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Abstract—Due to the large bandwidth available, millimeter-
Wave (mmWave) bands are considered a viable opportunity
to significantly increase the data rate in cellular and wireless
networks. Nevertheless, the need for beamforming and direc-
tional communication between the transmitter and the receiver
increases the complexity of the channel estimation and link
establishment phase. Location-aided beamforming approaches
have the potential to enable fast link establishment in mmWave
networks. However, these are often very sensitive to location
errors. In this work, we propose a beamforming algorithm based
on tracking spatial correlation of the available strong paths
between the transmitter and the receiver. We show that our
method is robust to uncertainty in location information, i.e.,
location error and can provide a reliable connection to a moving
user along a trajectory. The numerical results show that our
approach outperforms benchmarks on various levels of error in
the location information accuracy. The gain is more prominent
in high location error scenarios.

Index Terms—Wireless communication, millimeter-wave net-
works, beamforming, location-aided beamforming

I. INTRODUCTION

Millimetre-wave (mmWave) communication is one of the
important components of fifth-generation cellular networks
due to the large bandwidth available between 24 GHz and
86 GHz frequency range [1]], [2]. Nevertheless, due to the high
penetration loss and fewer scattering paths, mmWave signals
are vulnerable to blockage. To compensate for the severe loss
and establish and maintain a reliable connection, both transmit-
ter (Tx) and receiver (Rx) require directional communication
using a large number of antennas and beamforming. The short
wavelength of mmWave transmissions enables the integration
of a large number of antennas and applying beamforming
techniques on both Tx and Rx sides in many applications.
Moreover, directional communication reduces the interference
of other active base stations (BSs) and increases the data rates
(3]

On the downside, the use of directional communication
requires additional computations for beamforming tasks, es-
pecially in mobile scenarios where mobility causes frequent
misalignment between Tx and Rx beams and consequently
frequent re-execution of the beamforming procedure. The
additional overhead for link maintenance reduces the average
transmission rate of a user. Therefore, there is a tradeoff
between beamforming overhead as a function of a number
of re-execution of beamforming tasks and the instantaneous
achieved rate of the user.

Many of the existing mmWave beamforming approaches
are based on exhaustive search procedures over a set of
pre-defined beam directions in order to find the optimal
alignments between a Tx and an Rx [4], [5]. However, these
approaches increase the overhead due to the high dimension
of the beam-searching space when using multi-antenna arrays
with narrow beamwidth. Other approaches like sparsity-aware
beamforming [6] and compressive-sensing based beamform-
ing approaches [7] suffer from the overhead in the mobile
scenarios or may have hardware implementation constraints,
respectively. Authors in [8]], [9] utilized the sparsity and the
spatial correlation of mmWave channels in adjacent locations
and proposed their beam-searching methods based on that.
However, the applicability of their methods in real mobile
scenarios may be limited because they are designed for only
stationary users [§] or increase the complexity of the beam-
searching [9].

Side information aided or context-aware approaches use
the location information to reduce the effective beam search
space during the beam alignment phase and also to facilitate
the handover decision during the handover phase. The work
in [2f] established a trade-off between localization accuracy
and communication performance and proposed a localization
bound-assisted initial beam-selection method. The authors
in [[10] showed the importance of location information in
scaling mmWave networks to dense environments. The authors
in [11]], [12] found the location information as the useful
side information to assist the link establishment in mmWave
communication networks. The authors in [[13]] first employed a
positioning algorithm in order to localize the users relative to
the BS and then used the position and orientation information
to select the proper beam to initiate the data transmission.
The authors in [[14] considered noisy location information
and presented a beam alignment optimization scheme. In
particular, the authors proposed a two-step beam pre-selection
at the Tx and the Rx. Under similar conditions as [14]],
authors in [15] proposed a beam alignment method where the
Tx and the Rx jointly select the beams which outperforms
the two-step method. In this work, we consider the noisy
location information and proposed a beamforming method that
provides a reliable connection along the trajectory.

Today’s localization algorithms are primarily based on geo-
metric localization where the location of the BS is known and
the user location is determined based on geometric constraints



such as the distance and physical angular orientations between
the BS and the user [16]]. Localization techniques such as
time-of-arrival (ToA), time-difference-of-arrival, and angle-of-
arrival (AoA) are based on measuring the distance or angle of
a user with respect to multiple BSs with known positions for
line-of-sight (LoS) propagation. However, in indoor or outdoor
non-LoS (NLoS) environments, due to the different angels
and the larger delays of arriving multi-paths, these techniques
correspond to some localization error variance. For instance,
the mean error of 10 m reported in [17]] with AoA localization
technique based on NLoS indoor office measurements. Other
techniques like using positioning reference signals which is a
pseudo-random sequence sent by LTE BSs [18]], can provide
about 15 m raw resolution [17]]. We refer readers to [[19} Table
II] for more details regarding the performance of different
localization methods in cellular systems.

In this paper, we propose a framework for using the location
information as the input of the beamforming algorithm and
consider the different degrees of uncertainties on this infor-
mation. We assume there exists a location algorithm with a
certain error model and propose a beamforming algorithm that
is robust to the localization errors. We leverage the sparsity and
spatial correlation of mmWave channels in adjacent locations
and proposed a beamforming method. Inspired by the work in
[8]l, we define a path skeleton set as a sparse set of strongest
available paths between the Tx and the Rx. Our proposed
beamforming method is based on searching over path skeleton
sets not all the directions. We explore and analyse the tradeoffs
between i) location information accuracy and the achieved
transmission rate, and ii) antenna beamwidth and robustness
toward location information error. Unlike our prior works in
[20], [21]], the emphasis of this work lies in accounting for the
uncertainties in the location information.

The rest of this paper is organized as follows. We introduce
the system model in Section [[I] and present our beamforming
algorithm in Section The localization error model and
beamforming with locution error are discussed in Section
We present the numerical results in Section [V] and conclude
our work in Section

Notations: Throughout the paper, matrices, vectors and
scalars are denoted by bold upper-case (X), bold lower-case
(x) and non-bold (x or X) letters, respectively. The /o-
norm and conjugate transpose of a vector x (or a matrix X)
are represented by [|x|| and x, respectively. We define set
[M] :={1,2,.., M} for any integer M.

II. SYSTEM MODEL

A. Network Model

We consider a downlink transmission scenario, where a Tx
with Npx antennas establishes communication with a single
Rx/user with Ngy antennaﬂ In our scenario, the Rx is moving
along a trajectory with length M. We present the blockage
model in Section [V]

1Our proposed methods are applicable to the uplink as well.

Fig. 1: A path skeleton set, contains a LoS path (¢1) and a
NLoS path (¢3)

We employ a narrow band channel model with a sparse
number of dominant paths. In this model the channel matrix
H € CNV&*Nrs between Tx and the Rx in location i during a
coherence interval E] is defined as [22]:
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where L is the number of paths. Each path é has the horizontal
and vertical angle of arrivals (AoAs), gbl e, Z z’ and horizontal
and vertical angle of departures (AoDs), ¢; e’ 19z 7> Tespectively.

hie ~ N(O, B;r) is the small scale fadlng, where Bie is the
channel gain. Here, a(-) is the antenna array response. In this
work, we consider a half wavelength uniform planar arrays
(UPA) in yz-plane both in the Tx and the Rx sides. The Tx
antenna array response is:
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where 1 < n;, < N, —-1,1<ny, <Ny,—1and N, and
N, are the number of columns and rows of the UPA and
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N1y = Ny X Ny,
The Rx antenna array response is defined as
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where 1 < m, < M, —-1,1 <my, < My, —1 and M,
and M, are the number of columns and rows of the UPA and
Nrx = M x M,.

B. Beamforming Model

We consider analogue beamforming at both the Tx and the
Rx. More specifically, we define beamforming vector f at the
Tx side and combining vector w at the Rx side as

f = a(NTxa (bTX? 0TX)7 W = a(Nqu ¢RX7 HRX)' (4)

2The channel response during the coherence interval is approximately
unchanged.



The antenna beamwidth can be adjusted by changing the
number of antenna elements Npx at the Tx and INrx at the
Rx. The antenna beamwidth is inversely proportional to the
number of antennas. The more antennas are used, the narrower
the beams will be, which leads to two benefits: The Rx gets
a stronger signal and there is less interference to other non-
intended directions.

We assume that each Tx is capable of having beam code-
books of different sizes. Each beam codebook (F) consists of a
set of beams with the same width. Each vector f € F is of the
form such that the codebook provides complete coverage
over all the angular space. The size of the codebook is based on
the beamwidth and determines the antenna gain and sidelobe
interference caused by each beam. We assume that the main
lobes of the different beams of the same codebook are non-
overlapping. Similarly, we define VV as the combiner codebook
at the Rx side.

Under assumption of capacity achieving codes, UE’s
achieved rate per second (R;) can be approximated by the
link capacity which is defined as:

R; = Blog,(1 + SNR;), (5)

where B is the system bandwidth and SNR is the signal-to-
noise ratio.

Definition 2.1 (Trajectory rate): The trajectory rate (Rry) is
the sum of the user’s achieved rate along the trajectory with
length M as
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Definition 2.2 (Path skeleton (PS)): We define path skeleton
as a set of L strongest available paths between the Tx and the
Rx. The path skeleton set approximates the spatial channel
response of the mmWave networks. Each path ¢ € [L] in
path skeleton set with size L can be defined based on its
horizontal and vertical AoD (¢™*, #T), horizontal and vertical
AoA (¢R*, O®%) and its gain. An example of a path skeleton
set is shown in Fig.

III. BEAMFORMING ALGORITHM

We adapt a beamforming algorithm that we proposed in
[20]. In this section, we briefly review our proposed beam-
forming algorithm and refer readers to [20] and [21]] for more
details and simulation results.

We assume that each BS as the Tx has a database of all
the path skeleton sets corresponding to user locations in its
coverage area. Each BS divides its coverage area into non-
overlapping grids with a specific ID and pre-defined size. We
further assume that the BS represents each grid by one point
(the grid centre), and stores one path skeleton for each grid
ID in its coverage area. We represent grids each with index
i € [M] where M is the length of the trajectory. For instance,
the path skeleton set in grid ¢ (PS;) with L paths is

T T R R T T R R
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In our beamforming method, we assume the location infor-
mation including the grid ID of the user is available and uses
as the input of our algorithm.

The database assumption causes query cost and maintenance
cost. The query cost is defined as the limited budget for
each BS to query a path skeleton from its database. The
maintenance cost is the cost of building and updating the
database. In this work, we assume an updated database is
available and we will only consider the query cost. We refer
the readers to our previous works in [20] and [21]] for more
details regarding the process of building and updating the
database.

Our proposed beamforming method is based on sending
pilot signals along the paths in each path skeleton set and
not in all directions in order to find the existing non-blocked
paths. In other words, the user as the Rx at the grid ¢ asks
its path skeleton (PS;) from its serving BS and measures the
signal strength in all L paths in PS; and builds H; from (T).

During the data transmission phase, the beamforming vec-
tor, f, and combining vector, w, are designed as

Hf
maximize |w | (7a)
subject to f € F, (7b)
weW, (7¢)

where F (W) is the beamforming (combining) codebook
contains all the feasible beamforming (combining) vectors in
the form of (@). In an environment with small number of
scatters, it is reasonable to adjust beamforming and combining
weights to match the array response vector of the strongest
path [23]. That is f = a(¢,*, 6;*) and w = a(¢}*, 65*), where
¢ = argmax,hy. In summary, finding the beamforming and
combining vectors in the asymptotic regime is based on the
Rx feedback to the Tx regarding the index of the path with
the maximum received signal strength. For the sake of the
notation simplicity, we drop the index 4 from f and w.
Afterwards, with designed f, and wy, the signal to noise
ratio (SNR) of the Rx in grid ¢ is

SNR; = o?|wH H,f,|?, (8)

where and o2 is the transmit power divided by the noise power.

Due to the correlation of the spatial channel of mmWave
networks, for most mobility models, path skeleton sets are
almost the same over many coherence intervals, essentially
over several adjacent locations of a trajectory. In our proposed
method, in order to reduce the unnecessary path skeleton
queries and feedback overhead, the BS continuously tracks
the correlation of the path skeletons and updates them only
when a significant change is detected.

We define the reference path skeleton as the path skeleton
that BS already reported to the UE in the reference location.
We represent the reference location index by 0. Hy is the
channel matrix at the reference location. When UE changes
its location to ¢, the BS sends the pilot signals through the
reference path skeleton directions and estimates the channel



H;. In order to validate using the reference path skeleton in
the new location we define d(i,0):

d(i,0) =|| H; — Hy ||2, )

where ||-|| represents the Frobenius norm of the matrix.

We define Tp as the distance threshold that is a small
positive number. The condition d(i,0) < Tp means the
validity of using reference path skeleton in new location .
Otherwise, d(i,0) > Tp translates to a significant change
in dominant paths, and the BS needs to query a new path
skeleton and inform the UE. Now, the new path skeleton is
considered the reference path skeleton and the BS tracks the
validity of this new reference path skeleton for beam-searching
and channel estimation over time. Note that path skeleton sets
may not be changed with every new obstacle. A significant
change in the environment may change the path skeleton sets.

There is a trade-off between the value of Tp and the rate
and the query budget. We define the query budged as the
number of times that BS queries a path skeleton from the
database. In other words, a smaller value of Tp improves the
rate performance but with the expense of higher query cost. A
larger value of Tp leads to lower network overhead, however,
may cause sub-optimal selection of the beamforming vector
and combining vector along the UE trajectory. The optimal
value of Tp for a specific mobility model (e.g. pedestrian) is
the solution of following optimization problem:

Tp = argmax E[R;]
D Toeg iez[]\:ﬂ (10a)
subject to  Pr{U > Upax} < 6, (10b)

where the expectation is with respect to the channel random-

ness (small scale fading and blockage), M is the length of the
trajectory and U is the number of times that path skeletons
are renewed (query cost). Upax is the maximum query cost.
d is a small given parameter. In order to solve the (I0), we
apply a well-known golden-section search method [24]]. Notice
that the process of finding T} is run offline and doesn’t add
overhead to the real-time system.

IV. BEAMFORMING UNDER ERRORS IN LOCATION
INFORMATION

In this section, first, we define the location information
model. Then we present the robust beamforming in the pres-
ence of location error.

A. Localization Error Model

The input of our proposed beamforming method in the
previous section is the location of the user along its trajectory.
In a realistic setting where both BS and user separately obtain
location information via some localization processes, noisy
positional information occurs [14ﬂ The noisy position p
available at the BS is modeled as:

3Details regarding the performance of the current positioning methods in
cellular networks are reported in [[19, Table III].
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Fig. 2: Localization error model. Blue line shows a potential
trajectory. The area is divided into grids with equal size. The
uncertainty disk E(r) is the red circle. Grid ¢ is marked by
blue. Estimated user location, p;, could be anywhere inside the
red circle. Depending on the uncertainty radius, user location
can be mistakenly estimated to be in another grid.

Y

where p is actual location of the user. We apply a uniform
bounded error model for location information. In particular. we
assume all the estimated locations (as the output of different
location services) lie somewhere inside an uncertainty disk,
E(r), centred in the actual origin of a grid (p;, ¢ € [M])
with radius . Fig. [2 illustrates E(r) in one of the grid points
along a trajectory. We model the random localization error, e,
as uniformly distributed in E(r).

Different localization algorithms correspond to different un-
certainty radius, r. A bigger r may translate into a potentially
cheaper localization algorithm. However, when the location is
mistakenly set to grid j instead of ¢ (the distance between i
and j is a function of r), the user will use the path skeleton
of grid j for its beamforming design, leading to a potential
performance drop.

Di = p;i + e,

B. Robust Beamforming

As mentioned in the previous section, we approximate each
grid with a pre-defined size as a point and store one path
skeleton for each grid in the database. The user’s grid IDs
along the trajectory are the input of our beamforming method.
Hence, the performance of our proposed beamforming method
depends on the location information inputs. However, due to
the spatial correlation of mmWave channels, path skeletons
might be similar in adjacent grids. Now the question is how
accurate location information we need as an input to the
beamforming algorithm.

First, we consider an idealized case where the perfect
location information is available at the BS. In this case, during
the beam searching phase, the BS extracts the path skeleton
of the grid ¢ and starts beam searching over the PS; set. The
optimal beam directions can be found as

* *
(DT)U DRx) = argmax R(DTX; DRX7 pl)a
D1xCPSi,DrxCPS;

12)



where D1y contains the horizontal and vertical AoA and Dgx
contains the horizontal and vertical AoD.

Now, we consider the noisy location information. In this
case, we focus on the maximum location error that our
beamforming algorithm can tolerate. In other words, we need
to find the maximum r that

= 1rlgmax [Inlm(IE[Rz(r)])] (13a)
subject to  Pr{U > Upax} < ¢ (13b)
Ri(r) = Rn, (13¢)

where I' is a set of predefined r that correspond to a set of

localization algorithms each with certain accuracy. The con-
straint (13b) refers to the limited query budget (path skeleton
updates) of the database and constraint guarantees that
the achieved rate of the user in any grid ¢ € [M] of the
trajectory is larger than a pre-defined threshold (R;,) and
ensures a reliable connection along the trajectory. We solve
numerically by comparing the solutions for all r € T'.

V. SIMULATION RESULTS

In this section, we present the performance evaluation of our
proposed approach. First, we introduce our simulation setup.
Then, we present the location input model and finally, we eval-
uate the performance of our proposed beamforming method
with different degrees of location information precision.

A. Simulation Setup

We consider an urban environment and apply a ray-tracing
tool [26] in order to obtain the existing paths between the Tx
and the Rx. To ensure high angular resolutions, we measure
the AoAs and the AoDs with step sizes of 0.1 degrees. The
simulation environment is Shown in Fig. [3] We consider the
buildings as permanent obstacles and randomly assign brick or
glass materials to them. We also add some temporary random
obstacles in the street with heights 1.5 m as the human bodies
and some random obstacles with widths 4 m and heights 1 m
and 3 m to model various vehicles with different heights.
Temporary obstacles are located uniformly on the streets with
a density of 9 x 1073 per m?2. The material loss of the
temporary obstacles is chosen randomly in each realization
of the channel. Red cubes in Fig. [3| show one realization of
temporary obstacles.

TABLE I: Simulation parameters.

[ Parameters | Values in Simulations |
transmit power 30 dBm
Thermal noise power 02=-174 dBm/Hz
Signal bandwidth B=100 MHz
Operation frequency 28 GHz
LoS path loss exponent 1.9
NLoS path loss exponent 4.5
BS height 6 m
Brick penetration loss [25] 28.3 dB
Glass penetration loss [25]] 3.9 dB

Fig. 3: Simulation environment. Blue dottd line illustrates the
trajectory. Pink hexagram shows the location of the Tx.

We place the UE’s trajectory with length 150 m and apply
the pedestrian mobility model with a speed of 5 km/h ﬂ In
all simulations, we fix the trajectory. We consider the grid
size equal to 3 m which means we have 50 grids with index
i € [50] along the trajectory. We also place the Tx on the wall
of the building (see Fig.[3) around the middle of the street. We
consider that all the locations of the trajectory are in the cover-
age area of the Tx. We consider two sets of antenna elements:
(Ngs = 64, Nyg = 16) represents a narrow beamwidth an-
tenna regime (as the first scenario) and (Ngs = 32, Nyg = 8)
represents a wide antenna beamwidth regime (as the second
scenario). We also set Ry = 200 Mbps in (13). The general
simulation parameters are listed in Table I.

B. Location Error and Rate Trade-off

Fig. fa) shows the achieved rate of the UE in each grid
of the trajectory for different values of the r for the first
scenario (Ngs = 64, Nyg = 16). We only represent the
maximum values of the r that meet the rate threshold. We set
the maximum number of path skeleton updates (Up,ax) equals
20. As it is shown in this figure, our proposed beamforming
method can tolerate the location information error up to 11 m
while meeting the rate threshold and the maximum updating
path skeletons. The distribution of the rates in each grid is
almost the same with increasing r from 0 to 11 m in this
scenario. The reason is that our algorithm by tracking the
correlation of the path skeletons updates the path skeletons
and prevents the sudden rate drops due to the location errors
However, by increasing the r (r > 12 m) we can observe the
achieved rate reduction, especially at the end of the trajectory
which indicates the trade-off between the achieved rate and
the amount of location error. We can observe the same trend
in the second scenario in Fig. E} In this case, for r > 20 m
the achieved rate drops below the rate threshold.

4We will consider other mobility models with different speeds in our future
works.
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Fig. 4: (a) Achieved rate per grid (b) distribution of the rate
for the first scenario.

TABLE II: Number of path skeleton updates, U, for different
value of r in the first scenario (narrow beamwidth) with
Unmax = 20 and the second scenario (wide beamwidth) with
Umax = 15.

[ (m) [ U (First scenario) [ U (Second scenario) |

0 14 7
5 15 8
10 20 10
20 - 15

C. Location Error and Beamforming Overhead Trade-off

We define the beamforming overheat as the number of times
that the BS needs to update the path skeletons along the
trajectory. In the first scenario, we set the maximum number
of path skeleton updates (Up,ax) equals 20 and in the second
scenario, we set Upax equals 15. As it is shown in Table II,
with increasing the location error, the number of the path
skeleton updates will be increased too. It means that the
path skeletons need to be updated more frequently due to
the location information uncertainties. In other words, there
is a trade-off between the location error and the beamforming
overhead.

D. Location error and Beamwidth trade-off

Fig[j] illustrates the value and the distribution of the of the
achieved rate for the second scenario (Ngs = 32, Nyg = 8).
In this scenario, we set the U,,,, = 15. Same as the first
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xc 0.4 [-{ = = = Threshold
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Fig. 5: (a) Achieved rate per grid (b) distribution of the rate
for the second scenario.

scenario, the value and the distribution of the achieved rate
are almost the same for r up to 20 m. Our proposed algorithm
by tracking the correlation of the path skeletons and updating
when significant changes occur in the environment can tolerate
the location errors while meeting the rate threshold with a
small number of path skeleton updates along the trajectory.

In comparison to the first scenario, we can see that wider
beams can tolerate more location errors. The reason is that
a larger beamwidth leads to a larger coverage of the geo-
graphical area and more tolerance of the location uncertainties.
However, the larger beamwidth results in a lower radiated
power too. Thus, there is a trade-off between the antenna
beamwidth and the achieved rate and antenna beamwidth and
the localization error tolerance.

E. Benchmarks

In this part we report the performance evaluation of our
method in compared to benchmarks for the first scenario
(Ngs = 64, Nyg = 16). As the first benchmark, we consider
the case where the paths skeleton will be updated at each
grid. As it is shown in Fig. [6] this benchmark has the highest
performance with the cost of the higher query cost. As the
second benchmark, we simulate the approach in [9] which is
based on updating the beamforming and combining vectors
based on a fixed Euclidean distance. We choose the distance
between two consecutive updates equal to 7 m in order to keep
the same (almost) total number of updates as our approach
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Fig. 6: Achieved rate per grid

(Umax = 20). Fig. |§| shows the archived rate for the maximum
value of the  as the solution of (I3). The maximum value of
the r in this benchmark is 5 m while our method with the same
number of path skeleton updates can tolerate up to » = 10 m.
Moreover, high rate fluctuation in this benchmark can prohibit
the support of a reliable connection to the user. The reason
for those rate fluctuations is that the channel correlation is
weak within the 7 m distance and we need to update the
beamforming and combining vectors meanwhile.

VI. CONCLUSIONS

Localization information plays an important role in reducing
the beamforming overhead in mmWave communications. In
this work, we introduced a beamforming algorithm that can
operate under imperfect location information and still provide
a reliable connection. Our algorithm is based on tracking the
spatial correlation of the path skeletons, i.e. available strongest
path between the transmitter and the receiver. Our numerical
results have shown different trade-offs between location infor-
mation uncertainty and the achieved rate performance and the
overhead. We also showed that wider beams can tolerate more
location error with the cost of lower beamforming gain.
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