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Automatic lane detection for driver assistance is a significant component in
developing advanced driver assistance systems and high-level application
frameworks since it contributes to driver and pedestrian safety on roads and
highways. However, due to several limitations that lane detection systems
must rectify, such as the uncertainties of lane patterns, perspective
consequences, limited visibility of lane lines, dark spots, complex
background, illuminance, and light reflections, it remains a challenging task.
The proposed method employs vision-based technologies to determine the
lane boundary lines. We devised a system for correctly identifying lane lines
on a homogeneous road surface. Lane line detection relies heavily on the
gradient and hue lightness saturation (HLS) thresholding which detects the
lane line in binary images. The lanes are shown, and a sliding window
searching method is used to estimate the color lane. The proposed system
achieved 96% accuracy in detecting lane lines on the different roads, and its
performance was assessed using data from several road image databases

under various illumination circumstances.
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1. INTRODUCTION

Driver error or a delayed reaction time are responsible for more than 70% of documented traffic
accidents in Great Britain [1]. In order to prevent road accidents and promote safe driving, a number of
researchers are currently creating intelligent vehicles. In recent years along with autonomous vehicles,
computer vision has been introduced in several places, such as fraud detection [2], forensic system [3], home
security systems [4], [5] accident findings [6]. As a consequence of technological developments, various
mechanisms have been created to inform drivers of potential lane departures or accidents, lane layout, and the
placement of additional vehicles in ways. Because of the significant signals it displays in the surroundings of
intelligent vehicles, lane detection on the roadways has become a crucial challenge. When the input image
becomes noisy due to environmental instability, locating the lane lines becomes harder.

Sensors, cameras, and lidar have been used in recent lane detecting experiments. Chen et al. [7]
suggested a multi-sensor lane-keeping system that developed road surface lanes using a roadmap and a global
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positioning system (GPS) receiver. The authors implemented a model for detecting lanes in a real-time
environment by combining lidar with multiple cameras. One of the primary advantages of these systems is
that the lidar or sensors take data directly from the environment, and the modules are not weather-dependent.
However, GPS sensitivity is only ten to fifteen meters, and lidar prices are high, which are essential
drawbacks of the techniques.

Such cameras capable of acquiring an image in any direction have become increasingly common as
computer vision-based technologies have received considerable attention. On the Caltech lane data, the
approaches mentioned in [8] produced the desired results in terms of vision-based analysis. They focused on
creating algorithms that could recognize three-lane intersections. Inverse perspective mapping (IPM)
eliminates the perspective effect, image filtering reduces noise by constructing candidate lanes, and lane
model fitting locates lines on road pictures. Furthermore, this technique prioritizes model fitting above
system stability and efficiency. In terms of recognizing lanes that are not entirely visible, the solutions
provided thus far have several limitations. Specific solutions rely on edge detection [9], which is hampered
by the lane-like noise caused by light reflection. Furthermore, the color-based approaches presented in [10]
worked effectively when the light changed fast. While optical flow may address some of the issues raised by
the other techniques [11], it is computationally demanding and unlikely to function on the road with no
texture.

In addition, using the vanishing point theory, several techniques for lane identification on roadways
have been developed. Li et al. [12] used Gabor filters with texture inversion to identify lanes. They employed
an adaptive soft voting approach to estimate a vanishing point and represent the texture orientation’s
confidence rating. Khac et al. [13] proposed a technique for evaluating the efficacy of lane identification on
both structured and unstructured roadways based on a vanishing point estimate. One of these methodologies’
significant flaws is that when the vanishing point’s position changes, the vanishing point cannot be accurately
predicted. Many computer vision experiments on lane detection have been proposed in recent years. Several
organizations have put much work into developing an effective lane detection and turn tracking system. The
research that has been done in this area has been discussed in the following section.

Jiao et al. [14] created a real-time lane identification system based on a region of interest (ROI) that
can function in noisy conditions and react quickly. A Kalman filter and a least-squares approximation of
linear movement were used to track lines. The technology recognizes and tracks the lanes. Fan and Dahnoun
[15] introduced a lane detection and classification system based on the stereo vision idea, which is used in
advanced driver assistance systems (ADAS). They developed a model that leveraged the concept of ROI to
detect lanes and a convolution neural network (CNN) trained on the KITTI dataset to classify lanes as right
or left. However, the algorithm could not discern the lanes due to noise in the disparity output.

To construct a lane detection and warning system, Wu et al. [16] specified an area of interest (ROI)
in the neighborhood of the vehicle. Extracting the gradients and angles of ROI image pixels, the ROI is
divided into non-overlapping portions, generating two essential masks, and making the computation process
easier. The departure system is built based on the lane detection results, and four different driving conditions
are created. According to the testing results, the average rate of lane detection is 96.12%, while the average
rate of departure warning is 98.60%. On the other hand, the computation of the vertical and lateral gradients
takes much time.

Youjin et al. [17] proposed a lane detecting method based on vanishing point estimation. The
algorithm then identified the vanishing positions of the lane segments using a statistical voting technique.
The actual lane segments were chosen by altering the vanishing point and line direction parameters. A
real-time inter-frame similarities technique for estimating the lane detection rate was also designed,
significantly reducing the false detection rate. A real-time evaluation technique was proposed due to the
absence of expressive fluctuation in the lane geometry parameters. The method, however, cannot be used on
streets with unusual forms.

In a large number of curving lanes, Cho et al. [18] created a technique for identifying vanishing
points. The method assumes the vanishing point in non-flat roadway conditions by combining disparity data
with a lane marking scheme. It is feasible to minimize unnecessary information about obstructions by
comparing the actual and fitted dispersion values. Outliers also have an impact on the prediction of vanishing
points (PVP) estimate using the least squares method. False detection can sometimes occur due to choosing a
plus-minus peak value.

Zhang et al. [19] created a lane marking system based on binary blob analysis. The method uses
vanishing point detection and IPM to minimize the roadways’ perspective impact; the methodologies of
binary blob filtering and blob verification are explored to improve the lane detection strategy’s efficacy.
According to the platform’s results, the multi-lane dataset has an average detection performance of 97.7%.
However, in a real-time environment, the method did not work smoothly.
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Das et al. [20] mentioned a lane-marking system that relies on spatiotemporal images collected
during video playback. Pixels mined along a horizontal scan line with a fixed position in each frame and a
time axis are combined to create the spatiotemporal view. The Hough transform is applied to the accumulated
pictures to identify lanes. The technique is incredibly successful for noise sources that are only present for a
small space of time, such as misplaced lanes or vehicle obstructions. The system was more efficient and had
a greater detection rate in terms of processing. Ying and Li [21] suggested a lane detection method based on
IPM. The input picture is converted to a binary image using the adaptive threshold approach, and the lane
marker candidates are chosen using predetermined lane templates. Random sample consensus (RANSAC)
was employed to reduce outliers, while the Kalman filter was utilized to track lanes on road surfaces.

Using the ridge feature and IPM, Fritsch et al. [22] established a model for detecting multiple lanes.
The restored features contain four local maxima since the same lane is distributed with a few changes across
the x-axis in the IPM picture. By aggregating the lane attributes at each indigenous supreme point, clustering-
based techniques are applied to find lanes.

We presented a computer vision-based approach for effectively distinguishing lanes in any
surrounding environment in this experiment. For lane detection, we generally employed gradient and hue
lightness saturation (HLS) thresholding values. After thresholding, a perspective transform was used to
assure correct mapping. The remainder of the essay is divided into the following sections: the method of the
suggested lane-detecting approach is shown and explained in section 2. The experimental findings are shown
in section 3 using input and output. The paper concludes with its limitations, accuracy rate and future works
in section 4.

2. METHOD

The proposed lane-detection approach is shown and explained in this section. Figure 1 depicts the
whole operation of the proposed system. The proposed technique is divided into seven main blocks, they are
input image, image pre-processing, cropping, thresholding, perspective transform, sliding window search and
the lane line illustration. The proposed system has used 975 images from the various roads as datasets in
different road structures, various light illuminations, and weather conditions [23]. Each level is fully
described in the section with proper mathematical equations and diagrams.

Thresholding
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: Thresholding |
| |
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Pre- Cropped Combined I Perspective
Input Image Processing Image | Thresholding Transform
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Figure 1. Diagrammatic representation of the suggested method for lane detection

2.1. Preprocessing

For effective lane line marking, preprocessing is necessary. The main goals of preprocessing are to
improve contrast, remove noise, and create an edge image for the related input images. A crisp picture
restores line straightness, making lane limits easier to perceive. A noticeable separation can be seen between
the twisted and undistorted photos. Straight lines have taken the place of curved lines. OpenCV is used to
determine the camera matrices and distortion factors for chessboard pictures. It is possible to extract the
image’s corners and utilize that data to fix the distortion. In the last example, we used 2D coordinates, but in
this one, we will use 3D coordinates (with the z-axis or depth equal to zero for our chessboard images).
Using these maps, one may be able to learn how to remove distortion more precisely from images. When the
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lane detection system gets input images, it performs preprocessing stages as shown in Figure 2, in
Figures 2(a) and 2(b) shows the checkers’ board with the preprocessing and Figures 2(c) and 2(d) shows the
preprocessing stage with one of the input images.

) (b) ) (d)

Figure 2. The preprocessing part of the lane detection system: (a) checkers’ board with distortions,
(b) chesshoard with no distortions, (¢) main image, and (d) the main image no distortions

2.2. Cropped image

Cropping is a technique for eliminating unwanted areas from an image. We just need to concentrate
on the regions where lanes are likely to be detected when selecting lane lines. As a result, the cropping step is
completed, and subsequent image processing is limited to the predetermined portions of the picture.
Figures 3(a)-3(b) shows a cropped picture with a focus on the lanes. Figure 3(b) shows a cropped picture that
highlights a specific region of the lanes from Figure 3(a), the preprocessed input image. The picture has been
reduced in size. This enhances the performance of the process.

Figure 3. Cropped image with a focus on the lanes: (a) the main image with no distortions and
(b) cropped image

2.3. Thresholding

Thresholding [24] is a typical image segmentation technique. This is a technique of segmenting
images that involves converting grayscale images to binary images and then separating image elements. For
images with a high contrast stage, image thresholding is especially well suited.

T =Tla,b,p(a,b),f(a,b)] @)

Where T stands for the threshold value, (a, b) for the threshold value’s positional coordinates, and p (a, b)
and f (a, b) for the grayscale picture pixels (a, b).

The Sobel operator uses two 3x3 gradient Karnal which are convolved with the original image to
calculate approximations of the derivatives — one for horizontal changes (x axis), and one for vertical (y axis)
[25]. Because the lane lines are almost certainly vertical, the y-axis slope is given additional weight. Scaling
correctly necessitates taking into account both total and normalized slope values. There are a few algorithms
along with the Sobel filter, such as the canny edge detector, Robert operator, Prewitt operator, and Laplacian
of Gaussian algorithm helps to find out the edge of the input image. The Laplacian of Gaussian is very
sensitive to noise and could decrease the accuracy of the proposed system. The canny edge technique has
good localization, and it extracts image features without altering the image features, but it is also responsive
to image noise due to illumination and false zero crossing [26]. However, using the Sobel method it is very
easy to find the smooth edge on the image and using the gradient threshold value enhances the accuracy of its
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edge detection method. Figure 4 shows the result of using the gradient threshold method where Figure 4(a)
shows the cropped image.

When the color of the road is either too bright or too light, the HLS color channel [20], [25] is
performed to compensate. The threshold of the L (lightness) channel works by decreasing the number of
frame borders produced by shadows. The S (saturation) channel’s threshold rises, allowing white and yellow
lanes to be included. H is pointing in the direction of the line’s color (hue). The result of using gradient
thresholding is shown in Figure 4(b) and HLS thresholding is shown in Figure 4(c). For the final binary
picture thresholding, we integrated gradient and HLS (color) thresholding in a single phase, which
considerably enhances the overall outcome of the lane identification process. Figures 5(a) and 5(b) show the
gradient threshold and HLS threshold, and Figure 5(c) illustrates the combined effect of gradient and HLS
thresholding were.

Figure 4. The cropped image subject to a threshold: (a) cropped portion of input image (b) gradient
thresholding part of input image, and (c) HLS thresholding

Figure 5. The use of (a) gradient threshold, (b) HLS threshold, and (c) combination of gradient and HLS
threshold to find lanes in a binary image

2.4. Perspective transform

A mathematical process called the perspective transformation [27] turns a three-dimensional picture
of the world into a two-dimensional representation. Although undistortion and thresholding assist hide
critical information, we may isolate it even further by studying a section of the road surface images. We shift
our viewpoint to the appropriate downward perspective for the street to concentrate the image on the road
segment. While this step provides no more information, it substantially simplifies the process of dividing lane
lines and considering things like curvature. The combined thresholding picture’s perspective transform is
demonstrated in Figure 6. In Figures 6(a) and 6(b), the combined threshold and perspective transform is shown.
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2.5. Search image via sliding window

Since the lane lines were initially anticipated in a previous frame, the information is applied to
detect and track lane lines from the bottom to the top of the picture in a sliding window centered on the line
centers [28]. Figure 7(a) shows the perspective transform of the input image, and Figure 7(b) shows the
outcome of the sliding window search. This enables us to conduct a highly focused search while reducing
execution time is significant. We utilize their x and y pixel coordinates to fit a second-order polynomials
model to identify the pixels along the left and right lane lines:

fO)=ay*+by+c=0 )

where f(y) is used instead of f(x) because the lane lines in the warped image are almost vertical and may have
the same x value for many y values.

/N

@ (b)

Figure 6. The use of the perspective transforms option (a) combined threshold and (b) perspective transform
to see the road from the best possible viewpoint

(@ )

Figure 7. The use of sliding window search technigue to identify the basic stage of lanes: (a) perspective
transform image and (b) image search using a sliding window with perspective transformation

2.6. lllustrate lane

From a top-down perspective, the lane lines are plainly visible. The lane lines are discovered by
using a sliding window search method. The green boxes correlate to the different colored lane lines seen in
the panes. To match the lines, windows re-center themselves at the regular image pixel. The dark lines in the
original picture will be relocated to their original places. In Figure 8(a), the sliding window search image and
Figure 8(b), the depicted lanes of the sliding window search image.

To conform towards the representation of lane lines, the picture is twisted and cropped. A
transformation matrix operation of 3x3 was used to distort the image. After the alteration, straight lines will
remain that way. Select four places on the input picture and their corresponding points on the output image to
view the transformation matrix. Three of the four requirements should contradict each other. Cropping the
photos is crucial because we only need to concentrate on locations where lanes are likely to exist while
figuring out how to find them. The lane illustration shown in Figure 9(a). The distorted and cropped image’s
outcome is shown in Figure 9(b).

Finally, we combine all this information and overlay it on top of the original image. The lane
marked region is in the green-colored area. While this pipeline is designed to analyze a single image, it can
easily be expanded to scan multiple images to detect the lane lines on the road surface. Cropped and warped
picture shown in Figure 10(a). Figure 10(b) depicts the proposed lane-detecting system’s final output.
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YiA

(b) (b)
Figure 8. lllustration of the lane using the sliding Figure 9. The displayed lane image has been warped
window search picture: (a) sliding window search and cropped: (a) lane illustration and (b) cropped and
image and (b) lanes were illustrated warped version of the preceding image
(a) (b)

Figure 10. Lane detection’s ultimate result: (a) cropped and warped picture and (b) lane detection

3. ANALYSIS OF EXPERIMENTAL RESULTS
3.1. Setup for experiments

The system setup is a vital part of computer vision-based operations. The accuracy rate, processing
time and validations depend on the system setup. The proposed system has been designed to run on a
generalized computerized system. The proposed method is run on a desktop computer with an Intel Core
i5-2430M CPU operating at 2.40 GHz x4 with Windows 8 operating system and the OpenCV library in Python.
PyCharm is a cross-platform integrated programming environment that we employed to accomplish our goals.

3.2. Results analysis

This section describes the experimental findings, which were validated in heavy traffic and in the
dark using a large number of images from the various road image datasets. The result of lane detection using
shape and color cues is shown in Figure 11. The lanes that have been detected are shown by the green
rectangle drawn on the output image. As a result of shadows created by the road surface or broken lanes,
several unsuccessful efforts have happened. Due to road shadow, Figure 11 shows a little discrepancy in the
alignment of recognized lane lines and road lane lines. Furthermore, since the width of the lane swings
unexpectedly in the spatiotemporal picture as the pitch angle changes, the proposed technique fails to meet
the criteria for temporal consistency. The suggested technique produces pleasing results with sharp curvature,
lane shifts, hindrances, and lens flashes since it relies on the temporal constancy of lane width on each scan
line. The experimental findings show that the proposed approach correctly detects the lane under a variety of
environmental situations, including changeable weather and natural lighting. In order to measure the system’s
strength, 975 frames from the input dataset are used to determine the correctness of the method. There are 936
right classifications out of 975 frames, with nine erroneous classifications. However, the proposed system
shows some false results on rain and fog-based roads, which has decreased the accuracy of the system. Table 1
shows the performance of the suggested system. The procedure is accurate to within 96% and has a false
positive rate of 0.64%. In Table 2, we have discussed and compared our work with similar research works.
The cooperative analysis shows the proposed method is more efficient than other traditional lane detection
methods [25], [28] in Table 2. Besides that, it also worked more accurately than some deep learning-based lane
detection algorithms [29]-[31]. The accuracy of the proposed method could be developed in future by increasing
computerized features and applying deep learning algorithms along with the proposed method.

The total number of output frames detected (3)

Accuracy =
Y Number of total frames
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Rate of False Positives =

Total number of false positives

The total number of line frames identified

(4)

S

Output image

Input image Output image Input image

Figure 11. Experimental results based on the road image data set as inputs

Table 1. The proposed system’s performance

ltem Value
The total number of frames containing visible lines 975
The total number of lines frames detected 936
Accuracy (percent) 96
The number of false positives 6
Rate of false positives (percent) 0.64
Processing speed (avg. f/s) 204.55

Table 2. Comparative result analysis of the proposed system

. . Programming Processing False positive  Accuracy
Algorithm Experimental setup language speed (avg. f/s) rate (%) (%)
[25] Sobel, Canny Intel Core i7 CPU, PyCharm and - 2.596 96.14
construction of hybrid NVIDIA GTX CLion
heterogeneous operator 1080Ti Ubuntu
16.04
[28] Gradient threshold + Intel Core i55200U Python (Spyder 314.75 6.12 84
Sliding window search CPU @ 2.20GHz x Environment),
4 Ubuntu 18.04 OpenCV
[29] SegNet Tesla K80 GPU Python (Google - 0.031 96.38
Colab)
[30] PolyLaneNet - - - 0.063 93.36
[31] Cascaded CNNs Python 0.0924 95.24
Proposed  Gradient Threshold + Intel Core Python 204.55 0.640 96
Method HLS Value + Sliding i5-2430M CPU (PyCharm
Window Search @240GHz x4 Environment),
Windows 8 OpenCV

4. CONCLUSION

This paper describes a lane identification system that uses computer vision-based technologies to

precisely identify road lanes. The proposed lane detection system employs a number of different techniques,
including preprocessing, thresholding, and perspective transformation. Both gradient and HLS thresholding
techniques are efficient for recognizing the lane line in binary images. The left and right lanes on the road are
determined via a sliding window searching technique. Cropping was limited to the lane-line-defined area.
The results of the testing reveal that the system efficiently identifies lanes in all environmental conditions.
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The system works efficiently with 96% accuracy and the false positive rate is 0.640%. The
processing time of the proposed system is 204.55 (Avg. f/s). In future, the accuracy and the efficiency of the
system could be developed by increasing the computer feature and applying deep learning algorithms along
with the proposed method. The concept is applicable to any road with well-defined lines and may be included
in an embedded system to assist ADAS. In the future, a real-time system with hardware implementation will
be developed that will picture a real-time scenario and, using the proposed technique, would detect lanes and
provide warnings to drivers about road lane scenarios. By making the automatic discussion making, the
proposed system could increase the autonomous vehicle features in level 5.

REFERENCES

[1] “Reported Road Casualties Great Britain, Annual Report: 2020,” GOV.UK, 2021. Accessed: Dec 31, 2021. [Online]. Available:
https://www.gov.uk/government/statistics/reported-road-casualties-great-britain-annual-report-2020/reported-road-casualties-
great-britain-annual-report-2020

[2] S. Sahni, A. Mittal, F. Kidwai, A. Tiwari, and K. Khandelwal, “Insurance fraud identification using computer vision and loT: A
study of field fires,” Procedia Computer Science, vol. 173, pp. 56-63, 2020, doi: 10.1016/j.procs.2020.06.008.

[3] O. Mayer and M. C. Stamm, “Learned forensic source similarity for unknown camera models,” in 2018 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP), Apr. 2018, pp. 2012-2016, doi:
10.1109/ICASSP.2018.8462585.

[4] M. F. Rahaman, M. A. Al Noman, M. L. Ali, and M. Rahman, “Design and implementation of a face recognition based door
access security system using raspberry pi,” International Research Journal of Engineering and Technology (IRJET), vol. 8,
no. 11, pp. 1705-1709, 2022, doi: 10.6084/m9.figshare.17139203.v1.

[5] S. A Radzi, M. K. M. F. Alif, Y. N. Athirah, A. S. Jaafar, A. H. Norihan, and M. S. Saleha, “loT based facial recognition door
access control home security system using Raspberry Pi,” International Journal of Power Electronics and Drive Systems
(IJPEDS), vol. 11, no. 1, pp. 417-424, Mar. 2020, doi: 10.11591/ijpeds.v11.i1.pp417-424.

[6] J. Seo, S. Han, S. Lee, and H. Kim, “Computer vision techniques for construction safety and health monitoring,” Advanced
Engineering Informatics, vol. 29, no. 2, pp. 239-251, Apr. 2015, doi: 10.1016/j.aei.2015.02.001.

[71  W. Chen, W. Wang, K. Wang, Z. Li, H. Li, and S. Liu, “Lane departure warning systems and lane line detection methods based
on image processing and semantic segmentation: A review,” Journal of Traffic and Transportation Engineering (English Edition),
vol. 7, no. 6, pp. 748-774, Dec. 2020, doi: 10.1016/j.jtte.2020.10.002.

[8] M. Aly, “Real time detection of lane markers in urban streets,” in 2008 IEEE Intelligent Vehicles Symposium, Jun. 2008,
pp. 7-12, doi: 10.1109/IVS.2008.4621152.

[9]1 A. Parajuli, M. Celenk, and H. B. Riley, “Robust lane detection in shadows and low illumination conditions using local gradient
features,” Open Journal of Applied Sciences, vol. 03, no. 01, pp. 6874, 2013, doi: 10.4236/0japps.2013.31B014.

[10] T.-T. Tran, C.-S. Bae, Y.-N. Kim, H.-M. Cho, and S.-B. Cho, “An adaptive method for lane marking detection based on HSI
Color model,” in Advanced Intelligent Computing Theories and Applications, 2010, pp. 304-311.

[11] H. Chen, S. Ye, A. Nedzvedz, O. Nedzvedz, H. Lv, and S. Ablameyko, “Traffic extreme situations detection in video sequences
based on integral optical flow,” Computer Optics, vol. 43, no. 4, pp. 647-652, Aug. 2019, doi: 10.18287/2412-6179-2019-43-4-
647-652.

[12] Z.-Q. Li, H.-M. Ma, and Z.-Y. Liu, “Road lane detection with gabor filters,” in 2016 International Conference on Information
System and Artificial Intelligence (ISAI), Jun. 2016, pp. 436-440, doi: 10.1109/ISAI.2016.0099.

[13] C. N. Khac, Y. Choi, J. H. Park, and H.-Y. Jung, “A robust road vanishing point detection adapted to the real-world driving
scenes,” Sensors, vol. 21, no. 6, Mar. 2021, doi: 10.3390/521062133.

[14] X. Jiao, D. Yang, K. Jiang, C. Yu, T. Wen, and R. Yan, “Real-time Lane detection and tracking for autonomous vehicle
applications,” Proceedings of the Institution of Mechanical Engineers, Part D: Journal of Automobile Engineering, vol. 233,
no. 9, pp. 23012311, Aug. 2019, doi: 10.1177/0954407019866989.

[15] R. Fan and N. Dahnoun, “Real-time stereo vision-based lane detection system,” Measurement Science and Technology, vol. 29,
no. 7, Jul. 2018, doi: 10.1088/1361-6501/aac163.

[16] C.-B. Wu, L.-H. Wang, and K.-C. Wang, “Ultra-low complexity block-based lane detection and departure warning system,” IEEE
Transactions on Circuits and Systems for Video Technology, vol. 29, no. 2, pp. 582-593, Feb. 2019, doi:
10.1109/TCSVT.2018.2805704.

[17] T. Youjin, C. Wei, L. Xingguang, and C. Lei, “A robust lane detection method based on vanishing point estimation,” Procedia
Computer Science, vol. 131, pp. 354-360, 2018, doi: 10.1016/j.procs.2018.04.174.

[18] A. N. Cho, C. M. New, H. M. Tun, and M. Z. Oo, “Design and simulation of vehicle lane tracking using MATLAB,” Asian
Journal of Engineering and Technology, vol. 2, no. 2, pp. 185-190, 2014.

[19] J. Zhang, T. Deng, F. Yan, and W. Liu, “Lane detection model based on spatio-temporal network with double convolutional gated
recurrent units,” IEEE Transactions on Intelligent Transportation Systems, vol. 23, no. 7, pp. 6666-6678, Jul. 2022, doi:
10.1109/TITS.2021.3060258.

[20] A. Das, N. S. Srinivasa Murthy, and U. Suddamalla, “Enhanced algorithm of automated ground truth generation and validation for
lane detection system by M2BMT,” IEEE Transactions on Intelligent Transportation Systems, vol. 18, no. 4, pp. 996-1005, Apr.
2017, doi: 10.1109/T1TS.2016.2594055.

[21] Z. Ying and G. Li, “Robust lane marking detection using boundary-based inverse perspective mapping,” in 2016 IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP), Mar. 2016, pp. 1921-1925, doi:
10.1109/ICASSP.2016.7472011.

[22] J. Fritsch, T. Kuhnl, and A. Geiger, “A new performance measure and evaluation benchmark for road detection algorithms,” in
16th International IEEE Conference on Intelligent Transportation Systems (ITSC 2013), Oct. 2013, pp. 1693-1700, doi:
10.1109/ITSC.2013.6728473.

[23] S. Shirke and R. Udayakumar, “Lane datasets for lane detection,” in 2019 International Conference on Communication and
Signal Processing (ICCSP), Apr. 2019, pp. 0792-0796, doi: 10.1109/ICCSP.2019.8698065.

[24] E. Saber, “Multiresolution adaptive and progressive gradient-based color-image segmentation,” Journal of Electronic Imaging,
vol. 19, no. 1, Jan. 2010, doi: 10.1117/1.3277150.

[25] N. Ma, G. Pang, X. Shi, and Y. Zhai, “An all-weather lane detection system based on simulation interaction platform,” IEEE

A computer vision-based lane detection technique using gradient threshold ... (Md. Abdullah Al Noman)



356

a ISSN: 2088-8708

[26]
[27]
[28]

[29]

[30]

[31]

Access, vol. 8, pp. 46121-46130, 2020, doi: 10.1109/ACCESS.2018.2885568.

O. Joshua, T. S. lbiyemi, and B. A. Adu, “Edge detection techniques on digital images-a review,” International Journal of
Science and Research (1JSR), vol. 4, no. 11, pp. 329-332, 2019.

Z. Liu, S. Wang, and X. Ding, “ROI perspective transform based road marking detection and recognition,” in 2012 International
Conference on Audio, Language and Image Processing, Jul. 2012, pp. 841-846, doi: 10.1109/ICALIP.2012.6376731.

M. R. Haque, M. M. Islam, K. S. Alam, and H. Igbal, “A computer vision based lane detection approach,” International Journal
of Image, Graphics and Signal Processing, vol. 11, no. 3, pp. 27-34, Mar. 2019, doi: 10.5815/ijigsp.2019.03.04.

A. Al Mamun, P. P. Em, and J. Hossen, “Lane marking detection using simple encode decode deep learning technique: SegNet,”
International Journal of Electrical and Computer Engineering (IJECE), vol. 11, no. 4, pp. 3032-3039, Aug. 2021, doi:
10.11591/ijece.v11i4.pp3032-3039.

L. Tabelini, R. Berriel, T. M. Paixao, C. Badue, A. F. De Souza, and T. Oliveira-Santos, “PolyLaneNet: lane estimation via deep
polynomial regression,” in 2020 25th International Conference on Pattern Recognition (ICPR), Jan. 2021, pp. 6150-6156, doi:
10.1109/ICPR48806.2021.9412265.

F. Pizzati, M. Allodi, A. Barrera, and F. Garcia, “Lane detection and classification using cascaded CNNs,” in Computer Aided
Systems Theory, 2020, pp. 95-103.

BIOGRAPHIES OF AUTHORS

Md. Abdullah Al Noman B4 2 was a lecturer in the Electrical & Electronic
Engineering Department at Chittagong Institute of Engineering & Technology (CIET),
affiliated with Chittagong University. Southern University awarded him a Bachelor of Science
in Electrical and Electronic Engineering. He is pursuing his master’s degree in mechanical
engineering at the Beijing Institute of Technology. His research interests include autonomous
vehicles, computer vision, machine learning, and deep learning, among other things. He can be
contacted at nomansub14@gmail.com.

Zhai Li Bl 12 received her Ph.D. degree in vehicle engineering from the Beijing
Institute of Technology, Beijing, China, in 2004. She worked as an Associate Professor from
2009 to 2019. Since 2020, she has been promoted to Professor at the National Engineering
Laboratory for Electric Vehicles and the School of Mechanical Engineering at the Beijing
Institute of Technology, Beijing, China. She attended the University of Missouri-Rolla in
Rolla, Missouri, USA, from 2013 to 2014 and worked as a Visiting Scholar in the Electrical
and Computer Engineering Department. Her research interests include dynamics control,
motor drive system management, and the electromagnetic compatibility of electric vehicles
(EMC of EVs). Her contact email address is Zhaili26@bit.edu.cn.

Firas Husham Almukhtar Bl 2 received his Ph.D. in computer science and
Information Technology in 2003 from the High Commission of Informatics—National Center
for Computers, Baghdad, Irag. In 1997 he did his M.Sc. in computer science from Al-Nahrain
University, Baghdad, Irag. His research interests include ICDL, programming in C++,
OOP, database, artificial intelligence, image processing, multimedia, data structure, web
programming, data structure, and networking. He can be contacted at email:
firas.husham@sadiq.edu.iq.

Md. Faishal Rahaman © E{ 2 s doing his master’s in Mechanical Engineering at the
Beijing Institute of Technology, and his majors are related to intelligent vehicles and their
system design. He completed his bachelor’s in Electrical & Electronic Engineering (EEE)
from Southern University Bangladesh. His research interests in computer vision, image
processing, machine learning, deep learning, autonomous vehicles, visual perceptions, path
planning and embedded system. He can be contacted at faishalrahaman@gmail.com.

Int J Elec & Comp Eng, Vol. 13, No. 1, February 2023: 347-357


https://orcid.org/0000-0001-9093-922X
https://scholar.google.com/citations?user=aqAuosAAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57199595835
https://publons.com/wos-op/researcher/4887876/md-abdullah-al-noman/
https://orcid.org/0000-0002-9844-1554
https://orcid.org/0000-0002-5207-7451
https://scholar.google.com/citations?user=0WWCSfEAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57222991842
https://orcid.org/0000-0001-5656-1542
https://scholar.google.com/citations?user=VtG3ULoAAAAJ&hl=en

IntJ Elec & Comp Eng ISSN: 2088-8708 a 357

Batyrkhan Omarov BIECsa postdoctoral researcher at Kazakh National University,
Almaty, Kazakhstan. In 2008 and 2010, he received a B.Sc. and an M.Sc. from the Al-Farabi
Kazakh National University in Almaty, Kazakhstan. He did his PhD at University Tenaga
Nasional in Kuala Lumpur, Malaysia, from 2014 to 2017. His research interests include
computer vision, machine learning, deep learning, and data science. He can be contacted at
batyahan@gmail.com.

Samrat Ray £ B9 2 is a Senior researcher and Assistant Professor of economics and
marketing in the MBA program of Calcutta institute of engineering and management college
in Kolkata, India. He has been a Russian government scholar in economics at a top 10
universities in Russia. He can be contacted at samrat.ray@sunstone.edu.in.

Shahajan Miah ki 12 is an assistant professor at the Bangladesh University of
Business and Technology (BUBT) in Dhaka, Bangladesh, in the Department of Electrical and
Electronic Engineering. He received his Master of Science and Bachelor of Science (Honors)
in Physics from the Shahjalal University of Science and Technology (SUST), Sylhet,
Bangladesh. Currently, he is pursuing his PhD in nuclear engineering at the University of
Dhaka in Dhaka, Bangladesh. He can be contacted at miahbubt@bubt.edu.bd.

Chengping Wang g 12 received a B.S. degree in engineering mechanics from the
Beijing Institute of Technology, Beijing, China, in 2020. Currently, he is pursuing a Master of
Science in mechanical engineering at the Beijing Institute of Technology in Beijing, China.
His research interests include vehicle system dynamics and control, as well as vehicle path
tracking. He can be contacted at wcp288@163.com.

A computer vision-based lane detection technique using gradient threshold ... (Md. Abdullah Al Noman)


https://orcid.org/0000-0002-8498-2069
https://orcid.org/0000-0002-8341-7113
https://scholar.google.com/citations?user=Q_lNzD8AAAAJ&hl=ru
https://www.scopus.com/authid/detail.uri?authorId=57202103462
https://publons.com/wos-op/researcher/3064715/batyrkhan-omarov/
https://orcid.org/0000-0002-9845-2974
https://scholar.google.com/citations?user=rJ2M6fEAAAAJ&hl=en
https://publons.com/wos-op/researcher/2917536/dr-samrat-ray/
https://orcid.org/0000-0002-4928-3449
https://scholar.google.com/citations?user=DecZO0gAAAAJ&hl=en
https://www.scopus.com/authid/detail.uri?authorId=57224881107
https://orcid.org/0000-0002-8498-2069

