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ABSTRACT

This study presents a real-time drowsiness estimation method using a smartphone’s
front camera and Apple’s ARKit. Unlike prior work focused on eye and mouth cues,
it uses 52 BlendShape features and 3D head orientation to capture diverse facial
movements. A KNN classifier was trained on mean and variance features, labelled by
external raters during a simulated driving task. SHAP analysis revealed that temporal
variations—especially in mouth and head movements—were more predictive than
static features. The method achieved high accuracy across binary (98.6%), ternary
(89.6%), and five-class (70.5%) classification. Results support the use of smartphones
as accessible tools for drowsiness detection.
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INTRODUCTION

Drowsiness has been associated with an increased risk of traffic accidents
(National Police Agency Traffic Bureau, 2022), workplace errors (Ferguson
et al., 2019), and decreased academic performance (Chu et al., 2020),
highlighting the need for objective and automated evaluation methods.
Existing studies have primarily relied on indicators around the eyes and
mouth, such as blinking and eye movements (Adachi et al., 2006; Ueno
et al., 1994; Yuda, 2021), while limited research has explored alternative
facial expression features. Given the fluctuating nature of alertness, it is
advantageous to develop systems capable of multi-level classification. This
study proposes a five-level drowsiness estimation method using Apple’s
ARKit, which captures 52 BlendShape parameters and 3D head orientation
via a smartphone’s front-facing camera. Drowsiness estimation approaches
are generally divided into physiological and behavioral indicators, with
recent focus shifting to non-contact, quantitative facial expression analysis.
Kitajima et al. (1997) introduced a five-level rating system based on facial
cues (see Table 1), which has been validated in subsequent studies (Sunagawa,
2020). Blink duration and ocular metrics have shown promise for drowsiness
estimation (Koshi et al., 2022; Phan, Trieu, & Phan, 2023), and libraries
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such as MediaPipe and ARKit have enabled real-time acquisition of high-
resolution facial data (Google, 2024; Apple, 2024).

Table 1: Drowsiness classification (Kitajima 1997).

Score Rating Indicator Examples

1 Not at all drowsy Rapid and frequent eye movements, stable
blinking cycle, active body movements

2 Slightly drowsy Slower eye movements, lips are slightly
open

3 Drowsy Frequent and slow blinking, mouth
movements, touching the face
Deliberate blinking, head shaking,
unnecessary whole-body movements such
as shoulder movements,

4 Quite drowsy frequent yawning, deep breathing, slow
blinking and eye movements

5 Extremely drowsy Eyes closed, head tilting forward, head
falling backward

MediaPipe tracks 478 facial landmarks, achieving 96% accuracy in binary
drowsiness classification based on eye status (Koshi & Tanaka, 2022, 2024).
Head sway has also been identified as a reliable behavioral indicator (Koshi,
2024), and facial motion quantification may enhance detection accuracy.
Doshi and Trivedi (2012) reported a significant time lag between eye and head
movement during intentional and unconscious gaze shifts, a potentially useful
cue for drowsiness detection. Similarly, Sugawara et al. (2019) demonstrated
a relationship between head sway, eye movement, and driver fatigue, while
Horiuchi (2024) highlighted associations with cognitive engagement during
learning.

While prior work employed MediaPipe, this study focuses on ARKit due
to its accessibility and integration with mobile devices. ARKit provides facial
angle and BlendShape data, and prior work by Suzuki and Tanaka (2024)
confirmed its accuracy in capturing head sway and eye movements during
driving tasks. Building on this, the present study examines whether ARKit-
derived indicators can support multi-level drowsiness classification, evaluates
inter-feature relationships, and assesses estimation accuracy under varying
conditions.

FACIAL EXPRESSION METHOD

To measure facial expression indicators effectively, this study used
ARKit, a facial tracking library by Apple, which quantifies 52 facial
features without converting point clouds into expression indicators. Unlike
Google’s Mediapipe, which tracks over 400 facial points and requires
normalization due to individual variability, ARKit provides standardized
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outputs compatible with iOS devices, making it suitable for mobile use. A
custom application was developed using ARKit to capture facial data from
a smartphone’s front camera, converting it into numerical values including
BlendShapes and facial angles. These angles were transformed from affine
matrices into quaternions and then Euler angles for analysis. Head sway was
measured via yaw (HSY), pitch (HSP), and roll (HSR), while eye movements
were described by yaw, pitch, and roll for each eye (e.g., L-EMY, R-EMP).
Data were segmented into 5-second intervals, and per-frame differences
were computed to extract movement dynamics. The mean and standard
deviation (SD) of these values were used as explanatory variables in a
K-nearest neighbour (KNN) model. The subjective drowsiness ratings on a
five-point scale were transformed into binary, ternary, and five-class labels for
classification, enabling a comprehensive evaluation of drowsiness detection
using real-time facial expression dynamics.

Figure 1: Processing method of indicators during drowsiness evaluation.

System Overview

This system was developed using ARKit integrated with Swift for iOS,
capturing facial data at up to 60 Hz. ARKit processes camera input, converts
outputs, and exports them to CSV files. Due to variable processing loads,
linear interpolation was applied to align measurement timing. Facial angle
data, originally in affine matrices, were converted to quaternions and then
to Euler angles (pitch, yaw, roll) for analysis. Head sway and eye movements
were analyzed using these angles, with yaw and pitch representing horizontal
and vertical eye movement, respectively. Eye roll rotation was also included.
Experimental data showed increased eye-closing rates and distinct leftward
movements (saccades) in the left eye.
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Figure 2: Rotation axes of head sways and eye movements.

Figure 3: Facial expression measurements (eye closing and rotation).

Facial Expression Data

This study utilizes Apple’s ARKit Face Tracking technology to collect
standardized and detailed facial data through 52 BlendShape parameters.
These indicators represent various facial movements and provide spatial
information about the subject’s expression. To capture temporal dynamics,
the mean values over 5-second intervals are calculated for each indicator,
along with frame-to-frame differences to estimate movement speed. The
standard deviation within each 5-second window is also computed to
quantify variability. This processing approach follows the method described
by Kitajima et al., enabling dynamic analysis of facial behavior. In
addition to facial expressions, eye and head movements are included as
important indicators. Previous research has demonstrated ARKit’s reliability
in capturing these features: Fukushima and Kawai (2022) reported high eye-
tracking accuracy with an error of approximately 100 pixels, while Suzuki
and Tanaka (2024) confirmed the effectiveness of ARKit in assessing head
sway. Together, these spatial and temporal features provide a comprehensive
representation of facial activity, enhancing the accuracy of drowsiness
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estimation. The use of ARKit enables real-time, non-contact monitoring
using widely available consumer devices, making it a practical solution for
applications such as driver monitoring and behavioral assessment.

EXPERIMENTAL AND ANALYTICAL METHODS

This study investigates the feasibility of estimating drowsiness while driving
using ARKit. A drowsiness-inducing experiment was conducted in a driving
simulator. Subsequently, one rater was tasked with rating the driver’s
drowsiness on a five-point scale proposed by Kitajima et al. (1997), based on
the facial video data collected during the experiment. A K-nearest neighbour
model was then constructed for each rater, based on the rating data and the
facial expression data measured, using an index that included eye movement
data. Local SHAP (SHapley Additive exPlanations) was then employed to
calculate the contribution rate based on the answers to each evaluation
dataset and the estimation results, which were then compared to verify
accuracy.

Experimental Environment

The experiment utilized three monitors to display the front view and
side mirrors of a vehicle, with the spatial arrangement adjusted based on
the Suzuki Wagon R (DBA-MH34S) to replicate real vehicle conditions.
Brightness levels were set above 800 lux to ensure clear facial imaging, and
reflections were minimized to improve camera capture. A rear-facing video
camera recorded full-body movements, while a separate webcam collected
facial evaluation data. Facial information was recorded using a custom
application at 60 Hz and saved in CSV format, including blend shape and
angle data. The experiment used Euro Truck Simulator 2 as the driving
simulator, with subjects navigating a virtual map of Japan on a 30-minute
route from Osaka to Ehime under traffic-free conditions. An alternative
driving task on a simple circuit was provided for non-drivers. A self-report
questionnaire confirmed that both tasks effectively induced drowsiness.

Experimental Method and Subjects

The study involved six participants (five males, one female) in their twenties.
Licensed drivers navigated both regular roads and expressways, while the
unlicensed participant drove on a simple circuit. All subjects completed
a practice session and were instructed to follow Japanese traffic laws,
maintaining 80 km/h on simple roads and the legal limit elsewhere. Before
each drowsiness-inducing trial, participants rated their sleepiness using a
10-cm visual analog scale (VAS). Following established protocols, they
performed a 30-minute driving task with two breaks to induce drowsiness.
The experiment was recorded using a custom app and video camera, and
conducted under Kogakuin University’s ethical guidelines (Approval No.:
2021-A-29).
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Grading Method

The raters utilized a pre-established rating system to evaluate the videos
presented at five-second intervals. This system employed a five-point scale,
as proposed by Kitajima et al. (1997). Additionally, to mitigate potential bias
in the data points and classifications utilized for estimating drowsiness, the
granularity of the five-point scale was reduced. The three-value classifications
were subdivided into (1, 2), (3), and (4, 5). In the binary classification, the
dataset was divided into two subsets, (1, 2, 3) and (4, 5), and down-sampling
was performed. Furthermore, the raters were requested to rate 40 questions
in advance as a form of practice, and the estimation model was constructed
using the rating data provided by those who offered valid responses. The
data were rated by six individuals for 30–60 minutes, resulting in a total
data of 4 hours and 55 minutes and 30 seconds. The data were then divided
into five-second segments, with a total of 3,546 rating data points used for
verification. The raters were selected from individuals who were not involved
in writing the main text. Furthermore, consent was obtained from one male
individual to publish his photograph in the paper.

Analysis Method

The analysis was performed using Python’s scikit-learn and MATLAB to
estimate drowsiness through the K-nearest neighbor (KNN) method. Facial
expression-derived indicators were used as explanatory variables, while rater
evaluations served as the target variable. Data were split using a 90/10
holdout method for training and testing, and five-fold cross-validation was
applied to prevent overfitting. The KNN model used 10 neighbors with
Euclidean distance and no weighting, and all datasets were standardized. To
calculate indicator values, rotational angles along the XYZ axes for the head
and both eyes were included. Since these values exceeded the range of other
indicators, they were normalized by dividing by 15 degrees, the upper limit of
facial and eye angles. Additionally, angular velocity was calculated using the
difference between frames, divided by the time difference (1t), and added
as an indicator. The angular velocity per second was computed over five-
second intervals, with no spatial information—only frame-to-frame changes.
Each indicator was thus represented by its mean (spatial), standard deviation
(temporal), and angular velocity. In total, 250 indicators were analyzed.
Model performance was evaluated using accuracy, recall, precision, and F1
score, based on the 10% test set. True positive, true negative, false positive,
and false negative rates were computed, and local SHAP was applied to
identify the contribution of each indicator to model predictions.

1 Angle Speed
[
deg
sec

]
=

∑n
k = 1 (HSY(n) + HSR(n) + HSP(n))−(HSY(n−1) + HSR(n−1) + HSP(n−1))

Frame Count×1t (1)

1 Feature Value
[
%
sec

]
=

∑n
k = 1Measuring Data(n)−Measuring Data (n− 1)

Frame Count×1t
(2)
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RESULTS AND DISCUSSION

Grading Results

Figure 4 presents sample data used for machine learning, including eye
movement, head sway, and eye opening/closing values. Figure 5 shows
confusion matrices for binary, ternary, and five-class classifications, with
actual values on the vertical axis and predicted values on the horizontal axis.
Classification was verified using test data, with the highest arousal level used
as the reference. Table 2 summarizes the accuracy results: F1-scores were
99.28% (binary), 93.94% (ternary), and 73.10% (five-class). Finally, local
SHAP analysis (Figure 7) was used to interpret feature contributions. For
binary classification, the top 30 indicators were ranked by Shapley value.
High positive values indicated increased drowsiness with higher indicator
values, while negative values indicated drowsiness with decreasing values.
Mouth-related indicators, especially around the corners, contributed most
significantly.

Table 2: Sleepiness estimation model metrics.

2 Classification 3 Classification 5 Classification

Accuracy 98.59% 89.58% 70.47%
Recall 99.42% 96.31% 66.67%
Precision 99.13% 91.69% 80.90%
F1 Score 99.28% 93.94% 73.10%

Figure 4: Box plots of each indicator (L-EMY, eye closing rate, HSY) by drowsiness class.

Discussion

Figure 4, which depicts the actual measured values, reveals a decline
in eye movements, which is indicative of drowsiness. This demonstrates
the feasibility of employing a smartphone-based measurement approach to
assess and quantify drowsiness levels. The methodology involves analyzing
a five-second recording with a high-precision five-level evaluation system.
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Furthermore, the dispersion of the eyes diminishes as the subject’s drowsiness
level increases, as indicated by the reduction in eye movements. Nevertheless,
no notable discrepancy was observed in the mean values. This indicates that
employing variance in lieu of average values is an efficacious method for
estimating drowsiness. A comparable pattern was observed in the lateral head
sway. Assessing the standard deviation in the lateral direction was determined
to be a crucial aspect. Moreover, the box plot in the center of the graph,
which compares the standard deviation of the rate of eye closure, reveals
that the average value of the standard deviation decreases as drowsiness
increases. This suggests that a smaller variance in the eye closure rate is
indicative of a higher likelihood of being perceived as drowsy. As a common
indicator among all these metrics, the standard deviation value—showing
how much the values were dispersed over time creates a difference compared
to the assessment value, rather than the average value, which retains the
specific eye closure rate and angle as spatial information. This suggests the
potential for individual differences in eye closure rate and angle. Utilizing a
dispersion exhibiting reduced individual variation was found to be crucial
for drowsiness estimation.

Figure 5: Classification results for drowsiness estimation by each class count.

The subsequent step involved investigating the mixture matrix for each
rating value, as illustrated in Figure 5. All the aforementioned tests
were conducted using data not used during the machine-learning process.
Examination revealed that the classification rate was notably high for binary
and three-class classifications, although the classification was not conducted
correctly due to a dearth of data deemed to be a rating of 5 in the 5-point
classification system. Nevertheless, given that the ratings were classified at
values relatively close to the correct values, accurate classification appears
feasible with an adequate quantity of data. As no notable discrepancies
were observed in the five-point rating classification, future improvements in
accuracy may result from an increased rating number.

The next step is to assess the accuracy of the binary, ternary, and five-value
classifications presented in Table 2. Respective experiments were conducted
using test data not employed during the machine-learning process. The F1
score for binary classification was notably high, at 99.28%. Furthermore,
the three-value and five-value classifications demonstrated considerable
accuracy, with respective scores of 93.94% and 73.10%. However, the recall
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value, which indicates the accuracy of the negative value assessment, was
found to be low for the five-value classification at 66%. This suggests that the
accuracy of the ratings assigned to the “drowsy” category is relatively low.
This may have resulted from the limited number of data points that were
identified as exhibiting sleepiest behavior. An examination of the 5-value
classification mixed matrix in Graph C of Figure 5 shows that the data is
estimated to be near the correct values. An increase in the quantity of data in
the future will likely facilitate more accurate drowsiness estimations.

Figure 6: Contribution rate to evaluation by shapley value.

Figure 6 illustrates the contribution rates for the drowsy (4, 5) judgments
when local SHAP is performed based on binary classification. The data
indicate that as the positive value increases, the contribution rate also
rises, suggesting that higher indicator values are likelier to be assessed at
those rating levels. Upon examination, a considerable number of the ratings
reflected most indicator values pertaining to the mouth and cheeks. This
phenomenon is largely related to actions such as yawning, which involves
opening themouth to a considerable width. Feedback from the raters revealed
that their ratings were predominantly influenced by observations of the
mouth and the lower portion of the face. This suggests that the contribution
rates derived from local SHAP align with the regions of the face that the raters
prioritized. The method successfully identified the specific areas of the face
that the raters focused on when assessing drowsiness. Further investigation
using additional indicators, unbeknownst to the raters, demonstrated that the
differential value, indicating the movement amount of the indicator exhibited
an increase for a considerable number of indicators. This suggests that the
degree of movement observed in most indicator values is an effective measure
of the drowsiness rating. Furthermore, values indicative of vertical head sway
were observed in indicators with high contribution rates. These values are
thought to include signs of drowsiness, such as the movements associated
with waking up in the middle of sleep due to being startled and the periodic
lowering of the neck accompanied by intermittent back-and-forth swaying,
which were previously identified as the drowsiest indicators. Hence, head
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sway and mouth movements contributed significantly to the estimation of
sleepiness. Furthermore, efficient classification may be achieved by adding
the amount of movement and variance to the assessment rather than spatial
information, which varies greatly from person to person.

CONCLUSION

This study demonstrated that facial expression features, particularly variance
and movement-based indicators extracted via ARKit, enable accurate multi-
level drowsiness classification using a smartphone. Notably, the three-class
model achieved 93.94% F1-score. These results support the potential of
compact, non-contact systems for real-time drowsiness assessment. Future
work should focus on optimizing feature selection and exploring additional
indicators such as hand movements.
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Development of New Interfaces (Approval No.: 2021-A-29).”
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