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CNN-transformer-based model 
explained by SHAP and multi-head 
attention weights for time series 
forecasting
Stefano Frizzo Stefenon1,2,4 , João Pedro Matos-Carvalho3,  
Valderi Reis Quietinho Leithardt4,5 & Kin-Choong Yow2

Convolutional Neural Networks (CNNs) and transformer architectures offer strengths for modeling 
temporal data: CNNs excel at capturing local patterns and translational invariances, while transformers 
effectively model long-range dependencies via self-attention. This paper proposes a hybrid architecture 
integrating convolutional feature extraction with a multi-head attention backbone to enhance 
multivariate time series forecasting. The CNN module first applies a hierarchy of one-dimensional 
convolutional layers to distill salient local patterns from raw input sequences, reducing noise and 
dimensionality. The resulting feature maps are then fed into the prediction model, which applies multi-
head attention to capture both short- and long-term dependencies and to weigh relevant covariates 
adaptively. We evaluate the proposed CNN-transformer-based model on a hydroelectric natural 
flow time series dataset. Experimental results demonstrate that the proposed model outperforms 
well-established deep learning models, with a mean absolute percentage error of up to 2.2%. The 
explainability of the model is obtained by a proposed SHapley Additive exPlanations (SHAP) and Multi-
Head Attention Weights (MHAW). Our novel architecture, named CNN-Transformer-SHAP-MHAW, is 
promising for applications requiring high-fidelity and multivariate time series forecasts.

Keywords  Attention mechanism, Convolutions, Deep learning, Explainable artificial intelligence, Time 
series forecasting

Time series forecasting is a fundamental problem in many fields, with applications ranging from energy systems 
and finance to network traffic analysis and cyber-physical infrastructures1. The task involves learning complex 
temporal dependencies from sequential data, which are often nonlinear, nonstationary, and influenced by 
multivariate interactions2. Despite significant progress, developing models that effectively capture both short-
term dynamics and long-term dependencies while maintaining interpretability remains an open challenge.

Recent advances in deep learning have led to the development of architectures capable of modeling complex 
temporal data with high performance. Convolutional Neural Networks (CNNs) have demonstrated promising 
performance in extracting localized temporal features through hierarchical filtering, enabling the efficient 
representation of short-term patterns, such as trends and seasonal variations3. In parallel, Transformer-based 
architectures, driven by self-attention mechanisms, have redefined sequence modeling, enabling the direct 
modeling of long-range dependencies without relying on recurrent structures. These models offer improved 
scalability and parallelization, but may have limitations in capturing refined local temporal structures when 
applied directly to raw sequences4.

Hybrid architectures that combine convolutional and attention-based mechanisms have emerged as a 
promising direction for overcoming these limitations5. By integrating complementary inductive biases, such 
models aim to jointly exploit local feature extraction and global context modeling. Among attention-based 
approaches, transformer-based models have demonstrated strong performance in multivariate time series 
forecasting due to their ability to incorporate heterogeneous inputs and dynamically select relevant temporal 
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features6. However, their effectiveness can be further enhanced by improving the quality of input representations 
through structured feature extraction mechanisms.

Beyond predictive performance, interpretability has become a critical requirement in modern machine 
learning systems7. Many deep learning models operate as black boxes, limiting their applicability in domains 
where transparency and reliability are essential. EXplainable Artificial Intelligence (XAI) techniques, such 
as SHapley Additive exPlanations (SHAP), provide post-hoc explanations by attributing contributions to the 
model’s input features8. However, existing approaches often fail to reconcile feature attribution with the internal 
decision processes of attention-based models, leading to fragmented or incomplete interpretations9.

Since different attention heads can capture distinct types of dependencies, such as short-term trends, 
seasonal behavior, or long-range relationships, Multi-Head Attention Weights (MHAW) offer a comprehensive 
interpretation of how the model processes sequential information. This intrinsic interpretability makes attention-
based explanations particularly suitable for time series forecasting, enabling researchers to assess model behavior 
without requiring additional post hoc explanation methods10.

Based on the need to improve prediction and interpretability, this paper presents a new hybrid architecture, 
called CNN-Transformer-SHAP-MHAW, designed to address both predictive performance and interpretability 
in multivariate time series forecasting. The proposed approach integrates causal one-dimensional convolutional 
layers for extracting structured local features with a prediction architecture for modeling global temporal 
dependencies. To enhance interpretability, we propose a unified framework that combines SHAP-based 
feature attribution with MHAW, producing an influence representation that captures both the importance and 
contextual relevance of the input time steps.

Our proposed CNN-Transformer-SHAP-MHAW model has the following contributions:

•	 The hybrid structure combines CNN and attention outputs for enhanced feature extraction, ensuring that the 
most important features are used for signal prediction.

•	 Multi-head attention learns temporal relationships, capturing long-range dependencies, helping in the iden-
tification of relationships between distant time steps.

•	 Our model uses causal padding in convolutional layers to ensure predictions only depend on past/current 
inputs (no data leakage from future values).

•	 By merging attention weights with SHAP values, this approach creates a more interpretable and trustworthy 
influence map that reveals both what the model focuses on and why, enhancing explainability to support 
better decision-making.

The remainder of this paper is organized as follows: Section Related works presents a discussion of related 
works on CNNs, transformer-based architectures, attention mechanisms, and explainable artificial intelligence 
applied to time series forecasting. Section CNN-Transformer-SHAP-MHAW describes the proposed CNN-
Transformer-SHAP-MHAW architecture, including the causal convolutional layers, multi-head self-attention 
mechanism, Bayesian optimization strategy, and the proposed explainability framework based on SHAP and 
attention weights. Section Results and discussion presents the experimental results, comparative analyses, 
statistical assessment, and explainable forecasting results. Finally, Section Conclusion concludes the paper and 
discusses future research directions.

Related works
The literature on time series forecasting has evolved from traditional regression-based methods, which rely 
heavily on large volumes of historical and exogenous data but struggle with nonlinear and multivariate dynamics, 
to advanced deep learning architectures capable of modeling complex temporal dependencies11. Recurrent 
models have improved sequential learning but still have limitations in capturing long-term dependencies and 
in scalability, while CNNs have improved the extraction of local features through hierarchical representations 
of temporal patterns. More recently, hybrid models that combine convolutional structures with attention 
mechanisms have demonstrated superior performance by jointly leveraging local and global information12.

A combination of models that has been successfully applied for time series forecasting is the CNN with 
Long Short-Term Memory (LSTM) using the attention mechanism13, also called attention-based CNN-LSTM14. 
CNNs automatically extract hierarchical local patterns and temporal dependencies through convolutional filters, 
which reduces the need for manual feature engineering15. By sliding kernels across the input sequence, CNNs 
efficiently capture multi-scale trends, seasonality, and cyclical patterns while leveraging parameter sharing 
to reduce computational complexity. Their translation invariance allows them to recognize recurring motifs 
regardless of position, and their parallel processing capability accelerates training16.

The attention mechanism dynamically weighs the influence of historical observations, enabling the model 
to focus on relevant time steps while ignoring noise17. This adaptability enhances the capture of long-range 
dependencies, which is essential in sequences where distant past events influence future values18. Nevertheless, 
despite the integration of attention mechanisms, regression-based models remain limited in their ability to 
capture long-term trends and model complex nonlinear interactions among variables19, as their performance is 
inherently constrained by a strong reliance on historical data20. For these reasons, several authors have proposed 
variations on these models, and some of them will be explained here.

Aslam et al.21 proved that the two-stage attention mechanisms over LSTM networks have demonstrated 
superior performance in capturing complex temporal dependencies and emphasizing critical input features such 
as solar radiation, temperature, and humidity. The integration of Bayesian optimization for hyperparameter 
tuning has led to further improvements in prediction accuracy. Comparative evaluations with existing models, 
including CNN-LSTM, LSTM-attention, and other single attention frameworks, have shown that these advanced 
models offer enhanced forecasting skill and lower error metrics.
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In arid regions such as Hail, Saudi Arabia, where climatic conditions are extreme and variable, Deep Learning 
(DL) architectures have shown promising capabilities for one-day-ahead irradiation forecasting. Models such as 
LSTM, bidirectional LSTM, Gated Recurrent Unit (GRU), bidirectional GRU, and their hybrid combinations, 
such as CNN-LSTM and CNN-BiLSTM, have been evaluated by Boubaker et al.22 using a 20-year daily 
irradiation dataset. Based on these analyses, they were able to obtain a correlation coefficient of up to 96%. Their 
findings highlight the potential of a hybrid DL model applied for enhancing solar resource forecasting in data-
constrained or meteorologically harsh environments.

According to23, the CNN with Wavelet Neural Networks (WNN) and Masked Multi-Head Attention (MMHA) 
is a promising solution by integrating spatial feature extraction through CNNs, multi-scale frequency analysis 
via wavelet neural networks WNN, and temporal sequence modeling with MMHA. This hybrid architecture 
allows for a comprehensive understanding of irradiance behavior under diverse climatic conditions. Their model 
achieved a 79% reduction in Mean Absolute Percentage Error (MAPE), indicating improved prediction accuracy. 
The results also showed better generalization across varying weather conditions, with consistent performance in 
capturing both short-term fluctuations and long-term patterns in irradiance data.

XAI is an analysis trend that is being explored to improve the interpretability of model results24. In time series 
contexts, SHAP can help provide explanations for model predictions, helping to build trust and transparency25. 
By fairly distributing the contribution of each feature based on cooperative game theory (Shapley values), SHAP 
offers both global insights into feature importance and local explanations for individual predictions26. SHAP’s 
additive nature allows interpretation of how each feature influences the outcome, which is especially valuable 
for model validation27. By assigning an influence value to each feature at each time step, SHAP enables the 
interpretation of complex models, highlighting which inputs most significantly drive forecasts28.

Transformer-based forecasting models have been extended by incorporating generative diffusion models to 
improve long sequence time series forecasting. The Diffinformer architecture combines a conditional diffusion 
model with the ProbSparse self-attention and sequence distillation mechanisms of Informer, integrating the 
generated representations into the decoder to better capture long-range temporal dependencies. By leveraging the 
generative capability of diffusion models, this approach enhances forecasting performance while preserving the 
computational efficiency of Informer. Experimental evaluations on multiple large-scale datasets demonstrated 
that Diffinformer achieved higher predictive accuracy than conventional Transformer-based forecasting 
methods, highlighting the potential of diffusion models for long-term time series prediction29.

The Temporal Fusion Transformer (TFT) has emerged as a promising approach for time series forecasting 
due to its ability to model complex temporal relationships and effectively handle heterogeneous inputs, leading 
to its increasing adoption30. By leveraging multi-head self-attention, TFT dynamically captures both short- 
and long-range dependencies, enabling improved accuracy in noisy and multivariate datasets31. In contrast to 
sequential processing strategies that often face limitations in retaining long-term contextual information, TFT 
provides a more flexible and expressive framework for learning intricate temporal dynamics.

Hyperparameter tuning demonstrates potential in adapting model hyperparameters to the underlying 
data distribution, enabling the identification of optimal configurations that enhance predictive robustness on 
the given problem21. This process is particularly relevant in complex time series scenarios, where interactions 
between hyperparameters such as learning rate, network depth, and regularization terms can substantially 
influence model performance.

The nonlinear behavior induced by time series variability introduces substantial challenges in forecasting 
tasks, as data often exhibit abrupt fluctuations, seasonal patterns, and stochastic noise components32. These 
characteristics limit the effectiveness of single model approaches and highlight the suitability of hybrid 
frameworks, which combine complementary learning mechanisms to better capture both deterministic trends 
and stochastic variations.

The integration of CNN for feature extraction enhances the model’s ability to automatically learn hierarchical 
representations from raw input data. By capturing local temporal patterns and invariant features, CNN-based 
components improve the extraction of meaningful structures, which can then be leveraged by subsequent 
modules to refine predictions. This combination of advanced feature extraction and optimized model 
configuration reinforces the effectiveness of modern forecasting architectures in handling complex, real-world 
time series33. A summary of related works on DL-based time series forecasting covered in this paper is presented 
in Table 1.

Based on these previous research findings, this paper proposes a model created from scratch, called CNN-
Transformer-SHAP-MHAW, optimized by Bayesian optimization for hydroelectric natural inflow forecasting. 
The proposed model uses causal convolutional blocks in the encoder, leveraging CNNs’ efficiency and parallelism 
on local patterns.

CNN-Transformer-SHAP-MHAW
The proposed model is a hybrid DL architecture designed for time series forecasting, combining the strengths 
of CNNs and transformer-based attention mechanisms. The model begins with causal convolutional layers 
to efficiently extract local temporal features while preserving the autoregressive structure of time series data 
(presented in subsection Causal convolutional layers). These representations are then processed by a multi-head 
self-attention mechanism, which captures long-range dependencies and temporal relationships across the input 
window (see subsection Multi-head self-attention).

The proposed architecture differs from the TFT by adopting a simplified transformer-based design that 
combines causal one-dimensional convolutional layers with a multi-head self-attention mechanism. While 
TFT includes specialized components such as variable selection networks, gated residual networks, and 
recurrent encoder-decoder modules to process heterogeneous inputs34, the proposed method focuses on the 
complementary strengths of convolution and self-attention. Specifically, the convolutional layers efficiently learn 
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local temporal patterns and short-term dependencies, whereas the multi-head attention mechanism captures 
long-range temporal relationships across the input sequence. This design reduces architectural complexity while 
retaining the transformer’s capability to model global temporal dependencies, providing an effective framework 
for multivariate time series forecasting.

By fusing the outputs of both modules (feature extraction and prediction), the model leverages both short-
term patterns and global context to make better predictions (see subsection Feature fusion and prediction). To 
ensure that the best hyperparameters are used, Bayesian optimization is employed; this method is explained 
in subsection Hyperparameter tuning by Bayesian optimization. The interpretability of the proposed SHAP-
MHAW is explained in subsection Explainable results. Figure 1 presents the architecture of the proposed CNN-
Transformer-SHAP-MHAW.

The input sequence is represented as X ∈ Rw×F , where w denotes the input window length and F  is the 
number of input features. After the stack of causal convolutional layers, the resulting feature representation 
is denoted by HCNN ∈ Rw′×d, where d is the number of learned feature channels. The query, key, and value 
matrices are computed as Q, K, V ∈ Rw′×dk , producing the attention output HATT ∈ Rw′×d′

. The feature 
fusion stage concatenates the CNN and attention representations, resulting in Hfused ∈ Rw′×(d+d′).

A global average pooling operation is then applied along the temporal dimension, yielding the feature vector 
z ∈ Rd+d′

, which is finally mapped by the dense output layer to the prediction vector ŷ ∈ RH , where H  denotes 
the forecasting horizon. These definitions ensure that the tensor dimensions remain consistent throughout the 
CNN, attention, feature fusion, pooling, and prediction stages.

Fig. 1.  Summarized architecture of the proposed CNN-Transformer-SHAP-MHAW.

 

Reference Method Highlights

13,14 Attention-based CNN-LSTM Combines CNN feature extraction with LSTM temporal learning and attention mechanisms to improve 
forecasting accuracy and temporal dependency modeling.

15,16 CNN for time series forecasting CNNs to extract hierarchical temporal patterns, reduce manual feature engineering, capture multi-scale 
trends, and accelerate training.

17,18 Attention mechanisms Attention dynamically weights historical observations, improving long-range dependency capture and 
reducing the influence of noisy observations.

19,20 Regression-based forecasting models Regression approaches still face limitations in modeling nonlinear interactions and long-term dependencies 
due to their reliance on historical observations.

21 Two-stage attention LSTM with Bayesian 
optimization

Improved forecasting by emphasizing meteorological features and optimizing hyperparameters, 
outperforming CNN-LSTM and single-attention models.

32 Convolutional autoencoders with 
clustering Hybrid framework processes sky images to capture cloud spatial patterns and improve forecasting.

22 LSTM, BiLSTM, GRU, CNN-LSTM, 
CNN-BiLSTM

Hybrid DL models achieved correlation coefficients up to 96% for one-day-ahead irradiation forecasting in 
harsh climatic environments.

23 CNN-WNN-MMHA Combines CNN, wavelet neural networks, and masked multi-head attention for multi-scale irradiance 
forecasting, achieving a 79% reduction in MAPE.

24–28 SHAP-based XAI SHAP improves interpretability by quantifying feature contributions for forecasting models.

30,31 TFT TFT effectively captures short- and long-term dependencies through multi-head self-attention, improving 
forecasting in noisy multivariate datasets.

21 Hyperparameter tuning Hyperparameter tuning improves forecasting robustness by adapting hyperparameters to the data distribution.

32 Hybrid forecasting frameworks Hybrid architectures improve forecasting performance by combining complementary learning mechanisms to 
model nonlinear and stochastic behaviors.

33 CNN-based feature extraction CNN modules improve representation learning by capturing invariant local temporal structures.

Table 1.  Summary of related works on DL-based time series forecasting.
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Causal convolutional layers
To capture local temporal dynamics in the input time series, the model employs a stack of 1D causal convolutional 
layers (Conv1D). Given an input sequence X ∈ Rw×F , where w is the input window length and F  is the 
number of input features, the first convolutional layer applies a 1D causal convolution with f  filters and kernel 
size k, producing the feature representation H(1) ∈ Rw′×d:

	
H(1) = ReLU

(
Conv1D(f,k)

causal(X)
)

,� (1)

 where Conv1D(f,k)
causal denotes a convolution with f  filters of width k using causal padding. Let xt−i ∈ RF  

denote the multivariate input at time t − i, and Wi ∈ Rd×F  the corresponding convolution kernel. The output 
feature vector at time t is

	
h(1)

t = σ

(
k−1∑
i=0

Wixt−i + b

)
, b ∈ Rd.� (2)

where xt−i ∈ RF  denotes the multivariate input feature vector at time t − i, Wi ∈ Rd×F  is the convolution 
kernel, b ∈ Rd is the bias vector, and h(1)

t ∈ Rd is the output feature vector of the first convolutional layer at 
time t. Here, d denotes the number of output feature channels (filters).

A second identical causal convolution is then applied:

	
H(2) = ReLU

(
Conv1D(f,k)

causal(H
(1))

)
,� (3)

resulting in deeper hierarchical features that encode increasingly abstract temporal patterns. By stacking causal 
convolutional layers with kernel size k, the model effectively captures dependencies across a short historical 
context35.

Each convolutional layer learns distinct filters that act as pattern detectors over local subsequences. The 
ReLU activation function introduces non-linearity, enabling the network to model complex, piecewise linear 
transformations of the input. Stacking multiple causal convolutional layers allows the network to model longer 
temporal dependencies while preserving an autoregressive structure36. This CNN block acts as a temporal 
feature extractor, transforming the raw time series into a higher-dimensional representation that emphasizes 
recent local structures, which is then passed to the attention mechanism for global reasoning.

Multi-head self-attention
Following the convolutional layers, we incorporate a multi-head self-attention mechanism to model global 
temporal dependencies. Let H ∈ Rw′×d be the output of the CNN stack. Self-attention computes attention 
scores between all time steps:

	
Attention(Q, K, V ) = softmax

(
QK⊤
√

dk

)
V,� (4)

where H ∈ Rw′×d is the output of the CNN block, Q, K, V ∈ Rw′×dk  are the query, key, and value matrices 
obtained through the linear projections

	 Q = HWQ, K = HWK , V = HWV ,

with WQ, WK , WV ∈ Rd×dk  being learnable projection matrices37.
In Multi-Head Attention (MHA), this operation is performed in parallel over h different heads:

	 MHA(H) = Concat(head1, . . . , headh)W O,� (5)

 where each attention head has dimension dk , the concatenated representation has dimension w′ × (hdk), and 
WO ∈ Rhdk×d′

 projects the concatenated heads into the output representation HATT ∈ Rw′×d′  38.

Feature fusion and prediction
The CNN output HCNN ∈ Rw′×d and the attention output HATT ∈ Rw′×d′

 are concatenated along the feature 
dimension to form the fused representation:

	 Hfused = Concat(HCNN, HATT) ∈ Rw′×(d+d′).� (6)

To aggregate temporal information while preserving the learned feature representation, a global average pooling 
operation is applied along the temporal dimension, resulting in the feature vector z ∈ Rd+d′

:

	
z = 1

w′

w′∑
t=1

H
(t)
fused ∈ Rd+d′

.� (7)
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Finally, the pooled feature vector z ∈ Rd+d′
 is mapped by a dense output layer to the prediction vector ŷ ∈ RH

, where H  denotes the forecasting horizon:

	 ŷ = Woutz + bout, Wout ∈ RH×(d+d′), bout ∈ RH , ŷ ∈ RH .� (8)

The model is trained using the mean squared error loss function (L) over a training dataset {(x(i), y(i))}N
i=1:

	
L(θ) = 1

N

N∑
i=1

∥∥y(i) − fθ(x(i))
∥∥2

2
.� (9)

The model’s architecture is promising for time series forecasting because it combines the strengths of convolutional 
and transformer-based models. The causal convolutional layers efficiently capture short-term temporal patterns 
and local dependencies with low computational cost, while ensuring that predictions respect the chronological 
order of data.

On top of this, the multi-head self-attention mechanism from the transformer framework enables the model 
to learn long-range dependencies and temporal relationships that may span across the entire input window, 
something CNNs alone struggle with. By concatenating both feature representations and using global pooling 
to summarize temporal dynamics, the model balances efficiency, making it well-suited for complex forecasting 
tasks where both local trends and global context are important.

Hyperparameter tuning by Bayesian optimization
In this paper, Bayesian optimization is used for hyperparameter tuning, where we wish to solve the optimization 
problem

	
x∗ = arg max

x∈X
f(x),� (10)

where X ⊂ Rd is the hyperparameter domain and f  is expensive to evaluate39. We place a Gaussian process 
(GP) prior on f :

	 f(x) ∼ GP
(
m(x), k(x, x′)

)
,� (11)

where m : X → R is the mean function (often zero) and k : X × X → R is the covariance kernel (e.g. squared 
exponential)

	
k(x, x′) = σ2

f exp
(

− 1
2 (x − x′)⊤Λ−1(x − x′)

)
.� (12)

Given observed data Dn = {(xi, yi)}n
i=1, where yi = f(xi) + εi with εi ∼ N (0, σ2

n), the GP  posterior at a 
candidate x is Gaussian:

	

µn(x) = k(x, X)
[
K + σ2

nI
]−1

y,

σ2
n(x) = k(x, x) − k(x, X)

[
K + σ2

nI
]−1

k(X, x),
� (13)

where X = [x1, . . . , xn]⊤, y = [y1, . . . , yn]⊤, and Kij = k(xi, xj).
An acquisition function αn(x) balances exploration and exploitation40. Common choices include, where the 

Expected Improvement (EI) is:

	

αEI(x) = Ef∼N (µn,σ2
n)

[
max(f(x) − f+, 0)

]
=

σn(x)
(
u Φ(u) + φ(u)

)
,
� (14)

where

	
u = µn(x) − f+ − ξ

σn(x) , f+ = max
i≤n

yi,� (15)

Φ and φ denote the standard normal cumulative distribution function and probability density function, and 
ξ ≥ 0 is an optional exploration parameter41.

Bayesian optimization navigates expensive-to-evaluate hyperparameter spaces by modeling the unknown 
objective with a GP  surrogate, quantifying uncertainty to trade off exploration and exploitation via acquisition 
functions, and iteratively proposing new hyperparameter settings that maximize information gain or potential 
improvement42.

Table 2 presents the evaluation range of the hyperparameter analyzed in this paper. These values were 
considered since higher values of these hyperparameters resulted in a model that did not converge in some 
experiments.
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Bayesian optimization was performed using a validation subset corresponding to 20% of the chronological 
training partition. The validation RMSE was used as the objective function for hyperparameter selection, while 
the test set remained unseen during model selection and was used only for the final evaluation.

Explainable results
To improve the interpretability of our model applied to univariate time series forecasting, two complementary 
explainability techniques were employed: SHAP with multi-head attention visualization. Algorithm 1 presents 
pseudo-code that depicts these descriptions.

Algorithm 1.  Explainability pipeline with SHAP-MHAW.

SHAP is used here to quantify the contribution of each time step within the input window to the model’s 
prediction. For each prediction, SHAP assigns an influence value to every lag. Considering that lag refers to a 
previous time step’s value of a time-dependent variable used as an input to predict future values. Positive SHAP 
values indicate that a given input step increased the predicted value, while negative values represent steps that 
pushed the forecast downward. The absolute magnitude of the SHAP values reflects the impact of each lag, 
regardless of direction43.

The combination of SHAP values and multi-head attention weights is motivated by their complementary 
interpretability capabilities. SHAP provides feature attribution by estimating the contribution of each input 
variable to the model prediction, whereas the attention weights indicate the temporal dependencies emphasized 
by the transformer-based attention mechanism during prediction. Consequently, SHAP explains what input 
features contribute most to the forecasting result, while the attention weights provide insight into when the model 
concentrates its attention across the input sequence. Their joint analysis therefore offers a more comprehensive 
interpretation of the learned forecasting behavior by integrating feature attribution with temporal relevance.

To synthesize both perspectives, the SHAP values were element-wise multiplied by the corresponding 
MHAW, resulting in a combined influence map (SHAP-MHAW). This map highlights input time steps that were 
both attended to and had an influence on the forecast. For future comparisons, the proposed CNN-Transformer-
SHAP-MHAW is available for future analysis at: ​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​S​F​S​t​​e​f​e​n​o​n​/​C​N​N​-​T​r​a​n​s​f​o​r​m​e​r​-​S​H​A​P​-​M​H​
A​W​​​​​.​​

Results and discussion
This section presents the results and discussions of the application of the proposed CNN-Transformer-SHAP-
MHAW model compared to well-established models.

Hyperparameter Minimum Maximum Step

CNN_layers 1 12 1

num_heads 2 5 1

filters 16 256 1

kernel_size 2 5 1

Table 2.  Evaluation hyperparameters range.
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Experiment setup and dataset
The NVIDIA RTX 5000 Graphics Processing Unit (GPU), 16 GB of double data rate 6 synchronous dynamic 
random-access memory, was employed in this study to support computationally intensive tasks. The GPU 
was integrated into a Linux-based cluster and interfaced using compute unified device architecture to ensure 
compatibility with the DL and simulation frameworks utilized in this research.

The proposed CNN-Transformer-SHAP-MHAW was written using the Python language. For model 
assessment, the Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), MAPE, and Mean Squared 
Logarithmic Error (MSLE)44 were considered. To evaluate the model, the historical flow record of a hydroelectric 
plant (Tucuruí) located in Brazil was used12. Figure 2 shows the original time series. This record covers a time 
window from January 2, 1998 to July 9, 2023, which is a daily record comprising 9,321 recorded values.

The forecasting task is formulated as a supervised sliding-window prediction problem. Given an input 
sequence of the previous w time steps, the model predicts the next H future values, where H denotes the 
forecasting horizon. Separate models are trained for each evaluated horizon (H=15, 30, and 60 time steps), using 
an input window equal to the forecasting horizon (w = H). Each training sample therefore consists of an input 
tensor of shape (H, F), where F is the number of input features, and a corresponding target sequence of length H.

The dataset is divided chronologically into 80% for training and 20% for testing to preserve the temporal 
ordering of the observations and prevent information leakage. During inference, the model directly predicts the 
complete forecasting horizon rather than recursively generating one-step-ahead forecasts. Bayesian optimization 
was performed using a validation subset corresponding to 20% of the chronological training partition, which 
was automatically created through the validation_split parameter during model training. The validation 
error (RMSE) was used as the optimization objective, while the test set remained completely unseen during 
hyperparameter selection and was used only for the final evaluation.

To perform a comparative analysis, we evaluate our algorithm against the Neural Basis Expansion 
Analysis with exogenous variables (NBEATSx)45, LSTM46, GRU47, DeepAR48, TFT49, informer50, Patch Time 
Series Transformer (PatchTST)51, Frequency Enhanced Decomposed transformer (FEDformer)52, Temporal 
Convolutional Network (TCN)53, and TimesNet54.

Structural analysis
To improve the model’s predictive capacity, some structural modifications were evaluated. Table 3 shows the 
results of different structure variations (STV). The first change to the structure (M1) was through the use of 
just one convolutional layer (Conv1D), using batch normalization and dropout to stabilize training and reduce 
overfitting. The second change (M2) in the evaluated structure was the inclusion of the normalization layer to 
normalize inputs before the attention layer for better convergence.

The third structure proposal (M3) was to use a dense layer stacked, where hidden layers are added with 
dropout before the final prediction. The final modification evaluated (M4) used two convolutional layers 
(Conv1D), increasing the complexity of the convolutional structure.

The normalization layer introduced in structure M2 resulted in substantially larger prediction errors than 
the remaining configurations. We verified that this behavior was not caused by an implementation error but by 
unstable optimization, as the normalization strategy impaired convergence under the evaluated architecture and 

STV RMSE MAE MAPE MSLE

M1 2.43×103 2.09×103 7.10×10−1 2.19

M2 1.46×107 1.41×107 4.34×103 7.00×101

M3 3.94×103 3.92×103 1.26 6.66×10−1

M4 1.24×102 1.10×102 3.53×10−2 1.54×10−3

Table 3.  Results of different structural variations.

 

Fig. 2.  Original flow time series data.
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hyperparameter configuration. Although M2 did not produce competitive forecasting performance, its inclusion 
highlights that not all architectural modifications improve model behavior, motivating the selection of the M4 
configuration for the subsequent analyses.

The modification to the structure that most improved the model’s ability to make predictions was the use 
of more convolutional layers, which is why only this modification was used (structure M4, which is explained 
in Section Related works). Attempts to use hybrid pooling, teacher forcing, or dilated convolution were also 
unsuccessful and were therefore not implemented. Based on this discovery, the structure M4 is hypertuned to 
fine-tune its hyperparameters.

Fine tuning
The purpose of fine-tuning the model is to determine the optimal hyperparameters to be used in its structure, 
thus ensuring its best use. The Bayesian optimization hyperparameter tuning performs an interactive search 
to find the hyperparameters that minimize the loss function, which in this case is the RMSE. Figure 3 presents 
the loss (RMSE) of each trial in the experiments. The dots are the RMSE of each trial, and the blue line is the 
lowest loss seen by the Bayesian optimization method compared to earlier trials. A trial is a combination of 
hyperparameters considered by the Bayesian optimization method during hyperparameter tuning.

The results of the Bayesian optimization were 3 CNN layers, 4 heads for the attention mechanism, and 238 
filters in the CNN using a kernel size of 4. Considering that all the hyperparameters were within the search space 
in the optimization process, the evaluation was adequate. Therefore, these values are used in our model.

Figure 4 shows the contour plot of RMSE values for a range of numbers of heads and CNN layers. The Results 
show that using 3 to 7 CNN layers, lower RMSE values are achieved, with a large variation in the number of 
heads, concerning the attention mechanism. The darker color points show the best results concerning the loss 
function, in this case, the lowest RMSE. The generation of the colormap of this plot involves calculating color 
gradients based on perceptual color space interpolation. The model tries to find a combination that reduces the 
loss function by considering a multi-criteria optimization of all the hyperparameters evaluated in the model.

Once these hyperparameters have been defined, the model is retrained to be applied to the original data; 
Figure 5 presents an example of prediction comparison to the original signal. These values of hyperparameters 
are also used for the statistical assessment, which is presented in the next subsection.

Fig. 4.  RMSE gradients of number of heads versus CNN layers.

 

Fig. 3.  RMSE of the trial using Bayesian optimization for hyperparameter tuning.
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Comparative analysis
In this paper, we consider an input size equivalent to the forecasted horizon to train the model. Where the horizon 
refers to how far into the future you want to predict (time steps). The models were assessed using the RMSE, 
MAE, MAPE, and MSLE metrics, together with the computational execution time. The comparison includes 
recurrent architectures, transformer-based methods, convolutional approaches, and the proposed framework. 
Based on the optimal hyperparameter setup, Table 4 presents a comparative analysis (benchmarking) to compare 
the proposed CNN-transformer-based model (ours) to other well-established models for a horizon equal to 15 
steps ahead.

For the 15-step forecasting horizon, the proposed method achieved the best predictive performance among 
all evaluated DL models, obtaining the lowest RMSE, MAE, MAPE, and MSLE values. The proposed approach 
reached an RMSE of 9.28 × 101 and an MAE of 7.37 × 101, significantly outperforming transformer-based 
architectures such as TFT and PatchTST, as well as recurrent models including LSTM and GRU. The MAPE 
of 2.20 × 10−2 and the MSLE of 6.88 × 10−4 further demonstrate the robustness of the proposed model in 
capturing the temporal dynamics while maintaining very low relative and logarithmic errors.

Among the baseline models, TFT presented the second-best overall predictive accuracy, with an RMSE of 
4.85 × 102 and an MAE of 4.05 × 102, followed by GRU and PatchTST. NBEATSx also showed competitive 
results, indicating that advanced neural forecasting architectures can effectively model short-term dependencies. 
In contrast, DeepAR and Informer exhibited substantially higher error values, suggesting limitations in learning 
the underlying temporal structure for this specific forecasting task. FEDformer, TCN, and TimesNet also 
produced higher errors compared with the best-performing methods.

Table 5 presents the comparative performance analysis of the evaluated DL models for the 30-step forecasting 
horizon. For 30 steps ahead, the proposed method achieved the best predictive performance among all evaluated 
approaches, obtaining the lowest values for RMSE, MAE, MAPE, and MSLE. Specifically, the proposed framework 
reached an RMSE of 2.01 × 102 and an MAE of 1.76 × 102, substantially outperforming all baseline models. 
The obtained MAPE of 7.40 × 10−2 and MSLE of 8.10 × 10−3 further demonstrate the ability of the proposed 
approach to preserve forecasting stability while minimizing both relative and logarithmic prediction errors.

Among the competing methods, PatchTST and NBEATSx achieved the best overall baseline performances. 
PatchTST obtained an RMSE of 4.47 × 102 and an MAE of 3.78 × 102, while NBEATSx presented competitive 
results with an RMSE of 4.55 × 102 and an MAE of 4.33 × 102. TFT also produced relatively consistent results 
compared with the remaining architectures, although with significantly larger errors than the proposed method. 

Model RMSE MAE MAPE MSLE Time (s)

NBEATSx 6.36×102 5.82×102 1.79×10−1 3.30×10−2 3.32×10−1

LSTM 1.39×103 1.38×103 4.04×10−1 1.18×10−1 2.91×10−1

GRU 5.68×102 4.51×102 1.24×10−1 1.82×10−2 2.69×10−1

DeepAR 3.55×103 3.51×103 1.00 6.39×101 6.52×10−1

TFT 4.85×102 4.05×102 1.24×10−1 2.04×10−2 2.03

Informer 3.54×103 3.51×103 9.99×10−1 4.53×101 1.50

PatchTST 5.95×102 5.16×102 1.57×10−1 2.76×10−2 3.80×10−1

FEDformer 2.89×103 2.84×103 8.49×10−1 3.86×10−1 2.73

TCN 1.69×103 1.45×103 4.28×10−1 2.44×10−1 3.98×10−1

TimesNet 1.27×103 1.01×103 3.16×10−1 1.03×10−1 3.73

Ours 9.28×101 7.37×101 2.20×10−2 6.88×10−4 1.90×101

Table 4.  Comparative analysis of DL models for horizon 15.

 

Fig. 5.  Original versus predicted time series by CNN-Transformer-SHAP-MHAW.
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In contrast, recurrent models such as LSTM and GRU showed a noticeable degradation in performance as the 
forecasting horizon increased, indicating greater difficulty in modeling longer temporal dependencies. DeepAR, 
Informer, FEDformer, TCN, and TimesNet also exhibited considerably larger forecasting errors, especially in 
terms of RMSE and MAE.

Table 6 presents the comparative performance analysis of the evaluated DL models for the 60-step forecasting 
horizon. For this forecasting horizon, the proposed model achieved the best overall predictive performance, 
obtaining the lowest RMSE, MAE, and MAPE values among all evaluated models. Specifically, the proposed 
method reached an RMSE of 2.92 × 102 and an MAE of 2.23 × 102, demonstrating a substantial improvement 
compared with all baseline approaches.

The proposed model also obtained the lowest MAPE value of 1.37 × 10−1, indicating superior relative 
forecasting accuracy. Although NBEATSx achieved a slightly lower MSLE value of 3.83 × 10−2 compared with 
the proposed method value of 3.89 × 10−2, the difference is minimal, showing that both methods maintained 
stable logarithmic prediction behavior.

Regarding computational efficiency, LSTM achieved the lowest execution time with 3.32 × 10−1 s, followed 
closely by NBEATSx and GRU. The proposed method required the highest computational time of 2.16 × 101 s, 
which is expected due to the increased complexity of the framework. Nevertheless, the significant reduction in 
forecasting errors demonstrates that the additional computational cost leads to a substantial gain in predictive 
accuracy and robustness. The results indicate that the proposed framework maintains strong generalization 
capability and superior forecasting stability even for longer prediction horizons.

Statistical assessment
After hyperparameter tuning, we select the values of each hyperparameter, then we use these values to compute 
experiments (runs) with initialization of the random weights. We performed the analysis on 50 runs. Each run 
is computed by training the model up to 100 epochs and evaluating it, using 80% of the data for training and 
20% for testing.

Model RMSE MAE MAPE MSLE Time (s)

NBEATSx 5.02×102 4.31×102 1.97×10−1 3.83×10−2 3.42×10−1

LSTM 1.22×104 1.07×104 6.62 3.62 3.32×10−1

GRU 3.05×103 2.86×103 1.49 8.40×10−1 3.59×10−1

DeepAR 2.36×103 2.18×103 1.00 5.68×101 1.23

TFT 2.18×103 2.01×103 9.18×10−1 6.47 5.47

Informer 2.36×103 2.18×103 9.98×10−1 3.83×101 3.75

PatchTST 1.76×103 1.53×103 9.39×10−1 1.35 5.85×10−1

FEDformer 1.11×104 1.11×104 6.12 3.72 1.84×101

TCN 6.00×103 5.03×103 2.84 1.77 4.24×10−1

TimesNet 4.20×103 3.34×103 1.64 8.97×10−1 1.66×101

Ours 2.92×102 2.23×102 1.37×10−1 3.89×10−2 2.16×101

Table 6.  Comparative analysis of DL models for horizon 60.

 

Model RMSE MAE MAPE MSLE Time (s)

NBEATSx 4.55×102 4.33×102 1.54×10−1 2.23×10−2 2.37×10−1

LSTM 4.28×103 4.25×103 1.59 9.09×10−1 2.88×10−1

GRU 1.44×103 1.27×103 4.46×10−1 1.47×10−1 2.85×10−1

DeepAR 3.01×103 2.92×103 1.00 6.08×101 5.35×10−1

TFT 9.76×102 8.12×102 2.49×10−1 1.19×10−1 3.04

Informer 3.00×103 2.91×103 9.99×10−1 4.44×101 1.40

PatchTST 4.47×102 3.78×102 1.50×10−1 3.83×10−2 4.28×10−1

FEDformer 5.41×103 5.35×103 2.02 1.22 3.42

TCN 2.98×103 2.39×103 8.91×10−1 6.21×10−1 2.64×10−1

TimesNet 1.99×103 1.67×103 6.04×10−1 8.05×10−1 8.38

Ours 2.01×102 1.76×102 7.40×10−2 8.10×10−3 2.09×101

Table 5.  Comparative analysis of DL models for horizon 30.
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Table 7 shows the results of the statistical analysis of the RMSE, MAE, MAPE, and MSLE for 50 runs, where 
the mean, median, standard deviation, first quartile, third quartile, IQR, Skewness, and Kurtosis of the 50 
error measures are computed. The statistical analysis aims to assess the variability of the model when several 
simulations are carried out.

The results indicate that the proposed model exhibits stable performance across different random weight 
initializations. The mean RMSE is 1.32 × 102 with a standard deviation of 2.90 × 101, while the mean MAE 
is 1.11 × 102 with a standard deviation of 2.48 × 101. Likewise, MAPE and MSLE present mean values of 
3.59 × 10−2 and 1.94 × 10−3, respectively, with low variability across the 50 runs. The proximity between the 
mean and median for all metrics indicates approximately symmetric distributions, which is consistent with the 
low positive skewness values ranging from 9.59 × 10−2 to 2.86 × 10−1.

Furthermore, the negative kurtosis values observed for all error metrics indicate flatter-than-normal 
distributions, suggesting that extreme error values occur infrequently. The interquartile ranges are also moderate 
relative to the corresponding ranges, showing that the central 50% of the runs are concentrated within a 
limited interval. These statistical results demonstrate that the proposed model provides consistent forecasting 
performance and is robust to variations caused by random weight initialization.

To further assess the statistical behavior of the prediction errors across the 50 independent runs, the Shapiro-
Wilk normality test was applied to the RMSE, MAE, MAPE, and MSLE distributions. The results yielded test 
statistics of W = 0.93 (p = 0.43) for RMSE, W = 0.94 (p = 0.47) for MAE, W = 0.95 (p = 0.59) for MAPE, 
and W = 0.95 (p = 0.65) for MSLE. Since all p-values are greater than the significance level of 0.05, the null 
hypothesis of normality cannot be rejected for any of the evaluated metrics.

These results indicate that the error distributions are consistent with a normal distribution, suggesting that 
the variability observed across independent runs is primarily attributable to the stochastic initialization of the 
model rather than to systematic outliers or highly skewed behavior. Furthermore, the approximate normality of 
the error distributions supports the use of parametric statistical analyses for subsequent comparisons of model 
performance.

A one-sample Student’s t-test was performed to evaluate whether the mean error differed significantly from 
the reference value. The test yielded a statistic of t = −133.47 with a corresponding p-value smaller than 0.001. 
Since the p-value is well below the significance level of 0.05, the null hypothesis is rejected, indicating that the 
mean error differs significantly from the reference value. The large absolute value of the t-statistic provides 
strong evidence against the null hypothesis, demonstrating that the observed mean is not attributable to random 
sampling variation.

Explainable results
This subsection presents the effect of using explainable methods in our model. Figure 6 (a) and (b) show the 
observed time series, Fig. 6 (c) and (d) show the MHAW, Fig. 6 (e) and (f) show the SHAP values, and the Fig. 6 
(g) and (h) show the combined SHAP × attention values.

The weights reflect the distribution of attention across the input window during prediction. For the attention 
and SHAP values, those values that are far away from the current sample and near the edge of the window (e.g., 
t-29 in a window size of 30) show erratic values because of the influence from the border values. Due to this, we 
do not consider these last values.

In Fig. 6 (c) and (d) it is observed the influence of seasonal variability of the time series on the attention 
weights. Figure 6 (e) and (f) present the SHAP values assigned to each time lag. Positive values (in red) indicate 
a contribution to increase the forecast, while negative values (in blue) indicate a contribution to decrease it. 
Quantitative analysis reveals that the majority of the explanatory impact is concentrated in the more recent 
values of the input window (e.g., t-10 to t-1), which accounts for approximately 85.37% of the total SHAP 
magnitude.

Statistic RMSE MAE MAPE MSLE

Mean 1.32×102 1.11×102 3.59×10−2 1.94×10−3

Std 2.90×101 2.48×101 8.16×10−3 8.17×10−4

Min 9.26×101 7.19×101 2.37×10−2 8.21×10−4

Max 1.88×102 1.47×102 4.94×10−2 3.54×10−3

Median 1.34×102 1.07×102 3.57×10−2 2.05×10−3

Q1 (25%) 1.06×102 9.20×101 2.92×10−2 1.23×10−3

Q3 (75%) 1.55×102 1.34×102 4.35×10−2 2.50×10−3

Range 9.54×101 7.56×101 2.57×10−2 2.72×10−3

IQR 4.84×101 4.21×101 1.43×10−2 1.27×10−3

Skewness 2.48×10−1 9.59×10−2 1.96×10−1 2.86×10−1

Kurtosis −1.09 −1.31 −1.24 −9.33×10−1

Table 7.  Statistical results over 50 runs for horizon 15.
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Figure 6 (g) and (h) present the combined influence map, obtained by computing the element-wise product 
between SHAP values and attention weights for each time lag. The purple line represents the smoothed 
influence signal after applying a one-dimensional Gaussian filter, while the gray dashed line corresponds to the 
raw product. The smoothed curve improves interpretability by reducing local noise and emphasizing overall 
trends. This combination highlights the time steps that are both attended to by the model and have a meaningful 
influence on the final prediction.

The plot reveals that the most influential regions are concentrated near the end of the input window, 
particularly between t-6 and t-1, where the influence varies sharply. This aligns with the expectation that recent 
lags are often more informative in time series forecasting. However, the curve also shows moderate combined 
relevance in earlier parts of the window, reflecting the presence of temporal dependencies beyond the immediate 
past.

Fig. 6.  Explainable results for a given time series.
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The use of SHAP-MHAW thus provides a more reliable and interpretable measure of temporal influence 
than either method alone where SHAP values quantify the actual contribution of each time step to the model’s 
prediction, indicating how each lag increases or decreases the forecast, while attention weights reflect where 
the model is focusing during the decision process, regardless of whether that focus has a positive, negative, or 
neutral impact.

Conclusion
This study introduces CNN-Transformer-SHAP-MHAW, a hybrid deep neural network architecture that 
integrates convolutions and a multi-head attention mechanism to enhance multivariate time series forecasting. 
By using the pattern recognition of CNNs alongside the dynamic attention mechanisms of transformers, the 
proposed model can effectively capture both localized temporal features and long-range dependencies. The 
convolutional component reduces input noise and dimensionality, and extracts high-level features that enhance 
the representation power of the subsequent transformer layers. The transformer-based backbone applies multi-
head attention and adaptive gating mechanisms to emphasize relevant covariates and temporally important 
patterns, enabling more accurate forecasting.

Experiments were conducted considering a hydroelectric natural flow time series data, demonstrating the 
superior performance of CNN-Transformer-SHAP-MHAW when compared to several state-of-the-art DL 
models. The model achieves an MAPE as low as 2.2%, underscoring its effectiveness and robustness across 
different time series forecasting scenarios. These findings validate the hybrid model’s ability to generalize across 
domains with varying temporal structures and feature complexities.

By merging attention weights (model focus) and SHAP values (contribution), the resulting influence map 
improved interpretability, allowing for a more trustworthy understanding of which past inputs drive the forecast. 
The integration of SHAP values with multi-head attention visualization provides more interpretable results to 
assist the decision-making process.

The implications of this research extend to numerous real-world applications that demand high-fidelity 
temporal predictions. The CNN-Transformer-SHAP-MHAW model facilitates the deployment of more accurate 
and interpretable models in decision-making processes. Future work may explore the integration of external 
knowledge sources, enhanced interpretability modules, and real-time deployment frameworks to further extend 
the utility and adaptability of the CNN-Transformer-SHAP-MHAW architecture.

Data availability
For future comparisons, the proposed CNN-Transformer-SHAP-MHAW is available for future analysis at: https:​​​
//gith​ub.​com/SFStef​eno​n/CNN-Trans​for​m​er-SHAP-MHAW.

Received: 26 May 2026; Accepted: 15 July 2026

References
	 1.	 Stefenon, S. F. et al. Optimized harmonic-multiscale kolmogorov–arnold network denoised by ewt for hydroelectric dam useful 

volume forecast. Energy 356, 141214. https://doi.org/10.1016/j.energy.2026.141214 (2026).
	 2.	 Tian, X., Huang, S., Xiao, J., Wang, H. & Liu, Y. Sdvs-net: A spatial dilated convolution and variable self-attention network for 

multivariate long-term time series forecasting. Neurocomputing 619, 129148. https://doi.org/10.1016/j.neucom.2024.129148 
(2025).

	 3.	 Stefenon, S. F. & Yow, K.-C. Adaptive filter-driven optimized attention-based CNN-LSTM for load forecasting in microgrids. 
Results Eng. 107470. https://doi.org/10.1016/j.rineng.2025.107470 (2025).

	 4.	 Seman, L. O., Yow, K.-C. & Stefenon, S. F. Sparse mixture of experts enhanced transformer architecture for short-term hydroelectric 
reservoir volume prediction. Electr. Power Syst. Res. 255, 112754. https://doi.org/10.1016/j.epsr.2026.112754 (2026).

	 5.	 Muniz, R. N. et al. Optimized hybrid neural hierarchical interpolation time series with STL for flow forecasting in hydroelectric 
power plants. Sci. Rep. 16, 5002. https://doi.org/10.1038/s41598-025-34847-x (2026).

	 6.	 Zhu, L. & Liu, H. Dimformer: A dynamic inverted transformer with mamba-cross-variable linear attention for multivariate time 
series forecasting. IEEE Access 13, 214267–214279. https://doi.org/10.1109/ACCESS.2025.3645346 (2025).

	 7.	 Theissler, A., Spinnato, F., Schlegel, U. & Guidotti, R. Explainable ai for time series classification: A review, taxonomy and research 
directions. IEEE Access 10, 100700–100724. https://doi.org/10.1109/ACCESS.2022.3207765 (2022).

	 8.	 Devanathan, B., Jnana Varshitha, K., Pavan Kumar, L., Lakshmanan, S. A. & Krishna Prakash, N. Explainable ai framework using 
xgboost with shap and lime for multi-scale household energy forecasting. IEEE Access 13, 149750–149764. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​0​
9​/​A​C​C​E​S​S​.​2​0​2​5​.​3​6​0​2​6​7​3​​​​ (2025).

	 9.	 Carvalho, J. P. M., Stefenon, S. F., Ribeiro, M. H. D. M. & Yow, K.-C. Hybrid kalman filter-kolmogorov-arnold network using local 
interpretable model-agnostic explanations for photovoltaic power forecasting. SN Comput. Sci. 7(4), 319. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​0​7​/​
s​4​2​9​7​9​-​0​2​6​-​0​4​8​2​3​-​x​​​​ (2026).

	10.	 Sudipto Siam Dip, M., Abdul Motin, M., Karmakar, C., Penzel, T. & Palaniswami, M. Neurosleepnet: An explainable multi-head 
attention-based framework with spatial and multi-scale independent temporal context learning for automatic sleep stage scoring. 
IEEE Access 14, 4341–4355 https://doi.org/10.1109/ACCESS.2025.3640231 (2026).

	11.	 Seman, L. O., Stefenon, S. F., Yow, K.-C., dos Santos Coelho, L. & Mariani, V. C. Fourier-enhanced sequence-to-sequence latent 
graph neural networks for multi-node spatiotemporal forecasting in a hydroelectric reservoir. Eng. Appl. Artif. Intell. 167, 113939. 
https://doi.org/10.1016/j.engappai.2026.113939 (2026).

	12.	 Muniz, R. N. et al. Time series forecasting of natural inflow in hydroelectric power plants using hyper-tuned temporal fusion 
transformer with hodrick-prescott filter. IET Gener. Transm. Distrib. 19(1), 70087. https://doi.org/10.1049/gtd2.70087 (2025).

	13.	 Wan, A., Chang, Q., Khalil, A.-B. & He, J. Short-term power load forecasting for combined heat and power using cnn-lstm 
enhanced by attention mechanism. Energy 282, 128274. https://doi.org/10.1016/j.energy.2023.128274 (2023).

	14.	 Mou, L. et al. Driver stress detection via multimodal fusion using attention-based cnn-lstm. Expert Syst. Appl. 173, 114693. ​h​t​t​p​s​:​
/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​j​.​e​s​w​a​.​2​0​2​1​.​1​1​4​6​9​3​​​​ (2021).

	15.	 Zhao, S. et al. Short and long-term renewable electricity demand forecasting based on CNN-Bi-GRU model. IEEE Trans. Emerg. 
Top. Artif. Intell. 2(1), 1–15. https://doi.org/10.62762/TETAI.2024.532253 (2025).

https://www.nature.com/scientificreports
https://github.com/SFStefenon/CNN-Transformer-SHAP-MHAW
https://github.com/SFStefenon/CNN-Transformer-SHAP-MHAW
https://doi.org/10.1016/j.energy.2026.141214
https://doi.org/10.1016/j.neucom.2024.129148
https://doi.org/10.1016/j.rineng.2025.107470
https://doi.org/10.1016/j.epsr.2026.112754
https://doi.org/10.1038/s41598-025-34847-x
https://doi.org/10.1109/ACCESS.2025.3645346
https://doi.org/10.1109/ACCESS.2022.3207765
https://doi.org/10.1109/ACCESS.2025.3602673
https://doi.org/10.1109/ACCESS.2025.3602673
https://doi.org/10.1007/s42979-026-04823-x
https://doi.org/10.1007/s42979-026-04823-x
https://doi.org/10.1109/ACCESS.2025.3640231
https://doi.org/10.1016/j.engappai.2026.113939
https://doi.org/10.1049/gtd2.70087
https://doi.org/10.1016/j.energy.2023.128274
https://doi.org/10.1016/j.eswa.2021.114693
https://doi.org/10.1016/j.eswa.2021.114693
https://doi.org/10.62762/TETAI.2024.532253


Scientific Reports |        (2026) 16:33955 15| https://doi.org/10.1038/s41598-026-63013-0

www.nature.com/scientificreports

	16.	 Lu, W., Li, J., Wang, J. & Qin, L. A CNN-BiLSTM-AM method for stock price prediction. Neural Comput. Appl. 33(10), 4741–4753. 
https://doi.org/10.1007/s00521-020-05532-z (2021).

	17.	 Narhi-Martinez, W., Dube, B. & Golomb, J. D. Attention as a multi-level system of weights and balances. Wiley Interdiscip. Rev.: 
Cogn. Sci. 14(1), 1633. https://doi.org/10.1002/wcs.1633 (2023).

	18.	 Gao, Y. & Ruan, Y. Interpretable deep learning model for building energy consumption prediction based on attention mechanism. 
Energy Build. 252, 111379. https://doi.org/10.1016/j.enbuild.2021.111379 (2021).

	19.	 Stefenon, S. F. et al. Hypertuned wavelet convolutional neural network with long short-term memory for time series forecasting in 
hydroelectric power plants. Energy 313, 133918. https://doi.org/10.1016/j.energy.2024.133918 (2024).

	20.	 Zhang, T. et al. A very-short-term online pv power prediction model based on ran with secondary dynamic adjustment. IEEE 
Trans. Artif. Intell. 4(5), 1214–1224. https://doi.org/10.1109/TAI.2022.3179353 (2023).

	21.	 Aslam, M., Lee, S.-J., Khang, S.-H. & Hong, S. Two-stage attention over lstm with bayesian optimization for day-ahead solar power 
forecasting. IEEE Access 9, 107387–107398. https://doi.org/10.1109/ACCESS.2021.3100105 (2021).

	22.	 Boubaker, S. et al. Deep neural networks for predicting solar radiation at hail region, saudi arabia. IEEE Access 9, 36719–36729. 
https://doi.org/10.1109/ACCESS.2021.3062205 (2021).

	23.	 Mchara, W., Manai, L., Abdellatif Khalfa, M., Raissi, M. & Hannechi, S. A global irradiance prediction model using convolutional 
neural networks, wavelet neural networks, and masked multi-head attention mechanism. IEEE Access 13, 29445–29462. ​h​t​t​p​s​:​/​/​d​
o​i​.​o​r​g​/​1​0​.​1​1​0​9​/​A​C​C​E​S​S​.​2​0​2​5​.​3​5​3​9​4​6​3​​​​ (2025).

	24.	 Troncoso-Garcia, A. R., Martinez-Ballesteros, M., Martinez-Alvarez, F. & Troncoso, A. A new metric based on association rules 
to assess feature-attribution explainability techniques for time series forecasting. IEEE Trans. Pattern Anal. Mach. Intell. 47(5), 
4140–4155. https://doi.org/10.1109/TPAMI.2025.3540513 (2025).

	25.	 Dean Pelegrina, G. & Siraj, S. Shapley value-based approaches to explain the quality of predictions by classifiers. IEEE Trans. Artif. 
Intell. 5(8), 4217–4231. https://doi.org/10.1109/TAI.2024.3365082 (2024).

	26.	 Chen, L. et al. A credible and fair federated learning framework based on blockchain. IEEE Trans. Artif. Intell. 6(2), 301–316. 
https://doi.org/10.1109/TAI.2024.3355362 (2025).

	27.	 Rajapaksha, P. & Crespi, N. Explainable attention pruning: A metalearning-based approach. IEEE Trans. Artif. Intell. 5(6), 2505–
2516. https://doi.org/10.1109/TAI.2024.3363686 (2024).

	28.	 Zuege, C. V. et al. Wind speed forecasting approach using conformal prediction and feature importance selection. Int. J. Electr. 
Power Energy Syst. 168, 110700. https://doi.org/10.1016/j.ijepes.2025.110700 (2025).

	29.	 Li, J. et al. Diffinformer: Diffusion informer model for long sequence time-series forecasting. Expert Syst. Appl. 299, 129944. 
https://doi.org/10.1016/j.eswa.2025.129944 (2026).

	30.	 Stefenon, S.F., Seman, L.O., da Silva, L.S.A., Mariani, V.C.& dos Santos Coelho, L. Hypertuned temporal fusion transformer for 
multi-horizon time series forecasting of dam level in hydroelectric power plants. Int. J. Electr. Power Energy Syst. 157, 109876 
https://doi.org/10.1016/j.ijepes.2024.109876 (2024).

	31.	 Putri, T. H. et al. Fine-tuning of predictive models CNN-LSTM and Conv-LSTM for nowcasting PM2.5 level. IEEE Access 12, 
28988–29003. https://doi.org/10.1109/ACCESS.2024.3368034 (2024).

	32.	 Zhen, Z. et al. Deep learning based surface irradiance mapping model for solar pv power forecasting using sky image. IEEE Trans. 
Ind. Appl. 56(4), 3385–3396. https://doi.org/10.1109/TIA.2020.2984617 (2020).

	33.	 Rubasinghe, O. et al. A novel sequence to sequence data modelling based cnn-lstm algorithm for three years ahead monthly peak 
load forecasting. IEEE Trans. Power Syst. 39(1), 1932–1947. https://doi.org/10.1109/TPWRS.2023.3271325 (2024).

	34.	 Wu, B., Wang, L. & Zeng, Y.-R. Interpretable wind speed prediction with multivariate time series and temporal fusion transformers. 
Energy 252, 123990. https://doi.org/10.1016/j.energy.2022.123990 (2022).

	35.	 Buratto, W. G. et al. Wavelet CNN-LSTM time series forecasting of electricity power generation considering biomass thermal 
systems. IET Gener. Transm. Distrib. 18(21), 3437–3451. https://doi.org/10.1049/gtd2.13292 (2024).

	36.	 Zhang, X. & You, J. A gated dilated causal convolution based encoder-decoder for network traffic forecasting. IEEE Access 8, 
6087–6097. https://doi.org/10.1109/ACCESS.2019.2963449 (2020).

	37.	 Yu, H. et al. Self-attention mechanism to enhance the generalizability of data-driven time-series prediction: A case study of intra-
hour power forecasting of urban distributed photovoltaic systems. Appl. Energy 374, 124007. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​j​.​a​p​e​n​e​r​g​y​.​2​
0​2​4​.​1​2​4​0​0​7​​​​ (2024).

	38.	 Zhang, J., Li, X., Tian, J., Luo, H. & Yin, S. An integrated multi-head dual sparse self-attention network for remaining useful life 
prediction. Reliab. Eng. Syst. Saf. 233, 109096. https://doi.org/10.1016/j.ress.2023.109096 (2023).

	39.	 Aghaabbasi, M., Ali, M., Jasiński, M., Leonowicz, Z. & Novák, T. On hyperparameter optimization of machine learning methods 
using a bayesian optimization algorithm to predict work travel mode choice. IEEE Access 11, 19762–19774. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​1​0​
9​/​A​C​C​E​S​S​.​2​0​2​3​.​3​2​4​7​4​4​8​​​​ (2023).

	40.	 Seman, L. O., Carolina Rodrigues Klaar, A., Henrique Dal Molin Ribeiro, M. & Frizzo Stefenon, S. Enhanced random vector 
functional link networks with bayesian-based hyperparameter optimization for wind speed forecasting. IEEE Access 13, 208105–
208122. https://doi.org/10.1109/ACCESS.2025.3640434 (2025).

	41.	 Cho, H. et al. Basic enhancement strategies when using bayesian optimization for hyperparameter tuning of deep neural networks. 
IEEE Access 8, 52588–52608. https://doi.org/10.1109/ACCESS.2020.2981072 (2020).

	42.	 Ramadevi, P. & Das, R. An extensive analysis of machine learning techniques with hyper-parameter tuning by bayesian optimized 
svm kernel for the detection of human lung disease. IEEE Access 12, 97752–97770. https://doi.org/10.1109/ACCESS.2024.3422449 
(2024).

	43.	 Kuzlu, M., Cali, U., Sharma, V. & Guler, O. Gaining insight into solar photovoltaic power generation forecasting utilizing 
explainable artificial intelligence tools. IEEE Access 8, 187814–187823. https://doi.org/10.1109/ACCESS.2020.3031477 (2020).

	44.	 Liu, Y. et al. An effective rainfall-ponding multi-step prediction model based on lstm for urban waterlogging points. Appl. Sci. 
12(23), 12334. https://doi.org/10.3390/app122312334 (2022).

	45.	 Olivares, K. G., Challu, C., Marcjasz, G., Weron, R. & Dubrawski, A. Neural basis expansion analysis with exogenous variables: 
Forecasting electricity prices with nbeatsx. Int. J. Forecast. 39(2), 884–900. https://doi.org/10.1016/j.ijforecast.2022.03.001 (2023).

	46.	 Ranjan, P., Khan, P., Kumar, S. & Das, S. K. log-sigmoid activation-based long short-term memory for time-series data 
classification. IEEE Trans. Artif. Intell. 5(2), 672–683. https://doi.org/10.1109/TAI.2023.3265641 (2024).

	47.	 Liu, F., Tao, Q., Yang, D. & Sidorov, D. Bidirectional gated recurrent unit-based lower upper bound estimation method for wind 
power interval prediction. IEEE Trans. Artif. Intell. 3(3), 461–469. https://doi.org/10.1109/TAI.2021.3123928 (2022).

	48.	 Salinas, D., Flunkert, V., Gasthaus, J. & Januschowski, T. Deepar: Probabilistic forecasting with autoregressive recurrent networks. 
Int. J. Forecast. 36(3), 1181–1191. https://doi.org/10.1016/j.ijforecast.2019.07.001 (2020).

	49.	 Kougioumtzidis, G., Poulkov, V. K., Lazaridis, P. I. & Zaharis, Z. D. Mobile network traffic prediction using temporal fusion 
transformer. IEEE Trans. Artif. Intell. 6(10), 2685–2699. https://doi.org/10.1109/TAI.2025.3556627 (2025).

	50.	 Yang, Z., Liu, L., Li, N. & Tian, J. Time series forecasting of motor bearing vibration based on informer. Sensors 22(15), 5858. 
https://doi.org/10.3390/s22155858 (2022).

	51.	 Cao, W., Zhang, R. & Cao, W. Multi-site air quality index forecasting based on spatiotemporal distribution and patchtst-enhanced: 
Evidence from hebei province in china. IEEE Access 12, 132038–132055. https://doi.org/10.1109/ACCESS.2024.3460187 (2024).

	52.	 Ge, L., Huang, Q., Zhu, F. & Chen, S. Advanced time series forecasting for commodities: Insights from the fedformer model. Energy 
Economics 147, 108513. https://doi.org/10.1016/j.eneco.2025.108513 (2025).

https://www.nature.com/scientificreports
https://doi.org/10.1007/s00521-020-05532-z
https://doi.org/10.1002/wcs.1633
https://doi.org/10.1016/j.enbuild.2021.111379
https://doi.org/10.1016/j.energy.2024.133918
https://doi.org/10.1109/TAI.2022.3179353
https://doi.org/10.1109/ACCESS.2021.3100105
https://doi.org/10.1109/ACCESS.2021.3062205
https://doi.org/10.1109/ACCESS.2025.3539463
https://doi.org/10.1109/ACCESS.2025.3539463
https://doi.org/10.1109/TPAMI.2025.3540513
https://doi.org/10.1109/TAI.2024.3365082
https://doi.org/10.1109/TAI.2024.3355362
https://doi.org/10.1109/TAI.2024.3363686
https://doi.org/10.1016/j.ijepes.2025.110700
https://doi.org/10.1016/j.eswa.2025.129944
https://doi.org/10.1016/j.ijepes.2024.109876
https://doi.org/10.1109/ACCESS.2024.3368034
https://doi.org/10.1109/TIA.2020.2984617
https://doi.org/10.1109/TPWRS.2023.3271325
https://doi.org/10.1016/j.energy.2022.123990
https://doi.org/10.1049/gtd2.13292
https://doi.org/10.1109/ACCESS.2019.2963449
https://doi.org/10.1016/j.apenergy.2024.124007
https://doi.org/10.1016/j.apenergy.2024.124007
https://doi.org/10.1016/j.ress.2023.109096
https://doi.org/10.1109/ACCESS.2023.3247448
https://doi.org/10.1109/ACCESS.2023.3247448
https://doi.org/10.1109/ACCESS.2025.3640434
https://doi.org/10.1109/ACCESS.2020.2981072
https://doi.org/10.1109/ACCESS.2024.3422449
https://doi.org/10.1109/ACCESS.2020.3031477
https://doi.org/10.3390/app122312334
https://doi.org/10.1016/j.ijforecast.2022.03.001
https://doi.org/10.1109/TAI.2023.3265641
https://doi.org/10.1109/TAI.2021.3123928
https://doi.org/10.1016/j.ijforecast.2019.07.001
https://doi.org/10.1109/TAI.2025.3556627
https://doi.org/10.3390/s22155858
https://doi.org/10.1109/ACCESS.2024.3460187
https://doi.org/10.1016/j.eneco.2025.108513


Scientific Reports |        (2026) 16:33955 16| https://doi.org/10.1038/s41598-026-63013-0

www.nature.com/scientificreports

	53.	 Huang, Y. et al. Dynamic combination forecasting for short-term photovoltaic power. IEEE Trans. Artif. Intell. 5(10), 5277–5289. 
https://doi.org/10.1109/TAI.2024.3404408 (2024).

	54.	 Zuo, C., Wang, J., Liu, M., Deng, S. & Wang, Q. An ensemble framework for short-term load forecasting based on timesnet and tcn. 
Energies 16(14), 5330. https://doi.org/10.3390/en16145330 (2023).

Author contributions
S.F.S. and J.P.M.C.: Methodology, Software, Investigation, Writing - Original Draft. V.R.Q.L. and K.C.Y.: Super-
vision. All authors reviewed the manuscript.

Funding
This work was supported in part by the Natural Sciences and Engineering Research Council of Canada (NSERC) 
under Grant DDG-2024-00035, and in part by the Cette recherche a été financée par le Conseil de recherches 
en sciences naturelles et en génie du Canada (CRSNG) under Grant DDG-2024-00035.  This work was par-
tially supported by FCT – Fundação para a Ciência e Tecnologia, I.P. under Grants 2023.15441.TENURE.051/
CP00003/CT00029 and the LASIGE Research Unit (ref. UID/00408/2025, DOI: ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​5​4​4​9​9​/​U​I​D​/​0​
0​4​0​8​/​2​0​2​5​)​, and co-financed by FCT and the PRR - Recovery and Resilience Plan by the European Union under 
the LASIGE Research Unit (UID/PRR/00408/2025, DOI: ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​5​4​4​9​9​/​U​I​D​/​P​R​R​/​0​0​4​0​8​/​2​0​2​5​)​. This 
research was partially funded by national funds through the FCT – Foundation for Science and Technology, I.P. 
within the scope of projects UIDB/04466/2025 and UIDP/04466/2025. 

Declarations

 Competing interests
The authors declare no competing interests.

Ethical approval
Not applicable.

 Additional information
Correspondence and requests for materials should be addressed to S.F.S.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give 
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and 
indicate if changes were made. The images or other third party material in this article are included in the article’s 
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy 
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2026 

https://www.nature.com/scientificreports
https://doi.org/10.1109/TAI.2024.3404408
https://doi.org/10.3390/en16145330
https://doi.org/10.54499/UID/00408/2025
https://doi.org/10.54499/UID/00408/2025
https://doi.org/10.54499/UID/PRR/00408/2025
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	﻿CNN-transformer-based model explained by SHAP and multi-head attention weights for time series forecasting
	﻿﻿Related works
	﻿﻿CNN-Transformer-SHAP-MHAW
	﻿﻿Causal convolutional layers
	﻿﻿Multi-head self-attention
	﻿﻿Feature fusion and prediction
	﻿﻿Hyperparameter tuning by Bayesian optimization
	﻿﻿Explainable results

	﻿﻿Results and discussion
	﻿Experiment setup and dataset
	﻿Structural analysis
	﻿Fine tuning
	﻿Comparative analysis
	﻿Statistical assessment
	﻿Explainable results

	﻿﻿Conclusion
	﻿References


