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Abstract
The advances in lane detection technologies and computer vision enabled the evolution of lane-keeping systems, driver 
assistance and lane departure warning in traffic management for road safety. However, it is very challenging to identify and 
track the lane lines due to improper marking of lane lines and blind turns on the road. The present work proposes effective 
and efficient vision-based real-time lane markings and tracking lane detection methods for straight and curved lane lines. 
That can adapt to various environmental conditions. Further, the Hough transform optimization is performed to identify lane 
lines accurately, and the Kalman filter is employed to track lane lines detected in the ROI by the Sobel operator. The proposed 
approaches show their significance by achieving real-time response and high accuracy for a vehicle in lane change assistant 
system on highways. While comparing, the proposed methods show better results in terms of detection rate and processing 
time for straight lanes and detection accuracy, precision, recall and F1-Score for the curved lanes. The result of processing 
time and accuracy rate for straight lane detection is 16.7 fps, 96.3%, respectively, and the accuracy, precision, recall and 
F1-scores for curved lane detection are 97.74%, 98.15%, 97.35% and 97.75% in videos, respectively.
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Abbreviations
RGB  Red Green Blue
HSV  Hue Saturation Value
HSL  Hue, Saturation and Lightness
dst(x, y)  The pixel coordinate for the transformed image
src (x, y)  The pixels in the input image
Pk|k−1  The predicted state covariance
Fk−1  State transition matrix
Hk  Measurement transition matrix
Gx  The gain of the Kalman filter
x−
k
  Posteriori estimate state

Pk  Covariance matrix of a posteriori estimate error

Introduction

Due to the high population growth rate, the number of vehi-
cles on the road is increasing rapidly. Subsequently, the 
increment in the number of vehicles increases road acci-
dents. As per the survey, in India, due to road accidents, a 
person dies every four minutes [1]. Another survey shows 
that according to the World Health Organization (WHO), 
every year, 1.25 million people are affected by road traffic 
crashes [2]. These road accidents are caused by changing 
lanes to avoid obstacles [3]. In today’s world, the passenger’s 
safety and comfort are among the most significant concerns. 
The fatalities on the road have increased as the number of 
vehicles also increased every year. Therefore, lane detec-
tion is an intriguing and crucial study field for autonomous 
vehicles. Furthermore, inattention to the road’s conditions 
brought on by driving error or visual blockage is a major 
factor in many accidents. Consequently, ADAS has been 
considered one of the significant technologies to minimize 
the number of accidents, and the lane departure warning 
systems (LDWS) and the lane-keeping assistance system 
(LKAS) have relied heavily on lane detection and tracking 
for advanced driver assistance systems (ADAS) [4–6].
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In recent years, advanced driver assistance systems have 
received considerable attention. Lane detection is becoming 
more and more crucial to the advanced driver assistance sys-
tem (ADAS) for traffic safety. ADAS is one of the indispen-
sable parts of lane detection to provide steady lane-keeping 
performance by analyzing the images captured by the vehi-
cle’s front camera [7, 8]. The development of strategies and 
procedures for increasing driving safety and reducing traffic 
accidents has been the subject of extensive research by both 
individuals and institutions. Road awareness and lane mark-
ing detection are two of these methods that are extremely 
important in assisting drivers in avoiding mistakes. There-
fore, straight lane and curved lane detection has been sig-
nificantly crucial from a safety perspective. Although past 
lane detection research has addressed both learning-based 
techniques and handcrafted feature-based approaches. The 
handcrafted feature extraction is used to carry out several 
lane line detection techniques used in lane-keeping assis-
tance systems (LKAS) and lane-following assistance sys-
tems (LFAS). These techniques are based on a manually 
designed feature extraction system that supports LKAS and 
LFAS for extracting the colored features of lanes.

With regard to the aforementioned common ADAS sub-
systems, these vision-based techniques are widely used in 
this research field. The earlier studies that investigate vision-
based lane detection systems address four key steps: pre-
processing, feature detection, fitting, and tracking. [9–12]. 
The pre-processing stage is necessary to reduce image noise 
before moving on to the next steps. It is possible to extract 
features that identify the lane line edges using the Canny 
edge detector approach. The Canny edge detector [13] has 
been widely used because it can recover the edges of the 
input image without causing interference. Then, the line is 
determined using the Hough transform [14, 15] rather than 
lane detection based on the clearly identified edge. However, 
this takes a lot of time to process. Therefore, the improved 
Hough transform technique has been incorporated for sub-
stantially faster processing times [16]. Despite being rela-
tively reliable in simple road scenarios, handcrafted feature-
based algorithms have several issues detecting curving lanes 
due to the poor lane marking and illumination conditions 
[17–19]. The line model [20], spline model [21], linear-par-
abolic model [22], quadratic curve model [23], and hyper-
bola-pair model [24] are only a few of the methods that have 
been presented for lane fitting. However, it is challenging to 
identify geometric information due to camera motion and 
rapid changes in the road environment, particularly when 
the lanes are blurry or the road image is noisy. For lane 
tracking, the Kalman filter is used to track the subsequent 
region of interest (ROIs) while tracking the identified lane 
in order to increase processing speed and robustness. On the 
other hand, the learning-based methods have significantly 
enhanced the performance of lane detection compared to 

handcrafted feature-based methods [25]. However, these 
techniques have their limits when considering contextual 
information broadly.

This paper proposes an effective and efficient lane detec-
tion method to deal with the above problems: straight and 
curved lane detection. The main objective of this research is 
to further improve the accuracy of lane detection by employ-
ing the optimized Hough transform and the Kalman filter. 
The proposed straight lane detection method obtains results 
in three steps: First, it performs pre-processing of an input 
image to reduce the noise by applying the Gaussian filter, 
and then, the edges of lane lines are extracted from the input 
image by using the Canny edge detector. Also, the required 
region of interest (ROI) is calculated from the detected edges 
in the input image. Next, lane lines are obtained from these 
detected edges by applying the Hough transform, and finally, 
it uses the optimization of the Hough transform to enhance 
the accuracy of lane detection.

The curved lane detection method is proposed using the 
Hough transform, the perspective transform and the Sobel 
thresholding to detect the edges of lane lines. In addition, 
the Kalman filter is applied to improve the robustness of the 
proposed work of curved lane detection. This proposed algo-
rithm comprises the various stages such as pre-processing of 
image [26, 27], conversion of RGB (Red, Green and Blue) 
to HSV (Hue, Saturation, Value) and HSL (Hue, Saturation, 
Light), the perspective transformation applied for converting 
the 3D image into warped image and the Sobel edge detector 
algorithm is used to detect edges of the lanes. Furthermore, 
lane tracking is done by the Kalman filter algorithm [28] to 
improve the lane detection accuracy rate. The novelty of the 
proposed work lies in the fact that optimization of the Hough 
transforms and the lane tracking based on the extended 
Kalman filter have not been incorporated for the straight and 
curved lane detection to the best of our knowledge. Apart 
from this, this work brings a holistic approach for lane detec-
tion under different scenarios. The major contribution of this 
work is simulation and detailed comprehensive discussion 
on the lane detection technologies. A summary of contribu-
tion of this work can be enumerated as below.

• A straight lane detection approach for identifying road 
boundaries is provided through the use of the Gauss-
ian filter to reduce the input image noise in the pre-
processing stage and Canny edge detector for extracting 
the edges of the lane lines in the input image. Finally, 
it applied the optimized Hough transform technique to 
identify both borders of each lane for straight road lane 
lines. The advantage is that the pre-processing time is 
significantly reduced, and the performance of the lane 
detection algorithm is increased.

• An advanced lane detection algorithm is proposed to 
address the shortcomings of the straight lane detection 
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method based on the Hough and perspective transform. 
In this approach, Sobel operator is used to extract the lane 
lines of the road. And then, Kalman filter is employed to 
track the road lane lines.

• The performance of proposed method is demonstrated 
on different sets of images from TuSimple datasets and 
comparisons with existing lane detection algorithms such 
as RANSAC + HSV, Gaussian filter + Hough transform, 
LD + Inverse Perspective, MSER Algorithm, HSV-
ROI + Hough, Improved LD + Hough, which obtains the 
accuracy of straight lane and curved lanes are 96.3% and 
97.74%, respectively.

The remainder of the paper is organized as follows. Sec-
tion 2 discusses the existing lane detection approach used 
for detecting lane lines. Section 3 describes the proposed 
methodology of straight and curved lane detection. Section 4 
presents the results and discussion for proposed method. 
Finally, Sect. 5 concludes the research work and enumerates 
future research directions with the aim to guide future work 
of lane detection under congested road network.

Related work

In recent years, various lane detection algorithms have been 
proposed. These algorithms are used to assist the self-drivers 
in driving the vehicle within a lane. If the vehicle is reaching 
too close to lane boundaries, then the lane detection system 
alerts the driver’s for self-driving systems to steer the vehi-
cle within lane boundaries. Lane detection is a hot spot in 
self-driving vehicle systems with rapid development in deep 
learning technology. Recently, various researchers addressed 
the lane detection problem and proposed algorithms to 
solve the problem of lane detection. However, these pro-
posed algorithms are not reliable, and computational time 
is very high. In addition, straight lane detection and curved 
lane detection are affected by the structure of the roads. The 
various recent advances related to lane detection systems are 
explored in the subsection below.

In this section, the existing literature has been discussed 
and analyzed to detect straight lane lines and curved lane 
lines. Xing et al. [32] introduced an algorithm to compare 
the representative studies for lane detection systems and 
highlighted the limitation of the lane detection systems. The 
intelligent vehicle and vehicles’ traffic scenes understanding 
are turning out to be progressively significant, particularly 
for autonomous vehicles. With the advancement in deep 
learning technology, various algorithms have been proposed 
based on deep convolutional networks to find the solution 
of lane detection.

Ko et al. [33] introduced a method based on deep learning 
for multilane detection to reduce error points. In addition, 

the architecture of multilane detection can improve network 
performance. Liang et al. [34] proposed a LineNet model 
to detect the lane using the Line Prediction (LP) layer and 
Zoom module. This proposed model is helpful to understand 
the position, direction and distance for driving scenarios. 
Yang et al. [35] proposed a model using recursive neural net-
works and long short-term memory to improve the model’s 
performance by studying the spatial information in complex 
scenarios. After analyzing the lane lines structure to support 
the lane detection systems, Zou et al. [36] proposed a model 
that combines a recurrent neural network (RNN) and a con-
volutional neural network (CNN). Datta et al. [4] proposed 
a straight lane detection technique model to detect lanes. 
This mainly consists of image pre-processing steps first. It 
converts the input image into grayscale, detecting the edges 
using a Canny edge detector, performing a bitwise logical 
operation on the input image. Finally, the Hough transform 
detects lines after masking with the region of interest (ROI). 
Jiang L et al. [37] proposed a method by combining the 
Hough transform and R-least square method to track the lane 
using the Kalman filter on straight lane marking.

Dubey et al. [38] presented a model for lane detection in 
environmental conditions using a Gaussian filter and Hough 
transform. Ma C et al. [39] proposed a framework to extract 
the boundary points. It converts RGB image into color space 
image and then finds the region of interest, but this model 
fails to detect lane lines for the poor-quality image. Sriv-
astava et al. [40] have presented an improved Canny edge 
detection algorithm to detect the images’ edges by reducing 
the noises using Gaussian filters. Many challenges have been 
faced with detecting the accurate lane lines in road lines 
due to curved lane lines, issues caused by vehicle occlu-
sion, shadow, varying illumination conditions, and improper 
marking of road lanes [41, 42]. Haselhoff et al. [43] devel-
oped a model to detect the road's left lane and right lane with 
the help of two-dimensional linear filters. This filter could 
eliminate interference noise during the detection process. 
Piao,  et al. [44] have proposed a model in which Hough 
transform combines with maximum stable extreme area 
(MSER) approach for identifying the lane lines by using the 
Kalman filter to achieve higher accuracy to track continu-
ous lanes of the road. However, when it comes to poor light 
conditions, it does not achieve accuracy. Jiang, et al. [37] 
have developed a model to detect straight lane marking by 
combining the Hough transform and R-least square method 
using the Kalman filter.

In the proposed work, the Hough transform is used to 
identify the straight lane lines in the near-field of view, but 
it fails to identify the curved lane lines on the road. Kalman 
filter [45] was used to detect curved lane lines in the curved 
lane proposed work. In this proposed work, image pre-
processing is done for removing distortion and noise of the 
image. Then, original RGB image is converted to HSV (Hue, 
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Saturation and Value) and HSL (Hue, Saturation and Light-
ness) color space to extract and identify lanes using color 
segmentation and strong gradients to filter out the pixel in 
lane lines of the road. In the next step, applying the per-
spective transform [46] to determine the exact angle and 
direction in the road lane line, detecting lane lines using the 
Sobel operator, which is mainly used to detect the edges. 
Then, finally, the Kalman filter was introduced for curved 
lane detection and tracking of lane lines using a parabola 
model in the far-field of view [47].

Lee   et al. [48] proposed a method for lane detection and 
road recognition based on regression branches of bound-
ing boxes and Hu moments. This method predicts the driv-
ing path based on three tasks convolutional neural network 
(3TCNN). Lee,  et al. [49] introduced a deep learning-based 
method to achieve high performance. However, it is not suit-
able for lane detection in challenging conditions.

Dubey,  [38] introduced a method specially to detect the 
curvy lanes by using the Hough transform. In this work, 
Hough transform lines are taken into consideration for curve. 
Then, the estimation of the weighted centroid of the Hough 
lines is performed with the help of mean value theorem for-
mula. This method differentiates the two lanes by calculat-
ing the slope of tangent. Curved lanes are obtained through 
slope of tangent, and it can be calculated by Eqs. 1 and 2. 
But this method is not well suited for adverse conditions as 
it is based on color thresholding technique.

Muthalagu,  et  al. [50] proposed the minimalistic 
approach for detection of straight and curved lane lines. For 
straight lane detection, this approach used the pre-processing 
along with the color thresholding for enhancement of the 
image. Then, it applied the Canny edge detector algorithm 
to detect the edges in the image. After finding the edges in 
the images, lines can be obtained from these detected edges 
by applying the Hough transform. The Hough transform is 
used to convert the extracted lines into parameter space, and 
finally, it applied the linear regression for calculating the 
slop of lane lines.

For advanced lane detection, this method used the image 
pre-processing, the Sobel thresholding, perspective trans-
form to detect the curved lane lines. But these methods are 
mainly based on the pre-processing step. The computational 
time for pre-processing step is very high, and it impacts the 
detection rate. It fails to detect the steep curve on the fore-
ground due to the limitation of this work. Li,  et al. [51] 
proposed a method to extract the edge feature detection 
using HSV color segmentation and ROI selection in the 

(1)f �(c) =
f (b) − f (a)

b − a
⇒ lim

h→0

f (x + h) − f (x)

h

pre-processing stage. But it fails to detect the lanes when 
lines converge each other due to not using the perspective 
transform. Zheng,  et al. [52–55] introduced an improved 
lane detection method using the Hough transform. In this 
method, lane lines are identified in the Hough space. How-
ever, if any occlusion comes suddenly, it cannot predict the 
next frame as it is using only the Hough transform. Kim, K.  
et al. [56] proposed an algorithm to identify the lane lines 
using RANSAC and color segmentation. But it achieves the 
lane detection accuracy rate up to 88.66%. Mammeri  et al. 
[57] introduced an algorithm based on a fusion of maximally 
stable extremal regions (MSER) and progressive probabil-
istic Hough transform (PPHT) for lane detection and track-
ing. This method obtained a 92.7% average lane detection 
rate by tracking lane lines using two Kalman filters. The 
texture information created by the MSER method is fed into 
the Hough transform in the detection step, increasing the 
detection’s processing time. Huang et al. [58] proposed a 
technique for lane detection and tracking lane lines using 
inverse perspective and the Kalman filter to obtain an accu-
racy rate of 93.45%. In addition to improving lane detec-
tion accuracy, we applied Hough transform optimization, 
which improves the quality of tracking lane detected lines 
using the Hough transform and the Canny edge detector for 
straight lane detection. Similarly, the Hough transform and 
perspective transform are used to extract lane features, then 
the Sobel detector is used to extract lane lines, and finally, 
the Kalman filter is used to achieve lane tracking for the 
curved lane lines.

Proposed methods

In this paper, an effective lane detection algorithm is pro-
posed for straight lane detection and curved lane detection. 
The proposed method for straight lane detection is discussed 
in Sect. 3.1 using the Canny edge detector and the Hough 
transform technique. The proposed curved lane detection 
method is discussed in Sect. 3.2 which uses the perspective 
transform and the Kalman filter to detect and track the lane 
lines.

Straight lane detection system

In the proposed work, straight lane lines have been detected 
using Hough transform along with the Canny edge detector. 
The proposed lane detection method is used to improve the 
detection rate. The detection rate can be described as the 
number of frames detected per unit time. The proposed work 
is divided into two parts first is the image pre-processing to 
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convert image into grayscale using Gaussian filter. In image 
processing, Gaussian filter is used to remove the unwanted 
image noise. Gaussian filter is more powerful and effec-
tive for reducing the image noise [56]. As images are the 
collection of pixels, an image consisting of three-channel 
with RGB channel, in Red, Green and Blue Channel, each 
pixel represents three intensity values, while a grayscale 
image consists of only one channel. The range of each pixel 
is 0–255 in grayscale image with one intensity value. The 
grayscale image is processed faster than colored image and 
second one is the lane detection approach using Canny 
edge detector operator [59] and Hough transform. In image 
pre-processing, Gaussian filter is applied to generate the 
noiseless image for higher accuracy of lane detection. As 
the Canny edge detector is used in our proposed work for 
straight lane detection. Therefore, Gaussian filter is used to 
reduce the noise in the image before detecting the edges. 
Thus, it improves the results while detecting the edges [50]. 
Detecting the edges in the entire image using the Canny 
edge detector, but it clearly detects the edge boundary cor-
responds to the sharpest changes in intensity gradients that 

exceed the maximum value of threshold are identified as 
bright pixels, the adjacent pixels are identified where the 
brightness changes rapidly in the image. The small changes 
and brightness are not traced at all as they are below the 
lower threshold. Therefore, it is essential to select the ROI 
(region of interest) [60] of the image using matplotlib func-
tion called region_of_interest by setting the parameter values 
height, polygons and masking, then performing the Bit-wise 
AND operation on ROI image and Canny edge detected 
image for better result of specific area of lane lines. Hough 
transform [37] is applied to detect the straight lane from a 
series of points for tracking and identifying the lane lines. 
Finally, it performs the optimization of Hough transform 
by merging these detected lines by Hough transform with 
color image to display the lines on the lanes. These lines are 
displayed on lanes with further optimization. Instead of hav-
ing multiple lines, averaging out their slope and y-intercept 
into a single line that traces out the lanes. Figure 1 shows 
the working module of the proposed work for straight lane 
lines in the road.

Fig. 1  Framework of proposed straight lane detection
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Algorithm-1: Pseudo code for proposed straight lane detection  

Input: Considering set of road images { } where x is the image and n is number of 
input images 

Output: Detection of road lanes to steer vehicle in right direction 

1. Reading Input Image and converting into gray scale image 
2. Applying Gaussian filter to remove the noise from the grayscale image// Producing the blurry 

image. 
3. Obtain the edge detected image from the blurry image using canny edge detector 
4. Extracting Region of Interest Image by applying matplotlib function. 
5. Performing Bit-wise AND operation on the image received from step 3 and step 4. 
6. Initialize two variables of a line in the image space which can be defined by the Cartesian 

coordinate system  and Polar coordinate system for and 

// to finding the lanes of straight lines of road lanes 

7. Detect lane lines using Hough transform 
(i) Initialize HT (r, θ)
(ii) For each edge point in x, y image  

for θ =0 to 180

(iii) Calculate the value of (r, θ) where HT [r, θ] is maximum
(iv) Line after detection can be represented by the equation 

8. Optimization of detected lane lines 

Lane detection

The objective of lane detection is to identify the boundaries 
of road lines to avoid the vehicle crash and also to guide 
the driver in the right direction. Detection of lane lines on 
the road means detecting the image gradients in the form of 
pixel intensities. To detect sharp changes in large gradient, 
Canny edge detection algorithm can be applied to detect the 
true edges for better result in terms of its better performance 
[59]. Changes in brightness over a series of pixels are the 
gradients. Steep changes represent strong gradient, and a 
shallow change represents small gradients. The Canny edge 
detection algorithm is implemented in four stages. First, 
it converts the colored input image into grayscale image 
to increase the contrast of the colors. So that it can detect 
changes in pixel intensity and then applies the Gaussian filter 
for reducing the grayscale image noise because gradients 
are sensitive in Canny algorithm. In the next stage, intensity 
gradient will be calculated along with the x-axis and y-axis 
to find out the true edges in the image where horizontal 
and vertical edges can be identified. Strong pixels can be 
achieved after non-maximal suppression to get rid of spuri-
ous response for detecting the edges and determining the 

potential edges by applying threshold and tracking the edges 
by hysteresis. Figure 8 shows the gradient image in which 
edge boundary is traced corresponds to the sharp changes 
in intensity gradients. Gradient is traced when it exceeds the 
value of high threshold, and such pixels are known as bright 
pixels of the image. These pixels are the result of rapidly 
changing brightness identifying nearby pixels in the image.

Region of interest and bit‑wise AND of images

Next step is to specify the region of interest by discarding 
the extra out-side lines of the image received from previous 
step to get the polygon. Each pixel value is 0 in the black sur-
rounding region, while all the pixel intensity values are 1 in 
the white polygon region. Straight lane line can be obtained 
by performing the Bit-wise AND operation between Canny 
edges detected image and region of interest image. Region 
of interest reduces the image redundancy and making it more 
convenient to extract the required lane lines [62]. Required 
area can be selected from the image to increase the accuracy 
and speedup the processing time. Figure 9 shows the region 
of interest image, and Fig. 11 shows the result of Bit-wise 
AND operation between Canny and ROI image.
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Straight lane detection with Hough transform technique

After isolating the region of interest and masking of the 
image, Hough transform technique is used to identify the 
lane lines. Hough transform can be used to detect the straight 
lines, but it also detects incorrect lines [63]. Mostly roads 
are planned to be straight to drive vehicle easily and steer 
vehicle for maintaining the constant speed of the vehicle. 
Assume that there is a line in the road image which is to 
be detected. In an image, a line can be represented with 
two coordinate systems: first is Cartesian coordinate system, 
and second is polar coordinate system. By using Cartesian 

coordinate system, straight lines can be represented by 
expression y = mx + c where m and c are the coordinate pair 
that represents slope and intercept to which a line is associ-
ated. Figures 2 and  3 show the parameter for the Cartesian 
coordinate system and the polar coordinate system.

In polar coordinate system, a line can be represented by 
the equation r = x. cos � + y. sin � and y = −

cos �

sin �
.x +

r

sin �
.

Curved lane detection

In this section, the proposed curved lane detection algorithm 
for curvy road lane detection has been presented.

Algorithm-2: Pseudo code for proposed curved lane detection 

Input: Considering set of road images { } where x is the image and n is number of 
input images 

Output: pipeline of lane line detection after processing each frame. 

1. Calculate  and  radial distortion due to curvature of lens in x, y chessboard 
image. // calculation of distortion coefficient and camera calibration matrix 

2. Removing distortion by applying a correction to the original image. 
3. Converting RGB image to HSV and HSL image for color thresholding. // creating a binary image 

using color transform. 
4. Obtaining the polygons on road image by applying Hough transform. 
5. Applying perspective transform to rectify binary image and the sobel thresholding to detect 

road lanes. 
6. Track lane lines in real time by Extend Kalman Filter 

(i) Initialization of variables 
 =E [ ] and = E [ ], Where  is the initial value of 

parameter and . 
(ii) Prediction of state and error covariance matrix by Eq. (20).

= f ( ) 
(iii) Calculate the Kalman Gain by using the Eq. (21).
(iv) State Estimation by Eq. (22) where denotes the posteriori estimate state  
(v) Matrix of estimation error covariance by Eq. (24) 

7. Apply warp perspective transforms and sliding window search. 
8. Calculate the radius of curvature  

Radius curvature = 

9. Display the result of detection of lane lines on the road. 
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Camera calibration

Capturing the data from the camera is a collection of images 
which results in a video. Due to this process, the images 
may contain distortion [64], which can change the shape 
and size of the original image. Distortion and occlusions 
may lead inconsistency in an image. Such distortion and 
changes in the image affect the accuracy in lane detection. 
The TuSimple Datasets contain a total of 6408 images of 
resolution 1280 × 720. Out of 6408 images, the dataset con-
sists of 3626 trained images. Out of these trained images, 
358 are for validation. The proposed approach has been 
tested for 04 different images. The process of camera cali-
bration is set up for capturing the image from videos to 
overcome the problem of distortions. The camera calibra-
tion is applied to images obtained from the video by using 
the distortion matrix and distortion coefficient. First con-
vert the distorted image to an undistorted image which is 

an essential step to improve the accuracy of the lane. Fig-
ure 16a, c, e, g, I, k, m, o, q represents the original image, 
and Fig. 16b, d, f, h, j, l, n, p, r represents the image after 
removing distortion. Primarily distortion is categorized into 
radial and tangential distortions. Mathematically, radial dis-
tortion can be defined by Eq. (1).

where r2 = x2 + y2, (a’, b’) are the image pixels coordinates.
Mathematically, tangential distortion can be defined by 

Eq. (2)

where  m1,m2,m3, l1andl2 are distortion coefficients.
Distorted image can be corrected by the calibra-

tion of camera and taking the distortion coefficients into 
consideration.

Image pre‑processing with color segmentation

Preprocessing is one of the main features of image process-
ing which plays a significant role in lane detection. Isolation 
of pixels of a particular area can be extracted using gradient 
and color segmentation. Pixel gradients and color segmen-
tation can be used to mark the left and right road lane lines. 
Generally, marking of road lines is to be done in yellow and 
white color [50]. In the RGB color space, in order to detect 
lane lines blue channel produces worst result as compared 
to red color. Red color produces better result in identifying 
the lane lines. In the HSV color space, result of Hue chan-
nel is noisy, but saturation color of HLS results in strong 
pixels. For value channel in HSV, grayscale image result is 
much better than lightness channel of HLS. To improve the 
accuracy of lane detection algorithm, color conversion from 
RGB to HSV and RGB to HLS, various different techniques 
have been implemented [63].

RGB to HSV conversion model using color space can be 
represented as.

R′ = R/255 G′ = G/255 B′ = B/255

(2)
{

a� = a
(
1 + m1r

2 + m2r
4 + m3r

6
)

b� = b
(
1 + m1r

2 + mr4 + m3r
6
)�

(3)
{

a� = a +
[
2l1b + l2

(
r2 + 2a2

)]
b� = b +

[(
l1
(
r2 + 2b2

)
+ 2l2a

)]�

(4)ymax = max
(
R�,G�,B�

)

(5)ymin = min
(
R�,G�,B�

)

(6)Z = ymax − ymin

(7)V = ymax

Fig. 2  Cartesian coordinate system parameter

Fig. 3  Polar coordinate system parameter
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RGB to HLS conversion model using color space can be 
represented as

Perspective transform and sobel thresholding

Due to failure in curved lane detection, the performance of 
Hough transform is also degraded. To improve the perfor-
mance of lane detection, perspective transformation can be 
used with Hough transform for higher accuracy. The undis-
torted image is transformed into “birds-eye view” of the 
road, which results in lane lines relatively parallel to each 
other [50, 51, 58]. The wrapped image is digitally manipu-
lated any shapes portrayed in the image to correct the dis-
tortions. The perspective transform is applied to covert the 
3D object image into warped image (bird’s eye view). Lane 
lines are actually in parallel but appears that they are con-
verging each other due to distortion. The accuracy of lane 
detection can be affected by these distortions. Converting 
into wrapped image using perspective transform helps in 
figuring out the accurate lane line direction. The given 3 × 3 
matrix represents the perspective transform.

(8)S =

{
0, ymax = 0

ymax−ymin

ymax

, ymax ≠ 0

(9)S =

{
0, ymax = 0

1− ▵, ymax ≠ 0

(10)H =

⎧
⎪⎪⎪⎨⎪⎪⎪⎩

0, Z = 0�
60 ×

�
B�−R�

ymax−ymin

�
+ 120

�
mod 360

�
60 ×

�
R�−G�

ymax−ymin

�
+ 240

�
mod 360�

60 ×

�
G�−B�

ymax−ymin

�
+ 360

�
mod 360

(11)L =
(
ymin + ymax

)/
2

(12)S =

⎧⎪⎨⎪⎩

��
ymax−ymin

ymax+ymin

�
, L ≤ 0.5�

ymax−ymin

2−ymax−ymin

�
, L > 0.5

(13)H =

⎧⎪⎨⎪⎩

(G−B)

(ymax−ymin)
If R is maximum

2 +
(B−R)

(ymax−ymin)
If G is maximum

4 +
(R−G)

(ymax−ymin)
If B is maximum

where dst (i) = (x′

i
, y

′

i
 ) and src (i) = (xi, yi ), i = 0, 1, 2, 3 are the 

output image and input image coordinates of the quadrangle 
vertices.

The given 3 × 3 matrix M can be transformed in an image 
as follows:

where dst (x, y) represents the pixel coordinate for the trans-
formed image, and src (x, y) represents pixels in the input 
image.

Lane tracking based on kalman filter

First lane lines are detected in the road image using Hough 
and perspective transform, and then, Kalman filter is used 
to predict the lane markings in the next frame. Kalman filter 
is used to increase the accuracy and to predict the best pos-
sible lane markings. The Kalman filter is used to provide the 
better lane detection results for curve lanes in the far-field 
of view [3]. Firstly, Kalman filter initializes the size of state 
matrix & measurement matrix. Then, transition matrix and 
error for state are calculated by the Kalman filter. The pre-
dicted state is generated by the error for state. The Kalman 
filter averages the detected lane lines by using the measure-
ment and previous state. That is the reason, the detected 
lane lines by the Kalman filter are more stable. Kalman filter 
predicts the current frame based on the previous detected 
frame of the lane. Therefore, the Kalman filter improves the 
robustness and detection rate by tracking the border of lane 
markings to increase the probability for lane markings.

The Sobel detector is based on discrete first-order opera-
tor. The neighborhood of adjacent points is influenced by 
the current pixel point. To calculate the image brightness 
value by performing the grayscale weighting a differential 
operation on neighborhood points. The Sobel thresholding 
achieves better edges by filtering the noise from the images 
[64]. It can detect the edges as well as their orientations 
which make the Sobel operator easier due to the gradient 
magnitude. The Sobel operator uses the kernel convolution 
to find the 2-D spatial gradient measurement on the images 
[1]. The processing of x-direction and y-direction is carried 
out separately. Because lane lines are designed to proceed in 
vertical directions only. Figure 21 shows the obtained result 
by applying the Sobel thresholding.

(14)
⎡⎢⎢⎣

tix
�

i

tiy
�

i

ti

⎤⎥⎥⎦
= M.

⎡⎢⎢⎣

xi
yi
1

⎤⎥⎥⎦

(15)

dst(x, y) = src

(
M11x +M12y +M13

M31x +M32y +M33

,
M21x +M22y +M23

M31x +M32y +M33

)
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Curve lane detection part is a challenging task in the far-
field of view. Data captured from camera may contain noise 
and uncertainties in the images, so the Kalman filter is the 
best approach to estimate the lane lines based on prediction 
estimate of lanes [65]. Parabola equation can be considered 
for curved line to predict lanes by Kalman filter [3].

Parabola equation is shown by Eq. (15)

Three parameters (a, b, c) have been assumed by using three 
measurement data, where measurement data are representing 
far section white point coordinates. Parabolic equation can 
be represented by Eq. (16) and Eq. (17).

where xk−1, xk, xk+1 and yk−1, yk, yk+1 are representing the 
measurement data of the curve line.

In the next equation, three parameters a, b, c have been 
estimated.

Kalman filter can be implemented for curved lane detec-
tion by using the matrix form. Where state transition matrix 

(16)y = ax2 + bx + c

(17)

⎧
⎪⎨⎪⎩

yk−1 = ax2
k−1

+ bx1
k−1

+ cx0
k−1

yk = ax2
k
+ bx1

k
+ cx0

k

yk+1 = ax2
k+1

+ bx1
k+1

+ cx0
k+1

(18)
⎡⎢⎢⎣

x2
k−1

x1
k−1

x0
k−1

x2
k

x1
k

x0
k

x2
k+1

x1
k+1

x0
k+1

⎤⎥⎥⎦

⎡⎢⎢⎣

a

b

c

⎤⎥⎥⎦
=

⎡⎢⎢⎣

yk−1
yk
yk+1

⎤⎥⎥⎦

(19)
⎡⎢⎢⎣

a

b

c

⎤⎥⎥⎦
=

⎛⎜⎜⎝
inv

⎡⎢⎢⎣

x2
k−1

x1
k−1

x0
k−1

x2
k

x1
k

x0
k

x2
k+1

x1
k+1

x0
k+1

⎤⎥⎥⎦

⎞⎟⎟⎠

⎡⎢⎢⎣

yk−1
yk
yk+1
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(F) and measurement transition matrix (H) and. The equa-
tion for the same is defined by Eq. 19.

w h e r e 

�
Yk
�
=

⎡⎢⎢⎢⎣

yk−1

yk

yk+1

⎤⎥⎥⎥⎦
⋯

�
Hk

�
=
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x2
k−1

x1
k−1

x0
k−1

x2
k

x1
k

x0
k

x2
k+1

x1
k+1

x0
k+1

⎤⎥⎥⎥⎦
, and

�
x−
k�k−1

�
=

⎡⎢⎢⎢⎣

a

b

c

⎤
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.

Equation (20) represents the prediction of state and error 
covariance matrix used by the Kalman filter. Prediction step 
and correction of covariance matrix are the two steps used 
for Kalman filter.

In Eq. (20), Pk|k−1 represents the predicted state covari-
ance. The correction steps for the Kalman filter are defined 
by Eqs. (21), (22), (23) and (24).

In Eq. (21) and (22), Gx represents the gain of the Kalman 
filter, x−

k
 denotes the posteriori estimate state, and Pk denotes 

covariance matrix of a posteriori estimate error Eq. (25).

(20)
[
Yk
]
=
[
Hk

][
x−
k|k−1

]

(21)
Pk|k−1 = Fk−1Pk−1F

T
k−1

+ Qk−1 where Fk−1 =
�f
(
xk−1

)
�x

|x = x−
k−1

(22)
Gx = Pk|k−1HT

k

(
HkPk|k−1HT

k
+ Rk

)−1
, where Hk =

�h
(
xk
)

�x
|x = x−

k|k−1

(23)x−
k
= x−

k|k−1 + Gk

(
Gk − h

(
x−
k|k−1

))

(24)
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Fig. 4  Framework of proposed curved lane detection
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Sliding window search

Left lane and right lanes are accurately detected by identi-
fying region of interest and applying the perspective trans-
form. Sliding window search is applied to detect the left lane 
and right lane of the road [66–68]. Figure 26a, b shows the 
results of left lane and right lane by perspective transform 
and sliding window search.

The literature survey discussed in the previous section 
shows that there are various methods for straight and curved 
lane detection for identifying lane lines. Though, these meth-
ods produce better accuracy results for lane line detection. 

(25)Pk =
(
1 − GkHk

)
Pk|k−1

However, the weaknesses of the existing methods have also 
been improved for better outcomes, such as lane detection 
accuracy in various weather conditions. The proposed meth-
ods use the optimization of the Hough transform and the 
extended Kalman filter to enhance the performance of the 
lane detection further. The proposed methods have been sim-
ulated on the TuSimple datasets to analyze the performance 
of the lane detection. The comparisons have been made with 
existing methods to demonstrate the robustness and effec-
tiveness of the proposed methods in different environments. 
These methods show a significant improvement in the results 
of lane detection compared to the existing methods.

Results and discussion

The proposed algorithms for straight lane and curved lane 
lines have been implemented in Python programming lan-
guage using Open CV library.

Performance evaluation metrics for proposed work

The effective and accurate extraction of lane features is the 
most significant part of lane detection system. The process 
of lane analysis is influenced by the accuracy estimation of 
lane feature extraction. The inaccurate lane detection of road 
model system will not work for real-time lane time detec-
tion system. The impact of incorrect lane features will affect 
the performance of lane detection system. Therefore, the 
analysis of the accuracy for lane detection system is needed 

Table 1  Metrics of performance evaluation parameters

Performance metrics

Accuracy(ACC) =
TP+TN

TP+TN+FP+FN

Recall(R) =
TP

TP+FN

FalseNegativeRate(FNR) = 1.00 − R

Pr ecision(P) =
TP

TP+FP

FalsePositiveRate(FPR) = 1.00 − P

F1score =
2 P

RP + R

MeanAveragePr ecision(mAP) =
1

N

i=1∑
N

APi

Fig. 5  Input image
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to ensure the reliability of the lane detection system, and it 
also improves the performance of the lane detection system. 

TuSimple dataset images are used for testing the proposed 
algorithms Fig. 4. With respect to the detected lane charac-
teristics in an input image frame, the TP, TN, FP, and FN 
denote the number of true positives, true negatives, false 
positives, and false negatives, respectively. These are the 
most common metrics for the evaluation of performance in 
the image processing Table 1.

Straight lane detection

In the previous section, the proposed lane detection algo-
rithm for straight lane line of the road has been discussed. 
The simulation has been carried out on the road image to 
find the straight lane lines. Figure 5 is used as an input 
image, and then, it is converted to grayscale image; the out-
put after conversion from input image to grayscale image is 
enhanced image. Figure 6 represents the grayscale converted 
image. Noise can be removed by applying the Gaussian filter 
for better result. Figure 7 is showing the result after apply-
ing the Gaussian filter. In the second stage, edge extraction 
is done using Canny edge detector. Figure 8 is the result of 
Canny edge detection algorithm, which detects the edges of 
boundary of an object. Figure 9 shows the result of Canny 
edge detector with color segmentation to indicate the lanes 
clearly. But adaptive area is to be selected to identify the 
lanes of the road line, and the resultant image after selecting 
the region of interest is shown in Fig. 10. The Bit-wise AND 
operation is performed to find the lane lines of the road, and 
the same is shown in Fig. 11. Finally, the Hough transform is 
used to identify the straight lane lines of the road. Figure 12 
shows the detected lines using Hough transform on black 
image. Further, the result of lane detected on black image is 
blended to an original color image by adding weight to the 
sum of color image with the line image. Figure 13 shows 
the result of lane detection on to the original color image by 
blending the lane detected images on black image.

Figure 14 shows the final output of lane detection using 
Hough transform, which is the optimized result received 
from the previous step. The final output is obtained by aver-
aging the lane lines detected by the Hough transform.

The lane detection accuracy of the proposed algorithm 
while compared with the existing traditional algorithm gives 
better performance. Table 2 shows the comparison of the 
proposed algorithm with the existing approaches, and the 
same is shown graphically in Fig. 15a, b.

Curved lane detection

Identifying the curvy lane lines on the road is the most 
challenging tasks. This process involves the basic pre-pro-
cessing, Hough transform, Sobel thresholding, perspective 
transform and finally the Kalman filter to track the lane lines. 
The simulation results for this proposed work are divided 

Fig. 6  Converted grayscale

Fig. 7  Gaussian filter image
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into two parts, pre-processing the image by removing the 
distortion and by adding HSV and HSL color conversion 
to improve the accuracy of the lane detection. Figure 16a, 
c is the original images. Figure 16b, d illustrates the result 
of undistorted images, and figs. 17, 18 depict the results of 
color transform images during basic pre-processing. In the 
next step, draw the polygons on the lane lines to achieve the 
better result by using the Hough transform. Figure 19a, c 
shows the result of polygon image using Hough transform 
and as shown in Fig. 19b, d the result of unwarped images 
using perspective transform. Figure 20 shows the result of 

Sobel edge detected images of unwarped images. Figure 21 
is the result of lane lines using extended Kalman filter for 
identifying and tracking the lane lines. Figure 22 shows the 
warped image of the original image. At the end, left lane 
and right lane of the road can be identified by sliding win-
dow search. Figure 23a, b shows the result of perspective 
and sliding window search method, respectively. Finally, 
Fig. 24 shows the outcome of the lane detection of the pro-
posed algorithm along with the left and right curvature. The 
radius of curvature is also calculated to compute the vehicle 
position and visualize the direction of the curve lane lines. 

Fig. 8  Canny edge detection algorithm image

Fig. 9  Color space image along with X- and Y-Axis
Fig. 10  Region of interest extraction (ROI)
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Fig. 11  Result of lane lines by ROI
Fig. 12  Result of Hough transform technique

Fig. 13  Lane detection using Hough transform technique



Innovative Infrastructure Solutions (2022) 7: 290 

1 3

Page 15 of 24 290

Figures 25, 26 and 27 show the lane detection results under 
different scenarios Table 3.

The parameters used for the calculation of accuracy and 
performance of proposed curved lane detection algorithm 
are accuracy, precision, recall and F1 score. The simulation 

results based on performance evaluation parameters have 
been compared with the existing traditional algorithms to 
detect lane boundaries of the road lane. The comparative 
analysis and performance are illustrated in, and the same is 
shown graphically in Fig. 28.

The main findings of the proposed work are the results 
obtained after validating the actual road datasets under 
different environments. In the TuSimple dataset, the road 
scenes are visualized through the Hough transform and 
perspective transform techniques which track the lane lines 
effectively. Table 2 and 4 show that the performance of 
the proposed methods gives better results than the exist-
ing traditional methods that we have compared in the result 
and discussion section. The straight lane detection method 

Fig. 14  Road lane lines detection by Hough transform

Table 2  Comparison of processing time and accuracy rate

Parameter Hough transform 
technique [28]

Proposed algorithm

Processing time 15.3 Fps 16.7 Fps
Detection accuracy rate 95.7% 95.7%

Fig.15  (a), (b) The comparative analysis of accuracy of detection rate and processing time
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additionally performs the optimization of the Hough trans-
form, and the curved lane detection method tracks the 
lane lines using the Kalman filter to improve the accuracy 
of the proposed method. The simulation results show the 

robustness of the proposed methods in different illumina-
tions, on highways, and on curvy roads. The effectiveness 
of these lane detecting approaches has long been employed 
to provide lane departure warning, lane-keeping, and driver 

Fig. 16  The original images and corresponding undistorted images

Fig. 17  The result of RGB Red, Green and Blue channel
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assistance systems for intelligent vehicle systems. Conse-
quently, this kind of algorithm has attracted a lot of interest. 
However, the accuracy of the proposed methods still can be 
enhanced for the congested network.

Conclusion and future work

Lane detection has been an active research area in the recent 
past because of its potentially widespread areas of appli-
cations such as driver assistance, lane departure warning, 
and lane-keeping systems. This work proposes efficient 
and effective lane detection methods that facilitate straight 
and curved lane detection for roads. The presented paper 

Fig. 18  The result of HSL Hue, Saturation and Lightness channel

Fig. 19  The result of polygon and corresponding unwarped image usingperspective transforms
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Fig. 20  The result of unwarped image and lane detection by Sobel algorithm

Fig. 21  Curve lane detection using Kalman filter

Fig. 22  The result of warped image
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proposes an algorithm using the Canny edge detection algo-
rithm and the Hough transform technique. Finally, we have 
optimized the Hough transform to improve the lane detec-
tion accuracy rate. Subsequently, a curved lane detection 
algorithm using perspective transform and the Kalman filter 
has been proposed to achieve better accuracy. The proposed 
method for straight lane detection achieves a better detec-
tion accuracy and processing time are 16.7 FPS and 96.3%, 
respectively. The proposed method for curved lane detec-
tion achieves accuracy rate, precision, recall, and F1-score 

are 97.74%, 98.15%, 97.35%, and 97.75%, respectively. 
Finally, the proposed methods have been simulated on 
TuSimple Datasets for straight and curved lane lines. And 
the results obtained confirm that the proposed lane detec-
tion methods achieve better performance than the existing 
ones, such as RANSAC + HSV, Gaussian filter + Hough 
transform, LD + Inverse Perspective, and MSER Algorithm 
HSV-ROI + Hough, Improved LD + Hough. Lane detec-
tion is proved to be the more effective and efficient for road 
boundaries detection.

Fig. 23  Test results of perspective transform and sliding window search

Fig. 24  The final result of detection of lane lines along with left and right curvature
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• In our future work, lane detection to be enhanced for 
making it capable of dealing with the issues congested 
network for real time. The work can be extended for the 
lane detection of the roads which are zigzag in nature. In 
the lane detection system, accurate and effective systems 
are always the significant factors to support advanced 

driver assistance system (ADAS). Therefore, it is always 
a matter of concern to improve the accuracy of the sys-
tems.

• In future, this work can be further extended based on 
the deep learning methods and computer vision technol-
ogy. Many of the existing lane detection algorithms fail 

Fig. 25  Lane detection on highway with sliding window

Fig. 26  The test result of lane detection under low light condition
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Fig. 27  The lane detection result on curvy road

Table 3  The performance of the proposed algorithm for lane detection under different conditions

SNo Different environment Total number of 
frames

Number of detected 
frames

Missed and incor-
rect frame

Detection rate Average process-
ing time per 
frame

1 Highway road 1533 1499 34 97.74% 25.6
2 Tunnel road 1761 1665 96 94.54% 29.8
3 Curvy road 1468 1416 52 96.46% 20.5

Fig. 28  Comparative analysis of proposed algorithm with existing algorithms
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to detect lane lines under complex traffic and low light 
conditions. We will propose an effective lane detection 
method to overcome these shortcomings in our future 
work. The effective lane detection method will employ 
the vertical and contextual spatial features to obtain a 
high detection rate for crowed scenes and occluded lane 
lines. In addition, more contextual information can be 
obtained by feature merging block and information 
exchange block.
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