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Among the complex and challenging tasks that received 
most attention in Automatic Vehicle Guidance, the most 
important one is Road Following, which is composed of 
Road Detection and Obstacle Detection���. In this part, 
we focus on the problem of unstructured road detection 
using a single camera. 

Most current systems, such as GOLD (Generic Obstacle 
and Lane Detection) system���, reduce the road detection 
to the localization of specific structured features painted 
on the road surface, such as lane markings. However, 
this method cannot be directly applicable to the roads 
without lane marking. Some systems extended the 
detection of lane markings to the detection of road edges, 
typically using gradient operators. These two kinds of 
systems usually have very fast processing speeds and 
are very well suited for structured roads with good 
conditions. However, while this restriction eases the 
detection of the road, it leads to three basic problems. 
Firstly, since gradient operators are high pass filters, 
which are sensitive to noise, these systems have 
difficulty in the presence of degraded lane markings or 
road edges often happen in unstructured road. Secondly, 
the presence of shadows projected by trees, buildings, 
bridges, or other vehicles produces artifacts onto the 
road surface, and thus alters the road texture. These 

operators also have a stronger response to shadow edges 
than to lane markings or road edges. Thirdly, other 
objects on the path partly occlude the visibility of the 
road and therefore also of lane markings, which makes 
these systems unreliable. 

In this paper, we present a low-cost detection system to 
address above problems. Our system is based on region 
information and a four-parameter road model to 
successfully navigate on a variety of unstructured roads 
without giving up the capability of perceiving less 
complex situations. The system has been tested on 
THMR-V (Tsinghua Mobile Robot V), which is an 
intelligent vehicle developed by Tsinghua University, 
and demonstrates its real-time performance and 
robustness with respect to above noisy conditions. 

This paper is organized as follows: Firstly, our system is 
described with the comparison of other region based 
road detection methods in section 2. Then a region 
segmentation method based on mathematical 
morphology is used to group the pixels into regions in 
section 3. After this, a four-parameter road model is 
used to match the set of region in order to find the 
location of the road in section 4. Implementation of this 
system and some experiments on several unstructured 
roads are shown in section 5. In the end, we conclude 
with some conclusions and future works. 
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To avoid these three problems with the common 
systems, some systems adopt region analysis based 
method by detecting road surfaces. This method labels 
the pixels in the image as road or non-road pixels based 
on the characteristics of the road.  

Some systems first compute the histogram of a one-
dimensional color feature of the image, then use 
threshold to separate groups of pixels. Pixels within 
certain ranges of values are labeled as road while the 
others are labeled as non-road. However, This approach 
has difficulties with degraded surfaces, leaves, and 
shadows. For example, when shadows are present, the 



differences between shaded road and shaded non-road 
are often less than those between sunlit road and shaded 
road. As a result road and non-road pixels cannot be 
separated by a single threshold in RGB space. 

Other systems extend the idea of histogram and 
threshold approaches by using a multidimensional 
classification approach. This approach is based on 
modeling the colors of the road, and comparing the 
color of each pixel with each color model. These 
systems work well in many difficult unstructured road 
scenarios, but they rely on tracking results from image 
to image to modify the color models. Furthermore, if the 
color appearance of environment changes dramatically, 
the color models are no longer valid in the new image. 
For example, the sun is hidden by clouds suddenly. 

The UNSCARF system (UNSupervised Classification 
Applied to Road Following)��� was designed to attack 
the problem with temporal and spatial color appearance 
change. UNSCARF does not use pre-computed color 
models, instead it groups pixels that are similar in color 
and location in the image using an unsupervised 
classification algorithm. Then the road is detected by 
finding the set of regions which best match the road 
shape. The problem with UNSCARF is that it need 3-20 
min to process one frame, which is limited by the 
hardware level at that time. 

The TURF (Tsinghua University Road Following)��� 
system is a low computational cost real-time system 
with similar ideas to UNSCARF. Different from 
UNSCARF, we first use a very fast region segmentation 
method based on mathematical morphology technique 
originally developed by Matheron and Serra. Then the 
pixels with the same label are collected into region 
using a connected components algorithm. In the end, a 

more complicated four-parameter road model is used for 
road model matching, which can handle more difficult 
road. TURF doesn’t rely on tracking intensity 
information from image to image, too. However, we use 
the road location from previous frame as an initial value 
to fast the road model matching. The block diagram of 
TURF system is shown in FIG. 1. 
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Since the intimate relationship between edges and 
regions, an alternative to region segmentation is to find 
those pixels that belong to the borders of the regions. 
Techniques that are directed to this goal are termed edge 
detection techniques. In this section, we described a fast 
region segmentation method based on mathematical 
morphology technique and component labeling. 
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Before region segmentation, it’s important to reduce the 
size of the input images to reduce the amount of data to 
be processed, thereby reducing the time required to 
process the input image, which enables this system to 
have real-time performance. We create a pyramid of 
reduced resolution images. Each smaller image is 
produced by simple 2x2 averaging of the previous larger 
image. We find that other reduction methods, such as 
median filtering, are more expensive and produce no 
noticeable improvement in the system. Image reduction 
is used mainly to improve speed, but as a side effect the 
resulting smoothing reduces the effect of scene 
anomalies such as cracks in the roads. 
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Many methods based on linear systems and Fourier 
analysis or other related transforms for edge detection 
have been proposed in the past twenty years, such as 
gradient-based method, zero-crossing based method, 
frequency domain method and spatial domain method, 
etc. But these classical approaches don’t address directly 
the fundamental issues of how to quantify shape or 
geometrical structure in images. Mathematical 
Morphology is a tool for extracting image components 
that are useful for representation and description. It is a 
set-theoretic method of image analysis providing a 
quantitative description of geometrical structures. In our 
system, we first enhance the edge in the image with 
gray-level mathematical morphology operators. After 
that, a simple gradient threshold is sufficient to extract 
the edges from the edge-enhanced image. 

In gray-level mathematical morphology, the edge of a 
gray-level image X can be enhanced by an erosion 
gradient operator: 
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FIG. 1 Block diagram of TURF system 



( ) ( )������� Θ−=∂=  
where W is the structuring element, Θ is the gray-level 
erosion operator, or a dilation gradient operator:  

( ) ( ) ������� −⊕=∂=  
where ⊕  is the gray-level dilation operator.  

By combining these two operators, new edge-enhancing 
operators can be obtained that treat more symmetrically 
the image and its background. Examples include: 
EG(X)+DG(X), min[EG(X),DG(X)], max[EG(X),DG(X)], 
DG(X)-EG(X). In our case, the last operator is used to 
enhance the edge before edge detection by threshold. 
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For the binary edge image, a simple and effective 
segmentation method is connected component labeling, 
which uses connectivity to join neighboring pixels into 
connected regions. Many algorithms have been 
proposed for component labeling, such as pixel labeling, 
boundary-based approaches, region-based approaches, 
template matching, texture segment, etc. Among these 
method, run length connectivity analysis is a fast 
algorithm, which have been adopted in our system. It 
starts with 1 runs and goes row by row. Each row may 
have several runs. A run is an uninterrupted stream of 
either foreground or background.  

After component labeling, all pixels that are connected 
get the same label number and it is easy to find number 
of components, area of each component, position of 
each component, etc. This information is useful in the 
following road model matching. 
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Once the region information is obtained, we can match 
the set of regions with the road model to find the 
location of the road in the image.  
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A complete description of the road’s geometry in an 
image can be complex. The road can bend gently or turn 
abruptly, can vary in width, and can go up- or downhill. 
However, the more parameters there are, the greater the 
chance of error in finding those parameters. Small error 
in the region segmentation could give rise to fairly large 
errors in perceived road geometry. With the assumption 
that the road is locally flat and straight, the road 
geometry can be simply described with four parameters 
as shown in FIG. 2: the image column V� and row V� of 
the road’s vanishing point, the orientation θ of road, the 
width W of the road. 

Crisman��� reduced this model to a two-parameter model 
(θ,V�) with the assumption that the road width is fixed 

and the road is flat. 
Unfortunately, none of 
these assumptions is true 
over a long stretch of the 
road. In practical, most 
unstructured road’s width 
changes frequently and the 
vehicle’s pitch and roll 
relative to the road makes 
the V� inconstant. Therefore, we use all the four 
parameters to describe the road geometry in our system 
to make system robust to most of unstructured roads. 
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We consider all of the candidate roads, which could 
appear in the image, and evaluate how well that each 
candidate road fits the regions in the image. The 
evaluation function takes the difference between the 
road shape and the set of region in the image. Firstly, we 
decide which regions could be part of the candidate road 
by testing if the center of mass of the region lies on the 
road. Then, all of regions lying in the candidate road are 
grouped together. The area between the road model and 
the set of regions is used as a cost metric of the 
matching. Finally, the candidate road with the lowest 
cost is selected as the result. 

This matching method does not rely on the extract local 
geometry of the road, so it is very robust. The road may 
actually curve or not have parallel edges, or the 
segmentation may not be completely correct, but this 
method still outputs approximate road shape and 
location, which is enough to guide the vehicle. The main 
difficulty with this method is that the computation for 
evaluating all the candidate roads is too expensive in 
practical. To solve this problem, we use the previous 
road location as an initial value to limit the search scope 
by searching within a small space around it, which 
enables the real-time performance of the system. 
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The TURF system described in this paper has been 
implemented on the commercial PC with a camera and a 
digitizer Meter RGB/PPB by Matrox. We have 
successfully run TURF system on THMR-V, an 
intelligent vehicle developed at Tsinghua University, in 
the campus of Tsinghua University. 

The implementation of the road detection algorithm 
presented above runs in a loop of five steps: image 
reduction; edge enhancement, edge detection; connected 
component labeling, and road model matching. In order 
to navigate the vehicle, the location of road is projected 
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FIG. 2 Road model scheme 



to vehicle coordinate using IPM described in next part 
with the prior knowledge of calibration. 

FIG. 3 shows the results for a typical road. In this figure, 
the top-left image is the reduced image, the top-right 
image is the edge image, and the bottom-left image the 
region image, in which each region is represented by a 
different intensity value. In the bottom-right image, road 
are detected labeled with white lines. Although there are 
many obvious cracks on the road surface and moving 
bicycles occluding the road edge, results show that 
TURF successfully locates the road in the image. FIG. 4 
shows the results for a typical road with strong shade 
and moving cars occluding the road edge. In the results, 
the road is still located well enough. 

Although not every image is segmented perfectly, 
experiments show that it’s robust to noise, such as 
cracks, occlusion, shades, etc. The results are good 
enough to guide the vehicle. 

The processing time for each frame depends on the size 

of reduced image and the search scope for the road 
model matching. Using 48x36 pixel reduced images 
reduced from 384x288 original image, the algorithm 
runs in about 81 ms on a dedicated PIII 550 without the 
optimization of MMX. Experiments show that it is 
sufficient to drive THMR-V for the real-time 
requirement. 
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In this paper, we describe a low computational cost 
road detection system TURF. This system specializes in 
detecting unstructured road using region analysis based 
method. A simple region segmentation method based on 
gray-level mathematical morphology is used to group 
pixels with similar intensity without the need for 
tracking from frame to frame. The road model in this 
system is a four-parameter model, which can handle 
most of the difficult road with noise. This system has 
been tested on THMR-V. Through experiments we 
demonstrate that this system is robust and applicable to 
real-time vehicle guidance. 

In experiments, we find some edge information is lost in 
image reduction, so we will use a special filter to 
preserve the edges in the future. The advantage of the 
cost evaluation scheme of interpretation is that new 
constraints can easily be added to the total cost. For 
example, we could add costs so that the entire road 
region should have a similar color. We could also add a 
cost insuring that road region is similar in color to the 
road seen in the previous image. Furthermore, we also 
consider using MMX instructions to speed up our 
system in the future. 
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FIG. 3 Experiments on road with cracks and bicycles 
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FIG. 4 Experiments on road with shades and cars 


