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Development of Driver Fatigue Monitoring System
Using Machine Learning Approaches

Based on Physiological Signal from Steering Wheel

Ye-Jin Gu

Department of Electronic Engineering, The Graduate School,

Pukyong National University

Abstract

Driver fatigue is one of the major causes of traffic accidents. Therefore,
in order to prevent traffic accidents and ensure traffic safety, it is necessary
to analyze the fatigue characteristics of the driver. In order to monitor driving
fatigue, physiological signals such as heart rate or skin conductivity can be
used. Signal changes measured while driving were clinically proven for
quantitative analysis of stress and mental fatigue. In this study, we developed a
real-time driving fatigue identification and classification system using
physiological signals from the hand on the steering wheel for the minimum
restraint on the driver.

Experimental procedures were designed and constructed to induce driving

conditions similar to those in real life. Driving simulation program is used to



measure fatigue, and physiological signals such as skin conductance (GSR),
electrocardiogram (ECG) and photoplethysmography (PPG) are recorded during
the experiment. A total of 18 subjects participated in this experiment. In
addition, thirteen features were extracted from the statistical and time-
frequency changes of the physiological signals in relation to fatigue and heart
rate variability induced in long-term driving. In the signal analysis, the
proposed classification algorithm is designed based on the Time Delay Neural
Network (TDNN) using the extracted features. The proposed system can classify
fatigue into three levels. The system also identifies persistent fatigue situations
or instantaneous stress depending on the activity of the subject. The
experimental results show that the accuracy is 77.27% in Support Vector
Machine (SVM).

The proposed system can detect and classify fatigue stages based on two
non-invasive signals. These signals can be preconfigured and collected during
simulation and processed in real time. These driving safety systems for drivers
are expected to reduce traffic accidents by providing drivers with fast and
reliable real-time notifications. For example, our system can be applied to

fatigue monitoring in air traffic.
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SNS Sympathetic Nerve System xnl7+41747)
PSNS Parasympathetic Nervous System Fxl7+4174 7
HRV Heart Rate Variability 418t o] =
EDA Electrodermal Activity 3] %% 7| &%
ECG Electrocardiogram 434 %

PPG Photoplethysmography &% -89 3}
SVM Support Vector Machine

KNN K-Nearest Neighbor

LSTM Long Short-Term Memory

TDNN Time Delay Neural Network

RNN Recurrent Neural Network

GSR Galvanic Skin Response I %7 7] &5
PG Impedance Plethysmography

IBI Interbeat Interval #&o]7k7HA

HR Heart Rate 4w}

HF High Frequency 153}

LF Low Frequency A==}

SNR Signal Noise Ratio 21& o] & H]



PSD Power Spectral Density A8 ~HEH W&

SC Skin Conductance I ¥ A==

SCL Skin Conductance Level

SCR Skin Conductance Response

DWT Discrete Wavelet Transform ©]4F o] &2l HE
TP True Positive Z+ &4

TN True Negative % 54

FP False Positive A3l %A
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Example of GSR responses
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Fig. 9 Proposed System Architecture Block Diagram.
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Table 1 Description of events included in the simulation

Event Num. Event Description
1 Beginning stationary period
2. Garage Exit
3. City Road
4, Toll Booth
5. Highway driving period
6. Two Lane Merge / Cross over into the other lane
7. Rain driving
8. Night driving
9. End stationary period

L& D
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Fig. 12 PSD of Heart Rate Variability.
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Fig. 13 Flow Chart for Data Collection.
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Table 2 All features calculated from measured physiological signals

‘ Measure Description ‘ Section
ECG
HR Heart Rate

Time-domain

(Num. of pairs of adjacent NN
PNN50 measures
intervals differing by more than 50
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ms) / (total number of NN intervals)
Average of normalized high-frequency
HF
component (0.15-0.4 Hz) power
Frequency-
Average of normalized low-frequency
LF domain
component (0.04-0.15 Hz) power
measures
LF/HF Ratio between average of low-
Ratio frequency and high-frequency power
EDA
Average of total skin conductance (SC)
SC SC measures
signal
SCL Average of total SC level (SCL) signal | SCL measures

U I RAEE 4

A

SC(Skin Conductivity) A&+ dRo] HXG HFo] o =A=

EDAE yehdith SC AlE+= =2]A Wate= SCLESkin Conductivity Level)

¥ w2 A W3k= SCR(Skin Conductivity Response)<] A Als 7

_1_:’:_
o7 FAHEY. SC A& SCL3%} SCRZ yF7] {8 93 A=)

>
e

EDA A% = =g A #H3l: tonic &5 w27 WEstE phasic &%

9 AszgE FAHHY. o RFEEL A7 skin-conductance level(SCL),



e o] oH(f : filter, g : input, h : output).
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Fig. 14 SC Signal Analysis (a) SC and SCL (b) SCR.
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Fig. 15 SVM Classification Principle.
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HHoverfitting). BRI = wj-$- & A9, Bdo] HalA Af3le = ol
2]l tHunderfitting).

KNN2 A8 A Wil wel O 237 34 @A s dagFol
=3

7}. Euclidean Distance

X = (xq, %5, ) Xp)
Y= (y1;y2;---’yn)
(24)

d(X,Y) = \/(xl e y1)2 + ot (xn _yn)z —

Y. Manhattan Distance

A A =2 7EA] 2 R ES FFOER o]l d ol ALE

= gt

n
dManhattan (X' Y) = lei - yll
i=1
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o). Mahalanobis Distance

-1 (26)
dyahatanobis X, Y) = ()_i - ?)TZ )_(l - 17

a1

Z = inverse of covariance

X, Y Atele] Mahalanobis AglE ¢, X& o), YE 0, 0= T3 ¢
Al S

= EW ofet 2ol & F AT

=L

x3s1 +2x,%x,5, + x35, =

@2n

4. 3 Time Delay Neural Network (TDNN)
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TDNN(Time Delay Neural Network)e AlZF B¥HAS o] &3te] &
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4. 4 Long Short-Term Memory (LSTM)

RNNo| #d grel 7 HHE AbEste AR Abo] Azt # A4
AAIGA THHAETE F2F F0] S5 FHol A A=+ vanishing
gradient problem-2 3}Z23s}7] 98] 1tH FarglFo|th. LSTMS RNN
o] &4 Aejol cell-stateE F7}3F F20]tH25]
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Xt

Fig. 16 LSTM cell.
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[Wi] [Ri] [Di] (30)
W:|W|R=|Rf|b:|bf|
Wl L L

A71A = 4E ACE, f& B2 AE, g& A $H, o= &Y Ao
EZ Yehdt
LSTMe] 448 tha-3 2t ©F Hadamard product 34k=}o]t}.

fe= OWyp gxe + Wyp gy 1+ bp_g) 3D

iy = O(WypiXe + Whp ile—q + bp_;) (32)

0 = O(WypoXe + Whp ofte—1 + bp—,) (33)
g: = tanh(Wyp, gx¢ + Wyy ghy 1 + bp_g) (34
= [t Oc 1+ iy ©g; (35

h, = o, ® tanh(c,) (36)

f.= forget gateelth. h,_, 7 x, & Wol AIRo|=E HF|E gho| forget
gate7} WERWE= grolvh ARl 7o 28 W= 00014 1 Afole]
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Fig. 20 ECG Analog Circuit.
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Fig. 21 EDA Analog Circuit.
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Fig. 22 Collected Physiological Signals (a) ECG (b) PPG (c) EDA.
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Fig. 23 ECG Signal with Discrete Wavelet Transform and Low Pass Filter
(a) Raw ECG Signal (b) DWT ECG Signal (c) LPF ECG Signal.
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Fig. 24 PPG Signal with Discrete Wavelet Transform and Low Pass Filter
(a) Raw PPG Signal (b) DWT PPG Signal (c) LPF PPG Signal.
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Fig. 26 Peaks of Respiratory Signal.
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Fig. 30 Driving Dataset Consisting of Three Classes.

g2y 2 A4S 7IXG 715 KNN ER/7)o0 &

A

i

~

%!

Bl

2 Kol o
e

A= o

A
S5} 49.2%2 714 =9t

30).

(

3

K7} 109 o

53



0.8

0.75

0.65

Maximum posterior

0.55

120 140 160

20 40 B 1
ﬁ LF (Hz)
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Fig. 32 Structure of a deep LSTM architecture.
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.7323¢] Fl-scoreE 2435\t LSTMAA &
-score= Z+ZF 0.6701, 0.8783, 18]a1 0.76029]
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Table 3 Classification Results of Each Classifier on the Test Set

Classification Classifier Model
Results KNN SVM LSTM | TDNN
TP 130 153 130 165
FN 61 68 74 38
FP 64 41 64 29
TN 31 24 18 54
Sensitivity/TPR (%) 80.74 86.44 87.83 75.34
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True Label

Specificity/TN Rate (%) 48.80 62.38 53.62 56.71

Accuracy (%) 66.78 77.27 71.32 70.97

Precision 0.6701 0.7886 0.6701 0.8505

Recall 0.8074 0.8644 0.8783 0.7534

F1 0.7323 0.8247 0.7602 0.7990

Validation Set Test Set

Low,_Fatigue 8 6 7 Low_Faigue F o ST 2

NomaLxaee 1 56 18 3 Normal_fatigue 8 : 15 4

M Ftlgpe 10 29 52 g High_atigue 11 -i -_14- 9
low_fatigue  Normal Fatigue  High,Fatigue low fatgue  Nomal Fatigue  High Fatigue

Predicted label Predicted label

Fig. 35 KNN - Test Set Confusion Matrix.
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Validation Set

Test Set
Low_Fatigue 2 1 0 Low_Fatigue 0 0 1
Normal_Fatigue 22 65 15 I} Normal_Fatigue 15 48 8
3
S
High_Fatigue 5 25 62 = High_Fatigue 5 6 6

Low_Fatigue Mormal_Fatigue High_Fatigue Low_Fatigue Normal_Fatigue High_Fatigue

Predicted label Predicted label

Fig. 36 SVM - Test Set Confusion Matrix.

Validation Set Test Set
Low_Fatigue 4 4 2 Low_Fatigue 8 7 1
Normal_Fatigue 12 51 10 T Normal_Fatigue 8 36 5
3
E
High_Fatigue 13 36 65 = High_fatigue 4 11 9

Low_Fatigue Normal_Fatigue High_Fatigue Low_Fatigue Normal_Fatigue High_Fatigue

Predicted label Predicted label

Fig. 37 LSTM - Test Set Confusion Matrix.
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Validation Set Test Set

Low_Fatigue 2 5 2 Low_Fatigue 7 13 3

Normal_Fatigue 21 69 41 Normal_Fatigue 10 32 5

True Label
True Label

High_Fatigue 6 16 32 High_Fatigue 2 5 6

Low_Fatigue Normal_Fatigue High_Fatigue Low_Fatigue Normal_Fatigue High_Fatigue

Predicted label Predicted label

Fig. 38 TDNN - Test Set Confusion Matrix.
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