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Abstract 

Lane detection and marking is the first step for Driver Assistance System (DAS) and 

Autonomous Vehicle technology. Over the years, people have done a great deal of 

research in this area and have developed different methods and technologies to solve real 

world problems. However, most methods are based on highway or local road 

environment. Usually, using straight lines or fitted curves to model roads has been 

proven to be effective. However, these methods are not suitable for golf courses with 

multiple-curves. In this paper, we propose a new lane detection and marking algorithm 

with a series of simplified filters to help identifying multiple-curved roads in golf 

courses. This algorithm can detect the whole road surface and get sufficient number of 

edge points. After processed by the proposed filter for dynamic geometric constraints, the 

left and right edges of a lane can be precisely marked for an autonomous golf cart.  

Introduction 

Driver Assistance System (DAS) and Autonomous Vehicle technology are a combination 

of many advanced technologies that helps people to reduce the risk of driving and 

improve the experience [1]. Usually, this system is embedded and integrated into the 

vehicle with various sensors such as camera, LiDAR and radar to collect information 

from surrounding environment. The collected data are then used to understand and 

predict their surroundings in real time [2]. Based on such set of information, a road model 

with surrounding information can be built. The vehicle, then, has the ability to take the 

initiative to make an action by pre-programed strategies developed by computer vision 

and AI algorithms. Lane detection and marking is the first step for the driver assistance 

and autonomous vehicle system. It plays an essential role in this autonomous system and 

technology [1]. The results from lane detection and marking can be used as the input data 

for subsequent processes like building a road model for analysis or creating a visible 

image to assist driving. In this paper, we propose a new lane detection and marking 

algorithm with a series of simplified filters for golf course environment. 

A great deal of related researches using different methods for modeling, detection, 
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tracking and departure of lanes [1, 3, 4, 5] has been conducted to solve real world problems. 

But most of the researches are based on highway environments with lane marks. No 

effort has been devoted to the lane detection and marking in golf courses. Most of the 

time, the terrain of the highway is gentle and the close area is almost straight which 

means that the road is always located in front of vehicle [1]. Therefore, people can use 

region of interest (ROI) to choose a special area as the target [6, 7]. But for a golf course, it 

has a dramatic terrain which means that it may include multiple curves, and even not the 

whole road in one single image.  

In this paper, we present a new lane detection and marking algorithm based on HSV 

(hue, saturation, value) color space and dynamic geometric constraints which can 

identify lanes in golf courses with multiple curves. 

1. Methodology 

Our algorithm includes two main parts: road detection and extraction, and lane marking 

as shown in Figure 1. The algorithm is based on an HSV color model and Canny edge 

detection [8, 9]. First, we use HSV color model to identify all pixels of the grass and road 

of a golf course. After processing by a simple filter using Gaussian Blur and logic 

addition [10], a Canny edge detector is utilized to extract all possible edge points of the 

road [9]. A dynamic geometric constraint filter is then used to determine which side the 

edge points belong to, the left lane or right lane. Finally, we use different colors to mark 

the right lane (blue) and left lane (red), and return them as a visible result. 

 
Figure 1: Flowchart of processing algorithms 

For road detection and extraction, we use the program based on Python programming 

language and OpenCV (Open Source Computer Vision Library) to implement all 

processes for detection and feature extraction [11], then use a MATLAB program to do the 

points iterating and lane marking. 
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1.1. Road detection and extraction 

1.1.1. HSV convertor 

The images collected from a forward-looking camera mounted on the front window of 

the golf cart are stored in RGB (red, green, blue) format. The field of view is resized 

to a resolution of 640 x 480 in order to reduce the time and resource of computing. We 

use the HSV color model for color identification, HSV is a color model which is used 

to describe colors in computer graphics [12]. It can be transformed from popular RGB 

color space by Equation (1) [8]. HSV is better than RGB color model for color 

distinction [13, 14]. 
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 𝑆 = {

0, 𝐶𝑚𝑎𝑥 = 0
𝛥

𝐶𝑚𝑎𝑥
, 𝐶𝑚𝑎𝑥 ≠ 0

 (1b) 

 𝑉 = 𝐶𝑚𝑎𝑥 (1c) 

Here R’, G’, and B’ are R/255, G/255 and B/255, respectively. Cmax = max(R’,G’,B’ ), 

Cmin = min(R’,G’,B’ ), and Δ = Cmax – Cmin 
[8]. The mod means modulo operation. 

The RGB image after the conversion becomes a HSV image of 640 x 480 x 3 matrix 

form Figure 2. Here 640 and 480 are the width and height by pixels of the image, and 

3 is the different color channels of the image. 
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Figure 2: Two visible images for (a) RGB and (b) HSV models 

1.1.2. Classify road pixels and grass pixels  

We choose different HSV value ranges to determine each pixel being either a grass 

pixel or a road pixels. For example, the HSV values for those pixels for grass will fall 

in the green value range. We need to analyze and determine the range of HSV values 

for both road and grass pixels. Figure 3 shows that a grass sample is taken from the 

original image, then use histograms to illustrate the distribution for three channels of 

hue, saturation and value as shown in Figure 4. 

 
Figure 3: (a) The raw image; (b) A grass patch sampled from (a) 

 

Figure 4: Histograms for (a) H, (b) S and (c) V channels in grass 
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Similarly Figure 5 shows that a road sample is taken from the original image, then use 

histograms to illustrate the distribution for three channels of hue, saturation and value 

as shown in Figure 6. 

 
Figure 5: (a) The raw image; (b) A road patch sampled from (a). 

 

Figure 6: Histograms for (a) H, (b) S and (c) V channels of the road sample 

In Figure 4 and Figure 6, the horizontal axis represent different values for H, S, and V 

from 0 to 255, and the vertical axis represent the number of pixels with a particular H, 

S or V value. 

Based on the above results, we choose the HSV range (0, 20, 70) to (40, 125, 160) for 

grass, and (0, 0, 50) to (180, 40, 150) for road. These ranges of values are used as a 

simple filter to determine which pixels are for possible road and grass, respectively. 

The results are two binary maps as shown in Figure 7. Figure 7(a) is the binary map 

for the grass identified in Figure 3. Each possible grass pixel is black with a value of 

“0” in this map. Figure 7(b) is the binary map for the road identified in Figure 5. Each 

possible road pixel is white with a value of “1”. 
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Figure 7: Two binary maps for (a) the grass and (b) the road from Figure 5(a) 

1.1.3. Bit addition and Gaussian blur filter 

Since noises and rough edges are often found in the processed images, another filter is 

used to reduce noises and smooth the edges. This filter includes two parts, logic 

addition and Gaussian blur. Logic addition is used to reduce the noises and mix two 

images into one for a better result as shown in Figure 8. 

 

Figure: 8 Binary map after bit addition 

Gaussian blur can offer a 2-D convolution operation that blurs the image in order to 

obtain smoother edges for Canny edge detector and thus reduce the noise [15, 9]. The 

kernel of Gaussian blur uses standard deviations as the weights which can keep more 

details after blurring [15, 10]: 

 𝐺(𝑥, 𝑦) =
1

2πσ2
𝑒
−
𝑥2+𝑦2

2𝜎2  (2) 

In equation (2), G(x, y) calculates the value from 2D normal distribution based on x 

and y of different positions. Here x is the distance between the original point and the 
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horizontal axis, y is the distance between the original point and the vertical axis, and σ 

is the standard deviation. The original point is the central pixel in the image matrix. 

The values of G(x, y) are used to build a convolution matrix, they then are applied to 

the original images.   

In our program, a 13x13 convolution matrix is created as the kernel to convolute 

image matrixes with the same size from Figure 8. The standard deviation σ(x) and σ(y) 

for x and y directions are computed from width and height by following formula [16]: 

 𝜎(𝑎) = 0.3 {
(2𝑎 − 1)

2
− 1} + 0.8 (3) 

Here, width and height are 13 x 13. Therefore, x and y have the same value 6.5 based 

on 2x=13 and 2y=13. The standard deviation 𝜎 is 2.3 for both σ(x) and σ(y) in Figure 

9. 

 
Figure 9: 2D Normal distribution. 

Therefore, G(x, y) returns different normal distribution values as weights from Figure 

9 for each pixels based on x and y distance, then does multiplication with 13 x 13 

image matrixes from Figure 8 and add them together to get the a single value. This 

value is used to replace this matrix as one single pixel: 𝑆 = ∑𝐺(𝑥, 𝑦) ∗ 𝑧(𝑥, 𝑦), 

where z(x, y) is the value from each pixel, G(x, y) is the weight for each pixel. Finally, 

the whole 13 x 13 matrix will be replaced by S. Figure 10 shows the blurred result 

which misses some unnecessary details in the image. 
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Figure 10: Image after Gaussian blur filter. 

1.1.4. Extract edge features 

After Gaussian blur, the Canny edge detector is used to find all possible edge points of 

the image because Canny edge detector can be used to find the image gradient [1, 7]. As 

shown in Figure 10, the edges are located in the borderline between the white and 

black colors, which means between the value ‘0’ and ‘1’. The Canny edge detector 

helps to find the locations, with the maximum gradient from color value changes, 

which are the edges. 

To find all gradients in the image, the Sobel operator uses two 3 x 3 convolution 

matrix as the filters to find the approximate absolute gradient magnitude for each 

pixel. One estimates the gradient in the vertical direction Gx and the other for the 

horizontal direction Gy 
[15, 7, 17]. 

 𝑮𝒙 = [
+1 0 −1
+2 0 −2
+1 0 −1

] ∗ 𝑨 (4a) 

 𝑮𝒚 = [
+1 +2 +1
0 0 0
−1 −2 −1

] ∗ 𝑨 (4b) 

Here Gx and Gy are Sobel operators, A is the original image matrix. This process 

returns the first derivatives in both horizontal direction Gx and vertical direction Gy. 

The gradient and direction of edges can be determined as [15, 7]: 

 𝐺 = √𝐺𝑥
2 + 𝐺𝑦

2
 (5a) 
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 𝑎𝑛𝑔𝑙𝑒° = 𝑡𝑎𝑛−1(𝐺𝑦/𝐺𝑥) (5b) 

After this process, the non-maximum suppression is used to help us to locate the local 

maximum and suppress other gradient values by setting them to 0. Local maximum 

indicates that the location has the sharpest change, the maximum gradient. Each pixel 

is processed by first comparing the gradient of the pixel with the gradient of the pixel 

in both positive and negative gradient directions. If the gradient of the pixel is the 

largest after comparing to other pixels in the mask matrix in the same direction, the 

value will be preserved. Otherwise, the value will be suppressed.  

 
Figure 11: Point A has the maximum gradient value. 

As shown in Figure 11, points B and C have different color value ‘1’ and ‘0’ that are 

represented by white and black color. Here point A have the largest gradient, thus we 

preserve point A and mark it as possible edge point. 

Two thresholds, high and low values, then are used as a filter to ignore pixels with a 

smaller gradient value and preserve edge pixels with a higher gradient value. 

Therefore, we have three scenarios: The gradient value of an edge pixel is (1) higher 

than the high threshold value; (2) lower than the low threshold value; (3) between two 

threshold values. For (1), the pixel will be marked as a strong edge pixel and keep this 

one. For (2), the pixel will be marked as a weak edge pixel and ignore this one. For 

(3), if the pixel is close to a strong edge pixel, keep it. Otherwise, ignore it. 

As shown in Figure 12, the orange edge in the binary map has part A and B. The 

gradient value of part A is higher than the maximum threshold value, therefore part A 

will be considered as edge. The gradient value of part B is in between maximum and 

minimum value, but the part B is close to part A which is already be considered as 

edge, thus, part B is also considered as edge. Part C and part D are in between the 

maximum and minimum thresholds. They are not close to any exist edge points, so 

these two parts are considered as noises. The gradient value of part E is lower than the 

minimum value, so it is considered as a noise, too. 
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Figure 12: Three situations for all gradients 

In this algorithm, the Canny function from OpenCV library is used to implement this 

process with the low threshold = 150 and the high threshold = 450 [15, 9]. Figure 13a 

shows the result of edge point binary map of the raw image with blue points in Figure 

13b after using the Canny method. 

 

Figure 13: (a) The edge points identified from the binary map; (b) The edges detected on the 

original image. 

The next step is to reduce the density of points because the original result has too 

many points that could cause sharp changes and noises. By reducing the density of 

points, the change in slopes can be smooth and the complication of computing is 

significantly reduced.  

The final step is to convert the result from Canny into a collection of points which is 

presented by [x, y] positions. The original format for the position of points in the 

binary map only has the value of ‘1’ and ‘0’. The value ‘1’ means a possible edge 

point, conversely ‘0’ means no edge point. Therefore, we use the column number and 
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raw number as [x, y] space position to indicate the location for each edge point. Then 

arranged them by [y] value, and saved all position as .csv format file which can be 

imported by MATLAB program. 

1.2. Lane marking 

1.2.1. Identify initial conditions 

Lane marking uses the slope and distance between two edge points as geometric 

constrains to determine whether a point belonging to the right or the left edge of the 

lane. Two sets of three initial conditions (initial slope, distance, and start points) are 

needed to help identifying whether a point is in the right edge or in the left edge of the 

lane. Since the denominator x2 - x1 in the slope equation, 𝑚 = (𝑦2 − 𝑦1)/(𝑥2 − 𝑥1), 

can’t be 0, and the numerator y2 - y1 is expected not to be 0 for reducing noises, 

therefore, adjacent points with the same x or y value are deleted in the point set. In this 

paper, the first 30 points from .csv file are used to calculate the three initial conditions 

for the sample set. To calculate initial conditions we need sample points for both left 

edge and right edge of the lane. A simple rule, weight/2, is used to determine if a point 

being in the left edge or in the right edge. Those points having x value greater than 

weight/2 are right edge sample points, and points having x value less than weight/2 are 

left edge sample points. 

For the initial slopes, the algorithm calculates the slopes in right edge points and in 

left edge points. Then choose the median slope value, Slope = median(𝑚 =
𝑦2−𝑦1

𝑥2−𝑦1
), to 

find the two initial slopes for right edge and left edge of the lane. 

For the initial distances, it is similar to the calculation of the initial slopes. The 

algorithm use the same first 30 points to calculate their distances for both right edge 

and left edge of the lane. Then choose the maximum distance, max(𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 =

√(𝑦2 − 𝑦1)2 ∗ (𝑥2 − 𝑥1)2), as the initial distance. The results are two initial distances 

for right edge and left edge of the lane. 

For the initial points, we simply choose the last point in right edge and the last point 

in left edge of the sample point set as the first point for slope and distance calculation. 

1.2.2. Test target points by geometric constraints with dynamic initial conditions 

Figure 14 is the algorithm flowchart for implementing geometric constraints. In this 

process, [y] values of points in .cvs file are used to identify the order of points from 

lowest to highest values. The given initial slope is used as the base value for slope 

change range, and initial distance as the base value for distance change range. In this 

algorithm, we simply choose ±5° (slope) and ±5 (distance) as the change ranges. If the 
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slope and distance between target point and initial point satisfy these two conditions 

for left lane or right lane, storage the current target point in the corresponding point 

set and become the new initial point for the next target point. If the current target point 

can’t satisfy these two conditions for right or left edge, then just ignore it, and change 

the initial conditions for left or right edge to have a large tolerance for next target 

point. For example, change ±5° to ±10° in the left edge conditions if this run did not 

find the left edge point, but if at the same time, the target point satisfied the right edge 

conditions, save it as the right edge and do not change the condition for the right edge. 

Once the program finds a point belonging to left or right lane, then resets the 

corresponding initial conditions back to the original value for the next target point. 

 

Figure 14: Flowchart for geometric constraints with dynamic initial conditions 

process 



13 

Proceedings of the 2019 ASEE North Central Section Conference 

Copyright © 2019, American Society for Engineering Education 

 

     
   (c)                                            (d) 

Figure 15: (a) All possible edge points after Canny operation; (b) Geometric 

Constraints - Left edge of the lane is in red and the right edge of the lane is in blue 

after the lane marking algorithm; (c) Lane detection result by Hough Transform 

method; (d) Lane detection result by Polynomial Curve Fitting method. 

We also compare our results with the results from two popular lane detection 

algorithms, Hough Transform and Polynomial Curve Fitting. Figure 15 shows the 

results obtained from the three algorithms. All possible edge points after Canny 

operation (importing from .csv file) is shown in Figure 15 (a). Figure 15(b) shows the 

result using geometric constraints algorithm process. The left edge of lane is marked 

as red line and the right edge of lane is marked as blue line. Figure 15(c) shows the 

result by using Hough Transform method [18, 19].  The outline of lane has been marked, 

but it did not filter out the noises and the edge is not continued. Figure 15(d) shows 

the result by Polynomial Curve Fitting. It only marked the general trend and it can’t 

identify the left and right edge of the lane [20, 21]. It can be clearly seen that our 

geometric constraints algorithm performs better than the other two methods. 

2. Results and Discussions 

Figure 16 shows four sets of images with various road profiles and their edge markings 

generated from our lane marking algorithm. The results show that the algorithm can 
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successfully perform these five tasks: (1) detect and mark left and right road edges in 

golf course environment using geometric constraints, (2) provide the tolerance for some 

noises such as trees, clouds, etc., (3) filter out unrelated elements such as rainwater and 

leaves, (4) add differentiated colors (red for left edge and blue for right edge) on the 

road, and (5) detect and mark multiple curves. This algorithm did not use ROI (region of 

interest) to limit the region of view because it does not need to keep the whole road in 

front of it all the time. 
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Figure 16: Results have good visible lane mark. 

Figure 17 shows three sets of images with more sophisticated road profiles and their edge 

markings. The edge marking results indicate that the algorithm has successfully detected 

and marked the edges for the first half of the roads, but not for the second half of the 

roads. The problem with the second half of the roads may come from the images having 

the targeted segments of the roads extended too long so that the distance between two 

edges of the road becoming too small to be detected and marked by the algorithm. This 

problem can be improved by using aerial view of images to reduce such distortions in the 

images or just use the first half of edge markings as images continuously updated while 

the golf cart is moving forward. 
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Figure 17: Results need to be improved. 

3. Conclusion 

In this paper, we present a new algorithm using dynamic geometric constraints with HSV 

model and Canny method for detecting and marking roads for golf course environment. 

Based on the feature of dynamic geometric constraints, the algorithm has successfully 

solved the problems encountered in using traditional edge detection method for golf 

courses. The results show that this algorithm has a good tolerance for noises and an 

expected robustness. The results can be used in autonomous golf car to help develop its 

driver assistance system or autonomous technology for improving the safety and driving 

experience. Further studies would be on improving road modeling, by using aerial 

images and neural network to identify various signs and obstacles to enhance the system. 
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