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ABSTRACT 
This paper presents a robust and reliable system that 
navigates the wheelchair robot without manual 
initialization or a priori information in real-time in 
outdoor environments.  The system can extract various 
lane boundaries including straight and curved lanes under 
different conditions.  It is robust against noise, shadows, 
and illumination variations in the captured road images.  
The straight lane detection algorithm and curved lane 
detection algorithm can automatically function in the 
correct mode based on the current road type.  The straight 
lane detection algorithm uses three features to represent 
two lane boundaries.  The curved lanes are segmented 
using the lane-curve function that is generated by 
transforming a defined parabolic function in a world 
coordinate into an image coordinate.  The accuracy of the 
navigation system is 100% after the space-search based 
correction. 
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1.  Introduction 
 
It is estimated that 11.4 million people in the United 
States have visually impairments [1].  Of the 11.4 million, 
according to the data released by the National Eye 
Institute in 1998, 1 million people are legally blind and 
200,000 people are totally blind [2].  This paper proposes 
a real-time vision-based navigation system for visually 
impaired wheelchair users to aid them in walking within 
the boundary of the sidewalk.  Specifically, we focus on 
the techniques for lane extraction in real-time that can 
guide visually impaired wheelchair users to safely walk 
on the sidewalks of university campus. 

Vision-based lane detection algorithms or systems 
can be roughly divided into three categories. 
 
A. Model-Based Lane Detection 

The model-based techniques use straight lines or 
parabolic curves to represent the lane shape for detection.  
Li et al. [3] construct a lane boundary model to 
reconstruct the road boundaries for lane marking 
detection.  Jung and Kelber [4] use two linear models to 
approximate left and right lane boundaries in the near 
vision field for initial detection.  A linear-parabolic model 
is further used in subsequent frames to fit the far field.  
He et al. [5] apply 9 curvature models to represent various 
road types.  A voting method together with the Bayes rule 
is further used to determine the parameters of the best 
model for the road boundaries.  Wang et al. [6] propose a 
Catmull-Rom spine-based lane model to detect various 
lane shapes by using different curve control points.  Wang 
et al. [7] propose a B-snake-based lane model to describe 
and detect a large range of lane structures using the 
perspective effect of parallel lines under the conditions of 
noise, shadows, and illumination variations.   
 
B. Training-Based Lane Detection 
The training-based techniques use a variety of training 
images to learn the characteristics of the lane shape for 
detection.  Conrad and Foedisch [8] and Jochen et al. [9] 
propose a modular neural system and a support vector 
machine-based system to automatically navigate different 
road types by incorporating knowledge stored in 
pretrained networks or machines.  Lee et al. [10] use the 
Hough transform and evolutionary strategy to find the 
superior lane candidate in road features.  Ma et al. [11] 
apply a Bayesian multi-sensor fusion method to locate the 
lane and pavement edges in the optical and radar images.  
The LANA system [12] combines a set of edge strength 
and orientation related frequency domain features with an 
a priori deformable template to detect the lane markers. 
 
C. Others  
Gaspar et al. [13] present a vision-based navigation 
system in an indoor environment by applying long-
distance/low-precision topological navigation and short-
distance/high-precision visual path following on the bird’s 
eye view images obtained from the omni-directional 
camera.  Yim and Oh [14] propose a real-time three 
feature-based automatic lane detection algorithm for 



Fig. 1: Sunrise Medical Quickie 
P300 power wheelchair.

autonomous driving in cluttered road environments.  
Jeong et al. [15] start a quick lane search without using 
any prior road information and recognize the lane in a 
changeable searching range based on the prediction 
derived from the previous frame.  Rotaru et al. [16] 
introduce a cognitive method for extracting road features 
using implicit and inferred assumptions.  The lane 
information is further extracted by a segmentation and 
grouping method. 

All these aforementioned systems have their 
advantages and disadvantages.  In summary, model-based 
and training-based approaches work well for certain road 
shapes.  However, they lack the flexibility in detecting a 
road with an arbitrary shape.  Furthermore, they are not 
suitable and robust in real-time applications since a large 
number of distinct road images are required for building 
and training the model, and complicated feature vectors 
and statistical models are needed for finding lane 
characteristics.   The approaches listed in the last category 
are fast in general.  However, they use either the 
assumptions on the road characteristics or approximated 
prediction to gain the efficiency and therefore cannot 
work well if a certain frame does not satisfy the 
assumptions and the predictions.  In this paper, we will 
present an effective and efficient real-time navigation 
system to control the wheelchair robot to walk within the 
boundaries of the sidewalks in the university campus.  
The remainder of the paper is organized as follows: 

• Section 2 details each component of the 
proposed navigation system. 

• Section 3 shows the experimental results. 
• Section 4 draws conclusions. 

 
 
2.  Proposed Navigation System 
 
The wheelchair robot we use is the Quickie P300 power 
wheelchair shown in Fig. 1.  Our proposed navigation 
system consists of seven modules: system initialization, 
image preprocessing, 
feature-based lane 
detection, inference-based 
verification, curve 
detection, search-space-
based correction, and 
position approximation.  
Fig. 2 shows the entire 
processing components of the system.  The camera 
installed on the wheelchair robot takes a sequence of 
frames (images) at the rate of 10 frames per second.  For 
the first frame, the system initialization module searches 
the road region and saves the corresponding parameters 
for the subsequent images.  The system does not need any 
previous road information.  Later, all images are inputted 
into the image preprocessing module, which provides 
binary edge images for further processing.  The feature-
based lane detection module searches the candidate road 
boundary and saves the data into corresponding left and 

right lane candidate vectors.  The inference-based 
verification compares candidate boundaries with the 
previous boundary and chooses the best fit boundary as 
the current boundary.  At the same time, the feature-based 
lane detection module can detect the road type.  If the 
road type is straight, the module provides the straight lane 
parameters for the position approximation.  If the road 
type is curved, the curve detection module is used to 
detect the curve parameters.  The search-space-based 
correction module is used to search the maximum road 
space for robot after several wrong frames are outputted 
by the road detection module.  Finally, the position 
approximation module calculates the robot’s position and 
outputs the turning angle. 

 
The goal of the proposed system is to detect lane 

information in real-time without using manual 
initialization or a priori information such that the 
wheelchair robot can safely navigate along roads 
including both straight and curve roads.  The system is 
relatively robust against noise, shadows, and illumination 
variations.  To make our system work well, we have the 
following implicit assumptions: 1) The robot starts to 
navigate in the road region and the navigation direction 
follows the road direction.  2) Both road and non-road 
regions have distinguishable interfaces.  3) Both the road 
type and road shape have “smooth” changes.  4) Lane 
boundaries need not be parallel.  5) The road texture is 
stable. That is, its color and texture rarely change.  
 
2.1 System Initialization 
This initialization process locates two lane boundaries and 
estimates the vanishing point of the two lanes since the 
lane boundary can be considered as a straight line in the 
near field of an image no matter if the lane is straight or 
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Fig. 2: The block diagram of the proposed system. 
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curved.  The vanishing point is further used to remove the 
remote scene in the first frame of the sequence without 
using any prior road information.  There are seven steps 
in the process: 

1. Normalize the input color image to reduce the 
illumination effect by: 
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2. Localize the region of interests (ROIs) by 
keeping the lower 2/3 portion of the normalized 
image. 

3. Apply Sobel edge detector to extract the lane 
edges from the ROIs.   

4. Use the Hough transform on the lane edges to 
obtain the two lane boundaries. 

5. Estimate the vanishing point by finding the 
intersection of the two lanes. 

6. Remove the remote scene based on the estimated 
horizontal line which is 20 pixels below the 
vanishing point. 

7. Save the left and right lanes into feature vectors, 
which will be elaborated in section 2.3. 

Fig. 3 shows the final lane boundaries in red on 
normalized grayscale images with straight and curved 
lines after removing the remote scene. 

 

 
 
2.2 Image Preprocessing 
This step uses the road information in the previous frame 
to quickly remove the remote scene and find all possible 
lane edges.  First, we use the estimated horizontal line in 
the previous frame to remove the remote scene.  In this 
way, the road and non-road regions close to the robot 
wheelchair are kept.  As a result, the accuracy of the 
system is improved and the unexpected noise in the far 
field is removed as well.  Second, we normalize the 
partial RGB image resulted from this removal procedure 
using (1).  Finally, we apply the Sobel edge detector to 
the partial grayscale image and an empirically determined 
threshold (e.g., 0.18) is further used to keep the edges 
with high gradient and eliminate the noise whose gradient 
values are smaller than the threshold.  Fig. 4 shows the 
intermediate result of each step. 
 

 
 
2.3 Feature-Based Lane Detection 
This lane detection process uses three features to quickly 
extract lane candidate boundaries based on the possible 
lane edges obtained in the previous step.  In order to 
accomplish a quick search, an upper portion of the 
resultant image obtained from the preprocessing is chosen 
as the search base.  The interested search area is shown in 
Fig. 5, which is marked by the arrows on the four sides.  
The upper portion is searched within the range of 

WVx α±  where Vx is the position of the vanishing point, а 
indicates the percentage value, and W is the image width. 
The а is an image resolution dependent value and is 
empirically set as 0.25 for an image of size 240×320. 

 
Based on the road features, we present a robust lane 

detection system to extract straight or curved lane 
information and automatically detect the road type using 
the corresponding function.  In the beginning, the road 
may be a straight lane or a curved lane.  The feature-based 
lane detection module only provides the straight lines as 
candidate boundaries for the next module, i.e., the 
inference-based verification module.  As can be seen in 
Fig. 3(b), the near road boundary of a curved lane can be 
considered as a straight line.   Later, the system detects 
the road type and provides the corresponding information 
to control the robot wheelchair. Fig. 6 shows the 
construction of the lane features.  The pi is a point on the 
top search line that contains the possible lane boundary. 
The pil1 to piln are the possible lines of the left lane 
boundary.  The pir1 to pirm are the possible lines of the 
right lane boundary.  If all edge information on the 
possible lines passed point pi is insignificant (e.g., zero or 
near zero), the system ignores it and goes to the next 
possible point pi+1, which is taken at every 3 pixels at the 
top side of the search base.  Consequently, two sets of 

Fig. 5: Illustrations of the search area.  The red circular 
is the vanishing point. 
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Fig. 4: Illustrations of the intermediate results of the 
preprocessing.  
(a) The original image.  
(b) The remote scene removed partial grayscale image.  
(c) Possible lane edges

(b)
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(b) 
Fig. 3: The initial process of different lane types. 
(a) The original straight lane image and its straight 
lane detection result in the near field. 
(b) The original curved lane image and its straight lane 
detection result in the near field. 
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Fig. 6: Feature construction scheme. 

three features may be derived by respectively using the 
left and right regions of the dividing red line crossing pi 
(Fig. 6).  Each set can be represented as a vector of the 
form Ci = [pi, Ii, Ai] where Ii is the maximum number of 
edge points along pilj or pirj, and Ai is the angle of pili or 
piri.  The features will be saved in the left or right 
candidate feature vector based on the region used.  Such a 
separate storage structure ensures an easy and quick 
search in the next step. 

 
2.4 Inference-Based Verification 
This verification module uses the lane boundaries in the 
previous frame to find the optimal lane boundaries in the 
current frame.  The left and right candidate feature vectors 
yielded from the lane detection module are compared with 
the corresponding lane boundaries in the previous frame 
to find the optimal lane boundaries.  The distance formula 
used for such findings is: 
      λi = Kp | p(Ci) - p(Ln-1) | + KI | I (Ci) – I (Ln-1) |  
               + KA | A (Ci) - A (Ln-1)|  
where p(Ci), I(Ci), and A(Ci) are the candidate features of 
the current frame, p(Ln-1), I (Ln-1), and A (Ln-1) are the lane 
features of the previous frame, and KP, KI, and KA are the 
weights for each feature and are calculated offline using 
the genetic algorithm (GA) on road pictures taken under 
various environments. 

In general, the 3-feature vector with the smallest 
distance represents the optimal lane boundary.  However, 
if this distance is greater than a threshold, a large 
difference between the previous and current lanes occurs 
and the lane boundaries in the previous frame are used as 
the current lane boundaries.  This threshold is set to be 
200 based on KP=1.94, KI=6.74, and KA=48.59 obtained 
via training.  The optimal lane boundaries are further 
utilized to determine the type of the road (i.e., straight line 
or curved line).  Specifically, the proportion of the edge 
points on the optimal lane boundaries and the position of 
the vanishing point are used to determine the type of road.  
That is, if the proportion is small and the position of the 
vanishing point is far away from the center of the picture, 
the lane is considered as a curve. The three features 
explained in Section 2.3 are used to describe the straight 
line.  The parameters for the curve are explained in the 
following section.  Fig. 7 shows the results of the lane 
detection and verification. 

 
2.5 Curve Detection 
A lane-curve function (LCF), which is generated by 
transforming the parabolic function in the world 
coordinate into the image coordinate, is utilized in the 
curve detection.  This parabolic function is defined as: 
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where x and y are two coordinates with the y-axis defined 
as the direction of the lane when the optical axis of a 
camera is parallel to the lane, and the x-axis defined as the 
perpendicular direction to the y-axis on the road surface, 
A is the lane curvature, B is the slope of the lane boundary 
at origin, and C is the intersection point of the lane 
boundary and the x-axis.  After the relationship between 
the world coordinate system and the image coordinate 
system is established, the parabolic curve function can be 
further defined as a pair of LCFs in the image coordinate 
system that respectively represents the left/right lane 
boundary of the near field and far field of the image:   
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where (xn, yn) is the pixel coordinate of the near field and 
(xf, yf) is the pixel coordinate of the far field in the image 
coordinate system; a, b, c, d, e are the transformed 
parameters of A, B, C, and a, b, c, d can be computed as: 
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where mn and nn are the parameters of the straight line 
defined by yf = mnxf + nn in the near field of LCF; v is the 
horizontal line that crosses the intersection of left and 
right lane boundaries in the image coordinate system; and 
e has the curvature information of the LCF.  The positive 
value of e indicates the left-curved lane, and the negative 
value of e indicates the right-curved lane. 

Unlike other methods, this algorithm needs no 
transformation from the image pixel into the world 
coordinate.  The LCF can be used to calculate the curve 
information in the image coordinate system.  The best 
LCF of the lane curve can be searched from the interested 
region in an image by comparing an assumed LCF with 
the phase angle of the edge pixels in the image.  The 
curvature-related coefficient, e, is determined by an 
iterative process through searching the possible 
parameters.  The LCF with the minimum difference in the 
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Fig. 9: Heuristic search map. 

comparison becomes the true LCF corresponding to the 
lane curve. 

We combine this algorithm with our straight lane 
detection module.  To simplify the computation, the 
curved parameters a, b, c, and d are calculated by the 
straight line function yf = mnxf + nn since this straight line 
function can be easily calculated from our 3-feature lane 
vector, which includes the straight line angle and one 
point position.  The parameter v is the horizontal line 
position which can be obtained from the vanishing point 
in the straight lane detection module.  The curvature-
related coefficient e is enumerated from the range -100 to 
100 with a step size of 2.  To improve the efficiency, we 
use the coarse-to-fine 
method to reduce the search 
range.  Fig. 8 shows the 
example result of the curve 
detection using LCF. 
 
2.6 Search-space-based Correction 
The correction process takes place if the inference system 
updates the lane boundaries using the information in the 
previous frame 5 times.  This iterative updating process 
indicates that the robot is not navigating on the road.  
Consequently, the correction will direct the wheelchair 
robot to return to the road regions. 

Additional road information in each frame is used in 
the correction process.  That 
is, the average road intensity 
of the five 15×15 search 
windows in front of the 
robot (Fig. 9) is calculated 
for each frame.  The accumulative average road intensity 
for all the previous frames (i.e, Vroad) is also computed.  
For the current frame where a correction is considered, 
the average intensity of each window (i.e., Vwindow) is 
compared with Vroad to find the possible road directions.  
This comparison is applied to another set of 5 windows 
constructed by moving the previous 5 windows away 
from the robot in their corresponding directions by 20 
pixels.  This comparison procedure is repeated until all 
the moving windows reach the border of the frame.  The 
direction with the maximum number of matching 
windows (i.e., Vwindow is close to Vroad) are considered as 
the right steering direction for the wheelchair robot. 
 
2.7 Position Approximation 
Position approximation module estimates the position of 
the robot on the road.  Fig. 10 shows the mechanism for 
such approximation.  In general, |(θL + θR) – 180˚| 
measures the degree of deviation of the robot from the 
road center, the proportional position of the wheelchair 
robot, i.e., LP/LR or PR/LR, determines the deviation 
direction (right or left), and the MP determines the exact 
distance to the center.  For example, if LP/LR>0.5, the 
robot wheelchair is navigating on the right side road.  In 
the meantime, we can check the MP value.  Its value 
determines the distance between the robotic wheelchair 
and the center of road.  
 

 
 
2.8 GA-Based Learning 
We apply the GA offline for optimizing the three weight 
parameters KP, KI, and KA in (2) to achieve the minimum 
misclassification rate.  We use a total of 200 images with 
various road conditions, such as different illuminations, 
shadow of trees, crack surface, debris, etc, as training 
images.  Further, we manually marked the left and right 
boundaries in each training image.  The input variables 
for the GA is K = [KP, KI, KA] and the cost function is 
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where n is the image index, M is the total number of 
training images, Ln denotes the manually labeled left/right 
lane vector in frame n, Cn is the closest candidate vector to 
Ln-1, λ1

n and λ2
n are the distance from the current top two 

closest candidate vectors to Ln-1, and Q is the relative 
weight and is chosen as 10. 
 
 
3.  Experimental Results 
 
A variety of experiments have been performed using the 
wheelchair robot on the sidewalks of main quad of the 
university.  The laptop processor is Intel CeleronTM CPU 
(1.2G HZ and 256 MB of RAM).  The CCD camera is 
installed on the wheelchair robot for capturing images.  
The size of each image is 240×320 in the 24-bit RGB 
format.  We implemented the entire system using Visual 
C++ 6.0. 

The lane boundaries are extracted using image 
preprocessing, feature-based lane detection, and 
inference-based verification techniques, which effectively 
use the prior lane boundaries to achieve real-time 
performance.  The extraction results on three frames are 
shown in Fig. 11. 

 
Table 1 summarizes the statistics of our outdoor 

navigation system’s performance.  Failures occur when 
the detected lane boundary deviates from the real 
boundary.  Accuracy is obtained from the feature-based 
lane detection and the inference-based verification 
modules using the optimal weights derived by the GA.  
Average runtime is measured by sec/frame.  Final 
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Fig. 10: Finding the position of the robot.  

 Fig. 11: The lane boundaries of some frames. 
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Fig. 8: Curve detection result.



accuracy is obtained from the search-space-based 
correction module when an error occurs.  We assume that 
road and non-road regions should have distinguishable 
interfaces.  However, in reality, the boundaries are 
sometimes obscured by grass, leaves, or shadows, etc.  As 
a result, the detection results differ from the real 
boundaries.  In addition, objects that have strong edge 
information in parallel with the road direction seem to 
affect the detection results.  To compensate for these 
errors and avoid having the robotic wheelchair navigating 
in the wrong direction, the system uses the detection 
result in the previous frame as the current result.  At the 
same time, the search space-based correction module 
(Section 2.6) starts searching the road space at angles 
between 0˚ and 180˚, and the maximum road space is 
considered as the possible road direction.  Thus, even 
with an initial error in the detection results, our approach 
can adapt to variant weather and road types.  Further, it 
runs in real time with the average run time for each frame 
of around 0.11 seconds.  
Table 1: Test results of lane extraction for the near view 

Road Type  
(number of Images) 

Failure, 
Accuracy 

Average 
Runtime 

Final 
Accuracy

Straight&Crack (808) 6, 99.3% 0.12 100% 
Strainght&Snow (1053) 42, 96% 0.11 100 % 
Straight&Pedestrian (440) 4, 99.1% 0.10 100% 
Straight&Cloudy (179) 15, 97% 0.08 100% 
Straight&Sunny (423)  11,97.4% 0.11 100% 
Curved&Snow (500) 21, 95% 0.13 100% 
Curved (260) 29, 89% 0.12 100% 
Curved&Sunny (725) 23, 96% 0.12 100% 

 
 
4. Conclusions 
 
This paper presents a vision-based robust and reliable lane 
extraction method for outdoor navigation tasks in real-
time.  Specifically, no prior road information is needed 
for extracting lanes.  Our proposed method makes the 
following main contributions: 1) Apply a 3-feature-based 
lane extraction module to extract the candidate road 
boundaries.  2) Employ an inference-based verification 
module to find the closest road boundaries.  3) Use the 
search-space-based correction module to search the 
maximum road space when an error occurs in the three-
feature-based module.  4) Use a genetic-algorithm-based 
learning algorithm offline to obtain optimal parameters 
for the inference-based verification module.  5) Extract 
straight and curved lanes in real-time by combining road 
features and lane curve function.  

For future work, we intend to optimize and improve 
our outdoor navigation system by adding more road 
features, such as texture, reflectance data from the laser 
sensor, etc. We will further extend our method for 
autonomous driving or robot walking.  
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