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Abstract
Purpose Observer-rated sleepiness (ORS) based on video recordings of the driver’s face is often used when analysing
naturalistic driving data. The aim of this study is to investigate
if ORS ratings agree with subjective self-reported sleepiness
(SRS).
Methods Forty raters assessed 54 video-clips showing drivers
with varying levels of sleepiness. The video-clips were recorded during a field experiment focusing on driver sleepiness
using the same cameras that are typically used in large-scale
field studies. The weak results prompted a second test. Ten
human factors researchers made pairwise comparisons of
videos showing the same four participants in an alert versus
a very sleepy condition. The task was simply to select the
video-clip where the driver was sleepy.
Results The overall average percentage of video segments
where ORS and SRS matched was 41 % in Test 1. ORS 0
(alert) and ORS 2 (very sleepy) were easier to score than ORS
1 and it was slightly harder to rate night-time drives. Inter-rater
agreement was low, with average Pearson’s r correlations of
0.19 and Krippendorff’s alpha of 0.15. In Test 2, the average
Pearson’s r correlations was 0.35 and Krippendorff’s alpha
was 0.62. The correspondence between ORS and SRS showed
an agreement of 35 %.
Conclusions The results indicate that ORS ratings based on
real road video recordings correspond poorly with SRS and
have low inter-rater agreement. Further research is necessary
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in order to further evaluate the usefulness of ORS as a measure
of sleepiness.
Keywords Observer rated sleepiness . Video annotation .
Driver sleepiness . Field study

1 Introduction
A recent trend in studies of driver sleepiness is to carry out
large-scale naturalistic data collections [1–3]. In a naturalistic
driving study, a large number of volunteer participants drive a
vehicle (usually their own) for an extended period of time
(usually 6 to 12 months, and sometimes even longer) during
their normal everyday activities. The vehicles are instrumented with unobtrusive data acquisition systems that continuously record the behaviour of the vehicle (e.g. speed and lane
position), the behaviour of surrounding road users, and the
drivers’ behaviour (e.g. where they are looking). The advantage of these naturalistic driving studies, from a driver sleepiness perspective, is the possibility to study the extent to which
sleepiness contributes to safety critical incidents [1, 4].
Sleepiness is the transitional state between wakefulness
and sleep, a state that is easily perceived but difficult to measure [5, 6]. Several approaches to measure the effects of driver
sleepiness have been explored in the literature. These include
physiological recordings and their scoring [e.g. 7, 8], blinking
activity and eye movements measured by cameras [e.g. 9],
measures of driving performance [e.g. 10–12], self-reported
sleepiness, SRS [e.g. 7, 11, 13, 14], and observer-rated sleepiness, ORS [e.g. 15–17].
In controlled simulator studies and field studies on real
roads, subjective self-reported sleepiness ratings have been
found to be useful [18]. The technique is cheap and easy to
use, and it is unaffected by the noisy environment found in a
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vehicle. Above all, subjective sleepiness ratings are the driver
sleepiness measure that is least affected by between individual
variations, also in comparison with physiological sleepiness
indicators [13]. In naturalistic driving studies, sleepiness ratings based on self-reports or on physiological data are too
intrusive. Instead, unobtrusive techniques such as ORS and
camera-based solutions are used. ORS is today the prevailing
method of choice.
The underlying idea of ORS is simply to let an observer
estimate the level of sleepiness experienced by the driver
based on behavioural signs of sleepiness such as the driver’s
facial expression, body movements, postural changes and duration of eyelid closures [19]. ORS estimations may be carried
out in two different ways: (i) real-time ORS performed by test
leaders accompanying the driver in the car [15], and (ii) posthoc ORS based on video recordings of the drivers’ face
[20–22]. The second approach is used in naturalistic driving
studies since no test leader is present in the vehicle.
In laboratory experiments, untrained observers have been
able to accurately distinguish between photographs of individuals who had been sleep deprived or had a normal night of
sleep [23]. It has also been found that observers perceived
sleep deprived individuals as having more hanging eyelids,
redder eyes, more swollen eyes, darker circles under the eyes,
paler skin, more wrinkles/fine lines, and more droopy corners
of the mouth [24]. These findings suggest that humans are
sensitive to facial cues and provide support that it is possible
for an observer to instantaneously rate driver sleepiness. In a
driving context, ORS was first described by Wierwille and
Ellsworth [17] and was later refined by Wiegand et al. [16].
Here trained observers evaluated drivers’ sleepiness level
using video recordings of the drivers’ face. The results showed
good intra-rater and inter-rater reliability, however, the raters’
estimations were only compared with the average rated estimation for each clip [17], or in the refined version, with an
experienced rater’s ratings [16]. Consequently, these studies
did not indicate the extent to which ORS reflects the sleepiness level experienced by the driver. Using the intrinsic measure of self-rated sleepiness (Karolinska Sleepiness Scale,
KSS) as a comparison, it has been shown that real-time ORS
reflect the general variations of self-rated sleepiness in drivers
on a global level, but also that ORS was not consistently
sensitive to abrupt changes in driver sleepiness at the 5-min
level [15].
The overall aim of this paper is to shed some light on the
issue whether an external observer is able to assess sleepiness
within a real life context based on video recordings of the
drivers face. More specifically, the correspondence between
observer rated sleepiness and self-reported sleepiness, and the
ability of an observer to recognize a sleepy driver, will be
investigated.
The paper is structured as follows. In the first section, the
different measures of sleepiness that are used in this paper are
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outlined. Subsequently, the methodology, results and discussion of two separate analyses based on data from two previously acquired data sets are presented. Test 1 compares posthoc ORS with SRS in a real road driving setting. Since the
outcome of Test 1 was inconsistent with the inter-rater results
presented by Wierwille and Ellsworth [17] and Wiegand et al.
[16], a second test was conducted. Test 2 simplified the rating
task with the aim to see if it is at all possible to rate sleepiness
based on video recordings. Paired videos showing the same
driver in two conditions, severely sleepy versus alert, were
rated. The task was simply to select the video in the pair
showing the sleepy driver. The final section of the paper discusses the implications of the two experiments.

2 Sleepiness rating scales
Two different rating scales were compared in this study, three
level SRS (based on KSS, see Section 2.1) and three level
post-hoc ORS (see Section 2.2). The subjective ratings were
also supported by two other measures of sleepiness, blink
duration in Test 1 and 2, and the psychomotor vigilance test
(PVT) in Test 2. Unfortunately, PVT was not included in Test
1. The reason for backing up SRS with other measures of
sleepiness was that self-reported sleepiness suffers from methodological limitations. For example, some individuals may
deny being sleepy or may lack the ability to accurately evaluate their biological cues of sleepiness. The evaluation of
ORS versus SRS should therefore be seen as a comparison
rather than as a classification where one is truer than the other.
That being said, KSS is the measure of driver sleepiness that is
least affected by between individual variations, also in comparison with physiological sleepiness indicators [13]. Under
the present circumstances, KSS is likely to be the most reliable
and sensitive approach available [18].
Increased levels of sleepiness are associated with longer
blink durations [9, 11], longer mean reaction times in PVT,
and higher percentages of lapses/misses in PVT [25–27].
Here, blink durations were calculated as the duration between
half the amplitude of the blink onset to half the amplitude of
the blink offset in a recorded electrooculogram (EOG) according to Jammes et al. [28]. The PVT was set up according to
Loh et al. [29], with random stimuli onsets with an interval of
2–10 s between stimuli, a maximum stimulus duration of 2 s,
and a total test duration of 10 min.
2.1 Self-reported sleepiness scale
KSS was used to capture the drivers’ experience of sleepiness.
The scale has nine levels: 1 – extremely alert, 2 – very alert, 3
– alert, 4 – rather alert, 5 – neither alert nor sleepy, 6 – some
signs of sleepiness, 7 – sleepy, no effort to stay awake, 8 –
sleepy, some effort to stay awake, and 9 – very sleepy, great

Eur. Transp. Res. Rev. (2015) 7: 38

effort to keep awake, fighting sleep [30]. The nine KSS levels
were transformed to a three level scale according to Ahlstrom
et al. [31] to match the three ORS levels. KSS 1–5 form SRS
0, KSS 6–7 form SRS 1 and KSS 8–9 combine to form SRS 2.
2.2 Observer rating scale
A three-graded scale was used for ORS (see Table 1). This
ORS scale has been in development over the last few years by
researchers at VTI and the Stress Research Institute at
Stockholm University [15], based on the work by Wierwille
and Ellsworth [17]. The objective of the scale was to describe
behaviours that characterize sleepy driving, inspired by the
study of Rogé et al. [19]. The observed behaviours are classified into three categories: eye-related behaviours (e.g. long
eye closure and slow blink rate), facial movements (e.g. yawning) and body movements (e.g. stretching and moving trunk
forwards and backwards). The three levels represent 0 = Alert;
1 = Sleepy, no effort to stay awake, and 2 = Very sleepy, great
effort to keep awake. The original scale developed by
Wierwille and Ellsworth [17] used five categories, however,
in order to reduce error variance it was decided to decrease the
number of categories to three.

3 Test 1
3.1 Methods
A set of 54 1-min video clips were retained from an earlier
experiment which is described in detail by Fors et al. [32]. The
videos were recorded from 20 drivers, selected randomly from
the register of vehicle owners, participating in a field experiment, both in an alert condition and in a sleep deprived condition. They drove on a motorway for approximately 160 km
in an instrumented vehicle equipped with CAN loggers, GPS,
several video cameras and eye tracking. The data logger and
the sensors were identical to those used in the Swedish Vehicle
Management Centre in euroFOT (http://www.eurofot-ip.eu/).
The video clips are representative of the video quality in the
euroFOT data. Unfortunately, this means that the video
quality is sometimes low, especially at nighttime. Figure 1
shows one sample from nighttime driving (left) and one from
daytime driving (right). The over exposure in the frame from
nighttime driving and the slight under exposure in the daytime
frame is a result of a compromise between the two lighting
conditions. The resolution of the videos were 352 × 288
pixels.
For safety reasons the vehicle was equipped with dual command, and a co-driver accompanied each drive. This makes
the current setup different from field operational tests and
naturalistic driving since a test leader was present in the car.
In addition, recordings of physiology (EEG, EOG and ECG)
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Table 1

Description of the ORS

ORS 0: Alert
Blink: normal
Yawn: no
Body position: sitting still
Body movements: normal
ORS 1: Sleepy, no effort to stay awake
Blink: sporadic periods of long eyelid closure (followed by increased
level of blink frequency)
Yawn: some
Body position: some situations with changing position – e.g. stretching
Body movements: some – arms, legs, scratching, rubbing eyes
ORS 2: Very sleepy, great effort to keep awake
Blink: half-closed eyes, empty gaze
Yawn: yes
Body position: yes - change often, stretch, slumped, hanging
Body movements: yes - e.g. head nodding

and KSS (in 5 min intervals) were acquired. The results from
the EEG and ECG are not used in the current paper. The study
was approved by the ethical committee at Linköping
University.
Forty voluntary participants (aged 39 ± 18 years, 20 women) were recruited to take part in the study as raters. At arrival,
the (untrained) raters were given a short introduction to the
upcoming task and given a written description of the method
and the procedure. Then, they were shown a sequence of 10
video clips which they were instructed to rate according to the
strategies outlined in Table 1. After each clip the SRS value
was shown. This was to provide an anchor to help the raters to
calibrate their ORS ratings. The raters were instructed to
choose the most fitting ORS level, meaning that all criteria
did not have to be fulfilled in order to choose a certain level.
They were also instructed that the different indicators (blink,
yawn, body position and body movements) should be seen as
prototypical clues of what to look for in the video. Next the
raters were allowed to ask questions. Following that, the actual trial commenced. The video clips were shown on a projection screen in a dark room to 20 participants at a time, and
the participants wrote down their ratings individually.
Obviously, the SRS values were not revealed in the actual
trial.
In between each clip there was a 10 s pause where the raters
were reminded to estimate the sleepiness level and also to rate
the confidence in their ORS estimations. The level of confidence was given on a scale from 1 to 10, where 1 is Bno idea^
and 10 is Babsolutely certain^. In between the three sessions of
18 clips, the raters took a break for 10 min and were served
refreshments.
All daytime clips were recorded in daylight whereas all
night-time clips were recorded in darkness. The selected video
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Fig. 1 Examples of the video
films; night-time driving (left) and
daytime driving (right)

clips were distributed evenly across day/night, and low/medium/high SRS. Video clips corresponding to SRS 0 – 2 were
characterised by increasing blink durations (mean ± sd) of
104 ± 22, 119 ± 24 and 126 ± 30 ms respectively. The video
clips were balanced on drivers to the best possible extent,
constrained by the fact that only some drivers estimated a
more severe level of sleepiness. The raters were informed that
the video clips had been randomly selected and that there were
sleepy drivers in the daylight videos and alert drivers in the
darkness videos. In order to control for learning effects of the
raters, the segments were placed in three different sequences
such that each sequence contained an equal distribution of
video segments for each SRS level and for day compared to
night. For 20 of the 40 raters, the three sequences were shown
in reversed order.
3.2 Statistical analyses
The analyses involve descriptive statistics such as accuracy,
reliability and confusion matrices to get a general picture of
how well ORS and SRS match. If ORS and SRS matches, the
confusion matrix will have large values in the diagonal, while
mismatches will be revealed in the off-diagonal entries. This
information is further quantified as accuracy, i.e. the probability that an ORS value matches the corresponding SRS value,
and as reliability, i.e. the probability that a given SRS value is
matched by the corresponding ORS value. Confidence intervals were calculated based on binomial and multinomial tests
of accuracy.
A mixed model analysis of variance (ANOVA) was conducted to investigate if the ORS ratings are biased due to
lighting conditions, i.e. if the raters expect the drivers to be
sleepier during night-time and consequently provide higher
ORS ratings in dark condition (and lower ORS ratings in the
bright condition). Condition (day/night) was included as a
fixed factor, the SRS rating (SRS 0 – SRS 2) was included
as a fixed confounding factor and Participant (1–40) was
included as a random factor. Multiple comparison post-hoc
tests using Tukey’s honestly significant difference criterion
were used to investigate potential differences between individual groups. The significance level was set to 0.05.

If raters report low confidence in their ratings we expect
that the match rate between ORS and SRS will be low.
Similarly, we expect that when raters are confident in their
ratings the match rate will be high. The relation between confidence level and match rate was investigated using a least
squares best fit linear regression, with the expectation that
the Bideal^ correlation coefficient would be close to one.
Inter-individual differences between the raters were investigated using a similar approach to that of Wierwille and
Ellsworth [17]. The covariance matrix of all raters’ estimations of the 54 video clips was computed. The average was
compared between all raters using Pearson’s r correlation (i.e.
the average of all the values above the main diagonal in the
covariance matrix). Fisher z-transformation was used to make
the correlation coefficients additive. Inter-individual differences were also assessed using Krippendorff’s alpha using a
difference function adapted to ordinal data [33].

3.3 Results
The overall average percentage of video segments where ORS
and SRS matched was 41.5 % (confidence interval: 39.4–
43.6 %). The relative frequency of matching segments can
be seen in Fig. 2. A confusion matrix is provided in Table 2
and per-class accuracies and reliabilities, along with their confidence intervals are shown in Table 3. The ORS values (mean
0.92) was significantly lower than the SRS values (mean
1.00), F(1,4317) = 9.87, p < 0.01.
There was a significant difference in ORS ratings due to
participant (F(39,2116) = 2.07, p < 0.001), condition (F(1,
2116) = 7.99, p < = 0.01) and SRS rating (F(2,2116) = 58.22,
p < 0.001). The post-hoc test revealed that higher ORS ratings
were provided during night-time compared to daytime, and
that increasing ORS ratings were accompanied by increasing
SRS ratings. This means that the raters are influenced by
lighting conditions. The distribution of ORS ratings per
condition were ORS 0 (day 419, night 312), ORS 1 (day
373, night 488), and ORS 2 (day 288, night 279). A greater
number of daytime video clips were scored as alert (ORS 0)
while a higher number of nighttime driving video clips were

Eur. Transp. Res. Rev. (2015) 7: 38

Page 5 of 9 38

Histogram of matching ORS and SRS ratings per rater

Naïve per-class statistics for the matching of SRS and ORS

Table 3

16

Level

Percentage match

Alert

46.4 %

42.7 % – 50.0 %

First signs of sleepiness
Severe sleepiness

35.4 %
44.4 %

32.2 % – 38.7 %
40.3 % – 48.6 %

Alert

Reliability
47.1 %

43.4 % – 50.9 %

First signs of sleepiness

42.4 %

38.7 % – 46.0 %

Severe sleepiness

35.0 %

31.4 % – 38.6 %

Accuracy

14

Number of raters

95 % C.I.

12
10
8
6
4
2

3.4 Discussion
30

35

40

45

50

55

60

Percentage of matches (%)

Fig. 2 Histogram of the raters’ percentage of segments where ORS and
SRS matched

scored as sleepy (ORS 1 or ORS 2). Of the three ORS levels,
ORS 2 was the least scored and ORS 1 the most scored.
The confidence rating indicates how sure the raters were of
that particular ORS estimation. In Fig. 3 the percentage of
video segments where ORS and SRS matched are plotted
against the confidence value. The slope of a linear regression
line (least squares best fit) is 0.2 and the norm of residuals is
18.1, showing a very weak correspondence between matching
rate and confidence. Boxplots of the confidence ratings for
each of the 54 video clips are shown in Fig. 4. On the scale
from 1 to 10, the median confidence rating is 6 for most clips,
and only two clips are outside the range of the most common
median value plus/minus 1 (i.e. confidence rating 5–7). This
indicates that essentially no video clips are experienced as
easier to rate.
Inter-individual differences between raters were determined as the average of the Pearson’s r correlations between
all raters, and was found to be 0.19. The correlation coefficients between raters varied a lot (standard deviation = 0.15).
Krippendorff’s alpha showed a slight agreement with
α = 0.15.

ORS and SRS matched in 41 % of the 1-min video clips of
drivers at various stages of sleepiness. This is only marginally
better than chance (a matching percentage of 33.3 % is equivalent to someone picking ORS category at random for each
video segment). This result is in agreement with the results
from real-time ORS ratings, where 28 % of the changes in
SRS were predicted by the observer [15].
Comparing the distribution of ORS and SRS demonstrates
that for SRS 0 (alert), the raters’ estimations matched SRS in
47 % of the video clips, and were completely unmatched (i.e.
estimated ORS 2 for SRS 0) in only 17 % of the cases. The
situation was worse for ORS 1 and ORS 2. One explanation is
that it might be easier to identify an alert driver than a sleepy
driver. Another explanation is that the raters may assume that
the drivers are alert most of the time (an assumption which is
certainly correct in a naturalistic dataset collected during normal driving). Such an assumption would systematically
100
90
80
70

Matches (%)

0
25

60
50
40
30

Table 2

Confusion matrix of ORS versus SRS

20

ORS
0

10

1

2

Σ

0

0

1

2

3

4

5

6

7

8

9

10

Confidence

SRS 0
1
2
Σ

339 (15.7 %)
218 (12.1 %)
174 (5.5 %)
731 (33.8 %)

262 (10.1 %)
305 (14.1 %)
294 (9.1 %)
861 (39.9 %)

118 (8.1 %)
197 (13.6 %)
252 (11.7 %)
567 (26.3 %)

719 (33.3
720 (33.3
720 (33.3
896 (41.5

%)
%)
%)
%)

Fig. 3 Boxplot of the percentage of matching ORS and SRS ratings per
confidence level. On each box, the central mark is the median, the edges
of the box are the 25th and 75th percentiles, and the whiskers extend to
q3 + 1.5(q3 – q1) and q1 – 1.5(q3 – q1), where q1 and q3 are the 25th and
75th percentiles, respectively. Outliers plotted individually
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10

different camera position filming the driver from below instead of from the above, employed human factors experts as
raters, and simplified the rating task to simply identify the
video showing the sleepy condition in paired video clips
showing the same driver in an alert and a sleepy condition.

9
8

Confidence

7
6
5

4.1 Methods

4
3
2
1
0

5

10

15

20

25

30

35

40

45

50

Video−clip

Fig. 4 Boxplots of the confidence in each rating grouped by video clip.
On each box, the central mark is the median, the edges of the box are the
25th and 75th percentiles, and the whiskers extend to q3 + 1.5(q3 – q1) and
q1 – 1.5(q3 – q1), where q1 and q3 are the 25th and 75th percentiles,
respectively. Outliers plotted individually

underestimate sleepiness in our data set with an even distribution of high/medium/low SRS drives, as is also indicated by
our results (the mean ORS rating is 0.92 whereas the mean
SRS rating is 1.0).
The inter-rater agreement was very low in Test 1 with an
average Pearson’s r correlation of 0.19 and a Krippendorff’s
alpha of 0.15. This was unexpected given previous reports on
high consistency and reliability both within and between raters
[16, 17]. It is not clear whether this was due to inconsistent
following of the ORS protocol, the ORS protocol in itself,
inadequate video quality, or simply that it was difficult to rate
sleepiness in a consistent manner.
Given the low match rate between ORS and SRS, it is
interesting to see whether the raters are aware of their shortcomings. If so, this would be indicated in their confidence
ratings. The expected matching rate, given perfect confidence
estimates, would be a linear function increasing with the confidence level. However, Fig. 3 shows that this is not the case.
Not only is it difficult to rate the sleepiness level of drivers
based on video clips, it is also difficult for the raters to estimate
the accuracy in their ratings.

4 Test 2
Test 1 raised a number of concerns about using ORS as a
method to estimate driver sleepiness based on video recordings. A prerequisite for successful sleepiness scoring based on
videos is whether it is at all possible to recognise a sleepy
driver. To investigate this, a test was set up where the rating
task was designed to be as easy as possible. In contrast to Test
1, Test 2 made use of colour-videos of higher quality, used a

Also Test 2 uses video data from an earlier experiment [34].
The videos were recorded from 18 bus drivers participating in
a field experiment. The aim of the study was to investigate
how a split shift with an early morning start influenced bus
drivers’ sleepiness level and driving performance during the
late afternoon. Speed, GPS position and video films of the
driver and of the forward view were continuously recorded
throughout the driving session with a Video VBOX Pro
(Racelogic Ltd., Buckingham, Great Britain). The video had
a resolution of 720 × 576 pixels, where the face was an inset
covering approximately one fourth of the picture. The driving
experiment was carried out on a 23 km long route on public
roads, which was driven three times. PVT was administered
immediately before and after the driving session and between
the second and third lap. In addition, physiology (EEG and
EOG) and KSS (in 5 min intervals) was acquired. The results
from the EEG measures are not used in this study.
The videos were selected based on KSS ratings, where the
alert condition corresponded to KSS ≤ 4 and the sleepy condition corresponded to KSS ≥ 8. Unfortunately, only four of
the 18 participants in the bus driver study matched this selection criteria. Thus, four matched pairs, comprising a set of
eight 30-s video clips, were selected for this test. The pairs
were matched in terms of driver and same type of road. The
alert condition had an average (mean ± sd) blink duration of
113 ± 12 ms, a PVT reaction time of 348 ± 13 ms and a
percentage of PVT lapses of 1.7 ± 1.1 %. In the sleepy condition, the average blink duration was 124 ± 15 ms, the PVT
reaction time was 383 ± 42 ms and the percentage of PVT
lapses was 8.0 ± 9.2 %. All videos were recorded in daytime
during daylight conditions, removing the factor time of the
day.
Ten participants (aged 38 ± 12 years, five women) were
recruited to take part in the study as raters. All raters are part of
the human factors group at the institute (VTI) and can be
considered experts in the field of human behaviour assessment. After a short introduction the participants were shown
video A, followed by video B, followed by video A and B
next to each other. The participants were then asked to judge
which of the two videos that showed the sleepy condition and
how certain they were in their decision. The level of confidence was given in steps of 10 % on a scale from 0 %, meaning Bno idea^, to 100 %, meaning Babsolutely certain^. This
procedure was repeated for the four video pairs.
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4.2 Statistical analysis

Table 4 Number of matches between ORS and SRS, including the
raters’ confidence in their ratings

The analyses involve descriptive statistics such as percentage
correct classifications with corresponding mean confidence
ratings. Inter-individual differences between the raters were
investigated as in test 1 using Pearson’s r correlation and
Krippendorff’s alpha.

Video pair

Match

1

9 of 10 (90 %)

51 ± 26

2

0 of 10 (0 %)

40 ± 24

3
4

5 of 10 (50 %)
0 of 10 (0 %)

42 ± 15
33 ± 20

Confidence (%)

4.3 Results
The overall average percentage of correctly assessed video
segments was 35 %. The result from each video pair is presented in Table 4. Note that for two of the four video pairs, all
raters identified the wrong video. Also provided in Table 4 are
the average confidence ratings.
Inter-individual differences between raters were determined as the average of the Pearson’s r correlations between
all raters, and was found to be 0.35. Krippendorff’s alpha
showed a moderate agreement with α = 0.62.
4.4 Discussion
The inter-rater agreement was better in Test 2 than in Test 1
with an average Pearson’s r correlation of 0.35 and a
Krippendorff’s alpha of 0.62. The difference in results between Test 1 and 2 may be due to a number of reasons. In
Test 2, the video quality was better, the raters were more
experienced, there was no confounding with lighting conditions, and the rating task was easier. However, the agreement
was still very low.
The drivers were very sleepy in the sleepy condition. One
driver experienced a short lapse of micro sleep and nearly hit
the road barrier just a few minutes after the selected video clip
(video pair 2). Another driver admitted that she provided KSS
ratings of eight instead of nine since she was afraid that we
would abort the trial in advance if we knew how sleepy she
was (video pair 1). This is obviously just anecdotal evidence,
but it is a clear indication that the pairs of videos contained
footage of very varying levels of sleepiness. Despite our attempts to make an easy classification task, the raters disagreed
on one of the video pairs and agreed on the Bwrong^ video in
two of the four pairs. After discussions with the raters, the
underlying reason for this result appears to be a difficulty of
distinguishing boredom from sleepiness. The amount of data
is very limited in Test 2, but the results consistently raise
concerns about the validity of ORS.

5 General discussion
The notion that it is possible to assess the emotional state (e.g.
sadness) or physiological state (e.g. sleepiness) of a fellow
human with a single glance is widely held, but, the results of

the current study shows how extremely difficult it can be to
rate the sleepiness level of a driver using ORS.
Wierwille and Ellsworth [17] argue that it is impossible to
know the extent to which the raters are rating the Btrue sleepiness level^ and therefore chose not to do such comparisons.
Instead, they chose to use consensus amongst the observers as
a reference measure. Given the poor correspondence between
SRS and ORS found in our test and the difficulty of
distinguishing boredom from sleepiness, using consensus
amongst observers might be a dangerous way of determining
the Btruth^. Wiegand et al. [16] instead chose to use experienced raters as a reference measure of sleepiness and found
agreement with non-expert ORS to be satisfactory. Again,
given the poor agreement between ORS and SRS in our tests,
also amongst the expert raters, expert judgements may be
misleading when assessing sleepiness.
There may be individual differences in subjectively experienced levels of sleepiness and in behavioural signs of sleepiness, meaning that SRS and ORS may represent different
constructs of sleepiness. A further indication that this may
be the case is that the percentage of matching ORS/SRS
values did not increase as a function of confidence in the
ratings. As the list of agreeing measures of sleepiness grows
longer (subjective ratings, physiology, performance) while
post-hoc ORS stands alone on the disagreeing side, it may
be worth considering that ORS is measuring a different construct of sleepiness. Perhaps ORS is rather an indicator of task
related fatigue, boredom and sleepiness in a broader sense.
There are too many limitations in the current data material to
draw such conclusions, but further studies should be conducted to confirm or reject this suggestion.
There are some controversies when it comes to the influence of video clip duration and image quality. For starters,
behavioural signs of sleepiness such as yawning and nodding
are rather infrequent events that may not be captured in a short
recording. Ratings of sleepiness based on such events will
obviously become more reliable with longer video clips. On
the other hand, fatigue has been successfully rated in photographs based on hanging eyelids, red eyes, swollen eyes,
darker circles under the eyes, paler skin, more wrinkles/fine
lines, droopy corners of the mouth and glazed eyes [24], indicating that the image quality is perhaps even more important
than the duration of the clip. However, if video quality was the
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only issue, we would have expected better results for real-time
ORS [15]. In real-time ORS the driver is observed directly,
thus providing the ultimate Bimage^ quality, and also indirectly taking driving performance into account. Also, in contrast
to the Sundelin [24] study, our sleepy drivers actively fought
to remain awake, which may mask some of the observable
signs of sleepiness. Higher video quality may solve the issue
with poor inter-rater agreement. As the visual cues becomes
more consistent and easier to extract, the ratings are also most
likely to become more consistent. Whether improved visual
cues are directly related to sleepiness and SRS is however
unclear. There will be an impact on the match rate between
ORS and SRS, but it is not clear if the match rate will increase
or decrease. As already indicated, some of these cues may
rather be signs of boredom or fatigue, and this may be misleading when it comes to sleepiness assessment.
A limitation with this research is that the videos and the
data used in both Test 1 and Test 2 comes from earlier experiments that had little to do with the main questions presented
here. An implication is, for example, that very few video pairs
could be used in Test 2 due to the selection criterion that the
same driver should have experienced both high and low KSS
values. Another limitation is the level of training given to the
untrained raters in Test1. Even though the amount of training
is similar to what we would give to an actual Bscientific^ ORS
rater at our institute, a Bscientific^ rater would still be better
equipped due to years of experience gained by riding along in
the vehicle as a test leader in driver sleepiness experiments.
Since such a Bscientific^ rater would have a qualitatively different background, this could be a serious shortcoming in Test
1. However, the Bscientific^ raters performed poorly in Test 2,
so we are not sure that this is such a big limitation in practice.
Additional studies, replicating and verifying the results from
this paper, should be carried out.
Much research is currently devoted to developing automatic image processing systems capable of determining the level
of sleepiness based on characteristics such as facial tone, slow
eyelid closure, rubbing, yawning and nodding [35–39].
According to Vural et al. [40], the ten facial actions that are
most predictive of sleepiness are increased blink/eye closure,
elevated outer brow raise, increased frown, chin raise, more
nose wrinkle, less smiling, tightened eye lid, less compressed
nostrils, less lowering of eye brows and less jaw drop. It would
be very interesting to compare the outcome of these automatic
facial emotion recognition systems to self-rated and observer
rated sleepiness, and also to investigate which features that are
used by the automatic system compared to the human
observer.
In conclusion, the results from this study indicate that
video-based ORS ratings of driver sleepiness correspond
poorly with self-reported sleepiness. In this study, the raters
were even unable to pick out a sleepy driver in a paired comparison where they know that one of the videos showed a
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sleepy driver. Further investigations should be carried out to
evaluate the reliability of ORS and to inform on future use of
this technique.
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