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Geometrical maps of the indoor environment are vital to many
applications such as indoor localization and robot navigation. In
this paper, a method for three-dimensional indoor mapping using
multipath delay and direction estimates is developed. Required high-
resolution estimates of multipath propagation path parameters are
obtained using radio frequency measurements between two antenna
arrays at multiple locations. A ray-tracing algorithm is developed
for detecting specular propagation paths of radio signals and corre-
sponding re�ection points. A novel method is proposed to extract
walls and other planar structures from the cloud of re�ection points.
The empirical results show an improved precision and enhanced
geometric information compared to previous experiments.

Index Terms— Radar Imaging, SLAM, Multipath Exploitation

1. INTRODUCTION

Geometrical models and maps of the indoor environment are essen-
tial part of many applications and services, such as indoor localiza-
tion, robot navigation, and �rst responders in emergency services.
Multipath propagation of radio signals can be exploited to create
such a map [1]. In this paper, we address the problem of estimating
the location of a moving beacon and creating a three dimensional
(3D) map of an indoor environment, given delay and angle estimates
corresponding to multipath propagation paths. Such estimates may
be acquired using microwave-frequency multiple-input multiple-
output (mimo) channel sounding measurements [3, 4].

Recently, there has been a growing interest in indoor mapping
using radio-frequency or acoustic measurements. Results for ultra
wide band (uwb) through-the-wall synthetic aperture radar (sar)
were presented in [5–11]. Multipath exploitation radar (mer) solu-
tions for indoor environment were proposed in [12–14]. Mer tech-
niques mostly focus on point targets rather than extended targets and
indoor mapping. Algorithms for estimating room geometry using
range-only radio measurements have been proposed in [1, 15–17].
These techniques are applied to simple room geometries. Map-
ping techniques using acoustic delay measurements were presented
in [18–20]. A combinatorial search method is proposed to assign
received echoes to re�ectors. Multipath-exploiting range-based si-
multaneous localization and mapping (slam) techniques have been
proposed in [21–24]. These methods either produce a map of a sparse
scene, i.e., few point targets, or a simple room geometry. A technique
based on geometrical modeling was proposed in [25], which �nds
the geometry of large outdoor features. A closely related work was
presented in [26,27], where a ray-tracing method was used to detect
scatterers corresponding to specular paths in an indoor environment.
A recent work on the clustering of scattering points was proposed
in [28].

In this paper, a novel algorithm is proposed for estimating the
geometrical map of scattering environment using the estimated
parameters of multipath propagation paths. The algorithm uses
line-of-sight (los) paths for localization of a moving transmitter, and

single-bounce re�ection (sbr) paths for �nding re�ection points. An
sbr path is a ray between two nodes that is bounced from a re�ector
once, i.e., it is a �rst-order re�ection. The proposed technique can
be used for indoor mapping with measurements obtained by mobile
wireless devices, provided that the resolution of angle and range
estimates are su�cient. The algorithm is developed for the general
case of having 3D angle estimates, which requires 2D or 3D antenna
arrays. However, the technique can be adopted to the common case
of uniform linear arrays. The original contributions of this paper
are as follows.

1. A simple and reliable 3D ray-tracing technique is developed
for detecting sbr paths and corresponding re�ection points.

2. A novel method stemming from Hough transform [29] is
speci�cally developed to detect sbr points in 3D measure-
ments. This method �nds walls and other planar re�ectors.

3. Real-world measured data are used to evaluate the algorithm.
A two dimensional (2D) �oor map of the indoor environment
is produced with higher precision and enhanced geometric
information compared to [27]. To the best of authors’ knowl-
edge, there is no existing method that can �nd long segments
of the walls and produce a map of a complex indoor envi-
ronment using a similar signal bandwidth. The results are
comparable to uwb sar images that require a higher band-
width and a more complex hardware [5].

The rest of this paper is organized as follows. Section 2 described
the measurement model. The proposed localization and mapping al-
gorithms are described in Section 3. Simulation results are presented
in Section 4. Finally, Section 5 concludes the paper.

2. MEASUREMENT MODEL

A multipath radio channel can be modeled as a superposition of
specular (concentrated) propagation paths plus a dense scattering
component. Fig. 1 shows the double-directional multipath channel
model for specular paths. The term “double-directional” refers to
the fact that the channel is characterized by directional properties
at both ends of the radio link. The model allows to exclude the
characteristics of the measurement antennas from the channel at
both ends.
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Fig. 1: Double directional structure of deterministic paths in a
multipath radio channel. Both Tx and Rx have antenna arrays.
Specular paths are re�ected at scatterers (gray rectangles).
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In mimo channel sounding, a multipath radio channel is excited
by a wideband test signal using transmit and receive antenna arrays
at multiple locations [4, 30], e.g., with a moving transmitter array.
The parameters of the double-directional channel model are esti-
mated from the measurements. The parameters of a specular path
in the double-directional channel model are direction-of-departure
(dod), direction-of-arrival (doa), time-of-arrival (toa), four polari-
metric complex path weights, and Doppler frequency. dod and doa
are (azimuth, elevation) angles at transmitter and receiver arrays
respectively. The parameters are estimated using high-resolution
estimation techniques [2]. Each propagation path is detected and
initialized using a maximum likelihood (ml) technique. Then a state-
space model is used to track the path parameters as the transmitter
moves [3]. The algorithm also provides information about the vari-
ances of the parameters. In this work, the estimated parameters of
the specular paths from [3, 31] are used to estimate the transmitter
location and extract a scattering map of the environment. The whole
procedure may be outlined as

yH→ yθ→ yP→ yM, (1)

where yH is the estimated channel response in frequency domain; yθ
is the estimated spatial and temporal parameters of the propagation
paths, yP is the location estimates of the actual and virtual transmitter-
receiver pairs, and yM is the scattering map of the environment. A
virtual Tx is the source of a propagation path from receiver’s point of
view, if the path was a straight line. Similarly, a virtual Rx is the end
of a path from transmitter’s point of view. For an los path, virtual
Tx and Rx are coinciding with physical Tx and Rx. For an sbr path, a
virtual Tx (or Rx) is an image of the physical Tx (or Rx) at a re�ector
plane, see Fig. 2. A scattering map is a geometrical map (image) of
the objects in the environment that re�ect the measurement signal.
The focus of this paper is on estimating yP and yM.

3. PROPOSED ALGORITHM

The proposed localization and mapping algorithm is described in
this section. Table 1 summarizes the algorithm. Stage 1 in Table 1
is performed according to [31]. Stages 2 is a localization method
developed in this work to estimate the trajectory of the transmitter.
Stage 3 is a novel ray-tracing method to detect sbr paths and calcu-
late corresponding re�ection points. Stage 4 is a novel �ltration and
detection method stemming from Hough transform [29]. It �nds
the re�ector planes corresponding to sbr paths and creates the �nal
scattering map.

Table 1 Summary of the algorithm stages
1: Estimate specular propagation path parameters from mimo chan-

nel measurements , see [31] for details.
2: Detect los path in each snapshot. Estimate and track Tx position.

Calculate virtual Rx/Tx positions. See Subsection 3.1 for details.
3: Detect sbr paths and �nd corresponding re�ection points, see

Subsection 3.2 for details.
4: Apply Hough detector to the scatter map to �nd re�ector planes

and create the �nal map, see Subsection 3.3 for details.

3.1. Detecting LOS path and Localization

First, the power of each path is calculated as the sum of the squared
polarimetric path weights. The path powers are compensated for

free-space path loss. The los path parameters are calculated as a
weighted sum of the parameters from the shortest path and the
strongest path in each snapshot. The weights are path powers. The
position of the transmitter at each measurement point is given by
the range and doa of the los path. The orientation of the Tx is
calculated using the dod of the los path. The location and orien-
tation of the receiver are used to build a frame of reference. The
estimated Tx positions and orientations along each route are �ltered
to suppress error and remove outliers. The �lter is a robust local
regression method using iteratively re-weighted linear least squares
(irls). A linear model assumes a constant speed for the transmitter
in short intervals, i.e., in the span of the �lter. The outliers are re-
moved by iteratively re-weighting the points within the �lter span.
A bisquare weighting function gives smaller weights to the points
farther from the center. This method, called “rlowess”, is a part of
the Curve Fitting Toolbox in MATLAB, see [32, chap. 6] for more
details. By projecting parameters of all paths (not only los path) into
the reference Cartesian coordinate system, we obtain locations of
virtual transmitters and virtual receivers. Similar to los parameters,
a robust smoothing �lter is applied to virtual Rx and Tx positions.
These virtual locations will be used for ray tracing to construct a
scattering map.

3.2. Detecting SBR paths and Scattering Points

In this work, only sbr paths are used to create an scattering map. sbr
paths are detected using virtual Tx/Rx locations of each path other
than the los. For each specular path, the line from Rx to virtual Tx
and the line from Tx to virtual Rx are illustrated in Fig. 2. Since these
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Fig. 2: Finding the re�ection point for an sbr path. PT and PTV are
actual and virtual Tx positions. PR and PTR are actual and virtual
Rx positions. Due to errors, the estimated transmit and receive
angles of an sbr path do not exactly match. The intersection point
PI is found where two rays are closest to each other.

two lines may not intersect in 3D space, least-Squares is used to �nd
the closest points on two lines. The intersection point is found on
the line between these two points, such that the angle di�erences
from Tx and Rx paths are same, i.e., ∆θR =∆θT in Fig. 2. This angle
is referred to as intersection angle. A path is detected as an sbr path
if the following conditions are met:

• The intersection angle is smaller than a given threshold, which
is two times the standard deviation of angle estimates.

• The length of the resulting sbr path is su�ciently close to
the estimated path length.

There is a risk of spurious detection due to re�ections from Tx/Rx
bodies and nearby objects, e.g., the platforms on which the arrays
are mounted. Hence, a path is discarded if (i) it is very close to the
los path, (ii) the re�ection point is very close to the transmitter or
receiver, or (iii) the intersection point is outside the area of interest.
To produce a scatter map of the environment, all detected sbr points
are added to a 3D accumulator grid. This is done by producing a
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weighted 3D histogram using path powers as weights. 2D images
may be produced by slicing the 3D map.

3.3. Hough Detector for Extracting Re�ector Planes

A 3D image processing algorithm is developed to enhance planar
structures in the scatter map. The method is based on Hough trans-
form [29]. Table 1 summarizes the proposed Hough detector method.

Table 2 Summary of the Hough Detector stages
1: Find re�ector planes for sbr paths, transform to Hough space.
2: Create a 2D Hough image for walls and apply a smoothing �lter.
3: Detect peak regions in the Hough image and �nd their centroids.
4: Transfer the detected peak regions to Cartesian coordinates and

apply a directional smoothing �lter to each cluster.

First, a re�ector plane is calculated for each sbr point. These
planes are transformed to 3D Hough domain (θ ,ϕ,ρ) and �ltered,
where ρ is the distance of the plane to the origin, θ is the angle
between the plane and xy-plane, andϕ is the angle between the plane
and z-axis. It is assumed that an sbr path is a specular re�ection
where incident, normal, and re�ected directions are coplanar. That
is, they lie on a single plane, referred to as path plane, given by tree
points: Tx, Rx, and re�ection point. It is also assumed that an sbr
path is re�ected from a smooth �at surface, referred to as a re�ector
plane. The paths coming from non-�at surfaces will be �ltered out
after transformation to Hough domain. The locus of a re�ection point
for an sbr path is an ellipse lying on the path plane with foci at node
positions and major axis equal to the path length. A re�ector plane
is perpendicular to the corresponding path plane; and is tangent to
the corresponding sbr path ellipse [33], see Figure 3. Such a plane
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Fig. 3: A re�ection plane is tangent to the sbr ellipse (PT ,PR ,`),
and is perpendicular to the path plane (PT ,PR ,PSBR ).

is unique for each sbr point. The parametric equation of an ellipse
in 3D space is given by

x(t ) = c + a cos(t )u + b . sin(t )v, (2)

where a is the major semiaxes, b is the minor semiaxes, c is the
half distance between foci (linear eccentricity), and u,v are unit
vectors for major and minor semiaxis. We �nd the parameter t for a
re�ection point on the ellipse by solving (2). A normal vector to the
ellipse at point x(t ) is given by

n(t ) = b cos(t )u + a sin(t )v (3)

This vector is on the path plane, and is normal to the re�ector plane.
Then, re�ector planes, given by re�ection points and normal vectors,
are parameterized in (θ ,ϕ,ρ) domain. This is a continuous Hough
transformation of the sbr points.

A 2D hough image is produced by slicing the 3D hough space in
a direction of interest. In order to extract vertical walls, all the points
in Hough space with ϕ=π/2±π/10 are selected and added to a 2D
hough accumulator after discretization. The accumulator is a 2D
grid in polar coordinates, which can be seen as an intensity image. It
is created by producing a weighted 2D histogram with weights equal
to path powers. This 2D image is then processed to extract features
that correspond to the building walls. The intensity peaks in the
Hough image correspond to the common tangents to ellipses, i.e.,
large re�ector planes. First, a low-pass �lter is applied to the image
for noise reduction and enhancing large scale structures. This �lter
has a truncated circular Gaussian kernel with standard deviation σд ,
which is tuned empirically. The �lter is truncated at 3σд . Detection is
done by adaptive thresholding. The threshold value is the local noise
level plus the average intensity of the image. A moving average �lter
of size 6σд calculates a local noise level for every pixel. The next
step is �nding a weighted center of mass for each peak region in the
binary image. The weights are the intensity values in the original
Hough image. These centroids are extracted as re�ector planes. The
original Hough image is masked with the detected binary image,
then transformed to the Cartesian coordinates. Each peak region
in the Cartesian coordinates is �ltered separately using a 2D linear
kernel, i.e., a moving average, in the direction of the corresponding
centroid. This enhances the structures that align with the extracted
re�ector planes, and produces the �nal map.

4. EMPIRICAL RESULTS

The real-world measurement data was obtained by a measurement
campaign performed in Aalto University (former TKK) using a
5.3 GHz channel sounder in WILATI project [4]. The measure-
ment signal had a bandwidth of 120 MHz with transmission power
of 0.5 watts. Tx and Rx had 32 element semi-spherical and cylindrical
antenna arrays respectively. The measurements are performed in
an open space inside a modern three-story building with diverse
construction materials and large objects in the interior area. The
receiver had a �xed known position. The transmitter was moved
on a trolley through several routes inside the building while per-
forming measurements. Fig. 4 shows the �oor plan of the building
and the measurement routes. These routes are approximate, since
the exact position and orientation of the Tx at each measurement
point is not available. Fig. 5 shows the estimated coordinates of
for 400 snapshots in route 2, before and after smoothing. These
are the parameters of detected los paths transfered to Cartesian
coordinates. The resulting Tx locations are presented in Fig. 4 on
top of the reference routes. The estimated Tx trajectories have a
good match with the planned routes. Note that, the reference routes
are not exactly followed during the measurement, hence the ground
truth for Tx positions is not available.

Fig. 6 shows the result for detection of sbr points and the de-
tection of vertical plane re�ectors using Hough detector. The 2D
Hough image in Fig. 6b is a slice of Hough space with near-vertical
planes, i.e, ϕ=π/2±π/10. Detected peak regions in this image are
transformed to Cartesian coordinates and shown in Fig. 6c. The lines
in this �gure are the centroids of the detected peak regions in Fig. 6b.
They correspond to the walls or other planar re�ectors. The �nal
scatter map corresponding to vertical re�ecting planes, i.e., walls,
is shown in Fig. 7. Some of the inner walls are clearly visible in the
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Fig. 4: Floor plan, Rx position, planned Tx routes, and the esti-
mated Tx trajectories. The measurements are done in a lobby area
in the 2nd �oor. There is los visibility between Rx and Tx. The
�gure shows the estimated Tx trajectories (dashed blue lines) that
have a good match with the reference routes.

-20

-15

-10

Detected X
Filtered X

-14
-12
-10

-8
-6
-4

Detected Y
Filtered Y

1000 1100 1200 1300 1400

Fig. 5: Parameters of los paths for measurement route 2 in Carte-
sian coordinates. Filtration eliminates errors and outliers.

image and they have a good match with the �oor plan. The best
results are obtained for a long wall parallel to the Tx route 2. A line
�tted to this wall, seen in Fig. 6c, has a distance error of 36 cm from
the origin and an orientation error of 1.5 degrees with respect to the
actual wall. The �xed position of the Rx limited the coverage of the
produced map, e.g., there is no sbr path coming from the upper right
region in Fig. 7. A complete map may be produced by performing
measurements at multiple Rx positions. Two re�ectors are detected
outside the building, which could be delayed images of the outer
walls. Excess delays due to propagation through the walls are not
compensated for in our model. The results demonstrate that with
advanced processing it is possible to detect long segments of the
walls and build a map of an indoor environment using microwave-
frequency mimo measurements. Earlier results using a similar radio
bandwidth had a lower precision (higher variability), and were not
able to detect the extents of the walls. There is no commonly used
method in the literature for numerical analysis of indoor imaging so-
lutions. Moreover, results obtained in di�erent environments are not
thoroughly comparable. Given these considerations, our results are
comparable to uwb sar images, which require a higher bandwidth
and a complex hardware and measurement scenario [5].

5. CONCLUSIONS

There is a growing interest in indoor mapping using radio-frequency
or acoustic measurements. In this paper, a novel technique was
proposed for producing indoor maps using mimo radio channel mea-
surements. A ray-tracing method was developed to detect sbr paths
and re�ection points. The Hough detector method was proposed

-60 -40 -20 0 20 40 60

-30

-20

-10

0

10

20

30

(a) Scatter map of sbr points, top view.

50 40 30 20 10  0 10 20 30 40 50

20

10

 0

10

20

(b) Hough transform of the sbr points.

(c) Detected re�ector planes

Fig. 6: Detected sbr points are transfered to Hough space. The
2D Hough image (b) is a slice of the Hough space for near-vertical
planes. The image is in polar coordinates (ρ,θ ); The �ltration
and peak detection in Hough image results in several clusters (c)
corresponding to strong planar re�ectors.

Fig. 7: Final scatter map corresponding to vertical re�ecting planes.
The measurements did not cover most of the left side.

for extracting planar structures from the cloud of re�ection points.
The results obtained using real-world measured data demonstrated
that the algorithm is capable of producing a map of the walls in a
complex indoor environment. Such results have not been reported in
previous experiments other than uwb measurements. This provides
an opportunity for indoor mapping using mimo wireless devices
and future mobile phones. Future work will focus on higher-order
re�ections, and model non-planar objects, e.g., pillars and corners.
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