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Enhancing Autonomous Vehicle )
Navigation Through Computer Vision: e
Techniques for Lane Marker Detection

and Rain Removal

Sarat Chandra Nagavarapu@®, Anuj Abraham ©®), Sihao Li,
and Justin Dauwels

Abstract Autonomous Vehicles (AVs) equipped with camera systems have emerged
as a pivotal solution for smart urban mobility. The escalating demand for AVs empha-
sizes the need to prioritize driving safety, especially in challenging weather con-
ditions like heavy rain. In this context, the accurate perception of environmental
features, notably lane markers, becomes imperative for effective autonomous nav-
igation. Severe weather can lead to camera image degradation, including blur and
loss of details, impacting the accuracy of subsequent image processing. Despite the
prevalence of camera-based methods, sensitivity to environmental noise, such as
rain streaks, poses a challenge, necessitating preprocessing mechanisms like rain
removal to enhance lane detection accuracy. This chapter focuses on the develop-
ment of a vision-based algorithm dedicated to detecting and tracking lane markers,
coupled with an efficient rain streak removal algorithm. A progressive approach to
lane detection on city roads is presented, incorporating sliding windows and Kalman
filter methodologies into a model-based method. Integration of the Kalman filter
has yielded a notable improvement in video processing speeds, from 1.67 to 2.72
frames/s, enhancing overall operational efficiency. Furthermore, a novel neural net-
work structure, amalgamating convolutional neural networks (CNNs) and long short-
term memory (LSTM), is introduced for rain streak removal before performing lane
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marker detection. Comparative analysis against existing methods demonstrates an
average 2.3% improvement in peak signal-to-noise ratio (PSNR) for rain removal
and an 8% enhancement in Google Vision test results.

Keywords Autonomous vehicles + Navigation - Rain removal - Lane marker
detection * Neural networks - Computer vision

1 Introduction

In smart cities and urban transportation applications, AVs have emerged as promi-
nent modes of transportation, revolutionizing the way people move through urban
landscapes [1]. Despite ongoing advancements in autonomous vehicle technology, a
significant challenge yet to be overcome is ensuring safe driving in inclement weather.
Operating autonomous vehicles in less-than-optimal conditions reduces visibility on
the road, increasing the susceptibility of your fleet to potential accidents. The U.S.
Department of Transportation reports an annual average of over 5,891,000 vehicle
crashes [2], with approximately 1,235,000 linked to adverse weather conditions such
as rain, fog, snow, and severe wind. Of these, rainy conditions account for the major-
ity of weather-related accidents, comprising 46% of these crashes. A recent study
by UMTRI, VTTI, GM, and Cruise [3] revealed that human ride-hail drivers in San
Francisco urban areas have a crash rate of 50.5 crashes per million miles (CPMM),
while self-driving cars have a lower rate of 23 CPMM. In the collected data, human
drivers contributed to 69% of crashes, whereas self-driving cars contributed to only
10% of the overall crashes. Regardless of the comparatively low numbers, prioritiz-
ing the safety of autonomous vehicles (AVs) remains critical [4] for their potential
replacement of human driving in the near future.

According to 2021 statistics, the United States experienced 42,939 fatal vehi-
cle crashes, resulting in 37,133 deaths from human-driven vehicles, translating to
12.94 deaths per 100,000 people and 1.37 deaths per 100 million miles traveled [5].
Replacing human-driven vehicles with autonomous vehicles (AVs) could potentially
save nearly 43,000 lives and prevent tens of billions of dollars in accident-related
costs. Additionally, AVs provide significant convenience for long trips, reduce human
effort, and alleviate the monotony of stop-and-go traffic in high-density urban areas.

The advancement of AV technology has led to the development of sophisticated
autonomous cars equipped with advanced sensor systems and state-of-the-art algo-
rithms supporting advanced driver assistance systems (ADAS) [6]. Among various
sensors, camera-based solutions using optical sensors are the most cost-efficient and
reliable for AVs. These cameras, serving as the eyes of autonomous perception and
navigation, detect urban road scenarios such as lane markers, traffic signs, and traf-
fic lights. They help localize road boundaries and identify lane variations and road
geometry. Figure 1 illustrates the AV system framework, highlighting the camera as
a primary sensing element and lane detection as a key component of the perception
subsystem.
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Fig. 1 Autonomous vehicle: subsystems and information flow [7].

In spite of advancements in machine learning algorithms for autonomous naviga-
tion and advanced driver assistance systems (ADAS), diverse driving scenarios, such
as adverse weather conditions like rain, snow, and fog, pose significant challenges.
These conditions can impair visibility and degrade image quality, compromising
vision systems in target tracking, identification, and information retrieval, especially
in heavy rain. Thus, removing rain streaks from camera images is crucial for accurate
lane detection and enhancing the safety of autonomous navigation on urban roads.

At the core of AV operation and navigation is computer vision, which enables
vehicles to accurately perceive and interpret their surroundings. This technology
allows AVs to detect and respond to dynamic obstacles, remove dynamic objects
from the scene [8], recognize traffic signals, and understand road layouts. These
capabilities are essential for ensuring safe and efficient navigation, as computer
vision techniques for lane marker detection and rain removal enable AVs to make
real-time decisions and autonomously navigate complex urban environments. The
following section provides a concise overview of the current advancements in rain
removal and lane marker detection.

1.1 Rain Removal

Rain is a prevalent dynamic weather condition, characterized by rapid and random
spatial distribution of raindrops, often resulting in rain streaks that significantly
degrade visual quality. Research in this area can be categorized into video-based
and single-image-based approaches. Video-based methods use temporal informa-
tion but struggle with camera motion or dynamic scenes [9]. Whereas single-image
methods, the focus of this work, address rain removal using only one image, making
them more practical for common scenarios.
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Video-based rain removal involves detecting and removing rain through visual
models based on rain’s optical and directional properties [10]. Techniques like frame
difference detect raindrops by light intensity changes [11], and frequency-domain
analysis uses rain’s visual characteristics to remove it and restore pixel values [12].
Single-image rain removal employs image decomposition, rain position detection,
and deep learning. Image decomposition separates images into components to isolate
rainy parts using dictionary learning [13] and sparse coding [14]. Rain position
detection refines raindrop positions with methods like Gaussian Mixture models
[15] and image inpainting [16]. Deep learning trains convolutional networks [17]
and uses generative adversarial networks (GANs) [18] to generate rain-free images.

1.2 Lane Marker Detection

In this section, we explore lane marker detection, crucial for AV navigation, advanced
driver assistance systems, and robotics. Despite progress, challenges remain due to
diverse road environments. We review feature-based, model-based, and deep learning
methods for lane marker detection.

Feature-based methods use techniques like line segment detectors (LSD), fuzzy
c-means, and vanishing point voting. A study [19] uses a conjugate Gaussian model
for robustness in various scenarios. Another approach [20] employs LSD and k-
means clustering, effective but time-consuming in complex environments. The Hue-
Saturation-Intensity (HSI) color model [21] is robust in shadows but not in low light.
A method for worn roads [22] estimates vanishing points and uses Gabor filters for
improved performance.

Model-based methods establish lane line models, using the Hough transform [23]
or least squares methods based on geometric characteristics. These models include
straight lines, hyperbolic curves, parabolas, and spline curves [24]. A B-Snake spline
curve model [25] detects various lane shapes without camera calibration. Another
algorithm [26] uses inverse perspective mapping and the statistical Hough trans-
form (SHT), supplemented by particle filtering, though it may be computationally
intensive.

Deep learning methods show promise for enhancing lane marker detection.
Research focuses on image semantic segmentation, dividing and recognizing image
content. A neural network structure [27] combines classification, detection, and
segmentation with a shared encoder for faster processing. Another approach [28]
employs a fully convolutional network (FCN), integrating convolutional, upsample,
and skip layers for efficient pixel-level recognition. Table | summarizes the advan-
tages and relative efficacy of various methodologies employed in rain removal and
lane marker detection.

The primary focus of this research work includes the following key aspects: (1)
Designing a modified neural network structure, named as rain removal by circulation
(RRBC) that combines CNN [17] and LSTM [29] to remove rain streaks before lane
marker detection and tracking. (2) Developing a progressive method for lane detection
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Table 1 Benefits and effectiveness of rain removal and lane marker detection techniques

Technique category Benefits and effectiveness

Rain removal

Video-based methods | Utilizes temporal information; struggles with camera motion [9]

Single-image methods | Practical for common scenarios; employs deep learning for robustness

[13-18]

Lane marker detection

Feature-based methods | Robust in various scenarios; includes LSD, fuzzy c-means [19, 20]
Model-based methods | Uses Hough transform, effective for geometric lane detection [23-26]

Deep Learning Enhances accuracy with semantic segmentation; utilizes FCN for
methods pixel-level recognition [27, 28]

on city roads by integrating classical Hough transform, sliding windows, and the
Kalman filter approaches into a model-based approach. (3) Conducting experimental
analysis of the proposed techniques with respect to existing techniques from the
literature.

The subsequent sections of this chapter are structured as follows: Sect. 2 presents
the proposed RRBC method for de-raining single images. Section 3 details the imple-
mentation of a basic lane marker detection algorithm using the classical Hough trans-
form. It also introduces a progressive methodology for lane marker detection using
a divide and rule method, and sliding windows. Section4 provides a comparative
analysis of the proposed techniques with existing approaches from the literature.
Finally, Sect.5 concludes the chapter, highlighting potential future directions.

2 De-raining Algorithm for Single Images

For autonomous vehicles operating in adverse weather conditions like rain, it is
crucial to remove rain streaks from images to ensure accurate object detection and
safer navigation. To address this issue, in this section, we introduce a modified neural
network framework that combines CNN and RNN for rain removal. Initially, a CNN
structure is employed to extract rain streak features, and by subtracting these features
from the original image, a rain-free image is obtained at each stage. Next, an RNN
structure passes useful information to the next stage, repeating the process.

Unlike traditional methods that decompose the rainy image into different parts
for processing, our approach trains a model to learn the parameters of a function f,
representing the relationship between the rain image and rain streak layers. The rain
removal is conducted in multiple stages, with each stage removing rain once and using
an LSTM structure to inherit useful feature maps or other relevant information from
the previous stage. This approach effectively removes rain streaks in most scenarios.
The next section elaborates on the rain model, a key element for rain detection in
images and subsequent removal.
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2.1 Rain Model

In real-world environments, raindrops are randomly dispersed in the air, appear-
ing predominantly as rain streaks to humans and cameras alike. These rain streaks,
formed under natural illumination, diminish image clarity by inducing blur. Estab-
lishing a rain streak model in the time domain is typically challenging. Consequently,
the majority of existing literature resorts to frequency domain models, which more
accurately depict rain streak characteristics and closely reflect real-world scenarios.
The blur induced by falling rain can be mathematically represented by an integral in
the time domain [30] as follows:

I(a,z)

gx,y,a,2,6,u) =
0

(x = cos@)y — ) + (y — sin@)y — uy)’
xp ( r0 2.

(D

where p = (ux,14y) represents the coordinate of a rain streak in an image, and 6, b,
l, a, z correspond to the rain streaks’ orientation, width, length, diameter, and its’
distance from the camera.

From the rain streak expression in Eq. (1), the scene model with rain can be
given by

Zg(x’ yaal‘la leaena Mn)’ (2)

n=1

where n, represents the number of rain streaks in a scene. It’s evident that in the time
domain, a rainy image can be represented by the summation of the visual effects of
numerous rain streaks. By performing a discrete fourier transform (DFT) on Eq. (2),
we obtain the model of a rainy image in the frequency domain as

N
{Zg(x Vs s Zns Oy ) }H 3)

n=1

Alternatively, Eq. (3) can be expressed as

N
D NG v, s 20, 0, ) - )

n=1

In Eq.(4), G represents a blurred Gaussian model, and N determines the intensity
of rain in a rainy image. Subsequently, we can construct a standard model of a rainy
scenario in the frequency domain as

Omax Amax Zmaz
R* (u, v, @, Omax, Omin) = ¢ / / / ZIGw, v, a,z,0)dadzdb.  (5)

Omin @min Zmin
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In Eq. (5), ¢ denotes the overall brightness in the image. With these models, we can
create synthetic rainy images and analyse them. In the neural network method, a
common approach is to utilize a rain model to decompose a rainy image O into two
layers: the rainless background layer B and the rain streaks layer R [31].

O=B+R. (6)

The fundamental concept in rain removal is to eliminate the raindrop layer R to
obtain rainless images. Considering various scenarios, such as different directions,
widths, and densities of rain streaks, along with additional factors like fog or poor
illumination, we can incorporate these elements into the model by introducing image
atmosphere illumination conditions. To streamline computation, these elements can
be linked using two different weights based on the layers’ intensity transparencies,

given by
0= (1 - Za,) B+aoC+ Y aRi,
i=0 i=1

n
a; >0, E a; <1,
i—1

where C represents the image’s atmospheric light condition, « is the scene transmis-
sion, and ¢; corresponds to the brightness of different rain layers. The next section
presents the proposed deep learning-based approach for rain removal.

(7

2.2 Rain Removal by Circulation (RRBC)

At first, a CNN structure is used to extract rain features R in the original image.
The rain-free image B is obtained by subtracting R from the original image O.
Since R has a simpler texture and sparse distribution, it is easier to extract using
a neural network. Each layer at each stage represents a type of rain streak, allow-
ing better mapping of rain streaks. Dilated convolution and fully convolutional net-
works (FCN) [32] are employed to capture more texture with a larger receptive field.
Adding a squeeze-and-excitation (SE) block [33] to each layer allows for separate
weighting of different dimension feature maps, improving accuracy. This method
divides R into several layers, with each stage of the framework removing one type of
rain streak through recursive removal, hence the name, rain removal by circulation
(RRBCQ). Figure?2 illustrates the steps involved in the rain removal model using a
flow chart.

It assumes that each layer’s rain has the same direction, shape, and lighting con-
ditions. We can use a function f to represent the relationship between the original
image O and the rain streak R. The loss function to assess the model performance
is given by:
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Fig. 2 Rain Removal By
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chart
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where R,, = (0,,, X,,_1), and O, = O — R,,,_;. 9)

Here, X,, denotes the feature map of the mth stage, O,, represents the output of the
mth stage, which is also the input for the next stage, and R, signifies the predicted

rain streaks for the mth stage.
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2.2.1 Neural Network Structure

The neural network structure of the RRBC encompasses both CNN and RNN struc-
tures. Unlike standard RNNs, LSTM is utilized to tackle gradient disappearance
during backpropagation. LSTM’s multiple gates allow for effective information
retention and selective processing, addressing challenges like removing randomly
distributed rain streaks. Given CNN and RNN’s broad applicability, this section
focuses on their fundamental concepts and rationale for their inclusion in this frame-
work.

2.2.2 CNN Structure

CNN is a supervised network model that uses convolution kernels to extract features.
Its core concepts include local receptive fields, weight sharing, and down-sampling
to achieve displacement, scale, and property invariance. A typical CNN consists
of convolution layers, pooling layers, and activation functions. Convolution acts
as an image-processing kernel that enhances certain features and reduces noise. The
parameters of the convolution kernel determine the features extracted, and the result-
ing feature maps reflect specific image characteristics. Each layer has multiple feature
maps, with each map containing multiple neurons. Ann X m x ¢ image convoluted
with b numbers of a x a x c kernels, whichyieldsa L x L x b feature map. Pooling
averages convolution features to reduce the hidden layers’ feature dimensions.

This work uses a FCN [32] combined with SE blocks [33]. FCNs replace fully
connected layers with convolution layers, enabling pixel-level classification and end-
to-end training. Unlike normal CNNs, which output a probability vector, FCNs output
alabel image, retaining CNN’s strengths such as automatic multi-level feature extrac-
tion. Shallower convolution layers learn local features with small receptive fields,
while deeper layers learn more abstract features with larger receptive fields, making
them less sensitive to object size, position, and orientation. Convnets operate on local
regions based on corresponding coordinates, ensuring translation invariance.

We use the sigmoid (sigm) and hypertan (fanh) activation functions to endow the
neural network with nonlinear expression capability, enhancing useful signals while
suppressing unnecessary ones, as shown below:

igm: Fx) = ———. 10
sign: Fx) = 1—— (10)
tanh : F(x) e (an

N X)) = —.
et +e*

The structure of FCN is detailed in Table 2, with a depth value set to 7. To increase
the receptive field, the dilation of kernels expands exponentially from layers L, to
Ls. This larger receptive field enables the neural network to extract more contextual
information. The first and last layers are designated as special layers: the first layer
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Table 2 Structure of FCN

Layer 1 2 3 4 5 6 7
Convolution 3x3 3x3 3x3 3x3 3x3 3x3 1 x1
Dilation 1 2 4 8 16 1 1
Receptive field |3 x 3 5x5 Tx7 9x9 11 x11 |13 x13 |[I5x 15
Using SE v v v v v v X

encodes the image into a feature map, and the last layer decodes it back. As it is an
FCN network, we use 3 x 3 convolutions in all layers except the last one. The last
layeruses a 1 x 1 convolution to recover the RGB channels of the color images, and
this is the only layer where the convolution operation is not followed by a non-linear
operation. Feature maps are crucial for capturing and retaining rain streak layers, so
we apply SE blocks to assign different weights («;) to each rain streak layer. This
assigns varying weights to each channel in each layer, with more useful channels
receiving larger weights to retain more information in the feature map.

2.2.3 RNN Structure

The previous structure faced gradient vanishing and disappearance issues, where
early inputs had minimal impact on the network due to structural constraints. The
LSTM structure, with its forget, input, and output gates, mitigates these problems
by retaining useful information. While gated recurrent units (GRU) [34] and LSTM
perform similarly depending on the task, LSTM’s output gate allows longer retention
of hidden states, making it more effective for larger datasets. LSTM is a prominent
recurrent neural network structure widely used in speech recognition, image cap-
tioning, and translation. In this thesis, combining GRU with CNN led to overfitting
and poor performance on the synthetic dataset. To address this, dropout is applied to
the structure. The feature map X,,, of the nth layer and mth stage is computed using
the feature map X,,_1, from the same layer in the previous stage and X,,,—; from
the previous layer in the same stage, as shown in the following formula:

[ =sigm (Wixp ' + Ulxl_ 4+ b)), (12)
in = sigm (Wx 4+ UPxl_ 4+ b)) (13)
on = sigm (Wix,™h + Ulx_, + L), (14)

= tanh (W/x) ' + Ulx)_| + D)), (15)

n __ rn n N i
Cn = Jm Gcmfl +lm QCfn’ (16)
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h), = o), O tanh (c},) (17
ht = x", (18)

where, sigm and tanh are the activation functions, © represents element-wise multi-
plication, W denotes dilated convolutional kernels, and U is a fixed size kernel.

The depth of the gradient is the product of the activation functions’ partial deriva-
tives. If these partial derivatives are very small (< 1) or zero, the gradient may vanish
over time. Conversely, if the partial derivatives are large (> 1), the gradient is likely to
explode. This makes gradient calculation and updating challenging. LSTM addresses
this by using gate functions to selectively pass information. Each gate consists of a
sigmoid unit and an element-wise product operation. The sigmoid unit outputs values
between 0 and 1 to decide which states or information should pass or be blocked.
When the gate opens, the gradient remains close to 1, preventing vanishing gradients.
Gradients will only explode if the sigmoid output exceeds 1, otherwise, they remain
stable.

The next section outlines the background for lane marker detection, forming the
foundation of the progressive lane marker detection algorithm.

3 Lane Marker Detection

Traditional lane marker detection involves steps such as grayscale conversion, Canny
edge detection, Gaussian blur, and the Hough transform. While widely used for its
convenience, this approach has drawbacks in terms of robustness and speed. To
address these issues, we propose a progressive lane marker detection algorithm. Ini-
tially, distortion is removed from the RGB image. Based on the characteristics of
highway lane markers, various filtering, color threshold, and morphological oper-
ations are applied to produce a binary image. The sliding windows and histogram
method are then used to identify the lane markers. For video-based detection, the
Kalman filter algorithm estimates the position of lane markers in the next frame,
reducing computation and speeding up the process. This progressive algorithm offers
enhanced reliability and robustness. The following sections present the implemen-
tation details of these two algorithms.

3.1 Basic Lane Marker Detection

This section discusses the theoretical concepts underlying the basic lane marker
detection algorithm. It offers a succinct overview of the techniques integrated into
the algorithm, and Fig. 3 depicts the sequential implementation of these using a flow
chart.

Each phase involved in lane marker detection and the algorithmic details are
thoroughly explained in the following sections.
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Fig. 3 Basic Lane Marker
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3.1.1 Grayscale Conversion

Converting images to grayscale reduces the computational load for image processing
by eliminating less critical information and mitigating environmental influences. In
an RGB image, the R, G, and B components range from 0 to 255 and combine to form
different color shades. Directly processing color images requires extensive compu-
tation and is highly sensitive to illumination and environmental conditions. In this
work, we used OpenCYV for grayscale conversion employing the weighted average
method. Considering human eye sensitivity, with green being the most sensitive and
blue the least, the weights assigned are as follows: the weight of green (G) is the
highest, while blue (B) receives the smallest weight.

3.1.2 Edge Detection

For edge detection, we employed the Canny edge detection algorithm [35]. Canny
edge detection is a multi-stage algorithm used for identifying the edges of lane
markers in a single image. It involves applying Gaussian blur to reduce noise, finding
intensity gradients to detect edges, and using non-maximum suppression to thin
out the edges, followed by hysteresis threshold to track and link edge pixels. This
technique effectively highlights the lane markers by emphasizing their boundaries,
making them easier to detect and track.
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3.1.3 Gaussian Filtering

The Gaussian filter is a type of linear filter that weights image pixels and calculates
their mean, effectively removing noise that follows a normal distribution. Although
similar to mean filtering in principle, the Gaussian filter uses a different kernel with
o representing the width of the kernel. It is primarily used for images with a high
signal-to-noise ratio (SNR). The Gaussian filter can be represented as:

,r2+y2

glx,y)=e . 19)

3.1.4 Region of Interest

In most car-mounted camera images captured during motion, a fitting model can
represent the lane markers. Parameters of this model include the lane marker coor-
dinates, the distance between the center line and lane markers at the image bottom,
the distance from the vanishing point to the image bottom, and the image height and
width. Setting the region of interest (ROI) to the area below 0.4 * H of the image is
reasonable, as most lane markers are located here. This ROI reduces the detection
area and computation while eliminating interference from backgrounds like the sky,
trees, and buildings.

3.1.5 The Hough Transform

The Hough transform [36] is a robust feature extraction technique widely used in
lane marker detection. It converts each point in the image space to a corresponding
line in the parameter space. Points on the same line in image space will intersect at a
single point in parameter space. In Hough space, a sinusoidal curve represents points
in image space, forming a 2-dimensional parametric space with coordinates (p, 6).
Here, p is the distance from the line to the origin, and 6 is the angle between the line
and the x-axis.

In this work, we have employed the probabilistic Hough transform (PHT) [37]
for feature extraction. PHT is an enhanced version of the standard Hough transform,
which reduces computational complexity by randomly sampling a subset of edge
points rather than considering all of them. This method increases efficiency while
maintaining robustness in detecting features such as lines in an image. The PHT
outputs all the lines in the image when an accumulator bin reaches the predefined
threshold. In addition to defining the image width and height, it’s possible to set lane
length limits, ensuring detection exclusively of lanes with specified lengths.

The basic lane marker detection algorithm performs well under good visibility
conditions. The classical Hough transform effectively detects straight lines, but set-
ting its parameters is often tricky, requiring testing and tuning based on road condi-
tions. However, on curved roads, its performance diminishes, often misinterpreting
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(a) Straight Lane with White Markings (b) Straight Lane with Yellow Markings (c¢) Curved Lane with Yellow Markings

Fig. 4 Basic Lane Marker Detection Algorithm: Drawback
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curves as straight lines. Figure4 illustrates the performance of basic lane marker
detection and its limitations when applied to a curved road scenario.

This underscores the need to address this issue by proposing an improved and
novel lane marker detection approach.

3.2 Progressive Lane Marker Detection

Figure 5 illustrates the algorithmic flowchart of the progressive lane marker detection.
This improved algorithm significantly enhances performance and detects various
types of lane markers under different lighting conditions. The implementation of
several new techniques as part of the lane marker detection phase allows the algorithm
to run faster and more accurately.
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3.2.1 Inverse Perspective Mapping

Camera systems are commonly mounted on top of autonomous vehicles to provide
an unobstructed view of the surroundings. In the original images, parallel lane lines
appear to intersect due to the perspective factor, and the distance between them
decreases with increasing distance. This perspective distortion can hinder lane marker
detection and tracking. To address this, we use OpenCV to apply inverse perspective
mapping [38], converting the image to a bird’s-eye view. Calibration provides the
camera’s intrinsic (focal length and optical center) and extrinsic (yaw angle, pitch
angle, and camera altitude) parameters. This transformation eliminates perspective
distortion, making lane markers appear parallel and vertical, assuming a mostly flat
road surface. Consequently, the Hough transform algorithm becomes more accurate
and faster, reducing processing time.

We denote the optical center as C, the focal length as f, the pitch angle as «, the
yaw angle as B, and the altitude as /. The camera coordinate is represented as {F}
={X,, Y., Z.}, the image coordinate as {F;} = {u, v}, and the world coordinate (base
frame) as {F,} = {Xy, Y, Zy,}. The horizontal focal length is denoted as f,, and
the vertical focal length as f,. The optical center is represented by {C,, C,}. The
trigonometric functions are denoted as C; = cos(), S| = sin(«), C; = cos(8), and
S, = sin(B). We apply the homogeneous transformation 7 to obtain the road plane
projection point Pyorg Of point Piyage = {u, v, 1, 1} in the image plane [39] which
is given by:

—5C 78518 $C.Cr— 7G58 —CiS 0

/

1 1 i
iﬁl‘;“‘iT=h fTSz f_ulS‘C' _EC”SZ_I ECUS]CQ—C]CZO 20)
& 0 TCI —chcl + 5 0
1 1 1
0 —h—ﬂCI h—ﬂCvCl — 35 0
And the relationship between Pyong, Pimage and the transformation mfgl‘éT is,
Pworld = i?nfégTPimage . (21)
Also Pyorg = {u, v, —h, 1}. Using this, the inverse of the transformation i‘fn‘;rg}‘elT
can be represented as,
fuC+C,C18, C,CiCr— 812 fy -CyS 0
image. 85 (CyCy — fu81) C2 (CyCr — fuS1) —foC1 — G851 0 22)
world C1S, C\C -5 0
C1S C\C, -5 0

By applying this transformation matrix, we can obtain the Inverse Perspective
Mapping (IPM) of the original image.
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3.2.2 Calibration

When using a camera, three-dimensional objects are represented as two-dimensional
images. However, this conversion can introduce radial distortions, such as the barrel
or the pincushion distortions, typically caused by the camera lens. These distortions
can bend or shift the position of objects in the image. OpenCV can be used to correct
these distortions, improving the accuracy and speed of lane marker detection. The
following formula can be used to correct radial distortion:

Xeomected = X (1 +kir® +kor* + ksr®) , (23)
Yeoeeiea = ¥ (1 4+ kir? 4+ kor* 4+ ksr®) (24)

and the tangential distortion can be corrected by,
Xeorrected = X + [2p1xy + pa (r? 4+ 2x7)], (25)

Yeorrected = Y + [pl (rz + 2)72) + 2PZXy] > (26)

where {x, y} correspond to the original image points, { X orrected> Ycorrected} TEPresent
the corrected image points, r represents the radial distance from the center of distor-
tion, and {k1, k», k3, p1, p>} are the distortion coefficients.

Before calibration, chessboard images captured by the camera from various posi-
tions and angles can be utilized to obtain the calibration matrix (distortion coeffi-
cients) and camera parameters necessary for IPM.

3.2.3 Filtering

Noise reduction is crucial for accurate lane marker detection. This involves adaptive
filtering, color thresholding, and morphological operations. For the Udacity dataset
(US roads), lane markers are either white or yellow, with distinct brightness, satura-
tion, and hue from the road, and are not always continuous.

Different algorithms suit different conditions; extensive experimentation is needed
for optimal preprocessing. Analyzing color channels in various color spaces helps
separate lane markers from the background. The ‘b’ channel in the LAB color space
effectively isolates yellow lane markers, while the ‘R’ channel in RGB and HSL
spaces works well for white markers.

Morphological processing, particularly the fop-hat transform, enhances feature
extraction by emphasizing lane markers and reducing noise. The fop-hat transform
is defined as:

Output_image = top-hat(src, element) = src — open(src, element) 27
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The morphological opening operation, open for source A and element B can be
expressed as:
AoB=(AO®B)® B (28)

The open operation enlarges cracks or local low-luminance regions, and subtracting
the opened image from the original highlights areas brighter than their surroundings.
To isolate lane markers and remove unwanted bright objects, we apply the rop-hat
operation on the isolated color channels. This operation keeps features smaller than
the structuring element and brighter than their neighborhood pixels. The kernel size
should be larger than the lane markers but as small as possible to effectively remove
large and bright objects.

3.24 Thresholding

Threshold values are crucial for lane marker detection as they help reduce noise.
Otsu’s thresholding is popular but computes all possible values to find the best one,
aiming to maximize inter-class variance. However, it can’t set low thresholds based on
varying image intensities, making it ineffective for objects with different brightness
or saturation under varying illumination. Instead, adaptive thresholds can be used
to extract lane markers, adjusting based on the characteristics of the center pixel’s
neighborhood.

Adaptive thresholding is useful for images with isolated bright areas like sunshine
or car taillights, which can skew global thresholds. It calculates thresholds based on
small image regions, adapting to varying illumination. In these regions, a pixel is
selected if its value exceeds the weighted sum of its neighborhood. However, adaptive
thresholding may fail by preserving the contours of bright areas surrounded by darker
regions, retaining noise. This occurs because it focuses only on pixels brighter than
their neighbors, whereas lane markers are typically surrounded by darker regions.

To address this, a modified adaptive threshold uses a cross-shaped kernel to com-
pute average intensities for the left, right, up, and down directions. A pixel is selected
if it has a higher intensity than its vertical or horizontal neighbors, filtering out irrel-
evant bright areas. This method suppresses shadows cast by objects like guardrails,
improving clarity by ensuring only true lane markers pass the threshold. Addition-
ally, top-hat morphology achieves similar results by eliminating bright shapes under
varying illumination conditions.

3.2.5 Fitting Techniques

After thresholding, we can use a quadratic equation to fit the lane lines. The least
squares method, a widely used optimization technique, minimizes the square of
the errors to find the best-fitting lines for a set of points. This method ensures the
smallest square error between the fitting points and actual points. First, we sum all
the column pixel values to locate the highest sums on the left-hand and right-hand
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sides. To improve accuracy, calculations are restricted to the region of interest. If the
top of the images is overly stretched, summing only the bottom part of the images
can yield more accurate results.

Next, we select the location with the highest value to start searching for valid
points. Using nine small sliding windows, we identify the positions of valid pixels,
which correspond to the white pixels in the images. These valid pixels are then
collected into a set R shown as,

R = {(x1, y1), (x2, y2) , (x3, ¥3) -+ (X, )} - (29)
Next, we use a polynomial y to fit all the collected valid points,
y=f(x) = a1x + apx* +az3x> + - - + ax". (30)

Not all the valid points can be perfectly fit; some will have a minor sum of squared

errors, given by
s = min (Z i — f (xi)]2> €29
i=1

After implementing the one-window fitting, we calculate the mean of non-zero
pixels’ x-axis values of the last windows to determine the starting point for the next
sliding windows search. To minimize computation, a second-order polynomial is
used to fit the lane markers. Based on the distance from the center line and detected
pixels, we can differentiate between the right and left lane markers. The relationship
among distance d, detected pixel P, and the image center line /ceper iS given by,

d =Py —lcenter- (32)

In Eq.(32), if d < 0, it indicates that the pixels belong to the left-hand side, while
d > 0 signifies that the pixels belong to the right-hand side.

3.2.6 The Kalman Filter

In video processing, the Kalman filter [40] concept can optimize lane marker detec-
tion by utilizing information from previous frames to guide the detection in subse-
quent frames. This approach assumes the continuity of lane lines between frames,
allowing for faster and more robust detection. When previous frame information is
unavailable, a sliding window method is employed to search for lane markers across
the entire image or region of interest. Two separate sliding windows, one for each
side (left and right), traverse from the bottom to the top of the image. These win-
dows can slide horizontally within a predefined range. Typically, the starting points
for these windows are determined by the mean values of the horizontal locations of
valid pixels found in the previous search windows.
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The width, height, and lateral displacement limits of these windows can be
adjusted manually, affecting the performance of the detection process. In this case,
a total of nine sliding windows were chosen based on experimentation to optimize
performance. However, when past frame data is accessible, the search area can be
narrowed, reducing processing time and enhancing robustness. By integrating the
Kalman filter, the processing speed increased from 1.67 to 2.72 frames/s.

4 Simulation Results

The proposed rain removal, basic, and progressive lane marker detection algorithms
have been implemented using OpenCV on a Linux-based computer with an 8-core
Intel processor, 16 GB of RAM, and an inbuilt NVIDIA GPU. The Udacity dataset
[41] has been used to evaluate the algorithmic performance. We use mean squared
error (MSE) and PSNR as metrics for assessment, where MSE quantifies the average
squared differences between the original and processed images, and PSNR mea-
sures the quality of the processed image relative to the original, with higher values
indicating better performance.

Image quality encompasses two main aspects: fidelity and intelligibility. To eval-
uate images after rain removal, we use both objective and subjective benchmarks.
Objectively, the PSNR quantifies the results effectively, representing the logarithmic
measure of the mean squared error between the original and processed images rela-
tive to the square of the maximum possible pixel value, i.e., (2" — 1)2. Itis expressed
in decibels (dB) and calculated as follows:

S (- £7)
M x N x3

MSE =

) (33)

where, M and N correspond to the number of rows and columns in the image, the
factor of 3 in the denominator accounts for the three color channels (R, G, B), f;;
and fl’; are the pixel values at position (7, j) in the original and processed images,
respectively.

2" —1)°

PSNR =10 x Ig USE (34)

where 7 is the bit depth of the image.

Indeed, PSNR calculations typically use n = 8 for 8-bit images, and the denom-
inator of MSE is 3 for color images. A higher PSNR indicates better algorithm
performance, implying more effective removal of rain from the original images.
However, it’s important to note that PSNR values may not always align perfectly
with human visual perception. Sometimes, a lower PSNR value can correspond to
better visual results as perceived by humans.

Figure 6 illustrates the performance of three methods (a) CNN with GRU, (b)
CNN with LSTM (depth five), and (c) CNN with LSTM (depth seven) under good
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illumination conditions with small rain streaks against the original image for visual
comparison. In such scenarios, all three methods perform similarly well, effectively
recovering details from the original image without introducing blur. This is attributed
to the sparse nature of rain streaks in these images, which contain minimal infor-
mation. However, the LSTM-based approach preserves more background details
compared to the GRU method, resulting in less blur in the final output under dark
and high-contrast environments.

Table 3 indicates that the PSNR values, which signify image quality (higher values
denote better performance), are consistently higher for LSTM compared to GRU,
irrespective of whether it’s the fifth or seventh depth. The overall average numbers
suggest that LSTM outperforms GRU in this image group, demonstrating superior
performance in terms of image quality.

(a) Original Image (b) Derained with GRU (c) Derained with 5% LSTM (d) Derained with 7 LSTM

(a) Original Image (b) Derained with GRU (c¢) Derained with 5% LSTM (d) Derained with 7% L.STM

Fig. 6 Deraining using various methods
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Figure7 visually demonstrates the clearer depiction of lane markers post-rain
removal, significantly aiding in their detection. Table 4 underscores this improvement
by revealing higher PSNR values after rain streak removal, facilitating enhanced lane
marker detection.

From the Google Vision platform test, as shown in Fig. 8, the original lane detec-
tion probability was 0.6552. After implementing the progressive derain method, the
lane detection probability in the rain-free image increased to 0.7098. It is evident that
after removing rain streaks, the Google Vision test results show a 9% increase in con-
fidence for lane marker prediction and improvements in various other related metrics.

In our experiments, we observed significant improvements in both processing
speed and algorithmic performance. Figure9 demonstrates that the progressive
algorithm accurately detects lane markers under various road and illumination con-
ditions, including normal light, shadows, road repairs, false lane markings, curves,
and strong light.

This shows the robustness of the algorithm, which can detect nearly all lane
markers under diverse conditions. By applying different color space thresholding
and validity tests, it successfully distinguishes real lane markers from false ones. By

Table 3 PSNR values of deraining among different images

Algorithm 1 2 3 4 Average
GRU 26.64 28.76 20.07 21.73 24.3

5th LSTM 26.97 28.93 20.56 21.80 24.56
7th LSTM 27.84 29.05 20.97 22.45 25.07

(a) Original image (b) Rain free image (a) Original image (b) Rain free image

Fig. 7 Lane marker detection post image deraining

Table 4 PSNR values of lane marker detection in derained images

Algorithm 1 2 3 4 Average
GRU 3331 30.41 31.80 27.17 30.67
5th LSTM 33.26 30.99 32.17 27.19 30.90
7th LSTM 33.76 31.01 32.71 27.76 31.31




188

dorain tost2jpg

S. C. Nagavarapu et al.

Web Entities Web Entities
Car 07674  Car 0.9507
Vehicle 07132 ghicle 0.7164
Self-driving car 06864 | oo 0.7089
cane 06552 Self-driving car 0.7063
Image 0.6549 L
, Computer vision 0.6714
Udacity 0.5907 |
Lane departure warning system 0.573 nAgs: L
c o Lane departure warning system 0.5078
omputer vision 0.5559
Road oszs  Driving 0.5173
Driving 04337 Road 0.8069
Camera 03891 Digital image processing 0.4972
Line detection 03ss9  Line detection 0.423
(a) Image with Rain (b) Derained Image
Road 99%  Road 100%
Highway 98%  Highway 99%
Asphalt 94% Asphalt 96%
Infrastructure 86%  Lane 92%
Line 83% Road Trip 89%
Sky 82%  Thoroughfare 89%
Freeway 82% Infrastructure 88%
Thoroughfare 82% Freeway 88%
(a) Image with Rain (b) Derained Image

Fig. 8 Google vision test results for raining and deraining

incorporating the Kalman filter into the video processing, the video processing speed

increased from 1.67 to 2.72 frames per second.

(a) Straight Lane & Normal Light

(e) Lane with Small Turn

(f) Turn & False Marking

(b) Light and Shadows

(g) Large Turn & Good Light

Fig. 9 Results for Progressive Lane Marker Detection Algorithm & use cases

(h) Large Turn & Shadows
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5 Concluding Remarks and Future Outlook

In this chapter, we have presented novel approaches for lane marker detection and
rain removal for AV navigation. The fusion of CNN with LSTM for rain removal
has exhibited notable advancements in algorithmic performance and rain removal
accuracy. Furthermore, the progressive lane marker detection algorithm, incorpo-
rating sliding windows and the Kalman filter, demonstrates robust and expedited
performance, thereby improving overall operational efficiency. Simulation results
conducted on diverse test datasets substantiate these findings. An average improve-
ment of 2.3% in PSNR for rain removal and an 8% enhancement in Google Vision
test results have been observed compared to existing techniques.

Although both algorithms perform well in most cases, there exist certain limita-
tions and areas for improvement. In the case of rain removal, the presented approach
is computationally expensive and requires significant GPU time for training the neu-
ral network. Similarly, in the lane marker detection method, the presented approach
may not ensure accurate detection on mountain roads with continuous sharp curves.
These limitations could be addressed by employing advanced GPU hardware for
model training, increasing the number of epochs, and hybridizing various existing
deep-learning models.
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