimensional convolutional neural networks (1D-CNNs),
multi-head attention mechanisms, and long short-term memory (LSTM) networks to enhance short-
term PV power prediction performance. Within the proposed architecture, the 1D-CNN component
captures localized high-frequency temporal patterns, while the multi-head attention module models
long-range contextual dependencies across time. The LSTM network subsequently learns the
sequential dynamics governing PV power generation. To improve robustness and generalization,
cyclical time-based features reflecting diurnal and seasonal characteristics are incorporated, and a
systematic hyperparameter optimization strategy is employed. The proposed model is evaluated
using real-world meteorological and PV power generation datasets collected from Gwangyang Port
and the Dangjin Landfill Solar Power Plant in South Korea. Experimental results demonstrate that
the proposed hybrid framework consistently outperforms conventional single-model baselines and
alternative deep learning architectures. Notably, it achieves lower mean absolute error (MAE) and
root mean square error (RMSE), along with a higher coefficient of determination (R?), indicating
superior predictive accuracy and explanatory capability. Furthermore, model interpretability is
enhanced through SHapley Additive exPlanations (SHAP), which quantify the relative contributions
of key meteorological variables to PV power output. This interpretability analysis provides
transparent insights into model behavior and supports informed decision-making for advanced
energy management and smart grid operation.

Keywords: photovoltaic power forecasting; one-dimensional convolutional neural networks; multi-
head attention mechanisms; long short-term memory networks; explainable artificial intelligence;
smart energy management platforms

1. Introduction

As contemporary urban environments transition toward smart city paradigms, the
incorporation of data-driven intelligence into renewable energy forecasting, photovoltaic power
optimization, and sustainable infrastructure development has emerged as a central research priority,
while continued advancements in transportation management and resource allocation remain
equally essential. Early investigations in this area primarily addressed pedestrian safety,
demonstrating that vision-based analytical approaches could effectively identify potential risks at
unsignalized crosswalks [1]. Building upon these initial findings, subsequent studies introduced
multi-dimensional analytical frameworks —most notably online analytical processing combined with
data cube structures—to reveal latent behavioral patterns and support proactive pedestrian risk
assessment [2]. With the rapid growth in the volume and complexity of urban data, automated
techniques for extracting object-level behavioral features were developed, enabling more precise and

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202412.0711.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 February 2026 d0i:10.20944/preprints202412.0711.v2

2 of 18

fine-grained safety evaluations [3]. The emergence of deep learning methodologies represented a
decisive shift in this research trajectory, substantially enhancing predictive and analytical capabilities.
Deep learning-based models improved the accuracy of urban traffic accident risk estimation [4],
while edge-vision architectures facilitated real-time vehicle-pedestrian risk prediction and early
warning generation [5]. Policy-oriented analyses, including evaluations of reinforced school zone
regulations, further provided empirical evidence of their effectiveness in enhancing pedestrian safety
outcomes [6].

Beyond pedestrian-centered scenarios, researchers began integrating visual cues with
community-level environmental variables to strengthen motorcycle crash and casualty prediction
models, thereby expanding the scope of data-driven safety interventions [7]. In parallel, advances in
trajectory collection and reconstruction techniques improved the reliability of behavioral datasets
used in urban surveillance and safety analysis [8]. Investigations into walkability and infrastructure
design highlighted the influence of crosswalk delays and zoning configurations on pedestrian
accessibility and movement patterns [9]. As methodological sophistication increased, deep learning
applications evolved from retrospective accident prediction toward preventive frameworks
emphasizing early-stage risk mitigation [10]. Recent innovations, including asymmetric long-term
graph-based multi-attention networks, have demonstrated strong capability in capturing complex
spatiotemporal dependencies for long-horizon traffic speed forecasting [11]. The integration of data
cube analytics with predictive modeling approaches further refined collision risk estimation between
vehicles and pedestrians [12], deepened insights into interactive behaviors at unsignalized
crosswalks [13], and enabled predictive identification of high-risk collision zones [14].
Complementary deep learning techniques—such as vision-based object recognition [15] and human
movement classification using acceleration signals [16]—have underscored the flexibility of these
models in interpreting heterogeneous urban mobility contexts.

The applicability of deep learning frameworks has also expanded into sustainability-oriented
urban development. For example, stacking-based deep transfer learning approaches have enhanced
short-term building energy forecasting across varying seasonal conditions and occupancy schedules
[17]. Optimization-driven methodologies have supported the selection of energy-efficient
construction materials tailored to regional climates [18], while three-dimensional spatial data
extraction has informed data-driven urban planning strategies [19]. Additionally, the combination of
data cube analysis and association rule mining has revealed complex energy consumption patterns
in commercial buildings, enabling more strategic energy management decisions [20]. Beyond the
built environment, deep learning techniques have been successfully applied in diverse domains,
including stress detection in animal populations, illustrating their broad cross-domain adaptability
[21]. Continued refinement of vision-based analytics has allowed for more detailed assessments of
pedestrian risk under dynamic environmental conditions [22]. Emerging transportation concepts,
such as urban air mobility, have likewise benefited from deep learning through computationally
efficient vision-based approaches for in-flight risky behavior recognition [23]. Finally, advances in
sensor-driven modeling—such as monovision-based vehicle cuboid estimation—have further
demonstrated deep learning’s effectiveness in addressing complex three-dimensional geometric
challenges in real-world urban environments [24].

Building upon these demonstrated capabilities, recent research attention has increasingly shifted
toward applying deep learning techniques to sustainability-critical domains, particularly renewable
energy systems, where accurate solar resource forecasting is indispensable for maintaining the
stability and operational efficiency of smart city infrastructures. Among the diverse components that
underpin smart city sustainability, the reliable integration of renewable energy sources remains a
core challenge. Solar energy, owing to its environmental advantages and widespread availability,
plays a pivotal role in achieving long-term energy resilience. Nevertheless, forecasting solar
irradiance and photovoltaic power generation continues to pose substantial difficulties, arising from
strong nonlinear relationships, long-range temporal dependencies, and pronounced sensitivity to
heterogeneous meteorological conditions. Prior studies have shown that deep learning models
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incorporating self-attention mechanisms can significantly improve photovoltaic power forecasting
accuracy [25]. Despite these advances, existing approaches often fall short in simultaneously
addressing local temporal variations, global contextual dependencies, and the need for
interpretability required in operational energy systems. To translate forecasting improvements into
stable grid operations and trustworthy decision support, hybrid modeling strategies are therefore
required —ones that can effectively fuse complementary deep learning architectures while providing
transparent explanations of model behavior.

To address this need, this study proposes a hybrid deep learning framework that integrates one-
dimensional convolutional neural networks, multi-head attention mechanisms, and long short-term
memory networks. The proposed Trend-Context Fusion Network is designed to exploit the
complementary strengths of these architectures and makes three primary contributions.

e  First, the proposed framework enhances photovoltaic power forecasting accuracy through a
dual-path modeling strategy. One-dimensional convolutional neural networks are employed to
extract localized high-frequency temporal trends, while the multi-head attention module
captures long-range contextual dependencies across time. These representations are
subsequently processed by long short-term memory layers to model sequential dynamics and
effectively accommodate complex meteorological variability.

e  Second, model robustness and generalization are improved through advanced temporal feature
engineering and systematic hyperparameter optimization. In particular, cyclical time encoding
is incorporated to reflect diurnal and seasonal patterns, while the optimization strategy enables
adaptive learning of site-specific characteristics, as demonstrated using datasets from
Gwangyang Port and the Dangjin Landfill Solar Power Plant.

e  Third, the proposed framework explicitly addresses the interpretability requirements of real-
world energy management platforms by integrating Shapley additive explanations. This
approach moves beyond conventional black-box prediction paradigms by enabling quantitative
assessment of the influence of individual meteorological variables on photovoltaic power
output. As a result, facility operators and system managers can gain transparent, actionable
insights to support informed and reliable decision-making in smart city energy systems.

By synthesizing insights from prior research in urban safety, energy management, mobility
behavior analysis, and advanced data analytics, this study contributes a robust, scalable, and
interpretable solution for optimizing renewable energy integration within smart cities. The proposed
approach aligns data-driven modeling with the broader objectives of sustainable, intelligent, and
resilient urban development.

The remainder of this paper is organized as follows. Section 2 reviews related work on renewable
energy forecasting. Section 3 details the proposed hybrid architecture, including the convolutional,
attention-based, and recurrent components, together with explainable artificial intelligence
techniques. Section 4 describes the experimental design, empirical datasets, and comparative
evaluation results. Finally, Section 5 concludes the paper by summarizing the main findings and
outlining directions for future research.

2. Related Work

In smart city environments, energy forecasting increasingly operates as a platform capability
that supports operational decision-making, resource allocation, and reliable service delivery for both
providers and end users. Early research in this space concentrated on building-level electricity
consumption forecasting using ensemble machine learning, with an explicit focus on transparency
through explainable artificial intelligence (XAI) to clarify feature influence and improve trust in
practical use cases [26-28]. Subsequent studies expanded these foundations through deployable
forecasting pipelines, including stacking-based ensembles, cold-start handling, and comparative
analyses of forecasting architectures in realistic building-demand settings [29-34]. Beyond model
design, real-world operation constraints also motivated work on household behavior analytics for
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demand prediction [35] and hybrid deep learning-based forecasting within building energy
management systems [36], reinforcing that forecasting performance must be compatible with
continuous service operation rather than offline evaluation alone. As deployment settings became
more demanding, research attention shifted toward factors that typically degrade platform reliability,
including demand volatility, missing or corrupted measurements, and heterogeneous usage patterns
across facilities. In response, online learning strategies were explored to maintain robustness under
non-stationary consumption profiles and evolving user behavior [37]. Complementary work on
training-data generation and incremental evaluation further highlighted that stable forecasting
depends not only on the predictor but also on how data are prepared and tested under operational
constraints [38]. Missing-data imputation, which is often unavoidable in real monitoring streams,
was also treated as a first-order requirement because errors introduced upstream can propagate
directly into forecasting services [39]. Together, these studies support the view that scalable short-
term load forecasting is best approached as an integrated platform workflow rather than as a single
isolated model.

With richer time-series streams available, deep learning (DL) methods became increasingly
practical for modeling nonlinear temporal structure in energy data. Convolutional neural networks
(CNNs) were adopted to extract local temporal patterns, while recurrent neural networks (RNNs)
were used to represent sequential dependencies. Advanced recurrent units—such as long short-term
memory networks (LSTMs), bidirectional LSTMs (BiLSTMs), and gated recurrent units (GRUs)—
were frequently employed to capture long-range dependencies in multistep forecasting, including
combinations such as CNN-BiLSTM hybrids and attention-based GRU models [40,41]. Other DL
variants, such as recurrent inception-style CNN formulations, further demonstrated the value of
architectures that jointly model temporal locality and longer-range structure in load forecasting tasks
[42]. Temporal convolutional networks (TCNs) also appeared as an alternative family for sequence
learning in related forecasting pipelines, offering another route to stable temporal modeling under
deployment-oriented constraints [25,36]. These methodological developments extend naturally to
renewable generation forecasting, where prediction errors can propagate into scheduling and
platform-level control decisions. In photovoltaic (PV) power forecasting, recent work increasingly
emphasizes robustness-oriented design choices that align with operational deployment. For example,
two-stage neural network optimization strategies with automated tuning were proposed to improve
PV forecasting reliability under real-world variability [43]. Attention-based modeling has also gained
prominence; in particular, a PV forecasting approach integrating one-dimensional CNNs (1D-CNNss)
with Transformer architectures provides a direct precedent for using global context modeling in
multistep PV prediction [44]. Alongside performance, interpretability has remained a recurring
requirement when forecasts are used for operational decisions. Shapley Additive exPlanations
(SHAP), for instance, have been used as an attribution mechanism in energy forecasting contexts to
quantify how inputs contribute to predictions, supporting transparency in model-driven services
[27,45].

Broader studies on solar-related prediction and explainable modeling further reinforce the
practical demand for transparent forecasting components within energy platforms, even when the
specific target differs across tasks [46—49]. In addition, surveys of smart energy monitoring systems
position forecasting as one component within a wider platform stack, where reliability and
interpretability affect system-level adoption [50]. Despite this progress, existing approaches often
struggle to satisfy competing deployment requirements simultaneously —capturing fine-grained
temporal variation, remaining stable under volatile PV output regimes, and producing explanations
that are actionable for stakeholders. Motivated by these gaps, our study develops a hybrid DL
framework that explicitly combines 1D-CNN, multi-head attention (MHA), and LSTM modules, and
integrates SHAP-based XAI to provide transparent, platform-ready PV power forecasting suitable
for scalable smart city energy services.
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3. Materials and Methods

3.1. Data Sources and Study Sites

This study develops and validates a robust, explainable forecasting model using empirical data
from two solar power generation sites in South Korea. Because the sites differ in both geography and
operating environment—one situated near a coastal logistics hub and the other deployed on a
landfill-based installation —the evaluation is designed to probe how well the proposed deep learning
framework transfers across distinct conditions, while also highlighting its potential scalability.

e  The first dataset was obtained from the Dangjin Landfill Solar Power Plant in Chungcheongnam-
do, South Korea. This inland facility is built on reclaimed land, where PV output can be affected
by ground-related thermal effects and site-specific microclimatic phenomena, including fog. The
dataset covers a five-year period (2015-2019) and consists of hourly PV power generation
records (kW) together with a set of meteorological measurements.

e  The second dataset comes from the Gwangyang Port Solar Power Station in Jeollanam-do, South
Korea. In contrast to Dangjin, this coastal site is shaped by maritime weather dynamics, such as
sea-breeze circulation, elevated humidity, and fast-evolving cloud fields. Data were collected
over the same five-year window (2015-2019), enabling a consistent cross-site comparison under
a unified temporal scope.

Across both sites, the input features include major meteorological variables commonly used in
solar power analysis, including temperature, humidity, wind speed, barometric pressure, sunshine
duration, insolation, and cloudiness. Table 1 summarizes the variables used as model inputs.

Table 1. Meteorological and solar power variables collected from Dangjin and Gwangyang datasets.

No. Variable Name Description (Unit)
1 Year/Month/Day Timestamp information
2 Hour Time of day (0-23h)
3 AverageTemp Hourly average temperature (°C)
4 LowTemp Hourly minimum temperature (°C)
5 HighTemp Hourly maximum temperature (°C)
6 RainFall Precipitation amount (mm)
7 Wind Wind speed (m/s)
8 Humi Relative humidity (%)
9 SteamPress Vapor pressure (hPa)
10 DewPoint Dew point temperature (°C)
11 Sunshine Sunshine duration (hr)
12 Insolation Solar radiation (M]/m?)
13 Cloudiness Cloud cover (0-10 scale)
14 GroundTemp Surface temperature (°C)
15 Press Atmospheric pressure (hPa)
16 Solar_Power Target Variable: Power Generation (kW)

3.2. Data Preprocessing and Feature Engineering

3.2.1. Handling Missing Values and Normalization

Sensor-derived datasets collected in real-world environments are inevitably subject to missing
values and occasional anomalies, often caused by equipment maintenance, temporary sensor
malfunction, or communication interruptions. In the Gwangyang dataset, small gaps were observed
in the Solar_Power time series. To preserve temporal consistency while avoiding the introduction of
artificial discontinuities, these missing observations were reconstructed using linear interpolation.
This approach provides smooth transitions between adjacent measurements and is well suited for
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short, isolated gaps in time-series data. After addressing missing values, feature scaling was applied
to all independent input variables, including temperature, wind speed, and insolation. Specifically,
standard scaling was used to transform each variable to a normalized distribution with zero mean
and unit variance. This normalization step is essential for deep learning-based models, as it ensures
that input features with larger numerical ranges do not disproportionately influence gradient
updates during training, thereby stabilizing convergence and improving learning efficiency. Notably,
the target variable (Solar_Power) was retained in its original scale (kW) without normalization to
directly preserve the interpretability of absolute error metrics during evaluation.

3.2.2. Handling Missing Values and Normalization

Solar power generation exhibits pronounced periodic behavior driven by daily and seasonal
cycles. However, representing temporal variables using simple integer encodings—such as hours
ranging from 0 to 23 or days from 1 to 365—fails to reflect the circular nature of time. For example,
23:00 and 00:00 are numerically distant despite being temporally adjacent, which can hinder a
model’s ability to learn smooth temporal transitions.

To address this limitation, temporal features were encoded using a cyclical representation based
on sine and cosine transformations. As shown in Equations (1) to (4), the day of the year and hour of
the day were each mapped onto two-dimensional continuous coordinates:

Daysin = sin((27 x d) / D), 1)
Dayeos = cos((2m < d) / D), (2)
Hoursin = sin((270 x 1) / 24), 3)
Houreos = cos((27t x h) / 24), (4)

where d denotes the day of the year, /i represents the hour of the day, and D is set to 365 for non-leap
years and 366 for leap years. This cyclical encoding enables the model to explicitly capture the
continuity inherent in temporal cycles, allowing it to recognize that late-night and early-morning
hours are closely related. As a result, the representation improves the learning of both diurnal and
seasonal patterns that are fundamental to photovoltaic power generation dynamics.

3.3. Proposed Hybrid Architecture: Trend—Context Fusion Network (TCFN)

Solar power generation time series exhibit two contrasting characteristics: rapid, short-term
fluctuations driven by transient weather events (e.g., sudden cloud movement) and more stable, long-
term regularities governed by the sun’s daily and seasonal trajectory. Models relying on a single
architectural principle often struggle to represent both aspects simultaneously. To address this
limitation, we introduce the Trend-Context Fusion Network (TCEN), a hybrid architecture
specifically designed to separate and subsequently integrate these heterogeneous temporal behaviors.

As shown in Figure 1, the TCFN adopts a dual-stream structure rather than a simple layer-
stacking strategy. Local temporal patterns are captured using 1D-CNN, broader temporal
dependencies are identified through MHA, and sequential evolution is modeled using LSTM. This
combination enables the network to respond to fine-grained variability while maintaining awareness
of overarching daily trends in solar power generation.
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Figure 1. The overall architecture of trend-context fusion network (TCFN) with XAI

3.3.1. Dual-Path Processing: Integrating Local Trends and Global Context

The defining feature of the TCFN is its parallel processing mechanism, in which the same input
sequence (the previous 24 hours) is analyzed through two complementary pathways.

e Path A: Local Trend Extraction via 1ID-CNN —Short-term PV output often changes abruptly
within narrow time windows due to localized atmospheric effects. In this pathway, 1D-CNN
with a kernel size of 3 and Swish activation serves as a localized feature extractor, emphasizing
high-frequency temporal variations. This operation is particularly effective for identifying
sudden drops or spikes in power output associated with transient cloud cover or wind-driven
disturbances. Batch normalization and dropout are applied to stabilize training and reduce
sensitivity to noise, allowing the model to focus on meaningful short-term patterns rather than
spurious fluctuations.

e Path B: Global Context Modeling via MHA —While 1D-CNN excels at capturing localized
behavior, it does not explicitly account for long-range temporal relationships. MHA addresses
this limitation by evaluating dependencies across all time steps in the input sequence,
irrespective of temporal distance. Through this mechanism, the model can associate conditions
observed earlier in the day with later power generation outcomes, such as linking morning
atmospheric conditions to afternoon peak output. By assigning adaptive weights to different
time steps, the attention module encodes a global view of daily operating conditions rather than
treating each observation in isolation.

3.3.2. Feature Fusion and Sequential Forecasting

The outputs from the 1D-CNN and attention pathways are concatenated to form a unified
feature representation that combines short-term variability with long-range contextual information.
This fused representation is then passed to the LSTM layer, which models temporal dependencies
through its internal memory structure. By maintaining a hidden state across time, the LSTM
integrates information about recent fluctuations and overall daily context to predict the subsequent
evolution of power generation. In effect, the LSTM captures how immediate volatility and broader
conditions jointly influence near-term output. The final prediction is produced by a dense layer using
the Swish activation function, followed by a final output layer with a ReLU activation function, which
maps the learned representation to the target PV power output (kW).

3.3.3. Enhancing Reliability Through Explainable Al

For applications involving critical infrastructure such as smart grids, predictive accuracy alone
is insufficient if the decision-making process remains opaque. To enhance trust and operational
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reliability, SHAP is incorporated into the TCEN framework as a post-hoc explainability tool. Rather
than altering the model’s predictions, SHAP quantifies the contribution of each input variable to a
given forecast. For example, it can indicate whether a predicted reduction in output is primarily
attributable to elevated humidity during late morning hours rather than to temperature effects. By
presenting these contributions through feature importance visualizations and instance-level
explanations, the framework enables operators to assess whether the model’s reasoning aligns with
known physical behavior, thereby supporting informed validation and deployment in real-world
energy management systems.

4. Results
4.1. Experimental Design

4.1.1. Data Partitioning and Implementation Environment

To assess the proposed TCEN, we used hourly PV power generation data collected from two
South Korean sites —Dangjin Landfill and Gwangyang Port—covering a five-year period (2015-2019).
To avoid information leakage and to mirror a realistic forecasting workflow, the datasets were
separated strictly by time:

e  Training set (2015-2017): used for model fitting and parameter learning.

e Validation set (2018): used for hyperparameter selection and for determining the effective
training duration via early stopping.

e Test set (2019): reserved exclusively for the final evaluation.

After selecting hyperparameters and identifying the best epoch using the validation set, we
followed a retraining strategy: the model was trained again using the combined training and
validation period (2015-2018) and then evaluated once on the held-out test year (2019). This
procedure increases data utilization and helps the final model reflect more recent site-specific weather
patterns before test-time inference.

All experiments were carried out in Google Colab with GPU acceleration (NVIDIA Tesla T4)
using Python 3.8. Model implementation relied on TensorFlow 2.x and Keras, while Scikit-learn was
used for feature scaling and metric computation. Reproducibility was enforced by fixing the random
seeds for both NumPy and TensorFlow to 42. For preprocessing, all independent variables were
standardized using standard scaling, whereas the target variable (PV power generation) was kept in
its original unit (kW) without normalization to preserve the direct interpretability of absolute-error
measures. Post-hoc interpretability was conducted using the SHAP library.

4.1.2. Hyperparameter Optimization Strategy

To obtain a configuration that balances convergence and generalization, we performed a
structured grid search under four predefined experimental regimes: Light_Fast, Standard_Balanced,
Deep_Slow, and Deep_Robust. These regimes differ in model capacity (number of LSTM units),
learning rate, and regularization strength (dropout rate), enabling a controlled exploration of the
accuracy-stability trade-off. Based on this search, the Deep_Robust configuration was selected as the
optimal regime for both the Dangjin and Gwangyang datasets. Model training used the Adam
optimizer and mean squared error (MSE) as the loss function. Across all convolutional and dense
layers, we adopted the Swish activation function instead of commonly used ReLU or SELU, as it
showed more favorable empirical behavior within the proposed hybrid architecture. During
validation, early stopping was applied with a patience of 5 epochs and restore_best_weights was
enabled so that the model retains parameters from the epoch that achieved the minimum validation
loss rather than from the last training epoch. After hyperparameter selection, a retraining strategy
was employed: the Dangjin model was re-trained for 5 epochs, whereas the Gwangyang model
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converged more rapidly and was re-trained for 2 epochs. The final hyperparameter choices and the
corresponding search space are summarized in Table 2.

Table 2. Hyperparameter configuration and search space for model training.

Category Hyperparameter Search Space / Setting Selected (Best)
Input Sequence Length Fixed 24 hours
LSTM Units {32, 64, 128} 128 (Deep_Robust)
Dropout Rate {0.2, 0.3, 0.5} 0.5
Model Kernel Size (Conv1D) Fixed 3
Attention Heads Fixed 4
Activation Function Fixed Swish
Optimizer Fixed Adam
Learning Rate {0.001, 0.0005, 0.0001} 0.0005
Training Batch Size Fixed 32
Loss Function Fixed MSE (Mean Squared Error)
Max Epochs Fixed 30 (with Early Stopping)

4.1.3. Evaluation Metrics

Forecast accuracy was evaluated using three complementary regression metrics: mean absolute
error (MAE), root mean square error (RMSE), and the coefficient of determination (R?) score, as
defined in Equations (5)-(7), respectively. MAE (Equation (5)) summarizes the average absolute
deviation between predictions and observations, whereas RMSE (Equation (6)) penalizes larger
errors more strongly, which is particularly relevant when occasional large deviations can be
operationally costly. R? (Equation (7)) quantifies how much of the variance in the observed series is
explained by the model relative to a mean baseline.

MAE=(1/n)xZl y.— 7.1, @)
RMSE =V [(1 /1) x Z (v~ 7.2, (6)
R2=1-[Z (ye— 02/ = (ye— 9)2], @)

where . denotes the observed power generation, ¥, is the prediction at time ¢, 7 is the mean of the
observed values, and 7 is the number of test samples.

4.2. Experimental Results

4.2.1. Experimental Results and Benchmark Comparison

To rigorously assess the predictive capability of the proposed TCEN, a benchmark study was
conducted against eight representative deep learning models: RNN, LSTM, GRU, BiLSTM, 1D-CNN,
1D-CNN-BiLSTM, Attention-GRU, and TCN. For consistency, all baseline models were trained and
evaluated under the same experimental protocol and shared hyperparameter configuration (i.e., the
Deep_Robust setting described in Section 4.1). All performance comparisons were conducted on the
held-out test set corresponding to the year 2019, ensuring that the evaluation reflects a realistic
forecasting scenario using unseen future data. This design choice ensures that performance
differences can be attributed to architectural characteristics rather than configuration-induced bias.
The comparative outcomes for the Dangjin Landfill and Gwangyang Port datasets are reported in
Table 3. Model performance was evaluated using RMSE, MAE, and R2.
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Table 3. Performance comparison of deep learning models for solar power forecasting.

. Dangjin Landfill (Inland) Gwangyang Port (Coastal)

Model Architecture RMSE  MAE R2 RMSE  MAE R2
RNN 110.47 52.87 0.808 101.03 52.55 0.941
LSTM 109.54 54.14 0.811 279.14 152.66 0.549
GRU 93.24 43.80 0.863 103.20 51.33 0.938
BiLSTM 101.22 51.54 0.839 176.91 97.31 0.819
1D-CNN 86.80 39.86 0.882 94.31 48.02 0.949
1D-CNN-BiLSTM 105.68 49.54 0.824 152.55 85.00 0.865
Attn-GRU 93.70 44.96 0.862 108.71 57.62 0.932
TCN 96.29 49.11 0.854 108.17 56.37 0.932
TCEN (Ours) 86.37 39.49 0.883 89.60 43.07 0.954

As summarized in Table 3, TCEN achieved the most favorable performance across both datasets,
indicating strong generalization capability under differing geographical and meteorological
conditions.

e  Accuracy across heterogeneous environments: For the Dangjin dataset, TCFN recorded the
lowest error levels (RMSE: 86.37, MAE: 39.49) along with the highest R? value (0.883). These
results represent a clear improvement over conventional recurrent architectures such as RNN
and LSTM, underscoring the advantage of the dual-path design in capturing localized temporal
variations while maintaining sequence awareness. The performance advantage becomes more
evident in the Gwangyang dataset, where coastal weather introduces pronounced volatility. In
this setting, several deep architectures—including 1D-CNN-BiLSTM (RMSE: 152.55) and LSTM
(RMSE: 279.14)—exhibited degraded performance, likely due to convergence difficulties
associated with unstable input sequences. In contrast, TCFN remained stable, achieving an
RMSE of 89.60 and an R? of 0.954, demonstrating resilience under highly variable conditions.

o  Effectiveness of the hybrid fusion strategy: Standalone 1D-CNN models produced competitive
results (Dangjin RMSE: 86.80), confirming the importance of short-term feature extraction in
solar power forecasting. However, TCEN further reduced prediction error by integrating
attention-based context modeling and LSTM-based sequence learning, enabling it to capture
dependencies beyond the receptive field of convolution alone. Compared with the Attention-
GRU baseline (Gwangyang RMSE: 108.71), which relies primarily on attention for contextual
representation, TCFN achieved a 17.6% reduction in RMSE at the Gwangyang site, highlighting
the benefit of explicit trend—-context fusion.

Overall, the experimental findings demonstrate that TCFN provides a robust and accurate
forecasting framework. By jointly leveraging ConvlD for local pattern extraction, attention
mechanisms for global context representation, and LSTM for sequential modeling, the proposed
architecture delivers reliable performance for solar power forecasting, even under challenging and
highly dynamic meteorological conditions.

4.2.2. Visualization of Forecasting Trends and Discussion

To provide an intuitive assessment of forecasting behavior, the predicted solar power outputs
generated by the TCFN were visually compared with the corresponding ground-truth values over
the first 200 hours of the 2019 test period. The visualization results for the Dangjin Landfill and
Gwangyang Port datasets are presented in Figures 4 and 5, respectively. In both figures, the
horizontal axis denotes time in hourly resolution, while the vertical axis represents solar power
generation measured in kilowatts (kW).

Figure 2 illustrates the forecasting performance at the Dangjin site. The TCEN effectively
captures the dominant diurnal pattern of solar power generation, accurately identifying both the
initiation and cessation of generation associated with sunrise and sunset. During these transition
intervals, the predicted outputs exhibit close agreement with the observed values. Minor deviations
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become noticeable around midday, particularly between approximately 12:00 PM and 2:00 PM on
days characterized by elevated variability. Although the model continues to track the overall
trajectory, it occasionally underestimates pronounced peak values observed on exceptionally clear
days. This tendency can be attributed to a smoothing effect commonly observed in regression-
oriented deep learning models, where minimizing aggregate error leads to conservative estimates in
the presence of extreme but infrequent fluctuations.

—— Actual
) K ~== Predicted

400 5

300 A
200 1 /
!
I

100 - !

Figure 2. Comparison between actual (blue) and predicted (red) solar power generation at the Dangjin Landfill
site for the first 200 hours of the 2019 test set.

Figure 3 presents the corresponding results for the Gwangyang Port site. Despite the
pronounced variability introduced by coastal meteorological conditions, the TCFN maintains stable
predictive performance. The estimated generation curve closely follows the observed trajectory,
including abrupt power reductions associated with transient cloud cover. The model also preserves
the underlying daily periodic structure with high fidelity. Nonetheless, under more complex
atmospheric scenarios—such as intermittent or rapidly evolving cloud formations—small phase
shifts or amplitude discrepancies can be observed. These effects suggest that, while the existing
feature representation (including cyclical temporal encoding) is sufficient for modeling regular
temporal dynamics, additional high-resolution weather information could further enhance accuracy
during rapidly changing conditions.
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Figure 3. Comparison between actual (blue) and predicted (red) solar power generation at the Gwangyang Port
site for the first 200 hours of the 2019 test set.
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Overall, the visualization analysis confirms that the Trend-Context Fusion Network successfully
captures both short-term variability and long-term periodic structure in solar power generation
across distinct geographic environments. Consistent predictive behavior at both the inland Dangjin
facility and the coastal Gwangyang site highlights the model’s generalization capability under
heterogeneous operating conditions. At the same time, the results reveal opportunities for refinement,
particularly in relation to peak output estimation. The systematic underprediction of extreme values
indicates a conservative bias when handling rare but high-magnitude events. To address this
limitation, future work will focus on two complementary directions.

e  First, integrating satellite-based cloud imagery could provide spatial context on cloud
movement, enabling earlier detection of sudden irradiance changes.

e Second, adopting alternative objective functions—such as quantile-based or weighted loss
formulations—may encourage the model to place greater emphasis on extreme observations,
thereby improving predictive fidelity at the upper range of power generation.

4.3. SHAP-Based Explainability Analysis: Global Drivers and Instance-Level Attribution

4.3.1. Global Feature Importance (Site-Level Interpretation)

Figures 4 and 5 summarize global feature importance using mean |ISHAP| values, computed by
averaging absolute SHAP magnitudes across both the test samples and the 24-hour input window.
This aggregation provides a site-level view of which input variables most consistently influence the
model output, independent of specific time lags.

Hour_cos 1
SteamPress A
Insolation A
Hour_sin 1
AverageTemp A
Day_cos 1
Humi 1
RainFall 1
Sunshine -
DewPoint A
Temp A
GroundTemp
Day_sin
LowTemp A
Wind
HighTemp A
Cloudiness 1
Press 1

0.0 0.2 0.4 0.6 0.8 1.0 1.2
mean |[SHAP value| (Average impact on model output)

Figure 4. Global SHAP feature importance for the Dangjin dataset.

For the Dangjin dataset (Figure 4), the most influential signals are dominated by cyclical time
features —particularly Hour_cos and Hour_sin—followed by SteamPress and Insolation. This ranking
indicates that the model relies strongly on the diurnal structure encoded in the time features while
refining the magnitude of PV output using meteorological drivers. In practical terms, Dangjin
forecasts appear to be anchored by “when in the day/year” the prediction is made, with irradiance-
and moisture-related variables modulating deviations around that baseline.
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Figure 5. Global SHAP feature importance for the Gwangyang dataset.

In contrast, the Gwangyang dataset (Figure 5) shows a more weather-driven importance profile.
Insolation dominates the ranking by a clear margin, and moisture/thermal indicators such as DewPoint,
HighTemp, and wind-related inputs also appear among the top contributors. Compared with Dangjin,
this pattern suggests that Gwangyang predictions depend less on purely periodic cues and more on
short-term atmospheric conditions, which is consistent with the higher variability typically observed
in coastal environments.

4.3.2. Local Explanation

Figures 6 and 7 provide local explanations using SHAP waterfall plots for a representative test
instance (sample_idx = 0). Here, each feature is time-stamped (e.g., Insolation_t9, Hour_cos_t22),
indicating that the contribution is tied to a specific position within the 24-hour look-back window.
The plots therefore complement the global ranking by revealing which lagged measurements drive
a single prediction upward or downward relative to the baseline E[f(X)].

For Dangjin (Figure 6), the baseline is E[f(X)] = 86.75, and the prediction is pulled downward
primarily by large negative contributions from Insolation_t9 and several Hour_cos terms (e.g.,
Hour_cos_t3, Hour_cos_t22, Hour_cos_t5). Smaller negative effects from Cloudiness_t8, HighTemp_t12,
and Sunshine_t13 further reduce the output, while Insolation_t13 provides a limited positive offset.
Taken together, this instance reflects a situation in which the temporal position (hour-phase) and
reduced irradiance signals jointly explain a lower-than-average forecast, with many other lagged
variables contributing only marginally (shown as “418 other features”).

For Gwangyang (Figure 7), the baseline is higher (E[f(X)] = 231.208), and the prediction is
strongly decreased by moisture-related and seasonal/time components, including SteamPress_t18,
DewPoint_t22, and Day_sin_t12, along with multiple irradiance terms (e.g., Insolation_t23,
Insolation_t10, Insolation_t22) and hour-phase terms (e.g., Hour_cos_t22). A notable counteracting
factor is HighTemp_t6, which contributes positively and partially compensates for the downward
drivers. This decomposition highlights that, at Gwangyang, moisture and irradiance conditions at
specific lags can dominate a single forecast, aligning with the more weather-sensitive global
importance profile observed in Figure 5.
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Figure 6. SHAP waterfall explanation for a Dangjin test instance (Sample #0, 2019).
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Figure 7. SHAP waterfall explanation for a Gwangyang test instance (Sample #0, 2019).
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Overall, the SHAP results suggest a consistent division of explanatory roles: cyclical time
features provide a stable periodic scaffold —especially prominent in Dangjin—while irradiance- and
moisture-related variables account for deviations driven by transient weather. This combination
supports the practical interpretability of TCFN, enabling operators to verify whether a forecast is
primarily “time-of-day driven” or “weather-driven” on a case-by-case basis.

5. Conclusions

This study presented the TCFN, a hybrid deep learning framework designed for PV power
forecasting under realistic, weather-driven variability. The core idea was to explicitly combine
complementary modeling strengths within a single architecture: a 1D-CNN pathway to capture
short-horizon, high-frequency fluctuations, an MHA pathway to emphasize globally relevant
temporal context within the input window, and an LSTM module to integrate these representations
into a coherent sequential forecast. To better align the inputs with the periodic structure of PV
generation, cyclical time encoding was incorporated as part of feature engineering, and the
evaluation protocol was defined using a strictly chronological split to reflect operational forecasting
conditions (2015-2017 training, 2018 validation, and 2019 testing).

Across two empirically collected datasets from South Korea—Dangjin Landfill (inland) and
Gwangyang Port (coastal) —TCFN demonstrated consistently strong predictive performance when
compared with widely used deep learning baselines (RNN, LSTM, GRU, BiLSTM, 1D-CNN, 1D-
CNN-BILSTM, Attention-GRU, and TCN). Using the 2019 test set as a held-out evaluation year,
TCFN achieved RMSE/MAE/R? of 86.37/39.49/0.883 for Dangjin and RMSE/MAE/R? of
89.60/43.07/0.954 for Gwangyang, indicating that the proposed fusion strategy generalizes well across
geographically distinct operating regimes. The gap was particularly meaningful at the coastal site,
where the model maintained stable performance despite rapid fluctuations, suggesting that jointly
learning local trend cues and global context is more reliable than relying on a single modeling
principle.

Beyond predictive accuracy, the study emphasized interpretability through SHAP-based
explanations. Global importance analyses indicated that time-encoding features (e.g., hour-phase
terms) play a strong anchoring role in some settings, while irradiance- and moisture-related variables
dominate in others, reflecting site-dependent drivers of PV output. Instance-level waterfall
explanations further clarified why specific predictions moved upward or downward relative to the
baseline expectation, providing an auditable rationale that is better aligned with operational needs
than purely “black-box” outputs. From a deployment perspective, this combination of accuracy and
explanation supports more credible use in energy-management workflows, where operators must
validate whether forecasts are consistent with physical intuition before acting on them.

At the same time, the results also reveal clear directions for improvement. Visual inspection
suggested a mild conservative tendency around rare, high-magnitude peaks—an outcome that is
common in regression settings when models minimize average error and effectively smooth extreme
events. Future work will therefore focus on (1) enriching the input space with higher-resolution or
spatially informative weather signals (e.g., cloud-motion proxies or satellite-derived features) to
improve peak-time responsiveness, and (2) revisiting the learning objective by adopting quantile-
based or weighted loss formulations that explicitly discourage systematic underestimation at the
upper tail. Additional validation on broader climatic regions and longer operating periods would
further strengthen claims of scalability and robustness, particularly for platform-level deployment
where model behavior must remain stable across sites, seasons, and sensor idiosyncrasies.

Overall, the proposed TCEN offers a practical and transparent approach to PV power forecasting
that balances short-term volatility tracking with longer-term periodic structure learning. By pairing
a trend-context fusion architecture with SHAP-based explanations, the framework moves toward
forecasting models that are not only accurate, but also operationally interpretable —an increasingly
important requirement for reliable integration of renewable generation into smart-grid decision
pipelines.
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Supplementary Materials: Additional supporting files including source code, model implementation,
hyperparameter settings, and benchmark results for this study are available at the GitHub repository:
https://github.com/johnnyone89/TCFN4PVForecasting.
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