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Abstract Emotion recognition using electrocardiogram (ECG) signals is a promising research direction with broad applications ranging

from healthcare to human-computer interaction. However, mainstream convolutional neural network (CNN) and transformer-based

models rarely exploit frequency-domain characteristics of ECG signals explicitly, limiting their cross-subject generalization capability. To

address these limitations, we propose a convolutional frequency-attention network (CFAN) that integrates a frequency-aware attention

mechanism with dynamic convolution to effectively extract and combine frequency and temporal features. CFAN comprises three key

components: a frequency-aware attention module (FAAM), an attention-guided convolution neural network (AG-CNN) block, and a multi-

layer perceptron (MLP) classifier, all working synergistically to enhance the efficacy of emotion recognition. We evaluate CFAN using

leave-one-subject-out cross-validation by employing the WESAD dataset and further fine-tune the framework using data for individual

subjects to reduce the inter-subject variability. CFAN outperforms state-of-the-art methods, achieving an accuracy of 76.06% and an

F1-score of 0.75, providing an accurate and efficient solution for ECG-based emotion recognition.
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1 Introduction

The expression of emotions plays a pivotal role in human communication, serving as a foundation for social inter-
action and understanding. Affective computing, a multidisciplinary field, seeks to endow machines with human-like
capabilities to observe, interpret, and generate affective features, thereby enabling more natural and intuitive
human-machine interactions [1]. Emotion recognition (ER), a cornerstone of this endeavor, leverages advancements
in artificial intelligence, psychophysiology, cognitive science, and computer science [2, 3]. The applications of ER
span various domains, demonstrating transformative potential in areas such as entertainment [4], healthcare [5, 6],
education [7], and conversational agents [8, 9].

Emotion characteristics can be extracted from various multimodal signals, including facial expressions [10, 11],
speech [12,13], conversation [14,15], body gestures [16,17], and physiological signals [18,19]. However, the reliability
of modalities other than physiological signals (e.g., facial expressions, speech, text, and body gestures) is often
limited by social masking, where individuals may consciously or unconsciously conceal their true emotions [20]. In
contrast, physiological signals are less prone to voluntary control, providing more accurate and objective measures
of emotional states [21]. Furthermore, ER based on physiological signals is well-suited for integration into human-
computer interaction systems such as somatosensory and wearable health monitoring devices, offering enhanced
responsiveness and improved user engagement [22, 23].

ER based on physiological signals leverages diverse data sources, including electrocardiography (ECG) [24, 25],
electrodermal activity (EDA) [26,27], photoplethysmography (PPG) [28,29], respiration (RESP) [30], electromyogra-
phy (EMG) [31,32], eye movements [33,34], and electroencephalography (EEG) [35–37]. Among these physiological
signals, ECG has earned distinction as a promising modality for ER because of its high sensitivity to emotional
changes, non-invasive nature, and cost-effective measurement capabilities [23, 38]. ECG measures changes in po-
tential using electrodes placed on the body’s surface, capturing the electrical activity of the heart [39]. Agrafioti
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et al. [40] demonstrated a strong correlation between ECG signals and emotional states, further highlighting the
potential of ECG for advancing emotion recognition research.

Significant research efforts have been devoted to ECG-based ER. Existing approaches can be broadly categorized
into two main streams: (1) methods that rely on feature engineering, such as the extraction of frequency-domain
features [41–43], time-domain features [42, 44, 45], and nonlinear characteristics [41, 42], which are then fed into
machine learning models [43,45] or neural networks for classification; and (2) methods that directly utilize raw ECG
signals as the input, employing advanced model architectures such as convolutional neural networks (CNNs) [46–48]
and Transformers [46, 49]. These architectures have demonstrated effectiveness in general spatial and temporal
feature extraction but are often inefficient for processing ECG signals because of their high temporal resolution
and quasi-periodic nature. In contrast to existing reports, this study proposes a novel approach that explicitly
incorporates frequency information to address these limitations. The main contributions of this study are as follows.

(1) Existing studies rarely utilize the quasi-periodicity of the ECG and are thus inefficient. This study proposes a
novel model for ECG-based ER named convolutional frequency-attention network (CFAN), which captures frequency
information and then uses it to enhance the 1D convolution of temporal ECG signals.

(2) CFAN first employs the fast-Fourier transform (FFT) and an attention mechanism to identify and extract a
set of frequency factors specific to each ECG sample. Using these identified frequency factors, CFAN then performs
dynamic convolutions to obtain frequency-aware temporal features.

(3) We evaluate the proposed method by employing leave-one-subject-out (LOSO) cross-validation settings using
the public WESAD dataset. We also explore the performance by fine-tuning the settings, demonstrating that CFAN
can effectively capture ECG features and consistently improve the classification performance.

The remainder of this paper is organized as follows. Section 2 provides a comprehensive review of previous
studies on ECG-based ER. Section 3 details the architecture and components of the proposed model. Section 4
describes the experimental setup in detail. Section 5 presents the experimental results and analysis. Finally, Section
6 presents the conclusion of the study and discusses potential future directions.

2 Related work

2.1 ER and ECG

ECG signals are quasi-periodic in nature and exhibit characteristic waveforms within each cardiac cycle, including
the P-wave, QRS complex, and T-wave [50]. ECG signals carry rich physiological information and have thus
emerged as one of the most widely studied biosignals for ER [51]. Agrafioti et al. [40] demonstrated a strong
correlation between ECG patterns and the emotional states of humans, highlighting the potential of ECG for
emotion recognition tasks.

Wang et al. [41] exploited the time-frequency domain features, waveform characteristics, and nonlinear properties
of ECG signals for classifying the emotional states of drivers by employing a back-propagation neural network.
Similarly, Hsu et al. [42] extracted 34 features spanning the time domain, frequency domain, and nonlinear dynamics,
using a least squares support vector machine (LS-SVM) as the classifier. Sepúlveda et al. [43] introduced wavelet
scattering for extracting multi-scale features from ECG signals, enabling simultaneous analysis in the time and
frequency domains. Khan et al. [52] leveraged the continuous wavelet transform for generating input features and
designed a CNN-LSTM architecture for classifying emotional states. Chen et al. [44] focused on the statistical and
rhythmic features extracted from ECG signals, utilizing a Bi-LSTM model to improve the classification accuracy.
Kumar et al. [53] utilized the discrete wavelet transform to extract discriminative features from ECG signals for
ER.

These studies collectively highlight the significance of frequency-domain features, among others, in ECG-based
ER. The findings demonstrate the criticality of developing models that effectively capture frequency information to
fully leverage the potential of ECG signals in decoding human emotions.

2.2 Deep learning methods in ECG-based ER

Sarkar et al. [54] proposed a two-stage framework, where the first stage is learning robust ECG representations
through self-supervised tasks involving six signal transformations and the second is partially fine-tuning the model
for ER. Behinaein et al. [46] proposed a deep learning model that combines convolutional layers with a transformer
mechanism for stress detection using ECG signals. Ye et al. [55] developed a novel, online cross-subject emotion
recognition method using hypergraph-based online transfer learning, which focuses on learning high-order correla-
tions among data to enhance the adaptability of the model to new subjects. This approach highlights the potential
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of transfer learning techniques for addressing inter-subject variability in ECG-based ER, paving the way for more
versatile and robust models. Similarly, Vazquez-Rodriguez et al. [49] presented a transformer-based, self-supervised
learning approach, demonstrating the effectiveness of attention mechanisms in building contextualized signal repre-
sentations. These studies collectively underscore the potential of transformer architectures in capturing long-range
dependencies and relevant features in ECG signals for ER.

Fan et al. [47] proposed a deep CNN incorporating an improved convolutional block attention module, which
leverages channel and spatial attention mechanisms to enhance feature representation from ECG signals. In a
related study, Fang et al. [56] utilized random convolutional kernels to process ECG signals for extracting multi-
scale features, achieving improved classification of various emotional states. These approaches demonstrate that
CNNs can effectively handle the complexity and variability inherent in ECG data for ER.

As demonstrated by these studies, CNN and transformer architectures are the most widely adopted structures
for ECG-based ER. However, these models are often inefficient in capturing the frequency-domain features of ECG
signals because of the high temporal resolution and quasi-periodic nature of the signals.

3 Methodology

3.1 Problem formulation

ECG-based ER can be viewed as a time series classification problem. Given an input ECG signal X, the objective
is to classify the emotional state into emotion categories C. Mathematically, the task can be described as follows.

Let Xi = {x1,x2, . . . ,xn} be a set of ECG signal samples, where each xj ∈ R
L is a one-dimensional sequence

of length L representing an ECG signal segment for subject i. The goal is to learn a function f : RL → C, which
maps the input signal sample xi to one of the emotion categories.

3.2 Overview of CFAN

From a medical and physiological perspective, ECG signals exhibit typical waveform characteristics that are con-
centrated in a few specific frequency bands [57]. These signals are inherently quasi-periodic and consist of repetitive
waveforms such as the P-wave, QRS complex, and T-wave, each corresponding to distinct physiological events in
the cardiac cycle [58]. This property makes ECG signals particularly suitable for modeling approaches that can
explicitly leverage frequency information. Motivated by this prior knowledge of ECG signals, we design CFAN for
generating sample-specific frequency features from the input and dynamically adapt the CNN kernels for ER using
ECG signals.

CFAN integrates a frequency-aware attention mechanism and dynamic convolution. The overall architecture
consists of three main components, as illustrated in Figure 1. (i) Frequency-aware attention module (FAAM). This
module extracts frequency domain features from the input ECG signals by applying FFT to generate the frequency
spectrum. An attention mechanism then emphasizes important frequency components, producing refined frequency
features. These features are further processed through a multi-layer perceptron (MLP) to generate frequency
factors. (ii) Attention-guided convolution neural network block (AG-CNN). Operating in the time domain, this
block incorporates the frequency factors to generate frequency-aware temporal features. The module effectively
bridges the frequency and temporal domains, producing enhanced frequency-aware temporal features. (iii) MLP
classifier. The frequency-aware temporal features are first processed through an adaptive average pooling layer to
reduce dimensionality, followed by a fully connected (FC) layer.

3.3 Balanced sliding window sampling

Most existing studies segment ECG signals using fixed-step windowing, which may limit the sample diversity given
the quasi-periodic nature of ECG waveforms. Additionally, class imbalance remains a common issue in ECG
datasets. Because valid segments can theoretically start at any point within a cardiac cycle, we propose balanced
sliding window sampling, as shown in Figure 2, in which a fixed number of windows per sample is randomly selected
to enhance the diversity while promoting class balance during training.

Balanced sliding window sampling improves the model performance by addressing two key issues: it enforces class
balance by extracting a fixed number of samples per recording and enhances phase diversity by randomly positioning
the windows. This exposes the model to a wider range of temporal patterns while preventing the over-representation
of longer signals, leading to more robust and generalizable learning.
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Figure 1 (Color online) Overall architecture of CFAN. The FAAM block applies attention to the frequency-domain features to emphasize the

most informative parts of the signal. AG-CNN block combines dynamic convolution and normal convolution, adjusting its kernel weights based

on the input frequency factors to capture sample-relevant temporal features. MLP classifier processes the learned features and outputs the final

classification result corresponding to the predicted emotion.

Figure 2 (Color online) Windowing methods. The orange regions show shift-fixed windowing with uniform spacing, and the green segments

represent balanced sliding window sampling, which randomly selects a fixed number of windows to ensure class balance and phase diversity.

3.4 FAAM block

Emotional states, particularly those involving arousal or stress, are known to modulate the autonomic nervous
system, which in turn alters the heart rate variability [59]. These changes are typically observed in the power
spectrum of the ECG signal, especially within two key frequency bands: the low-frequency (LF) band (0.04–
0.15 Hz) and the high-frequency (HF) band (0.15–0.4 Hz) [60]. A high LF/HF ratio is often associated with
sympathetic dominance, such as during stress, whereas a lower ratio suggests parasympathetic activation, such as
during relaxation [61].

As shown in Figure 3, the FAAM block processes the raw ECG signal by first converting it into the frequency do-
main using a real-valued FFT. Given an input ECG signal xi, the FFT computes the real and imaginary components
of the signal’s frequency domain representation.
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Figure 3 (Color online) FAAM block.

Specifically, the real part Rxi
and imaginary part Ixi

are calculated as follows:

Rxi
= Re{FFT(xi)}, Ixi

= Im{FFT(xi)}, (1)

where Re and Im denote the real and imaginary parts, respectively. The frequency domain representation of the
signal is then obtained by concatenating the real and imaginary components: the magnitude of the frequency
spectrum F (f) is determined by combining these components

Fxi
=

√

R2
xi

+ I2
xi
. (2)

This frequency spectrum serves as the foundation for the ensuing attention mechanism. In the scaled dot-
product attention, we use the spectrum F (x) to generate query, key, and value matrices, denoted as Q, K, and V ,
respectively. These matrices are derived through learned linear transformations of the frequency spectrum

Qxi
= WQFxi

, Kxi
= WKFxi

, Vxi
= WV Fxi

, (3)

where WQ, WK , and WV are weight matrices that project the frequency spectrum into the query, key, and value
spaces, respectively.

The attention scores are computed by taking the dot product of the query and key matrices, followed by scaling
and the application of a softmax function to obtain the attention weights

Attention(Qxi
,Kxi

,Vxi
) = softmax

(

Qxi
KT

xi√
dk

)

Vxi
. (4)

Here, dk is the dimensionality of the key. The softmax function ensures that the attention scores sum to unity,
effectively allowing the model to focus on the most relevant frequency components.

The attention output is then passed through an MLP, which consists of a linear transformation followed by a
ReLU activation

FFxi
= ReLU(Wh ·Attention(Qxi

,Kxi
,Vxi

)), (5)

where Wh is a learnable weight matrix; the resulting feature representation FFxi
∈ R

Kf is the frequency factor,
which captures the key frequency information from the ECG signal and serves as the input for the next block in
the model, the AG-CNN block.

By incorporating this attention mechanism, the FAAM block effectively highlights important frequency patterns
in the ECG signal that are highly correlated with emotion. This allows the model to focus on subtle changes in the
signal that are crucial for ER.

3.5 AG-CNN block

As shown in Figure 4, the AG-CNN block is designed to dynamically adapt the convolutional filters based on
the frequency factors from the FAAM block, ensuring that the most relevant parts of the signal are emphasized
in the feature extraction. The AG-CNN block operates via a dynamic convolution mechanism that adjusts the
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Figure 4 (Color online) AG-CNN block.

convolutional kernels for each input based on the learned attention weights. The dynamic convolutional process in
this block involves multiple kernel sizes for capturing features on different temporal scales.

The learned frequency factors FFxi
modulate the convolutional weights Wk. Kf is the number of dynamic

filters. The aggregated weight for convolution is thus given by

Wagg =

K
∑

k=1

FFxi
Wk. (6)

The dynamic convolution operation is then applied to the input ECG signal sample

y = Conv1d(xi,Wagg, stride, padding), (7)

where stride and padding are hyperparameters controlling the step size of the convolution and the zero-padding,
respectively. The dynamic convolution process in the AG-CNN block is performed twice with different kernel sizes
(e.g., k1 and k2) to capture both short-term and long-term dependencies in the signal. The outputs of the two
convolution operations are concatenated along the channel dimension

yconcat = ReLU(BN(y1))⊕ ReLU(BN(y2)), (8)

where ⊕ denotes concatenation and BN represents batch normalization, which is applied to the outputs to improve
the training stability and achieve faster convergence.

After the dynamic convolution, two standard 1D convolutional modules are applied sequentially in the AG-CNN
block to further refine the extracted features. Each convolutional module consists of a 1D convolution operation with
a fixed kernel, BN for stabilizing the distribution of features, and a leaky ReLU activation function that introduces
non-linearity while allowing small gradients for negative values. This helps retain subtle characteristics of the ECG
signal that might be important for ER. Max pooling is used to reduce the temporal dimensions, retaining essential
features while providing some degree of translation invariance.

Formally, let z(1) and z(2) be the outputs of the first and second convolutional layers, respectively. Each convo-
lution operation Conv1d(·) in this part is defined as

z(i) = MaxPool1d(LeakyReLU(BN(Conv1d(z(i−1))))), (9)

where z(0) = yconcat ∈ R
B×Cout×L′

is the concatenated output from the dynamic convolution stage. The application
of max pooling progressively reduces the length of the feature maps, focusing on high-level abstractions in the ECG
signal.
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3.6 MLP classifier

The MLP classifier in the CFAN model serves as the final stage, where the learned features from the AG-CNN block
are processed to output the emotion class. This block uses MLP to map the high-level feature representations to
the target labels.

After the high-level feature extraction process in the AG-CNN block, the feature map z(2) is passed through an
adaptive average pooling layer, which reduces the dimensionality of the feature map by averaging over the temporal
dimension

favg = AdaptiveAvgPool1d(z(2)). (10)

This results in a fixed-size feature vector favg. The pooled features are then passed through an FC layer that
maps the features to the final output space, which corresponds to the number of emotion classes nclasses. The
output of the FC layer is computed as

o = Wfcfavg + bfc, (11)

where o ∈ R
B×nclasses is the output prediction for each class, Wfc is the weight matrix of the FC layer, and bfc is

the bias term.
Finally, a softmax activation function is applied to the output to convert the logits into probability scores for

each class

ŷ = softmax(o), (12)

where ŷ ∈ R
B×nclasses represents the predicted probabilities for each emotion class. The class with the highest

probability is selected as the predicted emotion for each input ECG signal.

3.7 Loss function

The model is trained to minimize the classification error by optimizing a cross-entropy loss function, which is defined
as

L(y, ŷ) = −
n
∑

i=1

nclasses
∑

j=1

yij log(ŷij), (13)

where y ∈ {0, 1}n×nclasses is the true label matrix, yij = 1 if sample i belongs to class Cj, and ŷ ∈ [0, 1]n×nclasses

is the predicted probability for each class obtained from the model.
The classification problem can be solved using supervised learning techniques, where the model f is trained on

labeled ECG data X and the corresponding emotion labels y, where the objective is to find the optimal parameters
that minimize L(y, ŷ).

To address potential overfitting arising from the small size of the dataset (15 subjects) and the complex network
architecture, we implemented dropout with a rate of 0.3 after each attention and FC layer.

4 Experiments

4.1 Datasets

The WESAD dataset [62] is a publicly available dataset for wearable stress and affect detection. Table 1 presents
a detailed overview of the dataset. It contains data from 15 subjects, each of whom participated in a laboratory
study involving the completion of a series of tasks designed to induce stress and affect. The Baseline modality is
induced using carefully selected reading materials to define the neutral condition. Amusement is elicited through
engaging video clips designed to evoke positive emotional responses [63], while Stress is induced using the Trier
social stress test (TSST) [64], a widely recognized and validated method for eliciting stress. These stimuli were
chosen because of their established effectiveness in reliably triggering the intended emotional states, ensuring the
robustness and relevance of the dataset. The data were collected using a chest strap (RespiBAN Professional1))
and wrist-worn sensors (empatica E42)). In this study, we use the ECG data from the chest-worn sensors, which
provide a one-channel signal at a sampling rate of 700 Hz. The WESAD dataset is available for download from the
UCI machine learning repository3).

1) https://www.pluxbiosignals.com/.

2) https://www.empatica.com/e4-wristband.

3) https://archive.ics.uci.edu/ml/datasets/WESAD.
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Table 1 Summary of components and stimuli characteristics of the WESAD dataset.

Factor WESAD

Subjects 15 (12 male, 3 female)

Label Baseline/Amusement/Stress

Stimuli

Baseline Reading material

Amusement Video clips [63]

Stress TSST [64]

Duration

Baseline About 20 min

Amusement About 6.5 min

Stress About 10 min

Sampling rate 700 Hz

4.2 Evaluation metrics

We evaluated the performance of the algorithm model using the average accuracy and F1-score, which were cal-
culated as follows. TPi indicates true positive, TNi indicates true negative, FPi indicates false positive, and FNi

indicates false negative for subject i, and C is the number of subjects.
The average accuracy across all subjects is calculated as follows:

Average Accuracy =
1

C

C
∑

i=1

TPi +TNi

TPi +TNi + FPi + FNi

. (14)

The average F1-score across all subjects is thus

Average F1-score =
1

C

C
∑

i=1

2× TPi

2× TPi + FPi + FNi

. (15)

4.3 Preprocessing

For the WESAD dataset [62], we first applied a band-pass finite impulse response filter with a frequency range of
0.05–150 Hz to remove low- and high-frequency noise and artifacts. The data were then downsampled from 700 to
300 Hz to reduce the computational complexity while preserving essential information. Finally, we standardized
the data across subjects by applying user-specific z-score normalization [54].

Deep learning models require large datasets, but WESAD includes only 15 subjects. To compensate for this
shortcoming, we segmented the ECG signals into 10 s windows, increasing the sample count and standardizing the
input size for more effective training. To address any class imbalance and improve the generalization, we applied
balanced sliding window sampling with overlapping windows and randomized offsets (Figure 2). For each class and
subject, 500 segments were randomly extracted, ensuring balanced and diverse training samples.

4.4 Experimental settings

We employed two types of experimental settings: (i) LOSO cross-validation and (ii) LOSO pre-training with subject-
dependent fine-tuning, as shown in Figure 5. Each method is explained in the following paragraphs.

LOSO setting, as shown in Figure 5(b), is a form of cross-validation in which the data are divided such that each
subject in the dataset is used once as a test set while the remaining subjects form the training set. This method
is particularly advantageous in scenarios with limited data availability and high inter-subject variability because it
ensures that the model is tested on unseen subjects in each iteration. The WESAD dataset comprises 15 available
subjects. In each iteration, one subject is designated as the test set, while the remaining subjects are used as the
training set. This process was repeated 15 times, ensuring that each subject served as the test set exactly once. The
final performance metric is computed as the average across all iterations. This approach prevents data leakage and
provides a more accurate evaluation of the model’s generalization performance. The primary role of the validation
set is to guide model selection under the assumption that the validation and test sets follow similar distributions.
However, in the LOSO setting, this assumption does not hold because each test subject differs from the training
subjects. Consequently, using a separate validation set is unnecessary in this context.

As shown in Figure 5(c), the fine-tuning setting follows the same data partitioning strategy as LOSO. However,
model training is conducted in two stages: pretraining and fine-tuning. In the pretraining stage, the model is
trained on the entire training subset (i.e., all subjects except the test subject). This step allows the model to
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Figure 5 (Color online) Illustration of the experimental settings. (a) Example of data collection protocol for a single subject, including the

Baseline, Stress, and Amusement phases. (b) LOSO cross-validation setting. In each fold, one subject is reserved as the test set while the others

are used as the training set. (c) Fine-tuning setting. The beginning of tft for each phase is used for fine-tuning.

learn generalizable feature representations from a broader dataset, providing strong initialization for subsequent
fine-tuning. In the fine-tuning stage, we use an initial segment of the test subject’s data to adapt the model to
the subject-specific characteristics, while the remaining portion serves as the final test set. Specifically, instead
of selecting data randomly, the earliest available segment of the test subject’s data is used for fine-tuning. This
design choice reflects real-world application scenarios, where early data from a new subject can be used for rapid
model adaptation before further predictions are made. This approach ensures that the model learns subject-specific
patterns while minimizing the risk of data leakage. The process is repeated for each subject in the dataset, ensuring
that each subject is used as the test set once. The final model performance is reported as the average across all
iterations.

4.5 Implementation details

For the implementation developed herein, the embedding dimension of the FAAM block is set to 128, with two
attention heads. For the frequency factor, the dimensionality K is set to 18, and the number of dynamic filters
is 32. The dynamic convolution operations utilize kernel sizes of 35 and 17. Appropriate padding is applied to
maintain the input-output dimensional consistency. The subsequent CNN layers adopt ratio coefficients of 15 and
8, with output channel dimensions of 64 and 256, respectively. These hyperparameters, including the kernel sizes
and channel configurations, were determined based on preliminary experiments aimed at balancing the complexity
and performance of the model. The training protocol remains consistent across all subjects. The model is trained
using the Adam optimizer, with an initial learning rate of 1×10−4. The cross-entropy loss is selected as the objective
function to guide training. The training is conducted for a maximum of 100 epochs with a batch size of 1028.

5 Results and analysis

In this section, we first present and statistically analyze the accuracy and F1-score of the developed method in
comparison with state-of-the-art approaches. We then conduct ablation studies to examine the contribution of each
component in the CFAN model. Furthermore, we examine the impact of key hyperparameters, including the kernel
size in the AG-CNN layer and the dimensionality of K , on the model performance.
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Table 2 Comparison of accuracy results across models in both LOSO and fine-tuning settings. Superscripts denote statistical significance. a:

p < 0.001, b: p < 0.01, c: p < 0.05. ACC values are expressed as percentages.

Metric CFAN KNN AB RF CNN GRU TimesNet Transformer CapsuleNet

L
O

S
O ACC 57.62±14.28 48.15±10.62 50.24±15.18 52.43±15.80 55.55±10.28 47.00±12.72c 58.02±16.22 43.11±8.66b 43.08±13.21b

F1-score 0.4990±0.1714 0.4675±0.1007 0.4663±0.1606 0.4873±0.1625 0.4906±0.1048 0.4376±0.1394 0.4305±0.1673 0.3368±0.0935b 0.3991±0.1327

AUC 0.7472±0.1094 0.6744±0.1106 0.7089±0.1567 0.7289±0.1671 0.7465±0.1106 0.7020±0.1450 0.6933±0.1682 0.6246±0.1094b 0.6297±0.1340c

1
5

s ACC 70.13±17.50 44.45±11.96 51.24±17.63 53.63±15.33 58.33±11.38c 53.43±11.01b 61.75±16.88 40.94±7.82a 44.43±12.83a

F1-score 0.6791±0.1912 0.4158±0.1160 0.4809±0.1879 0.5155±0.1570 0.5720±0.1187 0.5118±0.1098b 0.4962±0.1753c 0.3181±0.0921a 0.4148±0.1268a

AUC 0.8563±0.1086 0.6039±0.1098 0.6343±0.1322 0.7186±0.1166 0.7928±0.0918 0.7272±0.1236b 0.7168±0.1492c 0.6194±0.0929a 0.6494±0.1228a

3
0

s ACC 73.64±16.92 48.98±11.07 58.58±14.81 60.17±15.80c 62.11±12.07c 54.37±11.06b 68.03±16.34b 43.98±6.61a 45.00±13.84a

F1-score 0.7309±0.1712 0.4790±0.1178 0.5693±0.1554 0.5986±0.1593b 0.6138±0.1263c 0.5205±0.1088a 0.5016±0.1676 0.3481±0.0926a 0.4215±0.1344a

AUC 0.8720±0.0977 0.6592±0.0937 0.7018±0.1030 0.7945±0.1130b 0.8093±0.0905 0.7353±0.1220b 0.7302±0.1523c 0.6389±0.0921a 0.6524±0.1276a

4
0

s ACC 76.06±14.87 49.24±13.24 64.38±11.77a 63.69±13.54b 65.35±11.92c 55.43±10.13a 68.04±16.43a 44.40±7.13a 45.09±14.06a

F1-score 0.7515±0.1560 0.4846±0.1351 0.6306±0.1224a 0.6315±0.1390a 0.6446±0.1244 0.5313±0.0980a 0.5394±0.1649a 0.3522±0.0926a 0.4193±0.1373a

AUC 0.8867±0.0907 0.6771±0.1233 0.7473±0.0830c 0.8250±0.1047a 0.8274±0.0854 0.7571±0.1195b 0.7570±0.1505b 0.6429±0.0966a 0.6575±0.1309a

Figure 6 (Color online) Comparison of accuracy results across models in both LOSO and fine-tuning settings.

5.1 Performance comparison

To evaluate the effectiveness of the proposed CFAN model, the metrics were quantitatively compared against
those of multiple baseline approaches, including manual feature selection methods (k-nearest neighbor (KNN),
adaptive boosting (AB), random forest (RF)) and automatic feature learning methods (CNN, GRU, Transformer,
TimesNet [65], and CapsuleNet [66]).

Table 2 provides a comprehensive comparison of the ACC, F1-score, and AUC for the various models employing
both LOSO cross-validation and fine-tuning settings, and Figure 6 illustrates the corresponding ACC trends. Ad-
ditionally, the fine-tuning setting is evaluated with different input signal durations. In the LOSO setting, CFAN
achieves the best overall performance, with an F1-score of 0.4990 and an AUC of 0.7472. Although TimesNet yields
a marginally higher ACC of 58.02% compared to CFAN’s 57.62%, its F1-score of 0.4305 and AUC of 0.6933 are
substantially lower, suggesting that its accuracy advantage is achieved at the cost of reduced balanced performance
across classes. Among the traditional models, RF performs best, reaching 52.43% accuracy, despite ranking below
CFAN and CNN. Deep learning models such as CNN, at 55.55%, demonstrate competitive performance, whereas
GRU provides slightly lower but comparable results. Transformer and CapsuleNet underperform, with AUC values
not exceeding 0.63 in this setting. In the fine-tuning setting, CFAN consistently outperforms all models as the signal
duration increases, reaching its peak performance at 40 s with 76.06% accuracy, an F1-score of 0.7515, and an AUC
of 0.8867. This trend suggests that longer signals capture richer temporal information, enabling better fine-tuning
for emotion classification. Among the traditional models, RF and AB both show considerable improvement with
longer signals, reaching 63.69% and 64.38% accuracy at 40 s, respectively. In contrast, KNN exhibits limited im-
provement, indicating weaker adaptability to increasing input complexity. Across all fine-tuning durations, CFAN
consistently surpasses the other deep learning models. CNN, which achieves 65.35% accuracy at 40 s, still lags be-
hind CFAN. Notably, the performance gap widens as the signal duration increases, as indicated by the statistically
significant differences (superscripts a, b, and c denote p < 0.001, p < 0.01, and p < 0.05, respectively). Overall,
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Figure 7 (Color online) Accuracy for each subject using CFAN with LOSO cross-validation (a) and 40-s fine-tuning settings (b).

Figure 8 (Color online) Results of confusion matrices for CFAN (a) and CNN (b) employing 40-s fine-tuning settings.

these results highlight the robustness of CFAN, particularly in the fine-tuning setting, reinforcing its potential as a
state-of-the-art model for ER in both LOSO and fine-tuning scenarios.

Figure 7 presents the classification accuracy for all subjects using the CFAN model and the comparative models
with both LOSO cross-validation and fine-tuning settings. The performance varies notably across subjects, with
some models achieving relatively high accuracy, suggesting that the task is significantly influenced by inter-subject
variability. In the LOSO setting (Figure 7(a)), CFAN consistently outperforms the other models across most
subjects, with particularly strong results for sub3 and sub12. Despite some degree of inter-subject variability, CFAN
demonstrates greater robustness and stability compared to the other models, underscoring its superior generalization
capability across unseen subjects. In the 40-s fine-tuning setting (Figure 7(b)), CFAN achieves substantial accuracy
improvements across all subjects, with particularly high performance for sub1, sub6, sub7, sub12, and sub14, where
the accuracy exceeds 80%. In contrast, the other baseline models exhibit inconsistent improvements, where CNN
and TimesNet occasionally perform on par with CFAN, but fail to maintain competitive accuracy across most
subjects. These results underscore the adaptability and reliability of CFAN, reinforcing its effectiveness in emotion
recognition tasks.

Figure 8 presents the confusion matrices for CFAN (a) and CNN (b) under the 40-s fine-tuning condition. The
CFAN model demonstrates superior classification performance, as indicated by the more pronounced diagonal in
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Figure 9 (Color online) ROC curves with 40-s fine-tuning setting.

Table 3 Results of ablation study for CFAN.

Method ACC (%) F1-score

Normal CNN 55.46 0.4694

AG-CNN (CFAN w/o FAAM) 57.74 0.4995

CFAN (AG-CNN + FAAM) 58.57 0.5191

its confusion matrix, reflecting higher accuracy across all emotional states. Specifically, CFAN achieves 87.50%
accuracy in classifying the “Amusement” state, with minimal misclassification among other categories. In contrast,
CNN exhibits a higher rate of off-diagonal errors, particularly in the “Baseline” class, where CNN frequently confuses
other emotional states. Across all emotional states, CFAN consistently outperforms CNN, demonstrating notably
higher precision for both the “Amusement” and “Stress” classes. These results underscore the potential of CFAN
for ER.

Figure 9 presents the receiver operating characteristic (ROC) curves for different models using the 40-s fine-
tuning setting. The AUC values are reported to quantify the overall classification performance of each model.
The CFAN model achieves the highest AUC of 0.89, demonstrating its superior ability to distinguish between
classes while maintaining an optimal balance between the true positive rate and false positive rate. CNN and
TimesNet follow closely, with competitive AUCs of 0.83 and 0.82, respectively, indicating robust but slightly inferior
performance compared to that of CFAN. In contrast, GRU achieves a moderate AUC value of 0.76. Transformer
and CapsuleNet exhibit the weakest performance, with AUC values of 0.64 and 0.66, respectively. This suggests
that these architectures do not effectively capture the underlying emotional patterns within the 40 s signals, possibly
because of limitations in modeling temporal dependencies or sensitivity to fine-tuning adjustments. The dashed
diagonal line represents the random guess performance, serving as a baseline reference. Overall, the ROC curves
confirm the superior discriminative capability of CFAN, highlighting its significant performance advantage compared
to the baseline models.

5.2 Ablation study

Table 3 presents the results of the ablation study, which evaluates the contribution of different components in the
proposed CFAN model. The comparison includes the standard CNN model, AG-CNN model, meaning CFAN model
without FAAM, and the full CFAN model.

The results in Table 3 demonstrate that the normal CNN achieves an accuracy of 55.46% and an F1-score
of 0.4694. By incorporating dynamic parameter generation, AG-CNN demonstrates a performance improvement,
where the accuracy and F1-score increased to 57.74% and 0.4995, respectively. This suggests that dynamically
adjusting the CNN parameters during training allows the model to better adapt to variations in the ECG signals.
Finally, the full CFAN model achieves the highest accuracy of 58.57% and F1-score of 0.5191, demonstrating the
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Table 4 Performance comparison for different kernel sizes.

Kernel size

17 21 25 27 29 31 35 41 55

ACC (%) 56.63 55.59 54.48 56.77 54.40 57.56 58.57 56.04 54.56

F1-score 0.4993 0.5155 0.5034 0.4962 0.4813 0.5078 0.5191 0.5008 0.4589

Table 5 Comparison of performance with variation of Kf .

Kf

8 12 16 18 20 24 28 32 36 60

ACC (%) 54.22 54.30 58.12 58.57 55.50 55.94 54.53 54.59 54.29 56.60

F1-score 0.4919 0.4668 0.5120 0.5191 0.5016 0.4640 0.4487 0.4600 0.4641 0.4722

Figure 10 (Color online) Visualizations of the learned convolutional kernels using AG-CNN.

effectiveness of its frequency-aware design in adapting to the quasi-periodic nature of ECG signals and providing
improved performance compared to standard CNN and AG-CNN architectures.

5.3 Effect of kernel size and frequency factor Kf in AG-CNN layer

Table 4 summarizes the effect of different kernel sizes in the first layer of AG-CNN. The kernel size significantly
influences early-stage feature extraction by controlling the receptive field. We evaluated kernel sizes ranging from
17 to 55. The best performance was achieved with a kernel size of 35, yielding 58.57% accuracy and an F1-score of
0.5191. Smaller kernels (17, 21) and larger kernels (41, 55) caused the accuracy and F1-score to decrease.

These results indicate that a kernel size of 35 offers an effective trade-off, being small enough to capture local
details yet large enough to maintain contextual awareness. In contrast, overly small kernels may miss broader
temporal patterns, and overly large kernels may oversmooth features, weakening the model’s discriminative power.
Thus, selecting an appropriate kernel size is critical for optimizing the performance of AG-CNN.

Table 5 presents the impact of varying Kf , which determines both the dimension of the frequency factor and
the number of dynamic filters in AG-CNN. We evaluated Kf values ranging from 8 to 60, using the accuracy and
F1-score as performance metrics.

The model performs best at Kf = 18, achieving 58.57% accuracy and an F1-score of 0.5191. Lower Kf values
(e.g., 8 and 12) result in reduced performance (accuracy below 55%, F1-scores under 0.50), possibly arising from
limited frequency representation. IncreasingKf beyond 18 also leads to a performance decline (e.g., 54.59% accuracy
at Kf = 32), indicating that overly large values may introduce redundant or noisy features.

These findings suggest that proper tuning of Kf is crucial. An overly small value limits the model’s capacity to
encode spectral information, whereas excessively large values may hinder generalization. A moderate setting, such
as Kf = 18, provides a favorable trade-off between the model complexity and representational power.

5.4 Visualization of AG-CNN kernels

To further demystify the “black-box” nature, visualizations of the learned convolutional kernels by AG-CNN were
averaged across the output dimensions, as shown in Figure 10.

After training, different kernels learn to focus on specific input dimensions and frequency-dependent character-
istics of the ECG signal. For instance, some kernels become specialized in capturing HF transients typically found
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Table 6 Comparison of performance of model in 5-class Valence and Arousal classification using DREAMER dataset [67]. Metrics reported

as Accuracy/F1-score (mean ± std). CFAN achieves the best performance across both dimensions.

Model
Valence Arousal

Accuracy/F1-score Accuracy/F1-score

CNN 0.6940 ± 0.038/0.6900 ± 0.031 0.6201 ± 0.044/0.6066 ± 0.036

GRU 0.7230 ± 0.036/0.7070 ± 0.030 0.6408 ± 0.041/0.6237 ± 0.034

Transformer 0.6810 ± 0.042/0.6860 ± 0.035 0.6228 ± 0.047/0.6075 ± 0.038

TimesNet 0.7250 ± 0.034/0.7100 ± 0.028 0.6435 ± 0.040/0.6282 ± 0.033

CapsuleNet 0.7510 ± 0.031/0.7390 ± 0.027 0.6660 ± 0.038/0.6525 ± 0.032

CFAN (ours) 0.7860 ± 0.030/0.7720 ± 0.025 0.6939 ± 0.035/0.6822 ± 0.030

in the QRS complex, while others respond more strongly to LF components associated with broader waves such as
the P-wave or T-wave.

5.5 Additional evaluation of CFAN using DREAMER dataset

To further evaluate the generalizability of the proposed CFAN model, we conducted additional experiments using
the DREAMER dataset, which differs from WESAD in terms of the subject composition and emotional elicitation
paradigms. Table 6 summarizes the performance of CFAN compared to several representative baselines, including
deep learning models (Transformer, CNN, GRU, TimesNet, CapsuleNet), for 5-class classification tasks for the
Valence and Arousal dimensions. The mean accuracy and F1-score, used as evaluation metrics, are presented with
the standard deviations, providing a more comprehensive view of the performance stability.

As shown in Table 6, CFAN achieves the best overall results for the Valence (0.7860/0.7720) and Arousal
(0.6939/0.6822) classification, consistently outperforming all baselines in terms of both the predictive performance
and reliability. Although models such as CapsuleNet and TimesNet also provide competitive results, CFAN demon-
strates superior robustness across varying emotional conditions. These findings underscore the strong generalization
capability and practical applicability of CFAN in diverse emotion recognition scenarios based on physiological sig-
nals.

6 Conclusion

The CFAN model was developed for ER using ECG signals, integrating an FAAM block and an AG-CNN block to
effectively capture both frequency-domain and temporal patterns. Evaluation using the WESAD dataset with both
LOSO and subject-dependent settings employing pretraining and fine-tuning demonstrated that CFAN significantly
outperforms state-of-the-art models in terms of recognition accuracy and F1-score. Ablation studies confirm the
impact of key architectural components and hyperparameter choices, especially the frequency-factor dimension and
kernel size, on the performance of the model. These results demonstrate the robustness and effectiveness of CFAN
for emotion recognition tasks, highlighting its strong potential for ECG-based emotion detection applications.

Although CFAN demonstrates high accuracy in controlled environments, real-world deployment poses challenges
because of inter-subject variability in ECG signals. Addressing this variability through personalization techniques,
such as transfer learning or subject-specific fine-tuning, could further enhance the robustness of the model. Addition-
ally, improvements in data augmentation, unsupervised learning, and model optimization for low-latency processing
would support scalable, real-time applications on wearable devices. In summary, CFAN holds considerable potential,
but further development is essential for ensuring adaptability and scalability across diverse, real-world conditions.
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