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Robotic Through-Wall Imaging
Saandeep Depatla*, Chitra R. Karanam*, and Yasamin Mostofi
Abstract—The overall goal of this paper is to present the new
possibilities created at the intersection of robotic path planning
and inverse scattering for through-wall imaging with everyday
RF signals. More specifically, we are interested in the throughwall imaging of a completely unknown space using unmanned
vehicles and with everyday RF transceivers. We first focus
on robotic through-wall imaging based on only WiFi received
signal power measurements (RSSI). In our second case, we
then focus on robotic imaging based on only UWB signals,
motivated by the new commercially-available chipsets that can
provide a lightweight solution for small robotic platforms. The
paper then shows that through proper path planning, sparse
signal processing, and wave modeling, high-resolution throughwall imaging of a completely unknown space is possible with
ubiquitous RF transceivers. We present several experimental
results for robotic through-wall imaging of several different
unknown spaces, comparing WiFi and UWB-based approaches.
We then extensively discuss the impact of robotic path design
on imaging, which provides general guidelines for robotic path
planning in the context of through-wall imaging.

I. I NTRODUCTION
Using electromagnetic waves for sensing has been of interest to the research community for many years. More recently,
sensing with lower frequencies such as with radio waves, even
with WiFi, has become of interest due to factors such as safety
and availability of the transceivers. In particular, there has
been a considerable interest in using Radio Frequency (RF)
signals to sense and obtain information about the environment
in various contexts, such as imaging, localization, tracking
and occupancy estimation [1]–[10]. See-through imaging (also
known as through-wall imaging) has in particular been of
considerable interest to the research community. The ability to
see through occluded objects can be beneficial to many applications such as search and rescue, surveillance and security,
archaeological discovery, detection/classification of occluded
objects, and medical applications. Despite great interest in
this area, however, see-through imaging is still a considerably
challenging problem, especially with everyday RF signals.
Recent progress in robotics, on the other hand, has created
the possibility of unmanned autonomous vehicles helping us
achieve tasks. Robotic networks can have a tremendous impact
in many areas such as disaster relief, emergency response,
environmental monitoring, surveillance, and security.
In this paper, we are interested in using unmanned vehicles
for see-through imaging to enable imaging that is typically
deemed not possible with static antennas. More specifically,
we are interested in the scenario where two unmanned vehicles
are tasked with imaging a completely unknown area, without
any prior measurements, to which we refer as robotic seethrough imaging. Fig. 3a shows a real example of the considered scenario. We first focus on robotic through-wall imaging
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based on only WiFi RSSI (Received Signal Strength
Indicator) signals. In other words, in our first case, WiFi
received signal power is the only signal available for imaging.
More specifically, both robots are equipped with WiFi cards
and the receiving robot measures the received signal power
of the transmitting robot. In our second case, we consider
robotic imaging based on only UWB signals. While most
UWB transceivers have been bulky and expensive, the new
commercially-available chipset from DecaWave [11] (see Fig.
3d) provides a light-weight solution, with stable measurements
for the power and time of arrival of the first path, which we
shall utilize in our second case.
Literature Survey: A survey of the existing literature reveals
a great body of work from various communities, e.g., electromagnetics, signal processing, and networking, on different
aspects of RF sensing and through-wall imaging. In the
electromagnetics community, for instance, there has been a
considerable interest in solving the inverse scattering problem
[12], [13]. More specifically, various full-wave solutions are
obtained by using iterative techniques [14], contrast source
inversion [15], and stochastic optimization [16]. Several linearizing approximations, such as Born and Rytov, are also proposed [2], [17], [18] to reduce the computational complexity
in imaging. To reduce the number of required measurements,
compressive sensing techniques have been utilized under these
linear approximations [19]–[21]. However, there are very few
experimental results reported with these approximations, especially at microwave frequencies or WiFi, due to the difficulty
of the hardware setup and testing.
Assuming that phase can be measured, beam forming and
time-reversal MUSIC are proposed to focus in a direction or
image a target [1], [22], [23]. Radar systems have also been
extensively used for remote sensing and target detection [24],
[25]. Synthetic Aperture Radar (SAR) utilizes motion of the
radar to synthesize a large antenna array to improve the resolution of remote sensing [26]. Using Ultra WideBand (UWB)
signals can increase the resolution [3], but has traditionally
required specialized and bulky hardware [27], making them
not suitable for small robotic platforms.
In general, several existing work utilizes simulations for
validation purposes due to the difficulty of the hardware setup
and testing. Thus, the full benefits of the theoretical methods
may not be realizable in real scenarios. Furthermore, for the
case of through-wall imaging, the information of the first layer
of occluders (such as the wall) is usually assumed via prior
measurements [4], [28], [29]. Recently, a few methods propose
to mitigate the effect of the walls [30]–[32]. However, these
methods typically have experimental constraints, either on the
locations along which the measurements are collected, or on
the properties of the wall, and are furthermore focused on
localizing the objects as opposed to detailed imaging. Also,
in most setups, sensors are on one side of the wall and thus
a reflection-based approach is typically utilized for through-
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wall imaging. Finally, several existing work relies on the
availability of the phase information or having a very large
bandwidth. Even then, the problem of see-through imaging
of completely unknown areas with everyday RF signals is
still a considerably challenging problem, which is the main
motivation for this paper.
In this paper, we show the possibilities and challenges
created by using unmanned vehicles for through-wall imaging
with ubiquitous RF signals. We do not assume any knowledge
of the walls and as such, reconstruct the walls as well. Using
unmanned vehicles can considerably reduce the burden of
fixed antenna positioning as the vehicles can autonomously
collect several RF measurements along their trajectories. More
importantly, the fact that they have control over their trajectories has a great potential for improving see-through imaging
through proper path planning. Finally, since two unmanned
vehicles move outside of the area of interest, they can do
tomographic imaging, i.e., one robot transmits a signal, which
will interact with the area of interest as it goes through it. The
receiving robot then measures the corresponding receptions
(see Fig. 3a for an example). Using the transmission through
the area, as opposed to reflections, is more suitable when no
phase measurement is assumed, which is the case in this paper.
In our past work, we have shown the first demonstration of
imaging with WiFi in 2010 [33], and the first demonstration
of through-wall imaging with WiFi in 2012 [7], followed by
several other work [8], [9]. In this article, we build on our
past work to present a comprehensive foundation for imaging
through walls with unmanned vehicles. Additionally,
•

•

•

•

We propose an UWB-based robotic imaging approach
based on the first path power and time-of-arrival, and
experimentally and extensively validate it utilizing new
commercially-available UWB chipsets from DecaWave.
We further extensively compare WiFi and UWB-based
approaches.
We show the impact of antenna directionality on the
imaging quality. As we shall see, while utilizing a directional antenna improves the imaging quality, through-wall
imaging with omni-directional antennas is also possible
when utilizing the proposed robotic framework.
We analyze the impact of large amount of robot localization errors on the imaging performance. The results
indicate robustness to localization errors, even for values
with a standard deviation as high as 10 cm per position.
We present several see-through experimental results, involving objects with different material properties.

Overall, this article showcases the created possibilities for
imaging with everyday RF signals when using unmanned
vehicles.
The paper is organized as follows. In Section II, we
mathematically formulate our problem, and discuss the wave
modeling, signal processing, and path planning aspects of it. In
Section III, we show experimental results for robotic throughwall imaging of several different unknown spaces. Section IV
then explores the impact of different robotic paths on imaging,
and discusses the underlying tradeoffs in terms of diversity and
spatial resolution. We conclude in Section V.

Unknown
volume D

Fig. 1. The objective of the robots is to image the completely unknown
workspace D, shown with a superimposed red volume. Note that there are
several objects which are completely occluded by the outer brick walls,
requiring through-wall imaging. In this paper, we first consider robotic
imaging based on only WiFi RSSI signals. This is then followed by robotic
imaging based on only UWB signals.

II. A F OUNDATION FOR ROBOTIC T HROUGH -WALL
I MAGING
A. Problem Formulation
Consider a workspace D that is completely unknown, i.e., it
contains objects whose shapes, locations, or material property
are completely unknown. Furthermore, several objects may be
occluded by walls or other objects. Fig. 1 shows an example
of our considered scenario. Two robots come to outside of the
area of interest. One of the robots transmits Radio Frequency
(RF) signals while the other robot measures the corresponding received signal. These scattered signals interact with the
unknown area and thus implicitly contain information about
the objects in D. Our objective is then to use robots to image
the unknown workspace D, by which we mean determining the
location and geometry of all the objects in D, without any a
priori measurements.
In this section, we start by summarizing the volume integral
equations to model the received electric field in terms of the
objects in D and the positions of the Transmitter (TX) and
Receiver (RX) robots. We then discuss linearizing approximations to formulate our problem as a linear inverse scattering
problem, which we then solve to image D using sparse signal
processing and path planning. Consider the electric field in D
which is induced by the signal transmitted from the TX robot.
The following volume integral equation then characterizes the
received electric field at any position r ∈ R3 [34]:
ZZZ
~
E(r) = Einc (r) +
G(r,
r0 ) • (O(r0 )E(r0 )) dv 0 , (1)
D

~
where E(r) is the received electric field at r, G(r,
r0 ) is the
2
2
free space tensor Greens function, O(r) = k (r) − k0 denotes
the material property of the object at position r, k02 = ω 2 µ0 0
denotes the wavenumber of the free space, k 2 (r) = ω 2 µ0 (r)
denotes the wavenumber of the medium at r, (r) denotes the
electric permittivity at r, 0 and µ0 are the permittivity and
permeability of the free space respectively, ω is the angular
frequency, • denotes the vector dot product, and Einc (r) is the
incident field at r when there are no objects in D. The first
term of Eq. 1 then describes the field due to the presence of a
source and the second term describes the field due to scattering
from objects in D. If the source is linearly polarized, then, by
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neglecting the cross polarization terms in the scattered field,
we can simplify Eq. 1 to the following scalar form [8]:
ZZZ
E(r) = Einc (r) +
g(r, r0 )(O(r0 )E(r0 )) dv 0 , (2)
D
0

where g(r, r ) is the scalar Greens function.
Linearizing Approximations:
Equation 2 relates the received electric field E(r) to the objects
in D. However, since the field E(r0 ) inside the integral of Eq.
2 depends on O(r0 ), Eq. 2 can be highly non-linear in D due to
multiple scattering [34]. As discussed in Section I, full-wave
solutions can be obtained for Eq. 2 [14]–[16]. However, these
methods have prohibitive computational complexity, especially
for the sizes of the workspace D considered in this paper.
Therefore, we utilize approximations to linearize and then
solve Eq. 2 by utilizing proper robotic path planning and sparse
signal processing. These approximations only consider single
scattering from objects in D, neglecting multiple scattering
[34]. Next we present two such approximations, which will
work well for our robotic see-through imaging, as we shall
see in the next sections.
1) Line Of Sight (LOS) Approximation: 1 At high frequencies2 , a wave predominantly propagates in a straight line, with
negligible reflections or diffractions along its path [34]. Then a
LOS-based approximation can model the field well and we can
assume that the field at the receiver only depends on objects
along the line joining the TX and the RX, which results in the
following solution to Eq. 2 [34]:
R
c0
jω
α(r0 ) dr0
e LT →R
,
(3)
E(r) = p
α(r)
where α(r) is a complex number that represents
R the slowness
of the medium at r and is related to k(r), LT →R is a line
integral along the line joining the positions of the TX and
the RX, and c0 is a constant that depends on the transmitted
signal strength. In this paper, however, we assume WiFi
frequencies such as 2.4 GHz, which is not high enough.
Still, the LOS-based approximation can be informative for our
robotic imaging problem, as we shall see in the next sections.
The received power is then given by the following [8]:
Pr (r)(dBm) = Pinc (r)(dBm)
−10 log10 (e2 )ω

Z

Imag(α(r0 )) dr0 ,

(4)

LT →R

where Pr (r)(dBm) is the received power in dBm at r,
Pinc (r)(dBm) is the power incident in dBm at r when there are
no objects in D, and Imag(.) denotes the imaginary part of the
argument. Pinc (r)(dBm) can be estimated by robots making
measurements in free space [8]. By discretizing the space and
subsequently Eq. 4, we get the following linear equation:
P u ALOS OL ,

(5)

Pr (dBm)−Pinc (dBm)
,
10 log10 (e−2 )

where P =
ALOS is a matrix of size M ×N
with its entry ALOSi,j = 1 if the j th cell is along the line
1 This

is also referred to as WKB approximation [34].
this paper, high frequency refers to the frequencies at which the size
of the inhomogeneity of the objects is much larger than the wavelength.
2 In

joining the TX and RX of the ith measurement, and ALOSi,j =
0 otherwise, M and N denote the number of measurements
and size of the discretized unknown space respectively, OL =
[αI (r1 ) αI (r2 ) · · · αI (rN )]T , r1 , r2 · · · rN denote the positions
of the cells in the workspace, and αI (.) = Imag(α(.)).
2) Rytov Approximation: Although the LOS-based approximation accounts for single scattering from objects in D,
only those objects along the LOS are considered. In order to
incorporate the effect of scattering from all the objects in D
in a linear model, we next consider the Rytov approximation
[34]. Then, the solution to Eq. 2 is approximated by
E(r) = Einc (r)ejφ(r) ,
where

−j
φ(r) =
Einc (r)

ZZZ

g(r, r0 )O(r0 )Einc (r0 ) dv 0 .

(6)

(7)

D

We then have the following approximation for the received
power for this case [8]:
P u Aryt OR ,

(8)

where OR = Real(O) and Real(.) denotes the real part
of the argument. Detailed analysis of the validity of these
approximations can be found in [34].
B. Robotic Through-Wall Imaging
In this section, we first focus on robotic through-wall
imaging based on only WiFi RSSI signals in Section II-B1,
providing an overview of the formulation of [8]. In other
words, in our first case, WiFi RSSI signals are the only
signals available for imaging. More specifically, both robots
are equipped with WiFi cards and the RX robot measures the
received signal power from the transmissions of the TX robot.
Considering this case is important as WiFi cards are readily
available and the RSSI signal can be easily measured in the
receiver.
In our second case in Section II-B2, we then consider
robotic imaging based on UWB signals. This case is motivated
by the emergence of small UWB chipsets that can be easily
added to a small robotic platform, as discussed in Section
I. We then extensively compare these two cases in our next
section. We next briefly discuss these two cases in the context
of the previous linear approximations.
1) Robotic Through-Wall Imaging Using Only WiFi RSSI
Signals: In this case, Eq. 5 or 8 can be directly used. More
formally, we will have [7], [8]:
PWiFi = AX,

(9)

where PWiFi is the accumulated vector of the received RSSI
measurements as the robots move outside the area. Matrix A is
ALOS for the LOS case and Aryt for the Rytov case respectively.
Then, we solve for X, which will be the estimated image.
Although the estimated X will be an estimate of OL for the
LOS case and OR for the Rytov case, both are non- zero at
locations where there are objects and zero otherwise allowing
us to image the area.
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2) Robotic Through-Wall Imaging Using Only UWB Signals: For the case of UWB transceivers, we utilize power
of the first arrived path as well as its corresponding time-ofarrival (ToA). These two measurements are reliably provided
by the new small UWB cards.3
The scattered power of the first path is typically affected by
the objects near and along the line joining the transceivers.
Thus, the LOS-based modeling of Section II-B can well
approximate this case, as follows:
PUWB,FP u ALOS XP ,

(10)

where PUWB,FP is the received power of the first path of the
UWB signal, ALOS is as defined in Section II-A, and XP is
the image-related vector to solve for.
Next, we consider the ToA of the first path that reaches
the receiver in each transmission. The time taken for a signal
to travel a distance δ through
√ a homogeneous material of
0
permittivity  is given by δ c  [36], where c is the speed
of light, and 0 = Real( 0 ). Let t1 (pi , qi ) and t0 (pi , qi )
denote the ToA of the first path and the ToA in free space
respectively, where pi and qi denote the locations of the
TX and RX respectively for the ith measurement. Then, the
difference between these times will be as follows:
p
Z
0 (r) − 1
t(pi , qi ) = t1 (pi , qi ) − t0 (pi , qi ) =
dr.
c
LT →R
(11)
By discretizing Eq. 11, we get
X ∆d q
( 0j − 1),
t(pi , qi ) =
(12)
c
j∈Li

where Li is the set of all the cells that lie on the line joining the
TX and RX for the ith measurement, i ∈ {1, 2, . . . , M }, M is
the number of measurements, ∆d is the cell size, 0j = 0 (rj ),
and rj is the position of the j th cell. The discretization is made
small enough so that each cell can be assumed homogeneous,
having the same permittivity throughout the cell. By stacking
up all the measurements, we get the following linear equation
for the ToA of the first path:

where f is a function that efficiently combines the information
in X̂UWB,p and Λ̂UWB,t , and X̂UWB is the overall estimate of
the unknown space. More details on f is given in Section III.
C. Sparse Signal Processing and Image Reconstruction
In the previous section, we posed a number of linear
equations that related the measurements to the properties of the
objects in the unknown space. Let N and M denote the size
of the discretized space and the total number of measurements
respectively. Typically, due to the size of workspace of interest
to this paper and the difficulty of collecting a prohibitive
number of measurements, we will have M << N . This leads
to an under-determined system of equations in 9, 10 and 13.
Therefore, to get a meaningful solution to these equations,
we need to take advantage of the underlying sparsity of the
area of interest. More specifically, many real physical spaces
are sparse in the space domain or in their spatial variations
[7], allowing us to utilize tools from sparse signal processing
[37], which we briefly summarize next. Consider the following
general linear equation:
Y = BZ,
(15)
where Z ∈ RN is a general unknown signal, Y ∈ RM is the
measurement vector and B is an M × N observation matrix.
Suppose Z is sparse in some domain, i.e.,
Z = Θz,

(16)

where Θ is an invertible matrix and z is S-sparse, i.e.,
card(supp(z)) = S where card(.) denotes the cardinality of the
argument and supp(.) denotes the set of indices of the non-zero
elements of the argument. If N ≥ 2S, then the solution to Eq.
15, under specific conditions [37], is given by the following
optimization problem:
minimize kzk0 ,

subject to Y = Kz,

(17)

where K = BΘ. This means we only require 2S measurements to recover Z. However, the above problem is non-convex
and combinatorial in nature. The following is then the convex
relaxation of the above problem:
minimize kzk1 ,

subject to Y = Kz.

(18)

(14)

In the compressive sensing literature [37]–[39], it has been
well established that solving Eq. 18 can solve the original
problem of Eq. 17 if the matrix K satisfies the Restricted
Isometry Condition (RIC) [39]. In the context of our considered robotic through-wall imaging, we have shown that
certain motion patterns result in a matrix K that satisfy the
RIC condition in [7]. Several of the considered areas are also
sparse in their spatial variations. Thus, minimizing the spatial
variation can also provide an alternative to the `1 relaxation,
with a lower computational complexity [7]. In this paper, we
thus focus on total variation minimization. More specifically,
let R = [Ri,j ] denote an m × n matrix that represents the
unknown space. Then we solve the following Total Variation
(TV) minimization problem:

a general UWB transceiver, one can measure the power-delay profile
(ToA and power of a number of paths). However, we find the power-delay
profile measurement not as stable in the small UWB chipset [11], Decawave
EVK1000, as also reported by other users [35]. Thus, in this paper we only
rely on using the power and ToA of the first path, which can be reliably
measured in Decawave EVK1000 cards.

TV(R), subject to Y = Kz,
(19)
P
where TV(R) =
i,j kDi,j (R)k, denotes the spatial variations of the unknown
space, where Di,j (R) = [Dh,i,j Dv,i,j ],

Ri+1,j − Ri,j if 1 ≤ i < m,
Dh,i,j =
, Dv,i,j =
Ri,j − R1,j
if i = m,

TUWB u ALOS Λ,

(13)

where Λ represents the relative times to be estimated, with
the key feature that its corresponding value will be zero if
there is no object at the corresponding position and non-zero
otherwise, allowing us to form an image of the area from the
estimate of Λ.
Let X̂UWB,p and Λ̂UWB,t be the solutions of Eq. 10 and 13
respectively. Although X̂UWB,p and Λ̂UWB,t represent different
physical properties of the objects in D, both solutions are nonzero at locations where there is an object and zero otherwise.
Thus, we can jointly use them to image the objects as follows:
X̂UWB = f (X̂UWB,p , Λ̂UWB,t ),
3 In
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Fig. 2. An illustration of (a) semi-parallel robotic routes and (b) random routes,
as defined in [8]. The left figure shows sample semi-parallel routes at 0 and
45 degrees. Random routes refer to routes that do not have a specific pattern.



Ri,j+1 − Ri,j if 1 ≤ j < n,
, and Dh,i,j and Dv,i,j deRi,j − Ri,1
if j = n.
note the spatial variations in the horizontal and vertical directions respectively. The linear equation of 19 can then represent
any of the equations 9, 10, or 13. We make use of MATLABbased solver TVAL3 [40] to solve the above optimization
problem in the next sections.
The solution obtained by solving this optimization problem corresponds to a grayscale image reconstruction of the
unknown space. Since we are only interested in imaging
the locations and shapes of the objects (as opposed to the
material properties), we further make use of the two-level Otsu
thresholding method [41] in the next section. By utilizing the
Otsu method, the cells in the unknown space are optimally
classified as empty or occupied, thereby providing a binary
object image of the unknown area.
D. Robotic Path Planning
The main strengths of using unmanned vehicles for throughwall imaging are two-folds: 1) the TX and RX antennas can
be easily and autonomously positioned in many locations
along a trajectory of the robots, a task that is prohibitive
and challenging without unmanned vehicles, and 2) through
proper path planning, the TX and RX locations can be properly
optimized to be those most informative for imaging. More
specifically, the paths that the robots take directly affect matrix
K in Eq. 19 and thus the imaging quality considerably. We
next summarize two possible motion patterns of [8], [9]. In
the first pattern, which is motivated by computed tomography,
the robots take routes that we refer to as “semi-parallel”. More
specifically, consider the workspace of Fig. 2a and the line that
passes through the origin at angle θ. We say that the robots are
taking a semi-parallel route at angle θ if the TX and RX robots
move such that the line connecting the two is orthogonal to the
line that passes through the origin at the angle θ. Fig. 2a shows
two such sample routes at 0◦ and 45◦ .4 Then, the non-zero
elements in each row of matrix K correspond to the pixels in
the unknown space that are visited by the line joining the TX
and RX. As we shall see in Section IV, semi-parallel routes
can be very informative for robotic imaging. Thus, in the next
4 Note that the robots do not have to necessarily move in parallel. Thus, we
refer to this pattern as semi-parallel.

Fig. 3. Experiment setup and the corresponding hardware components – (a)
two robots making measurements outside an unknown space in order to image
the entire area including both occluded and non-occluded parts, (b) a pioneer
3-AT robot, (c) a directional parabolic grid antenna (GD24-15 2.4GHz) that
will be used in some of the experiments when imaging with WiFi, and (d)
a DecaWave EVK1000 transceiver with an omni-directional antenna, which
will be used when imaging with UWB signals.

section, we first show several experimental results with such
routes. We then extensively summarize the interplay between
path planning and robotic imaging in Section IV. In addition to
semi-parallel routes, we also consider the case where the TX
and RX robots do not take a specific pattern and take wireless
measurements anywhere possible. This case is referred to as
“random” motion pattern. We emphasize that the robots do
not necessarily have to take a randomized route but “random”
here means that no specific pattern is taken. Fig. 2b shows
an example of the random case. We then utilize the random
pattern in Section IV, in conjunction with semi-parallel routes,
to discuss the underlying tradeoffs in path planning and robotic
imaging.
III. E XPERIMENTAL R ESULTS
In section II, we extensively discussed through-wall imaging
based on either only WiFi RSSI signals or only UWB signals
(first path power and ToA). In this section, we show the
performance of this framework with several real structures.
We start by summarizing our experimental setup.
A. Summary of Experimental Setup
Our setup consists of two Pioneer 3-AT mobile robots [42],
shown in Fig. 3b, which move outside of the unknown area
of interest and collect wireless measurements. Fig. 3a shows
one example where the robots are making measurements in a
real environment to image a completely unknown area. The
robots are programmed to autonomously move along any set
of given routes and collect wireless measurements. When
moving outside of the area of interest, the two robots do
not coordinate their movement. Rather, each one traverses
its given trajectory and estimates its own position and the
position of the other robot based on the assumed constant
speed. Our current localization error is less than 2.5 cm for
every 1 m of straight line movement. For the lengths of routes
considered in this paper, it is shown in [8] that localization
errors and the associated antenna alignment errors (when
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(a) Area of Interest
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(5.4 m x 5.4 m)
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(c) Reconstructed Image - WiFi (d) Reconstructed Image - UWB
1.41% measurements
1.41% measurements

2.65 m
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Fig. 4. (a) The area of interest that is completely unknown, (b) a 2D horizontal cut of it, which has the dimension 5.4 m × 5.4 m, with the red dashed lines
indicating the boundary of the unknown area to be imaged, (c) reconstructed image with 1.41% WiFi RSSI measurements using LOS-based approximation,
and (d) reconstructed image with 1.41% UWB transmissions.
(a) Area of Interest
Completely Unknown

(b) Horizontal Cut
(5.4 m x 5.4 m)

2.69 m

(c) Reconstructed Image - WiFi (d) Reconstructed Image - UWB
1.41% measurements
1.41% measurements

2.66 m

2.64 m

Fig. 5. (a) The area of interest that is completely unknown, (b) a 2D horizontal cut of it, which has the dimension 5.4 m × 5.4 m, with the red dashed lines
indicating the boundary of the unknown area to be imaged, (c) reconstructed image with 1.41% WiFi RSSI measurements using LOS-based approximation,
and (d) reconstructed image with 1.41% UWB transmissions.

directional antennas are used) have a negligible impact on the
reconstruction quality of the image.
Imaging with Only WiFi RSSI Signals:
In this case, we use the experimental setup described in [8].
We next briefly summarize the setup here. The TX robot is
equipped with a WBR-1310 wireless router, which acts as a
WiFi signal source. The RX robot is equipped with an onboard IEEE 802.11g wireless network card (Atheros ar5006x),
that can measure WiFi RSSI signals. As the robots move, the
TX robot continuously transmits WiFi signals at +15 dBm,
which are then measured by the WiFi card on the RX robot.
In some of the experiments with WiFi, we use directional
antennas to limit scattering from objects that are not on the
direct LOS. In this case, we use a GD24-15 2.4 GHz parabolic
grid antenna from Laird Technologies [43] for wireless transmissions, which is shown in Fig. 3c. This model has a 15 dBi
gain with 21◦ horizontal and 17◦ vertical beamwidth.
Imaging with Only UWB Signals:
For through-wall imaging with UWB signals, we mount a
DecaWave EVK1000 transceiver chip [11] that is equipped
with omni-directional antennas on each robot. The transceiver,
shown in Fig. 3d, supports transmissions in six of the UWB
channels outlined in the IEEE 802.15.4-2011 standard [44].
We use UWB transmissions at 3.99 GHz center frequency
with a bandwidth of 900 MHz. This setup provides us with
the power and ToA of the first path reaching the receiver,
which we shall use for imaging.
Next, we present the performance of the through-wall
imaging approach using this setup. We present WiFi-based
imaging results for two new areas, along with two WiFi
results considered in our previous work (albeit with some

improvement using Otsu’s method) [7]–[9]. In Section III-C,
we then show imaging results with only UWB signals. We
further compare the performance of imaging based on WiFi
RSSI and imaging based on UWB signals. In Section III-D,
we present imaging of more complex areas. Finally, in Section
III-E, we show the impact of antenna directionality on imaging
based on WiFi RSSI signals by comparing the results of
imaging with omni-directional and directional antennas. We
note that, in all the results of this paper, we only consider
imaging of an unknown area in 2D, i.e., we only image a
horizontal cut of the unknown area. We, however, emphasize
that the methodology of this paper can be generalized to 3D
imaging as well.
B. Experimental Imaging Results with WiFi RSSI Signals
Fig. 4a shows the area of interest that is completely
unknown, while Fig. 4b shows a horizontal cut of it. The
unknown area to be imaged is marked with a red dashed-line
boundary in 2D. We refer to this area as the occluded cylinder.
The cylinder is metallic and the outer wall is made of concrete
blocks. Note that the outer wall is also unknown and needs to
be imaged. The size of the unknown area is 5.4 m × 5.4 m
with each pixel being 2 cm × 2 cm. Thus, the total number
of unknowns amounts to 72, 900. Two robots move outside
of this area taking 4 semi-parallel routes that are explained in
Section II-D, along 0, 90, 45, and 135 degrees. We use LOSbased approximation of Eq. 5 in this section. Furthermore, the
robots use the directional antennas of Fig. 3c for all WiFibased results of this section. We show results with WiFi RSSI
and omni-directional antennas in Section III-E.
Fig. 4c shows the reconstruction with only 1.41% WiFi
RSSI measurements (a cruder result for imaging this area with
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(a) Area of Interest
Completely Unknown

(b) Horizontal Cut
(4.56 m x 5.74 m)

(c) Reconstructed Image
2.2% measurements

1.39 m

1.42 m

(a)

(b)

Fig. 6. (a) The area of interest that is completely unknown, (b) a 2D horizontal cut of it, which has the
dimension 4.56 m × 5.74 m, with the red dashed lines indicating the boundary of the unknown area to be
imaged, and (c) reconstructed image with 2.2% WiFi RSSI measurements using Rytov approximation.
(a) Area of Interest
Completely Unknown

(b) Horizontal Cut
(4.56 m x 5.74 m)

1.98 m

(c) Reconstructed Image
2.6% measurements

1.96 m

Fig. 7. (a) The area of interest that is completely unknown, (b) a 2D horizontal cut of it, which has the
dimension 4.56 m × 5.74 m, with the red dashed lines indicating the boundary of the unknown area to be
imaged, and (c) reconstructed image with 2.6% WiFi RSSI measurements using Rytov approximation.

WiFi was shown in [8]). The percentage measurement refers to
the ratio of the total number of wireless measurements to the
total number of unknowns (number of pixels of the unknown
discretized space, e.g., 72, 900 for Fig. 4) when expressed as
a percentage. Two-level Otsu’s thresholding method is utilized
in order to obtain a binary reconstruction of the unknown area.
Even with such a very small percentage of measurements, it
can be seen that the locations and shapes of the objects are
imaged well. For instance, the center of the cylinder is imaged
at the distance of 2.65 m from top (see Fig. 4c), which is very
close to the true distance of 2.69 m.
We next consider imaging another completely unknown area
where the cylinder in Fig. 4 is replaced by a human. Fig. 5a
shows the new considered scenario, with the human inside,
while Fig. 5b shows a horizontal cut of it. We refer to this
area as the occluded human. We use robotic routes identical to
that of the occluded cylinder to collect wireless measurements,
which results in 1.41% measurements. Fig. 5c shows the
reconstructed image which is thresholded as described before.
Similarly, we see that the objects are imaged with a good
accuracy (compare 2.66 m imaged distance in Fig. 5c with
2.69 m true distance of Fig. 5b). It is noteworthy that the
reduction in the size of the occluded object (when going from
the cylinder to human) is well reflected in the reconstructed
images. Overall, it can be seen that the robotic framework can
image (image-through) highly-attenuating objects like concrete
walls, metallic objects, and humans, with a high quality.
C. Experimental Imaging Results with UWB Signals
Next, we show the imaging results for the occluded cylinder
and occluded human with UWB signals. As can be seen from

Fig. 8. Comparison of imaging with omnidirectional and directional antennas for the
case of WiFi RSSI measurements and the
unknown area of Fig. 4a. Rytov-based reconstructed image with 1.41% WiFi RSSI
measurements using (a) omni-directional
and (b) directional antennas. While we
expect to lose some imaging quality with
omni-directional antennas, we can still see
fair amount of details. This is due to the
fact that we can have a more optimized
positioning of the TX and RX antennas
with robots.

Eq. 14, our UWB imaging is based on both the ToA (Λ̂UWB,t )
and power of the first path (X̂UWB,p ). These images are thresholded using the two-level Otsu’s thresholding method. As for
combining the two resulting images, i.e., choice of f of Eq.
14, we use the following approach. We consider a location in
the final estimated image empty if the corresponding location
in the thresholded Λ̂UWB,t or X̂UWB,p is empty. Otherwise,
we average the corresponding estimated intensity values to
indicate the intensity of the object at that location followed
by Otsu thresholding.
Fig. 4d and 5d show the reconstructed images for the cases
of the occluded cylinder and occluded human respectively.
The routes and the number of transmissions are the same as
for the case of WiFi RSSI of Section III-B. As can be seen,
the imaging quality is considerably high for both scenarios.
As compared to the WiFi RSSI imaging results of Section
III-B, the imaging results are comparable. This is due to
the fact that we used directional antennas for the WiFi case
of Section III-B, which limits the scattering from objects
out of the LOS path, making the results comparable to the
case of imaging with the first path/ToA of UWB signals.
However, as the antennas get more directional, their size
increases and it becomes difficult to use them with small
mobile platforms. Thus, the UWB card of Fig. 3d, which is
used in the experiments of this section, can be a promising
choice for very small robotic platforms due to its small size
(7 cm × 11 cm).5 We note that while the total number of
transmissions are the same for the WiFi results of Section
5 Note that we do not utilize the full capabilities of UWB signals here, such
as multiple frequencies and delay spread, as explained in the earlier sections.
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III-B and the UWB results of this section, the case of UWB
also utilizes the ToA information, which doubles the number
of linear equations to be used (Eq. 10 and 13).

(a) Reconstructed image
Standard deviation = 0 cm

(b) Reconstructed image
Standard deviation = 5 cm

(c) Reconstructed image
Standard deviation =10 cm

D. Imaging of More Complex Areas
We next discuss experimental results with more complex
structures that have larger areas and multiple occluded objects.
The robots use WiFi RSSI measurements in this section and
the reconstructed images are obtained by using the Rytov
approximation of Eq. 8 for the received signal. Furthermore,
the reconstructions are thresholded as described for the WiFi
imaging results of Section III-B. A comprehensive comparison
of Rytov and LOS approximations, for WiFi-based imaging,
is given in [8].
Fig. 6a shows the unknown area of interest, which has the
size of 4.56 m × 5.74 m, while Fig. 6b shows a horizontal cut
of it. As can be seen, the occluded middle area has a larger
dimension, making the imaging more challenging. Both the
outer wall and the inner rectangle of this structure are made
of concrete bricks. The unknown area to be imaged is marked
with a red dashed-line in 2D. Two robots take semi-parallel
routes along 0, 90, 80, and −10 degrees. Fig. 6c shows the
reconstructed image with 2.2% measurements. It can be seen
that the reconstruction quality is very good. For instance, the
width of the inner block is imaged at 1.42 m with the original
size being 1.39 m.
Next, Fig. 7a shows the unknown area of interest, which has
the size of 4.56 m × 5.74 m with two objects inside, while
Fig. 7b shows a horizontal cut of it. This whole area is made
of concrete bricks. The unknown area to be imaged is marked
with a red dashed-line in 2D. A robotic imaging of this area
with WiFi is provided in [8]. Here, we summarize that result,
but with an addition of Otsu’s method, which improves the
imaging quality considerably.
Two robots take semi-parallel routes along 0, 90, 80, 10, and
−10 degrees. Fig. 7c then shows the imaging result based on
only 2.6% measurements. Since this area is more complex,
we expect the imaging quality to drop as compared to the
previous results. However, the details of the inner blocks and
outer wall are still imaged well, as can be seen, and a sample
dimension of 1.98 m is imaged at 1.96 m. As compared to the
result of [8] (Fig. 10), it can be seen that several of the faint
false images are not present anymore by using Otsu’s method.
E. Impact of Antenna Directionality
When showing the results with WiFi RSSI measurements in
Section III-B, the robots used the directional antenna of Fig.
3c. Using directional antennas, when only having WiFi RSSI
measurements, will help limit the scattering off of the objects
that are not directly on the LOS path between the TX and
RX. In this part, we show the imaging result if the robots use
an omni-directional antenna instead, while imaging with WiFi
RSSI signals.
More specifically, the robots use a dipole antenna at 2.4
GHz, which comes with the robots, instead of the directional
antenna of Fig. 3c. Fig. 8 compares the imaging result of omnidirectional and directional cases for the unknown area of Fig.
4a, based on the same robotic routes and number of wireless

Fig. 9. The effect of a large amount of localization errors on robotic imaging.
It can be seen that even with a position error with a standard deviation of 10
cm per position, the area can still be imaged with a reasonable quality.

transmissions of Fig. 4. Rytov approximation is utilized in
these results and the area to be imaged is marked with a dashed
red line. As expected, imaging with WiFi RSSI signals and
with omni-directional antennas is more challenging. However,
by utilizing semi-parallel robotic routes, the area can still be
imaged, as can be seen. In other words, by utilizing robots
for imaging, we have created the possibility of optimizing the
positioning of the antennas, and subsequently extracting decent
images from only WiFi RSSI signals and omni-directional
antennas. In the next section, we extensively discuss the impact
of robotic paths on imaging.
F. Impact of Robot Localization Errors
In imaging with unmanned vehicles, two robots move outside of the unknown area to collect wireless measurements, as
discussed earlier. Each robot estimates its own position and the
position of the other robot, when the wireless measurements
are collected, based on the given constant speed. However,
in harsh environments, there may be positioning errors, for
instance, due to non-uniform robot speeds as a result of uneven
ground conditions. Therefore in this section, we evaluate the
impact of large amount of robot localization errors on the
reconstruction quality.
In order to analyze the effect of localization errors, we next
manually add large errors to the measurement locations. We
note that the locations in the experimental measurements are
already subject to small errors. But for the purpose of the
analysis of this section, we assume that the localization errors
in our experiments were negligible and manually add errors to
the location stamps. We then use these highly-noisy measurement locations in the reconstructions. More specifically, we
add a zero-mean Gaussian noise with a standard deviation of
σ, to both the X and Y coordinates of the positions estimated
by each robot. We then use these noisy measurement locations
in the reconstructions.
Fig. 9 shows sample reconstructions with different amount
of localization noise (σ = 5 and σ = 10), for the case of
WiFi-based imaging of the unknown area of Fig. 4a, where
the length and width of the wall are 2.98 m, thickness of the
wall is 0.1 m, and the diameter of the occluded cylinder is 0.58
m. For comparison, we note that the errors encountered in our
experiments are typically much smaller. For instance, in the
experiments of Section III, the ground vehicles experience a
localization error with an average standard deviation of 3.6 cm
along the route and 1.45 cm along the direction perpendicular
to the route. In this section, we then add an error with a
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standard deviation as high as 10 cm to each location in both X
and Y directions, which is much larger than the typical errors
encountered in real experiments. It can be seen that while the
imaging quality degraded for the case of σ = 10, as compared
to σ = 0, we can still obtain an informative image despite the
large amount of localization error. Furthermore, it is observed
that a good reconstruction can still be obtained up to a standard
deviation of σ = 25 cm, which is much larger than the typical
errors in actual experiments. Similar observations have been
made for other areas, thus establishing the robust nature of the
framework to robot localization errors.
IV. ROBOTIC PATH P LANNING FOR I MAGING [9]
In the previous sections, we extensively discussed two
approaches, WiFi-based and UWB-based, for robotic throughwall imaging and thoroughly validated them by experiments.
We utilized two robots that moved in semi-parallel routes, as
described in Section II, to image several real structures in
our experiments. However, there are other possible routes that
the robots can take, as established in [9]. Thus, for the sake
of completion, in this section we then summarize the impact
of the choice of the robotic routes on the imaging quality,
building on [9] and highlighting the key insights.
We mainly focus on two broad motion patterns, “semiparallel” and “random”, which were introduced in Section II-D
and Fig 2. As we shall see, properly-designed semi-parallel
routes can be considerably informative for imaging. However,
the robots may not be able to always traverse such routes
due to environmental/time constraints. Then, random motion
patterns can be used and can even have a better performance
than the semi-parallel ones under certain conditions, as we
discuss in this section. We note that throughout this section,
we use simulations for comparing different route designs.
Specifically, for a given workspace and the routes for robots,
we generate wireless measurements by using the LOS-based
forward approximation. Still, the gained insights will be helpful when designing robotic routes in the experiments. We also
note that the nature of this section is analytical in the sense
that we explore the routes that could be most informative for
imaging, with an emphasis on understanding the underlying
tradeoffs.
A. Diversity of the Measurements
As defined in [9], let the spatial variations (jumps) of a 2D
image along angle θ denote the variations of the line integral
of the area, along lines orthogonal to the line at angle θ (e.g.,
see Fig. 2a). When the robots move on a semi-parallel route
at angle θ, the measurements then naturally have the potential
of capturing the spatial variations (jumps) of the unknown
space along the direction θ if the robots transmit/receive at a
high-enough spatial resolution along that route. For instance,
Fig. 10 shows the 2D cut of the occluded cylinder scenario
and the corresponding real measurements collected along a
semi-parallel route at 0◦ , by using directional antennas and
sampling at 2 cm intervals with WiFi signals. As can be
seen, the measurements clearly reflect the spatial jumps of
the unknown space along the 0◦ direction. Even without the
use of directional antennas, we expect that the variations in

the power measurements along a semi-parallel route to be
correlated with the spatial changes of the material property
along that route. Thus, a semi-parallel route has the potential
to capture the spatial changes of the area of interest along
a particular route. However, a semi-parallel route at angle θ
has a limited perspective of the unknown space, which is only
along the direction θ, i.e., the robots can view the unknown
space as a projection along only one direction. On the other
hand, when the robots move in a random pattern, i.e., when
they collect measurements from a few TX/RX position pairs in
the workspace, they can potentially get multiple perspectives
of the unknown space. However, in this case, the spatial
jumps (variations) of the unknown space may not be clearly
identified. In summary, the number of semi-parallel routes,
their choice and the sampling resolution along each route can
considerably affect the overall imaging performance.
Thus, we can ask the following question: “given a fixed
number of wireless measurements that the robots can make,
over what kind of routes should they be distributed?” We
motivate the discussion by an example. Consider the occluded cylinder shown in Fig. 4a. Given an extremely small
percentage of measurements of 0.77%, Fig. 11a shows the
reconstructed image when the robots collect the measurements
at random TX/RX position pairs in the workspace. On the
other hand, Fig. 11b shows the corresponding reconstruction,
when all the measurements are collected along the 0◦ robotic
route. It can be seen that the semi-parallel case performs worse
in this example. More specifically, it can be seen from Fig.
11b that the semi-parallel route along 0◦ clearly identifies the
jumps in the unknown space, but only along the 0◦ direction.
On the other hand, although the case of random does not
clearly identify the boundaries, it results in a better overall
reconstruction in this case.
Next, we increase the number of measurements to 4.6% in
the bottom row of Fig. 11. In this case, the measurements of
semi-parallel routes are distributed along 4 routes of 0, 90,
45 and 135 degrees, while the measurements of the random
pattern are collected at randomly-distributed TX/RX position
pairs outside of the unknown area. It can be seen from the
reconstructions that the semi-parallel routes outperform in
this case. This is because four semi-parallel routes can now
measure the jumps along a few informative angles, providing
both spatial resolution along each route and an overall diversity
of views.
In summary, we see that semi-parallel routes can be considerably informative by capturing the spatial changes. However,
it is important that they are diverse enough in terms of
capturing the area from different perspectives. Therefore, given
a number of wireless measurements, we need to identify
the optimum number of angles over which they should be
distributed. Distributing the measurements over a large number
of angles results in more diversity at the cost of less spatial
resolution along each route, presenting interesting tradeoffs.
Furthermore, we need to identify which semi-parallel routes
(what angles) are the most informative. In the next section,
we start by discussing the choice of optimal angles for semiparallel routes, followed by the optimum number of semiparallel routes.
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Fig. 10. (a) Occluded cylinder scenario of
Fig. 4a with robots making measurements
along 0◦ route and (b) the corresponding
real WiFi RSSI measurements.

Fig. 11. Comparison of semi-parallel and random routes
in imaging the occluded cylinder of Fig. 4a. Top row
shows the imaging obtained with 0.77% measurements
for (a) case of random routes and (b) case of semiparallel routes along one angle. Bottom row shows
imaging obtained with 4.6% measurements for (c) case
of random routes and (d) case of semi-parallel routes
along 4 routes.
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Fig. 13. Normalized Mean Square Error (NMSE) of imaging quality for the
scenarios shown on the left, as a function of number of angles.

B. Optimal Choice of Angles for Semi-parallel Routes
As discussed in the previous section, a semi-parallel route
along a given direction θ can capture the spatial variations of
the unknown space along angle θ. Hence, when considering
the choice of the angles, moving along the directions that
contain the most spatial variations (jumps) in the unknown
space would be more optimal.
As an example, consider the occluded cylinder shown in Fig.
4a, whose 2D cut is shown in Fig. 12a as well. This structure
contains jumps mainly along 0◦ and 90◦ . Fig. 12b shows the
reconstruction when measurements are collected along 30, 60,
120, and 150 degrees, and not along the main jump angles. It
can be seen that the information about the walls is completely
missing in the reconstruction. Next, we make measurements
along the 90◦ angle instead of 120◦ , while retaining the other
angles. Fig. 12c shows the reconstruction for this case. It can
be seen that jumps along the 90◦ direction are now identified.
Finally, we replace two of the angles with 0◦ and 90◦ , which
are the main jump directions for this structure. As can be
seen in Fig. 12d, the reconstruction is almost exact. This toy

Fig. 12. Comparison of imaging with different semiparallel route angles for the occluded cylinder. (a) the
true image, (b) imaging with no routes along the jump
angles, (c) imaging with one route along one jump angle
and (d) imaging with two routes along two jump angles.
It can be seen that making measurements along jump
angles gives a better reconstruction.

example confirms that moving along the angles with the most
spatial jumps can be considerably informative for imaging. For
a more formal information-theoretic proof of this for a simple
structure, we refer the readers to our previous work [9]. We
note that during their operation, the robots do not know the
jump angles as the area is completely unknown to them. Thus,
the insight from the aforementioned analysis can be utilized
in two manners. First, it could be used in sequential imaging
where the robots adapt their routes online based on the current
reconstructed image. Second, several spaces have underlying
patterns, for instance in terms of orthogonality of walls, which
can be used to design the initial routes by the robots.
C. Optimal Number of Angles for Semi-parallel Routes
Consider the case where the robots can make a given
number of measurements. We next consider the choice of the
number of angles along which the robots should distribute their
measurements. Intuitively, if they collect these measurements
over a large number of angles, they have more diversity
in sampling the space from different perspectives while the
sampling resolution along each angle will be less, as discussed
earlier. In this part, we discuss this while considering the
optimum choice of angles.
Fig. 13 shows the imaging performance in terms of the
Normalized Mean Square Error (NMSE), as a function of the
number of angles, for three different structures shown on the
left. For each structure, there is a given number of allowed
measurements, as indicated in the caption. For each number of
angles, first the angles corresponding to the directions of jumps
are chosen. Then the remaining angles are chosen to have
a uniform angle distribution. Furthermore, the total allowed
measurements are distributed evenly among the given angles.
It can be seen that for each structure, there is an optimum
number of angles at which the imaging error is minimum, and
this optimum strikes a balance between spatial resolution and
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diversity for the structure. For instance, this optimum is 4 for
the T-shape, while it is 6 for the other cases. In general, we can
see that as the structure gets more complex, more randomness
(diversity of views) may be needed through distributing the
measurements among a larger number of angles [9].
V. C ONCLUSIONS
The goal of this paper was to provide a comprehensive
foundation for the possibilities at the intersection of robotics
and inverse scattering for through-wall imaging. More specifically, we considered high-resolution through-wall imaging
of completely unknown spaces using unmanned vehicles. In
our first case, we focused on through-wall imaging based on
WiFi RSSI signals, while in our second case we considered
imaging based on first path power and time-of-arrival of UWB
signals. The paper presented a framework for robotic throughwall imaging based on proper path planning, sparse signal
processing, and linearized wave modeling, and confirmed
it with several experimental results that involved imaging
completely-unknown spaces with a variety of materials. The
UWB and WiFi-based approaches are then extensively compared. Furthermore, the impact of antenna directionality was
demonstrated. Overall, the paper can serve as a comprehensive
reference for the possibilities created by utilizing unmanned
vehicles for through-wall imaging.
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