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ABSTRACT: Auto-estimation of drowsiness of a vehicle driver is an urgent problem, as more than 15% of traffic accidents 

are caused by careless driving in Japan. This paper considers drowsiness estimation based on the measurements of the heartbeat, 

respiration, and the center of pressure on the seat. As the learning model for the prediction, we employ an echo state network 

(ESN). An ESN is one of the recurrent neural networks (RNNs) that solves the problem of the high computational cost of 

ordinary RNNs by restricting the tunable parameters. As drowsiness at a time is dependent on the previous time, i.e., the 

system has dynamics, RNNs will be suitable models for drowsiness estimation. Furthermore, because of their low 

computational cost, ESNs are a promising candidate model for driver drowsiness estimation. The validity of the proposed 

method is tested by several persons' data. 
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1. Introduction 

According to the statistics by National Police Agency (1), more 

than 15 % of fatal traffic accidents are caused by careless driving 

in Japan, which is the highest percentage among the causes. 

Therefore, it is urgent to make a system to prevent the drivers from 

driving carelessly to reduce the fatality of traffic accidents. This is 

why the studies to detect the drivers' drowsiness and fatigue is one 

of the hottest topics. 

Studies to detect drivers' drowsiness and fatigue can be able 

to be classified in terms of the data or the model of the detector. As 

the data, many studies utilize the facial image (2), 

electroencephalogram (EEG) (3, 4), electrooculogram (EOG) (5, 6), or 

electromyography (EMG) (6). Although the face image is promising 

data for this purpose, it will be suffered from the sudden change of 

the luminosity of the surrounding environments. Also, the image 

data can be unreliable if the driver wears a mask or glasses. EEG 

gives the most reliable feature for drowsiness in experimental 

environments, but it requires the drivers to put on some devices that 

are not comfortable. Furthermore, it is difficult to obtain EEG 

without a significant level of noise. Similar problems as EEG exist 

also in EOG and EMG. As a candidate of the data that is easy to 

obtain and is not burdensome to the drivers, some propose to use 

the steering data (7). Others also propose to use heart rate (8), 

respiration (4), or the center of the seat pressure (9). 

In terms of the model of the detector, supervised learning 

models such as the support vector machine (SVM) (10) or the 

random forests (7) are often employed. However, these models are 

designed for stational data: they are not necessarily suitable to 

predict dynamic systems. The often-employed method is to take the 

series data with a fixed length as an input to the classifier. This 

straightforward way may result in a good result if the most relevant 

information is contained in a relatively small time interval. 

However, it was pointed out that the drowsiness does not change 

instantaneously and it takes more than a minute for the drowsiness 

level to change (11). This suggests the possibility that data for a short 

time interval may be insufficient for drowsiness detection. 

Therefore, any method that can model the dynamics of the system 

will be more desirable, as such a model can retain the memory of a 

long time interval. 

To model a dynamic system, recurrent neural networks 

(RNNs) are often employed in the recent machine learning 

community. An RNN is a type of deep neural network and has a 

great expressive ability. However, RNNs are difficult to train 

because of their structure and require high computational power 

like a high-performance graphic processing unit. Considering the 

equipment in a car, this computational burden will be currently 

infeasible. 

In this paper, for drowsiness detection, we propose to employ 

a state-of-the-art RNN model called echo state networks (ESNs) (12), 

which bypasses the difficulty of training an RNN. Because the 

training of an ESN is a linear regression, which is analytically 

tractable, it can be trained with a low computational burden. 
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Although the approximation performance of an ESN is usually less 

than that of the well-trained normal RNN, by employing the 

ensemble learning technique, it is shown that the model can give 

accurate predictions. As the data, we employ the pulse wave, the 

respiration, and the center of the seat pressure, all of which are 

relatively easy to obtain.  

The rest of the paper is organized as follows: Section 2 gives 

the definition of the drowsiness level and explains the data to be 

used. Section 3 gives a brief explanation of the ESN. Section 4 

describes the settings of the experiments and Section 5 gives the 

experimental results. Section 6 concludes the paper. 

2. Drowsiness Level and Biosignals 

2.1. Drowsiness Level 

 

We employ the index suggested by New Energy and Industrial 

Technology Development Organization (NEDO), which we call 

NEDO index. It classifies the drowsiness level into 5 groups as 

shown below (13): 

(1) Level 1: The person seems not sleepy at all (He/She  performs 

quick and frequent gaze movements. The frequency of blinking 

is stable and about two in 2 s. He/She moves actively) 

(2) Level 2: The person seems a little sleepy (He/She opens his/her 

mouth. The gaze movement is slow) 

(3) Level 3: The person seems sleepy (Blinking is frequent but slow. 

There can be some movements in his/her mouth. He/She 

sometimes reseats him-/herself. He/She sometimes touches 

his/her face) 

(4) Level 4: The person seems fairly sleepy. (He/She seemingly 

blinks on purpose and shake his/her head. There seem to be some 

useless body movements. He/She yawns frequently and 

sometimes breathes deeply. Blinking and gaze movements are 

slow) 

(5) Level 5: The person seems extremely sleepy (He/She 

sometimes closes his/her eyes. He/She sometimes lean his/her 

head forward or backward) 

The drowsiness level is judged by a committee of not less than two 

well-trained examiners using the video recode of the facial image 

of the examinee. Behaviors written in parentheses are typical in 

each drowsiness level. 

 There is no definitive method to relate the drowsiness to 

physiological indicators: EEG can distinguish between being 

awake and asleep, but it cannot evaluate the drowsiness. The 

NEDO index provides the method to define such a relation. 

Furthermore, the evaluation of NEDO does not affect the 

participants' drowsiness. We use this index along with the 

participants' subjective estimation of his/her drowsiness to improve 

the reliability. 

 

 

2.2. Biosignals 

 

In the current study, we employ the pulse wave, the respiration, 

and the center of the seat pressure, which are easy to obtain and are 

not affected significantly by environmental conditions, such as 

luminosity. From the above-mentioned signals, we calculate some 

features shown in Table 1. In the table, the N-N interval refers to 

the peak-to-peak interval of the pulse wave, and COP to the center 

of seat pressure. Many other candidate features are often used in 

the studies, but we chose them as they exhibit a larger correlation 

with the NEDO index. 

3. Drowsiness Estimation by ESN 

In this section, we explain the ESN briefly and describe our 

strategy to use it in drowsiness detection. The ESN is a type of 

RNNs that can be trained with low computational costs. Therefore, 

ESNs are expected to be beneficial for edge computing. 

 

Table 1 Features used in the drowsiness estimation 

 

3.1 Echo State Networks 

 

Fig. 1 shows the structure of an ESN. The ESN is a class of 

RNNs called reservoir computing (RC) and can be used to model a 

dynamical system. An ESN, as in other RC models, consists of 

three modules: an input layer, a reservoir, and a readout (an output 

layer). A reservoir is an RNN and the other parts are static neural 

networks. An RNN is a type of deep neural network and is used in 

time series analysis such as acoustic analysis. However, the 

training of an RNN can be very demanding because of its recursive 

structure. The ESN and other RC models bypass this difficulty by 

fixing the reservoir and only tuning the readout. By combining a 

reservoir and a readout that are complex enough with some 

appropriate properties, it is shown that any dynamical system with 

fading memory property can be approximated (14). 

In general settings, there can be some feedback from the 

readout to the reservoir and the direct connection from the input to 

the readout. However, in this study, we do not consider such a 

structure. 

 

Pulse data Mean of the N-N interval 

The standard deviation of the mean N-N 

interval 

Root mean square of the difference of 

adjacent N-N interval 

Mean of the standard deviation of N-N 

interval  

The standard deviation of the difference 

between adjacent N-N intervals 

Percentage of the pairs of adjacent N-N 

intervals whose differences are greater than 

50 ms 

Respiration data The standard deviation of the time interval 

between adjacent peaks 

Center of pressure 

(COP) data 

Fluctuations of the COP position from the 

baseline 

The standard deviation of the successive 

difference of the COP position in the left-

and-right direction 

The logarithm of the square area of the 

ellipse defined by the covariance matrix of 

the COP position 

The standard deviation of the COP position 

in the left-and-right direction 
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Fig. 1 Structure of an ESN 

 

Let the input vector at time 𝑡 ∈ ℕ be 𝑢(𝑡) ∈ ℝ𝑟, the reservoir 

state vector (the vector containing the activation of reservoir units) 

be 𝑥(𝑡) ∈ ℝ𝑛, where 𝑛 is the number of units in the reservoir, and 

the output vector be 𝑦(𝑡) ∈ ℝ𝑚. Let the activation function of the 

reservoir units be 𝑓: ℝ𝑛 → ℝ𝑛  and that of the readout be 

𝑓out: ℝ𝑚 → ℝ𝑚.  

The input-reservoir and reservoir-readout connections are full 

forward connections. The connections within the reservoir are 

made randomly with the probability 𝑐𝑟 ∈ (0, 1) , which is 

predefined by the user. The weight matrix of the input-reservoir 

connection 𝑊in ∈ ℝ𝑛×𝑟 and that of the within-reservoir connection 

𝑊 ∈ ℝ𝑛×𝑛  are defined randomly and fixed once they are 

determined. Then, the only trainable parameters are the weights of 

the reservoir-readout connections 𝑊out ∈ ℝ𝑚×𝑛.  

With the above definitions, the model of an ESN can be 

described as a couple of equations as follows: 

 

𝑥(𝑡 + 1) = 𝑓(𝑊𝑥(𝑡) + 𝑊in𝑢(𝑡 + 1)),                                      (1) 

𝑦(𝑡) = 𝑓out(𝑊out𝑥(𝑡)).                                                              (2) 

 

As the activation 𝑓 of the reservoir units, the hyperbolic tangent is 

often employed. We also assume 𝑓 is hyperbolic tangent hereafter. 

Although the within-reservoir weight matrix 𝑊  is defined 

randomly, it is usually tuned to have a spectral radius less than 1. 

This is achieved as follows: first, define a random matrix �̅� with 

the appropriate size, and determine the reference of the spectral 

radius of 𝑊 as 𝛾 ∈ (0, 1). Then, 𝑊 is defined as 

 

𝑊 =
𝛾

|𝜆max(�̅�)|
�̅�,                                                                            (3) 

 

where 𝜆max(𝐴) is the eigenvalue with the maximum absolute value 

for a square matrix 𝐴.  

The above condition that the spectral radius of 𝑊 is less than 

1 is a necessary condition for the reservoir to have the ‘echo-state 

property’, i.e., the property that, for the same input sequences of 

infinite length, the state sequences coincide. The echo-state 

property is one of the sufficient conditions for an ESN with enough 

complexity to be able to model any dynamics with fading memory 

property. Unfortunately, the condition on the spectrum radius is a 

mere necessary condition for the echo-state property, and a known 

sufficient condition is too conservative (12). However, it is shown 

that this condition is practically sufficient (15), i.e., if the spectral 

radius is smaller than 1, the reservoir has the echo-state property 

with high probability. 

In the most basic cases, the readout function 𝑓out is set to be 

the identity function of 𝑥, but it can be any function: it is even 

acceptable for the output layer to have recursive connections, i.e., 

𝑓out can also take the output signal of the previous step as its inputs. 

However, to reduce the computational cost, the readout function 

will be made as simple as possible under the condition that it is 

complex enough to give the necessary expressive capability. 

Regarding the weight matrix 𝑊in, it is important to be scaled 

appropriately to prevent the reservoir unit activations from 

saturating. If most reservoir units saturate, it becomes difficult for 

the network to distinguish different inputs.  

 

 

3.2. Readout Function and Training of ESN for Drowsiness 

Estimation 

 

In the current study, we use an ESN to detect the drowsiness 

that is defined as 5 discrete values. Although it is a multi-class 

classification problem, we take it as a regression problem with 

limited range: as there is an order relation between the 5 classes 

and it can also be assumed that there are intermediate states in, e.g., 

between Levels 2 and 3. We will predict the drowsiness as a 

continuous value and then quantize it to give a class label. 

Because the readout function should be bounded, we employ 

the hyperbolic tangent function and made the following 

correspondence: 𝑦 = −0.8 for Level 1, 𝑦 = −0.4 for Level 2, 𝑦 =
0.0 for Level 3, 𝑦 = 0.4 for Level 4, and 𝑦 = 0.8 for Level 5. 

To make the readout function complex enough for our purpose, 

we propose to use a weighted mean of several predictions. 

Specifically, we prepare 𝑇 distinct 𝑊out(0), … , 𝑊out(𝑇 − 1) for a 

predefined 𝑇 ∈ ℕ  and define the output of our ESN using 

intermediate outputs �̃�(⋅) as follows: 

 

𝑦(𝑡) =
∑ 𝑤𝑖�̃�(𝑡 − 𝑖)𝑇−1

𝑖=0

∑ 𝑤𝑖
𝑇−1
𝑖=0

,                                                                 (4) 

�̃�(𝑡 − 𝑖) = 𝑓out(𝑊out(𝑖)𝑥(𝑡 − 𝑖)),                                                (5) 

 

where 𝑓out: ℝ → (0, 1)  is the hyperbolic tangent function and 

𝑤𝑖  (𝑖 = 0, … , 𝑇 − 1)  are positive constants. The intermediate 

output �̃�(𝑡 − 𝑖) can be seen as the prediction made by the state of 𝑖 
steps earlier. In the case where 𝑡 < 𝑇 − 1 , the mean over 𝑡 

predictions is used instead. 

Let 𝑁 be the number of data sequences to be used to train the 

network and 𝑇𝑘 be the length of the sequence of data 𝑘. Let the 

actual drowsiness data of data 𝑘  at time 𝑡  be 𝑑(𝑘)(𝑡), which is 

converted into the discrete values in {0.1, 0.3, 0.5, 0.7, 0.9}  as 

described above, and the corresponding state of the reservoir be 

𝑥(𝑘)(𝑡) . The weights 𝑊out(0), … , 𝑊out(𝑇 − 1)  are defined to 

minimize the loss function 𝐸𝑖  (𝑖 = 0, 1, … , 𝑇 − 1)  defined as 

follows: 

 

𝐸𝑖 = ∑ ∑ [𝑓out
−1 (𝑑(𝑘)(𝑡 − 𝑖)) − 𝑊out(𝑇 − 𝑖 − 1)𝑥(𝑘)(𝑡 − 𝑖)]

2
𝑇𝑘

𝑡=1

𝑁

𝑘=1

+ 𝛼‖𝑊out(𝑇 − 𝑖 − 1)‖2.                                (6) 

 

Note that, in the current study, the output is a scalar and 

𝑊out(0), … , 𝑊out(𝑇 − 1) are 𝑛 dimensional row vectors. The first 

term penalizes the difference between the actual drowsiness data 

𝑑(𝑘)(𝑡)  and the intermediate output �̃�(𝑡 − 𝑖) : note that the 

hyperbolic tangent function 𝑓out is bijective. The second term is the 

𝐿2 regularization term to prevent overfitting. The constant 𝛼 > 0 

is the user-given weight. 

The minimization problem of 𝐸𝑖  is equivalent to the Ridge 

regression problem and can be solved for the best 𝑊out(𝑇 − 𝑖 − 1) 

analytically. Therefore, it is not necessary to perform gradient-

based optimization, which reduces the computational burden 

required for the training.  

Furthermore, if there is an imbalance among the data, i.e., if 

data with specific labels are more abundant than the others, it is 
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possible to put a weight in the calculation of 𝐸𝑖. This can be done 

by replacing 

 

𝑓out
−1 (𝑑(𝑘)(𝑡 − 𝑖)) − 𝑊out(𝑇 − 𝑖 − 1)𝑥(𝑘)(𝑡 − 𝑖)                        (7) 

 

of (6) to 

 

𝑐𝑘,𝑡 [𝑓out
−1 (𝑑(𝑘)(𝑡 − 𝑖)) − 𝑊out(𝑇 − 𝑖 − 1)𝑥(𝑘)(𝑡 − 𝑖)],            (8) 

 

with some positive constants 𝑐𝑘,𝑡 . The weight 𝑐𝑘,𝑡  is determined 

according to the class label 𝑑(𝑘)(𝑡). 

Note that if the reservoir satisfies the echo-state property, the 

initial state of the reservoir has only a small effect on the output 

after several steps. Therefore, 𝑥(0) is determined randomly. 

 

3.3. Drowsiness Estimation after Training 

 

After training, the ESN can be used in the same way as the 

normal forward neural networks except that the reservoir state 

vector 𝑥(𝑡) is also used as the input at the time 𝑡 + 1. As it only 

involves matrix multiplications and sigmoid functions, and no 

inversions, the computation can be executed without much 

computational power. Moreover, the weight 𝑊 is usually set to be 

a sparse matrix with many zero elements. This will help to further 

reduce the calculation cost. 

After initialization, the data will be continuously fed into the 

network and the reservoir state will be updated according to (1). 

Using the state, the output is calculated by (4) and (5). The output 

is squashed into the interval of (−1, 1) because of the hyperbolic 

tangent readout function. Therefore, it is then multiplied by 2.5 and 

added 3 to give values within (0.5, 5.5). Finally, it is quantized to 

give values in {1, 2, 3, 4, 5}. 

4. Experiments 

 To test the applicability of our method to realistic situations, 

we performed some experiments using the driving simulator. The 

experiments were approved by the ethics committee of Aichi 

University of Technology (No. 29-7 and No. 30-2) and we obtained 

informed consent from all the participants. 

 

4.1. Participants and Environments 

 

The participants are 59 healthy persons from their 20th to 60th 

(51 men and 8 women). Among them, one person took the data 3 

times and another person took it twice. Therefore, we have 62 time-

series data. Note that, in the current study, we only use the data 

from the participants with a body mass index (BMI) of 25 or lower. 

This is because the physique of the driver will affect the biosignals. 

Although we also obtained data from some persons with higher 

BMI values, it is out of the scope of the current study to construct 

the estimator for them.  

To obtain the respiration and the blood volume pressure (BVP) 

data, we used ProComp (Thought Technology) with the respiration 

sensor SA9311M (Fig. 2(a)) and the BVP sensor SA9308M (Fig. 

2(b)). The seat pressure data were obtained through the smart 

rubber sensor embedded in the driver’s seat. 

The participants are asked to run a course that simulates a 

highway with a constant speed of 120 km/h without changing the 

lane for an hour. With this speed, the pin of the speedometer points 

almost vertically. Therefore, it will reduce the burden of the drivers 

and will increase the possibility to exhibit a high drowsiness level. 

Furthermore, to induce drowsiness, the course was set to be a 

straight line and the light of the experimental room was turned off. 

Note that although the reading of the BVP sensor may be inaccurate 

at the timing of turn, we did not make any countermeasures as the 

course is a straight line. 

To determine the drowsiness level, we recorded the movie of 

each experiment. We had a committee of three well-trained 

examiners for NEDO index evaluations. The committee made 

evaluations every 2 minutes using the movies after experiments. If 

the three disagreed, they had discussions until they reached a 

unanimous agreement. As supplemental data, we also asked the 

participants to give their own evaluation. The participants orally 

gave their evaluation every 2 minutes. This may cause the 

drowsiness to drop, but we have not seen any evidence of such 

change in NEDO index. We have confirmed that the NEDO index 

evaluated as above has strong correlation with the participant's own 

evaluation. 

Fig. 2 (a) The respiration pickup; (b) The blood volume pressure 

sensor 

 

4.2. Settings of ESN and Data 

 

The parameters of the ESN were set as follows: the number of 

the reservoir units was 𝑛 = 300, the within-reservoir connection 

rate was 𝑐𝑟 = 0.2, the spectral radius of 𝑊 was 𝛾 = 0.2, and the 

weight of the 𝐿2  regularization term was 𝛼 = 20. Although the 

spectrum radius 𝛾 is usually recommended to be close to 1, we 

empirically confirmed that a relatively small value tends to result 

in a better result. Essentially, the spectral radius 𝛾 controls how fast 

the system changes and how sensitive to the difference in inputs. 

Therefore, it is recommended to be close to 1 for the reservoir to 

be able to model a wide range of dynamics. However, because the 

drowsiness does not change within a short time, small 𝛾 will be 

better for our purpose. As the activation function of the reservoir 

units, we used the logistic sigmoid function. The weight matrix 𝑊in 

was scaled so that each row vector has the norm of 0.2. In the error, 

we set weights to deal with the imbalance in the data: there are 

many more instances with a drowsiness level of 3 or higher than 

the other. The weight was defined as: 

 

𝑐𝑘,𝑡 = 1 −
𝑁𝑗

𝑁
, 

 

where 𝑁𝑗 is the number of counts of the drowsiness level 𝑑(𝑘)(𝑡) 

among the training data. 

Among the 62 time-series data, 43 (70 %) were used in 

training and the other 19 (30 %) were used for the test. The 

calculation of the features listed in Table 1 was started after 20 min 

had passed and repeated every 8 s. The number of readout weights 

was 𝑇 = 10. The features were standardized for the inputs of the 

training data to have 0 means and 1.0 standard deviations. 

Note that we did not perform any training specialized to 

individuals. From the preliminary experiments, we found out that 

there are some correlations among data from the same person, 

which is not surprising. Therefore, in practice, the estimator can be 

improved by performing some calibration per the specific users. 
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5. Results and Discussions 

In the assessment of the results, we consider the following two 

questions:  

(1) Whether the estimator correctly estimates the driver is sleepy if 

he/she is actually sleepy. Conversely, whether the estimator 

correctly estimates the driver is not sleepy if he/she is not sleepy. 

(2) Whether the estimator predicts a sudden change in the 

drowsiness that does not exist in the actual drowsiness. 

The first question represents the most important points for the 

estimator. Especially, if the estimator fails to detect severe 

drowsiness, it may result in a fatal accident. The converse is not as 

critical as the first one, but is also very important, as frequent false 

alerts will degrade the reliability of the system. The second 

question is related to our motivation for employing an RNN. As the 

drowsiness level generally does not show a sudden change, if the 

model is trained appropriately, the prediction also can change only 

gradually. 

The first question can be addressed by converting the estimation 

problem into a bi-class classification. The other is addressed 

through examinations on some time series data. 

For the training and analysis, we used Python version 3.7.10. 

Fig. 3 Confusion matrix of the ESN-based prediction. Label 0 

refers to the state of not sleepy and 1 to that of sleepy. 

 

5.1. Drowsiness Detection as a Bi-class Classification 

 

In the current study, we define the state of NEDO index Level 

3 or higher be that of sleepy. By this convention, the estimation 

problem can be converted into the bi-class problem. 

The confusion matrix for the test data is shown in Fig. 3, where 

positive (1) means ‘sleepy’ and negative (0) ‘not sleepy’. The 

count was made every time the estimation was performed, i.e., 

every 8 s from 20 min to 60 min. From this result, accuracy was 
431 + 4188

431 + 455 + 626 + 4188
× 100 ≃ 81.0 %, 

precision (the fraction of predicted positives that are actually 

positive) was 
4188

4188 + 455
× 100 ≃ 90.2 %, 

recall (true positive rate; the fraction of positives predicted 

correctly) was 

4188

626 + 4188
× 100 ≃ 87.0 %, 

and specificity (true negative rate; the fraction of negatives 

predicted correctly) was 
431

431 + 455
× 100 ≃ 48.6 %. 

 

Fig. 4 Drowsiness estimation for Participant A by the ESN-based 

estimator 

Fig. 5 Drowsiness estimation for Participant B by the ESN-based 

estimator 

Fig. 6 Drowsiness estimation for Participant C by the ESN-based 

estimator 
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5.2. Time Series of 5-class Classification 

 

Figs. 4–6 show the plots of 5-class classification results from 

20 min to 60 min for 3 different persons’ data, which we will call 

Participant A, B, and C hereafter. The horizontal axes refer to time 

and the vertical axes to the drowsiness level. The dashed lines 

represent the true drowsiness level and the solid lines the 

predictions. It can be seen that there are no sudden changes in the 

predictions. 

 

5.3. Discussions on Results of ESN-Based Estimation 

 

As the false negative can result in a fatal accident, the recall 

should be the most important index among the above four, and the 

fact that recall is over 85% will show the potential of the proposed 

system. The precision is also high, which suggests that the false 

positive (false alert) is much less often than the true positive. 

However, the low specificity can be problematic as it suggests that 

the false positive occurred relatively often compared to the true 

negative. 

The low specificity will be caused by the problem in data: there 

are more data with NEDO index Level 3 or higher. In general, such 

an imbalance problem will be addressed by selecting the data to be 

used to balance between classes. However, in the current study, the 

data is a time series and it is not appropriate to divide the data into 

small pieces, which makes it difficult to take the balance. That is 

why we used the data without manually arranging for the number 

of data of each level to be in the same order. The weight introduced 

in the error function 𝐸𝑖 will attenuate this problem, but the result 

will show that it is not sufficient.  

Nonetheless, from the time series of the predictions, it can be 

seen that the estimator was not trained to constantly give alerts 

regardless of the biosignals. Rather, there are some participants for 

whom the estimator tends to give an alert more often than the others. 

This will suggest that a larger problem will be that the estimator 

was not tuned to individuals.  

In the current study, because of the scarcity of the data from 

the same individual, we did not tune the estimator to each person. 

However, in practice, it is expected that the estimator can be 

calibrated before usage, which may help to solve the problem. 

 

5.4. Comparison with Support Vector Classification 

 

For comparison, we performed the prediction using an SVM 

for multi-class classifications. The radial basis function was 

employed as the kernel. The weight of the penalty term and the 

hyperparameter of the RBF kernel were set to be 100.0 and 0.1 

respectively, which gave the largest specificity among the 

candidate set {0.1, 1.0, 10.0, 100.0, 1000.0} × {0.01, 0.1, 1.0}. We 

used the SVM implementation in scikit-learn. 

The same features were used as the ESN-based predictions. 

Also, the same training and test data were employed. 

Fig. 7 shows the confusion matrix in the case where the 

problem was converted to a bi-class classification, and Figs. 8–10 

show the plots of 5-class classification results from 20 min to 60 

min. Accuracy was 74.7 %, precision was 88.3 %, recall was 

80.7 %, and specificity was 41.9 %. Although it seems that a similar 

performance as our ESN-based estimator was achieved in detecting 

sleepy state from Fig. 7, Figs. 8 and 10 show that the prediction can 

oscillate in high frequency. Furthermore, the prediction sometimes 

can go up more than 2 levels in a time step, which will not be the 

case in actual drowsiness. The recall was a little lower than the 

ESN-based estimator, which implies the superiority of our ESN-

based estimator to the SVM-based one as the drowsiness estimator. 

 

Fig. 7 Confusion matrix of the SVM-based prediction 

Fig. 8 Drowsiness estimation for Participant A by the SVM-based 

estimator 

Fig. 9 Drowsiness estimation for Participant B by the SVM-based 

estimator 
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Fig. 10 Drowsiness estimation for Participant C by the SVM-based 

estimator 

 

5.5. Comparison with Random Forest 

 

For comparison, we also performed the prediction using a 

random forest for multi-class classifications. The number of 

estimators was set to be 10, which was the smallest that achieves 

the largest specificity with an accuracy higher than 80 %. We used 

the implementation in scikit-learn. 

The same features were used as the ESN-based predictions. 

Also, the same training and test data were employed. 

Fig. 11 shows the confusion matrix in the case where the 

problem was converted to a bi-class classification, and Figs. 12–14 

show the plots of 5-class classification results from 20 min to 60 

min. Accuracy was 80.6 %, precision was 90.7 %, recall was 

85.7 %, and specificity was 52.5 %. 

 

Fig. 11 Confusion matrix of the random-forest-based prediction 

 

Although performance seems to be comparable to the ESN-

based estimator in predicting the state of sleepy from Fig. 11, it is 

clear that the estimate oscillates and is not stable. In spite of the 

high values of accuracy, precision, recall, and specificity, the 

prediction at each time fluctuates more violently than the other two 

estimators. Furthermore, recall was lower than the ESN-based 

estimator, which implies the superiority of the ESN-based 

estimator to the random-forest-based one as a drowsiness estimator. 

Fig. 12 Drowsiness estimation for Participant A by the random-

forest-based estimator 

Fig. 13 Drowsiness estimation for Participant B by the random-

forest-based estimator 

Fig. 14 Drowsiness estimation for Participant C by the random-

forest-based estimator 
 

6. Conclusion 

In this paper, we proposed a driver drowsiness estimation 

system using an ESN. An ESN is a type of RNNs and suitable for 
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time series data with low computational power. By experiments 

using the driving simulator, the potential of the proposed system 

was shown. Considering that we did not tune the estimator to 

individuals, the estimator worked fairly well. 

 

Although the estimator showed good performance to detect 

the sleepy state, it is not such good at the original 5-class 

classification. Therefore, calibrations to fit individuals may be 

required to improve the performance of the estimator. Furthermore, 

the theoretical bases of ESNs are still to be founded and currently, 

hyperparameter tuning needs exhaustive trial and error. It is our 

future work to develop a systematic and efficient way of tuning the 

hyperparameters. Another problem is the scarcity of the female 

participants. Because of this, we could not assess the effect of 

sexual difference. If sexual difference has a significant effect, the 

prediction performance will be improved by training the detectors 

for males and females separately. Moreover, in the present study, 

we did not consider the cases with BMI higher than 25. However, 

it is practically important to consider those people with higher BMI. 

It is our future work to obtain enough data from those people with 

higher BMI and show the effectiveness of the proposed method. 

 

This paper is written based on a proceeding presented at  JSAE  

2019 Annual Congress (Spring). 
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