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Abstract—An algorithm for the real time detection of human 

fatigue has been developed by using multiple fatigue 

parameters. In addition to existing metrics such as Blink rate 

and the PERCLOS, a third metric, the variation of head 

position and the tilt has been used in generating a cumulative 

measure of fatigue with non intrusive techniques of monitoring. 

The initial results obtained out of the simulation studies have 

been discussed in this paper with a stress on fatigue monitoring 

using variation in head position. The system was found to be 

sufficiently accurate and highly robust in prediction of fatigue 

under test situations for fatigue monitoring. 

 

I.
 

INTRODUCTION
 

Fatigue can be broadly defined as a feeling of weariness, 

tiredness or lack of energy. Fatigue is a common complaint 

but, in medical terms, it may be a possible symptom or cause 

of other conditions than as a condition itself. While fatigue 

may be common to all, but studies show that young people, 

shift workers and people with sleep disorders such as sleep 

apnoea and insomnia are more prone to such problems [1]. 

Studies conducted on workplace fatigue have shown to have 

had severe impact in the long run. The fatigue study 

conducted by Ricci et al. [2] was the first to examine the 

relationship between fatigue and health-related lost 

productive work time (LPT) in U.S. workers. Overall, 9.2% 

of U.S. workers with fatigue reported LPT specifically due to 

fatigue in the previous two weeks. Such workers lost an 

average of 4.1 productive work hours per week, most of 

which was reflected in reduced performance at work rather 

than absence from work. The study concluded that fatigued 

employees cost U.S. employers $136.4 billion per year in 

health-related LPT-$101 billion more than workers without 

fatigue. The impact of long hours of work and fatigue on 

health related problems and injuries ranging from minor 

workplace incidents to severe accidents has been studied in 

detail by Allen et al [3]. Fatigue induced accidents are also 

not new or never heard of. In recent times there have been an 

increasing number of incidents being reported with severe 

casualties along with substantial damage of property. The US 

Department of Transportation's investigations into fatigue 

during as early as the 1990s revealed that the extent of 

fatigue-related fatal accidents is estimated to be around 30%. 

Research shows that driver fatigue is a significant factor in 

approximately 20% of commercial road transport crashes and 

over 50% of long haul drivers have fallen asleep at the wheel.  
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Much effort has been dedicated towards development of 

active safety systems for real time fatigue monitoring which 

can be classified into certain broadly defined categories [4] 

such as performance based or through measurement of ocular 

physiology [5], mathematical models of alertness dynamics 

joined with ambulatory technologies and in-vehicle real time 

fatigue monitoring based on biobehavioral dimension(s) of 

an operator, such as features of the eyes, face, head, heart, 

brain activity, reaction time, etc., during driving [6-8] based 

on one form or another of the various techniques for fatigue 

monitoring and correlation. Amongst all the techniques 

reported so far, perhaps the best indicator would be based on 

decisions generated on the basis of brain waves, heart rates 

and pulse rates, which require strong subject coordination 

with the online tracking procedure such as some form of 

body appendage or sensor, is costly to implement and in 

many situations is not feasible due to the intrusion and 

annoyance caused to the subject in real world scenarios. The 

results so far based on techniques that monitor eyelid 

movement and eye gaze with a head-mounted eye tracker or 

special contact lens have been quite successful. Also reports 

on monitoring head movement [9] with a head-mount device 

are also encouraging. The efforts so far are mostly directed 

towards detecting driver fatigue, but they could be extended 

in other similar scenarios as well. Ishii et al. [13] introduced a 

system for characterizing a driver’s mental state from his 

facial expression. A fatigue monitoring system based on line 

of sight of gaze was reported by Satio et al. [10] Eyelid 

movements have also been studied by Bovere et al[12] and 

has been successfully used in fatigue monitoring. The results 

obtained so far have been quite promising in detecting driver 

fatigue. Ueno et al. [11] proposed a system for drowsiness 

detection by recognizing whether a driver’s eyes are open or 

closed and, if open, computing the degree of eye openness. 

Although, most of these methods based on non-intrusive 

tracking of the subject are quite promising, there has been 

substantially less work on fatigue monitoring based on head 

position and movement. Though there have been some 

studies on measuring the nodding frequency (NodFreq), very 

few have been reported and not have been as successful. And, 

to our knowledge there are very few reports on real time 

fatigue monitoring based on head tilt, position and variance. 

We also propose to combine the fatigue prediction using head 

data with other standard fatigue metrics such as blink rate and 

percentage closure of the eye (PERCLOS) in the 

development of a fatigue monitoring system based on 

simultaneous tracking of multiple parameters which could be 

an indication of the level of fatigue in an individual. The 

system proposed here will non-intrusively track, and in real 

time monitor several visual behaviors that typically 

characterize a person’s level of alertness, and the system 

could be used in fatigue monitoring in the context of 
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preventing vehicular accidents as well as increasing 

productivity in employees by providing an indication of their 

level of fatigue. The composite fatigue index would robustly, 

accurately, and consistently characterize one’s vigilance 

level. 

 

II. FATIGUE MONITORING SYSTEM AND PREDICTION 

ALGORITHM 

The fatigue monitoring algorithm developed by us uses the 

Seeing Machines Facelab 5 eye and facial tracking solution 

[14] to track the subject in real time. The setup comprises a 

stereo head that has two high precision cameras to 

continuously grab image frames of the subject being tracked. 

The head or position tracking system particularly uses two 

coordinate reference frames, the world or the stereo head 

reference frame and the head reference frame. The stereo 

head and the world reference frame include the sensor while 

the subject reference frame includes the subject head 

reference frame. The Head-Pose is measured relative to the 

World Coordinate Frame. The sensor determines the 

Head-Pose by transforming the Head Coordinate Frame into 

the World Coordinate Frame through the relation Xw = RXH 

+ T. The Head-Pose is actually the combination of the 

rotation matrix R and the translation vector T. The rotation 

matrix R is outputted by faceLAB in the form of three Euler 

angles and the translation vector T is outputted in the form of 

three vector elements. These coordinates so obtained can be 

used to perform calculations and predictions using an 

algorithm. The facelab system basically employs an edge 

detection algorithm to track the subject features and position. 

 
Fig. 2. The head coordinate reference frame of the tracking setup 

 

Fig. 3. Calibration of subject features for tracking 

In our setup for tracking we have used the blink rate and 

the PERCLOS value in combination with the head pose and 

variation to predict levels of fatigue in an individual. The 

blink measurement in the sensor used here is a binary signal 

(true or false), which reports the occurrence of blink events. 

They are defined as a rapid eye closure followed quickly by a 

rapid eye opening. The binary signals can then be used for 

analysis in further stages. In addition to the blink value (true 

or false), we have also used the PERCLOS value to increase 

the tracking confidence and the probability of getting a 

correct prediction. The PERCLOS fatigue measure is 

regarded as the most reliable single visible indicator for 

fatigue. It is based on the eye closure of the subject, in 

particular the percentage of extended periods with practically 

closed eyes in a time window of fixed size. The method 

specifically discounts “regular” eye blinks which must be 

excluded from the data. The intricate details of the working 

of the facelab are beyond the scope of this paper and can be 

found in the reference [14]. All the data obtained through the 

sensor are transmitted via the TCP/IP protocol to a slave 

machine that runs an intelligent prediction algorithm to infer 

upon the level of fatigue of the subject being tracked. The 

algorithm has been developed by us using the CoreData 

Application Programming Interface [14] to access the class 

members in the data packets sent via the network, which 

point to the various parameters such as the head pose in 3 

coordinates, the blink value and the PERCLOS. The 

prediction algorithm will continuously receive the frames 

containing the composite data transmitted by the sensor. 

Methods were designated to compute the variance in the data, 

obtain the mean value over a period of time and as well, 

perform comparisons with predefined threshold values for 

each metric used in fatigue monitoring. Depending upon the 

judgment obtained from the prediction of the fatigue level a 

signal is transmitted via the serial port to a microcontroller 

based triggering circuit.  

 

 

Fig. 4. Block diagram of the setup used for fatigue monitoring and the flow 

chart of the concept implemented 

The performance of the system under composite decisions 
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has not been dealt with in this work. In order to test the 

viability of the system, real life situations were simulated on 

the laboratory scale using a subject who was asked to 

perform activities similar to ones reported in fatigued 

individuals based on the literature available. Initially the 

system was configured by setting a model for the subject on 

the facelab machine, by accurately choosing coordinate 

points on the subject face. 

In order to have a standard or threshold of the head 

position and movement we first obtained 3000 successive 

data frames for an extended period over which the variation 

was calculated. During the course of data recording the 

subject head movement was purposely kept to a bare 

minimum which would be normal to a healthy human being. 

A reading of 10 nod / min is usually taken as an indication of 

sleepiness but this threshold level still requires further 

verification. It is also believed that the head tilt of an 

individual is a monitor of the fatigue and that at the onset of 

fatigue the head of an individual tilts by a certain degree. In 

order to incorporate the sensing of complete loss of alertness 

by an individual we also monitor the mean head position over 

time. The head tilt tracking was performed on three typical 

positions of sleep while on the sleeping posture, a downward 

tilt and a left and a right tilt. This data is compared to a 

threshold value for the person’s head tilt which is also 

measured while taking the standard data. In addition to this, 

as stated earlier, the successive blink frequency and as well as 

the PERCLOS value are also simultaneously tracked. 

Combining all this data, the proposed algorithm makes a 

decision on the level of fatigue and generates an alarm to the 

subject. 

 

III. RESULTS AND DISCUSSIONS 

The initial set of tests performed on simulated fatigue 

scenarios produced substantially good results with a high 

degree of accuracy. The plots for the position obtained under 

non-fatigued conditions show a very minimal change in the 

head position over time. Though, we should mention here 

that a tolerance must be kept in order to take into 

consideration the sudden movements of the head which is 

very normal to an individual. The variance of the data sets so 

obtained has been shown below in the Table I. An average 

value obtained out this data was used for setting a threshold, 

beyond which any continuous head movement over time 

would be a reasonably accurate indicator of the onset of 

fatigue. A typical data set obtained under simulated fatigue 

conditions has been shown in the Table II. Also, in order to 

test the real time efficiency of this system, a lower set of 

frames was chosen and the subject was made to perform a 

predefined set of movements generally characteristic of a 

fatigued individual. 

The system could indicate the exceeding of the threshold 

limit via sound signals generated through the Arduino 

interface at appropriate situations, and this was consistently 

tested successful (Video of tracking not shown here). In order 

to account for the changes in variance due to normal 

stretching movement and sudden movements, and hence to 

prevent a false alarm, an indicator was used in the algorithm 

which kept a record of the increase in the variance of the 

3000 frame sets received every time. 

 

 

 

Fig. 5. Head position data under non-fatigued conditions 

TABLE I AND II: VARIANCE IN HEAD DATA UNDER SIMULATED NON 

FATIGUED AND FATIGUED CONDITIONS FOR 3000 FRAME SETS 

RESPECTIVELY 

X (Variance) Y (Variance) Z(Variance) 

4.79527e-007 8.22058e-006 8.32988e-005 

4.23483e-007 8.05874e-006 8.21132e-005 

4.91204e-007 8.04006e-006 8.20017e-005 

4.03098e-007 7.92229e-006 8.05405e-005 

 

(Variance) Y (Variance) Z(Variance) 

0.000801321 4.72956e-005 
0.000112562 

0.000501846 7.68592e-005 
0.000330436 

0.000217722 6.55998e-005 
0.000288281 

In addition, in order to prevent a false alarm from being 

generated the indicator threshold was kept sufficiently high 

by taking an average of the variance values obtained under 

standard conditions so that only in situations where the 

subject’s head position has changed continuously above the 

variance, the alarm was raised, signalling the onset of fatigue. 

In the data sets shown in the head position variance tests, we 

observe that there is comparatively lesser variation in the 

head position along the y-axis. Here we may point out that the 

movement of the head is typical of an individual and that it 

may vary from one person to the other under fatigue 

scenarios. As such the variance in movement along all the 
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three coordinates is continuously monitored to obtain a 

decision. The tracking of the mean head position/tilt was also 

substantially accurate over long durations and the system did 

respond fairly accurately to the simulation setups. The tilt 

seems to be a reasonably good metric, it is again felt that the 

degree of head tilt will vary from one individual to another 

and the coordinate based decision might be prone to error. 

Hence this particular metric would require more in-depth 

analysis and the use of real subjects for validity. 

In addition to the tracking of the head position and the 

variation in head position, the blink as well as the PERCLOS 

was obtained and was tested to monitor the fatigue levels. 

The simulated data set has been shown below; wherein the 

blink rate is fairly high during the initial stages indicating a 

reasonably high level of alertness while a substantial drop 

can be observed in the later stage which is an indication of the 

onset of fatigue. The PERCLOS or the percentage closure of 

the eyes in a specified time window was also seen to rise 

significantly under the simulation studies conducted where 

the subject imitated the gradual onset of fatigue with time 

which was reflected in increasing closure times of the eye in a 

time interval. The plot of the PERCLOS data so obtained has 

also been shown below in the following pages. The eye data 

obtained by us under simulated fatigue scenarios is quite 

similar to those obtained by Ji et al. [15]. It is quite 

established that the eye data is a highly accurate indicator of 

the fatigue level in an individual. Simultaneous detection of 

all these parameters is used to accurately judge the onset of 

fatigue in an individual. It has been depicted through the 

simulations that the tracking system is fairly robust in the 

prediction and that a combination all these fatigue parameters 

produced significantly accurate signal of the level of 

alertness of the individual. 

TABLE III: RIGHT TILT IN HEAD OVER TIME. 

X (Mean) Y (Mean) Z(Mean) 

0.0166056 0.173882 0.517850 

0.0164633 0.173709 0.519029 

0.0167570 0.174270 0.520014 

TABLE IV: LEFTWARD TILT IN HEAD OVER TIME. 

X (Mean) Y (Mean) Z(Mean) 

-0.0315605 0.184011 0.513198 

-0.0308553 0.182989 0.512089 

-0.0312637 0.183471 0.514978 

TABLE V: DOWNWARD TILT IN HEAD OVER TIME. 

X (Mean) Y (Mean) Z(Mean) 

-0.00822589 0.162898 0.441961 

-0.00922814 0.162759 0.442920 

-0.00616837 0.166079 0.443674 

 

 

 

Fig. 6. Blink and PERCLOS data for a period of two minutes with 3000 frame sets under simulated situations of onset of fatigue. 

 

IV. CONCLUSION 

A real time non-intrusive fatigue monitoring system has 

been proposed based on simultaneous tracking of multiple 

fatigue metrics. The results obtained on real time fatigue 

monitoring based on variation in head position was found to 

be substantially accurate under simulated situations. The 

decision algorithm was also found to be quite accurate but 

would need more rigorous studies, which is part of a future 

work. The cumulative decision system proposed here based 

on all the fatigue parameters could be of immense importance 

in real life situations in fatigue monitoring and mitigation. 
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