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Autonomous Vehicle Positioning With GPS in
Urban Canyon Environments

Youjing Cui and Shuzhi Sam G&enior Member, IEEE

Abstract—The Global Positioning System (GPS) has been widely eight or more GPS satellites, and to thereby minimize any risk
used in land vehicle navigation applications. However, the posi- of urban blockage.
tioning systems based on GPS alone face great problems in the - 5y 14 fing a constrained solution. For example, in marine ve-

so-called urban canyon environments, where the GPS signals are, . L . .
often blocked by highrise buildings and there are not enough avail- hicle applications, the altitude could be defined as sea level [1].

able satellite signals to estimate the positioning information of afix. I land vehicle applications, if the altitude changes slowly, it is
To solve the problem, a constrained method is presented by approx- often considered constant and assumed to be known [7].
imately modeling the path of the vehicle in the urban canyon envi-  3) To use external references [1] such as an altimeter or a
ronments as pieces of lines. By adding this constraint, the minimum precise clock [8].

number of available satellites reduces to two, which is satisfied . . .
in many urban canyon environments. Then, different approaches 4) To integrate the GPS with dead reckoning sensors such

using the constrained method are systematically developed. In ad- &S intertial navigation systems (INS) and encoders to provide
dition, a state-augmentation method is proposed to simultaneously continuous positioning information [2]—[6].

estimate the positions of the GPS receiver and the parameters of  5) To solve the urban canyon problem by modeling the dy-

the line. Furthermore, the interacting multiple model method is namics and using a Kalman-filter-based approach. The Kalman

used to determine the correct path which the vehicle follows after filteri thod has b idel di bot self-| lizati
passing an intersection of roads. Simulation results show that this iitering method has been widely used in robot seli-localization

approach can solve the urban canyon problems successfully. [23], [24] as well as GPS applications [25]-{27]. The Kalman

I N filter time update always provides a position estimate, even if
Index Terms—Extended Kalman filtering, Global Positioning d b ys P ¢ P lable. But th .
System (GPS), interacting multiple model, joint parameter and no pseudorange measurements are available. butthe covariance

state estimation. of this estimate will increase in at least one direction when the
number of independent range measurements is less than four
[1].

In this paper, another constrained solution is proposed to
HE GLOBAL Positioning System (GPS) has been widelgolve the problem by approximately modeling the path of
used as a component in land vehicle navigation systertise vehicle as pieces of curves such as straight lines, arcs,

However, the positioning systems based on GPS are challengetynomials, and so on. As the vehicle travels in an urban
by urban canyon environments in terms of delivery of enougfiea, its path is always constrained in a certain piece of road.
continuous positioning information. To obtain the positionin§y approximately modeling the path of the vehicle as a line
information of a fix, signals from at least four satellites are réesembling the road knowm priori, fewer GPS satellites
quired. However, in urban areas, GPS signals are often bloclaé necessary to obtain the positioning information. In fact,
by highrise buildings (in the so-called “urban canyons”). Thighe minimum number of the available satellites drops to two.
means that for a significant percentage of the journey time Fartunately, detailed maps are usually available for most
pointwise position solution is not available. cities. Accordingly, the city map can be modeled as junctions

To tackle the problem associated with GPS in urban canyeannected by piecewise continuous lines. In such a manner, the
environments, several approaches have been proposed agrdermation of the map is stored in the database of the proposed
tailed below. GPS positioning system.

1) To increase the number of visible satellites. In [3], [9], Though an approximate model of the vehicle’'s path can be
the Russian Global Navigation Satellite System (GLONASS)ptained from the map database, the actual path may deviate
is used to augment the GPS by offering more satellites in vidt@m the approximate model and is to be estimated. In this paper,
and thus, increasing the satellites’ availability. Advanced GRe state augmentation method and the extended Kalman fil-
receivers [10], [11] have been developed which can access ujetting (EKF) technique are used together to simultaneously es-

timate the parameters of the actual path and the positioning in-
formation.
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this paper, the interacting multiple model (IMM) algorithm ignodeling the path of the vehicle by pieces of curves in the

employed to solve the multiple hypotheses problem. The IMMrban canyon environments. As the vehicle travels in an urban

method has been widely used in multitarget tracking applicarea, its path is always confined in a certain piece of road. By

tions [18], [19], [21]. It is also used to improve the signal-tomodeling the path of the vehicle as a curve resembling the

noise ratio (SNR) for noisy speech [17]. In this paper, the IMMhape of the road, fewer GPS satellites are necessary to obtain

method combined with EKF is used to estimate the position ottae positioning information.

vehicle at intersection areas and to choose the correct road fronsenerally, a curve in space can be regarded as the intersection

all the roads connected to this intersection as it leaves the inteftwo surfaces. Recall that any surface in space can be described

section. by S(z, y, z) = 0. Therefore, a curve can be generally modeled
The paper is organized as follows. Section Il briefly describéxy

the urban canyon problem associated with GPS and presents the S _

concept of the new constrained solution to it. Section Il de- { 1@,y 2) =0 (2)

velops pointwise and filtering approaches to implementing the Sa(w, y, z) = 0.

cpr)strained solution. In Seption 1V, ggeneral method by Comeombining (1) and the two equations in the general line

bining the state a_lugmentatlon technique and the EKF methodj§ 4| (2) leads to; + 2 equations at each epoch with four

presented to estimate the parameters of the curve model Oflﬁ?ﬁ’mowns, the current positiom:(y, z) and the users clock

vehicle’s path and the positioning information simultaneously; < provided that the parameters of the line are knawn

. . - (i)
Section V focuses on solving the multiple hypotheses probletp 14 obtain the four unknowns at each epoch, the number
encountered when the vehicle meets an intersection by the | equations cannot be less than four, ire.,> 2. Thus, the
method.. In Section VI, thq perforl”r_]ance _Of the proposed aBinimum number of satellites to obtain the position and clock
proach is analyzed. In Section VII, simulation studies reveal the. < information drops to two.

feasibility and effectiveness of the proposed approach. The operations of the overall GPS-based positioning system

are as follows. When the GPS receiver is able to access enough
satellite signals with good geometry, the positioning informa-
GPS positioning is often solved in the earth-fixed rectaion will be estimated through a traditional approach by using
gular coordinate system, where the user’s position is denotedtbg pseudorange equation (1) only. If the vehicle travels in urban
(x, y, ) and theith satellite position is denoted Ioy;, Y;, Z;) canyon environments, some GPS signals are lost by blockage.

Il. PROBLEM FORMULATION

andi = 1,2, ..., n;, with n; being the number of the avail- In this case, the positioning system estimates the positioning in-
able satellites. The pseudorange measuremenirom theith ~ formation by utilizing both the available GPS signals (suppose
satellite to the user is given by that there are at least two GPS satellites in view) and the model

of the path of the vehicle. If the urban canyon environment is
a road intersection, then the IMM method is used to estimate

wherep;o = /(X; —2)? + (Yi —y)? + (Zi — z)? is the ac-  the position of the vehicle and determine the correct path model
tual range from theth satellite to the user, is the distance \yhich the vehicle follows.

corresponding to the user’s clock bias with respect to the GPS

time, andv; represents all the other errors contributed to the IIl. SOLUTIONS

pseudorange measurements. If stand-alone GPS is usgd, o

contain some common mode errors, and thus, are correlated t (e curve model of the path of the vehicle is known, the
each other. If differential GPS (DGPS) is adopted, the comm@gsitioning information of the vehicle can be calculated from
mode errors in; are eliminated through differencing. Thus, two (or more) pseudorange equations and the curve model. No-

contains only uncommon mode errors and can be consideredi&8 that in reality, most pieces of roads are straight lines, arcs,

uncorrelated to each other. In this case, the error terms can bed2ther simple smooth curves. Therefore, without losing gen-
assume that both andz can be written as an explicit

proximately characterized by zero-mean Gaussian white no%rél'ty' )
with a typical standard deviation of 1 m. Since the satellite podHNCtion ofz. Then, a road can be simply modeled by
tions can be precomputed from the ephemeris data, the user po- { y = fiz) 3)
sition and clock bias can be derived from (1) by neglecting z = fo(x).

Since there are four unknowns,y, z, andB,., in the pseudor- Thus, for the case af: available satellites, whena > 2, the
ange equations, at least four satellites are needed at each epsetfof equations to be solved are

pL:pZO+B7‘+U2 L:12nj (1)

When a vehicle with a GPS receiver on board travels in urban pi = pio + By + i, i=1,...,m 4)
areas, the GPS signals are often blocked by highrise buildings
which form the so-called urban canyon environments. In such y=h) )
situations, if the number of available satellites is less than four z = fa(). (6)
at a given epoch, then the complete GPS solution cannot be obBasically, the solutions to this problem fall into two cate-
tained through the pseudorange equations (1) directly. gories, the pointwise solution, which estimates the current po-

As mentioned in Section |, several approaches have bestioning information using only the current available informa-
proposed to tackle the problem associated with GPS in urbion, and the filtering solution, which utilizes both the current
canyon environments. In this paper, another constrainedormation and previous information to give the current posi-
solution is provided to solve the problem by approximateljoning estimates. For the point solutions, there exist two kinds
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of approaches: 1) the direct approach, which solves the napplied directly. Of course, one can still use the Kalman filtering

linear equations directly and obtains a closed-form solution; andproach in this case by properly modeling the common mode
2) the indirect approach, which is based on linearization of tleerors. For simplicity of presentation, only the DGPS case is
measurement equations. Far > 2, usually no solution can studied in this paper. In order to understand the EKF approach
be obtained due to the measurement noises by using the difecposition estimation in the case of urban canyon environments
solution. Even for the case ef = 2, since (5) and (6) are gen-more clearly, first, the EKF solution for the case where there are
erally also nonlinear and it is difficult to solve (4)—(6) directlyenough GPS satellites is discussed.

Therefore, only the indirect approach and the Kalman filtering 1) In Non-Urban-Canyon AreaWhen the receiver is in low

approach are discussed in this section. dynamic motion, (i.e., near constant velocity), the velocity is
_ . modeled as a random-walk process, and the position is modeled
A. Indirect Solution as the integral of velocity. Physically, the clock bias develops as
Substituting (5) and (6) into (4) and linearizing the resultingne integral of the frequency error of the receiver clock oscillator
equations about = z, leads to [1]. Thus, the receiver clock bias can be described by a two-state
z) = polxo) + HOx + v + O(6x 7 model .
where .. = . + (12)
T B.(t) 0 0] LB,.(t) wy(t)
p() =[pr(r), -y pm ()] r wherew, andw; are the process noises driving the phase and
po(zo) = [p1o(z ) -5 pmo(@0)] the frequency error states, respectively. Then, the state-space
ox =[6z, B,)Y, v=[v1, ..., vm|" model for the GPS receiver is given by
pio(@) =v/(Xi =2 + (Vi = (@) + (Zi = K@) X =P (12)
and where
H 1 x=[z y z B. & § 2 B
H-= Do F [04><4 I4><4:|
H, 1 O4x4  Osxa

o W = [0 0 0 wRB, Wyr Wyy Wyz WdB, ]T
1 Thew, terms would be selected to model the random variations
/ . . . . . .
Hi=——= (@) [z — Xi + (fi(z) = Vi) fi(=) in the velocity. Obviously, this state-space model is linear. The
! H(fa(®) — Z) fo(x)] ®) pseudorange equation (1) is regarded as the measurement equa-
2\ 2 tion, which can be rewritten as

wherei = 1, ..., m. Since the number of measurement equa- “h 13
tions is greater than or equal to the number of unknowns, the p=hx)+v (13)
least-squares method is adopted, and the solution is given byhere
§% = (HTH) 'HT6p (9 pER™, h(x) = [pio + B,J€ R™, and ve€R™.
by assuming thatH” H) is nonsingular, wherép = p — g,. Equations (12) and (13) are a continuous-time model for the
With knowledge of the position errdiz, the actual position system. The corresponding discrete-time model is described by
is determined as . . x(k + 1) = &x(k) + wq(k) (14)
xr xr
p(k) =h[x(k)] + v(k) (15)
D= oy | = oz f1 . 10
P=Pot y Po+ :ffi(xo) (10) where® = ¢F7: with T, being the sampling period, arnd, (k)
62 62 f3(wo) is a discrete-time white Gaussian sequence that is statistically
equivalent through its first two moments 3(9”1 dw(r)dr

B. Kalman Filtering Solution [12].

Kalman filtering has been the standard method used in mosUnder the assumption that the noises,; and v, are
GPS receivers to provide user position and velocity outputs [Eero-mean normal distributed white noises and are character-
By noting that the pseudorange equation (1) is inherently naged by covariance matriceQ, andR, respectively, the EKF
linear, the EKF technique is adopted herein to estimate the I@@;uations are given by
sitioning information. ot

: . . . =®x" (k-1 16

Assumption 1:Assume that DGPS is used in the pOSItIOhIn% X ) (16)

T
system instead of stand-alone GPS. =®P*(k-1)®" + Qq 1 17)
Under this assumption, the noisgsn the pseudorange mea- K(k;) =P (k)HT(k) [H(k;)P*(k;)HT(k) + R(k)] ~ (18)
surements can be regarded as uncorrelated to each other, and thp+ _ [I K (k)YH()]P~ (k) (19)
error terms can be approximately characterized by zero- meaq(k) - (k) + K1) [p(k) — h(x—(k))] (20)

Gaussian white noises, which facilitates the system modelmg
for Kalman filtering. If stand-alone GPS is adopted,con- Where

tains some common mode errors, and thus, are correlated t (k) = oh(x)

each other. Therefore, the Kalman filtering method cannot be ox x=x— (k)

= [[Hij]mx4 0m><4]|x:x*(k)
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with The resulting state-space model is given by
dp; 1 ap; 1 .
H'il = P = — (Jj — X1)7 H'i2 = —p = — (y — Y1)/ X2 = F2X2 + W2 (25)
O pio dy  pio where
Op; 1 oL
20
. F 0
2) In Urban Canyon Environmentin the urban canyon en- Fy = [ 2 4”} € RUHDx(4+D
vironment, we shall use (4)—(6) to estimate the positioning in- O1xa  Oixi

formation. Sincey andz are functions of according to (5) and wo=[0 wp, Wy wep, O1xi ]T e R+

(6), the states chosen to describe the dynamics of the receiygh

r

become
i Fyy = |:02><2 I2><2}
x,=[z B, & B]". (21) 0252 O2x2 |~

The state-space model is given by According to (1), the measurement equation can be written as

}'(1 — lel +wy (22) p(t) = h2 (X2 (f)) + V(f) (26)

where

where

|:02><2 szz] hy(x2) = [hei] € R™

F, =
02x2 0242

with ho; = pio + B,

wi=[0 wp we was, ]| . The EKF equations to estimate, are similar to

i i %{4)1)—(20). Note that the measurement matrix becomes
2(k)

The measurement equation is also given by (1) which can a = [Ha]| € R™*(4+) with
- 1 xo=x3 (k)

be written in the following form

1 X df1(x, pe
p(t) = hy(x1(t)) + v(t) (28) Hain =" {r = Xi+ (fi(z, pe) = Vi) %
whereh; (x1) = [h1;] € R™ with hy; = pio + B,. dfs(z, pe)
The EKF solution to (22) and (23) is similar to (14)—(20). +(f2(z, Pe) = Zi) T}
Note that thghm?tn))H in (18) and (19) becomes Hayjp =1, Hoys =0, Hosy =0
N X1 _ 3 mx4 1 Of1(z, pe)
H, (k) = 22X = [Hyglly, o) € B™ Hﬁ:_{ 2. po) — v;) 21 Pe)
0x1 X1 =x7 (k) 1 (k) 245 pio (fl( » P ) ) 810]'74
ith Ofa(z, Pe )
" 1 +(fz(l7 pC)_Zl) %} ]:5, 67 /4+l
Hyp=—/[»-X; + -Y;) fi(z) + —Zi)fs . . a4 .
it pio @ (A() Jh(@) + () ()] In the Appendix, detailed algorithms are given for three
Hi2=1, Hii3=0, Hyu=0. common road models: straight lines, arcs, and polynomials.

Inthe EKF process, the nonlinear system is relinearized about
each new estimate as it becomes available. Thus, the EKF is
designed to work well as long as the estimates are near their

In Section IlI, solutions to (4)—(6) are studied by assumingye values. Therefore, the initial states of the augmented system
that both the type and the parameters of the curve model@fhnot be given arbitrarily. They must not deviate from their
the vehicle’s path are knowa priori. In real implementation, trye values too much. Fortunately, since the detailed digital map
though the mathematical model for a certain road can Bethe city is available, the curve model for each piece of road
achieved from the map, the actual path of the vehicle mayn be determined prior to the navigation process. Hence, the
deviate from this model. Therefore, in real implementations,rﬁrameters Of the curve mode| for the road can be regarded as

model for the path of the vehicle is established which resembigg initial estimates of the parameters of the curve modeling the
the form of the road model, but whose parameters are unknoyghicle’s path.

and to be estimated. In this paper, the state augmentation

method and the EKF technique are used together to estimae posiTIONING AT INTERSECTIONSUSING IMM A LGORITHM
the parameters of the line and the positioning information
simultaneously.

IV. STATE-AUGMENTED EKF

In real urban environments, the road segments are connected

The fundamental concept of state augmentation is to treat {ieintersections. Therefore, it is of great importance for the ve-
unknown parameters of the curve also as states. The curve!§f€ t0 “know” which road it is following when crossing road

the vehicle's path with unknown parameters can be written a’gwtersections, and then be able to use the correct road model for
state-augmented EKF. In this paper, the IMM method is adopted

Vzﬁ@md (24) to fulfill this task.
z = fa(w, pe) The IMM method is a powerful approach for adaptive estima-
wherep. = [p1, pa, ..., pi| denotes the unknown parametion. In this approach, a set of models is defined to represent the

ters of the curve andis the number of the parameters to b@ossible system behavior patterns, and the overall estimate is ob-
estimated. tained by a certain combination of the estimates from the filters
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(X, Yi)

M. Intersection Area

M
Fig. 2. Vehicle comes to an intersection.

» Radius of the intersection ardg;. The intersection area
is defined as a circular area which covers the intersection. As
soon as the vehicle enters an intersection, the IMM method is
supposed to be triggered to estimate the position of the vehicle
and select the correct road model.

B. IMM Algorithm

As the vehicle enters an intersection area, the IMM algorithm
will be triggered to estimate the position of the vehicle and de-
termine the correct road that the vehicle is following. For ex-
ample, as shown in Fig. 2, the vehicle moves toward intersec-
FURNING | Lo tii?n I; with an circular intersection area centered &t;, Y;;)

g in parallel, based on the individual models that match = diusi.. which connects to four roads namely, , M.
the system modes [20]. For detailed derivation of the IMM ey, /' X o m i  that there 1}oa2d,s
timator, refer to [17] and [22]. 3 - Ys alg
connected to intersectiofy, and these roads are denoted by
M;,l =1,2,...,n,.;. As long as the vehicle enters the in-
tersection area, i.e., the distance between the position estimates

The map of the environment is represented by a set of roagishe vehicle and the center of the intersection is less than the
which are connected by a set of intersections. Fig. 1 shows @@iiys of the intersection area, the IMM method is triggered.
example of the road segmentation and intersection representgp this methodp,; EKFs are running in parallel, each based
tion based on a city map, where AB, BC, ..., HI denotes eigBh one road model connectedrto As will be seen in the rest of
roads; along each road, the intersections are denoted by blagk section, the state estimates of each EKF will interact with
dots. Though the segmentation of roads can be, theoretically,@zh other in the IMM algorithm. Therefore, in the IMM algo-
bitrary, it should be neither too detailed nor too sketchy in pragthm, all the EKFs are designed without state augmentation, be-
tice. Too few roads will lead to large modeling errors. Increasingse the state-augmented EKFs are road-model dependent and
the number of roads may improve the modeling accuracy, kykir state estimates cannot be combined or mixed. The likeli-
it will increase the burden of data storage and processing.nfjod of each road will be calculated based on the estimates of
tradeoff needs to be made in road segmentation depending@se EKFs and will be used as the criterion of determining the
the desired accuracy. In this paper, the roads are segmente@#rect road model.
tuitively based on the city map. For road modeM = M;,1 =1, 2, ..., n,;, the continuous

For each segmented roadl/;, : = 1,2, ..., n,, With n,  gtate-space model of the vehicle is given by (22), and can be
being the total number of roads, the following pieces of infoyayritten as

mation need to be stored.
» Shape of the road, such as straight, arc, or second-order ]
polynomial, etc. The shape of a road determines the numbeM#teréxnnu denotes the state using road modigl The mea-

Fig. 1. Roads segmentation and intersection representation.

A. Map Representation

xivmi = Fixovw + wi, I=12,...,n,  (27)

parameters of the road model. surement equation for road model = M;, I =1, 2, ..., n,;
+ Parameters of the road model. is similar to (23), i.e.,
« Indexes of intersections in this road. p = h(xmvm) + v, 1=1,2,..., ngy. (28)
For each intersection;, j = 1, 2, ..., n;, with n; being The corresponding discrete-time models of the vehicle can be

the total number of intersections, the following pieces of infokyritten as

mation need to be stored.
- Position of the intersection. xovumi (K + 1) = @1xin (k) + war (29)
* Indexes of roads that connect to this intersection. p(k) =h;xmami (k)] (30)
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The purpose of using the IMM method herein is to estimasubarray ofP,, wheren,; is the number of roads connected
the probability of each road connected to the intersection. Tteethis intersection, and,(k — 1) andP;, are the state estimate
model of the road with the maximum probability will be con-and covariance of the state-augmented EKF by using road model
sidered as the road which the vehicle follows. Some probabili{;. The initial road model probabilities are set by
ties needs to be defined. First, the probability of road madgel
being correct at timé is defined as the conditional probability pmk—1)=1

ur(k—1) =0, =2, ..., n

A
k) = PAM (k) = Mi|Z(k)} (1) because it is certain that the vehicle comes from rbad

whereZ(k) = {p(0), p(1), ..., p(k)} is the set of measure-  Step 2:Interaction

ments collected till time:. The probability of road model/; The predicted road probability is given by

being correct at timé:, conditioned on that modél/; being

MNoryj

_corregt attime: — 1, is called model transition probability, and ur = Z pi(k — 1)my. (36)
is defined as Py

Lil 2 P{M (k)= M;|M(k —1) = M;}. (32) The mixing probability is given by
In this paper, the following assumptions are made for imple- pij = pi(k — 1)7rij/;g. (37)

menting the IMM method.

Assumption 2:When the vehicle enters an intersectibn The mixed state estimate and covariance are given by

the road which the vehicle comes from is denoted/As and RINMO! éE{XIMM(k CD|M(k) = My, Z(k — 1)}
other roads are labeled a¢,, ..., M, .. M ’

Assumption 3:Itis assumed that the vehicle may transit from — Z Koventi (k= 1) (38)
M; to all the road models, including itself, with equal proba- Pt
bility. A —

Assumption 4:1t is assumed that once the vehicle transitions Pou(k —1) = S:)_V{XIMM(k — DIM(k) = My, Z(k — 1)}
from M; to another road/,;, the transition probability frond/, - I .

= (k=1 vivii (B — 1

to each of the other roads will be equal and be very small. Z i )+ B )

i=1
—Xmvmor (kB — 1)]

= [®ivumi(k — 1) — Xnvmor (K — 1)]T) )i

Based on the above assumptions, the transition probability
matrix for intersectior!; can be defined as

[ 11 T2 0 Tingy
(39)
21 22 v T2,
I = Step 3:Prediction
The state and covariance are propagated as
LTn,;1 Tn,;2 Tn, g . N
I 1 1 - X (k) = @1xXnavon (b — 1) (40)
n o P (k) =®1Py(k — 1)®7 + Qu1. (41)
L—mn . L= Step 4:Update
= | n -1 ny — 1 (33) The measurement residual and residual covariance can be
o T T written as
1—n 1—n .
Ln, -1 n,—1 o vi(k) = p(k) — (X (k) (42)
where is a positive scalar denoting the probability that the Si(k) =R+ H/Pp (k) H (43)
vehicle keeps following the road once it enters the road. In thighere H, is the corresponding Jacobian matrix. The state and
paper,; is setto be 0.8. S _ covariance for each road model is updated by
The other two probabilities which will be used in the IMM al- R o
gorithm are the predicted model probability , and the mixing xiumi (k) =X (k) + K (k) (44)
probability 11;; given by Ponu(k) = Popg (k) — KiSi(k)K] (45)
o 2 P{M(k) = Mj|Z(k — 1)} (34) WwherekK; is the filter gain for each road model
pipg = P{M(k — 1) = M;|M(k) = I, Z(k — 1)}. (35) K; = Ph (R HT [Si(k)] " (46)
The IMM algorithm is given below [18]. The likelihood function of road modél/; is given by

Step L:nitialization. A

Assume that the vehicle comes from robl and enters the Ai(k) =P{p(k)|Z(k = 1), M(k) = M}
intersection/; attimek. Forthelth EKF,l = 1, 2, ..., n,;, the =(27)*S; (k)| VP exp {-L a(K)}  (47)
state for each road modejyii; (k) is initialized as the first four
states ok, (k — 1), and the covariance for each roRg\\j €
R4 5 = 1,2, ..., n, is initialized as the upper left>44 (k) = vi(B)T[S(B)] twi(k). (48)

whereq (k) is the normalized innovation squared
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Step 5:Combination and Model Probability Update Since the noise is zero mean, the expectation valuedéf is
The probability of each road model is updated by [17] ox.
_ To calculate the variance of the estimated position and re-
pa(k) 2= gy Aa(F). (49) ceiver clock bias, let each individual pseudorange measurement
The state and covariance update are realized by the followingve an error covariance denoteddogind the cross correlation

equations: of errors between satellites be zero. With these assumptions, the
nyj covariance matrix2[vvT] for the pseudorange measurements
s (k) = Z v (k) s (k) (50) beco.mesAa scaled iden';ity matax 1. Hence, the covariance
i1 matrix of x based on a single set of simultaneous pseudorange
nrj measurements can be written as

Prona(k) = Z (PIMMi(k) + X (F) — X (k)] P = Cov (x) = Cov(5%)

X (k) — fiIMM(k)]T) pi(k). (51) =E[H'v)H V)] = (HTH)_l o (57)

The position of the vehicle is updated as follows. Define the Define
estimated position of the vehicle for each road model as

pl(k) = [XH\/H\/U(l) Y ZZ]T7 l= 17 27 sy Ny (52)

whereynivg = fir(xnvinvi(1)) andzonig = fio(xnvw(1)).

V= (H"H)". (58)

By taking inverse of H'H), V can be written as

The combined position estimate is given as m S m
Nrj =1
p(k) = pl(k)lffl(k)- (53) m m

; ->X H -y H

Step 6:Termination Detection = ,:L_l ;_1 7 (59)
The IMM method will be terminated if the correct path has my, H? — (Z Hi)
been selected after the vehicle passes the intersection. Other- ‘ ‘
wise, repeat Step 2-Step 6 if either of the following two condExploring the denominator, we have
tions are not satisfied:

2
1) the vehicle has moved out of the intersection; o < R e - )
2) the maximum road probability mz; Hi = <z; H’) T2 221 (H; — Hj)". (60)
1= 1= 1=1 )=
max{p(k), 1=1,2,..., s}k > € (54) " ThenV can also be written as
where¢ is a positive scalar near to but less than 1. In this paper, m
£ =0.95. m — ; H;
Once the IMM algorithm is terminated, the state-augmented . 7:’:
EKF using the selected road model is reinitialized and retrig- -S> H; Y H?
gered using the road model selected by the IMM algorithm. V= =1 i=l ) (61)
52> (Hi— Hy)?
VI. PERFORMANCEANALYSIS oS !

In this section, the performance of the proposed constrain€ke variances of the positioning errorirdirectionéz and the
solution for solving the urban canyon environment is analyzegceiver clock bias3, is then estimated by
The objective is to find the relationship between the pseudo- ) )
range measurement errors and the user position and clock bias o, =Vio (62)
errors. Since in the filtering solution and the joint parameter and a?gr = Voo (63)
state estimation method, EKF is adopted to estimate the states
and it is difficult to analyze its performance due to the intrinsi?here
nonlinearity and relinearization, we shall not analyze the perfor- m 2

mance of the filtering solutions. Instead, the performance anal- Vin = 1B . — )2 7
ysis is focused on point-wise solutions. 2 L; ;( ! i)
Assume that there are GPS satellites available, with, > "
2. Then, the linearized error equation is given by S H?
§p = Hbx + v. (55) Vas = —— a’.
o 3 2 > (Hi— Hj)?
Denotejp* as the pseudorange deviation without any corrup- i=1j=1

tion of noises, i.e.fp* = Héx. Therefore, the noisy estimate

of the position can be written as One can prove thdti; is a nonincreasing function with respect

to m. This means that the more satellites in view are used, the
x =H'(6p* +v). (56) better the positioning performance.
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Satellite 1 or, the larger the magnitude &f; — H,. In other words, the
larger the angle between the projections of the two user-satel-
lites vectors on the — z plane, the better the positioning perfor-
mance. Therefore, in the applications, when there are more than
two satellites in view, we may use all the satellite information to
compute the position of the receiver, or we may choose the two
satellites with the maximal angle between the two user-to-satel-
lite vectors.

According to (64) and (6572 = o2 = 0, and the distance
root mean square error (DRMS) is

Satellite 2

2
DRMS =g, = 7\/— o. (69)
Fig. 3. GPS receiver and satellites in the body frame. |H1 - H2|
The position dilution of precision (PDOP) is defined as
According to (5) and (6), the variance @fndz are approx- V2
imately given by PDOP = DRMS/o = ——. (70)
2 2 2 2 2 |H1 - H2|
! !
o, =(fi(@)) oy = (fi(2))" V1o (64)  Note that PDOP is related not only to the user-to-satellite ge-
o2 = (fy(x)20% = (f5(x))* V102 (65) ometry, but also to the direction of the path of the vehicle. In

he common GPS positioning mode with enough satellites, the
OP is inversely proportional to the volume of a body which
is formed by the intersection points of the user-satellite vectors
ARfth the unit sphere centered at the user, and the GPS perfor-
. mance can be predicted by only evaluating the volume. Simi-
'Sfarly, in the case of only two available satellites, the GPS per-
analyzed for the case = 2. formance indicator PDOP can be predicted by only evaluating

Obwously,_ asn = 2, the posmon_lng performance depen_dﬁ,'e angle between the two user-to-satellite vectors. The larger
on the magnitude ofH; — H») only, i.e., the larger the magni- . angle, the better the GPS performance.
tude, the better the performance. For simplicity of analysis, the '

following analysis is with respect to the body frame, which is de-

fined to be a right-handed coordinate frame fixed at the vehicle
with the origin at the center of the vehicle, theaxis pointing  In this section, the effectiveness of the proposed method is
forward, they axis pointing left, and the axis pointing upward. demonstrated through computer simulations. Assume that the
Since distances remain unchanged under rectangular coordiv&feicle equipped with a GPS receiver travels somewhere with
transformation, the proposed approach is applicable to any rdbe local horizontal plane coordinate system originated at lati-

angular coordinate systems. Itis obvious that in the body franfedeX = 1°23' 15.9”, longitudes = 103°56'32.5”, and height

the coordinates of the vehicle is (0, 0, 0) afidz) = dz/dz = h = 0 min the earth-centered—earth-fixed (ECEF) coordinate

It is clear that the positioning performance depends on t
sum of the magnitudes &f;,— H;,1 < i, j < m,andi # j. Itis
valuable to examine the relationship between the satellite-r
geometry and the magnitude &f; — H;, 1 < ¢, j < m and
1 # j. In the following part of this section, the relationship

VII. SIMULATION STUDIES

0. Therefore, the following equalities hold: frame. The road map of the navigation environment with respect
be D to the local horizontal plane frame is shown in Fig. 1, where the
H,—H,=2>2_2% (66) grey polygons represent buildings in this area. When generating
T2 1

the available GPS satellite signals, it is assumed that the heights
wherer; andr are user-to-satellite distances as shown in Fig. 8f these buildings range from 60-180 m. The vehicle is assumed
Denote the angles between the user-to-satellite vectors andtthgavel from point A along the labeled path to point I.

x — z plane asy; and~,, respectively, and denote the angles To compare the performances of the proposed approach and
between the projections of the user-to-satellite vectors onto e conventional EKF method which utilizes the system model
r — z plane and the: axis asf, andf,, respectively. Then, we (12) and (13) all the time for GPS positioning in urban canyon

have environments, simulations are performed using both methods
19 cos(y2) cos(fz) 71 cos(v1) cos(6;) under the same conditions. Fig. 4(a) and (b) show the posi-
Hy — Hy = To - " tioning errors using the conventional EKF method without path

= cos(72) cos(f1 + AB) — cos(71) cos(61). (67) Modeling and the proposed approach with path modeling, re-
spectively. Fig. 4(c) shows the corresponding number of avail-
Since the vehicle travels in an urban environmentandy are  able GPS satellite signals. Obviously, as the number of avail-
very small, which meansos(1), cos(v2) ~ 1. Therefore able GPS satellites becomes less than four, the positioning dis-
Hy — Hy = cos(f1 + A8) — cos(6,). (68) Fance error by using conventional EI_<_F V\_/ithou_t path modeling
increases fast. By contrast, the positioning distance errors are
Since0 < 61 + (A§/2) < wand0 < A#/2 < 7, we have much lower for the case of using the proposed method with
H,—H,; < 0,and(0(Hy, — H3))/0A0 = —sin(f; + Af) <0, path modeling. In fact, the mean distance error by using the
which means thali; — H, is a nonpositive decreasing functionconventional method is 1205 m, while the mean distance error
This means that the larger thed, the smaller thed; — H», by using the proposed method is only 0.436 m. In Fig. 4(b),
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in many urban canyon environments. In this paper, point-wise
solutions and filtering solutions are developed systematically.
In addition, a state augmentation method is also presented to
estimate the parameters of the straight line and the positioning
I T TV M At e A information simultaneously. Based on the augmented system,
0 100 200 300 400 500 600 700 800 900 EKF is employed to estimate the states. When the vehicle en-
6 . T T o) T - T ters intersection area, based on the models of all the roads con-
Distance Error with Path Modeling (m) | nected to this intersection, the IMM method is used to simulta-
4 neously estimate the position of the vehicle and determine the

2l 1 road which the vehicle follows. Simulation results show the fea-
L . MM sibility and effectiveness of the proposed approach.

0 100 200 300 400 500 600 700 800 900
: L) - : APPENDIX
No of Available GPS Satellites

10 :

Notice that most roads in urban area can be modeled by

y straight lines, helix, and lower-order polynomials. Therefore,

the algorithms for these three types of roads are discussed in

. . detail herein. For more winding roads, they can be modeled by

700 800 900 higher-order polynomials and the algorithms can be similarly
achieved according to the analysis in Section IV.

0 100 200 300 400 © 500 600

Time (Sec)
A. Straight Roads

Define a straight road as
there are several impulses in the distance errors. These pulses {y = p1ox + P20

Fig. 4. Simulation results.

appear when the vehicle just enters an intersection where the (71)
IMM method is reinitialized, and the position estimates are ob-
tained using the IMM method by combining the state estimat@@ere P10, P20, P30» and pao are four known_ parameters.
from all the extended Kalman filtering running in parallel. AdVithout losing generality, assume that this straight line models
shown in Fig. 4(b), the distance errors at these time instants n{g§ center line of the road. As the vehicle travels along this
drop fast as more signals are received. road, its path may not coincide with the center line of the road.

From Fig. 4(b), it can be easily seen that the positioning dislence, we shall assume thgt its path is still a straight line with
tance errors are much lower in the case that the number of aviie Same form but slightly different parameters, i.e.,

able GPS satellites is larger. When the number of available GPS { Y =p1T + p2

Z = P30T + p4o

satellites is one, the positioning distance error using the pro- (72)

. : Z = Pp3T + pa
posed method may also increase. For example, during the

riod ¢ € [318, 329] s, the number of available GPS satellites igl?'erepl' P2, p3, @ndp; are four unknown parameters to be es-

one. The distance errors during this period increase from O_ﬁatedihThe allgorlthmsfor:plntl\r;arar\]meteﬂr] and state tesdtm:a;uo_n
m to 2.73 m. This is one limitation of the proposed method. ows Ihe analysis In section I, where Ihe augmented state 1S

Nevertheless, the divergence of distance errors using the p%/_en by
posed method is much slower than that using the conventional x, =[xz B, & B, p1 p» ps pa]t. (73)
EKF method without path modeling, and fortunately, the period ) )
of only one available GPS satellite is short in usual urban eh'® EKF algorithm follows (14)~(20), with
vironments and the distance errors are within acceptable level Ohy(x2)
therefore, the path modeling method can be regarded as a susg“’( ) = 9%4
cessful method to solve the urban canyon problem.

It is also found that the IMM method can work effectivelyWhere |
As the vehicle moves and more data are collected, the probg- _ L . v .
bility of the correct road increases while the probabilities of théq—2Z1 " pio o= Xitpr(pro+po =) +ps(partpa—2i))
wrong roads decrease. In fact, the terminating conditions 1) athio =1, Hoi3 =0, Hzu =0

2) with high¢ can guarantee that before the IMM algorithm is;,

= [Haij]ly,; ) € B™°

Xo=Xj (k)

1
. : Hyis = — [e(pro+pa—Y:)], Hai = -,
terminated, the road model can be correctly determined. 257 oo [o(pra+pe=Yi)l, - Hai Di0 (pro+p2=Yi)
1
Hoir = ~ 7)), Hais = — 7).
VIII. CONCLUSION 2i7 oo [z(paz+pa—7Zi)], 2i8 o (p3z+ps—7;)
In this paper, a constrained method has been presented by
approximately modeling the path of the vehicle in the urbds ATC Roads

canyon environment as pieces of straight lines. By adding thisSome winding roads can be modeled by arcs. Assume that all
constraint to the set of pseudorange equations, the minimtime navigation computations are implemented with respect to
number of available satellites reduces to two, which is satisfiadocal navigation frame (north—east—down). Often, the arc road
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does not lie on the horizontal plane. Instead, it is an ascendingdrerep;—pg are eight parameters to be estimated. The corre-
descending arc. Assume that the road ascends/descends linesptynding state is given by
then, a common model for ascending/descending arc roads is

given by xo=[z B, 2 B, pp - ps]” (79)
{ T = p1o + p3o cos(paoz + Pso) 74 and the matrixH,, is given by
Y = P20 + P30 sin(paoz + pso) oh
_ . 2 (k) = Ohy(x2) = [Haijlle, - € Rmx12
wherep19—pso are five known parameters. Similarly, the path of 0% x2=x (k) 2T
the vehicle along this road can be modeled by ith
wi
T = p1 + p3 cos(paz + ps)
. (75) Hoir — R 3 2 4 x.

Yy = p2 + p3sin(psz + ps) 2l = {=(py” +p2y” +p3y +p i)

wherep,—p; are five unknown parameters to be estimated. The - (3p1y® 4 2poy + p3) + (v = Vi) + (psy> + pey?

corresponding augmented state is given by 4 pry+ 85 — 7)) (3psy® + 2pey + p7))

X2:[Z B, z BT b1 P2 P3 P4 pS]T (76) Hsio =1, Hg3=0, Hyy=0

and the algorithm for joint parameter and state estimation fol-f7,,; = 3

(p1y® + p2v® + p3y +p* — Xo)y

lows the analysis in Section IV, where pio
Ohs(x2) e Haie = — (p1y° + pay® + pay + p* — Xi)y?
Hy (k) = Toxs = [Haijlly,n- 1) €1 pio
X2 o= (k) ’ 1 3 2 4
h Hyi7 = o (P1y° +p2y” + 3y +p° — Xi)y
wi 1
1
1 o 3 2 4y,
Hyip = p {~[p1 + p3 cos(paz + p3) — Xi] Has P (P1y” + p2y” +p3y +p* — X;)
0
. 1
- p3pasin(paz+ps)+[p2+ps cos(paz+ps) — Vi) Haig = — (psy® + pey” + pry + p° — Zi)y®
- p3pa cos(paz + ps) + (2 — Z1)} { 5 ) N )
Haiz =1, Haiz =0, Hzu=0 Hairo = (psy” +pey” +pry +p° — Zi)y
1 i
Hai = 2= [p1 + ps cos(paz + ps) = Xi] Hainy = - (psy” +pey” +pry +p° = Zi)y
1 7
Haig = [p2 + ps cos(paz + ps) = Vi) Hainy = (psy° + pey” + pry + p° — Zi).
1 7
Haiz = — {[p1 + p3 cos(paz + ps) — Xi] cos(paz + ps)
i0
+ [p2 + p3 cos(paz + ps) — Vil sin(paz + ps)} REFERENCES
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