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Abstract Positioning System(GPS) gives location in an absolute
coordinate system(Lambert’s coordinate system). GPS
Our work is dealing with lane markings detection and thgin be used in several different modes that provide differ-
vehicle location. We will show how computer vision caent kind of accuracy. The higher accuracy is reached with
improve the accuracy of the determination of the vehigeal Time Kinematics mode (RTK). But many conditions
position in a map by GPS and proprioceptive sensors. Afin affect the result.(SA effect, high buildings or trees)
efficient method for locating vehicle by cameras, proprigPS depends strongly on the external condition. Proprio-
ceptive sensors and GPS has been developed and ders@ptive sensors only measure variable that depends on the
strated in an outdoor experimental track in real time. TRehicle’s engine (speed, acceleration, rotation angle). To
system is designed to a well structured road with laeetimate the position of the vehicle (the position (x,y) and
markings. It merges proprioceptive measurement, GBe vehicle coursé, we must integrate measurement at
location and images analysis information with use of@ach moment. This implies an important accumulation of
non linear dynamic model(Kalman Filter). The perforerror on the result. To estimate locale vehicle position by
mance of the system is shown in the experimental tragking exteroceptive sensors, many algorithms were pre-
with a processing frequency of 15 Hertz and the error @énted by using computer vision [2], [3], [4]. Most of
the location ist5cm. them, are using cameras looking forward. Such a sys-
tem’s performance depends on many kind of perturbations
(light, shadows, occlusions). A serious study must be
done to design a robust algorithm [8]. To robustify the ve-
To locate the vehicle is a key level of every advanced dri(]/'-Cle I_ocatlon system, Fusion methods are used [5.]' Here,
ing assistant systems that are designed for many purpoWeeS'WIII propose to merge the measuremgnt provided by
these systems. The presented system will be able to take
e provide users with vehicle geographic position,  into account advantages and drawbacks of each kind of
sensor. In the first part, we will describe an algorithm
e help users with adapted driving instruction, that uses cameras positioned laterally at each side of the
. . . . vehicle for line detection. In the second part, a non lin-
e provide users with a full or partial autoguidance pos-, . . )
sibility. ear Kalman based algorithm that merges |nformat|9n frpm
different sensors (GPS, INS, GPS and Map-Matching, im-
The |arge amount of sensors or systems that can h@q:ﬁ processing...) is presented. This allows us in the final
in vehicle location encourages researchers to investigg@t to compare the different solutions and show how im-
more in such a location systems. The widely used Glolsgle analysis algorithms can help and improve the vehicle

1 Introduction
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location with other sensors.

(0,0

2 The lateral camera system and
lane-marking detection

The system needs two cameras positioned in each side
of the vehicle looking at the region of the road near the
vehicle.(Figure 1 and 4).

Figure 3: The image coordinate system.

Cameras 7.

¢
Figure 1: The cameras are placed outside of the vehicle
h
Both images analysis and the sensor fusion method a
implemented in an embedded bi-processor computer iv=—
shown in figure 2.

Figure 4: The coordinates systems associated to lateral
cameras.

3 The lane-marking detection

3.1 algorithm of features extraction

This extractor uses two main characteristics of the lane

Figure 2: The on board bi-processor computer in tHeArking:

LIVIC vehicle. e the high intensity of the pixels belonging to the lane
markings,

2.1 Cameras position and associated coor ¢ the width of the lane markings which is constant.
' dinates systems. The main idea of this algorithm is to take into account

the lane marking’s width. With the perspective, this
To determine the local position of the lane marking, wane marking’s width in the image decreases when the
need to introduce first some coordinate systems. For thistance between vehicle and the marking increases.
image description we need an image coordinates syst&atually, we can show that the markings width decreases
(u, v).(Fig 3) For each camera, we have a coordinate sjigearly to zeros when it reaches the harizon line in the
tem for the description of the detected lane marking mhage.(Figure 5)
each side of the vehicle.(Fig 4)
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e While Intensity(pixCourant) > I and

pizCourant < sizeXImage
v, // /rL \\ pizCourant = pizCourant + 1;
'd : ‘ e If pizCourant € [S1,S2] Then a marker is de-
1 tected.

Vi [ [L \ e Return the centre of the marker axis:

// [ \ (pizCourant+pizInit)

2
/ [dz

e pixInit = pixCourant + 1, returnto 1,
e elsepixzInit = pizInit + 1, returnto 1,

Figure 5: For the same kind of lane markings, the Width3 else pizInit — pizInit + 1. return to 1
of their images depend on the distance of the marking to" P P ’ '
the camera. In the picturd] > d2 andv; andwvy are the

coordinates of the centers of the two marking. )
3.2 Features extraction result

First, the extractor computes intensity gradients of a value
higher thanS, and then searches for a pair of positive and
negative gradients within a rang#,, S;]. The goal is

to obtain the maximum number of features really on the
lane-markings and at the same time to reduce as much
as possible the number of outliers, knowing that in any
case the problem of outliers is tackled by the robust fit-
ting algorithm of lane-markings. In order to not miss any
feature, even in adverse lighting conditions, we have to
set.Sy as small as possible and to analyze the whole im-
age to initialize the detection. It is always possible to

limit the analysis in areas of interest thanks to a dynamic gff;a// . v, /

shape tracking. Fortunately, the proposed extractor is fast })?7{:;

enough to be applied on whole image. For each line im-

age, letu,,;; be the first position for which a gradient is

greater than the threshol), ucy;ren: IS the position of

the current analyzed pixel. A lane-marking feature is con-

sidered to be detected in the image lin@f,-rcnt - Winit

is within the rangésS;, Ss] whereS; = C4(v — v,) and

Sa = Co(v—uy). We can notice thaf;, andS; vary when Figure 6: Top left: Original image of a road. Top right:
we modify the coordinate. S; and S, are very impor- result of Prewitt’s filter. Bottom left: result of Canny fil-
tant for removing many of the outliers, and thlis and ter. Bottom right: result with our lane-marking features

¢ have to be chosen carefullg:, andC; can take into extractor. It is only with the proposed extractor that the
account different kind of errors such as small variations ﬂfgh light area is removed.

marking width, errors on camera calibration. Here is the
algorithm:
1. Calculate gradient (pizInit) The classical edge filters detect lane markings but also ev-
2. If G(pizInit) > So then ery sr_wadow or high light edges. _By taking into acpount the
marking’s width, only a few outliers due to the high light
e pizCourant = pizInit + 1; area are detected. Moreover the lane-marking is com-
o I = Intensity(pizInit) + S@2Init), pletely extracted.(Fig 6)
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3.3 The choice of lane-marking model

Many lane markings and road model were proposed
When the camera is looking forward, the road shape i
very important, 2D curves or 3D curves are then usefu
The drawback of this kind of model is the lack of accurac
on the distance estimation and the system is very sensiti
to light variation. But in our case, only a very local part
of the lane marking is seen. In this scale, The detecte
feature contains less noise and the effect of light variatio
is weak. We can assume that, locally, lane marking is
straight line.
Let us write the equation of a straight line in the moving
road coordinate system (Fig 4):

y=Sz+D 1y Figure 8: Examples of a video sequence taken during a

test of the system. Dark lines represent the center of de-
If we setz = 0, D represents the distance between vehidlected lane marking.

and the lane marking. The sloperepresents the tangent
of the anglep.(Fig 8) To estimate these two valugsand ! ]
4 \ehicle location system.

4.1 Kalman based algorithm that merges
Sensors measurements.

The dynamic system that handles sensors measurement is
a non linear system. Itis used in a extented Kalman filter.
Let us first introduce some notations:

e X = (x,y,0) system’s state vector at the moment
k,

e X411,k is the predicted vector at the momént- 1

Figure 7: Each time, the system analyses two images of knowing the estimation at the moment

lane marking.phi represents the relative course angle of U, command vector at the momeint
the vehicle,P; and P, are distances of the lane markings
to the vehicle. e 1} system state noise,

P we can use a hough transform algorithm but we havee Y, measurement vector at the momént
developed an iterative reweighted least square algorithm _
presented in [8] that can estimate more complex curves. ® Wi measurement noise at the moment

. . . . e f(Xy,Uy) represents the non linear evolution of the
3.4 The lane markings position estimation system,

result.
_ o _ e h(X}) represents the estimation process,
We first, show some results of thieand P estimation with

a video sequence. The detection is presented by straight P,/ is the covariance matrix on the prediction
lines. step forXy. 1k,
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e P/ is the covariance matrix on the estimation step, This algorithm can handle several sensors. The only
requirement is to provide measurement and the covari-
ance matrix that gives the quality of the measurement. In
e (), is the covariance matrix on the measurement éie estimation step, a measurement from a sensor will be
ror. compared to prediction result, but also, the confidence on
_ ) ) . this measurement expressed by the covariance matrix is

The Kalman filter is defined by the following equationg,,an into account in equations ( 4) and ( 6). Equation
system. ( 4) can be seen as a weight given to the measurement.
{ Xpy1 = f(Xi, Ur) + Vi prediction equation When a measurement has a good confidence, the effect of

e R, is the covariance matrix on the state,

Y = h(Xk) + W estimation equation ) K11 is important in the update equation ( 5) This confi-

. . ) ) dence can be represented by ellipsoid (figure 9).
The prediction equation describes the theoretic system

model. In our case, the system is a vehicle. The esti -

mation equation depends on the sensors used. This ci
represent vehicle position or any function depending or " ‘

it. In the following section, we will give details about
sensors and the appropriate functigrendh. Here is the
algorithm: i

1. initialisation step: the Kalman filter algorithm is a recur-
sive algorithm that needs initialisation. In our tests, we &'
will initialise the algorithm with GPS. Assume here that &
the initial state isXo/0 and its covariance matrik, /. 2

2. prediction step: the prediction for the moment+ 1 L
is computed by the prediction equationXy,,, =
f(Xk/k, Ux) The perturbation is taken into account in the
calculation of the covariance matrix. To compute this ma-
trix, we must first calculate th¢'s gradientV f (X}, ;) =

1.2054 -

1.2054 -

Fy, /1, because the model is non linear. The covariance ma: sz s 585 w5 5oz oz 505 525 585 %
trix is then defined by e e it
Pui1sk = FryiPeju i, + R (3)
3. estimation step: this step will compare the measurEigure 9:_The confid_ence of the measurement is given by
mentY;, from any sensor and the predictiof ./, = the covariance matrix.

h(Xk+1/x)- As h may also be non linear, we must com- ) . ) )
pute: Vh(Xys1/x) = His1 /. The error is then calcu- We will see in the following part, how the algorithm han-

latedsy+1 = Yi+1 — Yii1/x-The correction is then madedle sensors separately or together. The covariance matri-
through the gain matrix: ces provided by sensors key

Kiy1 = PoeHyy1 e[ Hy1 /6Py /e Hi +Qr+1] ", . .
PR AR TR ) 4.2 Using a map as location reference

The estimated vector is then We need a map of the track as reference of the vehicle

Xis1/k+1 = Xpg1/k + Kpt16k41. (5) location.

We associate to this estimation the covariance matrix [1] ) o .
4.2.1 Design of the digital Map of the experimental

track.

Piy1kp1 = (I— K1 Hy P, I—-Ky1 Hy, ¢
1w = b Hiees /i) P o Hl/k)The map of the experimental track is built with topo-

+ K1 R 1 K (6) graphic measurement. We start with the choice of some
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referential points at the center of the lane. When the track
is locally a straight line, the distance of two consecutive
points is twenty meters. And in the curved portion of
the track, this distance is five meters. The position of
the track’s points are saved on a file. The available posi-
tion the points and lane course &8,qck, Ytrack, Otrack)
(Figure 10).

wad Global Track

1212

Figure 11: The lane marking is composed of a set of

1.208

O
N

: \\ (._.\ straight segments described by de equation (7).
B 1206 —— N
\NZ/ our vehicle two kind of sensors are available: topometer
12 and inertial sensor (INS). They provide the distance and
the rotation speed of the vehicle.
. Uk‘ _ Adk = dtopo,k - dtopo,k—l
5816 5818 562 5822 5624 58256 5628 Awk‘ - TINS,k‘(tk - tk—l)

Lambert's X-axis w107

We are going to present briefly, the vehicle model used

in the system, but this is not our topic. The vehicle is rep-

pfesented by its inertial center. The evolution of the vehicle
is described by the equation:

xp + Ady, cos(0y + A;““)

Figure 10: The map of experimental track in the Lal
bert’s coordinate system.

Locally, the track is then approximate by straight segx, ,, = f(X,U) = Y + Ady sin(0y, + 5%)
ments. Each segment is described by the couple 01 + Awg
(Psegs Useq) N the straight line equation: (8)
. Topometer gives distance every 0.19 meter. We define
205(0seq) + ysin(0seg) — pseg = 0 () then the measurement variancéas rop, = 0.192. The

gyro of the INS measure the rotation speedith an off-
set of10~3 and a variancear = 8.10~%, angle variation
varianceV arqng. = var*At? is then the variance of ve-

5 Location by proprioceptive sen- hicle angle variation measurement. The covariance matrix
i o f th di
sors in the Kalman prediction @ "¢ ®mmanas
R — VarTopo 0
Step- command 0 Ve angle

Proprioceptive sensors measure the state of the vehifpguit de I'etat pas d’explication)

This is the reason why the measurement is never affect by 012 0 0
external conditions. For that reason, these measurements R, ..., = 0 0.12 0
are used in command vector of the Kalman systémin 0 0 0.13%-%
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As the system is non linear, we must calculdte = GPS precision mode Covariance MatriXQ¢ps
— it 2
Amf(Xk7Uk) aqd Bk = Ayf(Xk,Uk) The prediction 31 centimetric 0.04 0 ,
covariance matrix is then given by 0 0.04
2
. . 32 submetric g 02
PkJrl/k = FkPFk + BchommandBk + Rsystem 02 o
9 metric g 02
The kalman filtering can be used without estimation step, 0 ) 5
but the bias is growing with the distance. The test on the g decametric 10 02 >
track is presented in the experimentation part. 0 10

As GPS doesn't provide the vehicle coutsenly (z,y)
is measured here. Then

6 Location by GPS in Kalman esti- :
. 0 0
mation step o= ( 01 0 >Xk

6.1 On the measurements provided by GPS-etus note

1 00
He = ( 010 )
The measurement is the absolute position of the vehicle
(x,y). The precision depends on the mode of the GP&e must replacéx, , , by Hy1, inthe step of estima-
The receiver switches automatically to the best one whigin of the Kalman filter.
this is available.

o In the RTK mode, the precision reaches several cef- Location by Cameras in Kalman
timeters when the received signal is perfect. But this estimation step
mode needs another fixed receiver to provide any ’

measurement. 7.1 absolute location with cameras and

e The DGPS mode provides a less accurate measure- Map.
ment. But it doesn’t need a fixed receiver. Only Bnage analysis provide only local measurement. To ob-
satellites are needed during the initialisation. tain an absolute vehicle location, we use a simple map-
matching technique [6]. The distanéemeasured by im-

The vehicle orientatiod must be calculated by using theage analysis algorithm is defined in the equation 1. We
previous value or given by proprioceptive sensors. Theust calculate the distance of the lane marking to the ve-
error of thed estimation grows during the calculation. Wéicle gravity centeiG, D¢ thanks toD. First, we can
must to take into account this error with this kind of ser@xpressed the lane marking’s position within the sys-
sors. We must also keep in mind that the GPS measusm coordinateR presented in :L = (0, D,0)* Let us
ment is provided with a little delay (ne@f0ms). note:

e 1. the position of the camera on the longitudinal axis

6.2 GPS measurement integration in the  °fthevehicle,

Kalman estimation step. e y. the position of the camera on the lateral position

] ) of the vehicle,
Before using GPS measurement in our system, we must

define the covariance matrices for different modes ofe 6. the orientation of the camera with respect to the
GPS. vehicle longitudinal axis.
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o X, = (vc,yc) e topometer and inertial sensor. The Kalman filter is

(see figure 12) only using its prediction mode in this case,

e topometer, inertial sensor and GPS. The prediction
will be done thanks to topometer and inertial mea-
surement and the GPS information is used in estima-

o ( ”1495 tion step,

A Y[ ) o finally, we add to this last system, our lane marking

Lateral Axis detection by image analysis.

Longitudinal Axis

The experimentation is done on the track we have pre-
sented. We have tested on line our system. The measure-
Figure 12: The camera’s position is very important ifents are saved at the same time.

measuring the distance of the vehicle to the lane marking.

_ . - 8.1 topometer and inertial sensor.
We must first calculate the lane marking position on the

absolute coordinate system. The position of the camdf€ accuracy of the vehicle position is calculated during
is then very important (figure 12). The position of thehe test on the track, it is shown in the table below.

lane marking detected by the camera is calculated by the error of the vehicle position distance
following formula: 0.5m 31m
1.0m 97m
Xiane = Ryehicle Reameral (9) 2.m 183m

WhereR,.niq. iS the rotation matrix with the angkg
Reamerq IS the rotation matrix with the angté.eta,.
To compare predicted vehicle position and the vehicle po-
sition derived from cameras detection, we measure the al-

gebraic distance ok, to the straight line given by the

equation (7). The functioh defined in the kalman sys-

tem is thenh(Xy) = xc0s(0seg) + Yrsin(Bseg) — Pseg

By linearizingh(X}) we obtain the matrix{;. The gain

matrix K, is defined by
K = PHL(H PH} + Ry) ™!

Ry, corresponds to the covariance matrix provided by the
lane marking position estimation by the image analy. t.héq
algorithm [8]. €

ure 13: The accuracy of the prediction decreases with
distance. The vehicle’s path does not match the exper-
imental track.

8 O . S We can plot the vehicle position estimated by the kalman
n merging ensors measure'prediction without any estimation step. This result show

ment and experimentation_ proprioceptive sensors can not be used alone (figure 13).

In this section, we are going to compare several com@-2 combination of topometer, inertial and
nations of different sensors. We will show through this GPS

comparison, how efficient result we can obtain when we
merge different kind of sensors together. We proposeThe fusion of sensors allows us to use prediction and es-
combine: timation steps of Kalman filter. The result depends on the
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GPS mode. The drawback is the very frequent chang®vided by cameras. By comparing figures 14 and 15,

of the GPS mode due to the loss of the GPS signal quak notice the vehicle is positioned at the center of the

ity when the vehicle is near an obstacle. The figure (14he when cameras detection is available. Without cam-
eras, the vehicle seems to be out of the lane. When the
GPS mode is RTK, the location is very accurate (error of

+0.05m), this accuracy allows us to detect some manoeu-
ver of the driver (figurel16).

Figure 14: The vehicle’s path seems now to be accurate. -
But if we zoom the image, we notice some estimation er-
ror. The vehicle’s position is not on the track.

shows a better result when we use GPS with propriocRgure 16: Thanks to the lateral position of the vehicle on
to get a very accuracy vehicle position estimation.

8.3 combination of topometer, inertial, GPS
and cameras.

9 Conclusion

The algorithm presented in this paper provides us with a
very accurate vehicle location on the road. This allows us
to show how powerful is a system that uses different sen-

/ sors. Here, proprioceptive sensors, GPS,and cameras are
used. The results obtained by our experimentation proves
that computer vision has a key part in such a system. The

.. main result is certainly the importance of the fusion algo-
~ rithm that allows us to merge different kind of measure-

ments.

Figure 15: By using cameras information, the vehicle po-
sition estimation has a higher accuracy. The vehicle’s path
fits the track. In the second image, we notice that the in%;ck led
tial center of th vehicle are positioned nearly at the cente nowie gments
of the road.

This work is partly funded by Region de l'ile de France.
We can obtain an accurate vehicle’s position estimationfifie authors are grateful to LIVIC technical team for its
the vehicle lateral distances to the lane markings of bdthlp in the experiments and Francois Bulteau for his help
side of the vehicle are available. This information is onfipr the experimental result.
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