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Fatigue Detection
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Abstract—Military and civilian experience has shown that long-duration assignments present increased risk of performance failures as the mission progresses.  This is due to interruption of normal sleep cycles and to the psychological pressures of the living and working environment.  There continues to be a need for a non-obtrusive fatigue assessment system to successfully monitor the level of alertness of all personnel during critical missions or dangerous activities. This paper describes a technique to detect fatigue from voice using an ASR system which is used to extract accurate phonetic alignments from the speech signal. Precise phonetic alignment is the key to fatigue detection since fatigue is shown to have dependence on specific phones.  A word-spotting system was designed to spot the words of interests and obtain the corresponding time marks from the one-best output. The time marks from the one-best output are used by a fatigue analysis system which performs statistical analysis of the MFCCs corresponding to the words or phones which are expected reveal traits of fatigue.
Index Terms— Fatigue detection, voice analysis, speech recognition, confidence measures.
I. INTRODUCTION

 The unique characteristics of the military and aviation environment make war fighters and civilian pilots particularly susceptible to fatigue.  Environmental factors such as movement restriction, poor air flow, low light levels, background noise, and vibration are known to cause fatigue [1]. In addition, the introduction of advanced automation has changed the nature of the job for these individuals.  “Hands-on” activities have been replaced by greater demands on the crew to perform vigilant monitoring of automated systems, a task that people find tiring if performed for long periods of time [2]. The massive literature on fatigue has identified a number of symptoms that indicate the presence of fatigue, including: increased anxiety, decreased short-term memory, slowed reaction time, decreased work efficiency, reduced motivational drive, decreased vigilance, and increased errors of omission. An analysis of NASA’s Aviation Safety Reporting System (ASRS) revealed that 3.8 percent of air transport crew member error reports were directly associated with fatigue [3]. However, when factors related to fatigue, such as inattention or a miscommunication, are considered, the number increases to 21.1 percent.  Fatigue also results in an increase in a person’s level of acceptable risk in an attempt to avoid additional effort [4]
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Sleep is often the prescribed remedy for fatigue and its related problems.  Roehrs [6] showed that when short and long sleepers were required to stay in bed for ten hours, all subjects slept about an hour longer than usual.  The result was that all subjects improved in their alertness, vigilance, and reaction time.  The benefits of sleep are presently considered to be logarithmic in nature, with initial hours showing significantly greater benefits that diminish as one approaches his or her optimum sleep level.  This accounts for how one can sleep less and still appear to function normally.  However, the Reserve Capacity of Brain Function (RCBF), the brain’s ability to handle situations beyond that of normal and for longer periods, is restored only after a totally recuperative sleep cycle [7]. Thus, an individual with low RCBF may be able to perform routine duties without a problem, but be unable to successfully deal with emergency situations.  Also, as mentioned above, this individual is more likely to employ shortcuts in an effort to reduce workload, thus making accidents (emergency situations) more likely.
Work assignments for personnel are scheduled around “off-duty” and sleep intervals designed to prevent the situations described above.  However, the effect of sleep is difficult to predict since it is dependent upon the quality of sleep and upon the individual’s sleep history over the past few days [8]. Thus, even after an off-duty period, there is clearly a need for a qualitative measure of the fatigue level of any individual prior to and during resumption of a critical mission or potentially dangerous duties.  

Personnel operating at unacceptable levels of cognitive performance present a danger to their mission, to themselves, and to their work team.  Military planners recognize that if engagements are necessary, then the weakest link will likely be human and not hardware.  Being able to quickly and non-obtrusively monitor an airman’s or soldier’s level of alertness prior to and during the undertaking of a critical mission activity would provide commanders with critical information regarding personnel assignments and certainly save lives and increase the likelihood of mission success.  Unfortunately, there are no cognitive assessment tests that have been proven to be effective in the field under conditions of high stress and limited testing time per subject. This paper details our approach to the quantification of changes in human voice characteristics as the speaker becomes fatigued. This knowledge will be used to design an effective, remotely monitored, fatigue assessment system. 
II. Acoustic Correlates with Fatigue

Voice has been shown to be sensitive to fatigue.  While analyzing changes in the voice patterns of B-1B bomber aircrew men during sustained operations, Whitmore and Fisher [9] have shown that speech data follow the same trend as the data from cognitive tests and subjective measures of alertness.  These results were obtained by having the test subjects voice two scripted sentences every three hours and then determining fundamental word frequencies and speech duration.  With fatigue, they demonstrated that the fundamental frequency decreases and the word duration increases.  They also note a strong circadian trend in that, overall, the best voice performances (higher frequency, lower duration) occur during normal waking hours and the worst performances occur during normal sleeping hours.  This is also consistent with numerous measures of alertness vs. time cited in the literature [10]
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[12].  Playback of recorded voice tapes, “after-the-fact,” has been used to demonstrate that voice analysis could be used to determine the cognitive and physiological state of operators prior to accidents.  Brenner and Cash [13] used recorded messages over a period of 42 hours from the Exxon Valdez master to identify four effects associated with alcohol consumption just prior to the accident: slowed speech, speech errors, misarticulation of different sounds, and changes in the Speech Quality.  They performed a detailed phonetic spectrum analysis and demonstrated misarticulation of “r” and “l” in words such as “northerly,” “little,” “drizzle,” and “visibility.”  Changes of the sound [iz] to the sound [is] (in Valdez) and the sound [s] to the sound [sh] (in EXXON) were observed. Satio et al.[14] reported changes in the appearance of sound spectrograms from analysis of specific, repeated utterances (“ro” and “ger” in “roger” for example) as a pilot experienced hypoxia prior to a fatal F-104 accident.  
Baseline experiments and analysis from Phase I: In a preliminary feasibility study, an investigation was done on the interrelationships between voiced sounds (as measured by formant frequency), fatigue, and performance (measured by reaction time). In this work 37 words were analyzed, and they contained 20 individual sounds, spoken by ten volunteers four times a day before and after a night of sleep deprivation.  At each testing epoch, these test subjects underwent simple reaction time testing immediately before reciting five prepared scripts.  Also, a sleep latency was measured to determine their general level of fatigue.  In all, approximately 12,000 individual formant frequencies were analyzed.  As presented in Table 1, nineteen of these sounds showed highly significant correlation between at least one formant and performance (as measured by simple reaction time) across the entire population.  A smaller number of sounds showed a similar correlation between formant frequency and sleep latency test (SLT) score.  
These results confirm that formant frequency is directly related to the speaker’s level of performance which, in turn, is affected by his or her level of fatigue.  Indeed, changes in the articulation of voiced sounds due to fatigue could be considered to be representative of changes in performance related to the control of the body’s voice production mechanisms (tongue, lips etc.).  As Dinges [15] states “across the literature the tasks that most often show sleep loss effects early and profoundly are simple sustained attention reaction time tasks.”  Since assuring high levels of performance in team members is the goal of supervisory personnel, this parameter is more important than an SLT score as a monitoring tool.
Introduction to the correlation approach: Mathematically, the speech signal consists of a convolution of the excitation waveform with the filter description in the time domain or by a multiplication of the transfer functions of the two regions in the frequency domain. There is reason to believe that fatigue is principally reflected in changes in the filter characteristics. In fact, our Phase I analysis confirmed a dependence between metrics related to the filter (formants) and fatigue. It therefore becomes necessary to process the recorded speech signal S(t) in a manner that will reveal filtering effects from the excitation signal. Fig. 1 illustrates how this is accomplished using cepstrum analysis techniques.  In this process, the spectral characteristics of the speech signal are obtained and the logarithm of the resulting amplitudes are calculated. This provides a measure from which excitation and filter components may be separated.
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The log magnitude spectrum is then transformed back to the time domain using a discrete Fourier transform. This process results in the calculation of a discrete (and manageable) number of coefficients (called cepstrum coefficients) that represents separate filter and excitation signals in the time domain. It is important to point out that, the entire speech production process is now characterized by these few cepstrum coefficients. Isolation of the spectral coefficients of either the excitation or filter sections is accomplished by the removal of the irrelevant cepstrum coefficients followed by another conversion to the frequency domain.
From this discussion, it was seen that the entire human speech production process may be described by a manageable number of coefficients. Therefore, instead of tracking changes in specific vocal metrics, such as formants, with fatigue, changes can be tracked in the entire speech production system using an analysis of these coefficients. The software for the frontend calculates 36 mel-frequency cepstrum coefficients (MFCCs).  This MFCC vector is comprised 12 cepstral coefficients (MFCC 1—MFCC 12), along with their first and second time derivatives.  Fig.2. is an illustrative example of how the MFCC vector changed over the four-day period of the sleep restriction. Here an illustration is given of the MFCC vector (36 MFCC components) generated by a single subject‘s utterance of the sound “t”. The legend of Fig.2 presents the correlation of the MFCC vector at each trial with the MFCC vector at the onset of testing (Trial 1).  This metric is used as a means to quantify the subject’s voice at each trial. 
Fatigue Models: Models of fatigue and performance are being developed at a rapid pace and are also being patented, marketed, and used increasingly in commercial, government, and military applications. Areas of current application include group and individual performance predictions; schedule evaluations and designs, and accident preventions. One such model, developed by Gregory et. Al. [16], which includes circadian dependence, differentiates between performance on active or self-stimulating tasks (such as typing or Morse code communication) and passive or non-stimulation tasks (such as alertness or vigilance tasks). Examples of model predicted fatigue related decrements of each type of performance are illustrated in Fig.3. Here it is shown that the self stimulating nature of active tests tends to maintain the level of performance longer than non-stimulating tasks.  This is supported by Oken et. Al. [17] who have shown that, while sedative (diphenhydramine) administration resulted in longer cognitive task performance times, healthy humans were able to partially compensate for the pharmacologically-induced alertness changes by increasing their level of attention.
Preliminary  Test Results: During the fall of 2003, a field test (the Fairchild Field Test)  was conducted in the Selkirk Mountain Range of Washington State to assess the effects of fatigue reduction medication (Mondafinil). Two groups of volunteers (a placebo group and a medicated group) , for a total of 20 subjects, were tested over a four day period. 
Through the efforts of US Air Force voice recordings were included as part of this study. The subjects who were tested began their route at 1800 hours on day 1.  They were then tested (voice recording and cognitive test battery) every three hours over the next three days. Only 2 hours of sleep was scheduled between midnight and 0200 on days 3 and 4. As a result of this, it was expected to observe significant fatigue related changes in voice and cognitive measures in this database. For this test, a set of eight possible phrases for the subjects to recite was compiled. These phrases were prepared based upon our preliminary finding of specific sounds that appear to be most tightly linked to the speaker’s level of fatigue and fatigue related performance decrement (Table 1). As illustrated in Fig.4. Some sounds like 'p' trend nicely with the 'gold standard' of sleepiness the Sleep Onset latency (SOL), the SOL has a big circadian peak at around 16 hours.
 Whitmore and Fisher [9] have shown that speech data follow the same trend as the data from cognitive tests and subjective measures of alertness.  These results were obtained by having the test subjects voice two scripted sentences every three hours and then determining fundamental word frequencies and speech duration.  With fatigue, they demonstrated that the fundamental frequency decreases and the word duration increases.  They also note a strong circadian trend in that, overall, the best voice performances (higher frequency, lower duration) occur during normal waking hours and the worst performances occur during normal sleeping hours.  This is also consistent with numerous measures of alertness vs. time cited in the literature [11].
Removal of  Circadian Masking: If the variation in the voice metric over the 4-day test period is dominated by both fatigue and circadian variation, then the scatter of voice metric around a voice metric versus temperature (circadian variation only) regression line would be due primarily to fatigue. To test this hypothesis a linear regression between temperature and voice metric for each subject in the test group Table 2 lists the resulting prediction equations. 
From the above data the regression equation was calculated, and the predicted voice metric was also calculated at each trial (based upon the subject’s temperature) and subtracted this from the observed value. We call the result the ‘corrected  voice metric’.  Fig. 5 illustrates how this process dampens the circidian effect on the data from Subject #2. It can be seen from this figure that the resulting voice data is closer to the predicted performance than the uncorrected data. Fig. 6 illustrates the result of applying this analysis procedure to all of the data (eight subjects).  Table 3 presents the resulting correlation coefficient between the voice metric and the trial number (length of sleep loss). Visual inspection of Fig. 6 shows a clear downward trending of the voice metric in most instances. Also, if additional information is included for example the test subjects were permitted to take a short nap between trial 10 and trial 11 and again between trial 17 and trial 18, in this case the corrected voice data’s trending over time is even more pronounced. This is presented in Table 2 which shows that data taken immediately after a nap period for subjects 5 and 18 significantly alter the correlation coefficient. This would probably also be the case for subject 9, but it was deduced that the post nap elevations lasted too long to remove them from the data.  
III. ADAPTING SPEECH RECOGNITION
Fatigue analysis was done by studying the spectral and temporal characteristics of specific phones extracted from human speech. A speech recognition system was used to detect the specific phones of interest from the speech signal. An ASR provides output with hypothesized words or phones along with their time marks. The phone level output was required to do fatigue analysis. Time information from the one-best output was used to pull out the corresponding MFCC vectors from the feature file. The frame duration was chosen as 10 milliseconds, and each frame was represented by a 39 dimensional MFCC vector. The vectors corresponding to specific phones were picked by knowing the time marks of the phones from the ASR’s output. The general architecture of the fatigue detection system integrated with the automatic speech recognition system is shown in Fig.7.

Statistical fatigue analysis requires a lot of data and hence, an ASR plays a very vital role in learning the characteristics of the data. There are two methods for obtaining the time information of phonetic labels. The first method is by doing a force alignment of the reference transcription with the utterance. Forced alignment is the process of using an ASR system with the grammar and the words in the vocabulary restricted to the correct results. Forced alignment uses a viterbi algorithm [18] and the input to the viterbi decoder is the transcribed data along with feature vectors. Forced alignment is much simpler than conventional decoding since the correct word sequences are already known. It is called “forced” because the best path is forced to contain the correct word sequence. The output of forced alignment process is feature vectors with correct phonetic labels. Usually, the output from force alignment is used to retrain the acoustic models because force alignment produces time information which is otherwise absent in normal transcriptions specially while training at phone level. The accuracy of the time marks depends on the models. For fatigue analysis this approach had a big drawback because the subject had to speak only fixed phrases. Hence, this approach was not ideal for real applications. The second approach was to perform normal decoding and obtain the phone alignments, but in this technique the accuracy of the alignments heavily relied on the data because the performance of the system can considerable degrade based on the noise levels, microphone response, sampling frequency, etc. of the data. The recognition performance on the phase II data was only close to 50% using a bigram language model. On the clean laboratory data the performance was close to 12% on unseen data and 0.1% on closed loop experiments (training and decoding on the same data). Analysis for fatigue algorithm was based on the closed loop experiments where the same utterance was used for training and decoding to obtain highly reliable phonetic time marks.
A word spotting system was used to determine the words of interests in an utterance along with the time marks for fatigue analysis. A word spotting system is generally used to detect the presence of certain keywords in an utterance [19], and usually, the user is not interested in the time marks of the detected keywords. But, for fatigue analysis the time marks had to be accurately detected, which made the task of word spotting more challenging. The word spotting system was implemented using the public domain ASR software provided by IES (Intelligent Electronic Systems) at Mississippi State University [20].

The ASR software has the provision to train and decode word, monophone, word-internal and cross-word models [21]. The language model can either be an N-gram or a loop-grammar. An N-gram language model uses a finite set of previous words to predict the future word, while in a loop-grammar any word can be followed by any other word. For small vocabulary tasks like digit recognition or keyword recognition it is simpler to use a loop-grammar. For the task at hand a loop-grammar based ASR was used since the vocabulary size was only 30 words, which were just random isolated words. Another advantage of using loop-grammar was that it made the implementation of the word-spotting system easier.
The loop-grammar consisted of only the keywords which had to be spotted.  The decoder was guided by the grammar and only detected the words in the grammar. It was similar to buying groceries in a market from a list i.e. buying only what was there in the list. A loop-grammar to detect the word “PIPE” from an utterance can be constructed as follows:




!SENT_START < PIPE | GARBAGE > !SENT_END ;                                (2)
The above grammar specifies that the word “PIPE” can be followed and preceded by either “PIPE” or “GARBAGE”. The !SENT_START and !SENT_END refer to the silences present at the beginning and end of the sentence. The “GARBAGE” label refers to the garbage model trained on all the words in the utterance. An extra model called “garbage” was added to the initial set of phones, and this model was trained with all the words in the transcription labeled as GARBAGE. The garbage model represents the overall statistics of the speech signal. Hence, the output of the word spotter should be such that we observe the label PIPE wherever the word occurs in the utterance, and the rest of the decoded utterance should have garbage labels. What was observed was that the keyword was spotted correctly most of the time wherever it occurred, but there were also large number of false alarms.

To overcome the problem of false alarms, a way to determine the confidence of the hypothesized words was needed. The confidence score can be used to set a threshold so that the words with a low confidence estimate can be ignored. The first approach was to use the likelihood score generated by the decoder as the confidence measure. Likelihood score is defined as the conditional probability of the acoustic vector given the word. The confidence measure was directly used by the fatigue detection software for analysis. It was observed that the likelihood score did not really follow any useful pattern; hence it was not useful as a confidence measure. 
A better confidence measure was required that could be used to filter out less probable words, so the next approach was to determine the posterior probability [22] of each word in the hypothesis and use that as a confidence measure. “The posterior probability of a word hypothesis is the sum of the posterior probabilities of all word-graph paths of which the word is a part” [23]. The posterior word probability was computed from word-graphs. Word-graphs are a representation of the search space. The search space consists of various word sequences that a decoder can output only bounded by the vocabulary size. The final word sequence selected by the decoder is the one with the highest posterior probability. The posterior probability in this context refers to the conditional probability of the word sequence given the acoustic vector. This criterion selects the sentence with the lowest sentence error rate but will not guarantee that all the words selected in the sentence are the ones with the highest probability. 
A better criterion would be to select the words with the highest posterior probability in the final sentence. But, if the WER on the data is poor, then the word posteriors may not be a good confidence measure. The reason is because the word posteriors are overestimated since the words in the word-graph are not the full set of possible words. In case of poor WER, the word-graph will contain a lot of wrong hypotheses. In such a case, the depth of the word-graph becomes a critical factor in determining the effectiveness of using the confidence measure [25].  The depth of the word-graph can be adjusted by varying certain parameters during decoding. The depth of the word-graph refers to the number of nodes and arcs present in the word-graph. The depth of the word-graph as a function of various parameters is given in Table 5. Before applying posterior computation, it makes sense to observe the word-error-rate on a particular data set. The recognition performance on laboratory data was around 12% which meant that the posteriors could be useful as confidence estimators.

There is an elegant method to compute posterior probabilities from word-graphs, and the trick is to use a forward-backward type algorithm. The equation to compute word-posteriors from a word-graph is given as follows:
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The above equation was taken from Wessel et.al [22] and clearly defines the various quantities required for word posterior computation. The equation can be better understood by looking at Fig.8. The probability of passing through the link W is calculated by determining the probability of reaching the start node of the word from the preceding nodes and the probability of leaving the end node to any of the succeeding nodes. The former is called as the forward probability and the latter as the backward probability. A forward-backward type algorithm is used to traverse through the word-graph and compute the probabilities. The reason for using a forward-backward algorithm can be well understood by looking at the example in Fig.9.
From Fig.9 it can be seen that there are six different ways to reach node N from the start and two different ways to leave the node N. The probability of passing through node N can be obtained by knowing the forward probability and the backward probability of the node. Forward probability is the probability of reaching the node N from the start node, and backward probability is the probability of leaving the node N.
To calculate the probability through a link, the forward probability of the start node and the backward probability of the end node must be known. This is described in Fig.8 using 
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. In Equation 3, the right-hand side term cannot be computed directly. Hence, it was decomposed into likelihood and priors using Bayes rule as follows:

 The numerator term of Equation 4 is calculated by the forward-backward algorithm. The denominator term is the by product of the forward-backward computation and is defined as the sum of all paths through the word-graph. The purpose of the denominator term is to normalize the posterior values. The posteriors computed in this manner can be used as a confidence measure. 
Fig.10 shows the improvement achieved by using posterior scores instead of likelihood scores as a confidence measure. The curves are plotted from the lattices obtained on same baseline experiment. The correct alignments for the words were determined and similar words falling between the correct time marks were classified as true scores and dissimilar words that matched the correct time marks were classified as impostor scores. NIST DET curve package [27] was used to plot the curves shown in Fig.10.  The plot suggests that a better trade off between false alarms and miss-detection can be achieved by using word posterior scores instead of likelihood scores. A threshold can be set to filter out the words with low confidence. A better confidence estimate can be obtained by post-processing the posterior scores. There are two popular techniques to do this: 

1) Sum up the posteriors of similar words that fall within the same time frame or choose the maximum posterior value among the similar words in the same time frame [22].

2) Build a confusion network where the entire word-graph is mapped into a single linear graph i.e. where the links pass through all the nodes in the same order [23]. An example of a confusion network is shown in Fig.11.
IV. Preliminary experiments with laboratory data
Experiments were conducted on the laboratory data provided by Creare. This is a small data set with a vocabulary size of 30 words and had only four speakers in it. All recordings were made in a studio environment. The length of each utterance was approximately 1 minute. The data was segmented to have an average length of 5 seconds, this was done to improve the recognition performance and also to increase the decoding speed. The segmented data was first used for conducting closed loop recognition experiments. The initial experiments and the results are given in the Tables 4, 5. 
The first set of experiments was conducted to determine the optimum number of mixtures that could be used for training the HMMs. Every state in an HMM can be represented by mixtures of Gaussians. In the system a three state HMM was used to represent a model. As expected, it was observed that the WER dropped as the number of mixtures increased. An eight mixture crossword model was selected, but the WER was still very for a closed loop experiment. Significant improvement in WER was observed by adjusting the state-tying parameters. State-tying parameters are used to tie the states while moving from monophone models to cross-word models. From the training data the most frequently occurring states are statistically learned. Some thresholds are used to prune away less frequently occurring states. It was observed that the WER drops considerably as the number of states were increased. By increasing the number of states, the model becomes biased towards the training data. This was a good option since the main goal was to decrease the WER on the closed loop data so that accurate time marks could be obtained from the decoded data. For unseen data, the model should be more generalized following the Occam’s razor principle. Hence, simply increasing the number of states was not a good option for unseen data set.

Experiments were also conducted on unseen data. About 10% of the data was separated as a test set and a 10 slice cross-validation was performed on the data. In other words the data was split into 10 sections, and training and testing was done on these sets. One of the set was selected as the test set and the rest were training sets. The word-error rate was around 10-14% on the cross-validation experiments. The word error rate could have been still lower if a better language model like an n-gram would have been used. An n-gram language model uses a finite set of previous words to predict the next set of words. The only reason for using a loop-grammar was because it could be easily adapted for building a word-spotting system.
V. CONCLUSIONS
This paper discusses a technique to detect fatigue from voice. It has been found that certain formants in human speech show correlation with fatigue. Experiments on Phase I data reveal the effects of circadian cycle and also found the 19 phonemes which show maximum correlation with fatigue. A corrected fatigue score can be obtained by regressing the response time of the subject with the circadian trend. In order to analyze the specific phonemes of interest, an automatic speech recognition system was used. A word-spotting system was built to pull out the words of interest from the utterance, and the high number of false alarms forced the system to use a confidence measure to filter out words with lower probability. Word posteriors were used as a confidence measure. The word-posteriors were obtained from word-graphs. Finally, the net result was a more reliable word-spotter which could be used for fatigue detection. 
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	Sound
	F1
	F2
	F3
	F4

	
	R (P)   slope
	R (P)   slope
	R (P)   slope
	R (P)   slope

	[o] clock
	.486 (.001) +
	.339 (.010) +
	.710 (.001) +
	.565 (.001) +

	[^] upper
	.416 (.001) +
	.352 (.010) +
	.689 (.001) +
	.680 (.001) +

	[ay] highly
	.356 (.001) +
	.359 (.001) +
	.3320 (.010) +
	.682 (.001) +

	[iy] keep
	.511 (.001) -
	.241 (.050) +
	.396 (.001) +
	.228 (.050) +

	[m] matter
	.574 (.001) -
	.567 (.001) -
	.343 (.010) -
	.118

	[o] coughing
	.367 (.001) +
	.071
	.487 (.001) +
	.310 (.010) +

	[n] note
	.386 (.001) -
	.114
	.071
	.000

	[n] night
	.389 (.001) -
	.095
	.095
	.192

	[^] fuzzy
	.324 (.010) +
	.187
	.388 (.001) +
	.243 (.050) +

	[uw] two
	.360 (.001) +
	.122
	.205
	.298 (.010) +

	[ae] chatter
	.359 (.001) +
	.152
	.316 (.010) +
	.351 (.001) +

	[ay] time
	.326 (.010) +
	.045
	.326 (.010) +
	.045

	[ae] cabin
	 .313 (.010) +
	.105
	.310 (.010) +
	.164 

	[y] yet
	    .308 (.010) -
	.045
	.21
	.152

	[U] took
	.055
	.344 (.01) +
	.705 (.001) +
	.612 (.001) +

	[iy] serene
	.205 
	.623 (.001) -
	.182
	.071 

	[n] now
	.164
	.538 (.001) +
	.576 (.001) +
	.460 (.001) +

	[r] rather
	.036
	.032
	.310 (.010) +
	.517 (.001) +

	[o] not
	.045
	.265 (.050) -
	.164
	.109


Table 1: Correlation between formant frequency and performance (reaction time). Listed metrics are correlation coefficient, significance number, and trending slope. Significant (P=0.05) and highly significant (P=0.01 and P=0.001) trends are shaded.

	Subject
	A
	B
	R2

	2
	-12.19
	.1291
	.124

	3
	-10.648
	.1132
	.132

	5
	-15.974
	.1691
	.337

	7
	-11.879
	.1226
	.090

	9
	-14.534
	.1514
	.122

	14
	5.9183
	-.0561
	.017

	18
	-23.55
	.246
	.366

	20
	-35.648
	.3703
	.376


Table 2: Predicted Voice Correlation = A + B x Temparature

	Subject
	A
	B
	R2

	2
	0.4629
	-.0411
	.64

	3
	0.399
	-.0322
	.42

	5
	0.089
	-.0081
	.056

	5 (remove T 18)
	0.17
	-.0218
	.615

	7
	0.76
	-.0755
	.822

	9
	0.097
	-.0081
	.024

	14
	0.14
	-.0116
	.072

	18
	0.26
	-.0237
	.23

	18 (remove Ts 11,12)
	0.17
	-.0242
	.54

	20
	0.13
	-.0111
	.06


Table 3:Voice correlation = A + B x(Trial Number)
	Mixtures
	WER

	1
	47.3

	2
	36.3

	4
	23.6

	8
	13.1


Table 4: Word error rate observed as a function of the number of mixtures used to train the HMMs.
	Split threshold
	Merge threshold
	Occupancy threshold
	No. of states
	WER

	650
	650
	1400
	20
	11.3

	165
	165
	840
	37
	8.5

	150
	150
	900
	34
	8.4

	125
	125
	750
	41
	5.7

	110
	110
	660
	47
	4.8

	100
	100
	600
	56
	3.8

	75
	75
	550
	57
	3.6

	50
	50
	500
	58
	4.0

	25
	25
	450
	62
	3.0

	10
	10
	250
	94
	1.1

	10
	10
	100
	118
	0.5

	10
	10
	50
	126
	0.1

	0
	0
	0
	133
	1.1


Table 5: Effect of state-tying parameters on the word error rate.
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Figure 1: Cepstrum analysis of a speech signal. Using two discrete Fourier transform processes, the voice signal is representated by a set of cepstrum coefficients. Using this managable number of coeffieicents, the excitation ( e(t) ) and filter ( f(t) ) portions of the human speech production system may be analyzed. Here formants F1 through F4 and fundamental frequency, or voice pitch (F0) are indicated.
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Figure 2: Changes in the MFCC Vector During four days of sleep restriction.  Here we illustrate the MFCC vector (36 MFCC components) generated by a single subject‘s utterance of the sound “t”.  As quantified in the legend, the vector during Trials 1 and 10 match better than the vector at Trial 21.
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Figure 3: Predicted Performance Vs Hours of Wakefullness. Active performance decays significantly more slowly than passive performance partly because of an individual’s ability to focus attention on active tasks.
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Figure 4: Voice Vs sleep Sleep Onset Latency(SOL) which is the standard for sleepiness. Notice the circadian peak that occurs at 16 hours.
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Figure 5: Removing Circadian masking. Adjusted voice correlcation (Vc) is the difference between the measured Vc and the predicted Vc due to the oral temperature measurement.
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Figure 6: Corrected Voice Correlation Trending Over the Four Day Test Period. A clear downward trending of the voice metricis seen in  in most instances. Most interruptions in these downward trending is observed after the scheduled nap times (shown as vertical dotted lines).

[image: image10.png]Audio
input

Frontend

—* Speech recoghition —— Hypothesis

——— Fatigue detection system «———

v

final predicted fatigue value




Figure 7: Integration of the fatigue detection system with an automatic speech recognition system
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Figure 8: Section of the word word-graph with preceding and succeeding nodes (W – word, 
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Figure 9: This figure shows how different paths enter and leave node N. It can be seen that there are 6 different ways to reach the node N from the start and 2 different ways to leave the node N to reach the end node.
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Figure 10: Detection Error trade off curves showing the improvement achieved by using word posteriors instead of likelihood score.
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Figure 11: Confusion network generated from a word-graph
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