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MOTIVATION

7/21/2023 NSF Grant No. 2150292 & 2150096 3



Vehicle 
Fatalities

N
SF Grant N

o. 2150292 &
 2150096

7/21/2023 4

Carlier, Mathilde. “Fatality Rate per 100,000 U.S. Licensed Drivers.” Statista, 1 Aug. 2022, 
www.statista.com/statistics/191660/fatality-rate-per-100000-licensed-drivers-in-the-us-

since-1988/. 



SAE Levels 
of Driving 
Automation

N
SF Grant N

o. 2150292 &
 2150096

7/21/2023 5

Carlier, Mathilde. “Fatality Rate per 100,000 U.S. Licensed Drivers.” Statista, 1 Aug. 2022, 
www.statista.com/statistics/191660/fatality-rate-per-100000-licensed-drivers-in-the-us-since-1988/. 



Dynamic Weather Conditions
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Ong, Sandy. “At Singapore’s Test Center, Self-Driving Cars Battle Fake Monsoons.” IEEE 
Spectrum, 15 June 2023, spectrum.ieee.org/at-singapores-autonomous-vehicle-test-center-

selfdriving-cars-battle-fake-monsoons. 

“Seeing in the Rain – How Good Is Your AV’s Sensor Performance?” ADAS & Autonomous Vehicle 
International, 30 May 2022, www.autonomousvehicleinternational.com/features/seeing-in-the-rain-

how-good-is-your-avs-sensor-performance.html. 



Hand-Crafted vs. Deep Learning [1]
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Background
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Self-Drive Cars Architecture [2]
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Perception

Localizer

Decision-Making

GPS-, LIDAR-, or camera-based



Preprocessing [3]

GPS-, LIDAR-, or camera-based
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Median Blurring

Gaussian Blurring

Inverse Perspective 
Mapping
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Preprocessing (Continued) [4]
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Deep Learning

Convolutional 
Neural Net

Long-Short Term 
Memory
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Vehicle Steering Methods

Spring method center approximation [5]
• Canny edge detection
• Hough line detection

Shifted line following

Blob detection

End-to-end deep learning [6]
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Object Detection
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Research Goals

• Develop a robust lane following 
algorithm

• Narrow lane lines

• Poor road conditions

• Variable lighting conditions

• Shadows

• Rain

• Compare classical and deep 
learning methods
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Experimental Setup
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Our Track
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• Variable turn 
radius

• Narrow lines
• Cracks and 

potholes
• Shadows 

depending on time
• Starting marker
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ACTor 2
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• Polaris Gem e2 electric 
vehicle(ACTor 2)

• Drive-by-wire 
system

• Forward-facing 
Mako G-319 
Camera

• 2064 × 1544 
resolution

• 37 htz
• ROS support

• On-board Ubuntu 
Linux computers
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Methods
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Two Approaches
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Hybrid 
Model

Deep 
Learning



Hybrid Model

7/21/2023

• Process image with combination of deep 
learning model and classical techniques

• Pure classical algorithm to drive vehicle 

N
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Hybrid Code Architecture
NSF Grant No. 2150292 & 2150096

7/21/2023 23



Hybrid Method 
Preprocessing

• Crop image to bottom third
• Gaussian blur
• Resize to 200x200
• Pass into pre trained deep 

learning model
• Resize to 500x500
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Hybrid Method Algorithm

7/21/2023 NSF Grant No. 2150292 & 2150096 26

Calculate center of 
each lane based on 

center of lines
Limit change from last lane time step

Splits lines into 
left/right Filter out short lines on right

Probabilistic Hough 
Lines

Min line length
Merge lines w/ small gaps
Filter out lines with big/small slopes



• Red: Camera center

• Cyan: Left lane projection

• Yellow: Right lane projection

• Green: Projected center of lane

• Magenta: Long lines, used for 

right side
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Hybrid 
Method 
Steering
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• Calculate steering yaw based on lane 

center

• Push onto buffer

• Calculate mean of buffer and steer the 

vehicle

• Smoother, less extreme steering
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Hybrid Method Segmentation
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Weather conditions are dynamic, and need 
dynamic processing

Image classification vs segmentation

Presenter Notes
Presentation Notes
Weather conditions are always changing. I’ve heard people say that if you don’t like the weather in Michigan just wait 10 minutes. 1 minute it’s snowing, the next minute it’s sunny, and the next minute it’s raining.
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Classification: There is a cat 
in this picture

Segmentation: These pixels 
are a cat

“Image Segmentation : Tensorflow Core.” TensorFlow, www.tensorflow.org/tutorials/images/segmentation. 
Accessed 18 July 2023. 

Presenter Notes
Presentation Notes
We created our image segmentation model by hand drawing over 300 images of road lines, however the model was trained on more than 3,000 images. We did this by utilizing data augmentation which I will talk more about in 2 slides.



Hybrid Method 
Segmentation

7/21/2023

• Over 300 training images were hand 
drawn

• Model was trained on over 3,000 
images with the help of data 
augmentation

• This model works well in shadows, and 
bright conditions

N
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Presenter Notes
Presentation Notes
We created our image segmentation model by hand drawing over 300 images of road lines, however the model was trained on more than 3,000 images. We did this by utilizing data augmentation which I will talk more about in 2 slides.




Deep Learning Code Architecture
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End-to-End Deep 
Learning

N
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• Over 800,000 training images
• Data augmentation
• Mean absolute error of 0.0201 

after training
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Normal Image Enlarged Image

Randomly Cropped 
Image

New Image

Presenter Notes
Presentation Notes
Over 800,000 images were used to train our end to end deep learning model. We again utilized data augmentation to create such a large dataset. Here you can see an example of one form of data augmentation we used. First we enlarge the image, then randomly crop it back to our desired size. This creates a similar but unique image for the AI to train on. Some other ways we augmented data was by adding noise to the images, and changing their brightness. The average error throughout all of this training was about 0.02 radians, which is significant.
�



End-to-End Deep 
Learning
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• Create three unique images, and predictions

• Remove outlier predictions

• Take the average of the predictions as well as the 
current yaw
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Presenter Notes
Presentation Notes
Because of this large error, we decided to not trust just 1 prediction, but instead average over several. We create three unique images to give our model to make a prediction on. The first image you see on the left is the unedited image of the road, the second image is the same image of the road at 75% brightness. The final image you see is a thresholded image, which basically means that all of the bright pixels are turned white, and the dark pixels are turned black. As you may have noticed, this method of processing can result in noisy images. To counteract the fact that some predictions may be far off, we remove outliers from our predictions. If a prediction is far away from the current yaw, it is removed from the prediction pool. We then take the average of the remaining predictions and the current yaw, and use that as our final output. This helps us not steer too dramatically in any given frame, because each frame is only 33 milliseconds, we don’t want any dramatic changes.



Results

7/21/2023 NSF Grant No. 2150292 & 2150096 35



Results
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Hybrid Algorithm Data
NSF Grant No. 2150292 & 2150096

7/21/2023 37
Outside lane Inside lane

Presenter Notes
Presentation Notes
Point out the Outisde Lane being faster and more comfortable because the turns aren’t as sharp, but also having less steering error. Also, the speed is consistent. 
�



Reasons for Failure
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1. Sudden change in lighting conditions

2. Lack of error correction

3. Sharp turns cause algorithms to “lock on” to opposite lane

4. Lack of proper Hough line filtering

5. Not enough time to thoroughly train segmentation model

Presenter Notes
Presentation Notes
DEEP LEARNING:
Sudden change in lighting conditions causes dynamic thresholding algorithm to adjust, taking time and making the prediction less confident.
When the model has a bad prediction, it does not have enough training to correct its mistake
BOTH ALGORITHMS:
When turning sharply, the camera can only see the opposite lane line and the dashed line, causing the algorithm to steer into that lane
HYBRID MODEL:
�IMAGE SEGMENTATION:
The segmentation model currently requires all training images to be hand drawn, which can be very time consuming. If we had more time we could train it to be better
�



Future Research
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Future Research

• Integrate classical and DL 

models together

• Increase reliability

• Field testing

• More training data

• Error correction

• Sunrise/sunset
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Presenter Notes
Presentation Notes
UNSUPERVISED TRAINING:
The image segmentation model could use a generative adversarial network to train on unlabeled data in the future
�



Future Research 
(Continued)

• Night compatibility

• Recursive Convolutional 

Neural Networks (RCNNs)

• Unsupervised training for 

the segmentation model
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Presenter Notes
Presentation Notes
UNSUPERVISED TRAINING:
The image segmentation model could use a generative adversarial network to train on unlabeled data in the future
�
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Thank you. Questions?
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