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Abstract
Fatigue driving represents a substantial and often unrecognized risk in traffic

accidents. A technique that may be employed involves the detection of open and closed eyes.
The research on open and closed eye identification use approaches based on haar cascade
and complete pixel analysis. Our proposed method employs an adaptive thresholding
technique is implemented right before total pixel process. The processing steps involve the
application of haar cascade, adaptive thresholding, fine-tuning of Gaussian Mixture Models
(GMM), and the calculation of the total pixel count in the image that is utilized to identify the
state of the eye using thresholding. The results from Fine-Tuning GMM thresholding for the
left and right eyes are as follows: MSE values of 7.02 and 7.96, and PSNR values of 39.24 and
39.21, respectively. The results derived from fine-tuning are comparable to those obtained
using Otsu's method.
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1. INTRODUCTION

The National Highway road Safety Administration indicates that in 2016, 37,461
people lost their lives and 3,144,000 were injured in 7,277,000 car accidents that occurred in
the US. About 20%-30% of accidents that occur on the road are caused by drivers who are
fatigued. So, sleepy drivers pose a serious and sinister threat to road accidents.

Systems for detecting fatigue in drivers, utilizing eye state analysis, have become a
significant area of research in recent years ! 2 Bl 41 The research to detect drowsiness
through the analysis of the eyes and face. Methods predominantly employ deep learning
techniques B! 1 1 visual features ), Viola-Jones and Haar cascade algorithms ! 1201 {211
facial texture descriptors 2, and Laplacian operations %!,

In our research will focus on the use of haar cascade. This research applies the haar
cascade approach in detecting and extracting eye from face. This project will employ an
alternative binarization procedure for open and closed eye identification compared to research
(141 This research aims to enhance perform of identify open and closed eye based on total pixel
through utilizing adaptive thresholding.
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Image thresholding is important for identification and segmentation object. The
establishment of an effective threshold algorithm significantly enhances the accuracy of object
detection®®®} ®1, The image binarization stage is a critical component in the pixel-based
detection of open or closed eyes, as the total pixel count is derived from the binary values of
the segmentation results 7). The research emphasizes enhancing segmentation quality through
the application of Gaussian Mixture Models (GMM).

GMM serves as a viable option in the image segmentation process through the
application of a clustering approach. GMM serves as a versatile method for both segmentation
(8 and classification ™. Certain studies "' % indicate that GMM, when applied in the
context of thresholds, yields satisfactory outcomes.

The critical aspect of GMM for segmentation lies in the effective tuning parameter %
Methods that can be employed through hyper-parameter tuning for enhancing the
efficiency of the model . In the context of segmentation, the application of fine-tuning
significantly enhances the performance of algorithms such as KNN 4, random forests 12,
This study will employ this fine-tuning method to optimize the GMM parameters effectively.

[22]

Our contribution to this research is the implementation of fine-tuning Gaussian Mixture
Models (GMM) to enhance the quality of picture binarization within the GMM technique,
specifically used to eye localization, hence facilitating the subsequent total pixel processing
stage effectively. This paper will be organized as follows: Session Il of the research
methodology will focus on data collection, followed by the proposed implementation of fine-
tuning Gaussian Mixture Models (GMM) in the eye image segmentation phase. Session Il
will present the results of this process along with the evaluation stage of the research proposal,
culminating in the conclusion in Section VII.

2. RESEARCH METHOD

As shown in Figure 1, the suggested approach includes many stages for strategic
thresholding in closed and open-eye detection. Initially, frame splitting is conducted on the
video dataset, followed by the grayscaling process. This is succeeded by the retrieval of the
eye ROI, then preprocessing with a Gaussian filter. Next, an adaptive threshold is applied to
extract the foreground of the eye image. The morphological process follows, and the final step
involves calculating the total pixels of the eye image. In the foreground of the eye image, a
morphological process is applied, and the final step involves calculating the total pixel count.

Input Real- Extact Video to Cravecal Cﬁ;ﬂ?ﬁ Clatmfletr
time video sequential frame SIAYSCAME Process cach Trame to gef

eye ROI
Binarization
Binary image Morphology process using
fine-tuning GMM
Threshold for . )
Sugpressing Counting total black Determining open/closed eye based
inaccurate label pixel on threshold percentage

Figure 1. Proposed method
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1. Video input occurs when the camera is pointed directly at the driver's object, resulting
in a video output when the recording procedure is completed.

2. Video to frame extraction process, every video capture process will be instantly
converted into frames so that it is easy to do image processing.

3. The Haar-like feature process is derived by computing the difference between the total
pixel values of the dark region and those of the light region. The specific haar feature to
be utilized is illustrated in Figure 2.

F(haar) = XFynite — ZFpiack (1)

Figure 2. Haar Feature types

4. Integral image process is transformation of the input pixels into a new picture
representation is a crucial part of the image processing pipeline. For a high-level
representation of the hand-calculation, see Figure 3.

Figure 3. lllustration of the integral image

5. Let gives the sample in pixel (A) in fig. 3, to get the value of the pixel (A) then can use
the formula (2). we illustrate how the integral image of the face works in fig. 4.
pixel (A) = L4_ + Ll - (Lz + L3) (2)

3171713 10]17)20
; 3 3 ; 142428

284756
2161615 376274

Citra Masukan
Figure 4. lllustration of the integral image and haar like feature in object
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7. Cascade classifiers are used to efficiently connect several features.
8. After getting eye ROI, Fine-Tuning GMM is used to perform the binary segmentation
process

a. ldentify the parameters of the Gaussian distribution within the mixture, specifically
2, 3, 4, and 5 as outlined in this study.

b. Parameter estimation utilizing Maximum Likelihood Estimation (MLE) iterated
with the EM algorithm for Gaussian Mixture Models (GMM) with Specify the
method employed to set the parameters at the outset.. K-means functions as a
variant of the Expectation Maximization (EM)[26]. Set the parameters for mean uj,
covariance Xj, and prior distribution 7tj utilizing k-means clustering.

c. Determine max iteration of 200 iterations. Each iteration do the process:

i. In the E-Step, the value of zij n equation (3) will be calculated with the
initialized parameter values.
P = P(y = j1xy) = - Dl PO @
(Xn) 2j— PGP (Xl

ii. In the maximization step (M-Step), the parameters will be updated. {uj, Xj,
j}
iii. Evaluate the log-likelihood function in equation (4) and It is important to verify
that the log-likelihood function and the parameter values are convergence.
nofE ) . (4)
L(m, pu, Ely) = z log Z—l/zexp (—5 (vi—uj) 7 i - .Uj))
i=1

j=1 2ma/2|z;|

d. Establish the threshold for assessing the convergence of the log-likelihood,
specifically: <0.0001.

e. Assess the Gaussian Mixture Model (GMM) by varying hyperparameters while
implementing cross-validation with a value of 3.

9. The outcomes of fine-tuning are subsequently incorporated into the GMM variables.
After that, do the morphology process using opening to get representation of shape
object.

10. Binarized image of GMM result is assigned a value designated as the threshold that is
determined by the total number of white pixels and black pixels. This study continues
to utilize the threshold value derived from GMM fine-tuning binarization results to
identify the optimal ROI eye location. Applying the criteria of more than 2200 white
pixels and more than 1500 black pixels for suppressing ROI that appears.

11. Ascertain the state of the eye as either closed or open by evaluating the percentage of
total black pixels against the specified threshold.

3. RESEARCH RESULTS AND DISCUSSION

This section presents the results of image thresholding utilizing Fine-tuning GMM. The
results are explained, commented upon, and a comparison is made between Fine-tuning GMM
and OTSU. the available video in this research is then extracted into 20 frames. All project
examined using python from macbook pro 2017 Intel Core I5 8 GB RAM. The video was
captured right inside the car.
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3.1. Haar Cascade Processing

Video comprises multiple frames, from which a specific frame is selected. The selected
frame is then converted into a grayscale image, facilitating the conversion of images into
binary form, thereby simplifying object detection within the image. The system will
subsequently detect the face using Haar “cascade. The system will identify the face within the
specified frame, subsequently crop the frame, and proceed to further processing.
Subsequently, the acquired frame will utilize Haar cascade for eye detection and perform
cropping accordingly. The Haar cascade used for eye detection is referred to as the eye
cascade. Fig. 5 shows the results after the eye extraction process using haar cascade.

Figure 5. extracted eye using haar cascade
3.2. Fine-Tuning GMM Process

The haar cascade results will identify regions deemed as noise. Typically, these noise
region are diminutive in scale. A Gaussian smoothing procedure is employed to eradicate
them. Gaussian smoothing, sometimes referred to as Gaussian blur, will obscure an
unnecessary area. Then perform the GMM Fine Tuning process and then finally closed by
using morphology opening. The result of Fine-Tuning GMM can be seen in fig. 6.

e o

Zsxl)

Figure 6. Fine-tuning GMM result

3.3. Implementation Threshold Value for Total Counts of white and Black Pixels

After Fine-tuning GMM processing result, It requires adjustment to optimize ROl by
establishing a threshold value for the total number of white and black pixels. This study
establishes a threshold of 2200 for total white pixels and 1500 for complete black pixels.

if tOtalwhitepiers > 2200 and totalb|ackpixe|s > 1500 then
if (totalpixels_nonZero / roi_eye_size) then
eye_state = “eye is open”
else
eye_state = “eye is closed”
else
output (“not detected”);
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Before doing the total pixel process, giving the threshold value of totalwniwpixels and
totalpiackpixets 1S Used to suppress the bounding box that appears on top of each other. Final
process is Determining whether the eye is closed or open using the percentage of the total
number of black pixels that appear. The final process of suppress bounding box and result of
total pixel can be seen in fig 7.

Figure 7. detection result using threshold to suppress bounding box

To evaluate the quality of the proposed threshold, one can utilize MSE and PSNR[27]
The proposed method will be compared with the OTSU threshold for each right and left eye
across the entire frame. MSE comparison between Fine-tuning GMM and OTSU can be seen
in table 1.

Table 1. Comparison of The MSE between FT-GMM and OTSU

Sequential LEE :
Erame Left Eye Right Eye

FT-GMM OTSU FT-GMM OoTSsuU

1 7,21 7,00 10,49 11,82

2 7,41 8,23 9,49 8,79

3 6,71 5,03 8,67 8,14

4 6,70 7,47 6,56 8,81

5 10,12 8,44 10,05 9,96

6 6,09 6,03 9,21 9,20

7 7,93 8,32 9,14 9,03

8 7,98 7,33 7,64 6,42

9 7,05 7,23 9,65 10,52

10 6,61 6,05 7,63 8,27

11 4,58 5.65 6,16 6,64

12 5,40 5,77 7,69 7,39

13 7,85 5,86 7,27 7,57
14 7,22 5,46 Undetected Undetected
15 6,68 5,61 Undetected Undetected

16 7,39 4,92 5,43 6,39

17 6,69 5,83 5,27 5,47

18 7,60 6,70 8,15 7,48

19 8,32 7,44 8,65 6,89

20 4,83 4,85 6,18 5,82

Average 7,02 6,50 7,96 8,03

The MSE parameter quantifies the standard deviation of the cumulative error between the
segmented image and the ground truth image. A lower MSE value indicates superior image
segmentation results. the average MSE value for the Fine-tuning GMM algorithm is 7.02 for
left eye and 7.96 for the right eye., whereas the MSE value for the FCM method is 6.50 and
8.03. This indicates that the Fine-tuning yields comparable quality to OTSU in the
segmentation process.
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Table 2. Comparison of The PSNR between FT-GMM and OTSU

Sequential = HRAGE :
Erame Left Eye Right Eye
FT-GMM OoTSsuU FT-GMM OoTSU
1 39,55 39,68 37,92 37,41
2 39,43 38,98 38,36 38,69
3 39,86 41,12 38,75 39,02
4 39,87 39,40 39,96 38,68
5 38,08 38,87 38,11 38,15
6 40,29 40,33 38,49 38,49
7 39,14 38,93 38,52 38,58
8 39,11 39,48 39,30 40,05
9 39,65 39,54 38,29 37,91
10 39,93 40,32 39,31 38,95
11 41,52 40.61 40,24 39,91
12 40,81 40,52 39,27 7,39
13 39,18 40,45 39,52 7,57
14 39,54 40,76 Undetected | Undetected
15 39,88 40,64 Undetected | Undetected
16 39,45 41,21 40,78 40.08
17 39,88 40,47 40,91 5,47
18 39,32 39,87 39,02 7,48
19 38,93 39,42 38,76 6,89
20 41,29 41,27 40,22 5,82
Average 39,74 40,07 39,21 39,17

To the contrary of MSE, the PSNR parameter determined the segmented image closer to the
ground truth image when its value increases and vice versa as shown in table 2. A lower PSNR
value indicates that the segmented image is of lower quality. The Fine-Tuning GMM method's
obtain 39.74 and 39.21 for average PSNR, then otsu method's value is 40.07 and 39.17. The
results demonstrate that the Fine-tuning and otsu approach achieves segmentation quality that
closely resembles the ground truth. The reason this research was compared with the Otsu
threshold, cause Otsu is recognized as the most effective method for thresholding[28].

Table 1 and Table 2 indicate that the developed system effectively detects open and
closed eyes, nevertheless, for certain frames in right eye, cannot be detected. It caused error
from haar cascade method. Haar cascade is failed to detect right eye in frame 14 and 15. The
error arising from the binarization process in this study is due to the similarity between
numerous background pixels and quality foreground pixels, resulting in suboptimal MSE and
PSNR outcomes for both the suggested approach and Otsu's method

4. CONCLUSION

This study concludes that employing fine-tuning GMM as a threshold approach yields
satisfactory results, with an average MSE and PSNR of 7.02 and 39.74 for the left eye, and
7.96 and 39.21 for the right eye for entire frame. The results obtained can be considered to be
equivalent to Otsu. Errors arise in specific frames due to the haar cascade method's inability to
detect eye location. The thresholding process established following the Fine-tuning GMM
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segmentation results effectively suppresses overlapping bounding boxes, ensuring that the
total pixel process focuses solely on the bounding boxes within the eye area.

5. SUGGESTED

For future research, it is suggested to use the development of other methods besides
GMM tuning, such as machine learning tuning such as K-Means, SOM, and others, as well as
with the use of deep learning in the case of binarization. Future research can also highlight
noise or lighting that can interfere with accuracy. In the evaluation, there appears to be a
failure of the haar cascade in frames 14 and 15, so it is necessary to review the development of
the haar cascade.
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