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SUMMARY: The identification of mental tiredness which is based on EEG is basically limited 

by the problems of insufficient labeled data, large differences among different individuals, and 

high requirements for calculation ability. This research constructs a synergistic frame which 

uses an Improved Latent Diffusion Model (ILDM) to carry out frequency-perception diffusion 

in a compressed latent manifold, therefore it promotes spectral fidelity and at the same time 

greatly decreases calculation cost. For the purpose of guaranteeing effective state 

distinguishing, a light-weight 1D-UNet which contains multi-scale time convolutions and linear 

attention has been developed for actual putting into use. Under the validation of Leave-One-

Subject-Out, the structure put forward by us obtains mean accuracy values of 76.60% on the 

SEED-IVG three-class task and 82.06% on the SADT two-class task, therefore it significantly 

surpasses the traditional GAN, VAE and standard DDPM models. The number-based analyses 

prove that the compounded signals keep the complicated function connection modes and rhythm 

vibrations which are necessary for strong tired degree measurement. In addition, the 

combination of Grad-CAM-based visual method connects deep learning forecast results with 

neurophysiology explanation ability, hence it proves that rear brain cortex areas have leading 

function in fatigue change processes. This whole combined design at the same time solves 

problem of data lacking and putting efficiency, therefore it pushes forward the dependability of 

automatic nerve physiology check systems. 

 

KEYWORDS: Mental fatigue recognition; EEG data augmentation; Latent diffusion model; 

Frequency-aware diffusion; Lightweight neural network; Interpretability analysis; Grad-CAM; 
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1 Introduction 

Mental tiredness is a gradual decrease in cognitive working efficiency and neurophysiology 

reaction ability after continuing long-time mental work. In safety-relevant fields including 

intelligent traffic, aviation surveillance, medical surgery, and industrial manipulation, timely 

tiredness identification is necessary to avoid disastrous accidents and capability decline [1, 2]. 

Electroencephalography (EEG), on account of its high time resolution and direct reflection of 

cortex movement changes, has already become a promising method for tired degree 

measurement [3, 4]. But, the identification of brain tiredness which is based on EEG still faces 

many difficulties, this is because the signal itself has non-stationary property, difference exists 
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between different subjects, and the number of labeled data that can be obtained is not large. 

For solving these problems, a large number of studies have already investigated data 

expansion methods, improved nerve network structures, multi-mode combination mechanisms, 

and field adaptive frameworks. Generation type models, for instance GANs and VAEs, have 

been brought forward in order to relieve the problem of data shortage and class unbalance [5-

7]. The recent progresses in diffusion probability models have further proved that the training 

stability and distribution coverage are better than those of the adversary learning paradigms [8, 

9]. At the same time, lightweight CNN-based and mixed Transformer structure designs have 

been put forward to promote the real-time deployment possibility [10-13]. In addition, graph-

based models which use mutual information and connection modes have obtained good 

performance in catching the whole brain activity for tiredness detection [14, 15]. 

Although these progressions have been obtained, a number of restrictions still remain. 

Firstly, numerous data augmentation methods have difficulty in keeping high-frequency 

oscillation faithfulness and inter-channel function connection [16, 17]. Second, the models with 

high performance often bring about very big calculation consumption, therefore this limits their 

usable scope on embedded systems and edge devices. Third, the majority of current frameworks 

work as black-box forecasters, therefore providing restricted understanding toward the 

neurophysiological mechanisms which underlie fatigue changes. Furthermore, cross-subject 

popularization still is a big challenge because of domain changing and individual difference 

[18-20]. 

In recent time, diffusion-dependent generation models have obtained notice in EEG data 

expansion on account of their steady likelihood-rooted training and excellent sample diversity. 

Through the building of model for the gradual conversion between structured signals and 

Gaussian noise, diffusion probability models, therefore, provide promoted reconstruction 

faithfulness when compared with methods based on GAN. Nevertheless, the direct usage of 

traditional diffusion models on EEG signals confronts key difficulties: (1) too much calculation 

expense caused by multi-step de-noising procedures, (2) not enough modeling of frequency-

relevant neural features, and (3) restricted explainability with respect to spatial channel 

contributions. In addition, the majority of diffusion-based EEG research works are carried out 

in the complete signal space, this therefore increases the complexity of memory and decreases 

the efficiency of deployment. 

For the overcoming of these limitations, therefore, we put forward an Improved Latent 

Diffusion Model (ILDM) which is specially made for the recognition of mental fatigue. Do not 

act in original signal space, our frame carries out diffusion in compressed latent expression that 

gets idea from latent diffusion modes, hence it greatly reduces computation load and at the same 

time keeps necessary spatiotemporal characteristics. We further put forward a frequency-aware 

noise weighting mechanism for strengthening spectral consistency among fatigue states, this is 

because we are driven by confirmed EEG fatigue biomarkers like alpha-theta regulation and 

engagement index changes. One kind of light-weight 1D-UNet structure which combines 

depthwise separable convolution and linear attention is designed by us for balancing 

performance and efficiency. Furthermore, we have incorporated visualization which is based 

on Grad-CAM to connect the predictions of deep learning with the interpretability of 

neurophysiology. 

The main contribution points of this work are summarized in the below: A frequency-

perceiving hidden diffusion framework for EEG expanding that promotes spectral authenticity 

and inter-channel connection retention. A light-weight noise removal construction that 

combines depthwise separable convolution and efficient attention mechanisms to cut down 

calculation complexity. One fatigue recognition pipeline that can be explained, which combines 

the importance mapping of topographic channels and the visualization of Grad-CAM. 
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Comprehensive verification upon SEED-IVG and SADT data collections, which proves 

consistent performance promotion under Leave-One-Subject-Out cross-validation. By means 

of this integrated design, the put-forward framework at the same time solves data shortage, 

calculation efficiency, and model explanation ability, therefore it pushes forward the actual 

putting-into-use of EEG-based mental fatigue checking systems. 

Highlights 

(1) We propose a frequency-aware Improved Latent Diffusion Model (ILDM) that 

performs diffusion in a compressed latent space, enhancing spectral fidelity while reducing 

computational cost. 

(2) A lightweight 1D-UNet with depthwise separable convolution and linear attention is 

designed to balance performance and efficiency. 

(3) The method achieves state-of-the-art performance under LOSO validation on SEED-

IVG and SADT, with improved interpretability via Grad-CAM analysis. 

2 Methods 

2.1 Datasets and Experimental Paradigms 

The put-forward mental fatigue identification framework runs through a high cooperative, two-

step flow planned to together solve the key problems of data lack and classification efficiency 

in neurophysiology study. Just like what is completely shown in Fig.1, the structure basically 

combines an advanced generation data increase module with a light-weight, high-efficiency 

state classification network. In the first phase, for overcoming the innate restrictions of small-

scale electroencephalography (EEG) data sets, we utilize an Improved Latent Diffusion Model 

(ILDM). Do not carry out data synthesis in the extremely complicated original signal space, 

this model produces high-fidelity artificial EEG expressions in a compressed latent space, hence 

it keeps important non-stationary time-space patterns and thus greatly lowers calculation cost. 

After that, in the second step, both the experience-based and artificially expanded signals are 

inputted into a specially designed light-weight one-dimensional UNet classifier. This network, 

through the combination of multi-scale time convolutions and linear attention mechanisms, 

actively extracts distinguishing fatigue-related features, hence finally attains robust, accurate, 

efficient fatigue state judgment that is suitable for continuous monitoring use scenarios. 

 

Figure 1: The proposed mental fatigue recognition framework based on Improved Latent 

Diffusion Model (ILDM) and 1D-UNet 
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For strictly verifying the effect, stability and universal applicability of our put-forward 

framework, two different and already widely recognized standard data sets were added into the 

research method: the SEED-IVG data set and the Sustained-Attention Driving Task (SADT) 

data set. These data collections record a wide range of cognition decline modes under different 

experiment restrictions. The SEED-IVG dataset has been specially collected by utilizing a 

highly complicated simulated driving environment. The experiment setting was constituted by 

a entity vehicle interface that matches a big-size LCD screen which shows a boring, extremely 

repeated four-lane highway scene. In order to naturally and effectively bring about mental 

weariness, the two-hour driving task was on purpose arranged in the post-lunch circadian trough, 

which is a biological time period that is known to guarantee a smooth, natural 

neurophysiological change from complete alertness to serious sleepiness. In the whole process 

of our experiment, complete EEG and EOG signals were all the time collected by means of the 

high-accuracy Neuroscan system. At the same time, an SMI eye-tracking apparatus has been 

used to collect detailed eye movement data. We carry out objective quantification and labeling 

for the vigilance levels of the participants by the PERCLOS (Percentage of Eye Closure) 

indicator, which this indicator is obtained directly from the eye-tracking data. This gave a very 

dependable neurophysiological real foundation for the multi-category evaluation of brain 

tiredness. After that, we carried out the systematic segmentation of the continuous recording 

materials into non-overlapping windows which are 8 seconds in length. According to the 

synchronized PERCLOS indexes, these accurate segments were divided into three different 

fatigue degrees: Clear Headed, Medium, and Tired Out. 

As the complement to this, the SADT dataset makes use of an event-related lane-departure 

experimental framework that is carefully combined inside an immersive virtual-reality (VR) 

simulator. This environment simulates a vision-limited and repeated night driving situation on 

a straight four-lane high road. In these long-lasting experiment processes, the not-predictable 

lane-leaving occurrences are triggered by random methods, which makes it a requirement that 

participants should rapidly make up for these mechanical interferences through actively turning 

the vehicle back to the central place of the lane. This data collection gives exactly matched 

multi-mode record contents, which contain 32-channel EEG signal pieces strictly aligned to the 

changed global 10-20 system, continual vehicle track distance remote measurement, and 

accurate behavior reaction time (RTs). Through classifying the localized EEG time blocks into 

different cognitive performance grades according to these RTs—thus effectively making 

distinction between extremely good and worsened reactions—the SADT dataset acts as a firm 

reference standard for two-category classification. The time periods extracted in relation to the 

lane-departure starting points were strictly divided into two main kinds: High vigilance and 

Low vigilance. This two-dataset method lets that our models get assessment on both slow 

tiredness changes and sudden mistakes in long-time attention holding. 

2.2 Neurophysiological Data Preprocessing Pipeline 

Because the original raw EEG signals have extremely easy being affected by environment noise, 

instrument artificial traces and physiology disturbance, one strict and unified pre-processing 

flow was in a systematic way used on the SEED-IVG and SADT two datasets, hence to 

guarantee the signal quality which has not been damaged. 

Initially, the raw multi-channel EEG signals were subjected to an FIR zero-phase 

Butterworth bandpass filter. The passing frequency band was strictly limited to the range of 

0.5–50 Hz. This particular bandwidth is chosen to keep important task-connected neural 

oscillations (which range from delta to low-gamma frequency bands) while effectively holding 

back non-neural low-frequency baseline shifts (like those brought by sweat or sensor movement) 

and high-frequency electromyography (EMG) bad signals connected with head muscle 
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shrinking activities. To specifically target and neutralize pervasive power-line interference from 

the recording hardware, a sharp Notch filter centered at exactly 50 Hz was implemented. 

After we finished the basic frequency domain refinement work, the advanced artifact 

rejection procedures were carried out by us. We have employed a fixed amplitude thresholding 

method, in which segments that exceed a pre-set, non-normal voltage range are excluded by 

systematic means. This step was of great importance to reduce the serious influence of large 

eye motions, eye closings, and unexpected movement wrong signals that usually produce large-

amplitude unusual signals. For further isolating the true neural source signals, Independent 

Component Analysis (ICA) was afterwards used on the multi-channel data to mathematically 

separate and restrain remaining eye and muscle artifact parts which overlapped with neural 

frequency bands. Finally, in order to account for the great inter-channel difference that is caused 

by different scalp impedances and hence to guarantee strict numerical stability in the following 

deep learning model training stages, the purified signals were carried out mathematical 

standardization through per-channel Z-score normalization. This transformation made the data 

distributions have a zero mean and unit variance, thus thus preparing the best basic condition 

for the generative network. 

2.3 Compressed Latent Space Representation 

To directly carry out generative modeling on full-resolution, multi-channel EEG data will bring 

about computational complexity and memory bottlenecks which cannot be permitted. For the 

purpose of fundamentally promoting computational efficiency, without causing sacrifice to 

neurophysiological fidelity, the original preprocessed EEG input, by a strategic method, is 

compressed into a lower-dimensional latent representation, before the diffusion process is 

carried out. We have obtained a quite big 1/8 space-time compression rate. 

The encoder device which takes charge of this change uses a progressed three-step one-

dimensional convolution structure. Because we know that standard convolutions possess very 

large parameter quantities, we by utilizing stride-2 depthwise separable convolutions build 

temporal downsampling layers. Depthwise separable convolutions uniquely decouple the 

extraction of spatial and temporal features. The spatial stage applies a single filter to each input 

channel independently, heavily reducing the computational cost, while the subsequent 

pointwise convolutional stage (utilizing a kernel size of 1) projects and fuses these independent 

channels into a unified feature space. This modular decoupling drastically drops the parameter 

count from that of standard convolutions, enhancing the network's processing speed. 

Every stage of this encoder is strictly fitted with Batch Normalization layers for preventing 

internal covariate shift, and it is matched with SiLU (Sigmoid Linear Unit) activation functions 

for introducing necessary non-linear characteristics while preventing dead gradients. This 

optimized design, through system method, decreases the time size of the signal to one fourth of 

its original length, therefore finally reaching the expected one eighth total hidden compression. 

In the specific restriction conditions of the SEED-IVG dataset format, this optimized encoder 

needs much fewer parameters, therefore it brings a 38% decrease when compared with the 

standard convolution Variational Autoencoder (VAE) encoder. The network actively makes use 

of the reparameterization trick to map these compressed features into a continuous, calculable 

latent space, which acts as an efficient and very descriptive basis for the later diffusion 

generation process. 

2.4 Frequency-Aware Latent Diffusion Modeling 

After the EEG data have been effectively projected into a thick hidden manifold, we therefore 

introduce our carefully custom-made Denoising Diffusion Probabilistic Model (DDPM), which 

is optimized especially for the generation of complicated multi-channel neurophysiological 
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dynamic processes. Standard diffusion models work by a Markovian chain that contains two 

opposite phases: a forward corruption process and a parameterized reverse denoising process. 

In our frame of work, the forward diffusion step-by-step puts planned Gaussian noise onto the 

organized hidden EEG expressions through a total of 1000 set diffusion steps. For the guarantee 

of the convergence stability of this progressive corruption, we abandon the common linear noise 

schedules and choose to use an adaptive cosine noise schedule instead. This non-linear time 

arrangement dynamically changes the noise variance on each time step, stopping the signal 

from becoming pure noise too quickly in the early stages of the Markov chain, hence hence it 

preserves important structure information. 

More importantly, EEG signals have extremely partial significance in particular frequency 

bands (for instance, Theta and Alpha waves when tiredness changes happen). When we process 

every frequency component by using same noise size in the diffusion process, this therefore 

leads to the spectral distortion that appears in the data which we generate. To overcome this, 

we mathematically formulate an innovative frequency-aware noise weighting mechanism that 

dynamically applies differential noise intensities across various frequency bands. 

 λb = ωb ⋅ γb (1) 

In this formulation, ωb represents the explicitly normalized Power Spectral Density (PSD) 

weight calculated for each specific neurophysiological frequency band, while γb denotes a 

dynamically learnable scaling coefficient uniquely assigned to the respective band. This allows 

the diffusion model to explicitly prioritize the reconstruction fidelity of fatigue-critical 

frequency oscillations. 

In the reverse noise elimination process, a neural network is undergone training to 

systematically compute and subtract the added noise, hence effectively studying the basic data 

distribution hence to reconstruct pure hidden features from complete Gaussian noise. The core 

frame of this generation frame work is constituted by an advanced one-dimensional (1D) U-

Net structure that has been optimized for capturing long distance time dependency relations. In 

order to carry out accurate control of conditions for the generated states, the network uses 

complicated time step embedding approaches to input contextual information which is related 

to diffusion time, and also has a strict mechanism for controlling classification conditions. The 

fatigue levels that are obtained through the PERCLOS indicators (Alert, Moderate Fatigue, 

Severe Fatigue) undertake the function of condition guiding instruments. This condition 

information is greatly placed into the innermost bottlenecks of the U-Net structure through the 

method of cross-attention mechanisms and additive embedding layers. 

The entire diffusion model is optimized over 500 epochs utilizing the Adam optimizer. The 

overall optimization goal involves a sophisticated weighted combination of spatial 

reconstruction metrics and our custom frequency-domain perceptual loss. To strictly enforce 

spectral consistency during generation, the joint optimization objective is defined as: 

 Ltotal = αLspatial + βLspectral (2) 

This function guarantees that the generated expanded data not only corresponds to the time-

related shape of the original EEG signals, but strictly follows the complicated spectral density 

modes that are needed for correct fatigue checking. For solving the well-known slow inference 

velocity which is characteristic of diffusion models in the data production stage, we successfully 

bring in an ameliorated Denoising Diffusion Implicit Model (DDIM) sampling scheme, hence 

greatly quickening the artificial data production flow line without damaging signal fidelity. 
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2.5 Lightweight Multi-Scale 1D-UNet Classifier 

After the high-fidelity augmented data has been produced and decoded to return from the latent 

space, it, together with the original data, is input into our self-designed lightweight mental 

fatigue identification network. Just as what Table 1 describes in detail, the classifier's structural 

design completely gets rid of heavy, full-connection loop layers, and chooses to use a high-

degree optimized multi-scale space-time convolution structure instead. 

Table 1: Architectural specifications of the proposed lightweight fatigue recognition network. 

Stage Layer Name Kernel Size Stride Output Shape (B,F,C,T) 

Input Raw EEG - - (1,C,T) 

Temporal Multi-Scale Conv {1×3,5,7} 1×1 (F,C,T) 

Fusion Concatenation - - (3F,C,T) 

Spatial Depthwise Conv C×1 1×1 (3F,1,T) 

Activation BN + ELU - - (3F,1,T) 

Pooling Avg Pooling 1×4 1×4 (3F,1,T/4) 

Classifier GAP + Dense - - Nclasses 

 

The first layer of the classifier aims to capture the diverse, transient microstates of EEG 

activity by deploying three parallel convolutional kernels with varying temporal receptive fields 

(sizes 1×3, 1×5, and 1×7). This parallel design ensures that the network simultaneously captures 

short-term high-frequency neural spiking, medium-term oscillatory patterns, and long-term 

sluggish waveforms associated with deep drowsiness. Following the multi-scale temporal 

extraction, the feature maps are concatenated and immediately subjected to depthwise spatial 

convolutions. This efficiently maps the spatial relationships across the distinct EEG electrodes. 

For the sake of preventing the quadratic computation scaling bottleneck which traditional 

methods connect with standard self-attention mechanisms in deep learning, our classifier, with 

intelligence, brings in a linear attention kernel. This linear attention mechanism, it by means of 

concentration of computational resources, carries out the selective targeting on the most 

discriminative temporal segments, and does not bring the geometric increase of memory load. 

After the hierarchical feature extraction has been completed, the network uses the robust Global 

Average Pooling (GAP) layers that are followed by an optimized dense classification head to 

map the features with high abstraction into the final probability distributions of fatigue states, 

hence hence balancing the top-level prediction effect and the extremely low time delay that the 

real-world deployment on edge computing devices needs. 

2.6 Interpretability and Spatial-Temporal Importance Mapping 

One key restriction of depth learning models in neuroergonomics and clinical monitor is their 

built-in "black case" character, which often makes impossible the comprehension of the beneath 

physiology logic that pushes the classification. For the purpose of actively spanning the serious 

gap existing between deep learning forecast results and biological neurophysiology explanatory 

ability, we have put Gradient-weighted Class Activation Mapping (Grad-CAM) directly into 

our assessment flow process. Grad-CAM gives a mathematically strong method to make visible 

the exact space-time importance of particular EEG characteristics. In the backward calculation 

process of the classification inference, the algorithm computes the gradient of the predicted 

fatigue class score with respect to the feature graphs which are extracted by the last multi-scale 

convolution layer. Through carrying out a weighted global addition of these feature graphs on 

the basis of their corresponding gradient-obtained importance scores, we build an accurate 

mathematical weight which shows how large the influence of each convolutional filter on the 
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final fatigue prediction is. 

This weighted combination is subsequently passed through a ReLU activation function to 

exclusively isolate the spatial-temporal regions that exert a positive physiological influence on 

the prediction of the target class. This produces highly localized, high-resolution saliency maps. 

By projecting these learned feature importance values back onto the spatial topology of the 

scalp electrodes, we can physically map the network's attention. This rigorous interpretability 

layer allows researchers to verify whether the AI model is genuinely tracking known neural 

biomarkers of fatigue—such as posterior alpha synchronization or frontal theta shifts—or 

merely overfitting to random environmental noise, thereby guaranteeing the clinical validity 

and trustworthiness of the proposed framework. 

3 Results and Discussion 

3.1 Experimental Environment and Implementation Details 

All computational experiments were conducted on a high-performance workstation running a 

64-bit Windows 11 operating system. The hardware configuration included an AMD Ryzen 9 

7900X 12-Core CPU and an NVIDIA GeForce RTX 4070 Ti Super GPU with 16GB of VRAM. 

The software stack was built on Python 3.8.8, leveraging deep learning frameworks optimized 

for CUDA acceleration. 

Under this kind of disposition, the ILDM which we put forward displays very obvious 

constructional high efficiency. This model includes about 1.12M parameters, this is a nearly 45% 

decrease when compared with the 2.03M parameters that the standard DDPM backbone has. In 

addition, the computation complexity has been decreased from 3.84 GFLOPs to 2.17 GFLOPs. 

Because of the DDIM-based acceleration sampling method which is put into the working flow, 

the average inference time for each sample was cut from 0.79 s to 0.43 s on the RTX 4070 Ti 

Super, hence it makes quicker iteration in the data enhancement stage become possible. 

In the training stage, both the latent diffusion model and the 1D-UNet classifier have been 

optimized by utilizing the Adam optimizer. The diffusion model has been undergone training 

for 500 epoch times to guarantee the stabilization of both the global signal envelope and fine-

grained rhythmic wave oscillations. The study rate of learning was in the beginning set to a 

normal experience rule and arranged to become smaller when the verification loss arrived at 

the steady platforms we observed. The convergence performance is displayed in Fig. 2, in which 

the Mean Squared Error (MSE) loss presents a steady drop and reaches a flat stage early, hence 

showing effective study of the EEG data manifold. 

 

Figure 2: Training and validation loss curves of the proposed diffusion model over 500 epochs. 

(a) Convergence of Mean Squared Error (MSE) Loss (b) Loss Profiles in Logarithmic Scale
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3.2 Evaluation of Synthetic Data Fidelity and Generation Results 

The generative capability of the proposed ILDM was evaluated by examining the progressive 

reconstruction of EEG signals from stochastic noise. As visualized in Fig. 3 and Fig. 4, the 

model successfully captures the transition from pure Gaussian noise back to coherent, non-

stationary potential fluctuations. By the final denoising step (t=0), the refined signals 

successfully reconstruct the distinctive rhythmic patterns and morphological features 

characteristic of real biological EEG data. 

 

Figure 3: Forward Diffusion: Subject1:FT7 

We present the additive noise process across 1,000 diffusion steps, with snapshots taken 

every 50 steps to evaluate the diffusion consistency of our proposed model. The original non-

stationary potential undulations go through a gentle dissolving process into pure Gaussian noise 

when the time step t increases. This development proves that the modified diffusion framework 

can effectively grasp the boundary of data distribution, hence it gives a solid base for the 

following reverse generation work to reconstruct fine-grained nerve characteristics. 

 

Figure 4: Reverse Denoising: Subject1:FT7 

Fig.3 illustrates the generative capability of our improved diffusion model, showcasing the 

step-by-step restoration of EEG signals from pure Gaussian noise. Starting from t, the model 

iteratively removes predicted noise to recover the latent neural structures. As the denoising 

progresses(Fig.4), the chaotic stochastic distribution gradually manifests into coherent, non-
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stationary potential fluctuations. By 0t  , the refined signal successfully reconstructs the 

distinctive rhythmic patterns and morphological features of the original EEG data. This 

progressive refinement demonstrates that the learned reverse transition 
1( | )t tp x x 

 effectively 

captures the complex underlying distribution of brain dynamics, ensuring high-fidelity signal 

synthesis for downstream fatigue classification tasks. 

To quantitatively evaluate the fidelity of the generated signals in preserving multi-channel 

dependencies and spectral characteristics, we conducted a comparative analysis between the 

real and synthetic data. 

 

Figure 5: Comprehensive validation of data fidelity between real and synthetic EEG signals 

across spatial and spectral domains. 

Fig.5(a) and (b) give display of the inter-electrode correlation matrices, in which the man-

made data has successfully duplicated the complicated space coupling modes that were found 

in the organism record experiments. The tiny differences between these two distributions are 

further pointed out in the Fig.5(c); The error chart exposes a tiny whole-world difference, thus 

confirming that our promoted diffusion model can exactly seize the basic function connection 

across the scalp. Furthermore, Fig.5 (d) shows the Pearson relation coefficients of the Power 

Spectrum Density (PSD) for the three tired degrees (Alert, Drowsy, and Fatigued). The 

coefficient values through all channels all the time get close to one, which hence shows that the 

generation process keeps the important neurophysiology vibrations that are necessary for the 

modeling of tiredness change. Put together, these outcomes prove that the man-made EEG data 

(a) Correlation Matrix of Real EEG Channels (b) Correlation Matrix of Synthetic EEG Channels

(c) Difference Map of Inter-channel Correlations (d) Pearson Correlation of PSD across Fatigue States
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keeps high statistics and physiology matching with the real standard, thus giving a dependable 

foundation for data expanding in driving tiredness examination. 

3.3 Experimental Evaluation and Comparative Analysis 

We utilized the proposed lightweight network as the baseline model and conducted experiments 

on two datasets: SEED-IVG and SADT. The baseline model was trained using data generated 

by five different generative models (GAN, CWGAN, VAE, CAE, and DDPM) and compared 

against the model trained with data generated by our proposed improved latent diffusion model. 

Leave-One-Subject-Out (LOSO) cross-validation was employed, and the resulting average 

recognition accuracies are illustrated in Fig.6. 

 

Figure 6: Comparison of fatigue recognition accuracy on public datasets. 

Experiment consequence upon the SEED-IVG and SADT data sets prove that the put-

forward ameliorated latent diffusion model continuously exceeds all baseline generative models 

(GAN, CWGAN, VAE, CAE, and DDPM), hence getting better mean recognition exact rates 

of 76.60% and 82.06%, respectively. For the further confirmation of the statistical significance 

of the obtained performance promotion, we have implemented a paired statistical analysis on 

(a) SEED-IVG

(b) SADT
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all LOSO folds by adopting the Wilcoxon signed-rank test together with the paired t-test. The 

outcome shows that the put-forward ILDM has obviously better performance than the baseline 

DDPM model on the aspect of classification correct rate over both SEED-IVG and SADT data 

sets, with p < 0.05, hence verifying that the promotion of performance is of statistics meaning 

not coming from accidental change. Confusion matrix analysis further makes known that the 

method we put forward significantly strengthens classification robustness in all states—

reaching 76.0%–77.0% accuracy for the three-class mission in SEED-IVG and a maximum of 

86.1% for tiredness detection in SADT—while it maintains the lowest false-negative rates when 

compared with traditional structures, just as Fig.7 shows. This performance descending order 

(Proposed > DDPM > baselines) proves that the diffusion-based data augmentation put forward 

by us effectively catches complicated physiological signal distributing situations, hence 

offering more distinguishing features which therefore bring about higher accuracy and 

improved generalization abilities on fatigue detection works. 

 

Figure 7: Confusion Matrices for Fatigue Detection. (a) SEED ⅣG (b).SADT  

(a) SEED-IVG

(b) SADT
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The quantitative results across both datasets demonstrate that the Proposed improved latent 

diffusion model significantly outperforms all baseline generative models (GAN, CWGAN, 

VAE, CAE, and DDPM) across every key performance indicator. In the SEED-IVG three-class 

task, the Proposed method achieved the highest mean accuracy of 76.60% and an F1-score of 

65.78%, while exhibiting the lowest standard deviation (±4.48%), which indicates superior 

stability under Leave-One-Subject-Out (LOSO) cross-validation. Similarly, for the SADT 

binary task, the Proposed model reached a peak accuracy of 82.06% and a remarkably high 

Recall of 86.35%, outstripping traditional GAN and VAE architectures by over 10% in most 

metrics and establishing a clear performance hierarchy where diffusion-based methods provide 

more robust data augmentation. Specific metrics are provided in Table 2 and Table 3. 

Table 2: Performance Metrics(Mean±Std across LOSO folds)(SEED ⅣG dataset) 

- Accuracy (%) Precision(%) Recall(%) Specificity(%) F1-Score(%) 

GAN 62.67±9.46 52.91±7.84 60.08±8.24 81.33±4.62 52.00±8.85 

CWGAN 66.83±6.45 56.27±6.94 64.56±8.43 83.55±3.18 56.19±8.26 

VAE 63.55±8.62 54.14±7.94 61.49±11.09 81.71±4.55 53.63±9.96 

CAE 68.32±5.27 57.40±7.64 66.08±7.89 84.27±2.81 57.45±8.17 

DDPM 74.19±6.89 61.75±9.06 71.66±9.19 87.15±3.44 62.91±9.47 

Proposed 76.60±4.48 64.05±7.27 74.28±9.02 88.27±2.19 65.78±8.12 

Table 3: Performance Metrics(Mean±Std across LOSO folds) (SADT dataset) 

- Accuracy(%) Precision(%) Recall(%) Specificity(%) F1-Score(%) 

GAN 66.95±7.31 65.99±7.33 71.98±22.70 62.26±17.85 66.17±17.57 

CWGAN 72.69±6.37 71.28±6.26 81.66±20.88 63.66±15.17 73.32±13.76 

VAE 69.78±3.82 67.71±5.39 80.86±14.51 57.81±17.80 72.53±4.94 

CAE 71.58±5.39 70.84±10.38 81.46±12.29 61.53±19.83 74.25±3.83 

DDPM 75.24±5.09 75.48±6.94 78.29±17.30 71.42±14.17 75.17±8.51 

Proposed 82.06±3.70 81.97±9.38 86.35±14.63 77.50±14.16 82.42±5.50 

3.4 Interpretability Analysis of Fatigue Detection Models 

The explainability of the proposed model is grounded in the physiological shift of EEG spectral 

power distributions across different cognitive states. 

 

Figure 8: The topographic maps. 

(a) (Alpha+Theta)/Beta Ratio Engagement Index

(b) Theta/Alpha Ratio Fatigue Index
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According to what Fig.8 shows, the Engagement Index (Alpha+Theta)/Beta and the Fatigue 

Index (Theta/Alpha) can act as dependable biological markers for the distinction among Alert, 

Moderate, and Fatigue levels. When the system is in the "Alert" state, high-frequency Beta 

activity has a more obvious appearance in the frontal and parietal areas, which reflects that 

cortical arousal is at a relatively high level. The transition that reaches the stage of "Fatigue" 

can make the normalized Theta and Alpha ratios have a quite obvious rise, especially in the 

occipital region and the central-parietal region, this thus indicates that the cognitive engagement 

has a decrease, and the mental workload or the drowsiness has an increase. 

Specifically, we visualized the contribution weights of individual EEG channels and their 

spatial distribution across the scalp to elucidate the internal working mechanism of the model. 

 

Figure 9: Channel Importance Ranking and Topographic Mapping for Fatigue Detection 

Fig.9 shows the channel importance arrangement and the corresponding terrain distribution 

of feature contributions in the fatigue detection model, thus it gives an interpretable angle on 

the neurophysiological foundation of classifier’s decisions. The Panel (a) gives the normalized 

importance scores that every single EEG channel has. It is worth pointing out that posterior and 

occipital electrodes (e.g., PO4, OZ, PO3, O2, and O1) have the biggest contribution weights, 

hence this shows that visual and posterior cortical regions hold a leading position in the work 

of telling fatigue states apart. By contrast, the central and parietal channels (for example, CP1, 

CP2, Pz) have shown comparatively lower importance scores, therefore it suggests that they 

have a more limited contribution to model performance. Panel (b) further carries out the 

visualization of the space distribution of feature importance by means of a scalp topographic 

map. The heatmap shows an obvious gathering of high contribution values in the occipital and 

parieto-occipital regions, thus relatively raised activity extends to the right posterior areas. This 

space distribution is in accordance with confirmed results in cognitive neuroscience, in which 

mental tiredness has been linked to changed neuron activities in rear cortex networks, especially 

those taking part in vision handling, attention adjustment, and alertness keeping. 

4 Conclusion 

This research builds a cooperative nerve physiology framework that uses Improved Latent 

Diffusion Model (ILDM) as core to solve the many-sided problems of insufficient data, big 

calculation demand, and restricted explanation capability in mental fatigue identification. 

Through the combination of advanced generative increase inside a pressed hidden space and an 

effective classification work procedure, this research therefore gives a realizable way for high-

quality EEG generation and clear state difference between different driving conditions. 

(1) With respect to data arrangement and expression quality, this frame fundamentally 

(a) Importance score bar chart (b) Topographic visualization of feature contributions
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changes original, high-dimensional EEG signals into a thick hidden curved surface by means 

of a depthwise separable convolution coder. Through operation in this pressed space with a one-

eighth proportion, the system can effectively reduce memory blockages, therefore it still keeps 

important time-space structures. The bringing-in of a frequency-conscious noise weight-setting 

mechanism makes certain that important tiredness biology marks—particularly the alpha-theta 

wave swing changes—are produced with high spectrum accuracy. Empirical tests on cross-

channel correlation matrixes and Power Spectral Density distributions have confirmed that the 

generated manifold maintains the complex functional connection modes contained in biological 

record, therefore it overcomes the defects of traditional generation structures that frequently 

meet difficulties in spectrum distortion. 

(2) On the method and effect levels, this research puts forward a lightweight 1D-UNet sorter 

which uses multi-scale time core kernels and linear attention mechanisms. This design enables 

that transient neural microstates can be captured, meanwhile the low-latency property which 

practical edge deployment needs is retained. The experiment outcomes on the SEED-IVG and 

SADT data collections prove that the put-forward pipeline obtains excellent recognition 

accuracy values of 76.60% and 82.06%, accordingly, and it hence greatly exceeds the 

performance of conventional DDPM, GAN, and VAE baseline methods. In addition, the 

combination of Grad-CAM visualization gives a transparent window for the model’s decision-

making logic, hence confirming that posterior and occipital cortical areas act as main promoters 

for fatigue judgment—a result which conforms to already established cognitive neuroscience 

rules. 

(3) Although these progresses have been obtained, some limitations still need to be solved 

in the following improvements. The iterated attribute of diffusion-based noise removing, 

though speeded up by DDIM, still brings difficulties for extremely low delay real-time 

observation work. The future research should therefore put advanced model compression 

methods at the first place, and investigate adaptive frequency decomposition schemes for better 

capturing the spectral dynamics that belong to each specific subject. In addition, the study on 

cross-dataset domain generalization and multi-modal combination—that is, the combination of 

EEG together with EOG or cardiac measurement indexes—therefore will play a key role in 

promoting the translational ability of this framework for many different actual neuroergonomic 

application situations. 
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