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Abstract-This paper reports the advancement of a research
extension. The outcome is a device installed in a long-haul bus
for daily operation. The incumbent system features the
combination of Lane Departure Warning (LDW) function and
Forward Collision Warning (FCW) function employing the
Support Vector Machine (SVM) as the classifier. LDW
recognizes the environment as in daytime or in nighttime by
detecting a vanishing point and applies the appropriate
thresholds for daytime and nighttime to enhance the detecting
rate. The algorithmic components of LDW function include
image overlapping, median filter, edge-enhancement filter and
Hough Transform, while the FCW function identifies vehicles
with a feature-based approach and verifies the vehicle
candidates by the appearance-based approach. In addition, we
propose a new detecting scheme by motion vector (MV)
estimation, where the detection doesn't rely on the whole image
inside the region of interest (ROI) but on the detection range of
three different ranges to concurrently secure high detecting
rate and low computing power. Besides, as distance estimation
is the crucial part of FCW function, we create an innovative
camera calibration algorithm working with an adjustment
mechanism to enhance the accuracy of the distance estimation.
The combination of refined LDW and FCW functions has
successfully implemented in ADI-BF561 600MHz dual core
DSP-based embedded system.
I. INTRODUCTION

In the recent years, traffic accidents cases tend to increase

and draw attentions. Most accident cases stem from
drivers' distraction and fatigue in the course of driving. To
tackle this problem, engineers put smart sensors into an
intelligent vehicle to monitor environment for preventing the
danger to come. Considering the cost and technological
sophistication, an embedded system encompassing a camera
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to enable the LDW and FCW function as an intelligent
warning device is one of feasible solutions. Previous
researches only took into account the detecting rate of the
computing algorithm that demands a powerful PC platform.
Also, the calibration procedure is inadequate to secure the
accurate camera tilt angle. In this paper, we present
innovative computing algorithms for LDW and FCW
functions that allow the implementation of the embedded
system and the correct calibration to the tilt angle of camera.
Up to now, many literatures in research have focused
upon the problem of lane recognition. In [1], the inverse
perspective mapping (IPM) procedure generates the
bird's-eye view images to remove the perspective effect.
Next, it extracts the lane mark based on the road constraints
and the lane mark's width. However, IPM consumes too
much computing power to execute real time processing in the
embedded system. [2] proposed a rapidly adapting lateral
position handler (RALPH) system, which constitutes an
adaptive high-speed matching procedure to determine the
lane's curvature and its lateral offset. Although RALPH
approach indeed reduces computation cost to tradeoff the
rapid response, it suffers from low accuracy and the influence
of the insufficient parameters. [3] proposed a curve road
model for a deformable template to optimize a likelihood
function. However, that optimization algorithm cannot
guarantee sufficiently accurate output without huge
computational resources, failing to be qualified for the real
time application. Another research work with different
philosophy disclosed by [4] that the lane recognition in the
highway night ambience is possible by detecting the reflector
plates as the lane border. However, reflector plates are not
omnipresent on every highway and road. Therefore, it is
impractical to perform the lane recognition task via this
proxy of lane.
Many approaches have been proposed so far for vehicle
detection. In [1] and [5], a three-dimensional approximation
of the framed scene is reconstructed by a stereo system and
vehicles are detected by extracting some specific features. In
[6], [7], [8] and [9] a monocular camera detects the vehicles
by extracting certain features. However, stereovision is not
feasible for the embedded system because of the needs of a
great deal of computing power. On the other hand, using
specific features to tell apart the vehicle images from
obstacles without considering their appearance will ensure
no high detection rate. Detecting vehicles by their
appearance is another option. In [10], wavelet transform
together with PCA-based classifier is used to detect vehicles
inside the image. [11] proposed a Gabor filter for vehicle

feature extraction and used SVM for vehicle detection. In
[12], a so called "multiclustered modified quadratic
discriminant function" (MC-MQDF) classification method is
used. However, detecting vehicles by appearance-based
method alone is not a plausible way for embedded system
because the whole image must be split into many small
sub-image grids of fixed size for the classification task. This
act inevitably imposes an unacceptable computing burden. In
[13] and [14], a hybrid vehicle detection framework was
proposed and both of them adopted three ROIs with different
resolution inspired by [15]. Vehicle is firstly detected by the
featured-based approach and then verified by the
appearance-based approaches. Their works rendered
satisfactory detection rate though, however, at the price of a
powerful PC platform because they did not apply tracking
function and must detect all the vehicles in each frame.
In order to perform distance estimation in the FCW
function, camera has to be calibrated in advance by
calibrating the tilt angle and the height of the camera. The
height of camera is easy to be measured, while the tilt angle is
not. [16] had made efforts to measure the height and the tilt
angle of the camera as the focal length and the pan angle of
the camera can be computed based on a given vanishing
point. However, the tilt angle is still hard to obtain an
accurate value with any measuring instruments. [17]
estimated the tilt angle of camera through detecting the
vanishing point. Vanishing point is the intersection of a few
straight lines by performing edge detection and the Hough
transform. However, it is difficult to determine the correct
vanishing point in a noisy on-road environment. A
least-square method can reduce the estimation error, but
error still exist on occasion of failure in lane substantiation in
the bend road, poor edge detection and bad Hough transform
results. [7] utilized the vanishing point to estimate the tilt
angle of camera. They overcame the multiple-intersection
problem of lanes by selecting the vanishing point which
occurred most frequently, however, still suffered from the
same problem.
In section 2, we will describe the operation of the LDW
and FCW. Section 3 is to discuss the algorithm used for
LDW function. Section 4 is to discuss the algorithm of FCW
algorithm innovation. The device supported by the research
outcome has been implemented in a commuting bus as shown
in section 5. Finally we draw the conclusion and indicate the
direction for further researches.

to run the LDW and FCW algorithms, a video output
subsystem for demonstrating the detection results, a vehicle
interface to receive signals from vehicle, memories for
booting and saving data, JTAG for debugging and a buzzer
for warning the driver.
B. Software Block Diagram
The software block diagram is shown in Fig.2. The DSP
has dual cores denoted by A and B. Here, Core A is
responsible for LDW, while core B is devoted to the FCW
and output to Core A the result of vehicle detection for
display. The LDW has an efficient median filter [18], an
edge-enhancement filter and Hough transform [19]. The
FCW features vehicle detection and vehicle tracking where
vehicle detection includes tasks like feature-based searching,
appearance-based vehicle verification, while vehicle
tracking task employs the MV estimation technique.
Power
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Fig.1 Hardware architecture

II. SYSTEM OVERVIEW
A. Hardware Architecture
The architecture of hardware shown in Fig. 1 results from
our previous research works, it contains a power subsystem
that powers up the whole system, a UART interface for
calibration, a video input subsystem that decodes NTSC
format images (interlaced, 858x525 pixels), a dual core DSP
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Fig. 2 Software architecture

III. LANE DEPARTURE WARNING FUNCTION
The objective of lane recognition is to locate the lane
boundaries from the input image. As soon as a driver lets the
vehicle deviate from the lane without triggering the turn
signal, LDW will warn the driver by buzzer sound or light.
The algorithms used for LDW are median filter,
edge-enhancement filter, Hough transformation [20], image
overlapping, and the threshold criterion.
A. Image Overlapping
Two kinds of line shape determine the being of lane on
the freeway. One is a continuous line; the other is the dotted
line. In order to enhance the feature of lanes, every current
input image is overlapped with the previous one as shown in
Fig. 3 and Fig. 4. The subsequent edge detection is processed
on the basis of overlapped image.

candidates by the appearance-based approach. Our
innovative new scheme detects no all the vehicles inside the
image frame but incorporates a "tracking function" to reduce
the computing burden. In addition, the task of distance
estimation is executed after vehicle is identified with camera
pre-calibration as the prerequisite.
A. Feature-based Vehicle Detection
Feature-based vehicle detection refers to detect object,
which possesses edge, symmetry and shadow features with a
default vehicle size inside the image frame.
1) ROI and Down-sampling
For better system performance, we take new smaller
image to contain as much as possible of the information
contained in the original image. Hereby, we define three
kinds of ROIs. The three ROIs shown in Fig. 5 are long-range
region detection, middle-range region detection and
short-range region detection where the middle-range
detection region and short-range detection region are
down-sampled for two-times and four-times separately.

Fig. 5 Three different ROIs

rig.

4 An overiappeci image

B. Thresholding Criterion
Threshold of the edge detector is a critical to the
detection rate. Previously proposed criterions [21][22][23]
worked quite well contingent on different settings. However,
the optimal threshold requires an iterative heuristic
procedure. We select appropriate values for thresholds by
simply detecting the light condition of ambience. i.e.,
daytime or nighttime. After lanes are detected successfully,
the vanishing point can be then inferred and thus the
sky-region can be determined between vertical top and the
vanishing point. Therefore, the threshold can be determined
by observing the mean illumination value in this region for
several consecutive frames.

IV. FORWARD COLLISION WARNING FUNCTION
FCW function detects all the preceding vehicles whether
they are within a predetermined headway distance. Our
proposed FCW algorithm detects the preceding vehicles by
the feature-based approach and verifies these vehicle
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2) SOD and Sobel Edge Detector
The distances between the ego-vehicle and the
preceding vehicles are the focus in FCW. As we can see, the
vehicle in the image has boundaries distinct to road image
and vehicle image is symmetrical. These two properties can
be detected by the estimation of SOD from the enclosed
image inside square frame. The SOD(x,y) is defined as:
Ht (x,y) Wt (x,y) / 2

E

SOD(x,y)

=

t

'

EG(x wt,y- h,)-G(x +wt,,y-ht
-

W=(1

~~~~~Ht(x, y) x Wt (x, y)

where G(x,y) is the gray-level value of points (x,y), and
Ht(x,y) and Wt(x,y) denote the default height and width ofthe
square frame of points (x,y). Combining the results from
SOD and the horizontal edge image using horizontal Sobel
detector, vehicles can be located as Fig. 6.

Fig. 6 The result after applying SOD and Sobel edge detector

B. Appearance-based Vehicle Verification
The appearance-based vehicle verification is a two-class
pattern classification problem (i.e., vehicle and non-vehicle).
The classification solution involves both feature extraction
and classifier training operation. Here we adopted wavelet
features because of its fixed-point behavior and SVM for

classifying.

1) Haar Waveelt Features
Wavelets are basically a form of multi-resolution
function approximation that allows the hierarchical
decomposition of a signal or image. We go further by
quantizing coefficients based on an observation that the
actual values of the wavelet coefficients might not be so
important because we only need the general shape ofvehicle.
Therefore, the actual coefficient values might be less
important than the status of their presence. We use three
quantization levels: -1,0,1 (-1 representing large negative
coefficients, +lrepresenting large positive coefficients, and 0
representing anything else). This simplified scheme has been
justified as more efficient in [24].

2) SVM
SVM is primarily a two-class classifier, which is a
systematic approach to learn linear or non-linear decision
boundaries. Before SVM conducts on-line classification
operations, it must be trained off-line using a lot of training
samples comprising vehicle images and non-vehicle images.
In our case, the training dataset xi, where i1...,l, x. c R , is
the Haar wavelet transformed and quantized image. i.e., xi
= d1,...,dn}, di c {-1,0,1}. d, is the ith coefficient of the
transformed and quantized image. n is the dimension of the
vector. / is the number of training vectors. Each dataset xi will
be labeled with y, as "1" for one class and "-1" for the others.
i.e., Y, c {-1,1}. If a hyperplane represented by a normal
vector w and a bias as b can separate the two classes, the
points that lie on it should satisfy wT x+b=0. In the training
stage, the hyperplane should classify all datasets to satisfy the
following constraint condition:
(2)
yi (WTXi + b) 2 1, Vi
The margin between two classes is 2/llwll. Thus, to find
the optimal separating hyperplane featuring a maximal
separation margin, the margin between both classes can be
maximized by minimizing wI 2/2 subject to the constraint
condition (2). This is a classic optimization problem subject
to inequality constraints. Once the training process is
completed, we can obtain wT and b that will be later
implemented in the embedded system for on-line
classification.
Sf

C. Vehicle Tracking
Vehicle tracking refers to the event of monitoring the
previously identified vehicles over time. Because our
vehicle-detecting scheme does not detect all the vehicles in
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image rather than the three different ROIs, tracking is
therefore essential for this scheme. When a vehicle in one of
the three ROIs is detected, tracking function carried out by
Motion Vector Estimation technique [25] will be triggered
even if this vehicle may not be detected next time. Tracking
is done by the calculation of SOD around the position of the
previously identified and stored vehicle image. If the SOD
value is low enough, its position will be updated. Once a
vehicle is detected twice, the searching region of SOD for
detecting its current position will be updated and narrowed.
D. Distance Estimation
Estimating the distance between ego-vehicle and the
preceding vehicle requires defining two kinds of frame. The
vehicle frame is defined taking the flat ground plane as the
reference as shown in Fig. 7(a). The image frame is defined
with respect to the output image as shown in Fig. 7(b).
Y
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Fig. 7 (a) Vehicle frame (b) Image frame
Once the bottom (shadow) position of the preceding
vehicle is detected, the distance between ego-vehicle and the
preceding vehicle can be estimated by

h(fS cosO-(y' - 2 )sin 0)
v

Z

fSY sin0+(y

~~H-)cosO
2

-

2

where f is the focal length of the camera, h is the camera
height from the ground plane, and. H and W are the height
and width of the image respectively. y, is the location of the
preceding vehicle in the image coordinate. Z, is the distance
between ego-vehicle and preceding vehicle. Sy is the scaling
factor in y-axis. 0 is the tilt angle as shown in Fig. 7(a).
Tilt angle and height of camera should be given for
distance estimation. In the real world application, camera
height is easy to be measured for an accurate result. However,
tilt angle is much more difficult. Merely half a degree of
measurement error can result in an unacceptable distance
estimation error. Error becomes worse when the preceding
vehicle moves far away. Therefore, tilt angle needs to be
calibrated accurate in the calibration stage. Hereby, we
proposed a tilt angle calibration scheme, which relies no on
the vanishing point but a physical rectangle calibration tool.
This scheme does without tilt angle estimation in the noisy
road environment and unreliable edge detection, instead,
installs a calibration tool in front of the vehicle as shown in
Fig. 8(a). Then, Sobel horizontal edge detector is used to
obtain the y coordinates of the upper horizontal edge and

lower horizontal edge in image frame. As the distance
between the upper horizontal edge and lower horizontal edge
in vehicle frame is known, tilt angle is estimated by the
Newton-Raphson Method. We can rearrange distance
difference as
-)2)sin0) h(fSY cos0-(Y - ) sin 0)
h(fSy cos 0
2
2

f(_)

H

fSy sin 0 + (Y,,2 - 2 ) cos

H

)cos 0
fSy sin 0 + (y1'2

(6)

-(ZV,2 Zv,l ) = °

where Zv2 is the distance between ego-vehicle and the upper
horizontal edge of the calibration tool, Z,1 is the distance
between ego-vehicle and the lower horizontal edge of the
calibration tool. Yv,2 is the coordinate of the upper horizontal
edge of the calibration tool inside image. Yv,i is the
coordinate ofthe lower horizontal edge ofthe calibration tool
inside image.
As the result of the iterative operation by the
Newton-Raphson Method is very sensitive to the initial value,
we design a physical mechanism to confine the tilt angle of
camera to a quite small zone as shown in Fig. 8(b). By
adjusting the gradienter as 0 degree, the tilt angle can be
constrained even the camera is installed in a different vehicle.
Therefore, the Newton-Raphson Method always works in
many different vehicles.
windthie

_

Wt angle
camera

D))

B. Research Results
The processing time of LDW and FCW are 40 ms and
50ms respectively, and this meets the need of real-time
operations. According to the outcome of pilot run, the LDW
works quite well in the daytime and the nighttime, while
FCW functions quite well only in the daytime. FCW can
recognize a variety of vehicle type (truck, wagon,
sedan... .etc.) as shown in Fig.10 (a), Fig.10 (b) and Fig.10 (c).
Especially, vehicle can be detected with the image
interferences from the direction sign or vehicle is inside
tunnel (Fig.10 (d)). In the nighttime, lanes can be well
recognized correct (Fig.1O (e)).

ianter
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(a)

(a)

Fig. 9 (a) Commuting bus (b) The installed camera

tase

(b)

Fig. 8 (a) Calibration tool (b) The mechanism of camera base
The calibration algorithm for the Newton-Raphson method is
done by calculating the derivative of f( 0 ) and iterates by
On+1 0

f
f
(0on)

f'(011)

(7)

(c) Sedan

(d) Inside tunnel

The calibration algorithm for the Newton-Raphson Method
is omitted here.
V. EXPERIMENTAL RESULTS

A. System Setup
Our system has been installed in commuting buses for
commercial application as shown in Fig. 9(a). The
mechanism of camera base is installed on the vehicle
windshield as shown in Fig. 9(b). Before putting the system
into running, the installed camera must be calibrated in
advance. The data of images recognized by using a video
capture card have been logged into notebook computer.
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(e) In nignhttme

Fig. 10 Detection results
VI. CONCLUSIONS AND FUTURE WORK

Robust and reliable lane recognition and vehicle
detection algorithms are crucial to the performance of LDW
and FCW functions. Our system justifies itself as robust
under different driving conditions. The computation cost is
reasonable enough to account for commercialization. For

lane detection, we adopt the hybridization of edge detection,
continuity with a threshold criterion. For FCW, our scheme
identifies vehicles by feature-based approach and verifies the
vehicle candidates by appearance-based approach. By the
introduction of MV, our ROI can be divided into three types
to substantially alleviate the computation burden. The
distance estimation of FCW requires the estimation ofthe tilt
angle of the camera; our new reliable camera calibration
algorithm based on Newton-Ralphson Method is immune to
the interference of zigzag effect from low-resolution image.
Execution time for LDW and FCW is 50ms with our dual
core system and it meets the requirement of real-time
processing. The major contribution of our research work is
manifested in the innovation adoption by the commercial
running. The direction of future research is to develop
classifier of high efficiency and to introduce the high
dynamic range camera to detect vehicles in the nighttime.
The ultimate goal of research is the embodiment of an
all-weather system.
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