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Abstract  In order to enhance the detection accuracy and recognition rate of lane markings on the basis of
the construction of a new road model a lane marking detection algorithm based on BP neural network (BPNN) and
least squares curve model is proposed. The algorithm uses directional line detectors to detect the edges of road image
and extract the road edge points. Then BPNN is used for estimating the parameters of new road model to determine
model function. According to the upward convexity of new road model function the maximum value of the function
becomes the demarcation point which separates the left marking and right marking of the lane to complete the de—
tection of lane markings. Finally the least squares method is utilized to reconstruct the left and right lane markings.
The experimental results show that the algorithm proposed achieves a detection accuracy of up to 92. 8% with good
robustness suitable for lane marking detection in a variety of road conditions.
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