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Abstract. Driver‟s cognitive state monitoring system has been implicated as a causal factor for the safety driving 

issue, especially when the driver fell asleep or distracted in driving. However, the limitation in developing this system 

is lack of a major indicator which can be applied to a realistic application. In our past studies, we investigated the 

physiological changes in the transition of driver‟s cognitive state by using EEG power spectrum analysis and found 

that the features in the occipital area were highly correlated with the driver‟s driving performance. In this study, we 

construct an EEG-based self-constructed neural fuzzy system to estimate the driver‟s cognitive state by using the 

EEG features from the occipital area. Experimental results show that the proposed system had the better performance 

than other neural networks. Moreover, the proposed system can not only be limited to apply to individual subjects but 

also sufficiently works in between subjects. 
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1   Introduction 

Sleepiness is often overlooked as a major contributor to vehicle crashes. The National Sleep Foundation's 2009 Sleep in 

America poll shows that 1% or as many as 1.9 million drivers have had a car crash or a near miss due to drowsiness in 

the past year. Even more surprising, 54% of drivers (105 million) have driven while drowsy at least once in the past 

year, and 28% (54 million) do so at least once per month [1]. Therefore, to develop accurate and non-invasive real-time 

drowsiness monitoring and prediction system with the capabilities of continuously monitor and estimate the alertness 

level of drivers is highly desirable, particularly the system can be integrated with an automatic warning alarm to the 

drowsy driver. 

Electroencephalography (EEG) is the most direct and effective measures of physiological states. EEG signals are 

usually recorded from dozens of scalp electrodes and sampled at 100-500 Hz, which needs heavy execution loading and 

is less practicable for on-line analysis. It was previously impossible to capture drowsiness-related information in real 

time, as signal processing methods and computer processors were not fast enough to extract the relevant information 

from the EEG. With recent advances in signal processing methods and computer performance, it is now possible to 

gather information about human cognitive states and behaviors by analyzing complicated EEG signals. However, the 

difficulties in developing such a drowsiness detection system include the lack of a significant index for detecting 

drowsiness and the interference of ambient noises in actual driving environments.  

Many studies have shown that changes in EEG power spectra are highly related to human cognitive state. Beatty et al. 

[2] demonstrated the phenomenon of increasing occipital theta (4-7Hz) power when the radar operators were less 

vigilant. Huang et al. [3] demonstrated tonic EEG power increase in low-frequency bands in the occipital cortex during 

high-error periods in a continuous visual tracking task, and they also showed similar tonic EEG power increase in low-

frequency bands in the occipital cortex in simulated driving experiments [4]. In addition, Lin et al. [5]-[6] have shown 

the high correlation between alpha (8-11Hz) and theta (4-7Hz) band power and driving error, which is defined as the 

mean deviation from lane center in each moving window in the virtual-reality (VR) environment. Besides, research [7] 

showed that changes in EEG spectra in the theta band and alpha band reflect changes in the cognitive state and memory 

performance. Other studies also showed that the EEG power spectra in the theta [8]-[9] and/or alpha [10]-[11] bands are 

associated with drowsiness, and EEG power spectrum has largely linearly related to subject‟s driving performance. 

Based on the discoveries in the researches mentioned above, this study attempts to propose a generalized EEG-based 

Self-constructing Neural Fuzzy Inference Network (SONFIN) system to monitor and predict the driver‟s cognitive state 

not only for subject-dependent but also for generalized cross-subject drowsiness prediction model, which means 

different subject can apply the same drowsiness detection model and still maintain a high system performance. The 

occipital theta- and alpha-band EEG power spectra and reaction time (RT) acquired in the VR-based experiment are 

applied as the driving performance index to construct the drowsiness prediction model. Two kinds of experiment were 

investigated for system performance comparison and analysis: the subject-dependent and generalized cross–subject 

models. First, the subject-dependent drowsiness model determined the prediction performance of the SONFIN, the 

Multi-Layer Perceptron Neural Network (MLPNN), and the Radial Basis Function Neural Network (RBFNN) in 
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single–subject experiments. Second, generalized cross-subject drowsiness experiments determined the performance of 

the same models for comparison. Experimental results, including correlation and prediction results of reaction time 

(RT), indicate that the proposed system performs much better than traditional Neural Networks for EEG-based cross-

subject drowsiness prediction. The EEG-based self-constructing neural fuzzy system in this study is applicable to 

subjects‟ independent sessions, and the unique advantages of this approach can be generalized to numerous real-life 

applications. 

2   Experiment Design and Setup 

2.1   Virtual Reality (VR)-based Dynamic Driving Simulator 

The experiments in this study used the virtual-reality-based (VR-based) highway-driving environment depicted in Fig. 1. 

This simulator was developed in our previous studies [5]-[6] to investigate changes in a drivers‟ cognitive state during 

long-term monotonous driving. The current study employs the same simulator to generate the required EEG data. This 

VR-based cruising environment includes 3-D surround view projected by seven projectors. The simulator has a fixed 

driving speed of 100km/hr and is housed in a real car mounted on a 6-degree of freedom Stewart platform, as Fig. 1(a) 

and Fig. 1(b) show. All scenes move depending on the displacement of the car and the subjects maneuvering of the 

wheel during the driving experiments, making drivers feel like they are driving a real car on a real road. The simulator 

automatically and randomly drifts the car away from the center of the cruising lane to evaluate car drift and the effects 

of real-world road surfaces. The subjects were asked to keep the car in the third cruising lane using the steering wheel 

whenever the VR simulator triggered a lane-departure event. Each lane-departure event (or “trial”) captured the 

required EEG data, car deviation, and time duration for analysis. 

 

 

Fig. 1. VR-based Highway Driving Environment. (a) Snapshot of the virtual reality-based driving scene, (b) six degree-of-freedom 

motion platform 

In this lane keeping driving experiment, when subjects were alert, their reaction times to the random drift were short, 

resulting in a small deviation from the center of the lane. When the subjects were drowsy, the reaction times and 

resulting lane deviation were high. In this driving experiment, the VR-based freeway scene showed only one car driving 

on the road. Without any other event stimuli, this scene simulated an unexciting and monotonous task designed to make 

drivers fall asleep. This „phasic‟ brain dynamics is very informative about the driver‟s cognitive state. However, in real-

world applications, it is not available if lane-departure events do not occur, as one driving on long straight stretches of a 

highway. Therefore, the phasic brain dynamics should not be used to „predict‟ driver‟s cognitive states. This study uses 

the baseline EEG power spectrum to predict the reaction time (RT). Reaction time is a significant driving performance 

index that directly reflects the driver‟s cognitive state. 

2.2   Subjects and EEG Data Recording 

Six subjects (aged 20 to 40 years) participated in the VR-based highway-driving experiments. All volunteer subjects 

involved in the experiment had the driving license and were trained to familiar with the VR-based highway-driving 

moving scenes. To maximize the chance of obtaining valuable data for this study, all the experiments were conducted in 

the early afternoon after lunch. The EEG data acquisition process in this study used 33 sintered Ag/AgCl EEG/EOG 

electrodes with a unipolar reference at right earlobe and 2 ECG channels with a bipolar connection placed on the chest. 
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All the EEG/EOG electrodes were placed according to a modified International 10–20 system, and referred to the right 

ear lobe. Before data acquisition, the contact impedance between EEG electrodes and cortex was calibrated at less than 

5K ohms. A NeuroScan NuAmps Express system (Compumedics Ltd., VIC, Australia) simultaneously recorded the 

EEG/EOG/ECG data, lane deviations, and the reaction time. Data precision was 16-bit and downed sampling from 500 

Hz to 250 Hz. 

2.3   Data Analysis 

Figure 2 shows the flowchart of data processing procedures which consists of independent component analysis, power 

spectra analysis, feature extraction, drowsiness predictor model self-construction and correlation coefficient analysis 

and root mean square error (RMSE) estimation. 

 

Fig. 2. Flowchart of data processing procedures of proposed drowsiness estimation system 

 

After collecting 33-channel EEG data and reaction time in the 45-min VR-based experiment, ICA is firstly used to 

remove a variety of artifacts and then uses the 1-sec baseline theta- and alpha-band power of the activations in the 

occipital component as the input features of the proposed system. The power spectra are estimated by using 256-pt DFT 

and synchronized with the recorded time points to extract the corresponded reaction time for drowsiness predictor 

model construction. Finally, the correlation coefficients and Root Mean Square Error (RMSE) between estimated and 

recorded RTs were investigated to demonstrate the system performance. 

3   Adopted Drowsiness Predictors 

This paper adopts three predictors for analysis and comparison: (1) Multi-layer Perceptron (MLP) Neural Network, (2) 

Radial Basis Function (RBF) Neural Network, and (3) Self-Constructing Neural Fuzzy Inference Network (SONFIN). 

The following section briefly describes the structure of each predictor and their structures are shown in Figure 3. 

 

 

Fig. 3. Predictor structures. (a) Structure of the MLP Neural Network, (b) Structure of the RBF Neural Network, and (c) Structure of 

the 5-layer SONFIN. 

3.1   Multi-Layer Perceptron Neural Network (MLPNN) 

The Multi-Layer Perceptron (MLP) Neural Network (NN) is the most commonly used neural-network architecture 

because of its capability to learn and generalize relatively small training-set requirements, fast operation, and ease of 

implementation [36]-[39]. The MLPNN structure includes one input layer, one output layer, and a couple of hidden 
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layers, as Fig. 3(a) shows. We employs a 5-layer MLPNN with [10 6 5] processing elements (PEs) of hidden layers and 

8-layer MLPNN with [10 6 5 4 3 2] PEs of hidden layers for subject-dependent and generalized cross-subject 

drowsiness prediction, respectively. 

3.2   Radial Basis Function (RBF) Neural Network 

The radial basis function (RBF) network is a neural network structure for (nonlinear) function approximation problem 

with a high-dimension space. The RBF provides a best fitting curve of the training data, and its implementation is much 

simpler than the perceptron approach while retaining the major property of universal approximation of functions [40]-

[44]. The RBFNN is a 3-layer feed forward neural network structure that consists of an input layer, a single hidden 

layer with a nonlinear (Gaussian) RBF activation function and a linear output layer [44], as Fig. 3(b) shows. The 

RBFNN employed 30-40 and 300-500 neurons for subject-dependent drowsiness prediction and generalized subject-

independent drowsiness prediction, respectively. 

3.3   Self-Constructing Neural Fuzzy Inference Network 

This study uses fuzzy neural networks [48] to simplify a five-layer self-constructing neural fuzzy inference network 

(SONFIN in Fig. 3(c)) for the acquired EEG data. This SONFIN combines the nodes with a finite “fan-in” of 

connections represented by weight values from other nodes, and a “fan-out” of connections to other nodes. The 

integration function f combines information, activation, or evidence from other nodes. The functions of the nodes in 

each of the five layers of the SONFIN structure are briefly described as follow. 

Layer1: Transmit inputs to the next node directly, without computation. 

fauf i  )1()1( ,  (1) 

Layer2: Calculate the output of Layer 1 into a fuzzy set. 
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Layer3: Perform a fuzzy rule with an AND operation. 
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Layer4: Normalize the firing strength calculated in Layer 3. 
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Layer5: Integrate all the actions from Layer 5 to defuzzify the results. Each node in this layer corresponds to one 

output variable. 
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The average rule numbers derived for subject-dependent drowsiness prediction and generalized cross-subject 

drowsiness prediction were both less than 10. 

4   Experimental Results and Discussions 

Six subjects were trained and tested with 220 to 330 trials for SONFIN, MLPNN, and RBFNN predictors. This study 

applies two validation approaches to verify the performance and robustness of these predictors. The subject-dependent 

drowsiness prediction using ten-fold cross-validation was first employed to determine the average single-subject 

performance. The ninety-percent trials in one subject were applied for training, while the ten-percent trials were left for 

testing, and vice versa. Second, the generalized cross-subject drowsiness prediction was used to determine the 

performance difference between the subject-dependent and generalized cross-subject predictions, and the robustness of 

these predictors. Five subjects used for training, while one subject was left for testing, and vice versa. Table 1 shows the 

estimation performance of three neural networks including correlation and RMSE evaluations in subject-dependent and 

cross-subject conditions. 
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Table 1.  Comparison results of the cognitive state estimation systems including correlation and RMSE performances in subject-

dependent and cross-subject conditions. 

 
Subject-dependent Performance Cross-Subject Evaluation 

Correlation (%) RMSE Correlation (%) RMSE 

MLPNN 

Training 96.59±3.87 0.089±0.025 96.79±9.73 0.04±0.07 

Testing 96.22±0.41 0.084±0.034 61.29±12.19 0.42±0.15 

RBFNN 

Training 95.37±1.82 0.074±0.03 99.26±0.49 0.01±0.002 

Testing 94.8±0.46 0.103±0.043 47.87±23.59 1.01±1.07 

SONFIN 
Training 96.69±1.47 0.071±0.02 98.37±1.32 0.06±0.02 

Testing 97.24±1.63 0.076±0.022 78.25±5.72 0.36±0.14 

4.1   Subject-dependent Drowsiness Prediction 

This study applies ten-fold cross-validation to determine the average single-subject performance. For each subject, it 

was randomly running ten times with 90% trials as the training data, and 10% trials as the testing patterns and vice 

versa. Each subject completed 10-round ten-fold cross-validation to get an average correlated coefficient and average 

root mean square error (RMSE). Table I shows that the training and testing correlated coefficients using MLPNN, 

RBFNN, and SONFIN achieved average performances of 96.59%, 95.37%, 96.69% and 96.22%, 94.8%, 97.24%, 

respectively, and the average RMSE of training and testing evaluations are 0.089 sec, 0.074 sec, 0.071 sec  and 0.084 

sec, 0.103 sec, 0.076 sec, respectively. These experimental results indicate that these three predictors achieve an 

average correlated coefficient larger than 95%, for both the training and testing evaluation. Our proposed SONFIN 

structure has the better performance including the high correlation and the smaller RMSE value (97.24% Corrcoeff. and 

0.076 RMSE). 

4.2   Generalized Cross-Subject Drowsiness Prediction 

As shown in Table I, the average training and testing correlations using MLPNN, RBFNN, and SONFIN achieved 

96.79%, 99.26%, 98.37% and 61.29%, 47.87%, 78.25%, respectively, and the average RMSE values were 0.04 sec, 

0.01 sec, 0.06 sec and 0.42 sec, 1.01 secs, 0.36 sec, respectively. The testing evaluation correlated coefficients showed 

significantly performance drops when applying generalized cross-subject drowsiness prediction. Our proposed SONFIN 

structure produced the lowest RMSE in this experiment. Experimental results show that adopting a fuzzy algorithm in a 

neural network can produce a more robust model for generalized cross-subject drowsiness prediction because of the 

linguistic advantages of fuzzy algorithms. 

5   Conclusions 

We apply 1-sec baseline EEG power spectra and use RT measurements for training and testing input and output patterns 

using SONFIN, MLPNN, and RBFNN drowsiness prediction. Experimental results indicate that subject-dependent EEG 

baseline data is applicable to drowsiness prediction, and SONFIN, MLPNN, and RBFNN achieve a high correlation 

coefficient performance and small RMSE values. However, SONFIN exhibited the best performance among these 

predictors (97.24% Corrcoeff. and 0.076 RMSE). In generalized cross-subject drowsiness prediction, our proposed 

SONFIN system which performs better than MLPNN and RBFNN can be used in real-life applications. 
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