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Abstract—Integrated sensing and communication is envisioned
to play a pivotal role in future 6G system, enabling various sensing
tasks including positioning and mapping. In a bistatic scenario,
sensing relies on non-line-of-sight signals that interact with objects
in the surrounding environment. Prior works typically assume
first-order interactions, meaning that the signal only interacts
once with a single object in the environment. In this paper, we
investigate the use of higher-order interactions for mapping the
environment using mmWave signals. We devise and demonstrate
a novel mapping method, based on the position and landmark
estimates of an existing snapshot simultaneous localization and
mapping algorithm, using double-bounce signals.

Index Terms—ISAC, 5G/6G, mmWave, multi-bounce propaga-
tion, bistatic mapping

I. INTRODUCTION

The use of mmWave signals (i.e., above 30 GHz) for commu-
nication purposes have created great interest from the perspective
of localization, mapping, and simultaneous localization and
mapping (SLAM) [1]-[3]. In both IEEE WLAN [4] and 3GPP
cellular systems [5], this interest is motivated by the high
resolution offered in delay (by virtue of large bandwidths)
and angle (thanks to electrically large arrays) [6]. In turn, this
has led to intense research activities in these areas [6]. With
the focus now on 6G, integrated sensing and communication
(ISAC) leverages these same properties in order to fundamentally
integrate sensing (which includes positioning, mapping, and
SLAM) into the communication system [7]-[9].

Conventionally, positioning relies on the line-of-sight (LoS)
path between a user equipment (UE) and several base stations
(BSs), while mapping harnesses the non-line-of-sight (NLoS)
paths, resulting from scattering and reflection caused by objects
in the environment [1], [10]. To reduce the reliance on multiple
BSs, single-BS positioning and mapping has gathered significant
interest [1], [3], [11], [12]. In this case, the UE combines
information from the LoS and NLoS paths between itself
and a single BS in order to determine its own position and
locate the objects in the environment [10]. An important
caveat here is that these works typically assume that all NLoS
paths are so-called single-bounce paths, meaning that they
correspond to a single discrete interaction point (IP) in the
environment. This assumption is motivated by the large path
loss at mmWave bands, making higher-order bounces less likely.
However, measurements indicate that higher-order NLoS paths
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are not uncommon [1], [2], [13], [14]. Incorrectly using such
paths as single-bounce paths can lead to severe positioning
and mapping errors [11], [15]. To address higher-order NLoS
bounce paths, several approaches have been considered in the
literature. These can be categorized into either (i) classify and
discard [2], [11], [15] or (ii) classify and exploit [13], [14].
The first category inherits from the classical single-bounce NLoS
classification literature [2], [16], and aims to separate the higher-
order bounces from the LoS and single-bounce paths, by relying
on features of the paths such as signal power or spatial consistency.
The second category inherits from the multi-path exploitation
literature and has so-far been limited to perfect reflections [13],
[14], where higher-order interactions can be determined via
so-called virtual anchors.

In this paper, we follow the latter track and consider the
multi-bounce paths as informative rather than a disturbance.
Building on our previous work [11], where we proposed to
separate the multi-bounce paths from LoS and single-bounce
paths using a RANSAC-like approach, we devise a novel method
that reveals that properly using second-order interactions can
allow us to discover new landmarks that were not visible from
the single-order interactions. Our specific contributions are:
(1) a method that uses the estimated UE location and map
from single-bounce interactions to determine likely second-order
bounces; (ii) for these second-order bounces, a novel method is
proposed to determine the two IPs using the geometric channel
measurements; (iii) the proposed methods are validated using
experimental mmWave data using 5G waveforms, demonstrating
the ability to identify new landmarks.

II. PROBLEM FORMULATION

We consider a bistatic downlink scenario with a single BS and
a single UE. Although our focus is on the 2D/azimuth domain
(position p = [z, y]" and orientation angle «) to simplify the
notation, the extension to 3D is possible (conceptually similar
to, e.g., [17]). The position and orientation of the BS is known
and the state is given by xps = [pPgg, os]’ € R3. The UE
state is unknown and given by xug = [P{js, aug, bue]’ € R*
in which byg denotes the clock error between the UE and BS
clock. The nth landmark is represented by position p,, € R
Based on a standard channel parameter estimation method (see,
e.g., [1], [2]), for each resolvable propagation path ¢ we obtain
as estimate of the time-of-arrival (ToA) 7;, azimuth angle of
angle-of-departure (AoD) ¢;, and angle-of-arrival (AoA) 6;.
The channel parameter estimate of the ith path is denoted by
the tuple z; = [74, ¢;, 6;]" and the set of N tuples by the set



Z ={21,...,zn}. The unknowns xyg and p,’s are estimated
by SLAM using the information provided by Z. This paper
aims to utilize the SLAM solution for mapping second-order
interactions that allows us to discover new landmarks that were
not visible from the single-order interactions. Note that the
elements in Z are unordered and, for each propagation path
1, it is unknown whether it is LoS, single-bounce NLoS, or
multi-bounce NLoS.

A. Geometric Measurement Model

Let us denote the IPs of an m-bounce signal of the ith path
using set PI¥ = {p;, p?,...,p"} with random cardinality and
random elements. Assuming that the measurement noise is zero-
mean Gaussian, the likelihood function is given by

p(zi | xue, P') = N'(z; | by (xue, P ), Ra), (H

with covariance R;, and the mean h;(xyg, PI¥) is given by
di /C + bUE
h; (xug, PP = |atan2(~0, Y, -6, - ags |,
atan2(52Y,6°") - aue

which represents the geometric relationship between the BS,
UE and PF. In (2), c is the speed of light. Parameters of the
model for the LoS and NLoS paths are defined as:

o LoS — The signal propagates directly from BS to UE such
that P}P = @& and the parameters of (2) are:
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di = [ pBs - PuEl
[6;7, 6,1 =167, 671" = pes — Pue,
where ||| denotes the Euclidean norm;

e NLoS — The signal experiences m interactions with the
environment as it propagates from the BS to the UE such
that P¥ = {p}, p7,...,p"}. The parameters of (2) are:

-1 i1 .

L Ipi™ -pil,

m

di = |pes = p; | + [p;" - pug| +Zj=
[6;,6,"]" = Pes — b} (6)
(67", 7% = " - Pue, ™
where we have assumed that p; is the first IP after
transmission and p;" is the last IP before reception. Note

that if PI¥ = {p}}, p/" = p;} and the model reduces to a
conventional single-bounce model [1], [3], [11], [12].

B. Snapshot SLAM
We can express the UE position with respect to the BS using
any measurement z; as follows. The AoD and AoA for a single
path can be represented by unit vectors u; and v;, given by
. T
u; = R(ags) [cos(¢:) sin(s:)] (3)
. T
v; = R(ayg) [cos(@i) s1n(9i)] , 9)
in which R(«) is a counterclockwise rotation matrix. Now
using u; and v;, the UE position is given by:
1 .
PUE = PBs + di%-llli - dz‘%mvi + Z;n:l (pi” - pi)7
where 7} € [0,1] and 7™ € [0,1] are unknown and they
represent the fraction of the propagation distance along u; and
v;, respectively, and 7} +~™ < 1. Since the terms in the sum are

unknown, (10) does not admit a unique solution and therefore,

(10)

exploiting multi-bounce signals for SLAM is very challenging.
Moreover, multi-bounce signals will cause significant SLAM
performance degradation since the multi-bounce and single-
bounce models have a mismatch. To overcome this deficit, two
recent works have explored methods to identify multi-bounce
signals so that these paths can be excluded from Z when solving
the SLAM problem [11], [15]. Let Z denote the set of indices
of Z that either correspond to the LoS or single-bounce NLoS
path. Now for i € Z, (10) simplifies to [17]

PuE = PBs + diviu; — di(1 - ;) vy, (11)
in which ~; € [0, 1] for single-bounce and ~y; = 1 for LoS. From
(11), a solution for the UE position can be derived [11], [18]: let
x = [P, bue]" and introduce the costs J;(x,aug) = [H;x -
pi — v (Hix — p)vi|* and J(x,aug) = Siez 0idi(x, avg),
where 7); is the weight of path i, H; = [Iaxa, —cv;], C; = Ioxo—
viv], v; = (u;+v;)/||u; +v;| and p; = pgs—cr;v;. Conditional
on aug (and thus on v;), J(x,ayg) can be minimized with
respect to x as

x(aue) = ( 2,z mH] CiH;) ' Y ier miH Cipg,
after which ayg is the mimimizer of J(%X(aug), aug).
1) Robust Estimator for Snapshot SLAM: The work in [11]
introduced an algorithm that can find the inlier set Z, which
corresponds to indices of Z that either originate from LoS
or single-bounce NLoS paths. Let Ny, denote the minimum
number of channel parameter estimates required to solve (12)
and let J € RL*Nmin denote all L such possible combinations
of the indices of Z. In essence, the robust snapshot SLAM
method first uses Z € J to compute an initial solution. Then,
according to the principles of RANSAC, the channel parameter
estimates are partitioned into a set of inliers Ziyjiers and a set
of outliers Zyyiers based on the initial solution. Lastly, the
problem is re-solved using (12) and the inlier set (Z < Zigtiers ),
and a cost for the solution is computed as [11] C(ayg,Z) =
Yier MiJi(X(owg), ave) + Xz 1T, where T, is a constant
penalty term for the outliers. The algorithm performs the above
three steps for all possible combinations 7 and UE orientations
A. Then, the UE state estimate Xug = [P{jz, GuE, EUE]T and set
of inliers Z is found as

minimize C(ayg,Z
OLUEGA,IGJ ( ’ ),

and pyg and EUE are given in closed-form when solving (13).
After solving Xyg and for every element of the inlier set n €
7, P can be estimated independently by solving a nonlinear
optimization problem as presented in [11]. Landmark n is an
element of a first-order interactions map Megg, given by Mpo =
{D1,.- "f)lfl}' In addition, an estimated propagation path is
constructed as P,, = {PBs, Pn, Due}, and the set of first-order
propagation paths is given by Pro = {7517 e v75|i|}'
III. MAPPING WITH DOUBLE-BOUNCE SIGNALS

A. Estimating Second-order Interaction Point

In this section, the estimated map Mpo, estimated UE
state Xyg and estimated outliers 7 ¢ 7 are used to estimate
IPs of double-bounce propagation paths. Let ¢ ¢ 7 denote
the considered measurement z; = [7;, ¢;, 6;]" and (assuming

12)

13)



d$ = c(ri — bug) — [P} — P}

Fig. 1. Illustratlve demonstration of the proposed closed-form solutlon to
estimate p We consider a case where p represents the BS and p represents
the UE. The closed-form solutlon to p is the intersection point between the
half line, which starts from p alongside the direction vl, and the ellipse,
which is determined by dlstdnce d$ and the two foci at p and p All the
other landmarks are omitted for elmpllhcatlon

double-bounce propagation) let P; = {p?, p}, p?, pf} denote
the starting point, two IPs and the end point of path ¢. Here,
‘P; is parameterized by two unknown IPs, p} e R? and pf e R2,
and since each propagation path only has three known channel
parameters, the problem is underdetermined, i.e., the range of
feasible solutions for the IPs is unbounded. To make the problem
tractable, we alm to identify an element of Mgo as p;} and
then solve for p?.

Let ¥ = [Ad1, ..., Adjpg)s Ab1, ..., Ay ]T denote the
difference between the estimated and reconstructed angles, with
elements corresponding to the nth landmark p,, defined as
AngSn = acos(Qy, - u;) and Ab,, = acos(V,, - v;), where @,, =
(Pn = PBs)/[Pr = Pas|s Vi = (Pn — Pur)/[Pn — Puel, w; is
given by (8) and v; is given by (9). To avoid error propagation,
we retain only entries satisfying [¥],, < og, allowing us to
determine the first IP as

p'L1 = IA)n mod | Mros where 7 = argminn [‘Il]n (]4)

Ifn<
p? — UE, such that p? = PBs, p? = pye. On the other hand if
n > |Meol|, we consider the signal interactions in reverse order
UE - p! - p? - BS, such that p{ = pyg and p? = pgs.

Now we will determine p?. If n < |Mpgol, pf locates on a
line defined by t; that spans from the UE toward the AoA and
we set t; = v; from (9). If n > |[Mgo|, pf locates on a line that
spans from the BS toward the AoD and we define t; = u; from
(8). In either case, p7 can now be obtained by solving

(07 - 1)t = [p? - pi. )
The ﬁrst entry in (15) indicates that p? resides on an ellipse,
with p! and p? as foci, where d¢ = ¢(7; - bug) - |p) - p}|.
The second entry in (15) indicates that pl lies on a half line
which starts from p? alongside the direction of t;. A closed-
form solution of (15) exists, but the derivation is omitted for
brevity. Fig. 1 provides an illustrative representation of the
proposed method to estimate p?. Interaction point p? is an
element of a second-order interactions map Mg, given by

{ |p? - pl| + |p? - P3| = d¢

Algorithm 1 Proposed mapping algorithm

Set Mro =@, Pro = @, Mso =@ and Pso =
for k=1,. K do %Estimate lst- order map
Compute %JF and Tk using (13) and Zj,
Vie zk, compute p; and P; and append to
Mo = Mpo U P and Pro = Pro UP;
5: end for
6: for k=1,..., K do S%Estimate 2nd order map
7: Usmg xk , Zk, MFo, compute pZ and 73 Vi ¢ Ik usmg (15)
and append to Mso = Mso U p? and Pso = Pso UP;
8: end for
9: Set M= MFO U ./\/lso and P = 'P}:o U 'PSO
10: VP; € P, if P; is infeasible do M = M~ {p;} and P = P\ P;

b

Mso = {p?|i¢T}. Respectively, the second-order propagation
paths are constructed as Pso = {P; | i ¢ Z}, in which P; denotes
an estimate of P;.

B. Proposed Mapping Algorithm with Artefact Removal

Thus far, we have only considered a single UE location and
the extension to multiple UE locations xllj%( is straightforward.
For every UE location x} ", the robust snapshot SLAM algorithm
is run separately and the aggregated first-order interaction map
is built. Then, using estimates of the robust snapshot SLAM
algorithm and the first-order map, the second-order interaction
map is built. The algorithm is summarized in Algorithm 1 and
the final map and estimated propagation paths are denoted as
M and P, respectively. Details of the artefact removal method
on line 10 of Algorithm 1 are presented in the following.

If a higher-order interaction is mapped using a lower-order
propagation model, it is possible that the estimated landmark
location does not correspond to an actual physical obstruction,
which we refer to as a ghost artefact in the following. To
identify and discard ghost artefacts, we devise a method
based on occupancy grid maps. An occupancy grid map, m,
represents the map of the explored environment as a field of
random variables m; € m, arranged in an evenly spaced grid
[19]. Each random variable is binary and corresponds to the
occupancy of the location it covers (the cell is occupied if
p(m; = 1) =1 and unobstructed if p(m; = 1) = 0). Assuming
the cells are independent of each other, the map posterior can
be approximated as the product of its marginals [20, Eq. 9.4]

p(m|rip,sip) = [, p(m; [rip,sip), (16)
where ri.p denotes the set of observations, si.p the sensor
trajectory defined as the sequence of all poses, and P = |ﬁ| the
cardinality. In mobile robotics, s1.p represents the robot poses
and ry.p are obtained for example using LIDAR. However, to
utilize occupancy grid maps in bistatic radio SLAM requires
transforming P to a set of observations (angle and range) and
poses (location). Let us consider propagation path P; € P and
let us assume P;is a propagation path with two IPs, P =

{p“ Pm pl, Z}. Now, we define the sensor poses as s; =
[p?, p!, p}] and observations r; = [r}, r?, r3] as
ri = [|p{ - pjl, atan2(y; ~ 97 2f ~2)))",  AD)
2 = [[p} - p? . atan2(y? ~yl.0? —2D)], (18)
e? = [[p? - Y. atan2(y? ~ 507 D] (19)
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Fig. 2. On the top row: (a) single-bounce (SB) method; (b) SB and double-bounce (DB) method; (c) SB and DB method with artefact removal. The legend of

the figures is: BS (V), ground truth UE locations (

), estimated UE locations (X), SB IPs (+) and DB IPs (0). On the bottom row, the occupancy maps of SB

method in (d), SB and DB method in (e) and SB and DB with artefact removal method in (f). The color scale of the occupancy maps is: unoccupied cells (O),
occupied cells (@) and unmapped cells (m). In (a) and (b), a ghost artefact caused by a triple-bounce signal is highlighted using a green circle at p ~ [9, 1]7.

For a single-bounce path 75Z = {p?7 pil7 a, p?}, p? = p% and the
sensor poses and observations are defined as s; = [p?, p?] and
r; = [r}, r}], respectively. After computing (16) as presented
in [20, Ch. 9], for every 751 € P we check feasibility of
the propagation path and if it is infeasible, we remove the
ith element from P and M in accordance with line 10 of
Algorithm 1. The path is infeasible if it propagates through
obstacles —evaluated using the estimated occupancy grid map
as follows. From m we compute p(m;) for every cell m; e m
the estimated path P; traverses through and if p(m; =1)>0.7,
the cell is occupied and P; is known to traverse through an
obstacle such that the propagation path is physically unlikely. It
is to be noted that close to elements of p; € 75¢, interaction with
other estimated landmarks is likely and therefore, the occupancy
of grid indices with |m; — p;| < o are ignored.

IV. EXPERIMENTAL RESULTS
A. Experimental Setup

The performance of the proposed double-bounce mapping
algorithm is evaluated using real-world 60 GHz measurement
data, obtained indoors at Tampere University campus, with
floorplan as illustrated in Fig. 2. Altogether 45 UE locations
were measured. Beamformed measurements were obtained using
400 MHz transmission bandwidth utilizing 5G NR-specified
downlink positioning reference signals. Details of the experimen-
tal setup and used hardware are presented in [1]. In this paper,

the AoD and AoA are estimated from the beam reference signal
received power measurements using a constant false alarm rate-
based detector and thereafter, the ToA is estimated as presented
in [1]. The robust snapshot SLAM algorithm is implemented
using the same parameters as presented in [11], the angle error
threshold used in (14) is og = 1° and the artefact removal
threshold is oy = 1 m.

B. Mapping Results

Since the ground truth landmark locations are unknown,
which is a common problem in SLAM when using real-
world experimental data, we can only evaluate the UE state
quantitatively, whereas mapping accuracy is evaluated visually
by comparing the estimated map to the floor plan. The utilized
robust snapshot radio SLAM algorithm yields good accuracy
and the map created using the first-order interactions is on most
parts in line with the floor plan of the experimental environment
as illustrated in Fig. 2a. The position, heading and clock bias
root mean squared error of the UE are: 0.29 m, 2.52° and
1.13 ns, respectively. The occupancy grid map is illustrated in
Fig. 2d and it conveys important information. On most parts,
the occupancy grid map is correct as occupied cells locate
where actual obstructions exist and unoccupied cells depict
unobstructed areas of the experimental environment. However,
the occupancy grid map also indicates that there are several ghost
artefacts corresponding to propagation paths that are physically



impossible. For example at location p ~ [9, 1]7, the occupancy
grid map contains an obstruction and first-order interactions to
this location propagate through a wall. In reality, the propagation
path is a triple-bounce signal and the path traverses as follows:
BS — right wall — left wall — right wall - UE. The angles
of the triple-bounce signal matches the single-bounce model
and therefore, the robust snapshot SLAM algorithm does not
classify it as an outlier. Hence, it is possible that higher-order
propagation paths are in line with the single-bounce model and
as an outcome, such paths create ghost artefacts that do not
physically correspond to an actual obstacle.

In the 45 UE locations, the robust snapshot SLAM algorithm
classifies that the LoS exist in 32 UE locations, the total number
of inliers is 234 and 147 of the channel parameter estimates
are classified as outliers, possibly corresponding to second
and higher-order interactions. The outliers constitute almost
40% of the channel parameter estimates and discarding them
leads to a loss of valuable information. The map created using
the assumed single and double-bounce propagation paths is
illustrated in Fig. 2b and the occupancy grid map is shown in
Fig. 2e. As illustrated, the IPs estimated using the proposed
double-bounce mapping approach are in line with the floor plan
of the experimental environment and the occupancy grid map is
more informative than the single-bounce occupancy grid map.
The main benefit of the proposed approach is that by properly
using the second-order interactions can allow us to discover
new IPs that were not visible from the single-order interactions.
This follows directly from problem geometry. For example,
the pillar located at p ~ [-6, —5.5]" and the walls located at
p ~[-9.5, =6]" and p ~ [-3, 0]" cannot be illuminated directly
from the BS since the propagation path is obstructed. However,
the features can be illuminated via other landmarks resulting in a
double-bounce signal that can also provide valuable information
about the surrounding environment as illustrated in the figures.

The downside of the double-bounce mapping approach is that
the number of ghost artefacts in the estimated map increases.
For example, there are several IPs in the unoccupied area (e.g.
at p ~ [-7,-3]" and p ~ [2, 1.5]") and also one located at
p ~ [-6, 6]7 which is behind a wall. These artefacts either
result from incorrectly estimating the first IP from the existing
map or estimating higher-order interactions using the second-
order model. Utilizing the artefact removal method presented in
Section III-B allows us to identify propagation paths that are
physically impossible such that they can be discarded from the
map. As illustrated in Fig. 2c, the estimated map after artefact
removal does not contain ghost artefacts and the occupancy
grid map illustrated in Fig. 2f more accurately represents the
experimental environment. After artefact removal, the total
number of single-bounce and double-bounce paths is 198 and
113, respectively. Thus, the first-order interactions account for
52% of the NLoS measurements, whereas the first and second-
order interactions explain 82% of the data, a notable increase in
mapping information. The remaining 18% of the data contain
the higher-order interactions and possible false detections of the

channel estimator.

V. CONCLUSIONS

In this paper, a mapping algorithm using second-order interac-
tions was devised. Using experimental mmWave measurements,
it was demonstrated that it is possible to discover features
of the environment that were not visible using single-order
interactions —improving the generated maps, thus enhancing
situational awareness. The newly proposed mapping algorithm
admits numerous possibilities of future research into mapping
with higher-order interactions and incorporating double and
multi-bounce paths into SLAM.
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