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ABSTRACT

In this paper, we explore the benefits of space-time reversal (STR)

techniques in the context of information retrieval in wireless sen-

sor networks under the recently proposed Active Wireless Sensing

(AWS) framework. In AWS, individual sensors are differentiated via

their distinct space-time signatures and STR schemes exploit these

sensor signatures. In the downlink, STR techniques are proposed

to address individual sensors thus enabling sensor programming for

different information retrieval or sensing modes. In the uplink, we

propose an STR scheme for localizing distinct sensor responses to

distinct signal space dimensions at the WIR thereby reducing in-

terference between sensor transmissions. Furthermore, it does not

require explicit estimation of sensor signatures at the WIR. The ben-

efits of STR techniques in both scenarios are quantified analytically

and illustrated with physically meaningful simulation results.

1. INTRODUCTION

Time-reversal (TR) techniques have been used extensively in several

acoustic, imaging and under-water communications applications to

yield significant performance gains (see, e.g., [1, 2]). Extensions of

TR to wireless communication systems has gained recent attention

due to their ease of implementation and ability to exploit the mul-

tipath nature of wireless channels (see, e.g., [3, 4]). In traditional

communication systems, the initial training signals for channel es-

timation typically originate at the transmitter; however, in TR, the

receiver initiates communication by sending training signals to the

transmitter that can then time reverse (and phase-conjugate) its ac-

quired waveforms to send data. Under ideal conditions, this pro-

cess eliminates the channel estimation/equalization requirement at

the receiver by focusing the transmitted energy in space and time at

the target (receiver) location. With the emergence of TR applica-

tions in multi antenna systems, the term space-time-reversal (STR)

seems more appropriate since the wireless channel now incorporates

an added spatial dimension.

In this paper, we investigate STR techniques in the context of

AWS [5, 6] in which a wireless information retriever (WIR) or ac-

cess point, equipped with an antenna array, directly communicates

with an ensemble of sensors using wideband space-time waveforms.

A key idea behind our approach is that distinct sensors are associated

with distinct space-time signatures induced at the WIR that can then

be exploited for establishing simultaneous communication between

the WIR and the entire sensor ensemble. These space-time signa-

tures which represent the channel between individual sensors and

the WIR, depend on the sensor locations, the scattering environment

and the spatio-temporal signal space dimension of the interrogation

waveform.
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STR techniques for exploiting the differences in the sensors’

space-time signatures are explored in both the downlink and the

uplink in AWS. In the downlink, STR techniques are proposed for

sending dedicated information from the WIR to distinct sensors

for programming them for different information retrieval tasks. In

this case, the WIR first estimates space-time signatures for dif-

ferent sensors based on transmission of an identical (common)

spread-spectrum waveform from each sensor. The WIR then uses

space-time reversed versions of the sensor signatures as modulation

waveforms, and low-complexity interference cancelation schemes

at the WIR are proposed to reduce the interference between data

streams aimed at distinct sensors, thereby increasing the number of

sensors that can be simultaneously and reliably addressed. In the up-

link, we present an STR scheme to localize distinct sensor responses

at distinct signal space dimensions at the WIR thereby reducing

the interference between sensor transmissions. In this case, sensors

first acquire distinct temporal waveforms as a result of interrogation

by the WIR with space-time waveforms localized to distinct signal

space dimensions.

The next section introduces the basic system model in AWS, the

multipath scattering channel and the sensor angle-delay signatures.

In section 3 we present STR techniques applicable in the downlink

to allow simultaneous transmissions to multiple sensors along with

the associated interference suppression schemes at the WIR. Section

4 discusses an uplink STR signaling scheme for generating a space-

time focused response at the WIR for each sensor. Finally in section

5, we discuss the issues related to realizing STR techniques in prac-

tice, and relevant research directions. In all sections, we present

illustrative numerical results to support the analysis.

2. AWS SYSTEM MODEL
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Fig. 1. AWS over a multipath scattering channel.

Consider an ensemble of K sensors randomly distributed over a re-

gion of interest, as illustrated in Fig. 1. The WIR equipped with

an M -element uniform linear array (ULA), initiates information re-

trieval by sending a signal for timing and frequency synchroniza-



tion. The i-th sensor modulates a unit energy spread-spectrum sig-

nal q(t) (known at the WIR) of duration T and bandwidth W with

its (possibly encoded) measurement βi, and transmits it with energy

E after a fixed delay (same for all sensors). The transmitted sen-

sor signals pass through a multipath channel consisting of Np scat-

tering paths (see Fig. 1). The received vector signal at the WIR,

r(t) = [r1(t), r2(t), . . . , rM (t)]T , is a superposition of all the sen-

sor transmissions

r(t) =
√
E

K∑

i=1

βi

Np∑

n=1

αi,nq(t − τi,n)a(θi,n) + w(t) (1)

where τi,n is the relative delay, θi,n the angle of arrival (AoA), αi,n

the complex path gain of the i-th sensor’s signal through the n-th

scattering path, and w(t) denotes a vector AWGN process with in-

dependent components. The unit-norm ULA steering/response vec-

tor is denoted by a(θ) where θ is the normalized angle [5]. Let

τi,n ∈ [0, τmax] where τmax = max(τi,n) denotes the channel de-

lay spread. Without loss of generality (WLOG), assume that for each

sensor, the n = 1 path represents the line-of-sight (LOS) component

with energy |αi,1|2 = 1 and the remaining Np−1 paths are non-line-

of-sight (NLOS) with energy |αi,n|2 = σ2
p < 1, n = 2, . . . , Np, as

shown in Fig. 1. Thus, the channel power σ2
c =

∑

n |αi,n|2 =
1 + (Np − 1)σ2

p grows linearly with Np, since more paths couple

more signal energy transmitted from the sensors to the WIR. We also

assume that {θi,n, τi,n} are fixed. The only source of channel ran-

domness are the random and independent phases of the gains {αi,n}.

2.1. Sensor Angle-Delay Signatures

To retrieve the sensor information, the WIR performs angle-delay

matched filtering - r(t) is first projected in M fixed spatial directions

and then correlated with uniformly delayed versions of q(t) to yield

the sufficient statistics

zm,ℓ =

∫ T

0

a
H(m/M)r(t)q∗(t − ℓ/W )dt (2)

where m = −M̃, . . . , M̃ , ℓ = 0, . . . , L − 1, M̃ = (M − 1)/2 and

L = ⌈τmaxW ⌉. Stacking the angle-delay matched filtered (MF)

outputs in an Ns = M × L dimensional vector we have

z =
√

MEΓβ + w =
√

ME
K∑

i=1

βiγi + w (3)

where Γ = [γ1, · · · , γK ] is the Ns × K(Ns ≥ K) channel ma-

trix that maps the sensor data vector, β = [β1, . . . , βK ]T , to the

angle-delay MF output vector z, and w is a complex AWGN vec-

tor with i.i.d. components of variance σ2. The vector γi represents

the angle-delay signature generated by the i-th sensor at the WIR.

The contribution of the scattering paths to the sensors’ angle-delay

signatures is captured by the virtual path partitioning commensurate

with resolution in angle and delay afforded by the signal space [5,7]

γi(m, ℓ) ≈
∑

n∈Sm,ℓ(i)

αi,n (4)

where Sm,ℓ(i) = {n : |θi,n − m/M | < 1/2M , |τi,n − ℓ/W | <
1/2W} is the set of all paths associated with the i-th sensor whose

angles and delays lie within the angle-delay resolution bin of size

∆θ × ∆τ = (1/M) × (1/W ) associated with the (m, ℓ)-th angle-

delay MF output in (2). It follows from (4) that in a multipath

environment with sufficiently many and spatially distributed NLOS

paths, γi exhibits a large number of dominant non-vanishing compo-

nents or degrees of freedom (DoF) that are statistically independent

since disjoint sets of paths (with independent phases) contribute to

distinct components. Note that both the number of DoF and the av-

erage energy in each signature, E
[
‖γi‖2

]
= σ2

c grow with Np [6].

3. AWS DOWNLINK: SPACE-TIME REVERSAL TO

ADDRESS INDIVIDUAL SENSORS

One of the attractive features of AWS is the ability of the WIR to

“program” the sensors for different tasks which requires that the

WIR be able to individually address different sensors. In this sec-

tion, we propose a simple STR signaling scheme at the WIR that

exploits the differences in the sensor signatures for simultaneously

addressing individual sensors, without knowing their locations, and

without the need for channel estimation at the sensors. Our results

show that the richer the multipath, the sharper the ability to focus the

signal at a desired sensor while minimizing the interference to other

sensors. The downlink STR scheme requires knowledge of Γ at the

WIR. We assume perfect knowledge of Γ, although in practice it has

to be estimated with training signals from sensors.

3.1. System Model

Let bi ∈ {−1, +1} represent the information symbol for the i-th
sensor. Then the STR signal transmitted from the WIR intended for

the i-th sensor is given by

str,i(t) =

√

E
c1

∑

ℓ,m

biγ
∗
i (m, ℓ)a∗

( m

M

)

q∗
(

T̃ − t − ℓ

W

)

(5)

where 0 ≤ t ≤ T̃ , T̃ = T + τmax, c1 = ‖γi‖2 and the normaliza-

tion ensures that the transmitted signal has energy E . The received

TR signal at the k-th sensor is

rtr,k(t) =

Np∑

n=1

αk,na
T (θk,n)str,i(t − τk,n) + w(t) (6)

where w(t) denotes an AWGN process. The received signal rtr,k(t)
is matched filtered at the k-th sensor with q(t) and the corresponding

MF output at time τ is

ztr,k(τ)=

∫

rtr,k(t)q(τ − t)dt (7)

=

√

E
c1

bi

∑

ℓ,m,n

αk,nγ∗
i (m, ℓ)aT (θk,n)a∗

( m

M

)

∫

q∗
(

T̃ − t + τk,n − ℓ

W

)

q(τ − t)dt + w(τ) (8)

where w(τ) is complex Gaussian noise with variance σ2. The re-

ceived SNR at the target (i-th) sensor is maximized at τ = T̃ and the

MF output at the k-th sensor at this ‘optimum’ time can be shown,

using virtual path partitioning (4) to be [6]

ztr,k(T̃ ) =

√

E
c1

γk
T
γ

∗

i bi + w(T̃ ) (9)

Thus, at the optimal sampling time, the SNR at the k-th sensor is
E|γT

k γ∗

i |2

σ2‖γi‖
2 which is maximum at the target sensor (k = i). This is

illustrated in Fig. 2 which plots the value of the SNR at different

sensors. The accompanying image plot corresponds to magnitude of

the MF output |ztr,k(T̃ )|2. Note that with increasing Np, the SNR of

the received TR signal increases at the target sensor, whereas it de-

creases at the other sensors. This is because of the increasing number

of DoF and higher energy in the signature vectors (see Sec. 2.1).
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Fig. 2. The strength of the received TR signal at different sensors

for different values of Np; a black circle indicates the target sensor

(sensor 24) in the image plots; K = 108; σ2
p = 1/8, M = 9,

L = 12 and Ns = ML = 108 are used for all the numerical results

in this paper. (a) Np = 20. (b) Np = 100.

If all the sensors are addressed simultaneously, we can show that

the STR MF outputs at the sensors ztr = [ztr,1(T̃ ), . . . , ztr,K(T̃ )]T

are given by

ztr =

√

E
tr(ΓH

Γ)
Γ

T
Γ

∗
b + w (10)

where b = [b1, . . . , bK ]T and w denotes an AWGN vector. Thus,

the SINR at the i-th sensor can then be written as

SINR(i) =
E‖γi‖4/c1

σ2 + E ∑

k 6=i |γk
T γ∗

i |2/c1
(11)

and using the Gaussian approximation for interference, the proba-

bility of error in the estimated bit b̂i = sign(Re{ztr,i(T̃ )}) is given

by Pe(i) = Q(
√

2SINR(i)). In general, since the instantaneous re-

alizations of the signatures are not orthogonal |γk
T γi

∗|2 6= 0, this

STR signaling scheme is interference limited since the SINR and the

Pe saturate as the transmit SNR (E/σ2) is increased

SINR(i) → E‖γi‖4

∑

k 6=i |γk
T γi

∗|2 as
E
σ2

→ ∞ . (12)

This saturation behavior of the SINR and Pe is illustrated in Fig. 3.

Note that although increasing the amount of scattering (larger Np)

can initially increase (decrease) the saturation threshold of the SINR

(Pe), it provides diminishing returns.
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Fig. 3. (a) SINR vs per-sensor transmit SNR (E/Kσ2) when K =
54 sensors are simultaneously addressed. (b) The corresponding Pe

vs SNR. All the SINR and Pe curves in this paper represent the av-

erage over all the sensors and multiple channel phase realizations.

3.2. Interference suppression at the WIR

As evident from Fig. 3, the Pe for the basic STR signaling suffers

from an error floor due to the interference between the different sen-

sor transmissions. Since the communication channel between the

WIR and the sensor ensemble is equivalent to a semi-distributed

multiple input multiple output (MIMO) broadcast channel, a num-

ber of low-complexity linear MIMO transmit processing techniques

can be leveraged to combat this interference. In this section, we dis-

cuss one particular interference suppression scheme at the WIR, the

transmit Wiener filter (WF) [8]. Let the Ns × K matrix G denote

the WIR transmit pre-filter that maps b to the downlink channel ΓT .

Then the STR MF outputs at the K sensors are given by

ztr = Γ
T
Gb + w . (13)

Note from (10) that the basic STR signaling scheme corresponds to

G =
√

E

tr(ΓH
Γ)

Γ
∗. The WF with energy constraint E is designed

to minimize a modified mean-squared error at the individual sensors:

{GWF , δWF } = argmin{G,δ}E
[
‖δ−1

ztr − b‖2]
(14)

s.t. : tr
(

G
H

G
)

= E

where δ denotes the gain of the filter G. The optimum filter is [8]

GWF = δWF F
−1

Γ
∗ and δWF =

√

E
tr

(
F −2

Γ
∗
Γ

T
) (15)

where F = Γ
∗
Γ

T + σ2K
E

I . In (15), F −1 suppresses the interfer-

ence between the different sensors’ signatures and the channel Γ
T

acts as the matched filter on pre-filtered WIR signal.

The i-th sensor’s MF output ztr,i can now be expressed as

ztr,i = δWF γ
T
i F

−1
γ

∗
i bi + δWF

∑

k 6=i

γ
T
i F

−1
γ

∗
kbk + w (16)

where γT
i F −1γ∗

i represents the filtered desired signal and γT
i F −1γ∗

k

the suppressed interference due to the k-th sensor’s informa-

tion stream. The Pe for the i-th bit stream can be expressed as

Pe,WF (i) = Q
(√

2SINRWF (i)
)

where

SINRWF (i) =
δWF |γT

i F −1γ∗
i |2

σ2 + δWF

∑

k 6=i

|γT
i F −1γ∗

k|2
(17)

We note that the Pe associated with Wiener filtering does not suffer

from error floors [8] as confirmed by the numerical results presented

in Fig. 4. For larger Np, both the increase in the number of DoF

and higher energy in γi (see Sec. 2.1) contribute to better Pe per-

formance. The diversity increase is illustrated in Fig. 4(a) where the

energy in the {γi} is kept constant for varying Np, whereas Fig. 4(b)

captures both these effects.
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Fig. 4. Pe vs per-sensor transmit SNR (E/Kσ2) with transmit

Wiener filtering; K = 108. (a) Constant total channel energy. (b)

Channel energy increases with Np (energy capture); the ideal curves

represent the interference-free Pe.



4. SPACE-TIME REVERSAL IN AWS UPLINK

In the basic AWS uplink signaling architecture expressed in (3), de-

coding the sensor data β from the received MF outputs z requires

reliable estimates of Γ, the signature matrix, which are obtained in

practice by sending training signals from the sensors. In particular

for coherent signaling, the training cost on sensor energy for accu-

rate phase estimates can be high. In this section, we discuss an al-

ternate STR scheme for uplink communication that eliminates this

estimation requirement by focusing sensor responses at desired sig-

nal space locations at the WIR. In this case, the WIR initiates the

information retrieval by sending high powered interrogation wave-

forms that are localized to distinct angle-delay bins. The resulting

sensor responses and the corresponding MF outputs at the WIR are

focused in distinct angle-delay bins in contrast to {γi} which are

dispersed in angle and delay.

Assume that we want to focus the i-th sensor’s signal in the

(m(i), ℓ(i))-th angle delay bin. The initial transmitted signal at the

WIR is given by s(t) =
√
Ea

(
m(i)
M

)

q(t) where E denotes the en-

ergy of the transmitted signal. For sufficiently high E we can ignore

noise in the downlink and hence the received signal at the i-th sen-

sor, ri(t) =
∑Np

n=1 αi,naT (θi,n)s(t − τi,n) and the MF outputs

corresponding to delays of q(t) are

zi,ℓ′ =

∫ T

0

ri(t)q
∗

(

t − ℓ′

W

)

dt
(a)
=

√
Eγi(m(i), ℓ′) (18)

where ℓ′ = 0, . . . , L − 1 and (a) follows from (4). The TR signal

transmitted from the i-th sensor is now given by

xi,tr(t)=

√

E
c2

βi

L−1∑

ℓ′=0

γ∗
i (m(i), ℓ′)q∗

(

T̃ − t − (ℓ′ − ℓ(i))

W

)

(19)

where the energy normalization term c2 =
∑L−1

ℓ′=0 |γi(m(i), ℓ′)|2
and ℓ(i) is the timing offset. The resulting STR received signal at

the WIR, yi,tr(t) =
∑Np

n=1 αi,na(θi,n)xi,tr(t − τi,n) + w(t) and

the corresponding ML angle-delay MF outputs are

zm,ℓ =

√

E
c2

∫ T

0

a
H

( m

M

)

yi,tr(t)q

(

t − ℓ

W

)

dt (20)

=

√

ME
c2

βi

L−1∑

ℓ′=0

γ∗
i (m(i), ℓ′ − ℓ(i))γi(m, ℓ′ − ℓ)

︸ ︷︷ ︸

γstr,i(m,ℓ)

+wm,ℓ

where w(t) and wm,ℓ denote AWGN of variance σ2. Thus the MF

output at the desired angle-delay bin, zm(i),ℓ(i), has the maximum

SNR. This is also illustrated in Fig. 5(a) which plots the SNR of the

MF outputs at the WIR when (m(i), ℓ(i)) = (0, 4).

In order to simultaneously receive signals from multiple sensors,

STR signaling can be used as long as transmissions from distinct

sensors correspond to either distinct delays {ℓ(i)} (requires syn-

chronization between sensors) or distinct angles {m(i)} (requires

distinct WIR training waveforms). In this case, the WIR MF output

vector z = vec{zm,ℓ} due to K sensor uplink transmissions can be

expressed as

z =

√

ME
c2

K∑

i=1

γstr,iβi + w (21)

where γstr,i = vec{γstr,i(m, ℓ)}. In principle, since the {γstr,i}
are dominant in distinct delays or angles, the βi can be decoded from

the corresponding entries in z. However, when sensor transmissions

are separated by fewer angle delay bins, the interference between

them can be significant as shown in Fig. 5(b). In this case, several

blind source separation techniques (see, e.g., [9]) can be successfully

leveraged to yield competitive performance.
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Fig. 5. (a) The strength of the received TR signal at different angle

delay bins; a black circle indicates the target angle-delay bin in the

image plots. (b) Transmit SNR per-sensor (E/σ2) vs SINR for dif-

ferent time delays ∆t = min(ℓ(i) − ℓ(k)) between the K = 54
sensor transmissions (m(i) = 0). For both (a) and (b), Np = 100.

5. DISCUSSION AND CONCLUSIONS

This paper presents promising initial results that illustrate the bene-

fits of STR in downlink and uplink communication in AWS. It is ap-

parent that these results are also applicable to any general asymmet-

ric point to multipoint communication setting. Some of the issues

that warrant further investigation are discussed below. First, since

we assume either noise-free STR in uplink or perfect knowledge of

Γ in downlink, analysis of the impact of noise and/or estimation er-

rors on the performance of STR techniques would be useful for prac-

tical implementation. Next, quantifying the effect of the richness of

multipath and signal space parameters (M ,W ,T ) on STR signaling

performance has important implications in the context of adaptive

signaling and agile transceivers. We also believe that extending STR

techniques to spectrum sensing applications in cognitive radio (CR)

and secure authentication protocols in networks would be fruitful.
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