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Localization is a fundamental challenge for any network of nodes, in particular when the
nodes are in motion and no reference nodes are available. Traditionally, the Multi-
dimensional scaling (MDS) algorithm is employed at discrete time instances using
pairwise distance measurements to find the relative node positions (with arbitrary
rotation). In this paper, we present a novel framework to localize an anchorless network
of mobile nodes given only time-varying inter-nodal distances. The time derivatives of the
pairwise distances are used to jointly estimate the initial relative position and relative
velocity of the nodes. Under linear velocity assumption for a small time duration, we show
that the combination of the initial relative positions and relative velocity beget the relative
motion of the nodes at discrete time instances. The proposed approach can be seen as an
extension of the classical MDS, wherein Doppler measurements, if available, can be readily
incorporated. We derive Cramér Rao bounds and perform simulations to evaluate the
performance of the proposed estimators. Furthermore, the computational complexity and

the benefits of the proposed algorithms are also presented.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Localization is a key requirement for the deployment of
wireless networks in a wide range of applications. There are
numerous absolute localization algorithms, such as Time of
Arrival (ToA), Time Difference of Arrival (TDoA) and Received
Signal Strength (RSS) which cater to anchored networks,
where a few node positions are known [2]. Alternatively,
when there are no reference anchors, then the relative pos-
itions of the nodes, up to a rotation and translation, can still
be obtained using Multi-Dimensional Scaling (MDS) based
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solutions [3,4]. Such anchorless networks arise naturally
when the nodes are deployed in inaccessible locations or
when anchor information is known intermittently. In both
anchored or anchorless scenarios, pairwise distances are one
of the key inputs for almost all localization techniques. For
stationary nodes, these pairwise distances are classically
obtained by measuring the propagation delays of multiple
time stamp exchanges between the nodes and averaging
these measurements over a time period.

A step further, when the nodes are mobile, then conven-
tionally either the nodes are considered relatively stationary
within desired accuracies for the complete duration of the
measurement interval (i.e., multiple distance measurements)
[5] or Doppler measurements are utilized [6]. Unfortunately,
Doppler measurements are not always available and the
assumption on the node positional stability for large time
periods is simply unpractical in many applications. For a
mobile network, the application of classical MDS-based
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relative positioning at every time instant yields a sequence of
position matrices with arbitrary rotation, thereby providing
no information on the relative velocities of the nodes. We
define the term relative velocities as the velocity vectors of the
nodes, up to a common rotation, translation and reflection.
This has, to the best of the authors' knowledge, not yet been
investigated in the literature. Given the relative velocities up
to the appropriate rotation, the time-varying positions can be
readily obtained for a linear mobility model. Hence, the
estimation of relative velocities therefore constitutes a para-
mount challenge to be solved in next-generation localization
technologies.

1.1. Applications

Our motivation for this work is triggered by inaccessible
mobile wireless networks, which have partial or no informa-
tion of absolute coordinates and/or clock references. Such
scenarios are prevalent in under-water communications [7],
indoor positioning systems [8], autonomous swarm net-
works [9] and envisioned space based satellite networks
with minimal ground segment capability. A particular project
of interest is Orbiting Low Frequency Antennas for Radio
astronomy (OLFAR) [10], a Dutch funded program which
aims to design and develop a detailed system concept for a
scalable interferometric array of more than 10 identical,
autonomous satellites in space (far from earth) to be used
as a scientific instrument for ultra long wavelength observa-
tions (0.3 kHz to 30 MHz). Due to limitations of earth-based
tracking, the OLFAR cluster will be an independent coopera-
tive network of nodes, whose positions and velocities need
to be estimated jointly.

1.2. Contributions

In this paper, our quest is to localize an anchorless
network of mobile nodes, given time-varying pairwise dis-
tance measurements. We propose a two-step approach to
solve this problem. Firstly, we approximate the time-
varying pairwise propagation delays (and subsequently
the distances) between the mobile nodes as a Taylor series
in time, which is aptly termed Dynamic Ranging (Section 2).
A simple yet efficient time-basis is employed to estimate
the derivatives of the pairwise distances at a given time
instant (Section 3). Secondly, under the assumption of
constant velocity for a short time duration, we show that
the relative position of each node is dependent only on the
initial relative position, the relative velocity and a unique
rotation matrix (Section 4) [1]. Furthermore, we also show
that the solutions to the unknown initial relative position,
the relative velocity and the rotation matrix lie in the first
three derivatives of the time-varying pairwise distance.
Subsequently, we present MDS-like and least squares solu-
tions to estimate the unknown parameters in Section 5 and
Cramér Rao Bounds are derived in Section 5.3. Finally, based
on the proposed estimators we propose two algorithms,
namely LMDS and CMDS to estimate the relative positions
of the nodes over discrete time intervals (Section 6).
Simulations are conducted to evaluate the performance of
the proposed estimators in Section 7. The novelty of our
work lies in the proposed framework and subsequent

estimators to estimate time-varying relative motion in
Euclidean space.

Notation: The element wise matrix Hadamard product is
denoted by ©. We denote the element-wise matrix expo-
nent as ()®N and @ indicates the element-wise Hadamard
division. The Kronecker product is indicated by ®, the
transpose operator by (-)' and the pseudo-inverse by (-)'.
The vectors of ones and zeros are given by 1y=[1,1...,
117,05 =10,0...,0]" e RN*!, respectively. The Euclidean norm
isdenoted by Il - Il, Iy isa N x N identity matrix and Oy y is a
M x N matrix of zeros. A diagonal matrix of the vector a is
represented by diag(a) and a block diagonal matrix
A =bdiag(A1,A,, ...,Ay) consists of matrices Aq,A;,...,Ax
along the diagonal and O elsewhere. vec(A) operator
reshapes the matrix A into a vector. a ~ N'(4, 2) is shorthand
for a randomly distributed Gaussian variable with mean pu
and variance X.

2. Dynamic ranging
2.1. Range model

Consider a cluster of N nodes in a P-dimensional
Euclidean space. If the nodes are fixed, then the pairwise
propagation delay at time to between a given node pair (i,j)
is defined as

7ii(to) = Tji(to) £ ¢~ dji(to), M

where djj(t) is the fixed distance between the node pair at
to and c is the speed of the electromagnetic wave in the
medium. However, when the nodes are mobile, the rela-
tive distances between the nodes are a non-linear function
of time (for P>2), even when the nodes are in linear
motion. For a small time interval Aty = t; —ty, we consider
these relative distances as a smoothly varying polynomial
in time. The propagation delay z;(ty) = 7ji(t;) between a
given node pair (ij) can be expanded classically as an
infinite Taylor series around a time instant t, within the
neighborhood At,. As an extension of the second-order
distance model [11], we have

Ti(to+At) £ ¢~ dy(to + Ati) £ ¢ dy(ty), @
where djj(ty) is the distance at t, = to+ Aty, given by

2!
where [ry, 5, 5, ...]T € R™1 are the range parameters for
the Lth order approximation of the time-varying distance.
The first coefficient rj= dj(tp) is the initial pairwise
distance and the following L—1 coefficients are successive
derivatives of rj at to. Without loss of generality, assuming
to =0, we have t; = At;, and subsequently (2) and (3)
simplify to the Maclaurin series as

P
dij(ty,) ~ r,»j+1—”!Atk+ A2+, 3)

) iy
Tt =c ! (rij+rl-jt,<+2—‘{tﬁ + ) 4)

The polynomial range basis is simplified further by intro-
ducing

[ryf by 1T 2 diag®) ™ [y, . Ty, . (5)
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where f=([1, 11, 2!, ...]" e R™*1, such that (4) is
Tite) £ €7 dyj(ti) =TTt 1t 4 (6)

Now, for the entire network of N nodes, the unique
pairwise ranges are collected in a vector re RV*!, where
N = (}) is the number of unique pairwise baselines. Along
similar lines, we define r e RV, ¥ e RV*! and correspond-
ing higher-order terms. The unknown range parameters
for all pairwise links are collected under the vector
O=r", 1" i, ..]" e N1, Furthermore, similar to the defi-
nition of 0, we define  =[r’,#",#',.. ] e R":*!, where
reRV*L FeRV*! e RV and corresponding higher-
order terms are modified range parameters. The relation-
ship between 6 and 0, using (5), is then

0 = (diag(f) @ Iy)f. 7

Remark 1 (Doppler measurements). Observe that in
essence, r is the Time of Arrival (ToA) at t,, the range rate
r is the radial velocity (as obtained from a Doppler shift)
and the second order range parameter f is the rate of radial
velocity (as observed from a Doppler spread) between the
nodes at t=ty. These range coefficients can be readily
incorporated if these measurements are available.

2.2. Data model

We now consider a relaxed Two-Way Ranging (TWR)
setup for collecting distance information as follows. Let
each node pair (ij) within the network be capable of
communicating with each other as shown in Fig. 1. The
nodes communicate K messages back and forth, and the
time of transmission and reception is registered indepen-
dently at the respective nodes. The kth time stamp recorded
at node i when communicating with node j is denoted by
Tjjx and similarly at node j the time stamp is Tj. The
direction of the communication is indicated by Ej;;, where
Ejx=+1 for transmission from node i to node j and
Ejjx = —1 for transmission from node j to node i. Under
ideal noiseless conditions, the propagation delay between
the node pair at the kth time instant is 7 £ Ejx(Tjix — Tijx),
and in conjunction with the polynomial approximation (6),

Distance

Time

Fig. 1. Pair of mobile nodes: a generalized Two-Way Ranging (TWR)
between a pair of mobile nodes, where the solid-skewed lines indicate
the linear motion of the nodes. During the linear motion, the nodes
transmit and receive K time stamps are recorded at the respective nodes.
Similar to [5,11,12], we levy no constraints on the sequence, direction or
number of communications.

we have
Tk 2 Eyae(Tjige—Tip) =T+ 1 Tip+ 7 Thi+ -, 3)

where without loss of generality we have replaced t; with Tj;,.

Remark 2 (Synchronized nodes). By replacing true time t; by
Tjjx, we assume without loss of generality that T is in the
neighborhood of ty =0 and the propagation delay is mea-
sured as a function of the local time at node i. Furthermore,
we also assume that the clocks of these nodes are synchro-
nized. This is a valid assumption since for an asynchronous
network of mobile nodes, the clock parameters (up to first
order) can be decoupled from the range parameters and the
distances can be estimated efficiently as shown in [5,11,12].

In practice, the time measurements are also corrupted
with noise and hence (8) is

T+ (Tt Q) + 15 (Tia+ i) + -
=Ejjk ((Tji,k +qji0) — (Tij e+ ‘h,k)) , 9

where ¢;, ~N(0,%;) and g, ~ N (0,Z;) are modelled as
Gaussian i.i.d. noise variables, plaguing the timing mea-
surements at node i and node j, respectively. Rearranging
the terms, we have

1+ Tk T To+ - = Eiu(Tik— Tia) + s (10

where
Gk = Eijr(Gja— i) — (i Gise+ 28 Tigaeip+ @5+ (A1)

For wireless communication with c =3 x 108 m/s, note that
the modified range parameters are scaled by ¢! (7). Further-
more, since the dynamic range model is proposed for a small
time interval, the term (F;q;x+2f  TjxGr+1 ;a7 +--) is
relatively small and subsequently the noise vector plagu-
ing the measurements can be approximated as g ~ Ej;
k(q; x — qix) which begets

gk ~ N(O, %), (12)
where X = X; +%;. Aggregating all K packets, we have
0.
=il
A, Ty
—— | T
M ¢t ] ;u = 7;+4;, (13)
~ij
where
T2 €5 O (i —t;) e R, (14)
eij:[El-j,]’El—j,Z"“,Eij,K]TE RI(Xl, (-15)
tj =[Tj1, Tj2. ... Tyjul" € REXT (16)

The known Vandermonde matrix A; € R¥*F contains
the measured time stamps and is full column rank if Ty
are unique. The direction vector e; is encapsulated in the
propagation delay z; and Qij e R1 is a vector containing
the unknown range parameters. The noise vector on this
linear system is q; = [q;;1. Gji2. ---Qijx]” € R**!, where gy, is
given by (12) and the corresponding covariance matrix is

Eij £ [E[qqu] ZZUIK € RKXK. (17)
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For a network of N nodes, the normal equation (13) can be
extended to the Dynamic Ranging model:

4
A r
o2 f
g ® 1k TT? ]| |=7+q, (18)
where
T =bdiag(t;s, ti3, .. .tiy, 3, ...) € RN (19)
=20, 70, . 2l 7h,, . T e RNKX1, (20)

contain the time stamp exchanges of the N unique pair-
wise links in the network and @ € RV*! contains the un-
known range parameters for the entire network. The noise
vector is =[q},,q!5. ....q}y. 455, ...]" € BT and the cov-
ariance matrix is

X 2 Eqq"] e RVKXNK, @1

Remark 3 (Mobility of the nodes). In (8), we implicity
assumed that the nodes are relatively fixed during a time
period of Aty = |T;jx—Tjixl i.e., the propagation time of the
message. This is a much weaker assumption compared to
traditional TWR, where for a pair of fixed nodes (i.e., L=1),
the pairwise distance is assumed to be invariant for the
total measurement period At = |Tjjx — Tjj1|. In reality, when
the nodes are mobile, the distance at each kth time instant
is dissimilar and this feature is naturally incorporated in the
presented Dynamic Ranging model.

3. Dynamic ranging algorithm

Suppose that we have collected all the TWR timing data
in A and 7, then in this section we find an estimate for the
unknown 0 using the model (18). Given an estimate of 0,
the range_coefﬁcients 0 =17 i, o ...]" can be direct_ly
obtained from (7).

3.1. Weighted least squares

Under the assumption that the covariance matrix X is
known, a Weighted Least Squares (WLS) solution @ is
obtained by minimizing the I, norm of the linear system
(18), leading to

Q:arg n}gin”f.’1/2(AQ—1')||2 (22)

=A"Z'A)ATZ 7, (23)

which is a valid solution if K > L for each of the N pairwise
links. More generally, when the polynomial model order L
is unknown in (3), order recursive least squares algorithms
(such as iMGLS [12]) can be employed to obtain the range
coefficients for increasing values of L, until an optimal
polynomial fit for (22) is reached.

3.2. Distributed weighted least squares

If we consider independent pairwise communication
between all the nodes, with no broadcasting, then the
noise in each pairwise link is independent of each other
and subsequently the covariance matrix (21) simplifies to

X =bdiag(Z12, Z13, ... Zin, X3, ..0). (24)

In which case, the centralized system (18) is a cascade of
pairwise linear systems (13) and subsequently (23) is a
generalized version of solving the distributed pairwise
system for estimating the pairwise range parameters Qu
independently as

0, =arg min|Z; (A0, 7|l
—ij
= (AZ; Ay AE ', (25)
which, similar to (23), has a valid solution for K > L for
each pairwise link. It is worth noting that when the noise
is correlated between pairwise links, the distributed
weighted least squares (25) may be sub-optimal. In this
case, a consensus based distributed least squares algo-
rithm [13] can be employed for improved solutions.

3.3. Cramér Rao bounds

The Cramér Rao lower Bound (CRB) [14] for the linear
model (18) is

zy A’z a1, (26)

and in combination with the range scaling (7), the CRB on
0 is given by

Ty= (diagf) ® [A'Z"'A)'diagh) @ Iy), 27)
where
X % % 0%
* X % %
Xy = N S (28)
* % %

is the lowest variance attained by any unbiased estimate of
the range parameters 6 = [rT,i‘T,i‘T, ...]". It is worth noting
that (23) achieves these lower bounds for an appropriate L.

Remark 4 (Direction independence). In general, observe
that the proposed solution (23) is feasible for any direction
marker Ej, which is incorporated in T (14). In addition,
the lower bounds are unaffected by the choice of direction
vector e;;, Vi,j<N, since all direction vectors are encap-
sulated in the measurement vector z;;, which is not a part
of the CRB (27). Hence communication between the nodes
could be arbitrary or one way, and need not be necessarily
bi-directional. However, this is not true for an asynchro-
nous network, where two-way communication is pivotal
in jointly estimating the clock and range parameters [12].
In addition, we impose no pre-requisite on the number,
sequence or direction of the communication links [5,12].
Therefore, the proposed solution is amenable to prevalent
Two Way Ranging (TWR) protocols, such as classical
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pairwise communication [15], passive listening and broad-
casting [16].

4. Relative kinematics

In the previous section, we estimated 8 which contains
the solution to the unknown range derivatives @ =[r’, ",
o ...]- Our next motive is to use these range derivatives to
estimate the positions of the mobile nodes. When the nodes
are in motion, similar to the pairwise range rates, the position
vector of each node is also a Taylor series in time. However,
exploiting piecewise linearity, we assume that the nodes are
in linear motion with no acceleration, which is valid for a
sufficiently small measurement period. Note that despite this
assumption, the pairwise distance is still non-linear.

4.1. Absolute linear motion

Let the position of N (N> P) nodes in a P-dimensional
Euclidean space at the kth time instant be given by
Xk = [X14 Xo ks ---» Xnk] € RPN, where x;; € RP*! is the posi-
tion vector of the ith node at the kth message exchange.
Furthermore, the ith node has velocity y; € RP*! and all
such velocities are collected in Y =[y;,¥,,...yy] € RPN,
Then, under a linear motion assumption, we have
ayi _
dt
Now, let Aty =t,—to where for the sake of notational
convenience and without loss of generality, we assume
ty =Tjjx Vk, then the position matrix at the kth time
instant is

X, = X+ArY, (30)

0, Vi<N. (29)

where X £ X, = [X1, X2, ..., Xn] is the initial position matrix
at time instant t ¢ and X, only depends on the initial
Position and Velocity (PV) of the nodes.

4.2. Range derivatives

To estimate the position matrix X, we begin by stating
explicit expressions for the range derivatives [r,T,T,...] in
terms of X,Y under linear velocity assumption. The pair-
wise distance d;(t) between a node pair (ij) in P>2
dimensional Euclidean space is a non-linear function of time,
even if the nodes are only in linear motion. As derived in

Appendix A, the range parameters [ry, 7,7, ... ] at t=tg
satisfy

X[ Xi+X]X; — 2X[X;, (31a)
=17 X —X) (Vi — ). (31b)
Fi=ri ' (Iwi—yp 12 =#5). 310

Although these range parameters can be estimated up
to the (L—1)th order efficiently (as demonstrated in
Section 3), in the rest of this paper we utilize the
information only up to L=3 for estimating the relative
PV. Rearranging the equations for ry, 7,7 from (31) we

obtain

Tl»zj =(X;— Xj)T(Xi —Xj), (323)
iy = (Xi—X)" (¥ —¥)). (32b)
rify+ i = Wi~ Y Wi -y (320)

Extending the above equations for all N nodes, defining
g = diagX'X) e RV1, g, = diag(X"Y) e RN*!
and g, = diag(Y'Y) e RV, we have

R®Z =g 1} +1ngh —2XX, (33a)
RoR=g, 1 +1ygy, - X'Y-Y'X, (33b)
RO R+R"* =g, 1] +1yg],—2Y"Y, (330)

where the square matrices R = [r;] e RV, R =[i] e RVN
and R =[#j]e R¥™N contain the initial pairwise ranges,
range rates and rates of range rates, respectively.

It is evident from (33) that without a priori knowledge
of a few known PV, estimating the PVs of the network is an
ill-posed problem and hence, we look to find solutions for
the relative PV. Applying the centering matrix P=1Iy—
N~"1y1} e RN*N on (33), and defining

Bw 2 —0.5PR®2P, (34a)
By 2 —P(R © R)P, (34b)
B,y 2 —0.5P(R © R+R“%)P, (340)
we have

By = PX"XP, (35a)
B, =PX'Y+Y'X)P, (35b)
B,, = PY'YP. (350)

where we exploit the property P1y =0y. Egs. (35a) and
(35c) can now be used to estimate the initial relative
positions and relative velocities of the nodes, via MDS
which will be addressed in Section 5. However, the MDS
algorithm recovers X and Y only up to a rotation and
translation. Therefore, prior to applying MDS we first
define the relative PVs and subsequently present a relative
framework of the absolute mobility model (30).

4.3. Relative linear motion

We define the relative PV vectors as an affine transfor-
mation of the corresponding absolute PV (X;,Y) i.e.,

xk = Hx,k&/( +hx,k11{b (36)

Y=H,Y+hy1], (37)

where &{ is the relative position matrix of the nodes at t;
up to a rotation Hy,eR™P and translation hy e RP<1.
Along similar lines, we define relative velocity as HyY
and relative velocity up to a rotation as Y, where H, € R™?
is an unknown rotation matrix. The relative velocity of the
nodes H,Y is relative to the group velocity of the network,
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which is hy e RP*!. Under a linear velocity assumption
(29), the group velocity is the rate at which the translation
vector varies with time i.e.,

hy = Atl<_1(hx,l< _hx,O)- (38)

Furthermore, the rotation matrices Hy, and H, are ortho-
gonal i.e.,

Hy H, =HH, =1, 39)

Now, substituting (36) and (37) in (30), and using the
property (38) we have

H, X, =HoX +AtH,Y, (40)

where for the sake of notational simplicity, we use X £ X o
to denote the relative position matrix at to.

Now observe that the translation vectors h, and h, are
unidentifiable from observations (35). Subsequently, we
shall also see in the following section that the solution to
the relative PVs are independent of the translation vectors
h, and h, and hence without loss of generality can be
considered to be 0p for notational simplicity. Secondly, in
order to have a meaningful interpretation of the relative
position at the kth time instant (40), we must choose a
reference coordinate system e.g., Hyo=1. To this end,
without loss of generality and for notational simplicity,
we make the following assumptions:

HX,O = Ip, (413)
hyo=0p, (41b)
hy =0p. (410)
Now defining X, £ Hy X simplifies (40) to

X = l-ﬁ- AtkHyX, 42)

where X, is the position of the nodes at the kth time
instant up to a translation and r, under the assumption
(41). More significantly, observe that the relative position
at each kth time instant is only dependent on the relative
PV and H,. Hence in the following sections, we estimate
X.,Y and H, using the range parameters (R,R,R), which
was previously defined in (35) and estimated in Section 3.

4.4. Relative kinematic matrices

Substituting the expression for absolute PV from (36)
and (37) in (35), we have

By = PX"XP = PX"H} (H, 0 XP = XX, (43a)

By =PX'Y+Y'X)P
=PX"H(H,Y + Y H H,,X)P
=X"H)Y+Y'H X, (43b)

B,y =PY'YP=PY'H H,YP=Y'Y, (430)

where we use the property (39) in (43a) and (43c), and the
assumption (41a) in (43b). By and B,, are Gramian
matrices of the relative PVs and the expression for B,y is
the Lyapunov-like linear matrix equation [17]. It is worth
noting that the relative kinematic equations By, By, and
B,, are dependent only on the relative PVs and the unique

rotation matrix H, at time to. For an alternative derivation
of the relative kinematic matrices, refer to Appendix B.

Given an estimate of the range matrices, i.e., R,R, and
R, either using (23) or alternative methods, an estimate of
the relative kinematic matrices, i.e., By, ﬁxy, and ﬁyy can be
readily obtained using (34). Following this, we aim to
estimate the relative position using (43a), the relative
velocity using (43c) and the unknown velocity rotation
matrix H, using (43b).

5. Estimation algorithms for X, Y, H,
5.1. Relative PVs (X,Y)

An estimate of the relative PV can be directly obtained
by the spectral decomposition of the matrices By and By,.
Let

ﬁ)(x = UxAx ;{, (44)

B,, =U,A,U!, (45)

where Uy, U, e RN contain the eigenvectors and the
diagonal matrices Ay, Ay e RVN contain the increasingly
ordered eigenvalues of the matrices ﬁxx,ﬁyy respectively.
Then, for a P-dimensional setup, an estimate of the relative
positions X and relative velocities Y of the nodes up to a
rotation is then

O 1/2¢+4T
X=A"U,, (46)

O _ A12T
Y=A'U, (47)

where A ,A e R™" contain the first P nonzero eigenva-
lues and U, U eR"" contain the corresponding
eigenvectors.

Relative positioning (46) from pairwise distance mea-
surements using MDS is a well known technique [3].
However, our contribution is the definition and estimation
of relative velocities, i.e., (37) and (47) respectively.

5.2. Rotation matrix H,

The estimate of the relative velocity Y up to an
arbitrary rotation gives no information on the direction
of the nodes in an anchorless scenario. Hence, it is
important to estimate the relative velocities w.r.t. the
orientation of the initial positions i.e., H,. Substituting the
estimates of By, X, and Y from (34b), (46) and (47)
respectively in (43b), we have

By =X'HY+Y'HIX, (48)

where H, is the unknown rotation matrix. Now, vectoriz-
ing (48) and rearranging the terms, we have

ISXy = @T ® XT)vec(Hy)qL(XT ® f) vec(H;)
=M +DY ® X )vecH,)
= Gvec(Hy), (49)

where Bxy :vec(ﬁxy) is a vector of tl}e 2known measure-
ment matrix By, from (35b) and J € RNV is an orthogonal
permutation matrix such that Jvec(H,) = vec(H;). Let Hy be
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an estimate of Hy, the unknown rotation can be obtained
by minimizing the cost function:

H, = arg miny, [|Gvec(Hy)—byy . (50)

Now, let the singular value decomposition of the augmen-
ted matrix S=[G b,] be

Asi V11 Vi !
S=[Us; Ug] |: Asz] |:V521v522

then the total least squares solution for minimizing the
cost function (50) is

vec(Hy) = —VoV50, (52)

(51)

which has a feasible solution for N> P. The proposed
solution does not exploit the orthogonality property of
the unknown rotation matrix H,. Hence, more optimal
solutions are feasible by solving the constrained least
squares problem on the Stiefel manifold [18]:

arg miny, ||Gvec(Hy) —byl? st H;Hy =1Ip, (53)

which is beyond the scope of this paper and will be
addressed in a follow-up work.

5.3. Cramér Rao bounds

The Cramér Rao Bounds (CRB) for relative positioning
were studied in [19,20], however the Fisher Information
Matrix (FIM) for a general P-dimensional anchorless net-
work was not investigated, which we present here.
Furthermore, we also derive a lower bound for the
proposed relative velocity estimator.

The CRB for any unbiased estimate of the unknown
relative PVs

¢, 2 vecX) =[x1.x;, ...x ] e RN, (54)
¢, 2vec)=[yl.yl. ..y " e RV, (55)
are given by the inverse of the respective FIM i.e.,

t(E(D— P ) — D)) 2 tr(Z) > tr()), (56)
tr(E( D, — )@, P} £ tr(Zy) > tr(E)), (57)

where {cﬁx,gi)y} are estimates of the unknown relative PVs
(¢, ¢y} and {Zy, %) are the corresponding lowest achiev-
able covariances. The FIMs for relative PVs are given by F,
(see Appendix C) and F, (see Appendix D) respectively.

The derived FIMs are singular in the absence of anchor
information. More specifically, for a 2-dimensional network
the FIM for relative positions and relative velocities are rank
deficient by 3. Since the FIM are not invertible, we use the
pseudoinverse of the FIM as a lower bound to verify the
optimality of the proposed estimators. Such scenarios arise
in reference-free clock estimation [12], anchor-deficient
localization [20], blind channel estimation [21] and array
calibration [22] to name a few, where the inverse of the
rank-deficient FIM is replaced by the pseudoinverse. This
approach can be reasoned by investigating the CRB for a
constrained framework.

When the FIM is singular, a set of linearly independent
constraints, say C, is required on the unknown parameters to

obtain the CRB. Let U. be an orthonormal basis for the null
space of this constraint matrix C, then the CRB for the
constrained scenario is given by tr(U.(UTFU,)~'UT) [23].
Now, let F£U;AsU] be the eigenvalue decomposition of
the singular FIM. Then, the constrained CRB is lowest when
the U, spans the range of F [21], which simplifies the CRB to tr
(A}), where A}L is obtained by taking the reciprocal of each
non-zero elements along the diagonal and leaving the zeros in
place. Observe that the pseudoinverse of the singular FIM
yields exactly the same expression i.e., tr((UfAfU})T) = tr(A}).
Thus, among the set of all feasible linearly independent
constraints, the pseudo-inverse of the unconstrained FIM
yields the lowest value for the total variance on all estimated
parameters. There exists no unbiased estimator which
achieves this bound without a priori knowledge or additional
constraints on the system, and hence the bounds (56) and
(57) are termed oracle-bounds.

6. Relative positions over time

We now briefly summarize the steps to find the relative
position at discrete time instances using the time stamp
measurements discussed in Section 2.

6.1. Linearized MDS (LMDS)

Given the noisy time stamps f,'j,k =Tjjx+4i ¥ (i,j) node
pairs in the network and v1 <k <K time instances, the
relative position of the nodes at the kth time instance can
be estimated as follows:

1. Estimate the range derivatives R,R, and R
(a) using Dynamic Ranging (23) and/or
(b) via Doppler measurements and/or by other means.
Using these range derivatives, construct the relative

2. kinematic matrices Bxx,ﬁxy, and ﬁyy (34a).

3. Obtain an estimate of the relative position X, relative
velocity Y and rotation matrix H, from (36), (37) and
(52) respectively.

4. Defining Afy=T;jx—T;0 and using (42), the relative
position at the kth time instant is

Xicimas = X + A HY. (58)

6.2. Connected MDS (CMDS)

Alternatively, the relative positions of the nodes can
also be estimated using MDS at each time instant. Let
D, 2 c[z;] € RVN be the EDM at each discrete time instant
k where 7y =Eji(Tijx—Tjix) (8). Furthermore, let
D, 2 c[zijx+qjix] be the corresponding noisy distance esti-
mate where gy is the noise plaguing the measurements as

shown in (12). Let —O.5P(ﬁ,?2)P=UkKkU£ be an eigen-
value decomposition, then the solution to the relative
position is

A —1/2_—
X AUl

Dremds — 2k ko

(39)
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Table 1
Computational complexity of proposed estimators.

Algorithm Dynamic ranging MDS Rotation matrix FLOPS

CMDS - K K K(12N> +4NP* +8P)

LMDS - 2 1 24N3 4+ 4NP? + 8P°
LMDS-dynamic ranging 1 2 1 2KN?1?% + 24N> +4NP? +8P3

where A, e R™” contain the first P nonzero eigenvalues

and U, e R*P the corresponding eigenvectors.

The relative position estimate using CMDS i.e., X kcmds is
up to an arbitrary rotation and translation, unlike X jmqs
which yields the relative position of the nodes up to a
translation alone. Hence to align all the relative position
estimates (59), a unique rotation matrix at each time
instant k must be estimated. Under constant velocity

assumption, note that
Xi—1—2X,+ Xy 1 =0p, (60)
and using (36) and multiplying by Hf, we have

H{H,_ X, ,—2X, +H{H[ X,  =0py. (61)

k—1

Now, substituting the relative position estimates from
(59), we have

Ak (')k
T
T T HH, 1 T
[Kk—l,cmds §k+l,cmds HTH = zzk,cmds’ (62)
kk+1

where @ containing the unknown rotation matrices can
be estimated by minimizing the I, norm:

R Lo AT
O = arg min|A O —2X; g%, (63)
k

which similar to (50) has a solution for N > P. We name
the estimation of relative positions (59) and the subse-
quent rotation matrices (63) under constant velocity
assumption as Connected MDS (CMDS).

6.3. Computational complexity

The computational complexity of the proposed estimators
is listed in Table 1. We evaluate the computation costs based
on FLoating point OPerationS (FLOPS), ignoring the negligibly
less complex additions and subtractions. The columns indicate
the algorithms, the number of executions for various methods
and the total number of FLOPS for each algorithm. To the
implement Dynamic Ranging i.e., least squares estimator, we
assume the Gram-Schmidt method. In case of MDS and
Rotation matrix estimation we use the Golub-Reinsch based
Singularvalue decomposition [24]. Observe that, in contrast to
the CMDS which estimates the relative position and corre-
sponding rotation matrices for all K time instances, the
proposed LMDS estimator estimates only the relative position,
relative velocity and a single rotation matrix. Furthermore, the
CMDS estimates 2 rotation matrices at each time instant (63)
and hence has a factor P> more complexity in rotation matrix
estimation. Overall, the LMDS shows clear advantage, as it
reduces the use of the expensive Eigenvalue decomposition

for MDS and total least squares for rotation matrix estimation,
in comparison to the CMDS algorithm.

7. Simulations

Simulations are conducted to evaluate the performance
of the proposed solutions. We consider a cluster of N=5
nodes in P=2 dimensions, whose coordinates X and
velocities Y are arbitrarily chosen as

~629 311 123 —503 297

:{—812 929 237 490 _662]‘“’
5 5 4 -5 —2

Y:{—s —9 2 -5 5}“"/5‘

Without loss of generality, we assume that all nodes
employ one-way communication, ie., e;=1g,Vi,j<N.
Furthermore, all nodes communicate with each other
within the time interval At=[Tjq,Tjx]=[—2.5,2.5]s
and the transmit time markers are chosen to be linearly
spaced within this interval. We consider a classical pair-
wise communication scenario, where all the pairwise
communications are independent of each other and thus
E = O'ZINK.

The metric used to evaluate the performance of the
distances and range parameters is the Root Mean Square

Error (RMSE), given by RMSE(z) = \/Ne;; ZNEXP 1z(n)—z||2,

n=1
where Z(n) is the Nth estimate of the unknown vector
z during Ney, = 1000 Monte Carlo runs. To qualify these
estimates, the square Root of the Cramér Rao Bound
(RCRB) is plotted along with the respective RMSE. We also
use the same metric for evaluating the rotation vec(Hy). In
contrast to the range parameters, the relative PVs (X, Y )
and X, are known only up to an arbitrary rotation. Hence,
we define the RMSE for these matrices as RMSE(Z)=

\/ Ne;; ZN”" lvec(HZ(n)—ZP)||2, where P is the centering

n=1

matrix and H is the optimal Procrustes rotation, given the
matrix Z and the corresponding estimate Z(n) of the Nth
Monte Carlo run. See Appendix E. The RCRBs derived for
the relative PVs (Section 5.3) are plotted along with the
corresponding RMSEs.

7.1. Range parameters

The Dynamic Ranging algorithm (23) is implemented for
L=4, where the number of communications K is varied
from 10 to 1000. The noise on the propagation delays is
6=0.1 m, which is typical in classical TWR [25] or in
conventional anchored MDS-based velocity estimation
using Doppler measurements [6]. Fig. 2(a) shows the RMSE
of the first 3 range coefficients (which are relevant for
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Fig. 2. RMSEs of range parameters (a) for varying number of communications (K) between the nodes for s = 0.1 m and (b) for varying noise (s) on the time

measurements with number of communication K=500.

estimating the relative positions and velocities). A second
experiment is carried out by varying ¢ in the range [ — 20,
—5]dBm for a fixed number of communications K=500.
For the sake of comparison, we also plot the range estimate
for the ‘non-dynamic’ scenario, where the nodes are immo-
bile and the range between the nodes is fixed over the
measurement period i.e., for Y=0,y. The RMSEs of the
range coefficients obtained via the dynamic ranging algo-
rithm (23) are plotted in Fig. 2(b). In both these experi-
ments, the RMSEs of these range parameters achieve the
corresponding RCRBs asymptotically for L=4. Without loss
of generality, we assume that the order of approximation is
known, since iterative solutions such as iMGLS [12] can be
employed to estimate L. For a detailed discussion on the
effect of L on the distance estimation, particularly for an
unsynchronized network, refer to our previous work [12].

7.2. Relative positions, velocities and rotation

The range parameters obtained via dynamic ranging
are used to estimate the relative PV from (46) and (47).
Fig. 3(a) shows the RMSEs of the PV plotted along with the
respective RCRBs, for varying number of two-way com-
munications K and Fig. 3(b) shows the RMSE plots for the
relative PVs for varying signal-to-noise ratio. For the given
experimental setup, the estimates are shown to perform
reasonably well against the derived oracle-bounds. Further-
more, it is observed that the performance of the relative
velocity is poorer in comparison to the relative positions.
This is primarily because the measurement matrix for the
relative velocity estimation By, is dependent on R, R, and
R, whereas the relative position estimation relies only on
the EDM R. Hence, we observe that the magnitude of the
noise covariance on the velocity model X, (D.5) is much
larger than that of the position model X, (C.3). However,
improved solutions can be expected if the Doppler mea-
surements (such as radial velocity R) are made available.
The RMSEs of the relative rotation matrix H, estimate (52)
are plotted in Fig. 4, where the relative PV estimates
are used.

7.3. Relative position over time t

To illustrate the benefits of jointly estimating the relative
PVs of the network, we simulate the proposed LMDS and
CMDS algorithms. The relative PV and the rotation matrix
estimates are used to realize the relative position of the nodes
across time using LMDS (58). For the sake of comparison, the
CMDS solution is also evaluated by estimating the relative
positions using MDS (59) and the corresponding rotation
matrix (63) at each time instant ¢;. Fig. 5(a) shows the RMSE

plots for X, ... and Xj ngs around the region of interest ie,,

to = 0 with Gaussian noise of & = 0.1 m and varying commu-
nication links K =[100,300,500]. Secondly, for a fixed
K=500, the signal-to-noise ratio is varied o =[-3dB,
—10dB, —20 dB] and the LMDS is compared against CMDS

in Fig. 5(b). The X, .. estimate steadily achieves a constant

RMSE, which is expected since CMDS is independently applied
at each kth time instant. On the contrary, the relative position
estimation via dynamic ranging betters this estimate around

to, where the improvement of up to a factor ~/K is primarily
due to averaging over K measurements. However, the error

estimate of X, . increases as we move away from tp, which

is typical of Taylor series approximation. Note that without
loss of generality the range derivatives can be estimated in
general for any t, along the time interval. Hence, the relative
PVs can be jointly estimated along the time-line, yielding
improved solutions compared to CMDS at any given time
instant.

8. Conclusions

We proposed a novel relative localization framework for
an anchorless network of mobile nodes, given only the time-
varying pairwise distances. Given the inter-nodal distances
over time, the dynamic ranging algorithm employs a classical
Taylor series based approximation, which extracts pairwise
distance derivatives at any given time instant efficiently.
Under linear velocity assumption, these derivatives are used
to jointly estimate the initial relative PVs and a unique
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rotation matrix. We propose the LMDS algorithm, which
combines the relative PVs and the rotation matrix to beget
the relative motion of the nodes at discrete time instances.
The LMDS can be considered as an extension of the well-
known MDS. In addition, we also propose the CMDS where
the relative node positions and the corresponding rotation
matrices are estimated at each time instant. The Cramér Rao
bounds are also derived for the range parameters, and the
relative PV and simulations are conducted to verify the
performance of the proposed estimators. While the CMDS
shows consistent performance over time, the LMDS is
computationally cost effective and shows up to a factor
/(K) improvement around the region of interest. Further-
more, the LMDS permits the usage of Doppler measurements
if available. The presented solutions are suited for autono-
mous networks with minimal a priori knowledge, where the
positions and velocities need to be estimated at cold start. In
practice, over longer durations, the estimated parameters can
be readily extended to both relative and absolute tracking,
which will be addressed in a follow-up work.

Appendix A. Distance non-linearity

Consider an arbitrary pair of nodes {i,j} with initial
positions {x;,X;} at t=to and constant velocities {y;,y;},
then the pairwise distance at t = t;, is

dijpe = |1 (X — X)) — (¥; = Ytk |
= \/ XEXij —YEViite — 2X[ Yt (A1)

where x; =X;—X; and y;; =y; —y;, which shows that the
pairwise distance is non-linear in time.

Let {X;(t),X;(t)} be the time varying positions of the
node pair and d;(t) be the corresponding pairwise distance
at time t, then the range parameters are derived as follows.
By definition, the pairwise range between the nodes is the
Euclidean norm

Tij & d,’j(to) = IX; —Xj I, (A2)
From (A.2), we compute the first-order range parameter as
. d

Fij = ;i ()

1dig X T (v —
:Tga<(xi(t)_xj(f)) (Xi(t)—xj(t)))
1
= r—ij(yfxi +y/ X -y —foi)

=17 (Vi) X —X;). (A3)

Similarly, under the assumption of constant velocities, the
second-order range parameter using (A.2) is

L d
rij= qu(f)
= -1 °Fy ((Yi -y)'(x; —Xj)>
_1d _ _
+ri ' (i) (KO -%0) )

= —rj i+ Wiy Wi-y)

=1 (Y =yilI2 =75 (A4)

The third-order derivative of the range parameter under
linear motion (A.2) yields

L&
rij= qu(t)
2. 2 .2 ~-1 d2 2
= =Ty rij(“Yi_Yj” _rij) =Ty d?(dij(t))
= — TUT 1 TUT,J — 21’,; 1 I’UTU
The higher-order range derivatives can be derived along
similar lines.

Appendix B. Alternative derivation for By, BBy,

With an abuse of notation, let D(t) e R¥*N be the time-
varying Euclidean Distance Matrix (EDM) for a network of
N nodes in P-dimensional Euclidean space and let

B(t) = —0.5PD(t)®?P, (B.1)

where P= lN—N*IINIL is the centering matrix. Then
observe that at t = tg,

B(to) 2By = éTK, (B.2)

and the subsequent first derivative is

dB(t) .
2O A
By 2= P(D(t) o D(t))P‘t .
L{T"XJ/X XT")Q/L(' (B'B)

A step further, differentiating again w.r.t.time and substi-

tuting t =ty we have

d*B(t)
dt?

2B, 2 -05P(ROR+R7)P=Y"Y, (B4

t=ty

where R =[] e RN and R =[] e RY*N which, perhaps
not surprisingly, concur with the relations obtained in (43)
and offer an alternative verification.

Secondly, unlike the time-varying distance function
D(t), which is infinitely differentiable, B(t) is a second-
order function under the linear velocity assumption (29).
Differentiating (B.4) yet again, we have

3
aBO ~05P(R© R+3R © R)P= Oy, (B.5)
e |, _,
where
3
RéC;Tl::—3R’1®R®ﬁ. (B.6)

Appendix C. FIM of the relative positions (X)

The problem of estimating the unknown positions
¢, 2vecX)=[x].x], .. xI1" e R¥! from the distance
measurements is formulated as
a(p,)—dy=1,, (&9
where the vector dy = {r}Vi,j <N, i#je R2Nx1 is the set
of distances between N points, with N = (§). The distance
vector is related to the positions by a(g,)=[ax(X,.X,),
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(X1, X5), . Xy, X\ € R2N*1 where

(X, X)) & (XXX, = 2% X)) 2. (C2)
Furthermore, the noise plaguing the distance vector is

1, ~N(0,X,x) where X, =bdiag(X;,X;), (C.3)

and X, is given by (28). For the data model (C.1), the FIM
Fx e RNPXNP is

T
Fo= {02;1;*)] ! {"a;;dix) } (C4)
where the Jacobian is of the form
oax(¢h,) _ oax(¢h,) oax(@,) oax(¢h,) (C.5)
oy, oxi T ooxp TTooxp | '

The ith element of the Jacobian [dax(¢h)/0x[] is given by

daXy_yXy)"
oxf ’

3 vey

9a(X;,X,)" 0a(Xy,X5)"
i ox]

where V1 <j, k<N, j+#k, we have

9a(X,X,) g -xtifi=] @
;:Fk = il -x)" ifi=k (b) (C.6)
- ol otherwise (c).

Appendix D. FIM of the relative velocities (Y)

The estimation of relative velocities ¢, = vec(Y)=
yl.yl, ...,!L]T e R¥P*1 js modeled as

ay(,)—dy* =1, (D.1)

where a(@,) =[ay(y,.¥,). &y(¥,.¥,) - &Y, ¥ )" €’
N x 1 and

ayT T T
ay(!j’!j) =Y; !,-*Xj szl,- !j' (D2
The distance squared vector dy02 = {rijfij+f,-j?2}vi,
Jj<N,i#jeR?N<1, where ry, i and ; are the correspond-

ing range estimates. The noise , = {1, ;} in the data model
is

My = T+ Fiirg+ 2P 5905+ rri+ 9595
A TGy i+ TGy + 2T 545 (D.3)
where g, ;,q; j;, and g; ;; are the noise variable plaguing the

range parameters ry, f;, and i respectively. The covariance
of the noise is subsequently defined as

Eny = [E{”y”;} ~ bdiag(gny’ E’ﬂ’)’ (D4)
where
Z,, ~RER+RIR +4RI,R (D.5)

R =diag(r), R =diag(f), and B: diag(f) are the range

parameters and X,,%;, and X; are the corresponding
covariance matrices (28). The FIM F, e R"?*MP is then

T
aay((ﬁy) »-1 aay(d)y)

, (D.6)
) | ]

F, =

where the Jacobian is of the form

aay(¢y) _ aay(¢y) aay(¢y) aay(¢y)
opy | oyr Ty T ooy |

The ith element of the Jacobian [aay(qﬁ)/a!f] is given by

oay,.y,)" oay,.yy)"  oawy .y’
;o Ty ’

where V1 <j, k<N, j#k, we have

(D.7)

oay..y,) 2y,-y)t ifi=j @
%: _2(!j_!k)T ifi=k (b) (D.8)

l o) otherwise ().

Appendix E. Procrustes alignment

Let Z,Z e R™N be matrices identical up to a rotation
and let U, contain the eigenvectors of the matrix product
ZZ", then there exists a rotation matrix H which mini-
mizes the following cost function:

min IZ-HZ| st H'H=1p, (E.1)
and the corresponding optimal Procrustes rotation [26] is
H=U,U! (E2)
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