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A TOA-Based Location Algorithm Reducing
the Errors Due to Non-Line-of-Sight
(NLOS) Propagation

Xin Wang, Zongxin Wang, and Bob O’Dea

Abstract—An effective location algorithm, which considers non-
line-of-sight (NLOS) propagation, is presented. By using a new
variable to replace the square term, the problem becomes a mathe- ¥
matical programming problem, and then the NLOS propagation’s
effect can be evaluated. Compared with other methods, the pro-
posed algorithm has high accuracy.

(¥}

Index Terms—Maximum-likelihood (ML) estimation, non-line-
of-sight (NLOS) propagation, time difference of arrival (TDOA),

time of arrival (TOA). .
. X, 7}
|. INTRODUCTION ’ *
N LAND cellular wireless location systems, one of the . N
key parts is the location algorithm. Generally, a numbe + :RECEIVER +  :SOURCE X

of receivers distributed separately are used to receive t

transmitted signal from a source and make the measurements

accurately for the time of arrival (TOA) or the time differencérig. 1. Localization in a 2-D plane.
of arrival (TDOA) [1]-[3]. In the multipath propagation

envli_ronrr(;(_ent, TOA;] iz the I:n QaSrl].l red prppaga’\[/i\(l)_nhdilayd of tla?amatically. The algorithm in [13], which incorporates known
earliest distinguished path in the receivers. With the data Yhtistics of NLOS into a probability density function (pdf)
TOA or TDOA, the location algorithms are used to estimate tr}ﬁodel could reduce the NLOS errors. However, not only is
position of the source in the location service center. the pdf difficult to set up, but also this pdf should vary flexibly

The p_roblem of _Iogatlon estimation IS S|m_pI|f|ed WherQNith the changing of the NLOS errors. And since the numerical
the receivers are distributed along a straight line, and mag

. . hni for this situation h b Yarch in [13] is used to find the solution of location, large
optimum processing techniques for this situation have et‘::'élmputation is needed to obtain the high estimation accuracy.

progoser(]:l [4]_.[6]' .BUt bwhen receivers are ldiStrlibUtﬁ_d arb\’herefore, the efforts for finding an efficient method to reduce
trarily, the estimation becomes more compiex. in this casge NLOS errors are still needed. One method is to distinguish
Chan and Ho proposed a two-step maximum-likelihood (M LOS by counting the standard deviation of the TOA mea-

T?OATqbased I_Iocatifon_ c’;l]|90NriEf2)n;, which hgs high faccura rement; then the NLOS receivers can be excluded or given
when the non-line-of-sight ( ) propagation interference fgqq weight in location algorithms [14]-[16]. An alternative

not very serious [11]. - )
._approach is to exploit the property that the NLOS errors are
Although .other methods [7]_.[10] havg also been StUdIe%ways positive errors, then to search the true position by
these algorlthms do nqt conS|.der 'the inferences of NLQ ding some constraints such as penalty function in [17] and
prop_agatlon on the_ 'OC?‘“OU_ estimation. Be_cause N!‘OS pr 8]. The NLOS algorithm proposed in this paper is also one of
agation always eX'St.S n cmes_ or other b_untup ENVIONMENR - e alternative approaches. According to the simulation and
so that actually the signals arrive at the different receivers Vé@)mparison this method shows higher accuracy.
NLOS propagation, the influences of NLOS propagation on ’
the location estimation must be taken into account. The NLOS
error is roughly estimated in [12]. It is indicated that a large
deviation of measurement would be caused by NLOS errorsHere, for simplification, we consider the location in a two-
and these errors would degrade the mean location accurdayensional (2-D) plane. The extension to three-dimensional
space can also be done with the same steps described as below.
Manuscript received September 29, 2000; revised October 5, 2001. InFig. 1, M receivers are distributed arbitrarily in a 2-D plane.
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or in mountainous areas, the signals from the source are ussustill used here. Therefore, we have a mathematical program-
ally unable to arrive at the receivers directly, they always takeing problem as below

a longer path than the direct one. So by incorporating the influ-, P hth
ences of NLOS propagation on wireless location, there exists™™* {(h—GaZ,)" ¥ (h - GuZa)}, suchthaG,Z, <h

(7)
r2 >(x; —2)? + (yi — y)? whereh, G,, Z,, and¥ have the same definitions as (4) and
=K; — 2z;x — 2y;y + 22 + 42, i=1,2,...,M. (1) (6).Forestimatingl, we usery,...,r},, which are calculated
from (z/, v') instead of true values ®, . . ., r»,° as the diagonal

whereK; = o7 +y?, r; = cd; is the measured distance betweegntries ofB in (6).
the source and thh receiver, and is the signal propagation |t is obvious that (7) is a constrained linear least square
speed. And by defining a new variabie= 22 + y*, we rewrite  problem, a type of quadratic programming (QP) problem. There
(1) through a set of linear expressions are many algorithms developed to solve this type of problem
2w —2yy+ R<1?2—K;, i=12,....M. (2 [20]; here, the Matlab function quadprog is used to find the
solution. When the satisfied solution of (#4,, is found, the

LetZ, = [z,y, R]", and express (2) in matrix form covariance matrix o¥, can be calculated as [11]
G.Z,<h 3) cov(Zy) = (G, T ®1G,) L. (8)
where Since we have used the independence supposition of variables
ror? - K, z, y, and R in the estimation ofZ, though the variabldz is
r3 — Ko dependent on the variabieandy, we should revise the results
h = : as follows. Let the estimation errors of y, and R beey, es,
s K andes. Here and below, denote thg ()th entry of a matrixM
- M as[M]; ;; then the entries in vectd, become
r —2x —2’[J1 1 ’

—2To —2y2 1 (4) [Za]l =" + e, [Za]2 = yO +e2
.| Z)s =R° + e (©)

L=2zy —2ym wherez?, 4°, andR° are denoted as the true valuesof, and

When LOS propagation exists between the source and all tReLet another error vector
receivers, (3) turn into equalities. In this case, the ML solution

is given by [11] Y =h'—-G,'Z, (10)
Z,=(GIe'G,)"'G, /¢ ~'h (5) Where
where [Za)1” 10
h = |[Z]." | G = |0 1 (11)
U =E [«/M} — 4’BQB Z]s 11
¢ =h — G,Z, 22
B —=diag {r% B .TMO} (6) andZ, = [y2 } Substituting (9) into (10), we have
Q is the covariance matrix of measured noise, afd. . ., r5° [W]: =22%; + e12 ~ 220,

are denoted as the true values of distances between the source P 9 0 0o
and the receivers. In the estimation, we need to use mBtrix [W]e =2y e2 +e2” = 2y, [§]s = es. (12)

But as shown in (6), the entries in the diagonalBfare the Obviously, the above approximations are valid only when the
unknown true distances from source to receivers. So, we G&forse, o, andes are fairly small. Subsequently, the covari-

firstly use measured values, . .., 7y, instead of true values ance matrix ofy’ is

r1Y,...,ra0 for estimating an initial solution, then calculate

the correspondin® using this initial solution and afterwards V' =E[y'y""] = 4B cov(Z,)B’

get a further accurate result using again this new m#riXhe B’ =diag {3:0, 4P, 0.5} . (13)

process can be iterated until the results converge. Simulation

_ . : o . o
shows the processing can quickly converge after several itera?*S @ approximation, element$ andy” in matrix B’ can

tions in most cases. Denote the solution of this LOS algorithh’? replaceq by the f"?‘ ‘V_VO elementandy in Z,. Similarly,
as @', v/). the ML estimate ofZ, is given by

The above TOA-based LOS location algorithm has high ac- Z, =(G,"¥' G, )G, T ¥
curacy when the NLOS propagation is not heavy. As the NLOS ~ (G "B (cov(Z)) B G,') !
propagation becomes heavy, its accuracy degrades because the AT et “r L <
equalities are not held in (3). So in the NLOS propagation case, ¢ (G, "B (cov(Z,))” B"")h'. (14)
we have to take_into account the inequalities in (3). _T_his Meagsy ihe final position estimatio# = [z y]T
that we should find the ML estimate under the conditions given
by (3) instead of searching it in full space, if the ML estimator Z=.\/7, orZ=—\/7Z,. (15)

is
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Here the sign of should coincide with the sign ¢Z,], calcu-

lated by solving (7), and the sign gfcoincides with the sign of 360 4
[Zal2- 250 A M
[ll. SIMULATION RESULTS AND COMPARISON 200
Simulations are done in two cases. In the first case, we ¢ F. "‘...“;_.:“;]
sume that there are ten receivers, and the receivers are ¢ % 18y - — b
to each other. Their positions are;(= 0 m,y; = 0 m), 100 -

(z2 = =500 m, y» = 800 m), (x3 = 400 m, y3 = 600 M),

(ZL’4 = -200m, y4 = 400 m), (1'5 = 700 m, y5 = 300 m), 50 4

(zg = —700 m, yg = 500 m), (z7 = 200 m, y; = 500 m),

(zg = —400 m, yg = 200 m), (zg = 300 M, y9 = 300 m),and o - : . .
(z10 = 100 m, y10 = 800 m), and the source moves randomly s 6 7 8 8 10
in the square space500 m < zg, yo < 500 m receiver number

2o =(1000xrand — 500) m . . I _—
Fig. 2. Comparison of ALEs changed wiftf in the situationN' = 300 m,
yo =(1000xrand — 500) m (16) &% = 100 m? in case 1. (a) ALEs of TOA-based LOS algorithm. (b) ALESs of
TOA-based NLOS algorithm.
whererand(-) is a random number from zero to one. And in

the second case, we assume that there are still ten recei
but the distances between them are larger. Their positions

(r1 = 0km,y; = O0km), (@2 = -5 km, yo = & km), 302 1
(:173 =4 km./ Y3 = 6 km), (Ll}'4 = -2 km, Ya = 4 km), 250 - | ¢ I .,...—-.
({E5 =7 kl’n7 Y5 = 3 km), ({L'G = -7 km, Y = O km), -~ 200 | -
(7 = 2km,y7 = 5km), (zg = —4 km, yg = 2 km), E 150 i [—o—2a|
(g = 3km, yo = 3km), and 10 = 1 km, yy0 = 8 km), o R |_m—p |
. L-4 [ — .

and the source moves randomly in the square spackm < 100 - moii—a—— =
To, Yo < 5km 50 -

2o =(10*rand — 5) km 0 e -

yo =(104rand — 5) km. (17) R PP \@Q (Q@Q \QQQQ

In both cases, let
ri=r"+cn; + N - rand(-) (18)

noise variance (m*m)

whereNN is the possible maximum error introduced by NLOS, _ o o
ig. 3. Comparison of ALEs changed wi#t¥ in the situationN' = 300 m,

and ass_ume thab, is a GaUSSIan random noise, Wh_ICh IS zc_ar@ = 10 in case 1. (a) ALEs of TOA-based LOS algorithm. (b) ALEs of
mean with the same varianeé. The covariance matrix of esti- Toa-based NLOS algorithm.
mation noise in (6) is
Q = diag(c?,02,...,0%). (19) with the NLOS interferencéV are shown in Figs. 4 and 7, re-
] . o spectively, in case 1 and case 2. Shown in Figs. 2—4, the ALEs
It can be easily proved that the LOS algorithm, which is us§fcrease slightly as the number of receivafsdecreases or the

to obtain ¢, y') in Section I, is the optimal estimator andpgwer of noise increases, while the ALEs increase largely as
the estimation error can theoretically reach Cramer—Rao lowge NLOS interference increases. This means that NLOS inter-
bound when there exists LOS propagation (the proofis very sifayence plays a dominating role in the ALEs among the above
ilar to that in [11]). So we can evaluate the performance of thgree factors. Also, from Figs. 2—4, we know clearly that the
proposed NLOS algorithm through comparing its average locg £s of the NLOS algorithm are significantly improved com-
tion errors (ALES) with those of the LOS algorithm. In the Sim“pared with those of the LOS algorithm. The results in Figs. 57
lation, ALE = E | /(x — 2°)2 + (y — yO)ZJ is obtained from are very similar to those in Figs. 2—4, except that the accuracy
the average of 10000 independent runs. When the ALEs arfghe NLOS algorithm degrades a little in case 2. It can also be
changed with the number of receivevs, used in localization, seen from Figs. 57 that the ALEs of the proposed NLOS al-
takingo? = 100 m?, N = 300 m, the ALEs of the proposed gorithm are significantly improved compared with those of the
NLOS algorithm and the LOS algorithm are given in Figs. 2OS algorithm.
and 5, respectively, in case 1 and case 2. WNers-= 300 m, In [11], by comparing the proposed TDOA-based location
M = 10, the ALEs of the NLOS algorithm and the LOS algoalgorithm with common penalty function SI method [8] and
rithm and their relationship with the power of Gaussian randofaylor series method [9], [10], the author proved that the pro-
noises? are shown in Figs. 3 and 6, respectively, in case 1 apdsed algorithm has higher accuracy and the estimation error
case 2. And wherd/ = 10, 02 = 100 m?, the ALEs of the can theoretically reach Cramer—Rao lower bound, which is for
NLOS algorithm and the LOS algorithm and their relationshipny unbiased parameter estimation, when there is no or little
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maximum NLOS error (m)

0

Fig. 4. Comparison of ALEs changed wiffi in the situations? = 100 m?,
M = 10 in case 1. (a) ALEs of TOA-based LOS algorithm. (b) ALEs of
TOA-based NLOS algorithm.
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Fig. 7. Comparison of ALEs changed witti in the situations? = 100 m?,

M

10 in case 2. (a) ALEs of TOA-based LOS algorithm. (b) ALEs of

TOA-based NLOS algorithm.
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Fig. 5. Comparison of ALEs changed wiftf in the situationN' = 300 m,
o2 = 100 m? in case 2. (a) ALEs of TOA-based LOS algorithm. (b) ALEs of
TOA-based NLOS algorithm.

250 -
200 - W

150 4

ALE (m)

160 4

50 -

0

¥ T

Q D D O L O O
S IR S S S
N P

T T T

noise variance (m*m)

Fig. 6. Comparison of ALEs changed wi#t¥ in the situationN' = 300 m,
M 10 in case 2. (a) ALEs of TOA-based LOS algorithm. (b) ALEs o
TOA-based NLOS algorithm.
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Fig. 8. Comparison of ALEs between TDOA-based algorithm in [11] and
TOA-based algorithms proposed here. (a) ALEs of TDOA-based LOS algorithm
wheno? = 5 m?. (b) ALEs of TOA-based LOS algorithm whert = 500 m?.

(c) ALEs of TOA-based LOS algorithm wher? = 5000 m?. (d) ALEs of
TOA-based NLOS algorithm whem?> = 500 m?. (e) ALEs of TOA-based
NLOS algorithm whers? = 5000 m?.

NLOS propagation. So it can be safely said that the algorithm
in [11] can achieve the optimum performance without NLOS
propagation. Thus we choose the algorithm in [11] as the rep-
resentative of the TDOA-based algorithm not considering the
NLOS propagation’s effect to compare with the TOA-based al-
gorithm given in this paper.

The errors in the TOA measurement induced due to the mo-
tion of mobile and the delay between the receiving and transmit-
ting signal in moving are assumed as the Gaussian random noise
with zero average. We compare the simulation results in case 1.
In the simulation of the TDOA-based algorithm [11], because
the initial value ofB in (6) is difficult to obtain, we assume
that the source’s position is fixed a§ = 800 m, yo = 220 m

when the position of the source is not far away from the re-

ceivers. When the TOA-based algorithm is used, the source’s
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position still moves randomly in the square spaeé00 m < [12] M. Silventionen and T. Rantalainen, “Mobile station emergency locating
7o, yo < 500 m. This is even though, as shown in Fig. 8, if 1 SP0," 1 JEEE Int. Cont. Personal Wireless Communicaiiagss,
the NI_-OS interference is not.very.small, when th(:j' noise Va“IlS] G. Morley and W. Grover, “Improved location estimation with pulse-
ance in the TOA-based algorithm is 100 or 1000 times greater  ranging in presence of shadowing and multipath excess-delay effects,”
than that in the TDOA-based algorithm, the position estimates _ Electron. Lett vol. 31, no. 18, pp. 1609-1610, 1995. N
f the TOA-based algorithm are still much better than that 01?14] M. Wylie and J. Holtzman, “The nonline of sight problem in mobile
orthe 9 h ; location estimation,” iIfEEE Int. Conf. Universal Personal Communi-
the TDOA-based algorithm. Here, ten receivers are used, and cation 1996, pp. 827-831.
the ALEs are also obtained from the average of 10000 |ndeperhls] P. Chen, “A cellular based mobile location tracking system,4&th
d Inth h h . . dtob |EEE Vehicular Technology Confol. 3, 1999, pp. 1979-1983.
entruns. In the case where the position !S estlmate to beco L. Xiong, “A selective model to suppress NLOS signals in angle-of-ar-
a complex number, the real part of the estimate is taken to be the  rive (AOA) location estimation,” i®9th IEEE Int. Symp. Personal, Indoor

result in the TDOA-based algorithm. and Mobile Radio Communicatiowol. 1, 1998, pp. 461-465.
[17] J. Caffery Jr and G. Stuber, “Overview of radiolocation in CDMA cel-

lular systems, IEEE Commun. Magvol. 36, pp. 38—45, 1998.
1IV. CONCLUSION AND DISCUSSION [18] ——, “Subscriber location in CDMA cellular networkslEEE Trans.
Veh. Techno).vol. 47, pp. 406-416, 1998.

In the presence of NLOS propagation, a location algorithni19] X Wang and Z. X. Wang, “Time delay estimation of two independent
is proposed to reduce the induced errors. In the proposed algo- (6%*Ve3 1! r\:‘olf_'“?f’;”r‘]c‘)*_%?%gﬁ%’g‘g%g"""znggg_f"‘erm"':”da” Univ.
rithm, mathematical programming is used to find the ML es-20] R. Fletcher, “A general quadratic programming algorithrd,”Inst.
timate of the source position in the restricted domain defined  Math. Applicat, vol. 7, pp. 76-91, 1971.
by the inequalities induced due to NLOS propagation. The pro-
posed algorithm has higher accuracy than the LOS algorithm
because more restricted conditions are applied based on the re-
sults of the LOS algorithm. Because the ML estimator used
the proposed NLOS algorithm is evolved from the ML estimatc
with LOS propagation, some deviations might be induced in tl
very heavy NLOS propagation environment. Hence, if possibl
another more suitable cost function should be set up in the p
posed algorithm; then more accurate results are expected.
is one of the goals in our future work.
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