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Abstract: Accurate forecasting of solar irradiance and photovoltaic (PV) power generation is critical for 

optimizing renewable energy integration and enhancing energy management systems. This study addresses 

the dual prediction of solar irradiance and PV power generation by developing a hybrid deep learning model 

that combines gated recurrent unit (GRU) and temporal convolutional network (TCN) along with scaled 

exponential linear unit (SELU) activation functions. The proposed GRU-TCN-SELU model leverages the 

strengths of GRUs in capturing temporal dependencies and TCNs in handling long-range patterns, while SELU 

activation ensures self-normalizing properties that enhance model convergence and performance. The model 

was trained and evaluated using datasets from Jeju Island, South Korea, and Alice Springs, Australia, 

encompassing various meteorological variables and historical solar data. Experimental results demonstrate 

that the GRU-TCN-SELU model outperforms traditional single-model approaches in terms of mean absolute 

error (MAE) and root mean square error (RMSE), achieving higher accuracy in both solar irradiance and PV 

power forecasts. These findings highlight the effectiveness of integrating GRU and TCN architectures with 

SELU activation for reliable renewable energy prediction, facilitating improved energy generation planning 

and smart energy management systems. 

Keywords: GRU-TCN hybrid model; SELU activation function; solar irradiance forecasting; 

photovoltaic power prediction; deep learning methodologies; renewable energy systems 

 

1. Introduction 

As modern urban environments evolve into “smart cities,” the integration of data-driven insights 

into renewable energy forecasting, photovoltaic power optimization, and sustainable infrastructure 

planning becomes a critical priority, without diminishing the importance of advancements in 

transportation management and resource allocation. Initial research efforts in this domain focused on 

enhancing pedestrian safety, as studies demonstrated the feasibility of vision-based analytics for 

identifying potential pedestrian risks at unsignalized crosswalks [1]. Building on such foundational 

work, multi-dimensional analytical frameworks—such as the use of online analytical processing 

(OLAP) with data cubes—have systematically uncovered intricate behavioral patterns, enabling the 

proactive assessment of pedestrian risk scenarios [2]. As the complexity of urban data increased, 

automated object behavioral feature extraction techniques refined risk detection processes, paving the 

way for more accurate and granular safety assessments [3]. 

The advent of deep learning (DL) models marked a significant turning point, offering robust 

capabilities for risk estimation and prediction. Advanced DL-based approaches enhanced the accuracy 

of urban traffic accident risk estimation [4], while edge-vision systems enabled real-time vehicle–

pedestrian risk prediction and timely alerts [5]. The evaluation of strengthened school zone policies 

provided evidence-based insights into their effectiveness in improving pedestrian safety [6]. Beyond 

pedestrian-focused contexts, integrating visual and community environmental factors further 

improved motorcycle crash and casualty estimation models, broadening the applicability of data-

driven safety interventions [7]. Simultaneously, novel trajectory collection and reconstruction methods 
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advanced urban surveillance, ensuring more reliable behavioral data for safety analyses [8]. 

Understanding infrastructural influences on walkability also became critical, as crosswalk delays and 

zoning patterns were found to significantly shape pedestrian access [9]. 

As research progressed, DL approaches transitioned from mere accident prediction to proactive 

prevention strategies that emphasize early intervention [10]. Innovations such as asymmetric long-term 

graph multi-attention networks captured complex spatiotemporal dynamics, enabling long-range 

traffic speed forecasting [11]. Integrating data cube structures with predictive models refined collision 

risk estimation between vehicles and pedestrians [12], advanced our understanding of interactive 

behaviors at unsignalized crosswalks [13], and facilitated predictive collision risk area estimation [14]. 

Complementary methods, including vision-based object recognition [15] and human movement 

classification using acceleration data [16], further exemplified DL’s versatility in interpreting 

heterogeneous urban mobility scenarios. 

The adaptability of DL methodologies also extended into sustainable urban development 

endeavors. Stacking deep transfer learning approaches improved short-term building energy 

predictions under varied seasonalities and occupant schedules [17]. Researchers employed 

optimization techniques to select energy-efficient building materials suited to different climates [18], 

while three-dimensional mapping data extraction contributed to informed urban planning [19]. 

Employing data cube analysis and association rule mining unveiled complex energy consumption 

patterns in commercial buildings, guiding strategic energy management decisions [20]. Beyond built 

environments, the breadth of DL applications encompassed diverse contexts, including stress detection 

in animal populations [21], underscoring the robust, cross-domain capabilities of these frameworks. 

Refinement of vision-based analytics continued, enabling more detailed assessments of potential 

pedestrian risks under varying conditions [22]. Emerging transportation paradigms, such as urban air 

mobility (UAM), also benefited from DL, which offered computationally efficient, vision-based 

methods for in-flight risky behavior recognition [23]. Meanwhile, advanced sensor-based modeling, 

such as estimating vehicle cuboids from monovision, highlighted DL’s capacity to handle complex 

three-dimensional and geometric data challenges in real-world environments [24]. Building on these 

capabilities, the focus shifts to leveraging deep learning for critical sustainability applications, 

particularly in renewable energy systems where accurate forecasting of solar resources is paramount 

for the stability and efficiency of smart city infrastructures. 

Amidst these multifaceted applications, one critical aspect of smart city sustainability is the reliable 

integration of renewable energy. Solar energy, given its environmental benefits and resource 

abundance, is central to achieving energy resilience. Yet, forecasting solar irradiance and photovoltaic 

(PV) power generation remains inherently challenging due to the nonlinear dependencies, long-range 

temporal patterns, and sensitivity to diverse meteorological factors. Previous work, including the 

introduction of self-attention-based DL models, has demonstrated improved PV forecasting accuracy 

[25]. However, to capitalize fully on these gains and support stable grid operations, there is a need for 

hybrid models that jointly harness the strengths of different DL architectures and stabilization 

techniques. 

This study addresses this gap by proposing a hybrid deep learning model that integrates gated 

recurrent units (GRUs) and temporal convolutional networks (TCNs) with the scaled exponential linear 

unit (SELU) activation function. The proposed GRU-TCN-SELU framework makes three key 

contributions:  

• We enhance predictive accuracy for solar irradiance and PV power forecasting by effectively 

capturing nonlinear dependencies and long-range temporal patterns, building on the challenges 

and opportunities identified in prior forecasting models. 

• We improve model robustness and stability under diverse meteorological conditions through the 

integration of advanced activation functions, as previously highlighted as a critical requirement 

for reliable renewable energy systems in smart cities. 

• We provide a scalable solution that supports seamless integration into broader smart city 

infrastructures, bridging the gap between renewable energy forecasting and sustainable urban 

development goals. 
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By leveraging insights from prior research across urban safety, energy management, mobility 

behavior, and advanced data analytics, this research contributes a robust, scalable tool for optimizing 

renewable energy integration within smart cities, aligning data-driven analysis with the overarching 

goal of sustainable and intelligent urban development. 

The remainder of this paper is organized as follows: Section 2 reviews related work on renewable 

energy forecasting. Section 3 describes the proposed GRU-TCN model and data preprocessing 

methods. Section 4 presents the experimental setup, results, and comparisons with benchmarks. Finally, 

Section 5 summarizes key findings and outlines future research directions. 

2. Related Work 

In the context of smart cities, accurate energy forecasting underpins strategic decision-making and 

resource optimization, making it essential for both energy suppliers and consumers to anticipate future 

demand patterns. Early research primarily focused on building-level electricity consumption 

forecasting using ensemble learning models, emphasizing the enhancement of predictive accuracy and 

the incorporation of explainable artificial intelligence (XAI) techniques to elucidate feature 

contributions [26–28]. For instance, methods based on decision trees and gradient boosting algorithms 

enabled the development of interpretable forecasting pipelines, while techniques such as online 

learning and dynamic feature selection enhanced model adaptability to non-stationary consumption 

trends [29–35]. These advancements have significantly informed the development of scalable short-

term load forecasting (STLF) frameworks, which achieve an optimal balance between computational 

efficiency, model transparency, and deployment feasibility in dynamic smart city environments [36–

38]. 

As forecasting requirements became more intricate, researchers explored techniques to manage 

data volatility, impute missing values, and accommodate variable building usage patterns. Machine 

learning (ML) approaches increasingly incorporated behavioral analytics and online learning 

paradigms, enabling models to adapt dynamically to non-stationary environments [39]. Data 

augmentation techniques and hybrid modeling strategies—combining ensemble ML methods with DL 

components—offered solutions to challenges such as limited training data, cold-start scenarios, and 

mid-term forecasting uncertainties, enhancing model robustness and predictive precision [40–46]. At 

the same time, DL architectures such as recurrent neural networks (RNNs) and convolutional neural 

networks (CNNs) excelled in capturing intricate temporal dependencies in energy data. Advanced 

variants, including GRUs, long short-term memory (LSTM) networks, and bidirectional LSTMs (Bi-

LSTMs), further improved short- and mid-term load forecasting by uncovering long-range 

consumption patterns and correlations [47,48]. 

This evolution naturally extended to renewable energy forecasting, where accurate solar 

irradiance and PV generation predictions are crucial for integrating clean energy sources into smart city 

infrastructures. Researchers increasingly employed ensemble machine learning models and DL 

architectures to enhance the accuracy and interpretability of solar irradiance forecasts, integrating XAI 

tools to demystify model decision-making processes [49–52]. Advances in DL, such as transformer-

based architectures and sophisticated optimization algorithms, addressed the complexities of multi-

step-ahead PV forecasting by capturing nonlinear, multi-scale dependencies in meteorological and 

historical energy generation datasets [53,54]. Additionally, hybrid frameworks combining 

convolutional layers, attention mechanisms, and generative models improved model generalization 

and robustness, offering scalable, data-driven solutions for solar energy management that can be 

applied from individual buildings to regional energy networks [39,55,56]. 

Despite these advancements, existing approaches often fall short of simultaneously capturing 

intricate temporal dependencies, adapting to highly volatile conditions, ensuring model stability, and 

maintaining interpretability for stakeholders. To address these limitations, our study proposes a hybrid 

DL framework that combines GRUs and TCNs with SELU activation functions. This approach leverages 

the complementary strengths of advanced ML and DL techniques, prioritizing both model 

interpretability and computational efficiency. By tackling the limitations of previous methods, the 

proposed framework aims to deliver more resilient and accurate solar irradiance and PV power 
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forecasting solutions, tailored to meet the dynamic and scalable requirements of smart city 

infrastructures. 

3. Materials and Methods 

3.1. Data Sources and Study Sites 

This study integrates datasets from two distinct regions to develop and evaluate robust forecasting 

models for both solar irradiance and PV power generation.  

The first dataset, obtained from the Korea Meteorological Administration (KMA), pertains to Jeju 

Island, South Korea—an area actively transitioning into a “smart island” by reducing reliance on 

conventional fossil fuels and expanding renewable energy systems (RESs). Specifically, data were 

collected from two key regions, Ildo-1 dong and Gosan-ri, which are central to Jeju's renewable energy 

initiatives [50,55]. The Jeju dataset spans eight years (2011–2018) and includes hourly meteorological 

and solar irradiance measurements recorded between 8 a.m. and 6 p.m., such as temperature, humidity, 

wind speed, sky condition, solar irradiance, and additional factors like soil temperature, total cloud 

volume, and sunshine amount. However, the analysis focuses on sky condition, temperature, humidity, 

and wind speed, aligning with KMA’s short-term weather forecasts, as illustrated in Figure 1. 

 

Figure 1. Meteorological data from KMA’s short-term weather forecasts, including temperature, wind 

speed, humidity, and precipitation probabilities for Jeju Island. 

The second dataset, acquired from the Desert Knowledge Australia Solar Center (DKASC) in Alice 

Springs, Australia [57], features hourly PV output data and meteorological variables essential for solar 

energy analysis. Data were collected over three years (2016–2019) and include timestamped records of 

wind speed, temperature, relative humidity, various radiation measures (e.g., global horizontal 

radiation, diffuse horizontal radiation, global tilted radiation, and diffuse tilted radiation), wind 

direction, daily rainfall, active energy delivered and received, current phase average, and active power. 

This dataset provides valuable insights into the performance of PV systems under the extreme arid 

climate conditions of Alice Springs. The inclusion of this dataset alongside the Jeju dataset allows for 
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cross-regional model validation, emphasizing the scalability and robustness of forecasting techniques. 

Details of the DKASC dataset variables are summarized in Table 1. 

Table 1. Meteorological and photovoltaic power data variables collected from the DKASC dataset. 

No. Columns 

1 Timestamp 

2 Wind Speed 

3 Weather Temperature Celsius 

4 Weather Relative Humidity 

5 Global Horizontal Radiation 

6 Diffuse Horizontal Radiation 

7 Wind Direction 

8 Weather Daily Rainfall 

9 Radiation Global Tilted 

10 Radiation Diffuse Tilted 

11 Active Energy Delivered Received 

12 Current Phase Average 

13 Active Power 

3.2. Data Preprocessing and Feature Engineering 

3.2.1. Solar Irradiance  

In this study, we addressed the issue of needing more data in the meteorological information 

collected for the KMA Jeju solar irradiance dataset. Approximately 0.1% of the total data for each 

category, including temperature, humidity, wind speed, and solar irradiation, were missing, with these 

missing values indicated as −1. We employed linear interpolation to estimate these missing values given 

their continuous data characteristics. For sky condition data, which were presented as categorical values 

from 1 to 4 (representing clear, partly cloudy, mostly cloudy, and cloudy), logistic regression was used 

to approximate missing values based on similarity with adjacent data. 

To effectively reflect the periodicity of the date and maintain consistency with our previous study 

[55], we performed a day-ahead hourly solar irradiance forecasting using the same independent 

variables as shown in Table 2. The date information was first converted to Julian dates, ranging from 1 

to 365 for common years or 366 for leap years, where January 1 corresponds to 1 and December 31 

corresponds to 365 or 366. Subsequently, the one-dimensional date data were augmented into two-

dimensional continuous data following Equations (1) and (2): 

Datex = sin(360° × Julian Date/365 or 366), (1) 

Datey = cos(360° × Julian Date/365 or 366), (2) 

The sky condition variable comprised four categories on an interval scale from 1 to 4: clear, partly 

cloudy, mostly cloudy, and cloudy. The cloud amount was further represented by eleven scales 

according to the climatology 1/10 method used by the KMA. To effectively represent these categorical 

data, one-hot encoding was employed, assigning a value of 1 to the binary variable for a specific sky 

condition and 0 to all others. Similarly, one-hot encoding was applied to represent the hour factor, 

ranging from 8 a.m. to 6 p.m., as solar irradiance typically peaks between 12 p.m. and 2 p.m. 

To account for recent trends in solar irradiance, we incorporated lagged meteorological variables 

from one day prior to the prediction time, including sky condition, temperature, humidity, wind speed, 

and solar irradiance, as independent variables. Consequently, the hybrid DL model construction 

dataset comprised 30 independent variables, with solar irradiance as the dependent variable. This 

comprehensive preprocessing pipeline, including sky conditions, time intervals, and recent weather 

trends, allowed for more accurate and adaptable predictions of intermittent solar irradiance in the KMA 

Jeju solar irradiance dataset. 
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Table 2. Comprehensive list of input variables (IVs) for day-ahead solar irradiance forecasting. 

IV # Description (Data Type) IV # Description (Data Type) 

Datex 
Datex (continuous) 

W3 
Mostly cloudy (binary) 

Datey 
Datey (continuous) 

W4 
Cloudy (binary) 

T8 
8 a.m. (binary) 

Temp 
Temperature (continuous) 

T9 
9 a.m. (binary) 

Humi 
Humidity (continuous) 

T10 
10 a.m. (binary) 

WS 
Wind speed (continuous) 

T11 
11 a.m. (binary) 

D1Day_sin 
Datex,D−1 (continuous) 

T12 
12 p.m. (binary) 

D1Day_cos 
Datey,D−1 (continuous) 

T13 
1 p.m. (binary) 

D1W1 
ClearD−1 (binary) 

T14 
2 p.m. (binary) 

D1W2 
Partly cloudyD−1 (binary) 

T15 
3 p.m. (binary) 

D1W3 
Mostly cloudyD−1 (binary) 

T16 
4 p.m. (binary) 

D1W4 
CloudyD−1 (binary) 

T17 
5 p.m. (binary) 

D1Temp 
TemperatureD−1 (continuous) 

T18 
6 p.m. (binary) 

D1Humi 
HumidityD−1 (continuous) 

W1 
Clear (binary) 

D1WS 
Wind speedD−1 (continuous) 

W2 
Partly cloudy (binary) 

D1Solar 
Solar irradianceD−1 (continuous) 

3.2.2. Photovoltaic Power Generation  

Because solar irradiance, the primary energy source for solar PV power, is highly dependent on 

time and weather, it is crucial to effectively incorporate external environmental data in forecasting 

models. Traditional date and time formats, however, are sequential, making it challenging to capture 

periodic relationships. For example, while 11 p.m. and midnight are adjacent in time, their numerical 

representation creates an artificial gap. To better address this periodicity, the DKASC dataset from Alice 

Springs was processed, as applied earlier to the KMA Jeju solar irradiance dataset, by transforming one-

dimensional temporal data into two-dimensional representations using Equations (3)–(8): 

Monthx = sin(Month × 2π/12), (3) 

Monthy = cos(Month × 2π/12), (4) 

Datex = sin(Day × 2π/DOTM), (5) 

Datey = cos(Day × 2π/DOTM), (6) 

Hourx = sin(Hour × 2π/24), (7) 

Houry = cos(Hour × 2π/24), (8) 

where DOTM refers to the number of days in the respective month, which varies across February (28 

or 29 days), March (31 days), and April (30 days), among others. This transformation ensures that 

periodic temporal relationships are accurately reflected in the model, similar to how they were 

represented in the KMA Jeju solar irradiance dataset, allowing for more effective representation of 

both short-term and long-term trends in solar irradiance and PV power generation. 

Figure 2 presents a heat map visualization of the correlation between input variables and active 

power for the DKASC dataset. For the Sanyo panel data, solar irradiance exhibited a strong positive 

correlation with active power, reinforcing its critical role in PV forecasting. Conversely, variables such 

as wind direction, daily precipitation, and active energy supply displayed negligible correlations with 

active power and were thus excluded from the final feature set. 
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Figure 2. Correlation between input variables and active power in the DKASC dataset. 

The DKASC dataset contained missing meteorological observations due to maintenance or 

equipment failures, leading to a total of 22,065 missing entries for wind speed and 971 missing entries 

for slope and scattered solar irradiance. Given the significant proportion of missing data, the wind 

speed variable was excluded from the analysis. In contrast, missing values for slope and scattered solar 

irradiance were addressed using linear interpolation, as applied earlier to the KMA Jeju solar irradiance 

dataset, ensuring data continuity. 

Furthermore, all continuous variables were subjected to min-max normalization to account for 

differences in solar panel capacity and meteorological conditions, standardizing the range between 0 

and 1 for training. By adopting the preprocessing methods previously applied to the KMA Jeju solar 

irradiance dataset, the DKASC dataset was prepared to reflect temporal periodicity, mitigate missing 

data challenges, and standardize variable magnitudes, ensuring consistency and robustness in the 

hybrid forecasting model across diverse meteorological contexts. 

3.3. Data Preprocessing and Feature Engineering 

This study proposes a hybrid DL model that integrates GRUs, TCNs, and self-attention 

mechanisms to accurately forecast solar irradiance in Jeju Island, South Korea, and PV power 

generation in Alice Springs, Australia. The sequence-to-sequence architecture leverages GRUs to 

capture short-term temporal dependencies and TCNs to identify long-range temporal patterns and 

nonlinear relationships in weather parameters. The addition of a self-attention mechanism further 

enhances the model’s ability to focus on critical features and time steps, effectively addressing 

challenges such as nonlinear dependencies, sensitivity to meteorological factors, and long-term 

sequence modeling. This robust framework provides accurate and reliable forecasts for renewable 

energy systems in diverse environmental contexts. The complete model architecture is illustrated in 

Figure 3. 

 

Figure 3. Example architecture of the hybrid model for multistep-ahead PV power forecasting. 

The encoder in the model consists of three GRU layers with 64, 32, and 16 units, respectively. 

GRUs, a variant of RNNs, are computationally efficient and capable of handling long-term 
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dependencies, outperforming traditional LSTMs in terms of simplicity and speed. The final GRU output 

serves as input to the TCN layer in the decoder. TCNs, derived from CNNs, use dilated convolutions 

to address long-term dependencies, excelling at capturing patterns in extended sequences. The TCN 

decoder employs three convolutional layers with multiple kernels, with the output processed through 

a GlobalAveragePooling1D layer. A self-attention mechanism is then applied to the decoder output to 

highlight critical time steps for forecasting. 

The model's activation function is a pivotal component that influences its performance. In this 

study, three activation functions—ReLU, SELU, and Leaky ReLU—were evaluated. ReLU, while 

simple, suffers from the “dying ReLU” problem, where neurons become inactive. SELU, with its self-

normalizing properties, maintains a non-zero mean and fixed variance, improving convergence and 

preventing vanishing gradients. Leaky ReLU mitigates the “dying ReLU” issue by allowing a small 

positive slope for negative values but is still susceptible to vanishing gradients in some cases. Based on 

these evaluations, SELU was selected as the activation function for its superior performance and 

stability in handling long-term dependencies. 

The hybrid model adopts a many-to-many sequence-to-sequence forecasting approach to predict 

solar irradiance for Jeju Island and PV power for Alice Springs over the next 24 hours. The GRU encoder 

captures short-term temporal dependencies, while the TCN decoder identifies large-scale temporal 

patterns through its convolutional structure. A “repeat vector” function replicates the GRU encoder 

output for the 24-hour forecasting window, providing input to the TCN decoder, which generates 

predictions for each hour. A final dense layer refines the output, ensuring a single-dimension prediction 

that aligns precisely with the 24-hour forecasting horizon for enhanced accuracy and consistency. 

In the case of solar irradiance forecasting, the model predicts the next 11 time points based on 

meteorological input variables such as temperature, humidity, wind speed, and sky condition. For PV 

power forecasting in Alice Springs, the model predicts hourly PV power output for the next day, 

leveraging multistep-ahead forecasting to support stable grid operation. This multistep approach 

ensures that the model not only predicts individual time steps but also captures cumulative temporal 

dependencies, allowing it to adapt to dynamic weather patterns and optimize forecasting accuracy. This 

approach captures cumulative temporal dependencies, enhancing accuracy and robustness in 

renewable energy forecasting. 

4. Results 

4.1. Experimental Design 

The study evaluated the performance of the proposed hybrid DL model using two solar irradiance 

datasets collected from Jeju Island's Ildo-1 dong and Gosan-ri regions, as well as the DKASC dataset 

from Alice Springs, Australia. For the Jeju datasets, data spanning 2011 to 2018 were divided into a 

training set (75%) and a test set (25%). The training set included data from 2011 to 2016, while the test 

set covered 2017 to 2018, ensuring sufficient training data and robust testing on unseen data to evaluate 

the model's generalization capabilities. Similarly, the DKASC dataset was split into a 2:1 ratio, with 

samples consisting of 24 consecutive hours of input variables and corresponding labels for multistep-

ahead forecasting. 

The proposed model, integrating GRU, TCN, and self-attention mechanisms, was implemented 

using Python (version 3.8) with TensorFlow (version 2.9.0) and Keras (version 2.9.0), with 

hyperparameter settings detailed in Table 3. Training involved 50 epochs, a batch size of 24, and the 

SELU activation function, which was chosen for its superior self-normalizing properties and ability 

to handle long-term dependencies. The Huber loss function and Adam optimizer were used to ensure 

effective learning and minimize overfitting. Early stopping with a patience of 10 epochs was applied 

to improve training efficiency. These settings balanced model performance and training efficiency 

while avoiding overfitting. 
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Table 3. Hyperparameter configuration for model training. 

No. Hyperparameter Setting 

1 Epochs 
25 

2 Batch size 
24 

3 Optimizer 
Adam 

4 Metrics 
MAE 

5 Learning rate 
0.001 

6 Activation function 
SELU 

7 Loss 
Huber loss 

8 Random state 
42 

9 Early stopping 
10 

To evaluate the performance of the proposed model, mean absolute error (MAE) and root mean 

square error (RMSE) metrics were used, as defined by Equations (9) and (10): 

MAE = 1/n × ∑|Ft − At|, (9) 

RMSE = (√(∑ (Ft − At)2)/n, (10) 

where At and Ft represent the actual and forecasted values at time t, and n indicates the number of 

observations. These metrics quantify the difference between the predicted and actual values. The MAE 

measures the average absolute difference between the predicted and actual values. In contrast, the 

RMSE measures the square root of the average squared difference between the predicted and actual 

values. 

4.2. Experimental Results 

To evaluate the effectiveness of activation functions in solar irradiance prediction, the hybrid GRU-

TCN model was tested using three different activation functions—ReLU, SELU, and Leaky ReLU—

across two regions, Ildo-1 dong and Gosan-ri. Activation functions were chosen as a focus of analysis 

due to their critical role in enabling the model to learn complex patterns and dependencies in solar 

irradiance data. The results, summarized in Table 4, highlight significant differences in performance 

metrics such as MAE and RMSE, emphasizing the importance of selecting an appropriate activation 

function to optimize prediction accuracy and stability. 

SELU achieved the lowest average MAE and RMSE values in both regions, demonstrating its 

ability to stabilize the learning process through its self-normalizing property. In contrast, ReLU and 

Leaky ReLU showed mixed performance, with ReLU performing better in some steps and Leaky ReLU 

showing slight improvements in others. For instance, in Ildo-1 dong, SELU achieved an average RMSE 

of 0.369, outperforming ReLU (0.372) and Leaky ReLU (0.387). Similarly, in Gosan-ri, SELU reduced the 

average RMSE to 0.496, compared to 0.501 for both ReLU and Leaky ReLU. 

Table 4. Performance comparison of activation functions for solar irradiance prediction using GRU-

TCN model (units: MJ/m²). 

Steps Ildo-1 dong Gosan-ri 

ReLU SELU Leaky ReLU ReLU SELU Leaky ReLU 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

1 0.366 0.253 0.394 0.279 0.384 0.268 0.252 0.347 0.231 0.336 0.252 0.347 

2 0.453 0.312 0.459 0.323 0.463 0.321 0.293 0.405 0.283 0.411 0.293 0.405 

3 0.497 0.341 0.498 0.349 0.508 0.350 0.322 0.452 0.310 0.450 0.322 0.452 
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4 0.525 0.359 0.526 0.365 0.539 0.370 0.346 0.484 0.333 0.483 0.346 0.484 

5 0.543 0.370 0.543 0.374 0.565 0.388 0.359 0.504 0.350 0.509 0.359 0.504 

6 0.556 0.380 0.556 0.379 0.587 0.400 0.369 0.518 0.361 0.524 0.369 0.518 

7 0.567 0.390 0.564 0.384 0.601 0.410 0.379 0.531 0.367 0.532 0.379 0.531 

8 0.581 0.403 0.571 0.390 0.612 0.420 0.390 0.546 0.374 0.540 0.390 0.546 

9 0.596 0.416 0.577 0.396 0.623 0.433 0.404 0.561 0.384 0.548 0.404 0.561 

10 0.612 0.429 0.588 0.407 0.633 0.444 0.420 0.579 0.394 0.558 0.420 0.579 

11 0.629 0.442 0.601 0.418 0.644 0.457 0.421 0.584 0.402 0.568 0.421 0.584 

Avg. 0.539 0.372 0.534 0.369 0.560 0.387 0.360 0.501 0.344 0.496 0.360 0.501 

Across individual steps, SELU consistently demonstrated lower error margins, especially in the 

later steps where long-term dependencies became more critical. This trend underscores SELU's ability 

to effectively handle the cyclical nature of solar irradiance data, which requires maintaining stability 

and precision over extended sequences. The comparison indicates that SELU not only performs better 

on average but also exhibits consistent improvements across both datasets. Its ability to mitigate 

vanishing gradients and handle long-term dependencies makes it a preferred choice for time-series 

data. 

Building on the analysis of activation functions, the hybrid GRU-TCN model was further 

compared with two benchmark models, LSTM-TCN and Bi-LSTM-TCN, to assess its relative 

performance and robustness in PV power forecasting. Such comparisons are critical for validating the 

proposed model's ability to outperform established architectures, particularly in capturing the complex 

temporal dependencies and nonlinear patterns inherent in PV power generation. Table 5 presents the 

performance metrics for the next 24-hour predictions using the DKASC Sanyo solar panel dataset, 

highlighting the effectiveness of the hybrid GRU-TCN model in achieving superior forecasting 

accuracy. 

The GRU-TCN model achieved the lowest average MSE (1.970) and RMSE (3.882), outperforming 

the benchmark models LSTM-TCN (MSE: 1.987, RMSE: 3.950) and Bi-LSTM-TCN (MSE: 1.982, RMSE: 

3.928). These improvements were particularly noticeable in the middle time steps, where the GRU-TCN 

model consistently exhibited lower errors, effectively balancing short-term and long-term temporal 

dependencies. For instance, at Step 11, the GRU-TCN model recorded an MSE of 1.923, outperforming 

both Bi-LSTM-TCN (1.974) and LSTM-TCN (1.930), underscoring its superior capability to learn 

complex patterns and maintain accuracy across the forecasting horizon. 

Table 5. Performance comparison of hybrid models for PV power forecasting using Sanyo Solar Panel 

dataset (Units: kW). 

Steps MSE RMSE 

LSTM-

TCN 

Bi-LSTM-

TCN 

GRU-TCN 

(Ours) 

LSTM-

TCN 

Bi-LSTM-

TCN 

GRU-TCN 

(Ours) 

1 1.985 1.979 2.000 3.940 3.915 4.000 

2 2.002 2.013 1.979 4.007 4.051 3.915 

3 1.997 2.002 1.917 3.988 4.009 3.677 

4 2.016 2.002 1.941 4.063 4.010 3.768 

5 2.031 1.998 1.943 4.124 3.993 3.776 

6 2.038 1.985 1.927 4.152 3.939 3.714 

7 2.007 1.967 1.920 4.029 3.867 3.688 

8 1.989 1.964 1.919 3.955 3.856 3.683 

9 1.970 1.974 1.923 3.883 3.895 3.697 

10 1.949 1.977 1.930 3.800 3.910 3.726 

11 1.930 1.974 1.923 3.724 3.897 3.698 

12 1.931 1.970 1.922 3.728 3.882 3.695 
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13 1.926 1.968 1.965 3.711 3.873 3.862 

14 1.952 1.974 2.007 3.811 3.898 4.027 

15 1.968 1.981 2.014 3.872 3.925 4.056 

16 2.002 1.967 2.031 4.010 3.870 4.124 

17 1.990 1.970 2.029 3.961 3.879 4.119 

18 2.013 1.975 2.026 4.051 3.900 4.105 

19 2.036 1.979 2.035 4.147 3.917 4.143 

20 2.029 1.984 2.001 4.115 3.937 4.004 

21 2.004 1.991 1.999 4.016 3.964 3.996 

22 1.996 1.995 1.967 3.984 3.981 3.867 

23 1.965 1.988 1.975 3.860 3.954 3.901 

24 1.970 1.985 1.979 3.880 3.939 3.916 

Avg. 1.987 1.982 1.970 3.950 3.928 3.882 

Notably, the GRU-TCN model's combination of GRU's efficiency in capturing short-term 

dependencies and TCN's strength in identifying long-range temporal patterns proved to be a significant 

advantage. Furthermore, the self-attention mechanism allowed the model to emphasize critical time 

steps, improving its focus on relevant features and ensuring higher accuracy. The comparison also 

highlights the GRU-TCN model's stability in multistep-ahead forecasting tasks. While both benchmark 

models exhibited higher variability across time steps, the GRU-TCN consistently minimized errors, 

demonstrating its robustness and scalability for diverse time-series forecasting applications. 

5. Conclusions 

This study introduced a hybrid DL model combining GRUs, TCNs, and the SELU activation 

function to improve the accuracy and robustness of solar irradiance and PV power forecasting. The 

model effectively addresses nonlinear dependencies and long-term temporal patterns in time-series 

data by leveraging GRUs for short-term dependency capture, TCNs for modeling extended temporal 

patterns, and self-attention mechanisms for identifying critical features. Evaluation results confirmed 

SELU as the most effective activation function, particularly for datasets with significant variability in 

solar irradiance, due to its self-normalizing properties that enhance stability and training efficiency. 

The proposed model demonstrated superior performance in both solar irradiance and PV power 

forecasting tasks. For solar irradiance prediction, SELU consistently outperformed other activation 

functions, underscoring the importance of selecting suitable activation functions to handle cyclical 

meteorological data. In PV power forecasting, the GRU-TCN-SELU model surpassed benchmark 

models, including LSTM-TCN and Bi-LSTM-TCN, achieving an average RMSE of 1.970 and MSE of 

3.882. These results validate the model’s ability to balance short-term and long-term temporal 

dependencies while maintaining high predictive accuracy, making it a robust tool for renewable energy 

forecasting. 

Beyond performance metrics, the proposed model offers scalability and integration potential 

within broader renewable energy systems. Its adaptability to diverse meteorological conditions and 

compatibility with smart grid systems highlight its potential for real-world energy management 

applications. By aligning with sustainable urban development goals, the model bridges the gap 

between advanced DL techniques and practical energy optimization, contributing to intelligent 

decision-making frameworks in smart cities. 

Future research will focus on optimizing the model by exploring additional architectures and 

activation functions to better capture the nonlinear characteristics of renewable energy data. 

Incorporating more meteorological variables and testing on datasets from diverse climates will enhance 

its generalizability and robustness. Integrating the model into smart grids and energy storage systems 

can improve energy management efficiency and mitigate renewable energy intermittency. 

Additionally, applying the model within digital twin frameworks for smart cities can further advance 

intelligent energy management technologies. 

In conclusion, the hybrid GRU-TCN-SELU model presents a scalable and reliable solution for solar 

irradiance and PV power forecasting. Its demonstrated effectiveness across diverse forecasting tasks 
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underscores its potential for broader adoption in renewable energy management systems. Future work 

will expand experiments to additional datasets, such as DKASC, to validate the model’s applicability 

across various environments, further refining its role in supporting sustainable energy systems and 

smart city development. 
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