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Abstract—In this paper we are interested in understanding
and mathematically characterizing the impact of localization
errors on wireless channel prediction in mobile robotic net-
works. We take the increase of the channel prediction error
variance due to localization errors as our metric and analyze
it in different communication environments. In particular, we
show that this metric is monotonically increasing with respect
to the path loss exponent and/or the standard deviation of
shadowing, and is monotonically decreasing with respect to
the standard deviation of multipath. Moreover, this metric
is monotonically increasing with respect to the decorrelation
distance of shadowing when it (the decorrelation distance of
shadowing) is small, and is monotonically decreasing with
respect to it when it is large. We also briefly discuss how
the localization errors in the positioning of the channel a
priori samples affect the estimation of the channel underlying
parameters. Finally, we verify our mathematical analysis in a
simulation environment.

I. INTRODUCTION

One fundamental issue that arises in unmanned au-
tonomous networks is the need for assessing the link quality
at unvisited locations for the purpose of task planning.
Traditionally, disk models have been utilized for this purpose
in the robotics literature [1], [2]. A disk model, however,
is a considerable over-simplification of a wireless channel,
which has motivated more recent work on realistic channel
modeling and prediction in the context of robotic networks
[3]-[5]. In [6], [7], we have proposed a wireless channel
prediction framework that allows the robot to predict the
channel quality at unvisited locations based on a small
number of a priori-collected channel samples in the same
environment. In practice, the true position of the robot could
be different from its estimation during the operation due to
localization errors [8]—[11]. This can then impact channel
prediction and the corresponding planning quality, an area
that requires further investigation. In this paper, we are
then interested in mathematically characterizing the impact
of localization errors on the performance of our channel
prediction framework.

In this context, there are two different sources of local-
ization errors. The first one is from the phase where the
robot (or a team of robots) gathers a priori channel samples
in the environment, which will be used for the purpose of
channel prediction. In this case, the positions of the channel
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samples can be corrupted by localization errors, resulting in
additional errors in both estimating the underlying channel
parameters and predicting the channel quality at unvisited
locations. The second source is from the phase where the
robot plans its destination based on the predicted channel
quality at an unvisited location. However, due to localization
errors, it stops elsewhere in the workspace. Thus, the true
value of the channel at where it stops can be further away
from the predicted channel due to the additional localization
erTors.

In Section III, we mainly focus on the second source
of localization errors and assume that the positions of the
a priori channel samples are perfectly measured and the
channel parameters are perfectly estimated. Fig. 1 shows our
considered scenario. The robot has used our probabilistic
channel prediction framework to predict the channel quality
at a desired position (q), and decided to move to this
position. However, due to localization errors, the robot has
stopped somewhere else in the workspace (¢ + Agq). Since
the robot has planned its task and resource allocation based
on the prediction quality at position g, it is then our goal to
understand how different the prediction of the channel at the
desired position is from the real channel quality at the true
final position. In particular, the impact of localization errors
depends on the communication environment. For instance,
Fig. 1 shows a sample channel in the environment with its
different components marked. It can be seen that the impact
of localization errors could vary significantly depending on
the channel. Hence, in this section we characterize how this
impact varies in different environments and as a function of
channel parameters.

We take the increase in the channel prediction error
variance due to localization errors as our metric. Then, we
analyze how it changes in different communication envi-
ronments. In particular, we mathematically show that this
metric is monotonically increasing with respect to the path
loss exponent and/or the standard deviation of the shadowing
component of the channel, and is monotonically decreasing
with respect to the standard deviation of the multipath
fading component of the channel. Moreover, this metric is
monotonically increasing with respect to the decorrelation
distance of shadowing when it (shadowing decorrelation
distance) is small, and monotonically decreasing with respect
to it when it is large. Our simulation results further confirm
the theoretical analysis. In Section IV, we then briefly discuss
the case where the positions of the channel samples are
corrupted by localization errors as well, and show how this



affects the estimation of the underlying channel parameters.
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Fig. 1. Based on predicting the channel quality, the mobile robot has planned
to move to some desired position (g) at which it will communicate with the
remote station. However, due to localization errors, the robot has stopped
at (¢ + Aq). Our goal is to understand how different the predicted channel
quality at the desired position is from the real channel quality at the true
final position.
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II. A SUMMARY OF THE PROBABILISTIC MODELING AND
PREDICTION OF A WIRELESS CHANNEL [6], [7]

In this section we briefly summarize our previously-
proposed wireless channel prediction framework that allows
the robot to predict the channel quality at unvisited locations
based on a small number of a priori-collected channel
samples in the same environment.

As shown in the communication literature [12], the re-
ceived Channel to Noise Ratio (CNR) can be modeled
as a multi-scale random process with three components:
path loss, shadow fading (shadowing) and multipath fading.
Let v(g) denote the received CNR in the transmission
from the remote station to the robot at position ¢g. By
using a 2D non-stationary random field model, we have
the following characterization for v(¢) (in dB): v4s(q) =
arLas — 10 ner logyg ([lg — aoll) + vsu(a) + e(q), where
vas(q) = 10logyy (v(q)). g is the position of the remote
station, aprgp and np are the path loss parameters, and
~vsu(q) and yyp(q) are independent random variables rep-
resenting the effects of shadowing and multipath fading in
dB respectively [12]. In this part, we briefly summarize how
the robot can probabilistically assess the spatial variations of
the instantaneous received CNR, using a small number of a
priori CNR measurements in the same environment.

Let Q@ = {q1,-- ,qm} denote the set of the positions
corresponding to the small number of the a priori CNR
measurements available to the robot, where m represents
the total number of a priori samples. Consider the ideal
case of no localization errors in identifying the positions
of these samples for now. The stacked vector of the re-
ceived CNR measurements (in dB) can then be expressed
by YQ = HQO + wsH,0 + wWwmp, 0, where HQ = []-m —
Dy], 1,, denotes the m-dimensional vector of all ones,

T
Do = [1010g10(||‘h — @ll) -+ 10logyo(llgm — qu|m )
OpL = [apLaB nPL]T’ WSH,Q = [’YSH(Ql) ’YSH(qm)] and

wMp,0 = [’}/Mp(ql) . ’yMp(qm)]T. Based on the commonly-
used lognormal distribution for shadowing and its reported
exponential spatial correlation [12], wsy,o iS a zero-mean
Gaussian random vector with the covariance matrix Qg €
R™™ where [Qo)], = &3 exp(—lla: — 4;1/8) for i.j €
{1,---,m}, with de and /3 denoting the variance of the
shadowmg component in dB and its decorrelation distance
respectively. Let p2; represent the power of multipath fading
component (in dB) and I,, be the m-dimensional identity
matrix. We have the following lemma for estimating the
underlying model parameters:

Lemma 1 ( [6], [7]): Define x = §dB + de Then, the
Least Square (LS) estimation of the channel parameters
is given as follows: fp. = (HyHg)™ 1HQYQ, X =
YHQYHg/m 6’SH = (JEWJQ) 1JQW¢ PdB =X~ gdB’
where Yy, = (I, — Ho(H5Ho) *HE)Yo and Osy =
[In(€3) I/B}T. Furthermore, Jg = [1)z,] — Go|, Go =

[ leg)]” and ¢ = [I((L) - W(Feo))]
where 7(l) = (Z(”)eA(l) [Yio], [YHQ] )/|A( )| is the
numerical estimation of the spatial correlatlon at distance
I, with A(l) = { (4,7) ’ql,q] € Q7||qZ qJH = l}, and
Lo ={l[0< () <x}={l1,--,lj£g|} is the ordered set
of acceptable possible distances among the samples. Finally,
W is a constant weight matrix that can be chosen based on
the assessment of the accuracy of the estimation of #(1).
Then, based on the measurements available to the robot
and conditioned on the channel parameters, the assessment
of the received CNR at an unvisited position g is given by
the following lemma (assuming no localization error for g):

Lemma 2 ( [6], [ 7Q: A Gaussian random variable,
Yag(q), with mean Yas(q) = E{Ya(q) | Yo,0pr,5, s,
= 2
PdB} and variance adB (q9) = {(TdB( )—ng(q)) ‘YQ, Opr,
B8, &4B, de} can best characterize the path loss and
shadowing components of CNR at g, where
Ta(a) = Hybp +95(0)25 (Yo — Hobpr), (1)
——
predicted path loss predicted shadowing
d(a) = & + ris — V5 ()P4 Volg) )
Fi:3U) dB T PdB ol\q)®go Yolq),

H, = [1 - 1010%10(”(] - Qb”)}’ Pg = Qg + prIm ar%d
Uo(q) = & [exp(—llg—a1ll/B) -~ exp(~lla—aml/8)]
Then, the robot substitutes the estimated parameters of
the channel (acquired from Lemma 1) in T4 (g) and 0% (q)
of Lemma 2 to assess the variations of the CNR in the
workspace. It should be noted that this framework does not
attempt to predict the multipath fading component of the
channel since it typically decorrelates very fast. It rather
assumes an uncorrelated Gaussian wwvp,g. The readers are
referred to [6], [7] for more details on the performance of
this framework with real data and in different environments.

III. IMPACT OF LOCALIZATION ERRORS ON CHANNEL
PREDICTION

Let ¢ denote an unvisited position where the robot has
predicted the channel quality to be Y4g(g). Based on the



overall sensing and communication objective of the robot,
it has decided to move to this location, as shown in Fig. 1.
Due to the localization errors, however, the robot moves to a
different position ¢ = g + Aq, where Aq is a random vector
denoting the localization error. As a result, the true CNR
after the robot reaches ¢ is v4g(q) while the robot has used
the prediction at position ¢ to plan its overall task.

As discussed earlier, in this section we assume that the
positions of the a priori channel samples (g;s) are not
corrupted by localization errors but the position ¢, where
these a priori measurements are used to predict the channel,
is corrupted by a localization error.! We further assume that
the underlying channel parameters are perfectly estimated.
We then relax these assumptions in the next section. Finally,
we assume that the operation environment is small enough
such that the underlying parameters have not changed from
q to q. Given the scale with which the underlying parameters
may change, as compared to the size of localization errors,
this assumption should be valid for most scenarios [7]. We
next mathematically characterize the impact of localization
errors on the channel prediction quality.

Consider the variance of the channel prediction error in
the presence of localization errors:

03s.0(@) = Ec{ (Tun(a) —1a0(@)"}
= Be{ (Tan(a) — Tan (@ + Tan(@) — 106(@)” }
= Ec{ (Hq 00 — Hy b + (Vola) - ¥o(@)"
x 03" (wsi0 +wwr.0) + Tas(@) — vas(@)”}
= &+ Phs — V(@)D" Vo (@) + ((H, — Hy)h)"
+(Volg) ~ To(@) 25! (Valg) — Yol@)
= 045(@) + Eu.

where Hy = [1 — 10logo(/lq — all)], Yolq) =

~ ~ T
Enlexp(=[1g = aill/B) - exp(=[17 = anll/B)] s Ec{}
denotes the expectation that is taken over the realizations of
the wireless channels, 03;(7) = £33 +03— V()P Vo (9)
(see Lemma 2) is the variance of the channel prediction error
at ¢ if there was no localization error and

((H, — Hy)0p)"
N—_ ——

Epr: impact of localization errors on
the path loss component of channel prediction

+(To(@) — Tala) @5 (Ya(@) — Vole) . 3)

FEgy: impact of localization errors on
the shadowing component of channel prediction

Etot =

It can be seen that F) is the increase in the prediction error
variance (in addition to 023(¢)) due to localization errors.

IThis, for instance, could be the case if the robots that collected the a
priori measurements have a better localization capabilities than the robot that
is using the measurements for prediction and navigation. Another possible
scenario is the case where the a priori measurements are collected in the
part of the operation space that is more navigable (less localization errors)
than the place where the robot is planning to go to.

Remark 1: Note that E., Ep. and Esy are functions
of Ag. Thus, given the distribution of Ag, the average
performance (averaged over Ag) can be found as: Fio =
Epp+ Esy. For the sake of mathematical simplicity, we carry
out our analysis on Fiy, Ep. and Esy, i.e. for a given Agq.
But all the results clearly hold for the case where the metrics
are averaged over a distribution for Ag.

It can be seen that (3) is non-negative, i.e. localization
errors always degrade the channel prediction performance.
Moreover, the right hand side of (3) contains two separate
terms. The first term FEp; is the impact of localization
errors on the path loss component while the second term
FEsy is the impact of localization errors on the shadowing
component (see (1)). In this part, we then mathematically
characterize the impact of different environments (in terms
of their underlying parameters) on Eiy, which is the increase
of the prediction error variance due to localization errors.

A related metric is the percentage increase of the pre-
diction variance, i.e. Fi/0%3(q). In most applications, the
channel prediction is used for the purpose of planning of
resources such as communication energy consumption. Thus,
another useful metric is the impact of localization errors
on how off the assessment of the needed resources will
be. Let pprea(q) = f(Tan(q),035(q)) be the prediction of
the needed resources at position g, which is a function of
the estimated mean and variance of the predicted channel
through function f(-). Then, the mismatch in the prediction
of the needed resources can be expressed as Ec{|upred(q) —
tirue(q)|}, where | - | represents the absolute value and
tiue(q) is the actual needed resources at g. In [13], for
instance, it was shown that the predicted minimum average
communication energy required to satisfy a given Bit Error
Rate (BER) is related to the predicted channel quality at
position ¢ as follows: fiyrea(q) = C1exp (C2035(q))/T(q),
where Y(q) = 10%®(@/10 Oy is a constant depending
on the target BER and the utilized spectral efficiency, and
Co = (In10/10)%/2 (see [13] for more details). Then, the
mismatch in the prediction of the needed energy will be
Ec{|Cy exp (Cao% () /T () — C1/A(@)]}. where 7(3) =
107#(@/10 Dye to the page limitations, in this paper we
focus on the characterization of Ei. Exploring the impact
of the localization errors on other related metrics is then a
possible extension of this work.

A. Impact of Localization Errors in Different Communica-
tion Environments

Next, we characterize the impact of localization errors in
different communication environments.

Lemma 3: Epp, and consequently Fi, are monotonically
increasing with respect to the path loss exponent np. More-
over, if the distance between ¢ and the remote station ||g—gp ||
is considerably larger than the norm of the localization error
[[Ag||, then Fpp and consequently Ei, are monotonically
decreasing with respect to ||g — gp]|-

Proof: It can be easily seen that Fp, =
ng (101og (17 — all/lla — a)) )2- Hence, Ep. and Fy are
monotonically increasing with respect to npy.



Moreover, if the distance between ¢ and the re-
mote station ||¢ — gp|| is considerably larger than the
norm of the localization error ||Ag||, we have the fol-
lowing second-order approximation for FEp: Fp, =
np (101og(e)*Aq™ (¢ — ap)(q — @)TAq/|lg — @l* =
ngLuOIOg(e))2Aunq—qbun—qbAq/Hq — av|*, where ug_q,
denotes the unit vector pointing from q to g;. As can be seen,
Ep and E, are monotonically decreasing with respect to
la — - u

Intuitively, if the path loss exponent npp is larger, the
path loss component of the channel varies more significantly.
The first part of Lemma 3 then says that the impact of
localization errors increases as npp, increases. Moreover, from
the path loss model, we know that the path loss component
changes more significantly as the distance between ¢ and
q, becomes smaller. The second part of Lemma 3 then says
that the impact of localization errors decreases as the distance
between ¢ and ¢; increases.

Lemma 4: 1) Consider the case that £33 > 0 and 8 > 0.
Then, Esy and consequently Ei are monotonically decreas-
ing with respect to the variance of the multipath fading (p3y);

2) Consider the case that 5 > 0. Then, Fsy and conse-
quently Fi, are monotonically increasing with respect to the
variance of the shadowing (ng).

Proof: 1) By taking the first-order derivative of Egy
with respect to p2;, we have 0Fsp/0pdy = —(Vol(q) —
\IIQ(q))Tq)éQ (Vo(q) — Yo(g)) < 0, which confirms the
first part of the lemma.

2) Similarly, by taking the first-order derivative of Fgsy
with respect to {35, we have 0 Esu /0¢3; = (1/63;) (Yo (q)—

Vo(e) @' (Vol@ — Tol(@) + (/&) (Vo(@ -
Vo(q) ®52(Va(d) — Wolg)) > 0, which confirms the
second part of the lemma. |

As mentioned in Section II, the multipath fading com-
ponent of the channel is unpredictable. Intuitively, as p3y
increases, we expect that the impact of localization errors de-
creases since the channel becomes more unpredictable even
without localization errors. Part 1 of Lemma 4 confirms this.
On the other hand, the shadowing component of the channel
is predictable. Part 2 of Lemma 4 then says that the impact
of localization errors on the shadowing component increases
as 3 increases. Thus, the shadowing and multipath fading
variances have opposite effects on the impact of localization
errors on channel prediction.

Lemma 5: If 8 — 0 or § — oo, then Egy — 0.

Proof: Clearly if 8 — 0, ¥go(q) = ¥olq) = 0.
Similarly, if 5 — oo, ¥o(q) = ¥g(¢) = 1,,. Therefore,
we have Fsy - 0if 8 — 0 or 8 — oc. |

As the shadowing component of the channel becomes
uncorrelated, i.e. 8 — 0, there will be no corresponding
shadowing component to predict any more, resulting in
Esy — 0. On the other hand, as the shadowing component
becomes fully correlated, i.e. 5 — oo, the shadowing
component is the same at both ¢ and ¢. Then, we expect
FEsy to go to 0.

Lemma 6: Define R as follows:

R = Qg e (Lmcol{llg — i} + col{llg — ¢:[}15, — To).
where col{|lg—q; ||} = [lg— a1l - - ||q—qm||]T, e represents
the Hadamard product, and matrix Tg € R™*™ has the
following form: [Tg]i’j = ||g; — g;]|. Then, we have R = 0.

Proof: See [7] for the details of the proof. [ |

While Lemma 5 characterizes two asymptotic cases, the
following lemma further explores the monotonic behavior of
E with respect to S when S is small or large.

Lemma 7: Consider the case that {2; > 0 and p3; > 0.
Assume that the norm of the localization error || Ag|| is small
as compared to 8 and as compared to ||¢ — ¢;| for all 4.
Then, there exists 5 > 0 and B > 0, such that Fsy and
consequently i, are monotonically increasing with respect
to 8 if 8 € (0,5), and are monotonically decreasing with
respect to 3 if 8 € (B, 00).

Proof: The first-order derivative of Esy with respect to
[ is given as follows:

O = 2 (AT~ il Wel@ - Mla - al}¥o(a)”
x 05" (Vo(q) — Yolg))
- %(‘I’Q@ —Wo(q)) 5! (g e To) Py}
% (Wo(@) — Volg)),

where A{a;} denotes the diagonal matrix with entries a;
on its diagonal and Ty is defined in Lemma 6. Based
on the assumption that ||Ag|| is small as compared to
and as compared to ||¢ — g;||, we then have the following
approximations:

_ - A\T
AVo(q) = To(@) — Tolg) ~ —A {W} Vo(g),

and
Mg = aill}¥o(q) — Mllg — all}¥eola)
(q— %’)TAL]} (¢ —ai)"Aq
~1{ Wolg) - A$ 12 wo(g)
lg — all B
= (Mllg = aill} = BLn) Ao (q).
We then have the following second-order approximation for
OFEsu/0p:
OFsy 1
op B
where M = A{]lq — q:[}®0 + ®oA{[lg — a:]]} ~ Q00 To -
28%g = R+2p3A{|lq — ¢i||} —28®o. Clearly, a sufficient
condition to guarantee the monotonicity of dEsy/df is to
ensure that M is positive definite or negative definite.
From Lemma 6, we know that R is positive semi-definite.
Thus, a sufficient condition to guarantee that M > 0 is
P2 min; ||q — ;|| — BAmax(®o) > 0, where Apax(-) denotes
the largest eigenvalue of the argument. By using Gershgorin
disk theorem [14], we have

(ATo(q) @o MBS AVo(q),

m

}ZeXp(—llqi —q5ll/8),
j=1

Amax(Q) < pip i max



where the upper bound is monotonically decreasing with
respect to (3. Then, there must exist a sufficiently small
B > 0 such that p2 min; ||[¢ — ¢i|| — BAmax(Pg) > 0 for

B € (0, 3). Therefore, there exists a 8 > 0 such that Esy and

consequently i, are monotonically increasing with respect
to 3 for B € (0, ). Similarly, we have

)‘maX(R) ngB max }ZeXp <_HQi _QjH/B)
=1

i€{l,.--,m iz
x (g —all + llg = gl = lla — a51l)

m
2
< &y max > lla—aill +lla—aill = llai — gl

j=1
i.e. Amax(R) is bounded from above by a constant. Then,
there must exist a sufficiently large 3 such that M < 0. As
a result, we have Esy and consequently E, monotonically
decreasing with respect to 3 for 3 € (3, 00). |

B. Simulation Results

Consider the case where the remote station is located at
the origin, and the desired position ¢ is (10 m,10 m). Agq
is chosen as a zero mean Gaussian random variable with
covariance matrix [Io. Our simulation results are averaged
over 100 realizations of wireless channels generated using
our probabilistic channel simulator [15]. Also, for each
realization of the channel, the results are averaged over 2000
realizations of Agq.

Fig. 2 (left) shows the impact of localization errors on
channel prediction quality for different path loss exponents.
Other channel parameters are chosen as follows: apL4p =
=50, &g = 4 and B = 10 m. Moreover, multipath fading
is chosen as Rician fading with parameter K. = 20. As
can be seen, the impact increases as the path loss exponent
increases (see Lemma 3). Fig. 2 (right) shows the impact of
localization errors on channel prediction quality for different
standard deviations of the shadowing component. Other
channel parameters are chosen as follows: apLgg = —50,
npr, = 3 and S = 10 m. Moreover, multipath fading is chosen
as Rician fading with parameter K ;. = 5. It can be seen that
the impact increases as the standard deviation of shadowing
increases, as proved in the second part of Lemma 4.
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Fig. 2. Impact of localization errors on channel prediction quality for
different path loss exponents (left) and for different standard deviations of
the shadowing component (right). As can be seen, the impact increases as
the path loss exponent increases (see Lemma 3). Also, the impact increases
as the standard deviation increases (see the second part of Lemma 4).

Fig. 3 (left) shows the impact of localization errors on
channel prediction quality for different standard deviations of
the multipath fading component. Multipath fading is chosen

as Rician fading with parameter K;.. Then, the standard de-
viation increases as K. decreases. Other channel parameters
are chosen as follows: apLgg = —50, npr. = 3, § = 10
m and £ = 4. It can be seen that the impact decreases
as the standard deviation of multipath fading increases, as
proved in the first part of Lemma 4. Finally, Fig. 3 (right)
shows the impact of localization errors on channel prediction
quality for different decorrelation distances of the shadowing
component. Other channel parameters are chosen as follows:
apLgs = —50, npp = 3 and &g = 8. Moreover, multipath
fading is chosen as Rician fading with parameter /. = 5.
As can be seen, the impact of localization errors increases
as the decorrelation distance increases for small 3, while the
impact decreases as the decorrelation distance increases for
large 3 (see Lemma 7).
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Fig. 3. Impact of localization errors on channel prediction quality for
different standard deviations of the multipath fading component (left) and for
different decorrelation distances of the shadowing component (right). As can
be seen, the impact increases as the standard deviation decreases (see the first
part of Lemma 4). Also, the impact increases as the decorrelation distance
increases for small 3, while the impact decreases as the decorrelation
distance increases for large 3 (see Lemma 7). Note that the standard
deviation increases as K. decreases.

IV. IMPACT OF THE LOCALIZATION ERRORS ON
CHANNEL PARAMETER ESTIMATION

In this part, we extend our previous scenario and consider
the case where the positions of the a priori channel samples
are also corrupted by the localization errors. We then analyze
how the localization errors affect the channel parameter
estimation.

Let Q = {q1, - ,Gm} denote the set of the true positions
where the a priori channel samples are measured, with
gi = ¢; + Ag;, for i € {1,--- ;m}, and Ag; denoting the
localization error of the position of the i sample. Also, let
Y5 represent the stacked vector of the corresponding channel
measures. Then, the LS estimation of the path loss parameter
is given by: fp, = (HSHQ)*HEY@ (see Lemma 1),
which results in the following Mean Square Error (MSE):

Ec{ Ifrv.c — 00|} = niy | (HSHo) ™ HE(Dg — Do)l

+u{(HGHo) ' Hy®sHo(HGHo) ™'}, (4)

where Hé =[1m — Dé], D@ = [1010g10(”q~1 —l) -

~ T - _ T

1010g10(/ldm — asl)] " “sH,O0 = [ysu(@) -+ ysu(@m)]
~ ~ T

“mp,o = (e (@) -+ we(@m)] Q5 = Qs + p2slm

and tr{-} denotes the trace of the argument. Furthermore,

’In the simulation, we use different set of parameters for each figure to
better show the impact of the corresponding channel parameter. For example,
in Fig. 3 (right), we use a larger shadowing standard deviation (£4g) to better
show the impact of shadowing decorrelation distance (3).



covariance matrix Qg5 € R™*" has the following form:
[95],, = Esexp(—]G —G1/8) for i,j € {1, ,m}.

Note that the first term in (4) is monotonically increasing
with respect to np.. This is intuitive since the path loss
component of the channel varies more significantly as a
function of distance when npp is larger, magnifying the
impact of localization errors.

The characterization of the impact on the estimation of the
shadowing parameter is more challenging. For simplicity, in
the next analysis, we assume that the path loss component
of the samples can be perfectly estimated. Let 7.(lx), for
k€ {l,---,|Lg]|}, denote the numerical estimation of the
spatial correlation of shadowing in this case. In order to
calculate this, the robot chooses the set A(ly) in Lemma 1 to
include all the sample pairs where ||¢; — ¢;|| = lx, for some
i, € {1,---,m}. However, due to the localization errors
in the positions of the samples, the true distance between
the corresponding samples is {;, = ||g; — ¢;||. Hence, 7 (Ix)
is also averaged over localization errors. Furthermore, we
assume that |A(ly)|, for k € {1,--- ,|Lo]}, is considerably
large such that 7 (Ix) converges to its mean with high proba-
bility. Then, we have 7 (l)) ~ EL{¢3; exp(—Ix/3)}, where
Ep{-} denotes the expectation taken over the localization
errors. Moreover, we assume that the environment where the
samples are taken is one-dimensional, and Ag;s are zero-
mean independent Gaussian random variables [9] with stan-
dard deviation o/ \/2, for all i. After some straightforward
calculation, we have

2
fe(lw%fisexp(—lg 2"[;2>>< 1—Q(Z—Uﬁl>

21y, o] Iy
oo (%) (52

where Q(+) denotes the Q function.

Consider the case where o; is small such that
op < MiNge(y,... 2o} VB and oy € mingeqa, .. 2o k-
Then, we have Q (Ix/oy—01/P) R~ 0 and
exp(21:/B)Q(or/B + /o) < (1/(V2r(o1/B +
ln/o1))) exp (Ie/B — 1/ (207) — 07 /(28°)) ~ 0.

As a result, we have 7 (ly) ~ &2 exp (—lx/B + 0} /25?)
for all k. Thus, the LS estimation of the shadowing param-
eters becomes

s = (JEWJQ) L ISW b,

2

~ Osy + %(JEWJQ)_IJSWMﬁQl’ o)

where ¢. = [In(7c(l1))
(07/28°)1)2)-

Note that the second term in (5) is the shadowing parame-
ters estimation error caused by the localization errors, which
depends on the ratio o; /3. Clearly, the second term decreases
as the ratio 0;/f decreases. This means that the impact of
localization errors is small (large) if the standard deviation
of the localization errors is small (large) as compared to the
decorrelation distance.

1ﬂ(fe(l\cg|))]T ~ Jobsu +

V. CONCLUSIONS

In this paper, we characterized the impact of localization
errors on the wireless channel prediction quality. We con-
sidered the increase of the channel prediction error variance,
due to localization errors, as our metric and mathematically
characterized how it behaved in different communication
environments. For instance, we showed that this metric
is monotonically increasing with respect to the path loss
exponent and/or the standard deviation of shadowing, and
is monotonically decreasing with respect to the standard
deviation of multipath. Moreover, this metric is monotoni-
cally increasing with respect to the decorrelation distance of
shadowing when it is small, and monotonically decreasing
with respect to it when it is large. We also briefly showed
how the localization errors in the positioning of the a priori
channel samples affect the estimation of the channel under-
lying parameters. We verified our analysis in a simulation
environment. Considering the impact of localization errors
on both the positions of the a priori samples and the final
destination position of the robot is a possible future direction
for this work.
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