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Abstract

Emotion recognition using Electroencephalography (EEG) is challenging due to its low
signal-to-noise ratios and high-dimensional sparsity. We propose FeelNet, a novel Fast
Fourier Transform (FFT)-based architecture that simultaneously extracts global and local
features across joint frequency-time domains. FeelNet incorporates an adaptive Rhythm
Spectral Block (RSB) for capturing key frequency patterns and filtering task-irrelevant noise
through power spectral thresholding. Additionally, the Multi-scale Temporal Conv Block
(MTCB) enhances the model’s ability to decode complex temporal dynamics. Extensive
evaluations on the DEAP and DREAMER datasets demonstrate that FeelNet outperforms
existing state-of-the-art methods in accuracy and flexibility, even under noise-contaminated
conditions. Owing to its computational efficiency and noise resilience, FeelNet provides an
alternative perspective for EEG-based affective computing.

Keywords: Fast Fourier Transform; Convolutional Neural Networks; Emotion Recognition
based EEG.

1. Introduction

Emotion recognition is crucial for understanding human behavior, as affective states dy-
namically modulate cognitive appraisal, behavioral responses, and physiological adapta-
tion (Willett et al., 2021; Lu et al., 2023; Manral and Seeja, 2023; Lian et al., 2023).
Electroencephalography (EEG) has emerged as a privileged modality for objective emotion
assessment due to its millisecond-scale temporal resolution and direct neural correlates. Re-
cent advances in deep learning have propelled EEG-based emotion recognition from hand-
crafted feature paradigms (e.g., Differential Entropy (Duan et al., 2013), Power Spectrum
Density features (Jia et al., 2020)) toward end-to-end representation learning, achieving
state-of-the-art accuracy on benchmark datasets like SEED (Zheng and Lu, 2015) and
DEAP (Koelstra et al., 2011). Nevertheless, EEG signals still challenge low signal-to-noise
ratios and high-dimensional sparsity.

Deep learning technologies address these challenges through hierarchical abstraction of
spatio-spectro-temporal patterns, demonstrating superior noise invariance. Among these,
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Convolutional Neural Networks (CNNs) (Shen et al., 2022; Ding et al., 2023, 2024) have
demonstrated particular promise in EEG emotion recognition by extracting local temporal
features and enabling dimensionality reduction. TSception (Ding et al., 2023) employs
multi-scale temporal convolutions to capture dynamic dependencies, while CLISA (Shen
et al., 2022) leverages contrastive learning to enhance feature separability. However, the
inherent local bias of CNNs impedes modeling of global neurodynamics, and critically fails
to address spectral non-stationarity.

This limitation has spurred time-frequency integration paradigms, exemplified by SST-
EmotionNet (Jia et al., 2020) which projects EEG signals into 2D spectral-temporal maps
across five frequency bands. Notably, neural oscillations in the beta band (13-40 Hz) have
been implicated in emotional processing and modulation (Zheng et al., 2019). However,
existing methods still face significant challenges in spectral feature selection and denoising,
often failing to fully capture the complexity and diversity of spectral information.

We propose FeelNet, a novel lightweight FFT-based EEG emotion recognition network
that unifies temporal and spectral modeling. Inspired by spectral and hierarchical archi-
tectures such as TSLANet (Eldele et al., 2024), FeelNet incorporates neuroscientifically-
grounded priors through five rhythm-specific spectral filters (6,0, a, 3,~) designed to atten-
uate task-irrelevant noise and amplify emotion-relevant spectral signatures. As illustrated
in Fig. 1, FeelNet integrates two synergistic components: the Rhythm Spectral Block
(RSB) and the Multi-scale Temporal Conv Block (MTCB). First, the RSB module trans-
forms time-domain EEG signals into the Fourier domain, applying global filters and rhythm
filters to capture spatial dependencies and emotion-relevant frequency features while sup-
pressing noise. The filtered features are then returned to the time domain via Inverse Fast
Fourier Transform (IFFT). Finally, the MTCB module integrates the multi-scale spatiotem-
poral features after the RSB module filtering, improving the model’s ability to capture both
local and global dependencies.

Extensive experiments demonstrate that FeelNet achieves state-of-the-art performance
on DEAP and DREAMER datasets. By jointly modeling spectral and temporal dynam-
ics, FeelNet significantly enhances both recognition accuracy and noise robustness. Fur-
thermore, analysis methods like brain topography visualization and model ablations can
extract neurophysiologically interpretable features from the FeelNet model. The following
summarizes the key contributions of this work:

e We propose FeelNet, a novel lightweight EEG emotion recognition framework that
integrates joint frequency-time processing to capture global spatial-spectral depen-
dencies via Fast Fourier Transform.

e We propose the Rhythm Spectral Block (RSB) to filter task-irrelevant noise via power
spectral thresholding, enabling the amplify emotion-relevant rhythms. Additionally,
we propose the Multi-scale Temporal Conv Block (MTCB) to capture multi-scale
spatiotemporal patterns after the RSB module filtering, facilitating deeper and more
effective feature fusion with minimal parameters.

e Much smaller computational costs and higher recognition accuracy are found through
experiments.
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Figure 1: The proposed FeelNet structure. The input EEG signals are segmented into
tokens and positional embeddings are added. Next, the preprocessed data are
passed through the Rhythm Spectral Block that uses frequency domain repre-
sentation for reliable feature extraction and adaptive rhythm threshold for noise
reduction. The Multi-scale Temporal Conv Block is then used to integrate fine-
grained frequency information and capture complex spatio-temporal patterns
through convolutional operations. The final classification distinguishes between
low/high arousal and valence through global pooling and fully connected layers.

2. Related Work
2.1. Spatiotemporal Feature Extraction

CNNs (Schirrmeister et al., 2017; Lawhern et al., 2018; Ingolfsson et al., 2020; Zhang et al.,
2023; Huang et al., 2024; Liu et al., 2024) have showed significant effectiveness extracting
spatiotemporal features from EEG signals, particularly in brain-computer interface applica-
tions. Lawhern et al. (2018) introduced EEGNet, a compact CNN architecture that combines
deep and separable convolutional kernels for spatiotemporal feature extraction. Ding et al.
(2023) proposed TSception, a multi-scale spatiotemporal CNN network to extract temporal
dynamics and spatial asymmetry features in emotion classification based on EEG signals.
Still, it is prone to overfitting on a small dataset due to the local bias. So, models like
EEG-TCNet (Ingolfsson et al., 2020) and ERTNet (Liu et al., 2024) have been proposed,
leveraging self-attention mechanisms (Tao et al., 2023) and dilated convolutions (Yu and
Koltun, 2015) to capture complex temporal patterns and long-range dependencies. Never-
theless, these models suffer from high resource consumption and performance degradation
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as sequence length increases. To address these limitations, FeelNet reduces computational
complexity by transforming the signal into the frequency domain without sacrificing model
performance, thanks to the complexity of O(N log N) of the FFT (Baxes, 1994).

2.2. Frequency Feature Extraction

The frequency domain (Jenke et al., 2014; Zheng et al., 2019; Jia et al., 2020; Rao et al.,
2021, 2023; Tatsunami and Taki, 2024) has been extensively explored in EEG-based emotion
recognition, as EEG signals with predefined frequency bands associated with specific cog-
nitive and affective processes. While architectures like SST-EmotionNet (Jia et al., 2020)
combine convolutional and recurrent layers to capture spatio-spectral features, their reliance
on fixed frequency bands (e.g., rigid 4-8Hz 6 band) fundamentally limits adaptability to neu-
robiological variability across individuals. To address this spectral rigidity, TSLANet (Eldele
et al., 2024) pioneers adaptive Fourier analysis with data-driven thresholding, dynamically
extracting multi-scale temporal dependencies. However, the global denoising paradigm un-
intentionally attenuates transient yet discriminative oscillatory patterns, such as gamma
bursts greater than 30Hz (Zheng et al., 2019) correlating with emotional arousal. This
has the effect of compromising feature fidelity in noisy environments. To preserve these
behaviorally critical transients while maintaining denoising efficacy, FeelNet introduces the
rhythm filtering and multi-scale feature extraction, thereby enabling robust emotion recog-
nition with lower computational costs and enhanced noise suppression.

3. Methodology

3.1. Architecture Overview

The proposed FeelNet model comprises two core components: the Rhythm Spectral Block
(RSB) and the Multi-scale Temporal Conv Block (MTCB) (Fig. 1a). The RSB module
(Fig. 1b) processes EEG signals in the Fourier domain, enhancing emotion-relevant fea-
tures through rhythmic spectral filtering. The MTCB module (Fig. 1c¢) then captures multi-
scale spatiotemporal patterns from the reconstructed time-domain signal. This dual-domain
approach enables comprehensive feature extraction for emotion recognition. Final classi-
fication distinguishes low /high arousal (calm/excited) and valence (unpleasant/pleasant)
through global pooling and fully-connected layers.

3.2. Preprocessing

Given EEG signals as the input z, each signal z € RT*¢*L has T trials, C' channels, and a
sample length L. First, the signal z is divided into N segments S; = {S1, 52, ..., Sy} along
the L-axis (i.e., length) by the non-overlapping sliding window. Each segment has a length
l = G x f, where f is the sampling frequency and G is the time interval. Each segment
S; € RT*NxCxl ig normalized along the C-axis (i.e., channel). To maintain the order of
the segments, positional embeddings FE; are added to each segment. The enhanced input
is represented as Psp, = S; + E; (Vaswani et al., 2017), enabling the model to capture
spatiotemporal relationships in EEG data effectively.
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3.3. Rhythm Spectral Block (RSB)

Inspired by TSLANet (Eldele et al., 2024), we propose the Rhythm Spectral Block
(RSB) using Fourier analysis to capture the temporal and spectral charateristics of bi-
ological rhythms. The design of the RSB module incorporates a priori neuroscientific
principles (Buzsdki and Draguhn, 2004) to implement cognitively-gated spectral filtering
in Fig. 1b. In particular, it is applicable to rhythm-specific thresholds that are aligned
with established affective neurodynamics. These are the delta band ¢ (0.5-4 Hz), theta
band 6 (4-8 Hz), alpha band « (8-13 Hz), beta band /3 (13-30 Hz), and gamma band ~ (30-
50 Hz) (Buzsdki and Draguhn, 2004). The suppression of extraneous noise is achieved while
selectively refining emotion-related spectral components. This biologically constrained de-
sign amplifies discriminative oscillatory signatures, thereby enhancing feature separability
for emotion recognition.

We apply an FFT operation along the spatial dimension to the position-embedded seg-
mented EEG signal Psg to obtain its frequency domain representation:

F = FPsg] € CTx0, (1)

where F[-] represents a one-dimensional FFT operation and !’ is the transformed sample
length in the frequency domain.

Then, we propose an adaptive frequency-specific masking mechanism to amplify emotion-
discriminative spectral components while suppressing noise. For each rhythm band F; €
{6,0,a, 8,7}, we firstly compute the Power Spectral Density (PSD): P; = |F;|? and apply
the learnable thresholds 1J; optimized by gradient backpropagation to generate filtered data

Ffiltered:

n
Flitierea = Y _ Fy © (P > 9;) € CTXNxOxI, (2)
i=1
where © is the element-wise multiplication (Hadamard product). The way to reduce noise
is through adaptively masking unrelated-frequency components by P; > ;.

The RSB module employs two parallel learnable filters: a global filter W that processes
the full-band frequency data and a rhythm filter W, that handles the adaptively filtered
data Fg and Fr. Fiytegrated is then integrated by using learnable scalar parameters p and
p to balance their contributions:

Foe=WsOF, (3)
FL = WL O] Ffiltereda (4)
Fintegrated = Fg X [ Fr, x p- (5)

Finally, we utilize the IFFT operation to return the integrated frequency data to the
time domain. The resulting time-domain signal, designated as S’, is expressed as follows:

S/ = Fﬁl[ﬂntagrated] S (CTXNXCXL/- (6)

After IFFT, the filtered features maintain the same dimensions as the input. FeelNet us-
ing FFT avoids the emergence of the attention mechanism with O(IN?) complexity, making
it efficient and suitable for EEG signal processing.



WanGgh2 Carh? Zuul? Yaol?

3.4. Multi-scale Temporal Conv Block (MTCB)

After filtering, EEG signals become two-dimensional time series with spatial (channels) and
temporal (time points) dimensions. To better integrate rhythm-filtered features, FeelNet
introduces the Multi-scale Temporal Conv Block (MTCB) in Fig. 1c, which combines
spatial depthwise convolution Zge:, and multi-scale separable convolution Zep., based on
depthwise separable convolution (Lawhern et al., 2018).

First, the spatial depthwise convolution applies a 1D convolutional kernel kp of size
(¢, 1) to learn spatial relationships across EEG channels ¢, resulting in Zgep, € Rxdxexf,

Zepth = AP(®pry(Conv2D(S', kp))), (7)

where S’ is the output of the RSB module, Conv2D(-) is the 2D convolution operation with
the kp kernel size, and ® gy is the ELU(-) activation function.

Subsequently, a temporal convolution Zsepq, € R™*s%exf} followed by multi-scale separa-
ble convolutions with kernels k& = (1,7%- f),4 € [1,2,3] captures diverse temporal features:

Zi = AP((I)ELU(COTLUQD(Zdeptha kg)% (8)

separ

where the ratio coefficient is set at [0.5,0.25,0.125] with n = 0.5, enabling the network
to learn multi-scale temporal representations as supported by Lawhern et al. (2018); Ding
et al. (2023).

The outputs from each separable convolution level are concatenated and passed through
Global Average Pooling (GAP) and a squeeze operation I'(+), followed by a softmax activa-
tion to produce the final prediction:

y= (I)SOftmax(F(GAP([Zslepar? s depa’r])))vj € [17 2, 3] (9)

The learning objective of this structure is to optimize the gap between predicted and

real categories and the loss function uses a cross-entropy loss as:

L=—(w-y-log(y) +wo-(1—y)- log(l—-19)), (10)

where w1 and wg are the weights for the positive class and the negative class for the class
imbalance problem. For more details, please refer to the Algorithm 1.

4. Experiments

4.1. Experimental Setup

We evaluated the FeelNet model on two widely used EEG datasets: DEAP (Koelstra et al.,
2011) and DREAMER (Katsigiannis and Ramzan, 2018), following established preprocess-
ing protocols Ding et al. (2023); Liu et al. (2024). Their details are summarized in Table 1.
For the DEAP dataset, a 3-second pre-stimulus baseline segment was removed. The data
were subsequently downsampled to 128 Hz, and non-EEG channels were excluded. Arousal
and valence labels were binarized by applying a threshold of 5 to the Self-Assessment
Manikin scores. The trials were then segmented into non-overlapping 4-second epochs.
Class weights w; and wgy were both set to 1 for this dataset.
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Algorithm 1 FeelNet Algorithm

Input: EEG data z € RT*¢*L ground truth label y
Output: Prediction § of FeelNet

do in sequential

// The RSB module processing

Convert z" to frequency domain via Eq. 1
Compute Fitegrated Using Eqgs. 2-5
Obtain S’ via inverse transform via Eq. 6

// The MTCB module processing
Calculate Zgeptn via Eq. 7 // spatial depthwise convolution
// multi-scale separable convolution

for : < 1 to 3 do
Determine ¢-th kernel size via Eq. 8

Compute Z! via Eq. 8

separ

end

end

Predict g via Eq. 9
return gy

For the DREAMER dataset, the last 60 seconds of each film clip (sampled at 128
Hz) were extracted. These data were segmented into 2-second non-overlapping epochs.
Arousal and valence labels were similarly binarized using a threshold of 3. To mitigate class
imbalance, class weights were adjusted to w; = 0.55 and wy = 0.45. Model performance was
evaluated using trial-wise 10-fold cross-validation. Hyperparameters were selected through
systematic Bayesian search over defined spaces: learning rate € [1 x e™*,1 x e2], batch
size € {32,64, 128}, dropout € [0.3,0.7]. The FeelNet model was implemented in PyTorch
and trained using the Adam optimizer with optimal values (1 x e™3, 64, 0.5). A fixed
random seed of 2021 was set for reproducibility. Training proceeded for 100 epochs, and
performance was assessed using Accuracy (ACC) and F1 score (F1).

Table 1: The dataset content summary.

Dataset Subjects (male/female) Age Trials Channels Rating value

DEAP 32 (16/16) 26.9 40 32 1-9
DREAMER 23 (14/9) 26.6 18 14 1-5

4.2. Results and Analysis
4.2.1. PERFORMANCE COMPARISON

Quantitative results demonstrate FeelNet’s superiority for EEG-driven emotion classifica-
tion on the DEAP dataset and DREAMER dataset in Table 2 and Table 3. This validates
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our hypothesis that hand-crafted features constrain traditional algorithms’ performance.
FeelNet outperforms six established deep learning benchmarks, including standard convo-
lutional networks and Transformer-based models, while also demonstrating superior perfor-
mance among lightweight models. When compared specifically to competitive lightweight
architectures such as EEGNet and TSLANet, FeelNet achieves optimal results. Notably,
it outperforms the strong contender TSception by a significant margin: achieving a 0.48%
higher ACC on the arousal dimension and a 1.01% higher ACC on the valence dimension.

On the DREAMER dataset, Table 3 validates the robust cross-dataset applicability of
FeelNet. Despite challenges posed by the dataset’s smaller scale and inherent class imbal-
ance, our method achieves competitive performance with ACC reaching 57.59% for arousal
and 54.43% for valence. FeelNet consistently outperforms comparative models in both
prediction tasks. Crucially, it demonstrates significant improvements for high-recognition
subjects. Nevertheless, its efficacy for subjects with low recognition remains compara-
tively limited in comparison with TSception. Collectively, these results suggest that larger
training datasets substantially enhance model generalizability and recognition performance,
particularly for challenging subject groups.

Table 2: The Trial-wise 10-fold cross-validation classification results (%) of our proposed
method with SOTA methods on the DEAP dataset at 4s segment length.

Methods Arousal Valence
Metric ACC F1 ACC F1

SVM (Mehmood and Lee, 2015) 60.3712.25 57-3326.61 55~196.97 57.8711,36
KNN (Mehmood and Lee, 2015) 59.4812434 57-4924.96 53.039414 55-1216.27
SCN (Schirrmeister et al., 2017) 60.6819.12  61.0419.05 59.43727  62.5910.41
DCN (Schirrmeister et al., 2017) 61.579.47 62.5018.71  59.965 50 60.9210.56
EEGNet (Lawhern et al., 2018) 59.769 34 61.781493 58.23g.38 61.199 31
ETCNet (Ingolfsson et al., 2020) 61.7013.54 60.6522.40 57-788.82 60.859,60

TSception (Ding et al., 2023) 61.741035 63.03171; 59.69743  62.699 94
TSCGptiOH (Dlng et al., 2023) (*) 61.8010.65 62.9717.20 59-216.94 62.129.42
ERTNet (Liu et al., 2024) 60.3212.19 60.8118_61 57-349.63 60.4410_33
TSLANet (Eldele et al., 2024) 58.4311.09 57.5791.54 51.686.01 53.7613.64
FeelNet 62.2210.10 63.1918‘40 60.708.99 64.1110‘59

Note: * refers to the channel number of TSception; without * channel number = 28, with %
channel number = 32; others use 32 channels.

SCN: ShallowConvNet, DCN: DeepConvNet, ETCNet: EEG-TCNet.

Bold: best results, Underline: second best.

4.2.2. ABLATION STUDY

Quantitative ablation studies demonstrate the critical contribution of each core component
of FeelNet in Table 4. Specifically, removing the local rhythm filter module (w/o RSB-L)
from the RSB module leads to significant performance degradation, with ACC dropping
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Table 3: The Trial-wise 10-fold cross-validation classification results (%) of our proposed
method with SOTA methods on the DREAMER dataset at 2s segment length.

Methods Arousal Valence
Metric ACC F1 ACC F1
SCN 92.29g3.97  39.259002 51.291178 32.961456
DCN 54.431046 40.6920.49 52.8315 -5  31.3615.46
EEGNet 55.069.11  39.7321.40  50.8811.42  32.0413.98
ETCNet 55.1911.53 33-4326.47 49-4710.26 19.1917_99
TSCeption(*) 5601923 40.8122.71 50.9810,33 32'7114.88
ERTNet 56.2815 66  30.992857 52.521218  31.0914.50
TSLANet 53.947_65 39'9919.69 50.759,97 30.6313.48
FeelNet 57'599.61 42'2921.78 54.4311.47 304216.96

to 61.28% (arousal) and 56.90% (valence) on the DEAP dataset and 57.42% (arousal) and
54.41% (valence) on the DREAMER dataset. This result underscores the critical role of the
local rhythm filter module in the task: it effectively removes extraneous noise and extracts
emotionally relevant features. Removing the entire RSB module also causes a slight per-
formance degradation. However, the degradation is less severe compared to removing the
MTCB module, as we employed a depthwise separable convolution module as its replace-
ment. This comparative analysis further validates the impact of multi-scale temporal feature
extraction on classification accuracy. Additionally, we explore data segmentation lengths
in Table 5. A 4-second length achieves optimal performance on the DEAP dataset, consis-
tent with prior studies Ding et al. (2023). A 2-second length is chosen for the DREAMER
dataset to increase the sample size and enchance training.

4.2.3. EFFICIENCY-PERFORMANCE TRADE-OFF ANALYSIS

We compare the complexity of FeelNet with state-of-the-art models, including ConvNet,
EEGNet, TSception, EEG-TCNet, ERNet and TSLANet, based on parameters, FLOPs,
Accuracy and Inference Time in Table 6. FeelNet achieves the highest ACC of 62.22%,
surpassing the second-best model (TSception) by 0.48%. Notably, FeelNet requires only
18.99M FLOPs and 7.78K parameters, which are 13.6% and 44.1% lower than TSception
(21.98M FLOPs and 13.91K parameters). Furthermore, FeelNet demonstrates a significant
speed advantage with an inference time of 8.03 ms, which is 38.3% faster than TSception
(13.01 ms) and nearly 9 times faster than EEGNet and EEG-TCNet (70 ms). Compared
to the most efficient model TSLANet (10.51M FLOPs and 1.34K parameters), FeelNet
improves accuracy by 3.79% with a moderate increase in computation and parameters,
while still being faster (8.03 ms vs. 9.01 ms).

To facilitate clearer comparison of model performance, Fig. 2 visualizes the results.
Here, the z-axis denotes model parameter count, the y-axis represents prediction accu-
racy, and the circle size corresponds to computational cost (FLOPs). Models positioned
closer to the top-left corner (indicating higher ACC with fewer parameters) and associated
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Table 5: Ablation analysis of segment lengths

in FeelNet
Table 4: Ablation analysis of components on
the DEAP and DREAMER dataset Arousal Valence
Length
. Arousal Valence ACC Fl ACC Fl
Variant
ACC F1 ACC F1 DEAP dataset
w/o R 61.20 61.58 60.54 63.93 1s 99.05 59.08 55.056 57.65
w/o R(L) 6128 6141 5690 60.74 % 59.00 59.29 57.18  59.75
w/o M 61.51 60.68 59.67  62.77 3s 5895 59.38 57.78 60.52
DEAP 62.22 63.19 60.70 64.11 4s 62.22 63.19 60.70 64.11
w/oR 5671 39.79 5413  29.73 9s 60.93 61.88 57.16  60.08
w/o R(L) 5742 4082 5441  28.30 6s 61.13 61.72 5750  60.05
w/o M 56.87 37.12 53.92 19.44 DREAMER dataset
DREAMER 57.59 42.29 54.43 30.42 1s 57.08 38.62 55.09 28.97
Note: R: Rhythm Spectral Block (RSB); 2s 57.59 42.29 5443 30.42
R(L): local rhythm filter in RSB; 3s 57.11 3855 5526 27.71
M: Multi-scale Temporal Conv Block; 4 56.92 36.81 55.39 26.39
w/o: Without the component. 5s 5676 40.75 5672 28.56
6s 57.15  40.46 56.98 27.78

Table 6: Model efficiency and performance comparison on EEG emotion recognition.

Model FLOPs (M) Params (K) ACC (%) Inference Time (ms)

SCNet 81.89 54.56 60.68 10.00
DCNet 32.12 153.75 61.57 5.99
EEGNet 17.79 2.23 59.76 70.00
ETCNet 22.33 56.85 61.70 70.00
TSception 21.98 13.91 61.74 13.01
ERTNet 17.94 3.07 60.32 5.99
TSLANet 10.51 1.34 58.43 9.01
FeelNet 18.99 7.78 62.22 8.03

with smaller circles (indicating lower FLOPS) represent more computationally efficient and
high-performing architectures. The FeelNet model outperformed the lightweight TSLANet,
achieving superior recognition accuracy with competitive parameter efficiency, thereby val-
idating its high performance.

4.2.4. NOISE ROBUSTNESS AND INTERPRETABILITY

To further validate the robustness of FeelNet, we systematically injected varying levels of
Gaussion noise based on the signal amplitude into the input data to evaluate its impact on
recognition performance. FeelNet with the rhythm filter consistently outperforms T'Sception
in arousal dimension, especially as noise levels exceed 20 std in Fig. 3. While noise levels
below 20 std have minimal impact on the signal, higher levels cause a rapid decline in



SHORT TITLE

FeelNet
62.0 !ce tion EEG-TCNet
6 ‘ Deep vNet

61.5
. 61.0
&
> 60.5 | ERTNet
> 60.
m .
—
3 60.01 EEGNet
(®)
< .

59.5 -

59.0 1

TSLANet
5851 IMFLOPs 10M FLOPs
(') 2'0 4'0 6'0 8'0 1('JO 150 14'10 1;50

Number of Parameters (K)

Figure 2: Performance-Parameter trade-off comparison between FeelNet and baseline mod-
els on DEAP dataset

6247 6206

2 622
6106 607
6207

006 60.54
6187 618

59.21

6167 5906

6147 58.06

6127 612

7.06
6107

Accuracy (%)

56.06
6087

Accuracy (%)

55.06

54.06 54.06
605 —»—FeelNet

5331
6027

—#—FeelNet

53.06 ~+—FeelNet w/o Rhythm Filter
6007

53.06
—+—FeelNet w/o Rhythm Filter

5206 -a-Tsception
5987 -a-TSception

51.36

5967 5106

0 1 10 20 40 60 0 1 10 20 40 60
Noise Level Noise Level

Figure 3: Robustness against noise levels in Arousal (left) and Valence (right)

TSception’s performance. In contrast, FeelNet maintains stable accuracy, with the rhythm
filter improving its noise resilience. Notably, all models exhibit marginal ACC gains (0.8% ~
1.5%) with injected Gaussian noise (o < 20). This aligns with the intrinsic signal variability

(0 = 18.294 in raw EEQG), suggesting that sub-threshold noise acts as a data augmentation
mechanism that enhances feature discriminability.
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Building upon the demonstrated noise robustness, Fig. 4 reveals that the rhythm filter
effectively suppresses noise spikes while selectively amplifying spectral signatures within 20-
40 Hz. Crucially, enhanced oscillatory patterns emerge in the Beta (12-30 Hz) and Gamma
(30-40 Hz) bands. This spectral sharpening suggests higher frequency neural oscillations
may serve as biomarkers for emotional processing, corroborating neurophysiological studies
linking gamma synchrony to affective states (Zheng et al., 2019).

Saliency maps (Zhang et al., 2023) provide a readily interpretable tool for EEG-based
emotion recognition, improving model optimization and classification accuracy. The saliency
maps from a subset of subjects was selected to visualize their mean saliency across the time
dimension in Fig. 5. The top three saliency maps (a)-(c) correspond to subjects with the
highest F1 and ACC (top 10%), while the lower three maps (d)-(f) represent subjects with
the lowest performance (bottom 10%). The results indicate that the frontal, temporal, pari-
etal, and occipital regions of the brain hold more informational value. For high-performing
subjects, channels like Fpl, Fp2, F4, O1, T8, AF3, and FC5 show higher saliency, suggesting
greater emotional responses to audio-visual stimuli. In contrast, lower-performing subjects
show saliency in regions such as O1, AF3, and FC5, indicating weaker model learning. This
pattern aligns with previous findings Zheng et al. (2019); Gao et al. (2021).

5. Conclusion

In this paper, we propose a lightweight EEG-based emotion recognition framework named
FeelNet. FeelNet’s innovation lies in its key design: the Rhythm Spectral Block (RSB)
for adaptive rhythm-specific spectral filtering and the Multi-scale Temporal Conv Block
(MTCB) for hierarchical temporal feature extraction. Extensive evaluations on DEAP and
DREAMER, datasets demonstrate that FeelNet achieves state-of-the-art Accuracy while
maintaining deployment-friendly efficiency. Crucially, it exhibits exceptional noise robust-
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Figure 5: The following presents the mean saliency maps using the DEAP dataset. The
three superior saliency maps (a) - (c) are derived from the subject pool comprising
the top 10% in terms of F1 scores and Accuracy. The remaining three lower
saliency maps (d) - (f) are derived from the subject pool comprising those in
the lowest 10% about valence and arousal. The regions identified by the neural
network as being the most informative are the frontal, temporal, and parietal
regions, as well as those associated with subjects with a high F1 score.

ness and cross-dataset generalizability. In summary, the proposed FeelNet has some aca-
demic value and practical application value.

However, the fixed frequency band divisions in the current model fail to capture inter-
subject variability, limiting its generalizability. Future work will focus on developing person-
alized frequency band learning mechanisms to address inter-subject variability and exploring
cross-subject transfer learning for unseen population generalization.
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