
Efficient Lateral Lane Position Sensing using Active Contour
Modeling

Collin M. Smith

Thesis submitted to the Faculty of the

Virginia Polytechnic Institute and State University

in partial fulfillment of the requirements for the degree of

Master of Science

in

Mechanical Engineering

Steve C. Southward, PhD, Chair

Alfred L. Wicks, PhD

Amos Lynn Abbott, PhD

November 21, 2024

Blacksburg, Virginia

Keywords: Computer Vision, Lane Tracking, Autonomous Vehicles

Copyright 2025, Collin M. Smith



Collin M. Smith

As research into autonomous vehicles and Advanced Driver Assistance Systems (ADAS) has

grown, research into computer vision techniques to detect objects and lane lines within images

has also grown. The heavier computational load of modern techniques involving neural net-

works and machine learning limits the ability to downscale to cheaper, less computationally-

capable platforms when needed.

The goal of the project is to develop a robust and computationally efficient method to

estimate vehicle position within a lane. A clothoid lane line model based in real-world coor-

dinates is projected into the image pixel-space where a novel approach to image segmentation

and active contour modeling is performed. Another novel approach presented is the use of

velocity as an input from a source outside the algorithm into the process to predict the initial

conditions of the model in the next frame, rather than using the algorithm to produce an

estimate of the velocity as an output to other systems. Validation is performed using the

TuSimple dataset using both ideal and realistic scenarios to evaluate the performance of the

various aspects of the algorithm against the current state-of-the-art methods.
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As interest grows in autonomous driving and systems used to assist drivers on the road,

many techniques have been developed to identify objects of interest in the surrounding envi-

ronment. One of the most common involves neural networks that use images from cameras

to identify targets such as pedestrians, signs, and lane lines. Lane lines are particularly

of interest as vehicle control systems need information on where the car is on the road in

order to properly stay in the lanes. One major downside of the current implementation of

neural networks is that they require more powerful computers and often cannot run on many

cheaper, less capable machines.

This study proposes a method that focuses on using small sections of the image rather than

the entire picture in order to run the algorithm in a computationally efficient manner. A

road model is used to keep track of where the lane is in the image and is updated as new

camera images are provided. This method presents a novel way of selecting information

in the image and using the speed of the car to estimate where the car will be in the next

camera frame. To evaluate the performance of the algorithm, a public dataset of videos is

used to run the algorithm and compare against other methods that have used the same set

of videos.
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As electric vehicles further cement their place in the general car market and become a

more viable option for the general consumer, interest in autonomous vehicles has steadily

grown. Changes in how cars are powered and controlled have started to change how the

communication systems inside of cars are structured and what kinds of sensors are included.

The given problem is that with ever-increasing computational resources being devoted to

computer vision tasks like lane detection and tracking for use in applications such as lane

keeping and warning systems, there is an inability to downscale the current state-of-the-art

methods to smaller, less computationally intensive platforms. The overall goal of the project

is to develop a computationally efficient lane line detection algorithm to track the position of

the vehicle within the lane lines. The goal is that the algorithm can be applied to platforms as

small as a microcontroller with an inexpensive camera while being able to accurately provide

the location of the car in the lane. The algorithm needs to be able to run on inexpensive

hardware, while also maintaining comparable performance with both traditional computer

vision techniques and more modern neural networks/machine learning processes.
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With the expanding interest in autonomous vehicles, a critical function of autonomous driv-

ing is being able to stay in the lane. In order to stay in the lane, the vehicle must be able to

identify where the lane is in relation to where the vehicle is going. Research into lane line

tracking is a diverse and ongoing research field, with many different sensor types and algo-

rithms being utilized to build towards full vehicle autonomy. Some of the common sensors

used include LASER-based sensors such as laser scanners and LIDAR, infrared sensors, and

vision-based sensors such as cameras. A combination of these sensors can be found on many

vehicles today in lane departure warning systems (LDWS). However, in various reviews, the

camera is found to be the predominant sensor used due to the cost and technical details that

are involved with the other sensors as detailed in reviews by Waykole et al. [24], Chen et al.

[6], and Tahir et al. [20].

In terms of algorithms to both identify and track lane lines, there are three main cate-

gories: feature-based, model-based, and learning-based approaches [24]. The feature-based

approaches use visual characteristics of the road such as edges, colors, and image brightness,

which are less sensitive to road shapes, but are more sensitive to things such as illumination

and changes in brightness. With this type of approach, the image is generally preprocessed

(e.g., color to grayscale) then the lane line detection algorithm is implemented. On the other

hand, model-based approaches use road models and fit the model to features on the road.

Generally, these techniques are more robust to illumination effects, but are more sensitive

to road shapes. Many of these techniques involve calculating the vanishing points of road

segments and fitting their model around these points with given information from the im-

age. Common examples of models used include curves such as splines and clothoids. With

learning-based approaches, techniques using tools to identify the lane lines within images are

often linked with controllers such as Model Predictive Controllers (MPCs) to predict where
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the lane will be in the future.

The backbone of many of these feature- and model-based algorithms draw from traditional

computer vision techniques. Edge detection algorithms such as Canny edge detection in

combination with feature extraction techniques such as the Hough transform are commonly

seen in various forms in many implementations [6, 24]. Other techniques also use Inverse Per-

spective Mapping (or Birdseye view projection) [19] to assist in applying edge detection and

feature extraction algorithms. One common algorithm present in model-based techniques is

a method known as active contour modeling (or snakes) [6, 24]. In this approach, once the

lane lines are identified, a cost function is assigned to the image. An energy minimization

technique such as gradient descent can then be applied, allowing the model to move to the

optimal location over a certain number of iterations. One common practice for lane line

identification is to use B-splines as the basis for the model [4, 10, 23].

The more state-of-the-art methods of lane line detection involve neural networks and machine

learning [20]. The process behind neural networks is similar to what you would see in a

human brain, where information is presented to the system to recognize patterns and make

connections, allowing it to better identify information of interest and trends in data [2]. These

programs are often large and computationally intensive, typically requiring more computing

hardware than their traditional computer vision algorithm counterparts. Although there

has been research dedicated to making these methods more computationally efficient for

deployment on microcontrollers [11, 21], it is still an emerging field and other methods are

more often required when using less capable computational hardware.
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The proposed algorithm involves a lane line detection method that uses multiple subsets

of an image to improve computational efficiency while still maintaining comparable results

to more computationally expensive state-of-the-art methods. Lane lines are modeled in 3D

real-world coordinates in order to maintain an understanding of where the vehicle is in the

lane. Both lane lines are tracked using a clothoid-based model that is updated with each new

camera frame. The model is defined using real-world coordinates with respect to the camera

on the car, and are projected into the image pixel space using a homography transformation.

The lane lines are then estimated in the image and gradient descent is used to converge

the model to the estimated lane locations. To aid in updating the clothoid parameters for

future frames, velocity is integrated into the update law to assist in predicting the initial

conditions of the model for the next frame. The general process can be seen in the block

diagram illustration presented in Figure 1.1.

To provide computational guideline requirements, only transformations from the real world

to the image space are allowed, and actions that modify the value of every pixel in the image

are disallowed. The model is updated by selectively searching in a neighborhood around the

model in pixel-space and ignoring the rest of the data in the image, preventing unnecessary

calculations. No other sensors are assumed outside of a reliable source for measuring velocity.

Variable weather conditions (e.g. sunny and overcast) are considered with the exception of

night scenarios. Both lane lines are assumed to be visible and outside brief occlusions due

to passing vehicles and shadows, and the width is assumed to follow road standards. The

lane lines may be solid or dashed.

The proposed method attempts to demonstrate two main contributions. The first is that

regions of interest composed of individual rows of image data can be used to detect and track
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Figure 1.1: Block Diagram of Proposed Solution

lane lines using active contour modeling. This is in contrast to standard image segmenting

techniques that break down the image into larger sections to search for lane lines. The

second is that velocity measurements from sources outside the algorithm can be used to

aid in predicting parameter initial conditions for the next camera image. In contrast to

visual odometry and other techniques that estimate velocity as an output, taking velocity

as an input allows the model to be projected along the road for future frames, theoretically

allowing for the clothoid parameters to be updated and reducing the total convergence time.



Clothoids, also known as Euler or Cornu spirals, are used as the mathematical basis of the

lane line model for the proposed algorithm as roads are designed using them [22]. Clothoids

are used when designing roads as they provide a linear transition for the steering wheel angle

through turns, preventing the driver from having to instantaneously move the steering wheel

to the needed angle and avoiding jerking from the car. The model is based in real-world

3D coordinates relative to the camera’s position on the car, where the x and y coordinates

correspond to the lateral and longitudinal directions of the vehicle in m, respectively.

The equation for the tangent or heading angle at point sn along the clothoid is defined in

Equation 2.1:

�(sn) � �0 + �0sn +
1

2
�ps2

n (2.1)

where �0 is the initial heading angle in rad, k0 is the initial curvature in rad/m, and kp is

the constant curvature rate in rad/m2. The curvature at point sn is defined in Equation 2.2:

� =
d�(sn)

dsn

= �0 + �psn =
1

R(sn)
(2.2)

6
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where R(sn) is the instantaneous radius of curvature in meters at sn. The continuous form

for clothoids is defined in Equations 2.3 and 2.4. [7]

x(sn) = x0 +

Z s

0

cos(�(�))d� (2.3)

y(sn) = y0 +

Z s

0

sin(�(�))d� (2.4)

where x0 and y0 are the initial lateral and longitudinal world coordinates of the clothoid with

respect to the camera. To implement clothoids as the basis for the model in the algorithm, the

clothoid is discretized using N arc lengths over the total arc length or lookahead distance.

Although generally recommended, the arc lengths do not need to be of equal length, as

demonstrated later. The clothoid integrals can be approximated using the Trapezoidal rule

and placed in a recursive form as defined in Equations 2.5 and 2.6.

xn = xn� 1 +
�sn

2

�
(cos(�n) + cos(�n� 1)) (2.5)

yn = yn� 1 +
�sn

2

�
(sin(�n) + sin(�n� 1)) (2.6)

In order to maintain a consistent representation between both lane lines, the assumption is

made that the left and right lane lines have identical clothoid parameters, where the only

difference is the lateral offset between them in world coordinates. In this case, the parameter

vector used to define clothoids is detailed in Equation 2.7.
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pworld =

2

666666666666664

x0;left

x0;right

y0

�0

�0

�p

3

777777777777775

(2.7)

x0;left, x0;right are the lateral starting coordinates of the left and right lane lines, respectively.

y0 is the starting longitudinal coordinate for both the left and right lane lines. �0 is the

initial tangent angle or heading, �0 is the initial curvature, and �p is the constant rate of

curvature through the clothoid. The �0 component of each clothoid is updated according to

the velocity of the car and is discussed more in Section 4.2.

The clothoid is generated in front of the car and is projected ahead to a specific lookahead

distance. Both the left and right lane line models are created using a smaller, finite number

of points (e.g., 15) and are placed starting at x0; y0 and drawn along the clothoid to the

target lookahead distance. The number of points was chosen such that the model could

detect striped road lines while trying to minimize the density of points. In order to maintain

an approximate equal spacing of clothoid coordinates in the image, the points are spaced

logarithmically in real-world coordinates. The desire to maintain an approximate equal

spacing in pixel- or image-space as opposed to real-world coordinates is to maintain equal

weighting across the entire clothoid model during lane line parameter updating. When all

clothoid arc lengths are of equal length in the real world, the clothoid coordinates become

concentrated in the image as the clothoid is drawn towards the vanishing point.

As shown in Figure 2.1, when the clothoid points are spaced equally in real-world coordinates,

as the line extends in front of the car and approaches the vanishing point in the image, the
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