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MODELING DRIVER STATE MONITORING
BASED ON ATHEORETICAL AND EMPIRICAL APPROACH

Abstract
This article addresses the problem of improving face detection reliability in video streams used in driver state
monitoring systems. Reliable localization of the driver’s face is considered a preliminary computer vision stage
required for the subsequent analysis of eye state, gaze direction, facial behavior, and fatigue-related visual cues. The
purpose of this study is to develop and experimentally evaluate an adaptive face detection method that maintains
stable performance under variations in illumination, head pose, image noise, and partial face occlusion while
operating with a fixed, externally calibrated camera. The proposed method combines initial face-region detection
using the Viola—Jones algorithm with SVM-based verification, external camera calibration, and incremental
parameter updating based on high-confidence detections used as pseudo-labels. The method was evaluated using
18,000 video frames obtained from 12 recordings involving seven volunteers under different shooting conditions.
The experimental results showed that the integrated method provided higher face detection performance than the
standalone Viola—Jones algorithm and the Viola—Jones method combined with a conventional SVM classifier. The
proposed method achieved a Precision of 0.91 and a Recall of 0.90 while maintaining a processing speed of 22
frames per second, which is sufficient for real-time operation. The study evaluates face detection and does not
directly classify driver fatigue, drowsiness, eye state, or facial expressions. The obtained results demonstrate that the
proposed method can be used as a lightweight preliminary component of driver state monitoring systems operating

on embedded hardware with limited computational resources.
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Introduction

Studies of recent years show that a significant part of road accidents is associated with the
physiological and psycho-emotional state of the driver [1-6]. In this regard, there is a growing interest
in monitoring systems that automatically assess the driver's condition in the process of movement.
Such systems allow you to detect signs of fatigue and decreased attention early and warn the driver
in advance.

The basis of modern driver monitoring systems is computer vision technologies. According to
the video frames, the driver's face, the state of his eyes and the position of his head in space are
analyzed. In the course of the experiment, it was noted that the quality of detection is significantly
influenced by the following factors:

¢ change in lighting level;

¢ turn and tilt of the head;

¢ change in the driver-to-camera distance and the corresponding face scale in the frame;
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* video noise;

¢ partial closure of the face.

When the light is unstable or the driver turns his head, the detection accuracy of classical
computer vision algorithms decreases and the number of erroneous determinations increases [7].

In studies to solve this problem, along with classic computer vision methods, YOLO, RetinaFace,
MTCNN and other deep learning models have been widely used. Nevertheless, the adaptation of
classical algorithms for systems with limited computing resources still remains relevant. Research
and literary data show that the Viola - Jones algorithm processes video frames at high speed.
Nevertheless, when lighting conditions change or the angle of rotation of the driver's head relative
to the camera increases, the detection accuracy of the Viola—Jones algorithm decreases [8—10].
Although deep learning models show much higher results in such complex situations, their efficient
operation requires hardware platforms with higher computing power. In this regard, the use of such
models in built-in automotive systems with limited computing capabilities is not always acceptable.

For the driver monitoring system, the detection accuracy alone is not enough. The algorithm
should not only process the video stream in real time, but also work stably during changes in lighting,
movement of the driver's head and other external influences. Therefore, in the course of the study,
priority was given to the development of an approach that has a low computational load and can adapt
to variable shooting conditions. Such a solution provides reliable face localization under variable
shooting conditions and can serve as an input stage for subsequent driver-state analysis.

Before the experiment, an external calibration of the camera was carried out. The position of the
camera in space relative to the driver was calculated, and based on these parameters, a coordinate
system was formed. These parameters were then used to calculate the position of the driver's face in
space. The calibration results have increased detection stability, especially in cases where the driver's
head is turned or tilted.

The working capacity of the model was tested under different shooting conditions. The following
five experimental factors were evaluated: the illumination level; the driver’s head rotation and tilt
angles; the driver-to-camera distance and the corresponding face scale in the frame; partial face
occlusion; and the level of video noise. The camera position and orientation remained constant
throughout all experiments.

This organization made it possible to evaluate the influence of each factor on the algorithm
separately. After the end of each test, the number of detected faces, false determinations and the time
spent processing one frame were recorded. The results were then compared and the impact of each
parameter on detection accuracy and processing performance was analyzed.

The experiments carried out have confirmed that the proposed approach works effectively.
The use of the Viola—Jones algorithm in conjunction with the SVM classifier and external camera
calibration results reduced the number of erroneous determinations and increased the reliability of
the system's operation in complex shooting conditions. During the test, the algorithm retained the
processing speed in real time. The results obtained showed that this approach can be used in driver
monitoring systems.

Materials and methods

During the experiment, the video camera was rigidly mounted inside the vehicle so that the
driver’s face was fully visible in the frame. The position and orientation of the camera remained
unchanged throughout the entire data collection process. External camera calibration was performed
once before recording to determine the fixed spatial relationship between the camera and the driver.
The experimental variations concerned the shooting conditions and the driver’s position relative to
the fixed camera, rather than changes in the camera position itself.

To assess the effectiveness of the algorithm, a data set was formed from 12 video recordings
with a total duration of about three hours. About 18,000 frames were taken from the videos, of
which 12,000 were used for training, and the remaining 6,000 were used for testing the model. All
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performance indicators presented in Tables 1 and 2 were calculated exclusively using the independent
test subset consisting of 6,000 frames. The data was collected in such a way as to cover different face
turning angles and partial closure scenarios, both in daytime and evening light conditions. The videos
were filmed with the participation of the authors in real transport conditions. The generated data sets
are not included in open databases and were used only as part of this study.

The study involved seven volunteers, five of whom were men and two were women. The age
of the participants ranged from 21 to 46 years. Participants wearing glasses and with beards or
mustaches were also included to ensure the diversity of the data set. The videos were filmed both
in natural light and in an environment where there was not enough light. At the same time, different
head turning positions in relation to the camera were deliberately introduced, and the ability of the
algorithm to work in variable shooting conditions was assessed.

12,000 frames were selected from the generated dataset to train the SVM classifier. The remaining
6,000 frames were used to evaluate and test the model. During the experiment, five factors were
taken into account: the illumination level; the driver’s head rotation and tilt angles; the driver-to-
camera distance and the corresponding face scale in the frame; partial face occlusion; and the level of
video noise. These data allowed us to assess the stability of the system in real conditions. Examples
of frames taken from the image of the driver's face are shown in Figure 1.

Figure 1 — Examples of driver-face frames extracted from the video recordings

During the experiment, video recordings of the driver's face were used as the main research
material. First, the videos were divided into individual frames and their quality was checked.
Further experiments continued under different shooting conditions. During the experiment, the
shooting conditions were deliberately changed. The same five factors were varied according to the
experimental protocol, while the camera position and orientation remained constant. After each test,
the resulting video recordings were processed and the operation of the algorithm was evaluated by
the number of detected faces, false determinations and the time spent processing one frame. These
indicators made it possible to compare the effect of different shooting conditions on the detection
accuracy and processing speed. Video frame processing was performed using the standard functions
of the OpenCV library.

The search for the face area was carried out in several stages. First, the motion detection method
was used and areas of interest (ROI) were marked, where potential objects were located. These areas
were then scanned with a scalable rectangular window and checked for the presence of a face in each
position. The Viola—Jones algorithm based on Haar-like features and cascade classifier was used as
the main detection method. However, practice shows that its accuracy decreases when the lighting
is unstable or the face looks blurry. Therefore, we have introduced an additional SVM classifier. It
was pre-trained in data sets that took into account face orientation, light level and video noise, and
allowed to reduce the number of false determinations.

Before the start of the experiment, the external calibration of the camera was performed. The
position of the camera, the direction of view and the angles of rotation were determined, and these
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parameters were used to match points in three-dimensional space with the image plane. In our
practice, such calibration made it possible to more accurately determine the position of the face in
space in cases where the driver's head is turned or tilted.

The results of the study showed that changes in lighting, turning of the driver's head and partial
face coverage are the factors that most affect the quality of detection. Although the accuracy of the
classic Viola—Jones algorithm in such conditions has decreased, the use of the SVM classifier has
increased the stability of the detection results.

Under normal conditions, the system reliably detected the face. And in complex frames,
sometimes the wrong areas were marked or the face was not found at all. An individual analysis of
incorrectly processed frames was carried out. In most cases, such errors are caused by insufficient
lighting, turning the driver's face relative to the camera, or a decrease in video quality.

Figure 2 — Examples of challenging conditions: low illumination,
changes in face orientation, and low image resolution

Part of the results obtained during the experiment is presented in Figure 2. Tests have shown
that the work of the algorithm depends on the shooting conditions. Under normal lighting, the face
was reliably detected, and when the light level decreased or the angle of rotation of the driver's head
increased, the number of errors increased. While in some frames the face remains undetected, in
some cases other objects similar to the face are incorrectly recognized.

To minimize these shortcomings, an SVM classifier was introduced into the algorithm. The
SVM classifier re-evaluated the candidate regions marked by the Viola—Jones method and clarified
their correspondence to the face. As a result, false determinations have decreased and the stability of
the algorithm has improved.

Each video was first divided into separate frames, and then they were processed sequentially.
All results were compared among themselves and the features of the algorithm's work in different
shooting conditions were analyzed. The frames were then processed in turn and converted to a
grayscale image. Then only those parts where movement was observed were selected, and the search
for facial features was carried out in the same areas. Determining areas of interest in advance reduced
unnecessary calculations and reduced the amount of data being processed. As a result, the processing
time of one frame decreased, and the algorithm met the requirements for working in real time. Where
t 1s the sequence number of the frame in the video stream.

The €. matrix is formed as a result of disconnecting the movement zone from the original A.
matrix. Thus, its dimensions are of a limited nature: the width satisfies the conditions w,- = m, and
the height satisfies the conditions h,. = n.

It is necessary to form a set of rectangular areas containing human faces within a given area of
movement (1):

Face; = {x,,v;,w;, h;} (1)
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For each rectangular area in the list, the coordinates of its center (x,"v; ), as well as the width
(w; ) and height (h;) parameters are determined.

To identify the object, the image is analyzed using the full scan method. For this purpose, a
search window with a width of W and a height of H is used. The window is first placed in the upper
left corner of the image and covers the entire image in a horizontal direction, moving by one pixel
with each step. After that, the same search is performed in the vertical direction. The size of the
search window is gradually changed to identify objects of different sizes in the image. The general
operation of the sliding-window scanning algorithm is illustrated in Figure 3.

In the classification process for determining the presence of a face image in the image area, class
symbols of the type {-1,+1} are used for each position of the scan window, where -1 means «not
a face», and +1 means the class «face». In the process of scanning the image, each location of the
window is checked using a classification model. Based on it, the presence of a face image in the area
under consideration is decided in accordance with predefined designations and classification rules.

Figure 3 — Sliding-window scanning procedure
used for face detection

This approach allows us to consider the task of determining facial images in video frames as
a two-class classification problem. Here, X represents the space of properties of objects, and Y
represents a set of finite classes. The function F is considered as a decisive transformation that maps
the characteristics of ¥ € X to the corresponding ¥ € ¥

The function F defines the characteristics of object A by converting the elements in Set
X to the Dy area, which forms the set of allowed values for a given object. In this case, the
feature vector describing the object A and belonging to the complex X is based on the sign
system fisees i [11-13] (2):

x = (fi{a), ..., f(a)) 2

In this context, objects are represented as feature vectors that describe their properties. In this
case, the classifier must be able to accurately determine that any object belongs to a set X and reduce
the probability of error for all possible X variants.

The effectiveness of the classifier is determined by its ability to reduce the probability of error
for all possible inputs, which is the main criterion for the quality of its work.

When training the classifier F, a data set consisting of objects belonging to previously known
Classes (3) is used:

D= {{xl_.}l }-' ey {xm,}"m}}i where ¥; EY = {_lF +l} (3)
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In the proposed method, face detection is performed as a sequential two-stage procedure. First,
the Viola—Jones algorithm processes each video frame and generates candidate face regions. Second,
the SVM classifier verifies every candidate region and rejects detections that do not correspond to a
face. The external camera calibration parameters are used to describe the fixed spatial relationship
between the camera and the driver and to support the interpretation of pose-related features. This
processing sequence is applied to every frame; the system does not switch between Viola—Jones and
SVM. In the proposed configuration, the SVM parameters can additionally be updated using high-
confidence pseudo-labeled samples obtained from the video stream.

When processing a video stream, the classifier settings were updated based on new frames.
This allowed the model to adapt to changed shooting conditions and maintained the stability of the
detection results. Examples of video frames obtained in normal and real road conditions are shown
in Figure 4.

Figure 4 — Video frames obtained under (a) controlled
and (b) real driving conditions

During the experiment, the camera position and orientation remained constant. Five experimental
factors were evaluated: the illumination level; the driver’s head rotation and tilt angles; the driver-to-
camera distance and the corresponding face scale in the frame; partial face occlusion; and the level
of video noise. The influence of these factors on face detection performance was analyzed under the
same experimental protocol. The main features used in the study are as follows:

— o, — angular deviation of the face along the X axis;

— a.— angular deviation of the face in the vertical plane;

— or.— the angle of inclination of the head relative to the frontal plane;

— L...— 1llumination level indicator;

— N,.—noise level in the image, where 0 means a perfect image, and 1 means a strongly distorted
image that is not recognizable.

To unify the calculations, all parameters were normalized in advance to an interval of 0-1. The
limit values were determined on the basis of experimental data. Since the face is not a completely
symmetrical object, the angles of rotation and inclination were calculated at absolute values. Such
normalization made it possible to directly compare the results obtained under different shooting
conditions.

The quality of face detection was primarily dependent on the initial detection stage. Errors that
occur at this stage also affect the result of the subsequent classification. Therefore, the influence
of external factors on the characteristics of the face image was considered separately, and their
relationship was described by Equation (4):

Q{ﬂ'} = {ﬂrb: a,, X, L:'?:H qu] (4)

Each image in the training and test sets was attributed to a specific class, and a corresponding
feature vector was created for it. This vector was used as input data in the later classification period.
The formal description of the data set is given in Equation (5):
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D = {Q {ﬂ'l }-' Q{ﬂ" }J weny Q{ﬂ::}} = {{gh'llgr'll IS‘Ts=r'|-' Lh‘t'll NGS'I }-' wany 1:Eri'?:l:l-' ﬂ””_, IQ'F”,_. Lht”_. NGS:I:I}} (5)

At the next stage, a parametric assessment of the training set was performed (6):

D= {{thi e Hh:z}i {avli e gv:z}i {azli e I:‘Tsr:'zjli}

{Lhtl_. .....Lh-tu }.l {Nﬂsj_.l"'.l Ngsu} (6)

Then a parametric analysis of the training set was carried out (6). The distribution of values for
each sign was calculated, and the most common value was taken as mode. Based on it, a vector of
generalized characteristics was obtained that characterize the training set. [ts mathematical expression
is given in Equation (7):

M."! = {Mghi MH:I.‘J MHFF-' MJ’-???'-' M.'u'nq} (7)

where Ma,,, Mar,,, Mar,, M, ;... M,;.. - each parameter on mode.
The MD vector summarizes the characteristics that are often found in sample images [11]. The
value of each parameter varies between predetermined minimum and maximum limits. This range is

shown in Equation (8)

{ma’n max,, }, '[ma':rlﬂp, ?rlaxﬁu},

Zht
Maax

min = '[ma':rlﬂz, ?rlaxﬁz}, (ming, . max,, ), (8)

(min,., maxy,.)

To ensure effective classification, the characteristics of the images used during the testing
phase must be within the permissible range defined by D, ;.. The experimental results showed
that face detection accuracy depended on the diversity of the training and test data. Changes in
illumination and in the position of the driver’s face relative to the fixed camera increased the number
of false detections. Therefore, the training dataset included video frames obtained under different
illumination conditions, head poses, driver-to-camera distances, and face positions, while the camera
itself remained fixed.

The effectiveness of the SVM classifier was evaluated individually. The analysis showed
that its performance depends not only on the size of the training set, but also on the variety of its
composition. In the training set, where images with different levels of illumination, shooting angle
and face position were included, the classification results were more stable. For this reason, when
collecting video materials, the external parameters of the camera were determined in advance and
special attention was paid to the variety of shooting conditions. Later, these materials were used to
train the classifier.

In the process of evaluating the proposed method, along with the detection accuracy, the
processing speed was also taken into account. Although convolutional neural networks were able
to show high accuracy, the requirement they placed on computing resources was quite high. For the
hardware platform used in the experiment, the use of such models did not allow stable operation in
real time. For this reason, it was decided that the use of classical computer vision methods is more
effective.

In the proposed model, the Viola—Jones algorithm performs the initial face detection stage, and
the SVM classifier re-checks the identified areas. Such a division made it possible to use the strengths
of each algorithm. The first provided processing speed, while the second reduced the number of
erroneous determinations in complex frames.

During the experiment, only one algorithm could not give the same result in all cases. Therefore,
the tasks of searching for a face and checking it were divided into two methods. First, Viola-Jones
outlined possible facial areas. Later, the same areas were re-evaluated by the SVM. Such an approach
did not require much additional calculation time, but the result of the determination was more stable.
The parameter vector Q(a) was calculated for each processed frame to characterize the current

288



KA3AKCTAH-BPUTAH TEXHUKAJIBIK
YHUBEPCUTETIHIH, XABAPIIBICHI Tom 23, Ne 3, 2026

illumination, head pose, and image-noise conditions. This vector was not used to switch between
the two algorithms. The Viola—Jones algorithm remained the candidate-region detector, while the
SVM remained the verification stage under all experimental conditions. When the predefined update
conditions were satisfied, high-confidence verified samples were used to incrementally update the
SVM parameters.

In the course of the work, no approach was used to fully retrain the model for each new data set.
Instead, the SVM classifier was adjusted in stages based on feature vectors derived from the new
video frames. This approach follows the incremental update principle and significantly reduces the
time required to retrain the model. As a result, incremental updating required less computation than
complete model retraining. However, the additional verification and updating procedures reduced the
overall processing speed of the proposed method to 22 FPS.

Manual marking for marking new frames was not carried out. Instead, the high—reliability
detection results were obtained from the original Viola-Jones algorithm. Such face areas were adopted
as a pseudo-label and then used when updating the SVM classifier.

If the detection reliability is higher than the predetermined threshold value, the corresponding
feature vectors were included in the training phase. And frames with insufficient reliability were not
involved in the process of updating the model. Such sampling reduced the accumulation of false
samples and made it possible to maintain the stability of the classifier.

During testing, the model parameters were not changed with each frame processed. The update
was performed only if the detection result was unstable or after a certain number of frames were
processed. This selective update strategy avoided retraining the classifier for every processed frame
and limited the additional computational overhead. Nevertheless, the complete proposed pipeline
operated at 22 FPS, compared with 24 FPS for Viola—Jones combined with a static SVM and 28 FPS
for the standalone Viola—Jones algorithm.

The computational complexity of the update algorithm was rated as O(n-d). Here n is the number
of new samples participating in the update, and d is the size of the feature vector. It was confirmed
during the experiment that this approach requires a much smaller computational resource compared
to full model retraining.

Before starting the experiment, the drivers who participated in the study were explained the
purpose of the work and the order of execution. Each participant gave their consent to the use of
videos in scientific research. Participation was completely voluntary.

In the processing of video materials, no data was used that allows you to identify an individual.
To analyze the results of the study, only the face area and the information necessary for the operation
of the algorithm were used. Therefore, the personal data of the participants were not included in the
published materials.

The collected videos were stored separately, and only the participants who participated in the
study had access to them. The data was not shared with other organizations or used for commercial
purposes.

The images obtained during the experiment were used only to test face detection algorithms.
When processing personal data, the current regulatory requirements were taken into account and the
confidentiality of information was maintained.

Results and discussion

At this stage of the experiment, the external parameters of the camera were determined. To
determine the external parameters of the camera, reference objects were used, the position in space
and geometric dimensions of which are known in advance [17-20]. As a result of the analysis of
the video recordings, the position and angles of rotation of the camera were calculated. Later, the
obtained parameters were used to more accurately determine the position of the face in space and
estimate its position.
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The CCTV camera vision system consists of the following main components:

1) the image structure is presented in the form of a rectangular pixel grid consisting of R rows
and C columns.

2) the camera works in a local coordinate system formed by the X .,¥., Z.. axes.

3) the camera is considered in the world (global) coordinate system,characterized by the axes
XY Z,.

Samples of video frames obtained by the camera are shown in Figure 5.

Figure 5 — Examples of driver-face frames captured by the fixed camera

The camera is characterized by an Optical Center Point (0, - f, 0) in the coordinate system, where
f is the focal length. According to the camera matrix, the Rc plane is located in the X.¥. plane, and
the £, axis indicates the optical direction of the camera [20].

The camera calibration process is based on determining the correspondence between points in
the image plane and the corresponding three-dimensional points in space. To solve this problem, the
€ model is used, which describes the relationship between three-dimensional points in the global
coordinate system and their projections into the image. This relationship is expressed taking into
account the arbitrary scaling factor S (9).

W
5*®T
e 9)
Lol :Cl} (
oe]-eels
1

The external parameters of the camera determine its position and orientation in space in the
world coordinate system. They consist of two main groups:
- translation vector (10):

t=[ee,t] (10)

- rotation matrix (11):
By Nz Tz O

R—|™1 T2 Ts 0
T3 Tz Tz 0 (11)
0 0 o0 1

The translation vector gives the position of the camera in the world coordinate system, and the
rotation matrix gives its orientation in space, that is, the direction of view. In turn, the matrix R is
expressed as the product of three elementary rotations performed along the coordinate axes (12):
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R= Ro.rRo:;Roz
1 0 0 0 cosp 0 sinf 0
_ |0 cosa —si 0 _ 0 1 0 0
Rozx = IO sina ccs)?;a 0 l‘R"y B lsinﬁ 0 cosp 0‘ (12)
0 0 0 1 0 0 0 1
cosy —siny 0 0
R - siny cosy 0 0
oz 0 0 1 0
0 0 0 1

The R . matrix describes the rotation around the 0, axis at an angle a. Similarly, the R ,,, matrix
describes the rotation around the O, axis at an angle B, and the R.. matrix describes the rotation
around the 0_ axis at an angle y. Accordingly, the values a,  and y determine the angles of rotation
performed around the axes 0.,., 0,., 0., respectively. These parameters describe the degree of rotation
of each axis in three-dimensional space.

The transition from the global coordinate system to the camera coordinate system is carried out
only on the basis of external parameters and reflects the change in the position and direction of the
camera in external space (13):

Ty Tz Ty e
TE = 7'::1 7::: '-'::g ty 1Y =T ¥
31 T2 T3 I |z
0 0 0 1 1 1

The TS conversion, which describes the transition from the global coordinate system to the
camera coordinate system, is reversible, that is, it allows you to accurately restore the original global
coordinates from the coordinates in the camera system (14):

(13)

Y = (TS, (14)

The structure of the transformation matrix TS is determined by creating a transformation (14).
This process consists of several sequential transformation stens. each of which plays an important
role in the formation of the camera model, and as a result, the G (15) camera model is determined:

T =TTE (15)

The external parameters of the camera were determined using the calibration methods described
in the works [21-28]. As a result of calibration, the position of the camera in space, the direction of
view and the main shooting parameters were calculated.

To clearly distinguish the evaluated configurations, three face detection methods were compared
under the same experimental conditions and using the same test data. The first configuration,
referred to as «Viola—Jones,» used only the standard Haar cascade detector with fixed parameters.
The second configuration, referred to as «Viola—Jones + SVM,» used the Viola—Jones algorithm
to generate candidate face regions and a previously trained static SVM classifier to verify these
regions. In this configuration, the SVM parameters were not updated during video processing, and
external camera calibration parameters were not incorporated into the detection procedure. The third
configuration, referred to as «the proposed method,» combined Viola—Jones candidate detection,
SVM-based verification, external camera calibration, and incremental SVM updating based on high-
confidence pseudo-labels obtained from the video stream. Thus, the proposed method differs from
the conventional Viola—Jones + SVM configuration through the additional use of camera calibration
and online learning.

The effectiveness of the method was assessed by Accuracy, Precision, Recall and the number of
frames processed per second (FPS). The results are presented in Table 1.
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The proposed method was compared with the classic Viola—Jones algorithm in the same video
format and in the same experimental conditions.

During the experiment, the method was evaluated under five experimental factors: variations
in illumination; driver head rotation and tilt; changes in the driver-to-camera distance and the
corresponding face scale; partial face occlusion; and video noise. The camera remained fixed in all
experimental scenarios.

For each case, the detection accuracy was calculated individually, and the obtained indicators
were compared among themselves. The results showed that the presented model works stably even
in complex shooting conditions and provides higher detection reliability compared to the classic
Viola-Jones algorithm.

Table 1 — Comparison of the performance indicators of face detection methods

Method Accuracy | Precision| Recall FPS
Viola—Jones baseline 0.82 0.79 0.76 28
Viola—Jones + static SVM 0.89 0.87 0.85 24
Proposed method: Viola—Jones + calibrated features + online SVM 0.91 0.91 0.90 22

Based on the corrected confusion matrix, the proposed method achieved an Accuracy of 0.9067,
a Precision of 0.9122, and a Recall of 0.9000. When rounded to two decimal places, these values
correspond to 0.91, 0.91, and 0.90, respectively. These recalculated indicators are consistent with the
corrected entries presented in Table 2.

The staged comparison presented in Table 1 demonstrates the effect of adding static SVM
verification to the Viola—Jones baseline and the combined effect of incorporating external camera
calibration and online SVM updating into the proposed method. The individual contributions of
camera calibration and online learning were not evaluated separately and will be investigated in
future ablation experiments.

At the end of the experiment, the results obtained were analyzed for several indicators. Along
with quantitative indicators, the features of the algorithm for processing video materials were also
analyzed. As a result of the comparison, there was a decrease in the number of false determinations
and an increase in the share of correctly identified faces. A similar trend was observed in all shooting
conditions provided for during the experiment.

Cases when the level of illumination changed were considered separately. Although the rotation
of the driver's head reduced the accuracy of detection, the use of the SVM classifier made it possible
to correctly identify the face in many frames. Especially this was clearly noticeable in video frames,
where the light fell unevenly or part of the face remained in the shade.

The proposed method improved the face detection indicators but introduced additional
computational overhead. The processing speed decreased from 28 FPS for the standalone Viola—
Jones algorithm to 24 FPS for Viola—Jones combined with a static SVM and to 22 FPS for the
proposed method. Thus, the complete proposed method was approximately 21.4% slower than the
standalone Viola—Jones baseline and approximately 8.3% slower than the static Viola—Jones + SVM
configuration. This reduction was not considered negligible; rather, it represents a trade-off between
detection reliability and processing speed. Nevertheless, the achieved speed of 22 FPS allowed
continuous real-time video processing in the tested system.

The error matrix presented in Table 2 characterizes the classification quality of the proposed
method. The results showed a decrease in false positive and false negative determinations. Compared
to the Viola-Jones algorithm, the presented model gave more stable results even when the lighting
and shooting conditions changed.
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Table 2 — Confusion matrix for the proposed face detection method evaluated on the 6,000-frame
test set

Actual class Face detected Face not detected
Face present 2700 300
Face absent 260 2740

The efficiency of the algorithms was evaluated on the basis of a matrix of classification errors.
The results presented in Table 2 showed a decrease in the number of false positive and false negative
determinations in the proposed method. Errors were most often observed when there was a sharp
change in lighting, a turn of the driver's head at a large angle relative to the camera, or partial closure
of the face.

Additional experiments were conducted to evaluate the face detection method under the five
experimental factors defined in the Materials and Methods section. These factors were varied
according to the same experimental protocol, and their influence on face detection performance was
analyzed. The position and orientation of the camera remained unchanged. The results obtained for
each case were compared and the influence of these factors on the accuracy of determination was
analyzed.

In order to reduce processing time, zones where movement was observed were marked in
advance. The face was not searched throughout the frame, but only in the areas of interest. Such
a solution reduced the amount of data being processed and reduced the processing time per frame.
Thanks to this, the system met the requirements for working in real time.

At the initial stage, only the possibilities of the Viola—Jones algorithm were studied. Under
normal shooting conditions, it showed a high processing speed, however, when there was not enough
light or the turning angle of the driver's head increased, the detection accuracy decreased. To reduce
these limitations, an SVM classifier was introduced into the system and used in conjunction with the
external calibration results of the camera. As a result, the quality of detection in complex frames has
improved and the number of false determinations has decreased.

The tests carried out supplemented the information given in the literature. The use of camera
calibration parameters in conjunction with the SVM classifier increased the algorithm's operational
stability and improved the quality of face detection in complex situations.

The results of the experiment confirmed that the developed model works stably under different
shooting conditions. The results obtained showed that this approach can be applied in real time in
driver monitoring systems. There is also the possibility of using it in intelligent transport systems and
other applications based on video analytics.

Conclusion

This study developed and experimentally evaluated an adaptive face detection method intended
as a preliminary component of driver state monitoring systems. The proposed method combines the
Viola—Jones algorithm for initial face-region detection with SVM-based verification, external camera
calibration, and incremental parameter updating using high-confidence detections as pseudo-labels.
This configuration was designed to maintain a low computational load while improving detection
reliability under variable shooting conditions.

The experimental evaluation was conducted using 18,000 video frames obtained from 12
recordings involving seven volunteers. The tests covered the five experimental factors defined in
the Materials and Methods section: illumination, driver head rotation and tilt, driver-to-camera
distance and the corresponding face scale, partial face occlusion, and video noise. Compared with
the standalone Viola—Jones algorithm and the Viola—Jones method combined with a conventional
SVM classifier, the integrated method demonstrated more reliable face detection under complex
conditions. It achieved a Precision of 0.91 and a Recall of 0.90 while processing 22 frames per
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second. Although this processing speed was lower than that of the standalone Viola—Jones algorithm,
it remained sufficient for real-time operation on hardware with limited computational resources.

The results demonstrate that the proposed method can provide reliable face localization as an
initial stage of a broader driver state monitoring system. However, the present study evaluates face
detection only and does not directly classify fatigue, drowsiness, eye state, gaze direction, or facial
expressions. Therefore, the reported results should be interpreted as evidence of improved face
detection performance rather than direct validation of driver fatigue recognition.

The limitations of the study include the relatively small number of participants, the use of a
non-public dataset, and the limited range of experimental scenarios. Future research will focus on
evaluation using larger and more diverse datasets, separate quantitative analysis of the contribution
of camera calibration and online learning, and integration of the proposed face detection method with
modules for eye-state, gaze, head-pose, and fatigue analysis.
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TEOPUSAIBIK-OSMIINPUKAIBIK TOCLI HETT3IH/E
PKYPT'I3YIII MOHUTOPUHTI KYWUECIHAE
BET-OJITIETTI AHBIKTAY/IbI MOJEJILJAEY

Angarna

Makanana KypriyuriHiH KyWiH MOHHUTOPHHITEY >JKYHelepiHIe KOJIaHbUIAThIH OeifHeaFbIHHAH OeTTi
AHBIKTAy CCHIMILTITIH apTThIPy Maceseci KapacThipbutazpl. JKyprizyini OeTiHIH CEHIMII JIOKAIU3aUsICHl KO3MIiH
KYHiH, Ke3Kapac OarbIThIH, 0ACTBIH KaJIIBIH JKOHE LIApIIay/blH KOPHEKI OenriiepiH KeHiHHEH Tajjiayra KaKeTTi
KOMITBIOTEPIIIK KOpYyAiH 0acTanksl Ke3eHI peTiHAe CHIaTTalabl. 3epTTEYIiH MaKcaThl — KO3FaJIMANTbIH, CHIPTKBI
napaMeTpIiepi ajiblH aja KaJuOpJIeHTeH KaMmepa apKbUIbl TYCIpy Ke3iHAE JKapbhIKTaHIBIPY >KarJaibl, OacThbH
KaJIIbl, KeCKIHIETI Iy IeHreii ykoHe OeTTiH imriHapa XaObUTy IJopelkeci e3repreH jKarmaiiia TYpaKThl KYMBIC
ICTEHTIH OeHiMaenTint OSTTI aHBIKTAY OIICIH d3IpJiCy YKOHE OHBI SKCIICPUMEHTTIK TYPFbIIaH Oarainay. ¥ ChIHBUIFaH
onic Buona—/I>xoHC anropuTmi apKbuibl OeT aiiMakTapblH OACTAIIKbl aHBIKTAY/Ibl, aHBIKTAJIFaH aiMakTapasl SVM-
KJ1acCH(UKaTOPBIHBIH KOMETIMEH TEeKCepyi, KaMepaHbl CHIPTKbI KAJIMOpIIey/li JKoHE CeHIMIIUTITT KOFaphl aHbIKTay
HOTIDKEJIEPIH TICEBAOOEINTIIEp peTiH/e Maiaanany apKbUIbl ITapaMeTpiiepii HHKPEMEHTTI JKaHapTy/b! OipikTipesi.
OJIiC JKeTi epiKTiHIH KaTBICYBIMEH OpPTYPIIi TYCipy KaFraaimapheiHa xKa3sUiFaH 12 OeitHexa30amnan anearad 18 000
KaJp HeriziHzme OaramaHapl. DKCIEPUMEHT HOTIDKeNepi OipikTipinren onicTiH 6a3ansik Buomxa—/oHc anroputmi-
MEH JKOHE OHBIH CTaTHKaIBIK SVM-Kiiaccu(prKaTopbIMEH TOJIBIKTBIPBUIFAH HYCKACHIMEH CaJIbICTBIPFaHIa OETTi
AHBIKTAY/IbIH aHAFYPJIBbIM )KOFapbl KOPCETKIIITEPIH KAMTaMachl3 €TETiHIH KOPCeTTi. ¥ ChIHBUIFAH 9JIIC CEKYH/IbIHA
22 xaap eHjey KbuIIaMmIbiFbiHAa Precision kepcerkimn Ooiibiamma 0,91, an Recall kepcerkimi Ooitbrama 0,90
HOTIDKETE KOJI JKETKi3/l. 3epTTey aschiH/Ia TeK OCTTi aHBIKTAy HOTHKEIepl OaraaH/Ibl; XKYPri3ylIiHiH MIapiiaybiH,
YUKBIIIBUIIBIFBIH, KO3iHIH KYHiH HEMece MHUMUKACHIH TIKeIeW JKIKTEY KYPTi3UIreH KOK. AJBIHFAH HOTIDKEIEp
YCBIHBUTFAH 9JIICTI HAKTHI YaKbIT PeXKUMIHAC )KYMBIC ICTEHTIH JXYPTri3yIli KYHiH MOHUTOPHHTTEY KYHECIHIH ecenTey
pecypcTapbliH a3 KaKeT eTeTiH 0acTaKbl KOMIOHEHTI peTiH/Ie KoNJaHyFa MYMKIH/IIK OEpeTiHIH KopCeTe/i.

Tyiiin cesnep: OeiiHeranaay, OSTTI aHBIKTAY, JKYPTi3ylliHI MOHUTOPHHITEY XYieci, KOMIBIOTEPIIK Kepy,
Oeitnearbin, Buona—/xonc anici, SVM-knaccudukaropsl, OeiiMaeeTiH aHbIKTay, KaMepaHbl KaJuOpIiey, HaKThl
YaKbITTarbl OHJIEY.
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MOAEJUPOBAHUE MOHUTOPUHI'A COCTOAHUSA BOAUTEJIA
HA OCHOBE TEOPETUKO-OSMIIUPUYECKOI'O TIOAXOJA

AHHOTAIHUA
B crarbe paccMarpuBaeTcs pobiieMa MOBBIIICHUS HAIEKHOCTH OOHAPYIKEHHS JIMIA B BUICOIIOTOKE, HCIOJb-
3yeMOM B CUCTEMax MOHHTOPHUHTA COCTOSTHUS BouTels. Hane)Hast ToKaInu3alus Jia BOAUTEIS PACCMATPHBACTCS
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KakK MpeBapUTENbHbIN 3Tall KOMITBIOTEPHOTO 3PEHHMs, HEOOXOANMBIH ISl ITOCIIEYIOIIEro aHaIn3a COCTOSHUS TU1a3,
HaIpaBJICHHs B3IVIs1Ia, MTOJIOKEHUS! TOJIOBBI M BU3YaJIbHBIX IPU3HAKOB yCTANOCTH. L{enblo uccienoBanus siBIsieTCs
pa3paboTka 1 SKCIIepUMEeHTaIbHAas OI[eHKA aalTHBHOTO METOa OOHAPYKEHHS JINIA, 00eCIIeYNBAIONIETO yCTOHIH-
BYIO pa0OTy PH U3MEHEHNH OCBEIIEHHS, OJIOKEHUS TOJIOBBI, YPOBHSI IIIyMa H300paKEHUsI M YaCTUYHOM 3aKPBITHH
JWLA B YCJIOBHUSAX HCIIOIB30BAHUS HETIOBIKHON KaMephl ¢ MPEIBAPUTEILHO BHIMOJHEHHON BHENIHEH KaanOpoOB-
koit. TIpemioskeHHBI MeTO 00BENMHSCT MepBOHAYAIbHOE O0HApY)KEHUE 00acTell JIMIa C MOMOIIBIO AITOPUTMA
Buonbi—/[)oHca, mpoBepky 0OHapy»)eHHbIX obnacteil nocpeacTBoM SVM-kiaccudukaropa, BHEIIHIOKW KalInOpOB-
Ky KaMepbl 1 HHKPEMEHTHOE OOHOBJICHHE [TapaMETPOB Ha OCHOBE PE3YJIbTAaTOB OOHAPYKEHUSI C BEICOKOW CTEIIEHBIO
JIOCTOBEPHOCTH, HCIOJIB3YyEMBbIX B Ka4eCTBE NICeBIOMETOK. MeTox oneHuBaics Ha Habope u3 18 000 Bumeokaapos,
MOJTyYEHHBIX U3 12 Buaeosamucell ¢ ydacTHeM CeMH JOOpPOBOJBLEB B PA3IMYHBIX YCIOBUSIX CHEMKH. DKCIECPH-
MEHTaJIbHBIE PE3yNbTaThl MOKa3allH, YTO MHTETPUPOBAHHBIM METO/ 00ecreunBacT Oonee BBICOKNE TTOKa3aTen 00-
Hapy>KeHHMs JIUIA 110 CPAaBHEHUIO ¢ 0a30BBIM alropuTMoM Bromb-/[oHca U ero KoOMOMHANKEH CO CTaTH4eCKUM
SVM-knaccuduxaropom. [pemnoxennstit meron noctur Precision 0,91 u Recall 0,90 npu ckopoctn 00paboTku
22 xazpa B CeKyHy. B uccienoBanum onieHUBaETCs TOJIBKO OOHAPYKEHHUE JINIIA; HETTOCPECTBEHHAS KilacCu(UKa-
LSl YCTAJIOCTH, COHJIMBOCTH, COCTOSIHUS IJ1a3 WJIM MAUMHUKHU BOIUTENSI HE BHINONHSUIACH. [loydeHHbIe pe3yabTarsl
TTOKA3bIBAIOT, YTO MPEUIOKEHHBII METO/I MOXKET HCIIOIB30BaThCS KaK MPeIBAPUTEIBHBIN MaJIOPECypCHBII KOMITO-
HEHT CHCTEMbI MOHUTOPHUHTA COCTOSIHHSI BOAWUTENS], PA0OTAIOIIEH B PEXKUME PEaTbHOTO BPEMEHH.

KuarwueBble cjioBa: BHUJICOaHAIMTHKA, 06Hapy>1<eH14e Jinia, CUCTEMa MOHUTOPHUHT'Aa BOAUTEIIA, KOMIIbIOTEPHOC

3peHune, BUJCONOTOK, MeTol Buonbsi—/[)onca, SVM-knaccudukarop, agantuBHoe oOHapyXeHHE, KaTuOpoBKa Ka-
Mepbl, 00paboTKa B pealbHOM BPEMEHH.
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