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Abstract: The paper presents a low-cost driver fatigue detection camera system for older car models that do not 

have built-in fatigue detection systems. Based on a review of current solutions and image processing methods for 

face and eye detection, the Viola-Jones method for face detection and the cascade regression for eye detection 

were selected to enable real-time detection via smartphones and avoid the high cost of traditional systems. The 

proposed system has been successfully tested with real-time video under laboratory conditions.  
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1 Introduction 

Due to technological advancement, road traffic is becoming safer in the last years. Still, 

many people are killed in road accidents every year. According to the National Highway 

Traffic Safety Administration (NHTSA), 697 people died in the U.S. in 2019 due to fatigued 

driving. In Germany, drowsiness behind the wheel is the cause of 25% of all freeway traffic 

accidents [1]. While fatigue detection systems are nearly always installed in newer cars, they 

may not be in older models. Costs of installing these kinds of assistance systems might be 

rather significant. The article reviews current systems for detecting driver fatigue, examines 

various approaches that can be used to identify fatigue, and gives a brief summary of image 

processing techniques which can be used to identify the driver's fatigue from theirs face and 

eyes.   

To better understand fatigue driving, we need to define the terms drowsiness and fatigue 

first. Considering their differences, both the words fatigue "tiredness" and drowsiness 

"sleepiness" are sometimes used synonymously. Tiredness is defined as the inability to do a 

certain activity caused by mental or physical labor, or due to the repetition of the same action 

over an extended period. On the other hand, drowsiness is defined as a desire to sleep which is 

triggered by a strong biological drive [2]. In this paper we will mostly use the term “fatigue”. 

The fatigue of the driver could be defined as a progressive decrease of awareness due to 

several subjective or environmental factors. The state of drowsiness leads to blurry vision and 

obscured consciousness, which is followed by sleep [1,2]. 

According to [3], the best way to prevent sleeping behind the steering wheel is to detect 

and prevent it in its early stages. There are many methods of drowsiness detection in the 

vehicle. Generally, the methods are classified in one of the following main areas: detection of 

physiological phenomena of the driver, detection of actions of a driver, detection of behavior 

of a driver, driver’s feedback, gathering data about driving style. Let us briefly introduce the 

most widely used fatigue detection methods. 
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Fatigue detection based on EEG [4]. Electroencephalogram is a physiological signal that 

is measured to determine if the person is drowsy or awake. The signal has several bandwidths, 

each representing state of awareness of the person. If the measured frequency falls within the 

bandwidth 4-8 Hz (state of drowsiness) or a lower threshold of the bandwidth 8-13 Hz (state 

of relaxation), the system alerts the driver. This method is extremely precise; however, its 

huge disadvantage is a cumbersome device to measure the EEG signal. 

Fatigue detection based on steering wheel movement [5]. This method detects the 

micro-reactions on steering wheel. In the awake state, the driver, always calculates the 

direction of the vehicle based on parameters of the road like its curvature, width, or the wear. 

Typically, the driver adjusts the ride with small, smooth movements of the steering wheel. 

When first signs of fatigue appear, the number of micro-reactions that adjust the flow of the 

ride starts to decrease. The fatigue detection system can detect this decrease and warn the 

driver; however, the method is too reliant on the properties of the road. 

Fatigue detection based on yawning detection [6, 7]. Yawning is one of visual signs of 

fatigue deforming geometrical properties of the mouth. To detect those deformations, it is 

necessary to search for the face, and extract key features from its area. This system is 

straightforward but cannot be relied on by itself and has often to be combined with other face 

recognition systems.  

Fatigue detection based on eye properties [8]. Other visual signs to detect fatigue are 

eyes closing and blinking frequency. Based on [9], the percentage of eyelid closure over the 

pupil over time (PERCLOS) is the most reliable and valid determination of a driver’s 

alertness level. At any moment, one of the following states can be assigned to the eyes: fully 

opened, partially opened, closed. Based on the duration of individual eyes states, the system 

can detect level of fatigue of the driver. Contrary to the previous methods, this one is 

sufficient on its own and does not need any cumbersome device, however, can be improved 

with other synergistically cooperating systems. 

Fatigue detection systems are often included in the extended car equipment, however, if 

not and the car owner to install it, the cost can be quite high, depending on the car 

manufacturer. For example, Škoda uses the fatigue detection system analysing the driver’s 

behavior based on steering wheel to determine the level of fatigue. A warning tone is 

activated if the steering wheel's handling deviates from the normal, because the driver usually 

needs minor angular displacements in the wheel's alignment. The cost of such a system is 54 € 

without installation, which is one of lowest prices for such device [10]. Volkswagen also 

detects angular changes of the steering wheel, but it does not rely solely on it, rather 

employing additional sensors that monitor pedal usage and lane deviations. Multiple sensors 

fusion greatly increases reliability of fatigue detections and decreases false 

positives/negatives. The cost of this system depends on car model but ranges around 135 €, 

however this system also includes some additional features [11]. There are also manufacturers 

who create products vehicle independent models. Such devices work as stand-alone, modular 

add-ons. One example of such a device is iVue Driver Fatigue System made by RVS. This 

system uses artificial intelligence based on face and feature recognition, to accurately monitor 

the driver, detect any signs of fatigue from theirs face and eyes. The system also comes with a 

mountable camera, but price hovers around 350€ [12].  

This article deals with the design of a simple low-cost fatigue detection assistant system 

based on face detection and facial features recognition. The article is organized as follows. In 

Section 2, principles and different approaches of face and eye detection are presented. Section 

3 provides the main result of the article – a low-cost assistance system implemented first on a 

Raspberry PI 3 B+, and on a smartphone, because the Raspberry PI 3 B+ performance was not 
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sufficient to run the proposed algorithm in real-time. In the last section, obtained results are 

analysed and possible improvements are discussed 

2 Overview of face and eyes detection methods 

To build a functional low-cost fatigue detection device, which would not require an 

extensive, advanced installation and could be used by almost everyone we have chosen the 

fatigue detection from eyes. This approach works best even independently without the need of 

additional subsystems, and according to [8] and [6] provides quite precise results.  

We have divided solution to this task into smaller subtasks. Firstly, we need to detect the 

face, this process needs to be fast enough, hence, the application has to run in real time. The 

area that holds most information about drowsiness on human face are the eyes, so next we 

need to focus on the eyes’ area. In next step, we have to decide if the eyes are opened, and to 

which extent. The last subtask includes processing of the gathered data from video feed and 

deciding if the driver is fatigued. 

Face detection can be carried out by an extensive amount of methods which can be divided 

into two main categories: feature-based and image-based. Feature-based methods detect faces 

in the image by extracting facial features like nose, mouth, or eyes subsequently using them to 

detect the human face. Image-based methods aim towards best matches between the testing 

and the training images [13, 14]. 

 

Fig. 1 Classification of face detection methods [13] 

 

As mentioned before, we need to detect facial features, namely the eyes, thus the focus will 

be on feature-based methods. For example, the Edge-based detection, as the name suggests, 

aims to identify edges in the image, because irises or lips appear darker compared to nearby 

areas. This allows the algorithm to find local minimums. According to [15], this method can 

be both simple and fast enough. Another method considered was motion-based. It tries to 

detect motion of an object on the video recording and extract the facial features by simple 

image overlaying and gathering differences. According to the method proposed in [16], facial 

features are extracted in linear, three-layered iteration process. Both above-mentioned 

methods are quite fast and simple but can prove inefficient in non-optimal circumstances. 

Methods based on feature analysis are more complex and advanced but are more resilient and 

robust. This type of detection leverages facial knowledge and removes the ambiguity created 

by low-level analysis; it applies the sequential feature search, based on the relative positions 

of individual facial features. The major facial features are identified, which allows the 

algorithm to ignore the less prevalent ones. Using these methods, the image processing is fast 
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because it does not require learning [13, 14]. For example in [16], the reference point on the 

face are eyes and their position. When the algorithm detects the eyes in binarized images, for 

every pair of eyes it tries to find a nose, mouth, and eyebrows. The Viola-Jones method [17, 

18] applied to detect faces in [16], is versatile enough to be used to find for any predefined 

object. The main advantage of the Viola-Jones algorithm is its robustness and possibility to 

detect objects in real time. To detect objects, this method uses Haar features, which is an area 

detector of characteristic features of given objects. It uses so-called Haar wavelets (flags); the 

values of a Haar wavelet e.g. defined by two rectangular areas, is calculated as the difference 

of the sum of the brightness values between the regions [14, 17]. Original collection of Haar 

features (Figure 2) was later expanded by flags which were rotated by 45° (Figure 3) which 

improved detections of the objects [17, 18].  

 

Fig. 2 Original set of Haar features [14]. 

 

Fig. 3 Extended set of Haar features [18] 

 

For a fast and simple calculation of Haar features, the Viola-Jones algorithm uses integral 

image (Equation 1), where ii(x,y) is the integral image and i(x’, y’) is the original image [17, 

18].  

𝑖𝑖(𝑥, 𝑦) = ∑ 𝑖(𝑥′, 𝑦′)

𝑥′≤𝑥,𝑦′≤𝑦

 (1) 

The sum of the values of all pixels that lie in the up and left directions is represented by 

position ii(x,y) in the image. Only three mathematical operations are needed to calculate the 

brightness of any part of the image. The sum of the individual positions (Figure 4) in the 

integral image A, B, C, D is defined by the following formula: 

𝑆Ʃ = 𝐴 − 𝐵 − 𝐶 + 𝐷 (2) 

 

Fig. 4 Sum in integral image [18]. 

The most common Haar symptoms include two types that can be used separately or 

combined. Local Binary Patterns, that are used for texture classification in the image, and 

Histogram of Oriented Gradients, that uses the method of edge-oriented gradients. It is 

assumed that only a fraction of all Haar features can be combined into an effective classifier. 
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For this reason, the AdaBoost algorithm is used to extract features and then learn a cascade 

classifier, which consists of several weak classifiers. This set of weak classifiers is 

sequentially arranged and boosted, which results in a high classification capability (Figure 5) 

[14], [17], [18]. 

 

Fig. 5 Cascade classifier [17]. 

The input of the classifier are readings of the individual Haar features. The output is a class 

representing the wanted object or a class representing its absence. To use this method, a 

training database is required, which contains thousands of images of a given object and 

images that do not contain the searched object. Algorithm AdaBoost defines the weights for 

each classifier during the training [14, 17, 18]. 

Neural networks are among the most precise methods to detect human faces from the 

images or video; however, the system must be pre-trained. The neural network can detect 

relations between images and thousands of repeats of this evaluation will resolve in high 

quality face detection neural network. You can also use this approach to distinguish between 

specific faces [13, 14]. The authors in [19] proposed a neural network based system that 

synergistically detects eye-openness and yawning achieving a 99% precision. In [20], the 

authors aimed to create a unique method for evaluating a driver's attention by studying 

respiration data. The quality signal classification algorithm and a Nested LOSOCV algorithm 

were used to select a proper model. The unique method, TEDD, was verified on a private 

dataset achieving accuracy of 96.6% which proves not only a great potential of using neural 

networks, but also shows that the respiratory signal analysis might be an efficient method for 

fatigue detection. 

To detect eyes from facial area, there are several possible methods available. The 

Constrained Local Model (CLM) method uses the face model that mostly learn from 

annotated shapes and local facial appearance information around detected landmarks. This 

method takes into consideration independent local appearance information around each 

landmark, which is easier to capture and more resilient to illumination and occlusion [21], 

[22]. The Active Appearance Models (AAM) methods are not using only information about 

shapes but consider appearance of a training data as well. To prevent the errors caused by 

global lightning, the appearance of a texture is first normalized. According to [23] the AAM 

method was simple in its nature, but caused lot of problems, for example low applicability in 

real-life situations and low robustness. Several enhancements have been proposed for the 

AAM method to increase its efficiency, such as the use of under-sampled textures, the 

adaptation of the regression matrix from the PCA projection of the texture to a lower 

dimension or optimizing the fitting process by inverse composition method [21, 22]. There are 

also methods based on regression directly learning mapping from the image appearance to 

location landmarks. Contrary to the AAM and CLM methods, it does not create any global 

facial model. We can classify regression methods into three main subcategories: direct 

regression (predicts facial landmarks in a single iteration), cascade regression (performs a 
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cascade prediction and usually requires initial positions of landmarks) and deep learning 

(derived from the direct or the cascade regressions) [21, 22, 24]. 

 

Fig. 6 Regression tree [24]. 

In [24], calculation-efficient method of cascade regression is introduced. Its focus was to 

train global regression model that can directly predict facial landmarks from image. The 

prediction was achieved by an ensemble of regression trees (Figure 6) which execute shape 

invariant feature selection while minimizing the same loss function during training as they 

intended to minimize at test time. A gradient boosting algorithm is implemented, too, which is 

susceptible to over-fitting. Over-fitting happens when a model does not generalize well from 

observed to unseen data [25]. Authors of [24] also stated that it is more effective to use 

several smaller cascade regressors than one huge cascade model. 

 

Fig. 7 Output of the cascade regression method [24]. 

The individual points detected by the Cascade regression method (Figure 7) represent 

facial landmarks defined by the numbers 1-64 as shown in Figure 8 [24]: 

• mouth 49-68 

• right eyebrow 23-27 

• left eyebrow 18-22 

• left eye 37-42 

• right eye 43-48 

• nose 28-36 

• facial contour 1-17 

Neural Networks (NN) are increasingly used in many fields: system modelling [26], 

machine vision [27] or face detection field [28, 29, 30]. They consist of interconnected 

network of nodes – neurons. Between the individual neurons, there are weighted connections, 

which helps the detection of features. In [28], a hierarchical face analysis method based on 

deep learning is proposed. The NN structure consists of four layers: a face detector, a face 

part detector, a face component detector, and a face component segmentation. In [29] authors 
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created a three-layered cascade of deep neural network to detect facial landmarks. The 

method uses a set of convolution networks on each layer. The first layer provides a rough 

estimate of face position, the other layers refine this estimate to enhance the precision of 

detection. The recurrent neural network was used in [30]. The Long Short Term memory 

architecture was used to get set point, and the estimate was refined with a set of two parallel 

networks. The above-mentioned methods do have better results than the CLM, AAM or 

regression methods, but they also require much (often tens or hundreds of times) more 

training data and training time [21, 22].  

 
Fig. 8 Facial landmarks [24]. 

3 Development of a fatigue detection system 

In this Section, an affordable device for driver fatigue detection is proposed. The suitable 

hardware and method of feature recognition is chosen, as well as software platform to develop 

the proposed application.  

Considering the above-described image recognition methods and possible options of their 

implementation on a low-cost device, we decided that the easiest and most cost-effective way 

of implementation is to use webcam, because it does not require extensive installation 

compared to other methods that require one or more sensors. 

As for the facial feature detection, from possible options (monitoring eyes, yawning or 

head tilt) eye monitoring is by far the most precise [9].  

The system was algorithm was implementer in the Python programming language, and 

PyCharm integrated development environment. The library that provides most of the tools for 

image processing is OPENCV. 

The solution was realized in two stages [24]: 

1. Development of an algorithm for fatigue detection 

2. Implementation of the algorithm on a suitable and affordable device 

 

3.1  Development of the fatigue detection algorithm 

To download the input image from the camera, the VideoCapture function from the 

OPENCV library was used. Next, using the cvtColor function, the image was transformed 

into a gray-scale. To detect the face from the image, the Viola-Jones method was applied, 

implemented in OPENCV library. The reasons why we decided to use the Viola-Jones 

method were the real-time face detection, robustness, and speed. This algorithm requires a 
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pre-trained face classifier at the input, which is also available in the library. Using the 

CascadeClassifier() function, the required classifier was loaded. For the actual 

implementation of the algorithm, the function called face_cascade.detectMultiScale() was 

used, where the processed gray-scale image is the input attribute. The output of the algorithm 

are the x, y, w, h values, where x represents the initial x -coordinate of the face, y represents 

the initial y-coordinate of the face in the image, the values w and h represent the width and 

height of the detected face. 

To detect the eyes, we applied the approach presented in [20] which provides high-

precision facial landmarks detection. Next, it was necessary to train the landmark detection 

model. Not all facial landmarks were to be detected, to reduce calculation time we decided to 

train the model only to detect eyes. The training was carried out using data from the free open 

iUG-300W database, which includes annotated human faces. Every image has assigned a 

corresponding XML file containing 68 facial landmarks points (Figure 8). To increase the 

speed of image processing and detection of desired facial landmarks. Using a simple script, 

each XML file was modified by erasing unnecessary points not related to eyes. Thus, just 12 

facial landmarks are needed for each image, 6 for each eye. Then, we divided the database 

into two parts: a testing batch, which contained 1008 images, and a training batch, which 

contained 7674 images. 

The XML file contained three branches: 

1. <image> - path to the image 

2. <box> - quadrilateral that defines the face. 

• top – represents initial coordinate Y. 

• left – represents initial coordinate X. 

• width – represents the width of the quadrilateral. 

• height – represents the height of the quadrilateral. 

3. <branch> - represents the facial landmark. 

• name – represents the ID number of the landmark. 

• X – represents the X coordinate of the landmark. 

• Y – represents the Y coordinate of the landmark. 

Model training was performed by the Dlib Python library with the function 

dlib.train_shape_predictor()with the inputs: the training database, the output file, and the 

additional training setup. Following options were chosen: 

 

• options.tree_depth = 4: Smaller tree_depth values will lead to shallower trees, which 

are faster but potentially less accurate; larger values produce deeper, slower but 

potentially more accurate trees. 

• options.nu = 0.1: floating point value ranging within <0, 1> used as a regularization 

parameter. 

• options.cascade_depth = 15: this value represents the depth of the cascades; the more 

cascades the better the accuracy, but on the other hand a larger model is obtained. 

• options.feature_pool_size = 400: the number of pixels used to generate the features 

for the random trees in each cascade. 

• options.num_test_splits = 50: this value has an impact on the training length of the 

model. 

• options.be_verbose = True: command to dump the training status.  
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• options.num_threads = multiprocessing.cpu_count(): the number of processor cores 

the PC has available. 

In the training process some issues may be encountered. In our case, it was RAM memory 

overload due to the amount of processed data. We resolved it by enabling the RAM swapping 

if overloaded. After the training was completed, we tested the model and eye detection from 

the image; the achieved error rate 7,5%, was considered sufficient.  

The proposed procedure evaluates data from the image and estimates the fatigue of the 

driver depending on the eye-opening rate. Six landmarks correlating with every eye were 

detected, thus the Euclidean distance between the A and B points can be calculated as 

follows: 

𝑑(𝐴,𝐵) = √(𝐴𝑥 − 𝐵𝑥)2 + (𝐴𝑦 − 𝐵𝑦)
2
 (3) 

where 𝑑(𝐴,𝐵) is the distance and 𝐴𝑥 and 𝐵𝑥 are x coordinates and 𝐴𝑦 and 𝐵𝑦 are y coordinates 

of the points, respectively (Figure 9).  

 

 
Fig. 9 Euclidean distance calculation example. 

This scenario works for two points, however, to find out to which extent the eyes are 

opened we need to calculate the width/height ratio (eyes open rate, EOR) of the landmarks 

delineating the eye (Figure 10): 

 

 

Fig. 10 Facial landmarks outlining the eye. 

𝐸𝑂𝑅 =

‖√(𝑝2𝑥 − 𝑝6𝑥)2 + (𝑝2𝑦 − 𝑝6𝑦)
2

+ (𝑝3𝑥 − 𝑝5𝑥)2 + (𝑝3𝑦 − 𝑝5𝑦)
2

‖

2 ‖(𝑝1𝑥 − 𝑝4𝑥)2 + (𝑝1𝑦 − 𝑝4𝑦)
2

‖
 

(4) 

where p are respective eye landmarks (points). The logic of the system is depicted by the flow 

chart in Figure 11. 
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Fig. 11 Flow chart of the fatigue detection assistant system. 

 

If we want this system to be applicable in real life, it has to operate in a real-time and be 

compact enough to fit into a car without obscuring the drivers’ field of vision nor impacting 

the comfort of the ride.  

Our first experiment was with Raspberry PI 3 B+, because it runs with Linux OS, 

supports Python, OPENCV, and the Dlib is compatible with Raspberry Pi. The drawback is 

that the board does not come with embedded video recording device. We decided to use the 

external webcam Creative Live! Cam Sync HD connected by USB. Firstly, we used SD 

Card to install the Raspberry Pi operating system and required libraries. Afterwards, the tested 

the prepared application and found out that the above chosen hardware was not sufficient to 

operate in a real-time and the frames per seconds were only reaching 2 FPS. There are three 

possibilities to deal with this issue: optimizing the code (it is questionable if the speed boos 

would be sufficient), selecting different algorithm (this move would require lot of additional 

research and time), or find more powerful and still affordable device to run proposed 

algorithm. 

We decided to explore the latter option, because that way most of the codebase could be 

preserved. After examining other low-cost options, we concluded that a smartphone is quite 

powerful device that nearly everyone carries with and hence is available any time. To develop 

an application for the most widespread mobile operating system – Android, we had to resolve 

compatibility issues, because the application was created in Python. As the Android Studio 

with Android Native Development Kit (NDK) supports programming languages as Java, 

Kotlin and C++, the main remaining issue was the library support. The OPENCV is supported 

by Android applications, but the Dlib not. The substitution tool that satisfied our requirements 

was Chaqupoy.  

The solution with the Android-based smartphone achieved a speed about 7 FPS. 

Performance of individual setups (Smartphone vs Raspberry Pi + additional camera) is 

compared in Table 1.  

 

 

Table 1. Comparison of performance. 

 
Samsung Galaxy A20e 

A202F Dual SIM 
Raspberry Pi 3 B+ 

Creative Live! Cam 

Sync HD 

Camera 8 Mpx  2.1Mpx 

RAM 3GB 1GB  

Processor 
Samsung Exynos 7884 8-

core, 1.6 GHz 

Broadcom Quad-Core 

BCM2837B0, 4 cores, 1.4 GHz 
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Fig. 12 Outputs of an application: (a) Eyes not detected; (b) EOR>0.2; (c) EOR<0.2; (d) 

Drowsiness detected. 

 

We tested the system on the Samsung Galaxy A20e A202F Dual SIM device. The workflow 

was similar to previous steps (image preprocessing, face detection, eye detection, data 

processing).  

Based on the EOR, the eye closure is classified into four states (Figure 12.): 

• State 1 - Eyes not detected. 

• State 2 - EOR > 0.2. 

• State 3 - EOR < 0.2. 

• State 4 – Drowsiness detected. 

The EOR level is written also in the top left corner of the image on the screen. If the State 

3 is persisting for an excessive amount of time, the system switches to State 4 sending visual 

and sound warning and evaluates the situation as dangerous. 

 

DISCUSSION 

The article addresses design and implementation of a simple, low-cost, on-board driver 

assistance system for driving fatigue detection. Ease of use, availability and affordability of 

the device were the main criteria which a smartphone meets the best. So, the system was 

developed as an Android application. The developed application employs the Viola-Jones 

method for feature detection and the cascade regression to monitor the EOR of the driver. 

Evaluating the monitored data in real time, the system can detect increase in fatigue and warn 

the driver of a dangerous situation about their condition. The application was so far 

successfully tested in laboratory conditions and testing in the real-life conditions is also 

planned for future. 

The designed driver fatigue detection assistance system uses a trained model for eye 

detection from a camera image. The trained model was successfully tested on 1008 test 
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images, achieving a 7.5% error rate of the eye area detection. The actual testing of the 

assistance system was performed using an Android device. For an input image resolution of 

320x240 we achieved an average of 7 processed frames per second. Testing the system on a 

real-time video using another Android device (One plus 6T), we achieved even a higher speed 

at an average of 10 processed frames per second for the same input image resolution. This 

proves that the developed application is usable on a wider selection of Android smartphones. 

Future research will focus on improving reliability by further testing the app in different cars 

and on different devices (smartphones).  
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