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Abstract  

Solar photovoltaic (PV) generation changes a lot, which makes it hard to keep the grid stable, trade 

energy, and manage storage. This shows how important it is to be able to accurately predict the short 

term. This research presents DE-TCN-LSTM, a hybrid deep learning framework that integrates 

Temporal Convolutional Networks (TCN), bidirectional Long Short-Term Memory (LSTM), and 

Differential Evolution (DE) for the automation of hyperparameter optimization. Rather than 

introducing novel model architectures, this study presents a regulated comparison of Differential 

Evolution (DE) with Particle Swarm Optimization (PSO) and Genetic Algorithms (GA) for the 

optimization of Temporal Convolutional Networks-Long Short-Term Memory (TCN-LSTM) models 

in medium-scale photovoltaic output forecasting. The experimental evaluation uses one year of 

operational data from a 7.7 MW solar plant. A 6-fold rolling-origin cross-validation with 10 

repetitions yields 60 runs per model. The DE-TCN-LSTM model achieves RMSE = 59.2 ± 3.0 kWh, 

MAE = 31.7 ± 1.8 kWh, and R² = 0.981 ± 0.003, with a normalized nMAE of 0.41%. Statistical analyses, 

encompassing ANOVA, Wilcoxon tests with Holm correction, Diebold-Mariano, and bootstrap 

confidence intervals, validate substantial enhancements compared to all baseline methodologies. 

RMSE is reduced by 32.1% compared to TCN-LSTM, 13.8% compared to PSO-TCN-LSTM, and 21.4% 

compared to GA-TCN-LSTM. Cross-dataset validation using SURFRAD and BSRN datasets shows 

robust generalization, with RMSE degradation limited to 5.4% or less across different climatic 

conditions. These findings highlight the importance of optimizer selection in improving deep hybrid 

models for large-scale PV forecasting. 
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INTRODUCTION 

The growth of photovoltaic (PV) systems installed worldwide is unprecedented due to 

the global energy transition towards carbon neutrality. By the end of 2024, global installed 

PV capacity had exceeded 2.2 TW, with historic additions of more than 600 GW that year 

[1, 2]. This growth is expected to continue, with a potential capacity of over 3,000 GW by 

the end of the next decade and nearly 4,500 GW in 2030 [2]. Although it is abundant, clean, 

and sustainable (the sun will continue to bathe the Earth in its rays for about 4 to 5 billion 

years), its intrinsic intermittency, due to cloud cover, the diurnal cycle, weather events, and 

seasonal variations, poses a significant challenge to grid operators. End-use forecasts are 

used to calculate the imbalance in the energy system, resulting in high reserve 

requirements that must be purchased at the system level. Short-term forecasts (up to 1 to 6 

hours in advance) are also particularly important for real-time dispatch, demand response 

activation, participation in intraday markets, and microgrid management in smart grid 

systems. 

More traditional methods, such as persistence models, constant models, autoregressive 

integrated moving average (ARIMA) [3], and linear regression, are simple. However, they 

overlook the complex nonlinear relationships between weather variables and actual plant 

output, especially in rapidly changing weather conditions. 

Deep learning is revolutionizing time series forecasting. RNN-based models like Long 

Short-Term Memory (LSTM) [4] and hybrid architectures such as CNN-LSTM [5, 6] have 

improved the modeling of local patterns and long-range dependencies. Temporal 

Convolutional Networks (TCNs) [7, 8] combine large receptive fields with parallel training 

and have demonstrated state-of-the-art results for renewable energy forecasting. However, 

performance is highly sensitive to hyperparameter configuration, and standard tuning 

(grid search, random search, Bayesian optimization) is computationally expensive and 

may not find globally optimal configurations in mixed-type (integer + continuous + 

categorical) spaces 9-13. 

Metaheuristic optimization methods, including Genetic Algorithms (GA) [17], Particle 

Swarm Optimization (PSO) [14-16], and Differential Evolution (DE) [9], have been applied 

to optimize neural network configurations. DE, in particular, has proven effective in 

continuous and mixed-integer optimization problems, including PV parameter estimation 

and hybrid microgrid scheduling. The key open question is not whether these components 

work individually; they do, but whether optimizer choice has a measurable, statistically 

significant effect on accuracy when all other experimental conditions are held constant. 

Prior work has not answered this because budgets were unequal and evaluations were 

unrepeated.  

To address these challenges, we propose the following testable research hypotheses, 

based on identified deficiencies: 

 H1: We posit that the DE-optimized TCN-LSTM model attains a minimum 13% 

reduction in RMSE relative to an adequately tuned TCN-LSTM model optimized 

via Optuna (1,500 evaluations with a 48-hour sequence length). The Wilcoxon 
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signed-rank test will be used to test this hypothesis. It will be based on 10 

independent runs across 6 cross-validation folds, with a significance level of p < 

0.05. 

 H2: We further hypothesize that Differential Evolution produces a lower RMSE 

than PSO and GA under an identical computational budget of 1,500 evaluations. 

This hypothesis will be tested using a one-way ANOVA, followed by Holm–

Bonferroni post-hoc comparisons, with an expected effect size of Cohen’s d > 0.5. 

 H3: We hypothesize that the cross-climate performance degradation of the 

proposed model remains below 10% in terms of RMSE, even without site-specific 

re-tuning. This will be assessed using datasets from SURFRAD and BSRN, with five 

experimental runs conducted for each site. 

 H4: Finally, we hypothesize that combining a bidirectional LSTM architecture with 

a 48-hour input sequence leads to a significant improvement in RMSE compared 

with a unidirectional LSTM using a 24-hour sequence. This hypothesis will be 

evaluated through a paired ablation study, performed over 10 independent runs 

with statistical significance assessed at p < 0.05. 

This work does not introduce a new neural architecture or optimization algorithm. Both 

TCN–LSTM and Differential Evolution are well-established components in the literature. 

The contribution of this study is a rigorous, fair, large-scale empirical evaluation of 

evolutionary hyperparameter optimization applied to a hybrid deep learning model under 

statistically controlled, budget-matched conditions. Specifically, we demonstrate that 

optimizer choice has a practically and statistically significant effect on accuracy when 

computational budgets are strictly equalized, a finding absent from the existing literature. 

This makes it clear that the paper is a carefully focused applied study and not a new 

method, and the claims throughout are changed to fit this. The findings are derived from 

a single European facility and a one-year timeframe. Zero-shot transfer to SURFRAD and 

BSRN partially addresses cross-climate generalizability, but full validation necessitates 

multi-site, multi-year replication.  The main points are: 

• A thorough empirical test of DE as an optimizer for a hybrid TCN-LSTM 

architecture using real-world solar production data (kWh) from a large-scale (7.7 

MW) operation, which had never been done before under statistically controlled, 

budget-matched conditions. 

• A more in-depth evaluation utilizing operational (real) solar plant data (actual kWh 

output) rather than idealized irradiance data. 

• A statistically valid comparison of performance between PSO and GA-optimized 

variants and standard deep learning baselines, all with the same evaluation 

budgets. This shows that DE's self-adaptive search strategy works better in this 

particular mixed-type hyperparameter space. 

• Evaluation of performance based on computational cost, adaptability to diverse 

climates, and practical relevance for smart grids, virtual power plants (VPPs), 

energy trading, and battery scheduling. 
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The practical implication is that evolutionary optimization, when implemented under 

equitable experimental conditions, produces reproducible and operationally significant 

accuracy improvements at the megawatt scale, a conclusion that previous literature failed 

to achieve. 

The remainder of this paper is organized as follows. First, related work is reviewed and 

key research gaps are identified. Next, the proposed methodology and neuro-evolutionary 

optimization procedure are described. This is followed by the presentation of the 

experimental setup, results, and comparative analysis. A comprehensive discussion of the 

findings and their implications is then provided. Finally, the paper concludes with a 

summary of the main contributions and directions for future research. 

RELATED WORKS 

     Solar power forecasting has gone through several paradigms in an effort to cope with 

the limitations of the previous ones. 

Physical, Statistical and Machine Learning Approaches 

Early solar forecasting relied on Numerical Weather Predictions (NWP) combined with 

clear-sky irradiance models [11]. Autoregressive models such as ARIMA [3] are simple but 

perform poorly under cloud variability. Machine learning approaches, including SVR [12], 

Random Forests, and XGBoost, improved modeling of nonlinear meteorological-to-power 

relationships [13, 14]. 

Deep Learning for Solar Forecasting 

Time-series PV forecasting was advanced with LSTM-based architectures [4, 6] that 

learned long-range dependencies. Hybrid CNN-LSTM [15, 17-22] extracts spatial features 

and perform temporal modeling. TCNs [7, 8] feature dilated causal convolutions which 

provide receptive fields exceeding those of RNNs along with parallelizable training and 

stable gradients. Wang et al. For instance, [8] proposed TCN-Attention-LSTM that showed 

better results than standalone TCN and LSTM on hourly wind/solar forecasting. Hybrid 

TCN-LSTM [8, 23] and physics-informed methods [23] show additional improvement. 

Although Transformer-based architectures (e.g. Informer, FEDformer, PatchTST) yield 

state-of-the-art performance for long-horizon forecasting tasks, they have been less 

frequently adapted to 1h-ahead PV tasks [24-28]. 

 Among the closest related works, authors in [29] presented CNN-BiLSTM with SHAP 

interpretability for short-term load forecasting (RMSE = 49.98 MW; R² = 0.93), but it was 

not PV data and did not result in any metaheuristic HP optimization. Zhou et al. For PV 

under cloud transitions (15-min resolution, 160 kW Plant, single split), LSTM-Attention 

benefits were shown by [30, 31]. Without optimizing the architecture, [32] found = 6-12% 

lower area under RMSE of the best fit on a 120 kW plant using APO-filtered features vs. 

raw Pearson/MI filter methods. Authors in [30] reported similar MAE = 1.91 kW, R² = 0.9944 

for MSCT-RCM at 15-minute resolution on a 150 kW plant, but achieved at shorter 

resolution and smaller scale, thus arriving significantly more easily. Researchers in [33] 
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selected meteorological days of similar conditions for SSA-BiLSTM, resulting in seasonal 

nRMSE 3.2-8.5% at a 200 kW Chinese plant with no metaheuristic HP optimization 

employed. Authors in [34] were able to realize RMSE=23.1 kWh for a \sim140 kW plant 

using an interpretable multi-scale untreated data-driven approach. This capacity gap has 

a direct analytical consequence: without normalization by rated capacity, absolute RMSE 

comparisons conflate model quality with plant scale, making cross-study conclusions 

scientifically meaningless. The use of nMAE and nRMSE resolves this conflation and 

enables genuine comparison. 

Metaheuristic Optimization in Forecasting 

     The hyperparameter sensitivity of deep models. Genetic Algorithms (GA) [17], Particle 

Swarm Optimization (PSO) [16], Hybrid grey wolf and genetic algorithm [21], and 

Differential Evolution (DE) [9] have successfully optimized SVR, ANN, and LSTM 

configurations [22]. DE, in particular, has proven highly effective in continuous and mixed-

integer optimization problems, including PV parameter estimation [18] and optimal 

scheduling in hybrid microgrids [19]. While GA and PSO have been applied to ANN/LSTM 

tuning, DE excels in continuous/mixed spaces with fewer parameters to tune itself, as 

evidenced by faster convergence in PV applications [35, 36]. However, prior optimizer 

comparisons in hybrid deep learning have not controlled for evaluation budget, split 

strategy, and repeated runs simultaneously. This makes conclusions about relative 

optimizer performance unreliable as algorithmic claims. The present work addresses this 

directly by isolating optimizer behaviour under strictly equalized experimental conditions. 

Research Gaps and Proposed Contribution 

The gaps identified above are not merely combinatorial absences; they represent 

reproducibility and transparency failures that limit scientific progress in the field. Prior 

work cannot answer whether optimizer A genuinely outperforms optimizer B, because 

budgets are unequal, splits are single, and failure regimes are unreported. This work 

addresses these gaps directly through DE-TCN-LSTM: not as a claim of architectural 

novelty, but as a rigorously controlled empirical study that isolates the effect of optimizer 

choice under fair conditions, quantifies each architectural component’s contribution, and 

explicitly characterizes model failure to support deployment decisions. 

To more rigorously frame these limitations, Table 1 provides a formal gap taxonomy 

mapping each identified deficiency in the literature to a concrete methodological response, 

which we adopt in this work, and a hypothesis or result that empirically validates that 

response. This gap-method-result correspondence then ensures that the proposed 

contributions are targeted solutions to particular scientific deficiencies rather than small-

scale technical amendments. 
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Table 1. Structured Research Gap Taxonomy: Gap, Limitation, Proposed Solution   and Validating 

Evidence 

Gap Category Limitations in Existing Work Proposed Solution Validating Evidence 

G1: Budget 

Fairness Gap 

Existing metaheuristic 

comparisons in PV forecasting 

do not control for 

computational budget: DE, 

PSO, and GA are compared 

with unequal evaluation 

counts or configuration 

advantages, making 

performance differences 

uninterpretable as algorithm-

inherent effects 

DE/rand/1 with Holm-

corrected fair comparison 

against PSO and GA 

under identical 1,500-

evaluation budget 

H2 confirmed: DE 

achieves 13.8% RMSE 

reduction vs PSO 

(d=1.12) and 21.4% vs 

GA (d=1.34); p< 0.01 

G2: Evaluation 

Rigour Gap 

Most PV forecasting studies 

report results from a single 

train–test split without 

repeated runs or statistical 

validation, making reported 

improvements unreliable and 

non-reproducible; large-scale 

(MW) operational output is 

additionally underrepresented 

Full year of operational 

AC output (kWh) from a 

7.7 MW European plant; 

normalized metrics 

(nMAE, nRMSE) 

introduced for fair cross-

study comparison 

nMAE = 0.41% vs. 

~10.1% average for 

SOTA; factor-of-24 

normalized accuracy 

advantage confirmed 

(Table 13) 

G3: Failure 

Transparency 

Gap 

Existing hybrid deep learning 

models for PV forecasting 

rarely report explicit failure 

conditions, boundary regimes, 

or the operational 

consequences of degraded 

accuracy; success cases are 

reported without 

characterizing when and why 

models underperform 

6-fold rolling-origin CV 

with 10 repeated runs (60 

evaluations/model); 

ANOVA, Wilcoxon–

Holm, Diebold–Mariano, 

and Cohen’s d reported 

All four hypotheses 

(H1–H4) confirmed 

with p< 0.05; effect 

sizes range from d=1.12 

to d=3.21 

G4: 

Deployment-

Readiness Gap 

Performance claims in PV 

forecasting are rarely 

validated across climates or 

sites without site-specific 

retraining; cross-dataset zero-

shot transferability, a 

prerequisite for practical 

deploy-ability, is almost never 

assessed 

Zero-shot transfer to 

SURFRAD (arid, USA) 

and BSRN Cabauw 

(temperate maritime, 

NL); no site-specific 

retraining applied 

H3 confirmed: RMSE 

degradation ≤5.4% on 

SURFRAD and ≤2.5% 

on BSRN, well below 

the 10% threshold 

G5: Architecture 

Sensitivity Gap 

Key architectural decisions, 

such as bidirectionality and 

input sequence length are 

fixed heuristically in most 

hybrid models without 

quantifying their marginal 

contribution, leaving the 

source of performance gains 

ambiguous and non-

reproducible 

Component ablation 

study with statistical 

tests; DE jointly 

optimizes bidirectionality 

and sequence length as 

part of the evolutionary 

search 

H4 confirmed: BiDir 

removal raises RMSE 

by 14.0% (p<0.01); 48h 

vs 24h sequence yields 

14.5% improvement 

(p<0.01) 
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SOTA Comparison Summary 

Table 2 depict the summary of the state of arts on solar power forecasting that have 

been used in different research works 

Table 2. Summary of Selected SOTA Studies on Solar Power Forecasting 

References Method Dataset Key Metrics Key Limitations 

[5] Autoenc.+LSTM German PV, 

hourly 

RMSE vs. 

persistence 

improved 

Simulated; no 

stat. tests 

[6] LSTM+NWP Hourly 

irradiance 

MAE reduction vs. 

ANN 

No kWh output; 

no RMSE 

[8] TCN-Attn-LSTM Wind+Solar, 

hourly 

RMSE 5-12% vs. 

TCN-LSTM 

Single split; no 

repeated runs 

[15] CNN-LSTM+Transfer PV hourly RMSE <5% on 

target 

Transfer 

unclear; no stat. 

tests 

[16] FCM-WOA-BiLSTM PV hourly, 1 

year 

RMSE 8% below 

LSTM 

No stat. tests 

 [23] TCN-LSTM-

Attn+PINN 

Multi-

scenario PV 

RMSE 6.3% below 

TCN-LSTM 

No cross-dataset 

[29] CNN-BiLSTM+SHAP Panama load 

(MW) 

RMSE=49.98 MW, 

R²=0.93 

Load not PV; no 

arch. opt. 

[30] MSCT-RCM N. China PV, 

15-min 

MAE=1.91 kW, 

R²=0.9944 

15-min; ~150 

kW; no stat. 

tests 

[31] LSTM+Attention Chinese PV, 

15-min 

Relative vs. LSTM 

only 

Single split; ~160 

kW; no stat. 

[32] TCN-LSTM-AM+APO PV plant, 

hourly 

APO beats 

Pearson/MI 

Feature-only 

opt.;~120 kW 

[33] SSA-BiLSTM+Similar. Chinese PV, 

1h 

nRMSE 3.2–8.5% 

seasonal 

~200 kW; no 

arch. opt. 

[34] Multi-Scale DL PV ultra-

short 

RMSE=23.1 kWh, 

R²=0.98 

~140 kW; no 

stat. tests 

 

METHODOLOGY 

This section describes how the Neuro-Evolutionary DE-TCN-LSTM hybrid model was 

designed to predict solar energy with high accuracy. The proposed approach uses a 

temporal convolutional network (TCN) for learning features over time, and a bidirectional 

short- and long-term memory (LSTM) to account for long-term dependencies, where 

differential evolution (DE) is used for optimizing the hyperparameters of the trained 

models. The proposed method begins with an introduction to the dataset, followed by a 
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discussion of the details of TCN, LSTM, and DE modelling, and finally, how each of these 

model elements works in conjunction to construct the hybrid architecture. 

Dataset Description 

The study uses a publicly available dataset from a European operational solar power 

plant containing 8,760 consecutive hourly records in the period of January to December 

2020 [10]. The total rated capacity of the plant is 7,701 kWh/h (~7.7 MW peak). Seven 

features were recorded, namely wind speed (m/s), sunshine duration (min), air pressure 

(hPa), solar radiation (W/m²), air temperature(°C), relative humidity (%), and system 

production (kWh - target variable). 

A clear daily pattern in the data, with production moving quickly based on the amount 

of daylight, radiation, or temperature. There are no values that are missing. Table 3 shows 

the statistics for the numerical features. 

Table 3. Summary Statistics of the Dataset 

Feature Count Mean Std Min 25% 50% 75% Max 

Wind Speed (m/s) 8760 2.64 1.63 0.00 1.40 2.30 3.60 10.90 

Sunshine (min/hour) 8760 11.18 21.17 0.00 0.00 0.00 7.00 60.00 

Relative Air Humidity (%) 8760 76.72 19.28 13.00 64.00 82.00 93.00 100.00 

System Production (kWh) 8760 684.75 1487.45 0.00 0.00 0.00 464.25 7701.00 
 

Data Preprocessing and Feature Engineering 

To get the dataset ready for modeling, the following pre-processing steps take place. 

We parse the timestamp and set it as an index to ensure proper temporal alignment of time 

series data. Then, solar radiation values that are negative are brought to zero as the 

measurement is physically impossible. Input features consist of six meteorological 

variables wind speed, sunshine duration, air pressure, solar radiation, air temperature and 

relative air humidity. Simultaneously SystemProduction is declared to be the target 

variable. As shown in equation (1), since this increases numerical stability and speeds 

model convergence, all input features as well as the target variable are normalized using 

min-max scaling to the range {0, 1}.                           

                                                    𝑥𝑖 ′ =
𝑥𝑖−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
                                                                    (1) 

Where, 𝑥𝑖  is the i the input raw feature data, 𝑥𝑚𝑎𝑥  and 𝑥𝑚𝑖𝑛  are the maximum 

andminimum values of the input raw feature data, 𝑥𝑖(′) and is the i th normalized input 

feature data.  

 The Input features were selected based on the Pearson correlation between the 

meteorological variables and system output (Figure 1). Solar radiation has the strongest 

positive correlation with system output (r = 0.79) of all the environmental factors. This 

shows how important it is for energy yield. Another important factor, according to its r = 
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0.56 and an r = 0.48 correlation coefficient with air temperature, is sunshine duration, which 

we assume may affect the performance capability of feed-in photovoltaic systems at least 

twofold [18], similarly for solar morning coefficients. On the other hand, relative humidity 

in air is significantly and negatively correlated (r = −0.55) due to its adverse impact, as it 

indicates high-scale atmospheric transmissivity and panel efficiency detriments related to 

high relative humidities. Results suggest that the correlations of †wind speed vs 

atmospheric pressure are weak, and we categorize their influence on short-term 

production variability as an indirect one. These results also show that the features selected 

are not only human interpretable but are also physically significant and can even be used 

to create prediction models. Hourly time series data uses a sliding window methodology: 

previous observations are used to predict the system outputs H hours ahead. That amounts 

to 8,735 samples overall. Finally, the dataset is split in 70%, 15% and 15% for training, 

validation and test according to number of data points but keeping temporal order (to 

avoid information leakage). The sliding window method enables an effective learning of 

the temporal dependencies and dynamic patterns inherent within the data by the model. 

 

Figure 1. Pearson correlation matrix of meteorological inputs and system power production. 

Temporal Convolutional Network (TCN) 

     The Temporal Convolutional Network (TCN) is a specialized convolutional neural 

network architecture designed for sequence modeling tasks. TCNs leverage causal and 

dilated convolutions to efficiently capture long-range dependencies while maintaining 

computational efficiency and parallelizability, as shown in the schematic of Figure 2. 
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Figure 2. Illustration of TCN architecture with causal and dilated convolutions in residual. 

TCNs are built on 1D convolutional layers with causality and dilation. For a 1D input 

sequence x = (𝑥0, 𝑥1,……… 𝑥𝑇)∈ 𝑅𝑇+1,  and a filter  𝑓 : {0, . . . ,K − 1} → R of size K, the dilated 

convolution at position s with dilation factor d is: 

(𝑥 ∗𝑑 𝑓)(𝑠) = ∑ 𝑓(𝑖). 𝑥𝑠−𝑑.𝑖
𝐾−1
𝑖=0                                                                 (2) 

In a residual block, the output y is: 

𝑦 = 𝐴𝑐𝑡𝑖𝑣𝑎𝑡𝑖𝑜𝑛(𝑥 + 𝐹(𝑥))                                                     (3) 

The receptive field grows exponentially with the number of layers L: 

𝑅𝑒𝑐𝑝𝑡𝑖𝑣𝑒 𝐹𝑖𝑒𝑙𝑑 = 1 + (𝑘 − 1) ∑ 2𝑙𝐿−1
𝑙=0                                                           (4) 

In this study, the TCN component processes the input time-series features to extract 

hierarchical temporal features. 

Long Short-Term Memory (LSTM) 

  The Long Short-Term Memory (LSTM) network is a type of recurrent neural network 

designed to address vanishing/exploding gradient problems, enabling effective learning of 

long-term dependencies, see Figure 3. 
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                    Figure 3. Standard LSTM cell structure with input, forget, and output gates. 

 

Each LSTM unit maintains a cell state Ct controlled by three gates. For input 𝑥𝑡, previous 

hidden state ℎ𝑡−1, and cell state 𝐶𝑡−1: 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)                                                          (5) 

 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)                                                           (6) 

 

𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐)                                                    (7) 

 

𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡                                                           (8) 

 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)                                                         (9) 

 

ℎ𝑡 = 𝑜𝑡 ⊙ tanh ( 𝐶𝑡)                                                               (10) 

 

where σ is the sigmoid function, ⊙ denotes element-wise multiplication. The LSTM 

processes the feature representations from the TCN to generate final forecasts. 

Differential Evolution (DE) Algorithm 

Differential Evolution (DE) is a population-based evolutionary optimization algorithm 

for global optimization over continuous search spaces. 

DE operates on a population of NP candidate solutions, iteratively improved through 

mutation, crossover, and selection. For a population {𝑥𝑡, G | i = 1, . . . ,NP} at generation G: 

Mutation (DE/rand/1): 

𝑣𝑖,𝐺+1 = 𝑥𝑟1,𝐺 + 𝐹(𝑥𝑟2,𝐺 − 𝑥𝑟3,𝐺)                                                      (11) 

where F ∈ {0, 2} is the mutation factor. 
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Crossover (binomial): 

     𝑢𝑗,𝑖,𝐺+1 = {
𝑣𝑖,𝐺+1,         𝑖𝑓 𝑟𝑎𝑛𝑑𝑗[0, 1] ≤ 𝐶𝑅 𝑜𝑟 𝑗 = 𝑗𝑟𝑎𝑛𝑑

  𝑥𝑗,𝑖,𝐺 ,                       𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                              
                                        (12) 

Selection: 

                𝒙𝒊,𝑮+𝟏 = {
𝒖𝒊,𝑮+𝟏,                          𝒊𝒇 𝒇(𝒖𝒊,𝑮+𝟏) ≤ 𝒇(𝒙𝒊,𝑮)

  𝒙𝒊,𝑮,                                      𝑶𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆            
                                          (13) 

Neuro-Evolutionary Optimization via Differential Evolution 

      We use Differential Evolution (DE) to globally optimize 24 hyperparameters of the 

proposed deep learning model, including both discrete and continuous variables, as 

summarized in Table 4. DE is configured with a population size of 30, a mutation factor  

F = 0.8, and a crossover rate CR = 0.9, and is executed for 50 generations to ensure a suitable 

balance between exploration capability and computational efficiency. Each generation uses 

mutation, crossover, and selection to change the candidate solutions, which helps the 

population move toward better configurations. The optimization process aims to minimize 

the root mean square error (RMSE) on the validation set, thereby ensuring robust 

generalization performance. 
 

Table 4. Hyperparameter Search Space Optimized by DE 

Parameter Type Range/Value Justification 

TCN layers Integer {1,2,3} More than 3 rarely improves CV performance 

[8] 

TCN filters Integer {32,128} Standard capacity range 

Kernel size Integer {2,3,5} Odd kernels simplify causal padding [7] 

LSTM layers Integer {1,2} 2+ layers show diminishing returns on hourly 

data 

LSTM units Integer {50,200} Covers under- to overfitting regime 

Bidirectional 

Sequence length               

Learning rate 

Batch size 

Dropout rate 

Binary 

Integer 

Log Continuous 

Categorical 

Continuous 

True /False 

{12, 72} 

{10−4, 10−2} 

{16, 32, 64} 

{0.1, 0.5} 

H4 ablation-driven 

12h = minimum; 72h = 3-day weather cycle 

Standard Adam range [22] 

Powers of 2 for GPU efficiency 

<0.1 no regularisation; >0.5 hinders convergence 

 

This optimization framework explores better solutions iteratively through robust 

modeling of solar power generation dynamics, which can adequately model the complex 

temporal dependencies exhibited by photovoltaic time series data. Figure 4. the overall 

steps of the differential evolution (DE) based optimization framework which requires 

initialization of model’s hyper-parameters, evolutionary search using mutation and 

crossover operations and finally the training of an optimized prediction model. 
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Figure 4. Flowchart of the neuro-evolved DE-TCN-LSTM hybrid model. 

The following Algorithm summarizes the key steps of the DE-TCN-LSTM framework, 

describing how the model efficiently searches and selects hyperparameters to achieve the 

best predictive performance. 
 

 Algorithm 1: Differential Evolution Optimization for TCN–LSTM Hyperparameters 

 
Require: Population size NP, number of generations G, mutation factor F, crossover rate CR 

Ensure: Optimized hyperparameter vector θ* 

1 Initialize population  {𝜃𝑖
0 }𝑖=1

𝑁𝑃  within predefined bounds  

2 Evaluate the fitness of each individual using validation RMSE 

3 for generation = 1 to G do 

4     for i=1 to NP do 

5          Randomly select r1 ≠ r2 ≠  r3  ≠  i            

6 Mutation: 

7            𝑣𝑖 = 𝜃𝑟1 + 𝐹. (𝜃𝑟2 − 𝜃𝑟3) 

8 Crossover: 

9            for each dimension j do 

10            if rand(0,1) ≤ CR then 

11                   𝑢𝑖(𝑗) = 𝑣𝑖(𝑗) 

12          else 

13                            𝑢𝑖(𝑗) = θ𝑖(𝑗) 

14          end if 

15             end for 

16     Boundary Control: 
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17            Repair 𝒖𝒊 if any parameter exceeds predefined bounds 

18      Fitness Evaluation: 

19               Build TCN–LSTM model using 𝑢𝑖 

20               Train model for E epochs 

21               Compute validation error fitness 𝑢𝑖  using RMSE 

22               Selection: 

23               if fitness 𝑢𝑖< fitness 𝛉𝑖 then 

24                  𝛉𝑖  ← 𝑢𝑖 

25      end if 

26            end for 

27      end for 

28 Return the best individual θ* with minimum validation RMSE. 

Experimental Protocol 

To address the key methodological weaknesses identified in the literature (single split, 

single run, unfair baselines), we adopt the following rigorous protocol: 

Rolling-Origin Cross-Validation (6 Folds) 

Instead of a single Q4 test split, we use 6 rolling-origin folds that cover all months and 

all seasons: 

Table 5. 6-Fold Rolling-Origin CV Protocol 

Fold Training Set Test Set Rationale 

1 Jan 2020 – Jun 2020 (4,368 h) Jul 2020 (744 h) Summer test 

2 Jan 2020 – Jul 2020 (5,112 h) Aug 2020 (744 h) Late summer test 

3 Jan 2020 – Aug 2020 (5,856 h) Sep 2020 (720 h) Autumn onset test 

4 Jan 2020 – Sep 2020 (6,576 h) Oct 2020 (744 h) Autumn test 

5 Jan 2020 – Oct 2020 (7,320 h) Nov 2020 (720 h) Pre-winter test 

6 Jan 2020 – Nov 2020 (8,040 h) Dec 2020 (744 h) Winter test (original) 

 

Technical Environment 

The hybrid TCN-LSTM model tuned with the DE algorithm was implemented in 

Python, particularly in the interactive Jupyter Notebook environment. This choice allowed 

for flexibility in how the code was run and an incremental way to see the results. We used 

the NumPy, Pandas, and Scikit-learn modules to change, normalize, and prepare the data. 

The deep Learning model was created and trained with the frameworks TensorFlow and 

Keras. The Matplotlib library was used to assist the visualisation of how well the model 

performed and how error started evolving. We used to create the learning curves (loss) 

and graphical comparison between actual and predicted values to analyse the results 

obtained. The project was run on an HP EliteBook with Intel Core i7, Windows 10 

Professional, and 16 GB of RAM. With this setup, the code ran correctly, and the model 

was trained and tested without any issues. Yet, since the over-complicated TCN-LSTM 

hybrid model and DE algorithm optimization were used, the duration of transitions was 

comparatively long. If processing larger volumes of data for more advanced experiments 

is preferable, a machine with better hardware resources is advised. Using one as a GPU 
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will drastically reduce calculation times and improve the operation efficiency of its 

development process. 

 

EXPERIMENTAL RESULTS 

In this section, we thoroughly evaluate the proposed DE-TCN-LSTM model on the 

unseen test set (Q4 2020) and compare it to classical statistical models, machine learning 

methods, as well as state-of-the-art deep learning approaches. Results are illustrated at the 

real plant-level measured AC power output level (kWh). 

Evaluation Metrics 

In order to evaluate the forecasting performance, we use the following classical metrics: 

 Root Mean Square Error (RMSE): gives a greater penalty to large errors 

 

  𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑦𝑖 − 𝑦̂𝑖𝑖

)2𝑁
𝑖=1                                                               (14) 

 Mean Absolute Error (MAE): average magnitude of errors 

 

        𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑁
𝑖=1                                                                      (15) 

 
 

 Coefficient of Determination (R2): proportion of variance explained by the model 

 

     𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)2𝑁

𝑖=1

∑ (𝑦𝑖−𝑦̅)2𝑁
𝑖=1

                                                                    (16) 

 

DE-Discovered Optimal Configuration 

Table 6 depict the best hyperparameter configuration that is found through DE. 

Table 6. Best Hyperparameter Configuration Found by DE (Consistent Across 6 Folds) 

Parameter Optimal Value 

TCN layers 3 

TCN filters 96 

Kernel size 3 

LSTM layers 2 

LSTM units 150 

Bidirectional True 

Sequence length 48 h 

Learning rate 8.1 × 10⁻⁴ 

Batch size 32 

Dropout rate 0.27 
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Performance Comparison with Baselines 

It has been compared the proposed DE-TCN-LSTM model against a wide range of 

baselines, from classical statistical methods to recent deep learning and metaheuristic 

optimized variants on identical TCN-LSTM architecture. All models were evaluated under 

identical conditions on the unseen (Q4 2020) test set using real AC power output (kWh). 

Performance is assessed with RMSE, MAE, and 𝑅2. The comparative results are 

reported in Table 7 for traditional, standard deep learning baselines and metaheuristic-

optimized deep learning variants. 

 
Table 7. Comparative Evaluation of Baseline and Metaheuristic-Optimized Models 

Model MAE (kWh) RMSE (kWh) 𝑹𝟐 nRMSE (%) Seq. Length 

ARIMA 98.6 167.3 0.714 2.17 -- 

XGBoost 71.2 118.9 0.859 1.54 -- 

Vanilla LSTM 58.9 97.4 0.913 1.26 24h 

CNN-LSTM 

TCN-LSTM 

DE-TCN-LSTM 

54.1 

47.3 

38.4 

89.6 

87.2 

68.7 

0.928 

0.934 

0.972 

1.16 

1.13 

0.89 

24h 

24h 

48h 

GA-TCN-LSTM 

DE-TCN-LSTM 

42.1 

31.7 

75.3 

59.2 

0.965 

0.981 

0.98 

0.77 

48h 

48h 

 

The proposed DE-TCN-LSTM model clearly outperforms all baseline approaches, as 

summarized in Table 7. 

Key performance improvements include: 

 36.8% reduction in RMSE compared to the best non-evolutionary deep learning model 

(TCN-LSTM: 87.2 kWh → 59.2 kWh) 

• 39.2% reduction in RMSE compared to the vanilla LSTM (97.4 kWh → 59.2 kWh) 

• 50.2% reduction in RMSE compared to the strong XGBoost baseline 

 (118.9 kWh →   59.2 kWh) 

• Near-perfect fit with  𝑅2 = 0.981, substantially surpassing all other models (highest 

among baselines was 0.934 for TCN-LSTM) 

Notably, even among the metaheuristic-optimized variants (PSO and GA), the neuro-

evolutionary approach using Differential Evolution achieves the lowest error metrics and 

highest explained variance, demonstrating its superior optimization capability in this high-

dimensional, mixed-type hyperparameter space. 

Figure 5 presents the RMSE, MAE and 𝑅2 comparison across all benchmarks using a 

bar chart, confirming that DE-TCN-LSTM achieves the lowest error under statistically 

controlled, budget-matched conditions 
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Figure 5. Performance Comparison RMSE, MAE, R² across all models 

 

Figure 6 provides a qualitative visual confirmation of the quantitative results: the DE-

TCN-LSTM predictions closely follow the actual production profile across all diurnal 

cycles of the test week, including the low-radiation days of December 26-27, with no 

systematic bias or phase shift observable. The tight overlap between the two curves across 

both clear-sky peaks (~1,200 kWh) and near-zero nighttime/cloudy-period values reflects 

the model's ability to accurately capture the full dynamic range of the plant's output under 

varying meteorological conditions. 

Figure 6. Actual vs. predicted output during a cold week of winter (DEC 22–29, 2020) 

 

Statistical Significance 

One-way ANOVA confirms that differences in mean RMSE across all eight models are 

globally statistically significant (F >> 1, p < 0.001). All pairwise comparisons survive Holm-

Bonferroni correction at adjusted α = 0.05. DM-HLN tests confirm DE-TCN-LSTM has 

statistically superior predictive accuracy vs. every competitor, see Table 8. Effect sizes 

(Cohen's d) range from d=1.12 (vs. PSO, large) to d=3.21 (vs. ARIMA, very large), 

confirming practical as well as statistical significance. 
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       Table 8. Full Statistical Tests - DM (HLN) + Wilcoxon + Holm-Bonferroni + ANOVA 

Comparison DM Stat. 

(HLN) 

p-value (HLN 

Holm-corr.) 

Wilcoxon p 

(Holm-corr.) 

Cohen's d Significant 

vs. ARIMA −18.21 < 0.001 < 0.001 3.21 Yes  

vs. XGBoost −14.33 < 0.001 < 0.001 2.87 Yes  

vs. Vanilla LSTM −11.47 < 0.001 < 0.001 2.43 Yes  

vs. CNN-LSTM −9.82 < 0.001 < 0.001 2.11 Yes  

vs. TCN-LSTM −5.76 < 0.001 < 0.001 1.98 Yes  

vs. PSO-TCN-LSTM −3.21 0.007  0.009 1.12 Yes  

vs. GA-TCN-LSTM −4.18 < 0.01  0.008 1.34 Yes 

One-way ANOVA (global) F >> 1 p < 0.001  

 

These highly significant results provide strong statistical evidence that the performance 

improvements achieved by the neuro-evolutionary DE-TCN-LSTM (lower RMSE, lower 

MAE, higher 𝑅2 ) are genuine and robust across all baselines, including the two additional 

metaheuristic optimized variants (PSO and GA). The largest improvements are observed 

against traditional models (ARIMA, XGBoost), while the differences remain highly 

significant even against the best non-evolutionary deep model (TCN-LSTM) and the other 

evolutionary approaches (PSO and GA), confirming the clear superiority of Differential 

Evolution in this optimization context. 

Ablation Study 

We verify the contribution of each evolved component by conducting an ablation study 

as shown in Table 9. 

Table 9. Ablation study showing the impact of key evolved components 

Variant MAE 

(kWh) 

RMSE (kWh) ΔRMSE (%) 

Full DE-TCN-LSTM 31.7 59.2 0.0% 

- Without TCN (LSTM only) 71.2 118.9 +58.4% 

- Without LSTM (TCN only) 58.9 97.4 +51.0% 

– Unidirectional LSTM 

– Fixed 24h sequence 

54.1 

47.3 

89.6 

87.2 

+14.0% 

+10.3% 

 

Key findings: 

• Both TCN and LSTM are essential. If either one is removed, accuracy decreases 

significantly 

• The bidirectional process increases the RMSE by 33.6% 

• The 48-hour context (compared to 24 hours) provides a 26.4% gain, suggesting the 

need 
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 for multi-day memory. 

• Our approach outperforms manual tuning by 47.3%. 

The 48h sequence is optimal: extending to 72h provides no statistically significant 

improvement (p=0.54) while increasing computational cost, as illustrated in table 10.   

Table 10. Sequence Length Ablation 

Sequence RMSE  ΔRMSE (kWh) ΔRMSE (%) p-value 

12 h 77.1  +17.9 +30.2%       < 0.001 

24 h 67.8  +8.6 +14.5%       < 0.01(H4 confirmed) 

48 h (optimal) 59.2  0.0 (ref) +0.0%           — 

72 h 59.9  +0.7 +1.2%        0.57 (n.s.) 

The ablation study in Figure 7 confirms that each architectural component contributes 

meaningfully to model performance, with TCN and BiLSTM removal causing RMSE 

degradations of 58.4% and 51.0% respectively (p < 0.001), while removing bidirectionality 

alone incurs a 14.0% penalty (p < 0.01). Regarding the input window, the DE-optimized 

48h sequence is uniquely optimal - shorter windows (12h, 24h) yield statistically significant 

losses (p < 0.001 and p < 0.01), while extending to 72h provides no improvement (p = 0.57). 

These results validate both the hybrid architecture design and the neuro-evolutionary 

hyperparameter search, confirming Hypothesis H4. 

       Figure 7. Ablation Study: Component-Wise Contribution Analysis of DE-TCN-LSTM 

Training Convergence 

Figure 8 shows train/validation loss curves for the six deep learning models. DE-TCN-

LSTM converges most stably (ES epoch ≈ 160) with the smallest train-validation gap, 

reflecting effective regularization at the DE-optimized dropout of 0.27.  

Figure 9 shows DE convergence across 50 generations and the comparative 

convergence of DE, PSO, and GA under identical 1,500-evaluation budgets. DE reaches the 

real final value of 59.2 kWh at generation ~45, while PSO plateaus at 68.7 kWh and GA at 

75.3 kWh. 
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                                   Figure 8. Training & Validation Loss Curves 

     Figure 9. DE Convergence: (a) Best/mean fitness per generation; (b) DE vs. PSO vs. GA 
 

Sensitivity Analysis of DE Hyperparameters 

We tested variations in key DE parameters (F, CR, NP) over 10 runs each. Results Table 

11 confirm optimal performance at our default values (F=0.8, CR=0.9, NP=30), with RMSE 

degrading by up to 18% at extremes. 

Table 11. Sensitivity of DE hyperparameters (average RMSE on validation set) 

Parameter Value RMSE   (kWh) Std Runtime (h) ΔRMSE vs. Optimal 

F (mutation) 0.5 67.3 3.6 12.0 +13.7% 

F (mutation) 0.8  59.2 2.8 12.0 0.0 (ref) 

F (mutation) 1.2 61.8 2.7 12.3 +4.4% 

CR (crossover) 0.5 64.7 3.0 11.8 +9.3% 

CR (crossover) 0.9 59.2 2.8 12.0 0.0 (ref) 

CR (crossover) 1.0 59.6 2.9 12.1 +0.7% 

NP (population) 10 66.1 4.0 4.5 +11.6% 

NP (population) 30  59.2 2.8 12.0 0.0 (ref) 

NP (population) 50 58.5 2.5 19.8 −1.2% (n.s.) 

 

Figure 9. DE Convergence: (a) Best/mean fitness per generation; (b) DE vs. PSO vs. GA 
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Cross-Dataset Generalization (H3) 

The trained model (no retraining) is applied to SURFRAD Desert Rock (arid, USA) and 

BSRN Cabauw (temperate maritime, Netherlands). RMSE degradation is 5.4% and 2.5%, 

respectively, both well below the 10% H3 threshold, confirming cross-climate 

transferability, see Table 12. 

Table 12. Cross-Dataset Generalization (H3 Validation) 

Dataset Climate Period RMSE ± std R² ± std ΔRMSE 

(%) 

H3 Status 

Primary 

(European PV) 

Temperate 2020, 6-fold 59.2 ± 3.0 0.981 ± 0.003 0.0 (ref) H3: N/A 

(reference) 

SURFRAD 

Desert Rock [24] 

Arid 2019–2020 62.4 ± 3.4 0.977 ± 0.004 +5.4% H3: ✔ Confirmed 

(< 10%) 

BSRN Cabauw 

[25] 

Temp. 

maritime 

2020 60.7 ± 3.2 0.979 ± 0.004 +2.5% H3: ✔ Confirmed 

(<10%) 
 

We also studied the performance of our model under different solar regimes, as shown 

in Figure 10. The forecasts were divided into four situations: night (no production), clear 

sky, partly cloudy, and highly variable/cloudy periods. The model demonstrates near-

perfect nighttime detection with 99.8% accuracy and strong predictive accuracy under 

clear sky conditions. Errors increase during periods of rapid cloud variability, which is 

expected given the absence of real-time sky imaging. 

Figure 10. (a) Cross-Dataset Generalization, all datasets below 10% threshold (H3) Error by Solar 

Regime (clear sky / partly cloudy / high variability) 

Hypothesis Validation Summary 

      Table 13 illustrates the empirical results providing strong support for all Hypotheses 

that are proposed in this study, have empirical results with significant p-values close to 0, 

which shows the robustness and supremacy of the framework over other artifacts. In 

particular, H1 and H2 demonstrate that the DE-optimized TCN-LSTM outperforms (a) 

baseline and (b) alternative optimization technique comparisons by significant margins of 

performance improvement in terms of RMSE, both in practical effect size (up to 32.1% 
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reductions), and with high statistical power. Moreover, H3 demonstrates a comprehensive 

generalization ability because the degradation of cross-climate performance is limited 

(≤5.4%) and far from the predetermined threshold. H4 additionally emphasizes that 

architectural design choices also play a significant role, with bidirectionality and the 

optimal sequence length (of 48 hours) providing statistically significant improvements in 

prediction accuracy. 

Table 13. Hypothesis Validation Summary 

Hyp. Prediction Result Verdict 

H1 ≥13% RMSE vs. fair TCN-

LSTM, p<0.05 

32.1% vs. original TCN-LSTM 

(87.2→59.2); ~17.9% vs. fair Optuna-

TCN-LSTM; p<0.001, d=1.98 

✔ CONFIRMED 

H2 DE <<PSO and GA, p<0.05, 

d>0.5 

13.8% vs. PSO (68.7→59.2, p=0.007, 

d=1.12); 21.4% vs. GA (75.3→59.2, 

p<0.01, d=1.34) 

✔ CONFIRMED 

H3 Cross-climate degradation < 

10% 

SURFRAD +5.4%; BSRN +2.5% - 

both well below 10% threshold 

✔ CONFIRMED 

H4 Bidirectional + 48h improves 

RMSE vs. unidirectional +24h 

Removing BiDir: +14.0% RMSE 

(p<0.01); 24h vs 48h: +14.5% RMSE 

(p<0.01) 

✔ CONFIRMED 

 

DISCUSSION 

Scale-Adjusted Comparison with SOTA 

      Absolute MAE and RMSE also scale (almost) linearly with plant capacity, such that a 

cross-study comparison without normalization is meaningless. This bias is removed when 

applying capacity-normalized metrics (i.e. nMAE, nRMSE), for example we achieve a 

nMAE: 0.41% on our model compared to all SOTA methods reviewed in Table 14 (average: 

10.1%). Instead of simply defending this result on the aforementioned scale grounds, we 

here perform a class-level synthesis of SOTA method types and functionally explain why 

that performance ceiling is reached for each class, as well as where DE-TCN-LSTM sits 

relative to that landscape. Forecasts generated via statistical methods (ARIMA, 

persistence) continue to be unable to adequately model the strongly nonlinear and 

multivariate relationships between meteorological variables and PV output, achieving skill 

scores below 15% across the study period.  

The standard machine learning methods (XGBoost, SVR) can capture nonlinearity but 

do not have any temporal memory, and their skill level is capping around 38-45%. Vanilla 

temporal modeling with single-path deep learning (LSTM, CNN-LSTM) achieves skill of 

49-55% but can still be nailed by poor architecture choices. Hybrid architectures without 

evolutionary optimization (TCN-LSTM) benefit from multi-scale feature extraction but 

plateau at 54.8% skill because manual or Bayesian hyperparameter search approaches are 

ineffective in high-dimensional mixed-type spaces. Evolutionary hybrid methods (GA, 

PSO, DE-TCN-LSTM) circumvent this bottleneck with DE achieving 69.4% skill, a unique 

ability for self-adaptive perturbation to alleviate local optima. Persistence baseline 
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deserves to be treated analytically explicitly as well: among high-variability cloud regimes, 

persistence (which takes the last value observed forward) achieves RMSE of 170–190 kWh 

while DE-TCN-LSTM achieves in the same conditions RMSE of 110–140 kWh (43–51% 

improvement-operationally meaningful). However, for flat overcast intervals (low-

production winter days), persistence narrows this figure to near-zero (as absence of diurnal 

sigmoidal variability eliminates the time-series pattern that BiLSTM learns from). And this 

comparison of regime-to-regime persistence is more beneficial to practitioners than an 

aggregate skill score in terms of common deployment utility. In addition to this global 

sense of comparison, below we provide two more analytical perspectives: a breakdown by 

skill scores across all models and an error decomposition across regimes.  

Table 14. Scale-Adjusted SOTA Comparison 

 

For a comprehensive multi-metric evaluation, Figure 11 shows the complete 

distribution of MAE, RMSE, and R² for all compared models in addition to the aggregated 

metrics seen in Table 14.  

The DE-TCN-LSTM model produced the fewest errors (MAE =31.7 kWh and RMSE 

=59.2 kWh) with a high R² value of 0.994, which further indicates its practical feasibility 

compared to other methods used in this study.  

Overall, the wide range of RMSE values between chronologically close architectures 

such as SSA-BiLSTM, TCN-LSTM-AM+APO, or DE-TCN-LSTM further proves 

evolutionary optimization's influence on progressive improvement over time, while also 

showing how a single measurement with a good R² does not always signify lower RMSE. 

                          

 

 

 

 

 

Method Reference Horizon MAE 

(kWh) 

RMSE 

(kWh) 

R² nMAE 

(% rated) 

Est. Plant 

Capacity 

DE-TCN-LSTM  Present Short-term 

(1h) 

31.7  

± 1.8 

59.2  

± 3.0 

0.981  

±0.003 

0.41%   ~7,701kWh 

(7.7 MW) 

SSA-BiLSTM [33] Short-term 

(1h) 

19.2 30.8 0.98 ~9.6% ~200 kWh 

(~200 kW) 

MSCT-RCM [30] Ultra-short 

(15min) 

14.7  21.0  0.994  ~9.8% ~150 kWh 

(~150 kW) 

CNN-BiLSTM + 

SHAP 

[29] Very short 

(1h) 

16.2  24.6   0.95   ~9.0% ~180 kWh 

(~180 kW) 

TCN-LSTM-AM 

+ APO 

[32] Short-term 8.5 16.2  0.977    ~7.1% ~120 kWh 

(~120 kW) 

LSTM + 

Attention 

[31] Short-term 

(15min) 

27.4 38.3  0.94     ~17.1% ~160 kWh 

(~160 kW) 

Interpretable 

Multi-Scale 

[34] Ultra-short 15.4 23.1  0.98     ~11.0% ~140 kWh 

(~140 kW) 
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Figure 11. Scale-Adjusted SOTA Comparison: MAE, RMSE and R² 

The DE optimizer achieves statistically significant RMSE reductions of 13.8% vs PSO 

(d=1.12) and 21.4% vs GA (d=1.34), with ANOVA p < 0.001 confirming that optimizer 

choice has a globally significant effect on accuracy. DE also demonstrates robust parameter 

stability (ΔRMSE ≤ 13.7% at extreme F values; Table 11). Tables 15 and 16 below extend 

this comparison analytically: Table 15 benchmarks all models via Skill Score against a 

persistence baseline, and Table 16 breaks down RMSE by solar production regime. 

Table 15. Skill Score vs. Persistence Baseline, All Models (Persistence RMSE = 193.1 kWh) 

Model RMSE 

(kWh) 

Skill 

Score 

Why This Score 

ARIMA 167.3 13.4% A marginal, linear model cannot capture 

nonlinear PV dynamics 

XGBoost 118.9 38.4% Moderate, nonlinearity captured, but no 

temporal memory 

Vanilla LSTM 97.4 49.6% Good, temporal memory adds value, but a 

single path limits coverage 

TCN-LSTM(no opt.) 87.2 54.8% Strong, hybrid architecture is effective; 

suboptimal HPs limit further gain 

GA-TCN-LSTM 75.3 61.0% Good, evolution improves, but crossover 

operator mismatches persist in mixed-type 

space 

PSO-TCN-LSTM 68.7 64.4% Strong, inertia-weight premature convergence 

limits final accuracy 

DE-TCN-LSTM (ours) 59.2  69.4% Best, self-adaptive mutation rate fully 

exploits mixed-type architecture space 

 

The skill score is calculated as follows. Skill Score = 1 − RMSE_model / 

RMSE_persistence. The “Why This Score” column provides a mechanistic interpretation 

compatible with the theoretical analysis in the following subsection. 
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Table 16. Regime-Specific RMSE (kWh): DE-TCN-LSTM vs. TCN-LSTM vs. Persistence 

Solar Regime % 

Hours 

DE-TCN-

LSTM 

TCN-

LSTM 

Persistence DE Skill 

Score 

Night (zero output) ~42% ≈0.9 kWh ≈1.1 kWh ≈0.8 kWh ≈99.8% 

Clear sky ~28% 28–32 kWh 40–46 kWh ≈85–95 kWh 83–85% 

Partly cloudy ~22% 55–65 kWh 78–92 kWh ≈145–165 

kWh 

71–72% 

High-variability 

(failure mode) 

~8–10% 110–140 kWh 145–180 

kWh 

≈170–190 

kWh 

43–51% 

 

The main failure mode is the High-variability regime, 8-10% of daytime hours. With an 

RMSE of 110-140 kWh, DE-TCN-LSTM still shows an advantage (24-28%) over TCN-LSTM 

and worsens by ~43-51% relative to persistence in this region, corroborating that iterated 

evolutionary optimization consistently yields strong gains across regimes. From the error 

distribution perspective, regime-specific RMSEs reported in Table 16 reflect implicitly the 

right tail of the error distribution: the clear-sky regime (28–32 kWh RMSE, ~28% of hours) 

defines the median error behaviour, the partly cloudy regime (55–65 kWh, ~22% of hours) 

populates the upper quartile, and the high-variability regime (110–140 kWh, ~8–10% of 

hours) constitutes the extreme tail. This tail-heavy distribution means that a small number 

of hours accounts for a disproportionately large share of total RMSE a pattern well known 

in renewable energy forecasting and directly applicable to reserve sizing: grid operators 

should size reserves against the 90th-percentile error (~120–130 kWh) not the mean RMSE 

(59.2 kWh). 

The error profile is heavily right skewed from a distributional standpoint, the 90th 

percentile is dominated by high-variability cloud regimes (~120130 kWh), suggesting that 

small fraction of time steps contribute disproportionately to the total RMSE. 

The motivation for using conformal prediction intervals is that a point-forecast RMSE 

alone does not suffice for probabilistic dispatch decisions, and this observation is the key 

to consider useful future extensions. 

Lessons Learned and What This Study Changes Scientifically 

This study alters scientific comprehension in particular aspects. It doesn't come up with 

new architectural ideas; instead, it makes what we already know better. Prior to this study, 

the literature was unable to ascertain whether Differential Evolution (DE) surpasses 

Particle Swarm Optimization (PSO) and Genetic Algorithms (GA) in the context of hybrid 

TCN-LSTM optimization. This was due to the absence of any previous comparison that 

simultaneously accounted for evaluation budget, data scale, and statistical validation. This 

study offers the initial definitive response: with equivalent 1,500-evaluation budgets, DE’s 

self-adaptive mutation rate yields RMSEs that are 13.8-21.4% lower than those of PSO and 

GA. This difference has a large effect size (d ≥ 1.12) and is the same in all 60 independent 

evaluations. This is a fact that can be repeated, not something that happened because of 

good conditions. Second, this study also demonstrates that the 48-hr input window is not 
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a convention to inherit from the RNN literature. This is a maximum that heavily depends 

on the local weather of the experimental location (dataset-specific optima). Even for the 

usage of hybrid TCN-LSTM architectures at other sites, sequence length should be treated 

as a hyperparameter and not an intrinsic design choice. This study, thirdly, shows that 

RMSE improvements in the PV forecasting literature are often non-reproducible due to all 

splits and runs being conducted only once. The results have broader methodological 

implications than this study alone. 

We list six lessons from this work for future researchers: (L1) compare optimizers only 

after equalizing their budgets; (L2) quantify skill in PV forecasting with nMAE/nRMSE; 

(L3) use rolling-origin CV with repeated runs; (L4) provide an explicit input failure regime 

analysis and not just aggregated skill scores;(L5) justify sequence length choices based on 

evidence; and-most importantly, (the impressive improvements single-opt saw vs hier-pv-

eth), (L6) resolve to not dismiss evolutionary methods as unapproachable due to cost, such 

methods can recover a one-off 12 hour investment within hours of deployment at even low 

capacity plants like ourour 7.7 MW plant. 

Scientific Synthesis and Generalizable Insights 

In addition to its use for photovoltaic forecasting, this work illustrates three major 

principles that are vital for tuning hybrid deep learning: 

 Optimizer performance comparison can only be done with a fair budget. Some 

comparisons of DE with PSO and GA have suffered from differences in number of 

evaluations. The overall result of this study is that DE using the same 1,500-

evaluation limit produces lower RMSE with large effect sizes. This is what makes 

optimizer supremacy an algorithmic feature, not an experimental design 

consequence. 

 Hyperparameter spaces with mixed-type hyperparameters alter the way optimizers 

work. The presence of categorical and continuous variables together with discrete 

ones manifests in a complicated search landscape. Crossover-based (e.g., GA) and 

velocity-based methods (e.g., PSO) show structural deficiencies in this context, but 

DE’s self-adaptive differential mutation provides stable exploration across scales. 

 The temporal receptive field is the main design variable; rather than simply a tuning 

parameter. For instance, the optimal sequence length of 48 hours demonstrates that 

model skill is closely matched against the dominant autocorrelation mode of the 

driving physics. This requires optimization with data-driven approaches rather 

than the traditional use of rules-of-thumb selection. 

Overall, these findings encourage a shift from creating new architectures to reinforcing 

reproducible, clear evaluation methods in applied deep learning. 

Synthesis: When is Evolutionary Optimization Worth it? 

The results of this study lead to several clear conclusions about the practical benefits of 

evolutionary hyperparameter optimization in hybrid deep learning for renewable energy 

forecasting.  
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First, evolutionary optimization is worth the computing effort when the 

hyperparameter space is high-dimensional and mixed-type. In this study, the 10-

dimensional space combined integer, binary, categorical, and continuous variables, which 

created a non-separable, multimodal objective landscape. This landscape challenged both 

PSO, which prematurely converged at an RMSE of approximately 68.7 kWh, and GA, 

which encountered scale-mismatched crossover at an RMSE of about 75.3 kWh. The 12-

hour one-time DE optimization cost is fully recovered in operational use. Inference is at 

the millisecond scale, and the optimized model removes the need for periodic manual 

retuning.  

Second, simpler models work well when the search space is small or when the target 

signal doesn't have a strong autocorrelation structure. In this study, XGBoost gets a Skill 

Score of 38.4% without any extra work. For short-term forecasting at sites with regular 

daily cycles and little cloud variability, gradient-free population search costs more than it 

are worth.  

Third, the trade-off between accuracy and runtime is not balanced. The marginal RMSE 

gain from increasing the DE population size from NP=30 to NP=50 is not statistically 

significant (−1.2%, p=0.54, Table 11), while runtime increases by 65%. Practitioners should 

consider NP=30, F=0.8, and CR=0.9 as a reliable default for similar hybrid architectures and 

only use larger budgets for significantly larger search spaces. Finally, the finding about the 

48-hour sequence length has direct scheduling effects. Grid operators can use the model 

for same-day and next-day intraday market participation without needing NWP inputs, as 

long as cloud-transition hours are flagged for manual review or enhanced with conformal 

prediction intervals. 

Theoretical Analysis: Why DE Outperforms PSO and GA in Hybrid TCN–LSTM 

Optimization 

       The DE-TCN-LSTM hyperparameter space comprises 10 heterogeneous types of 

design decision variables, integer architectural parameters, a binary bidirectionality flag, 

categorical batch sizes and continuous regularization coefficients on various scales, 

forming a non-separable, multimodal objective landscape with strong interactions between 

d parameters rendering the independent-dimension search ineffective. PSO does exhibit 

premature convergence in this type of landscape: inertia-weighted attraction causes a 

clumping of particles around early promising landscapes, leading to the plateau at RMSE 

≈ 68.7 kWh around generation ~ 25 (Figure 8). Indeed, poor offspring will emerge from the 

GA’s crossover operators when parent genomes vary widely across scale-disparate 

dimensions. DE’s mutation operator v𝑖 = 𝜽𝑟₁ + F· (𝜽𝑟₂ - 𝜽𝑟₃) is inherently self-adaptive: the 

perturbation magnitude F· (𝜽𝑟₂ − 𝜽𝑟₃) is automatically adjusted to the current population 

spreading the same dimension, yielding large exploratory steps early on and progressively 

finer refinement as the population converges, a natural exploration-exploitation schedule 

which relies on no external annealing. Because DE, PSO, and GA all strictly consume NP 

fitness evaluations per generation under the same 1,500-evaluation budget, observed 

performance differences can be entirely attributed to this algorithm design superiority 
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rather than computational privilege. The aforementioned mechanistic edge is further 

substantiated by the smallest train-validation gap among all models (see Figure 8), which 

manifests as an effective navigation of the bias-variance trade-off via simultaneous 

optimization of dropout (0.27) and sequence length (48h): the dropout rate controls model 

variance (regularization), while the sequence length controls inductive bias (temporal 

receptive field), and DE uniquely co-optimizes both in a single search rather than treating 

them sequentially. 

Based on Transformer-based architectures (Informer [26], PatchTST [28]), we do not 

include them in the main comparison due to three reasons. The former is O(N²) self-

attention complexity in the length of the input. A 48-hour timeframe makes this too 

challenging, because in it, PV output variability is driven more by local temporal patterns 

than by global sequence dependencies. Second, the self-attention inductive bias of 

permutation invariance is ill-suited to causal ordered time series. Unlike TCNs, dilated 

causal convolutions and BiLSTM sequential state updates are more well-suited to exploit 

temporal autocorrelation. Third, for short-horizon (1-hour-ahead) PV tasks, CNN and 

RNN-based models outperform Transformer-based models across 5 datasets. For example, 

Zhan et al. For the same 1-hour PV tasks, their TCN-LSTM-Attention model beats all other 

Transformer variants [23]. The independent assessments in the literature show this 

tendency. Instead of dismissing them out of hand, these three reasons-the computational, 

theoretical, and empirical-justified a reasoned approach to favor these architectures. 

From a computational point of view, the cost of optimizing Differential Evolution is 𝒪 

(NP × G × Ctrain), where NP is the size of the population, G is the number of generations, 

and Ctrain is the cost of training a model. Because the evaluation budget is set at 1,500 (NP 

× G = 1,500), all optimizers work within the same limits. This means that the way the search 

is done, not how resources are used, is what makes the difference in performance. The 

optimization process manages both model capacity (like the number of filters and LSTM 

units) and regularization (like the dropout rate) at the same time. This means that it is 

searching along a coupled bias-variance manifold. The DE-optimized configuration 

represents a state in which variance is regulated without causing underfitting, as 

demonstrated by the negligible train-validation gap observed empirically. 

Failure Modes, Boundary Conditions, and Interpretive Limitations 

      The main problem with DE-TCN-LSTM is that it makes a lot of mistakes when the 

weather is variable. During convective weather events, clouds change and move in less 

than an hour. Hourly input features don't work well for random radiative forcing at shorter 

time scales. Because of this, no model that uses hourly data can correctly guess when 

production will spike and then drop off over the course of a few minutes. This limitation 

is not a flaw in the architecture; it is an information bottleneck. It makes it necessary to 

create conformal prediction extensions that can make uncertainty quantification intervals 

for these situations. 

The framework is also based on one European plant from one calendar year. This means 

that the training data does not show how weather changes from year to year or how 
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operations change over time. We partially mitigate this issue through zero-shot cross-

dataset evaluation of SURFRAD and BSRN; however, complete elimination is unattainable. 

The model purposely does not use numerical weather prediction outputs or sky-imaging 

data so that it can still be useful in situations where real-time forecast data is not available 

because of business reasons. Adding lightweight physics-informed features like clear-sky 

irradiance residuals and satellite-retrieved aerosol optical depth would be a cheap way to 

make things better in the short term. 

Lastly, the differential evolution optimization phase took about 12 hours of real CPU 

time. This is a one-time cost because inference happens in milliseconds. The mean absolute 

production error of 31.7 kWh/h at a plant size of 7.7 MW is acceptable for Earth intraday 

market imbalance tolerances. This confirms that it can be deployed immediately without 

needing hardware upgrades. 

General Principles and Transferable Insights 

Beyond the specific findings of this study, the results support several general principles 

for hybrid deep learning design in renewable energy time series forecasting.  

Principle 1: Evolutionary optimization leads to significant gains in mixed-type 

hyperparameter spaces. The 32.1% RMSE improvement of DE-TCN-LSTM over a well-

tuned baseline (using 1,500 evaluations with Optuna) shows that the value of evolutionary 

optimization grows as the complexity and diversity of the search space increase. As deep 

architectures become more complex, gradient-free methods that optimize both architecture 

and training hyperparameters will compete more effectively with gradient-based or 

Bayesian methods. 

Principle 2: Sequence length is a key, problem-specific hyperparameter that should not 

be fixed in advance. The ablation results (see Table 10) show that the 48-hour context 

window is the best choice for this dataset. Shorter windows (12h, 24h) lose important 

information about multi-day weather patterns, whereas extending to 72h does not yield 

significant accuracy gains and increases computational costs. These finding highlights that 

the choice of temporal receptive field interacts with the main autocorrelation structure of 

the target signal, specifically the 24-hour daily cycle and the 48-hour weather pattern. 

There is no way to make this selection without data-driven. 

Principle 3: Using capacity-normalized metrics is necessary for comparing PV 

forecasting studies. The significant difference in rated capacity between this study (7.7 

MW) and most state-of-the-art studies (100-200 kW) makes direct MAE and RMSE 

comparisons meaningless unless normalized. Introducing nMAE and nRMSE as key 

metrics in this study follows the recommendations of the International Energy Agency’s 

Task 16 guidelines. Making capacity-normalized metrics a standard in the field would 

greatly reduce reporting bias in the solar forecasting literature and allow for genuine 

comparisons across studies. 
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When and Why DE-TCN-LSTM Fails: An Analytical Failure Assessment 

Total scientific maturity means that you not only report conditions of success but also 

spell out the precise examples in which a model fails, how badly it fails, and what 

operational impact arises from its failure [3]. In this subsection, we present a focus failure 

analysis of DE-TCN-LSTM. It also covers when and why the model does poorly, and what 

those failures imply for practitioners. 

Failure Mode 1, High-Variability Cloud Regimes (Primary Failure). Analysis of solar 

regime use (Figure 10) also shows that accuracy decreases clearly during times when 

clouds change quickly. Under clear-sky conditions, the model approaches perfect fidelity 

(RMSE ≈ 28 — 32 kWh, an order of magnitude or lower than the overall mean of 59.2 kWh) 

as suggested by the ease with which daily production profiles can be modelled with strong 

patterns. For partly cloudy durations, RMSE is also about 55-65 kWh, consistent with the 

mean during these times. Yet with highly variable cloud cover, production RMSE quickly 

increases to 110-140 kWh as production can decline from 900 kWh to near zero in under an 

hour. It is 3–5 times greater than what clear-sky performance could achieve. Although this 

situation represents 8-12% of daytime hours in the European temperate climate studied, it 

accounts for a considerable portion of total error. The root cause is not in the model's 

structure; it is an information bottleneck. Hourly irradiance measurements do not 

adequately capture the unpredictable sub-hourly radiative changes driving these 

fluctuations. This failure mode has direct operational consequences. A 110-140 kWh RMSE 

during cloud transition hours translates to a plant-level imbalance of 1.4-1.8% of rated 

capacity. This is below most intraday market settlement thresholds but enough to prompt 

reserve activation in tightly constrained microgrids. The practical advice for use in cloud-

variable climates is to supplement the model’s forecasts with adjusted prediction intervals 

that expand during high-variability moments, rather than depending solely on single-

value outputs. 

A similar observation can be made based on the analysis of solar regime use (Figure 10) 

where this accuracy clearly deteriorates when clouds evolve rapidly. The model is shown 

to achieve near-perfect fidelity (RMSE ≈ 28-32, an order of magnitude or so lower than the 

overall mean of 59.2) under clear-sky conditions, as daily production profiles can be 

modeled relatively easily with consistent patterns identified per day type described above. 

Similarly, RMSE for partly cloudy periods is circa 55-65 kWh and therefore commands this 

period means. However, variability in cloud cover increases production RMSE to 110–140 

kWh on a heat map, as production can drop from 900 kWh to near zero in less than an 

hour. Clear-sky performance could only achieve 3-5 times that. This scenario makes up a 

relatively small portion (8-12%) of daytime hours in the European temperate climate 

studied, but contributes to a large component of total error. 

When Not to Use This Model. Referring to the failure analysis of the previous section, 

DE-TCN-LSTM as is should not be used as a point forecaster on its own in three 

circumstances: (i) locations influenced by high-frequency convective cloud activity (one 

out of three daytime hours spent in high-variability conditions), where hourly data 
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resolution necessarily imposes a structural accuracy ceiling that simply cannot be 

remedied by enhancing only the model. These include: (i) non-stationary environments 

necessitating sub-hourly metering and/or sky imaging; (ii) scenarios where immediate 

online adjustments to fast dynamics (e.g. plant degradation, dust build up, inverter 

failures) are required since the optimization over a 12 hours horizon is too computationally 

expensive, and in addition retains static model structure which cannot capture sudden 

changes without being retrained re-calibrated; and (iii), for probabilistic dispatch and 

reserve planning as measuring accurate uncertainty requires a proper estimation of 

confidence intervals which this model does not offer since it makes deterministic point 

forecasts. The model should be improved with modified prediction algorithms, online 

tuning of LSTMs, or diversity enhancement procedures before implementation in these 

three situations. 

SUMMARY AND CONCLUSION  

This study provides three scientific insights that can be applied to various situations 

beyond its specific findings. This study does not introduce a new architecture or optimizer. 

Its contribution is resolving three empirical questions that the prior literature left 

unanswered. First, under an identical 1,500-evaluation budget, DE’s self-adaptive 

mutation achieves 13.8% lower RMSE than PSO (d = 1.12, p = 0.007) and 21.4% lower than 

GA (d = 1.34, p < 0.01), robust across 60 independent evaluations, confirming this as an 

algorithmic property rather than an artefact of experimental design. Second, the 48-hour 

input window is a data-driven optimum governed by the dominant autocorrelation 

timescale of the site; researchers applying this architecture elsewhere should treat sequence 

length as a primary design variable. Third, capacity-normalized metrics (nMAE, nRMSE) 

are methodological prerequisites: the two-order-of-magnitude gap between this study and 

typical SOTA benchmarks makes absolute error comparisons invalid without 

normalisation.  

These conclusions are reproducible and statistically validated. The scope is explicit: one 

temperate European plant, one calendar year, partial cross-climate evidence from 

SURFRAD and BSRN. Multi-site and multi-year validation is the priority next step.  

These findings come from a rigorous experimental protocol, including rolling-origin 

cross-validation, repeated runs, and extensive statistical validation. This gives that any 

conclusion we arrive at should be robust, repeatable, and not just an experimental design 

artifact. From an operational perspective, the DE-TCN-LSTM framework can achieve a 

smooth performance on large-scale PV systems. Using high-frequency inference 

compensates for the expensive offline optimization. Yet, in scenarios with frequent cloud 

transitions and changing states associated with those clouds, this framework could be less 

capable. It is also not well-matched with applications requiring accurate probabilistic 

predictions or fast online adjustment. We need to use uncertainty quantification 

approaches, adaptive learning methods, or ensemble models when that happens. The 

primary contribution of this work is methodological, rather than architectural. We show 
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that devotion to the evaluation protocols is sufficient for drawing scientifically meaningful 

conclusions on hybrid deep learning systems without implementing any new model 

constituents. This emphasises the need for reproducible and interpretable evaluation 

practices instead of research obsessed with bagging a new state-of-the-art architecture. 

This sets clear boundaries for future work, given the significant limitations of using a 

single site and temporal horizon. No external meteorological variables are considered, and 

performance is limited in highly variable conditions. Future research should extend into 

probabilistic forecasting, multi-site modeling, and spatially aware approaches, such as 

graph-based methods. These should integrate lightweight physical priors and include 

adaptive optimization strategies for non-stationary environments. Together, these 

guidelines aim to enhance this framework, making it a robust, uncertainty-aware, and 

scalable method for real-world smart grid applications. 
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