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Despite the pressing need for accurate and reliable lane detection to enable successiul
autonomous vehicles, detecting lanes has remained challenging throughout the vears,
One reason is the rather simple and homogeneous appearance of lane markings which
lacks distinetive features. Other obstacles, such as weather and illemination conditions,
also plague lane detection rescarch. Furthermore, lane detection seenarios occur in
diverse driving environments, various road surface conditions, and in real-time, which
necessitates a robust and low computational cost algorithm for successful lane detection
on aulonomous vehicles.

Traditional lane detection: Traditional lane detection methods rely on hand-crafied
features such as color-based features, bar filter, ridge features, hough wransform, random
Before After sample comsensus (RANSAC), ete., o identify lane sepmenis. Tracking techniques such
as particle or Kalman filters are used as a final stage for lane tracking to map the lanes
onto the current frame, In general, most of these traditional methods based

on hand-crafied features lack robustness and can only solve the lane detection problem
in limited scenarios or require strict lane assumplions,

Accuraie lane detection is critical for navigation in autonomous  vehicles,
particularly the active lane which demarcates the single road space that the vehicle
15 currenily traveling on.  Recent state-of-the-art lane detection algorithms utilize
convolutional neural networks to train deep leaming models, While each of these
models works particularly well on train and test inputs obtained from the same
dataset, the performance drops significantly on unseen dotasets of differemt
environments, To address this, we present a real-time robust neural network output
cnhancement for active kane detection (RONELD) method to identify, track, and
optimize  active  lanes  from  deep  leaming  probability  map  owtputs.

Deep learning based lane detection: Recently, deep leaming models have gained
popularity after displaying compelling results in other computer vision problems,
Current state-of-the-art methods include the Spatial Convolutional Neural Network
(SCNN), which peneralized deep layer-by-laver convolutions 1o shice-by-slice
convolutions within feature maps, and ENet-SAD, a self-aiention distillation (SAD)
method that was incorporated with the lightweight ENet model.
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