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Abstract—When the base station (BS) communicates with
terminals via narrow beams, the BS should have beam tracking
capability due to the uncertainty of the terminals’ locations
especially in the high mobility scenario. Unlike conventional
beam tracking based on pilots, we investigate beam tracking in
the framework of integrated communication and sensing. In the
proposed architecture, the transmitting BS and the receiving BSs
cooperate to complete target location and beam tracking. When
the transmitting BS transmits to terminals, multiple receiving
BSs apply extended kalman filter (EKF) or unscented kalman
filter (UKF) to predict locations of terminals based on received
echoes, and then the location information is fed back to the
transmitting BS to assist in beam tracking. To improve the
performance of beam tracking, we first analyze the posterior
Cramer-Rao lower bound (PCRLB) of prediction performance
under the first-order Taylor approximation. Then, we investigate
the subcarrier and power allocation problem during tracking,
which is essentially a sequential decision problem. We propose
a novel algorithm that combines optimization and reinforcement
learning (RL) to achieve optimal overall performance. Simulation
results demonstrate the tracking performance and transmission
rate of the proposed method, as well as its advantages compared
to existing schemes.

Index Terms—beam tracking, EKF, PCRLB, resource alloca-
tion, reinforcement learning

I. INTRODUCTION

W ITH the explosive growth of wireless communication
traffic, there are urgent needs for higher transmission

rate and greater bandwidth. Large-scale antenna array is used
to improve the received signal-to-noise ratio (SNR) and hence
the system performance. By applying beamforming on large-
scale array, the energy of the signals transmitted by the base
station (BS) directs to the communication users via narrow
beams. Due to the hardware complexity and high cost of digital
beamforming, current commercial large scale antenna arrays
typically use analog or hybrid beamforming. In analog beam-
forming architecture, the beamforming will be carried out in
the analog domain to decrease the number of radio frequency
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(RF) chains [1]. However, with analog beamforming, beam-
formed transmission can only be done in one direction at a
time. Hybrid beamforming serves as a compromise to fully
digital beamforming with reduced flexibility and performance.
Recently, the development of digital technology has promoted
the development of mmWave digital array. NEC has developed
its own 24-channel mmWave all-digital array [2] and a 64-
channel all-digital multi-beam array for 5G mmWave applica-
tions has been realized in [3].

Except for beam allignment, when the users move, the BS
should have the ability to quickly adjust the beam direction
according to the changes of the users’ locations, i.e., the ability
of beam tracking. In [4], a new unmanned aerial vehicle (UAV)
assisted millimeter wave (mmWave) beam training strategy
was proposed, which constructed a training beam with flat-top
characteristics. Beam training based on beam sweep is feasible
in some static or slowly changing environment, but in mobile
scenarios, a full scan in all directions is time-consuming
and will cause heavy signaling overhead. Therefore, some
technologies that did not require full beam scanning were
proposed. The authors in [5] proposed two partial beam train-
ing schemes based on interlacing and selection probability,
which significantly reduced the training cost at the expense of
spectral efficiency. Aiming at the problem that high mobility
users will consume a amounts of beam training resources, a
special beam training strategy and a greedy channel estimation
algorithm were proposed, which can greatly reduce the beam
training cost while minimizing the channel estimation error
[6]. In addition, compared with exhaustive search, introducing
hierarchical codebook design into beam scanning is also an ef-
fective method to reduce the scanning cost [7], [8]. Some other
methods to reduce the scanning frequency have been proposed.
For instance, [9] proposed to extract the information needed to
update the direction directly from the communication packets
without spatial scanning during the ongoing data transmission.
In [10], a candidate beam set that may contain the strongest
beam pair from the perspective of probability was maintained,
and then the scanning beam was selected from the candidate
beam set, avoiding full beam scanning.

In the high frequency band, such as mmWave band, some
features such as channel sparsity can be used to develop new
technologies to implement beam tracking. In [11], the sparse
scattering property of the mmWave channel was exploited to
formulate the beam alignment problem as a sparse coding
and phase-free decoding problem, and then a sparse bipartite
graph coding algorithm was proposed to solve this problem.
[12] used the sparse characteristics of the mmWave channel
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in the angle-of-arrival/angle-of-departure (AoA-AoD) domain
to model the beam alignment problem as a sparse vector
estimation problem, and proposed a non-negative least squares
algorithm to effectively find the strongest coupling AoA-AoD
pair connecting user to the BS.

Most existing beam tracking schemes are implemented in
the framework of communication protocol [13], [14]. During
beam tracking, the signaling interaction between the BS and
communication users will cause some delay, which will affect
the accuracy of beam alignment in the high mobility scenario.
Especially in the case of narrow beams, loss of connectivity
due to a rapid degradation of established beam pairs, can be
expected to occur more frequently. To reduce the influence
of outdated channel information on beam tracking, in the
recent research, the BS used Kalman filter (KF) to predict the
location of the terminal for beam tracking [15]–[17]. However,
in general, all of these aforementioned algorithms for beam
tracking result in non-negligible communication overhead and
delay. With the development of integrated communication-
radar systems (ICRS), radar-assisted communication provides
a new way for fast beam tracking. [18] proposed for the
first time to predict users’ positions and realize fast beam
tracking using echo signals received by communication BS.
To improve the performance of radar-assisted beam tracking,
the best tradeoff between communication rate and tracking
performance was obtained through power allocation.

In this paper, our goal is to maximize sum-rate of mobile ter-
minals in the large-scale antenna array based mmWave OFDM
communication systems by optimizing transmit parameters, in-
cluding beamforming vectors, subcarrier and power allocation,
according to terminal parameter information extracted from
echoes. Inspired by the work in [18], in this paper, we realize
fast multi-terminal beam tracking by using OFDM signals
as dual-function radar-communication (DFRC) signals. Com-
pared with beam tracking based on pilots, the main advantages
of the beam tracking based on echo signals are low delay and
zero additional overhead. To improve the prediction accuracy,
we design the cooperative detection scheme, in which multiple
receiving BSs convey echo data to a central processor (CP), CP
uses EKF or UKF to predict the position and speed information
of the terminals, and then terminals’ position information
is fed back to the transmitting BS for optimizing transmit
parameters. To analyze the prediction accuracy, we derive the
closed-form expression of posterior Cramer-Rao lower bound
(PCRLB) when locations and velocities of terminals are time-
varying [19]. During the tracking process, the subcarrier and
power allocation at time t will affect the transmission rate
at the current time and the prediction accuracy at the next
time. Therefore, the resource allocation during tracking is
essentially a sequential decision problem, which is solved by
combining optimization and reinforcement learning to balance
the present and future rewards. On the other hand, when using
different spatial beams to track users in the same frequency
band, as studied in [20], the receiving BS cannot associate the
received beams with users. Existing accurate user association
algorithms tend to have high complexity. In our scheme, each
subcarrier is only allocated one communication user. When
the receiving BSs know the subcarrier allocation, they can

naturally associate received beams in different subcarriers with
users, without complex multi-terminal association algorithm.
Our contributions can be summarized below:

• We propose a fast beam tracking scheme based on echo
signals in a large-scale antenna array based mmWave
OFDM system. CP applies EKF or UKF algorithm to
extract user position information from the echo data
from multiple receiving BSs and reports the position
information to the transmitting BS to assist in the beam
design and resource allocation.

• We analyze the prediction performance of the echo-
based prediction scheme by calculating PCRLB. The
subcarrier and power allocation at time t is optimized to
capture the tradeoff between the transmission rate at the
current time and prediction accuracy at the next time. We
propose a novel learning frame to solve this sequential
decision problem by combing convex optimization and
reinforcement learning.

• The simulation results show the beam tracking and com-
munication performance of the sensing assisted OFDM
system with different system parameters. The comparison
results with existing schemes demonstrate the advantages
of the proposed scheme in balancing communication and
tracking performance.

The organization of this paper is listed below. Section II
introduces the system model, Section III presents the EKF
and UKF algorithms, Section IV analyzes the PCRLB of
estimation performance, Section V proposes the sequential
resource allocation scheme which achieves the optimal trade-
off between the communication and prediction performance,
Section VI shows the simulation results, and Section VII
concludes the paper.

II. SYSTEM MODEL
We consider an integrated mmWave communication-radar

system, which consists of a transmitting BS with Mt antennas
and R distributed receiving BSs with Mr antennas. Assume
that there are K moving air communication terminals with
single antenna, such as unmanned aerial vehicle (UAV). As
shown in Fig.1, in the considered ICRS, locations of terminals
can be accurately predicted by central processor connected to
R receiving BSs with received echoes, and then are used to
assist information transmission. Specifically, the transmitting

Fig. 1. Integrated communication-radar system for simultaneous information
transmission and tracking.
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BS sends OFDM signals to terminals via narrow beams,
and the distributed receiving BSs receive echoes reflected by
terminals. Then the receiving BSs send echo signals back to
the central processor to predict the positions of terminals.
Finally, the central processor reports the position information
to the transmitting BS, which adjusts the beam direction to
align with the moving terminals.

A. Communication Signal Model
We assume that transmitted baseband signals include Q

OFDM symbols and each OFDM symbol has L subcarriers.
Considering the flexibility of digital beamforming in adjusting
the beam direction of different subcarriers, we adopt digital
beamforming in each subcarrier. The baseband signals in the
qth OFDM symbol can be denoted as

xq(t) =

K∑
k=1

L∑
l=1

ρk,lwk,lb
q
k,le

j2π(l−1)∆f(t−(q−1)To)

ξ(t− (q − 1)To), (q − 1)To ≤ t ≤ qTo,
(1)

where wk,l denotes the beamforming vector on the l th sub-
carrier to the terminal k, ρk,l denotes the subcarrier allocation
factor (ρk,l = 1 means the l th subcarrier is allocated to the
k th terminal, otherwise, it is not allocated to the k th terminal),
bqk,l is the transmitted signal to terminal k on the l th subcarrier
in the q th OFDM symbol, ∆f = 1/T , T is the symbol period
of OFDM, To = T + Tcp, Tcp is the length of cyclic prefix,
and

ξ(t) =

{
1, t ∈ [0, To],

0, otherwise.
(2)

To avoid interference between terminals, each subcarrier is
only allocated one communication terminal, i.e.,

∑K
k=1 ρk,l =

1,∀l. The transmitted signals in an OFDM block can be
expressed by x(t) =

∑Q
q=1 x

q(t), 0 ≤ t ≤ QTo. Then, the
baseband signal x(t) needs to be upconverted to obtain the
signal x̃(t) = Re(x(t)ej2πfct) for transmission, where fc
denotes the carrier frequency.

We assume that the state of the kth terminal sk[t] can
be represented as sk[t] = [dk,x[t], dk,y[t], vk,x[t], vk,y[t]]

T ,
where dk,x[t] and dk,y[t] denote the horizontal and vertical
coordinates of the kth terminal position, respectively, and
vk,x[t] and vk,y[t] denote the horizontal and vertical velocity of
the kth terminal, respectively. Assuming that the kth terminal
is moving at an almost constant speed, the state evolution
model of the kth terminal can be expressed as

dk,x[t] = dk,x[t− 1] + vk,x[t− 1]QTo

dk,y[t] = dk,y[t− 1] + vk,y[t− 1]QTo

vk,x[t] = ιvk,x[t− 1] + ωk,x[t]

vk,y[t] = ιvk,y[t− 1] + ωk,y[t]

, (3)

where ι is the regression coefficient, ωk,x[t] and ωk,y[t] denote
perturbation variables which obey the Gaussian distribution
with zero mean and variance of σ2

ωk
. At time t, we use Q

OFDM symbols to predict the positions and velocities of K
terminals at time t+ 1.

B. Beam Tracking Based On Sensing
Traditional beam tracking schemes in mmWave communi-

cations require extra pilot overhead. In our proposed beam

tracking scheme based on terminal location prediction, OFDM
data blocks are used to track terminals and no additional
pilots are needed. We denote the location and velocity of
the k th terminal as dk[t] = [dk,x[t], dk,y[t]]

T and vk[t] =
[vk,x[t], vk,y[t]]

T , respectively, the location of the transmitting
BS as pt = [pt,x, pt,y]

T , and the location of the rth receiving
BS as pr = [pr,x, pr,y]

T . We assume that the terminals are
UAVs, hence a simple ground-to-air channel model is adopted.
The channels both from the transmitting BS to the terminals
and from the terminals to the receiving BSs are line of sight
(LoS) paths without multi-path components. Assuming that
signals on each subcarrier are narrow-band signals, received
signals at the rth receiving BS after down-conversion can be
expressed by

yr(t) =

K∑
k=1

Ar,ke
j2πfr,ktx(t− τr,k) + ηr(t)

=
√
MtMr

Q∑
q=1

L∑
l=1

K∑
k=1

Ar,ke
j2πfr,ktalr(θr,k)(a

l
t(βk))

T

ej2π(l−1)∆f(t−(q−1)To−τr,k)ξ(t− (q − 1)To − τr,k)
K∑

k′=1

ρk′,lwk′,lb
q
k′,l + ηr(t),

(4)

where
fr,k =

vT
k [t](pt − dk[t])

λ||pt − dk[t]||2
+

vT
k [t](pr − dk[t])

λ||pr − dk[t]||2
, (5)

τr,k =
1

c
(||pt − dk[t]||2 + ||pr − dk[t]||2), (6)

fr,k, τr,k and Ar,k denote the Doppler frequency,
delay and path loss for the channel between transmitting
BS-terminal k-the rth receiving BS, respectively,
θr,k = arccos( dk,x[t]−pr,x√

(pr,x−dk,x[t])
2+(pr,y−dk,y [t])

2
) is the

angle of arrival (AoA) of the k th terminal at the r th
receiving BS, βk = arccos( dk,x[t]−pt,x√

(pt,x−dk,x[t])
2+(pt,y−dk,y [t])

2
)

is the angle of departure (AoD) of the k th
terminal at the transmitting BS, alt(βk) =

1√
Mt

[
1, e

−j 2π
λl

d cos βk , . . . , e
−j 2π

λl
(Mt−1)d cos βk

]T
and

alr(θr,k) =
1√
Mr

[
1, e

−j 2π
λl

d cos θr,k , . . . , e
−j 2π

λl
(Mr−1)d cos θr,k

]T
denote the normalized transmit steering vector and receive
steering vector of the k th terminal on the lth subcarrier at the
r th receiving BS respectively, λl = c

fc+(l−1)∆f , c is the speed
of light and ηr(t) is additive white Gaussion noise (AWGN)
with zero mean and covariance matrix σ2I (I denotes the unit
matrix).

With digital beamforming, the beamforming vector on each
subcarrier can be determined separately. In order to maximize
signal-to-noise ratio (SNR) at communication terminals, we
set the beamforming vector wk′,l = (alt(β̂k′))

∗
∈ CMt×1

, where β̂k′ is the predicted AoD of terminal k at time
t. The β̂k′ is obtained based on the tracking algorithm in
Sec.III with measure information before time t. By using
large-scale antenna array at the transmitting BS, steering
vectors in different directions are approximately orthogonal,
i.e., |(alt(βk))

H
alt(βk′)| ≈ 0 for βk ̸= βk′ [18]. Therefore,

when the prediction of AoD is sufficiently accurate, we can
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isolate respective signals of different terminals at the receiving
BSs. In this case, (4) can be simplified as

yr(t) =
√
MtMr

Q∑
q=1

L∑
l=1

K∑
k=1

Ar,ke
j2πfr,ktalr(θr,k)

(alt(βk))
T
(alt(β̂k))

∗
ej2π(l−1)∆f(t−(q−1)To−τr,k)ρk,lb

q
k,l

ξ(t− (q − 1)To − τr,k) + ηr(t),

(7)

When utilizing OFDM signals for detection, in order to
eliminate the inter-block interference of OFDM signals during
matched filtering, it is usually assumed that τr,k < Tcp [21]–
[23]. However, in mmWave communication systems, the delay
τr,k may be greater than Tcp. For example, in 5G NR standard,
when Tcp = 1.2µs and the detection distance is greater than
180m, the time delay will be larger than Tcp. To remove the
interference between adjacent OFDM symbols during matched
filtering in the case of τr,k > Tcp, we need to know the value
range of τr,k, which can be determined by the predicted value
of τr,k and corresponding prediction error (with the tracking
algorithm in Sec. III, transmitting BS can predict τr,k with
measurements before time t). Then, we can find a suitable time
compensation m̂r,kTcp to make 0 < τr,k−m̂r,kTcp < Tcp. As
indicated in (7), when beams directed to different terminals
are orthogonal, there is no inter-terminal interference on each
subcarrier. In this case, if ρk,l = 1, at each receiver r, in the
qth OFDM symbol, matched filtering on the lth subcarrier is
performed to obtain

yq,l
r =

1

T

∫ (q−1)To+T

(q−1)To

yr(t+ m̂r,kTcp)e
−j2π(l−1)∆ftdt

≈
√
MtMr

K∑
k=1

ρk,lAr,kb
q
k,le

j2π(l−1)∆f(m̂r,kTcp−τr,k)

ej2πfr,k(m̂r,kTcp+(q−1)To+T/2)alr(θr,k)(a
l
t(βk))

T
(alt(β̂k))

∗

+ ηq,l
r

= hq,l
r + ηq,l

r ,
(8)

where ηq,l
r is the AWGN with zero mean and covariance

matrix σ2

L I. The approximation in (8) is because the phase
rotation within one OFDM block due to the Doppler frequency
can be approximated as a constant when fr,kT ≪ 1 [13].

When beams directed to different terminals are not or-
thogonal, we need to further consider the relative delays
between any two terminals. If the maximum delay difference
maxk τr,k − mink τr,k, which can be estimated according to
predicted values of {τr,k}Kk=1, is smaller than Tcp, we can
always find a suitable time compensation m̂rTcp which makes
mink τr,k−m̂rTcp > 0 and maxk τr,k−m̂rTcp < Tcp to avoid
inter-block interference. Otherwise, we can group terminals
based on the maximum relative delays between terminals,
and terminals with the maximum relative delay less than
Tcp are grouped together. Considering that the relative delays
between terminals in different groups are typically much
larger than the range resolution 1

L∆f , Extensive Cancellation
Algorithm (ECA) is used to eliminate mutual interference
between terminals who are not in the same group [24]. After
ECA, received signals in (4) can be approximately converted
into yi

r(t) =
∑|Ai|

k=1Ar,ke
j2πfr,ktx(t−τr,k)+ηr(t), i = 1, ...I ,

where I is the number of group, Ai is the ith group of
terminals with maxk∈Ai τr,k −mink∈Ai τr,k < Tcp and |Ai|
is the size of Ai. For each yi

r(t), matched filtering on the
lth subcarrier is performed with timing compensation m̂r,i to
obtain

yq,l
r,i =

1

T

∫ (q−1)To+T

(q−1)To

yi
r(t+ m̂r,iTcp)e

−j2π(l−1)∆ftdt

≈
√
MtMr

|Ai|∑
k=1

|Ai|∑
k′=1

ρk′,lAr,ke
j2π(l−1)∆f(m̂r,iTcp−τr,k)bqk′,l

alr(θr,k)(a
l
t(βk))

T
(alt(β̂k′))

∗
ej2πfr,k(m̂r,iTcp+(q−1)To+T/2)

+ ηq,l
r,i

= hq,l
r,i + ηq,l

r,i ,
(9)

where m̂r,i is selected to ensure mink∈Ai
τr,k − m̂r,iTcp >

0 and maxk∈Ai
τr,k − m̂r,iTcp < Tcp. For terminals

in Ai, we can get a RMrQL-dimensional complex vec-
tor ẏi[t] = [(y1,1

1,i )
T , ..., (yQ,L

R,i )
T ] = ḣi(sAi [t]) + η̇i[t],

where ḣi(sAi [t]) = [(h1,1
1,i )

T , ..., (hQ,L
R,i )

T ] and η̇i[t] =

[(η1,1
1,i )

T , ..., (ηQ,L
R,i )

T ]. Define ẏ[t] = [ẏ1[t], ..., ẏI [t]] =

ḣ(s[t]) + η̇[t], where ḣ(s[t]) = [ḣ1(sA1 [t]), ..., ḣI(sAI
[t])]

and η̇[t] = [η̇1[t], ..., η̇I [t]]. For the convenience of later
analysis, complex vectors ẏ[t], ḣ(s[t]) and η̇[t], are ar-
ranged into a 2RMrQLI-dimensional real vector y[t] =
[R(ẏ[t]), I(ẏ[t])]T = h(s[t]) + η[t], where R(x) and I(x)
denote the real and imaginary parts of x respectively, h(s[t]) =
[R(ḣ(s[t])), I(ḣ(s[t]))]T and η[t] = [R(η̇[t]), I(η̇[t])]T .

The weighted sum rate of K terminals can be given by

R̄ =
1

L

K∑
k=1

L∑
l=1

ρk,lwk log

1 +

∣∣∣wH
k,lgk,l

∣∣∣2 pk,l
σ2
C

 , (10)

where gk,l =
√
MtAke

jφk,lalt(βk) is the channel vector
between transmitting BS and the kth terminal, Ak denotes
the path loss from the transmitting BS to terminal k, φk,l is
the phase of the lth subcarrier channel of terminal k, σ2

C is
the noise power at the communication receiver and wk is the
weight of terminal k for fairness.

III. BEAM TRACKING BASED ON KALMAN FILTER
In this section, we propose to use the EKF and UKF to

track the communication terminals. In order to track terminal
k ∈ Ai, we extract the measure information corresponding
to terminal k from {yq,l

r,i} to form a real vector yk[t] ∈
R2RMrQLk×1 for terminal k at time t, where Lk denotes the
number of subcarriers allocated to terminal k. Based on (3)
and (9), the state evolution equation and measure equation can
be expressed as{

sk[t] = Fsk[t− 1] + ωk[t],
yk[t] = hk(sk[t]) +

∑
k′ ̸=k hk′(sk′ [t]) + ηk[t],

(11)

where F can be expressed by

F =


1 0 QTo 0
0 1 0 QTo
0 0 ι 0
0 0 0 ι

 , (12)
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ωk[t] is the process noise with zero-mean and covariance ma-
trix Gωk

= diag(0, 0, σ2
ωk
, σ2

ωk
) and ηk[t] is the measurement

noise with zero-mean and covariance matrix Gηk
= σ2

2LI.
Note that when the number of array antennas is large, the
multi-terminal interference during tracking is negligible, i.e.,
hk′(sk′ [t]) ≈ 0, as shown in (8). Otherwise, the echo signals
from other terminals {hk′(sk′ [t]), k′ ̸= k, k′ ∈ Ai} will
degrade the tracking performance. The measurement equation
in (11) is nonlinear, so we can use EKF or UKF for tracking.
The MSE of EKF has a recursive relationship, which can
facilitate our performance optimization later. However, when
the measurement equation is highly nonlinear, using UKF can
obtain better tracking performance than EKF.
A. Tracking based on EKF

With (12), the EKF is implemented to predict the state of
the kth terminal at time t according to the following steps:
1) Terminal State Prediction:

ŝk[t|t− 1] = Fŝk[t− 1|t− 1], (13)
where ŝk[t − 1|t − 1] denotes the estimated state of terminal
k at time t − 1 and ŝk[t|t − 1] denotes the predicted state of
terminal k at time t.
2) Mean Square Error (MSE) Matrix Prediction:

Mk [t|t− 1] = FMk [t− 1|t− 1]FT +Gωk
, (14)

where Mk [t|t− 1] = E((sk[t] − ŝk[t|t − 1])(sk[t] − ŝk[t|t −
1])T ), Mk [t− 1|t− 1] = E((sk[t−1]− ŝk[t−1|t−1])(sk[t−
1]− ŝk[t− 1|t− 1])T ).
3) Kalman Gain Calculation:

Kk [t] = Mk [t|t− 1]HT
k [t]

(Gηk
+GI

k +Hk[t]Mk[t|t− 1]HT
k [t])

−1,
(15)

where Hk[t] = ∂hk(sk[t])
∂sk[t]

∣∣∣
sk[t]=ŝk[t|t−1]

, GI
k is a diagonal

matrix and its 2rmqlth diagonal element is Mtpk,l

|
∑

k′ ̸=k Ar,k′e
−j 2π

λl
(m−1)d cos θr,k′ ej2π(l−1)∆f(m̂r,iTcp−τr,k′ )

ej2πfr,k′ (m̂r,iTcp+(q−1)To+T/2)(alt(β̂k′))T (alt(β̂k))
∗
|2, Hk[t] is

obtained by linearizing hk(sk[t]) near ŝk[t|t− 1].
4) Terminal State Update:

ŝk [t|t] = ŝk [t|t− 1] +Kk [t] (yk [t]− hk (ŝk [t|t− 1]))
(16)

5) MSE Matrix Update:
Mk [t|t] = (I−Kk [t]Hk[t])Mk[t|t− 1]. (17)

Substituting Kalman gain in (15) into (17), we can get
Mk[t|t] = Mk[t|t− 1]−Mk[t|t− 1]HT

k [t](Gηk
+GI

k

+Hk[t]Mk[t|t− 1]HT
k [t])

−1Hk[t]Mk[t|t− 1]

= (HT
k [t](Gηk

+GI
k)

−1HT
k [t] +M−1

k [t|t− 1])−1,
(18)

where the second equation holds due to the matrix inversion
equation in (34). Substituting (14) into (18) leads to

M−1
k [t|t] = HT

k [t](Gηk
+GI

k)
−1HT

k [t] +

(FMk [t− 1|t− 1]FT +Gωk
)−1,

(19)

which shows the recursive relationship between MSEs at
different time in the EKF.

B. Tracking based on UKF
Similar to EKF, UKF is also built on the linear Kalman

filter, so the state update and MSE matrix update are the same
as Kalman filter, i.e.,

1) Terminal State Update:
ŝk [t|t] = ŝk [t|t− 1] +Kk[t](yk[t]− ŷk [t|t− 1]), (20)

2) MSE Matrix Update:

Mk [t|t] = Mk [t|t− 1]−Kk[t]Mk,yy [t|t− 1]KT
k [t], (21)

where Kk[t] = Mk,sy [t|t− 1]M−1
k,yy [t|t− 1] is the Kalman

gain, Mk,sy [t|t− 1] is the cross covariance matrix between
the observation vector and the state, and Mk,yy [t|t− 1] is
the covariance matrix of the innovation process. Due to
the nonlinear measure model, the prediction of observation
ŷk [t|t− 1], the terminal state prediction ŝk [t|t− 1], MSE
matrix prediction Mk [t|t− 1] are calculated by numerical
calculation based on sigma sampling points [25]. Specifically,
ŷk [t|t− 1], ŝk [t|t− 1] and Mk [t|t− 1] are calculated by
(22), (27) and (28), respectively.
3) System Observation Prediction:

ŷk [t|t− 1] =

8∑
i=0

wihk(ςk,i[t− 1]), (22)

where ςk,i[t − 1] denotes the ith generated sigma point for
observation prediction of terminal k at time t− 1. ςk,i[t− 1]
is given by

ςk,i[t−1] =


ŝk[t|t− 1], i = 0

ŝk[t|t− 1] + ς̃k,i[t− 1], i = 1, 2, 3, 4

ŝk[t|t− 1]− ς̃k,i[t− 1], i = 5, 6, 7, 8

, (23)

where ς̃k,i[t − 1] = (
√
(4 + κ)Mk[t|t− 1])Ti , κ is a hyper-

parameter, (
√
M)i denotes the ith row of

√
M and

√
M is

the Cholesky decomposition of M. For i = 0, the weights of
sigma points w0 = κ

κ+4 and for i = 1, ..., 8, wi = 1
2(κ+4) .

With (22) and (27), Mk,yy [t|t− 1] and Mk,sy [t|t− 1] can
be calculated by

Mk,yy [t|t− 1] =

8∑
i=0

wi(hk(ςk,i[t− 1]− ŷk [t|t− 1])

(hk(ςk,i[t− 1]− ŷk [t|t− 1])
T
+Gηk

+GI
k,

(24)

and

Mk,sy [t|t− 1] =

8∑
i=0

wi(Fχk,i[t− 1]− ŝk [t|t− 1])

(hk(ςk,i[t− 1])− ŷk [t|t− 1])
T
,

(25)

respectively, where χk,i[t − 1] denotes the ith regenerated
sigma point for state prediction of terminal k at time t − 1.
χk,i[t− 1] can be expressed by

χk,i[t− 1] =


ŝk[t− 1|t− 1], i = 0

ŝk[t− 1|t− 1] + χ̃k,i[t− 1], i = 1, 2, 3, 4

ŝk[t− 1|t− 1]− χ̃k,i[t− 1], i = 5, 6, 7, 8

,

(26)
where χ̃k,i[t− 1] = (

√
(4 + κ)Mk[t− 1|t− 1])Ti .

4) Due to the linear state evolution equation, the terminal State
Prediction is:

ŝk [t|t− 1] = Fŝk[t− 1|t− 1]. (27)
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5) MSE Matrix Prediction:

Mk [t|t− 1] =

8∑
i=0

wi(Fχk,i[t− 1]− ŝk [t|t− 1])

(Fχk,i[t− 1]− ŝk [t|t− 1])
T
+Gωk

.

(28)

IV. ANALYSIS OF PCRLB DURING TRACKING

In this section, we derive PCRLB of predicted parameters
in the multi-terminal tracking scenario, which will be used as
performance metric of tracking performance in the resource
allocation problem in the next section.

In our beam tracking problem, the parameter vectors
{sk[t]}Kk=1 in Equation (11) are Gaussian Markov stochastic
processes. Therefore, we introduce PCRLB to analyze the
parameters estimation performance.

Define s[t] = [sT1 [t], ..., s
T
K [t]]T ,S[0 : t] = [sT [0], ...,

sT [t]]T , Y[0 : t] = [yT [0], ...,yT [t]]T and assume that the
initial state s[0] has a known probability density function
(PDF) p(s[0]). Then p(S[0 : t],Y[0 : t]) can be expressed
by

p(S[0 : t],Y[0 : t]) = p(s[0])

t∏
n=0

p(y[n]|s[n])

t∏
m=0

p(s[m]|s[m− 1]).

(29)

Let Ŝ[0 : t] represent the estimated state vector based on Y[0 :
t]. According to the definition of PCRLB, the estimation error
of S[0 : t] is lower bounded by PCRLB ,i.e.,

E{[Ŝ[0 : t]− S[0 : t]][Ŝ[0 : t]− S[0 : t]]T }
≽ C(S[0 : t]) ≜ J−1(S[0 : t]),

(30)

where C(S[0 : t]) is the PCRLB matrix, and J (S [0 : t]) ∈
R4K(t+1)×4K(t+1) is the posterior Fisher information matrix
(FIM) of S [0 : t] and can be calculated as

[J(S[0 : t])]ij = −E
(
∂2 log p(S[0 : t],Y[0 : t])

∂([S[0 : t]]i)∂([S[0 : t]]j)

)
,

i, j = 1, ..., 4K(t+ 1),

(31)

where [S[0 : t]]i denotes the ith element of S[0 : t]. Obviously,
the inverse of the 4K×4K right-lower block of J−1 (S [0 : t])
corresponds to the PCRLB C[t] of s[t]. According to the
inverse formula of the block matrix, for FIM J[t] = C−1[t],
there exists the following recursive relation [26],

J[t] = G−1
ω + E

((
∂hT (s[t])

∂s[t]

)
G−1

η

(
∂h(s[t])

∂sT [t]

))
−
(
G−1

ω

)T
F̂(J[t− 1] + F̂TG−1

ω F̂)
−1

F̂TG−1
ω

≈ G−1
ω +HT [t]G−1

η H[t]−
(
G−1

ω

)T
F̂(J[t− 1] + F̂TG−1

ω F̂)
−1

F̂TG−1
ω

= HT [t]G−1
η H [t] + (F̂J−1[t− 1]F̂T +Gω)

−1

(32)

where F̂ = diag(F, ...,F), Gω = diag(Gω1
, ...,GωK

), Gη =

diag(Gη1
+GI

1, ...,GηK
+GI

K), H[t] = [H̃1[t], ..., H̃K [t]] ∈
R2RMrQL×4K , H̃k[t] =

∂hi(sAi
[t])

∂sk[t]

∣∣∣
sk[t]=ŝk[t|t−1],k∈Ai

∈

R2RMrQL×4. The second approximation holds by adopting
the following first-order Taylor approximation,

h(s[t]) ≈ h(ŝ[t|t− 1]) +
∂h

∂s [t]

∣∣∣∣
s[t]=ŝ[t|t−1]

(s[t]− ŝ[t|t− 1]),

(33)

and the third equation holds due to the matrix inversion, i.e.,

Σ−ΣZ
(
R+ ZTΣZ

)−1
ZTΣ =

(
ZR−1ZT +Σ−1

)−1
.

(34)
We split J[t] into two parts, i.e., J[t] = J1[t] + J2[t], where
J1[t] = HT [t]G−1

η H[t] and J2[t] = (F̂J−1[t−1]F̂T+Gω)
−1.

J1[t] can be further written as

J1[t] =

 H̃T
1 [t]G

−1
η H̃1[t] · · · H̃T

K [t]G−1
η H̃1[t]

...
. . .

...
H̃T

1 [t]G
−1
η H̃K [t] · · · H̃T

K [t]G−1
η H̃K [t]

 .
(35)

On the other hand, we can see that J2[t] is a block diagonal
matrix if J[t−1] is a diagonal matrix. Based on the expressions
of J1[t] and J2[t], we have the following Lemma.

Lemma: When |(alt(βk))
H
alt(βk′)| = 0 for βk ̸= βk′ and

l = 1, ..., L, J[t] is a block diagonal matrix, where the kth
diagonal matrix Jk[t] = H̃T

k [t]G
−1
η H̃k[t]+(FJ−1

k [t−1]FT +
Gωk

)−1.
Proof: When |(alt(βk))

H
alt(βk′)| = 0 for βk ̸= βk′ , the

interference between terminals will vanish, as given in (8).
We divide all elements in h(s[t]) into some groups, and each
group corresponds to a subcarrier. Since each subcarrier is
allocated to only one terminal, each group in h(s[t]) only
contains parameters of one terminal. Therefore, in H̃k[t] =
∂hi(sAi

[t])

∂sk[t]

∣∣∣
sk[t]=ŝk[t|t−1],k∈Ai

, only groups with subcarriers

allocated to terminal k are nonzero and elements in other
groups are zero. For different terminals k and k′, the nonzero
terms of H̃k[t] necessarily correspond to the zero terms of
H̃k′ [t]. Therefore, H̃T

k [t]G
−1
η H̃k′ [t] = 0 for k ̸= k′. In this

case, (35) will degenerate into a block diagonal matrix, i.e.,

J1[t] =

H̃
T
1 [t]G

−1
η H̃1[t] · · · 0
...

. . .
...

0 · · · H̃T
K [t]G−1

η H̃K [t]

 . (36)

Therefore, J[t] is also a block diagonal matrix with the kth
diagonal matrix

Jk [t] = H̃T
k [t]G

−1
η H̃k[t]︸ ︷︷ ︸

Jk,1[t]

+(FJ−1
k [t− 1]FT +Gωk

)−1︸ ︷︷ ︸
Jk,2[t]

.

(37)
The proof is completed. ■

When J[t] is a block diagonal matrix, PCRLB matrix of the
kth terminal parameters estimation can be given by Ck[t] =
J−1
k [t]. It is observed that the recursive formula of C−1

k [t] in
(37) is the same as the that of M−1

k [t|t] in (19). Supposing
the initial state of the kth terminal sk[0] ∼ N (µsk,Csk), the
initial posterior FIM of the kth terminal can be calculated as

Jk[0] = −E
(
∂2 log p(sk[0])

∂2(sk[0])

)
= C−1

sk , (38)

This article has been accepted for publication in IEEE Transactions on Vehicular Technology. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TVT.2024.3419000

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Nanjing University. Downloaded on September 07,2024 at 10:05:56 UTC from IEEE Xplore.  Restrictions apply. 



7

where p(sk[0]) denotes the priori PDF of sk[0]. Therefore, in
EKF, when we choose the initial estimation as ŝk[0|0] = µsk,
the MSE of EKF will be equal to Ck[t].

Next, we will derive the specific expression of
Jk,1[t], which will facilitate our later optimization.
Define a new parameter vector to be estimated ξk =
[f1,k, θ1,k, β1,k, τ1,k, . . . , fR,k, θR,k, βR,k, τR,k]

T ∈ R4R×1.
With the help of the chain rule, Jk,1[t] can be expressed as

Jk,1[t] =
∂hT

i (sAi [t])

∂sk [t]
G−1

η

∂hi(sAi [t])

∂sTk [t]

∣∣∣
sk[t]=ŝk[t|t−1]

=

[
∂R(ḣT

i (sAi
[t]))

∂sk [t]
,
∂I(ḣT

i (sAi
[t]))

∂sk [t]

]
G−1

η∂R(ḣi(sAi
[t]))

∂sTk [t]

∂I(ḣi(sAi
[t]))

∂sTk [t]

 ∣∣∣∣∣
sk[t]=ŝk[t|t−1]

=
2L

σ2
R
(
∂ḣH

i (sAi
[t])

∂sk [t]

∂ḣi(sAi
[t])

∂sTk [t]

)∣∣∣∣∣
sk[t]=ŝk[t|t−1]

= UJ (ξk[t])U
T
∣∣∣
ξk[t]=ξ̂k[t|t−1]

,

(39)

where U = ∂ξk

∂sk
∈ R4×4R is the Jacobian matrix, J (ξk[t]) =

2L
σ2R

(∂ḣH
i (sAi

[t])

∂ξk

∂ḣi(sAi
[t])

∂ξT
k

)
. ∂ḣi(sAi

[t])

∂ξk
can be written as

∂ḣi(sAi
[t])

∂ξk
=

[
∂ḣi(sAi

[t])

∂f1,k
,
∂ḣi(sAi

[t])

∂θ1,k
,
∂ḣi(sAi

[t])

∂β1,k
,

∂ḣi(sAi [t])

∂τ1,k
, . . . ,

∂ḣi(sAi [t])

∂fR,k
,

∂ḣi(sAi
[t])

∂θR,k
,
∂ḣi(sAi

[t])

∂βR,k
,
∂ḣi(sAi

[t])

∂τR,k

]
, (40)

where[
∂ḣi(sAi [t])

∂fr,k

]
rmrql

= j2π(m̂r,kTcp + (q − 1)To + T/2)√
Mtρk,lAr,kb

q
k,le

j2π(l−1)∆f(m̂r,kTcp−τr,k)e
−j 2π

λl
(m−1)dcosθr,k

(alt(βk))
T (alt(β̂k))

∗
ej2πfr,k(m̂r,kTcp+(q−1)To+T/2), (41)[

∂ḣi(sAi [t])

∂θr,k

]
rmrql

= j
2π

λl
(m− 1)dsinθr,k

√
Mtρk,lAr,kb

q
k,l

ej2π(l−1)∆f(m̂r,kTcp−τr,k)ej2πfr,k(m̂r,kTcp+(q−1)To+T/2)

e
−j 2π

λl
(m−1)dcosθr,k(alt(βk))

T (alt(β̂k))
∗
, (42)[

∂ḣi(sAi [t])

∂βr,k

]
rmrql

=
√
Mtρk,lAr,kb

q
k,le

−j 2π
λl

(m−1)dcosθr,k

ej2π(l−1)∆f(m̂r,kTcp−τr,k)ej2πfr,k(m̂r,kTcp+(q−1)To+T/2)

(alt1(βk))
T (alt(β̂k))

∗
, (43)[

∂ḣi(sAi [t])

∂τr,k

]
rmrql

= −j2π(l − 1)∆f
√
Mtρk,lAr,kb

q
k,l

ej2π(l−1)∆f(m̂r,kTcp−τr,k)ej2πfr,k(m̂r,kTcp+(q−1)To+T/2)

(alt(βk))
T (alt(β̂k))

∗
e
−j 2π

λl
(m−1)dcosθr,k , (44)

and

alt1 (βk) =
1√
Mt

[0, j
2π

λl
dsinβke

−j 2π
λl

dcosβk , . . . ,

j
2π

λl
d (Mt − 1) sinβke

−j 2π
λl

(Mt−1)dcosβk ]T .

(45)
Defining bqk,lρk,lΓ

i
k,l[t] =

[∂ḣi(sAi
[t])

∂ξk

]
((l − 1)MrQR + 1 :

lMrQR, i)|ξk[t]=ξ̂k[t|t−1], Bk,l[t] (i, j) =
(
Γi
k,l[t]

)H

Γj
k,l[t],

the (z, z′)-th element of Jk,1[t] can be written as

Jk,1[t](z, z
′) = U (z, :)J(ξ̂k[t|t− 1])UT (:, z′)

=

4R∑
i=1

4R∑
j=1

L∑
l=1

U (z, i)UT (j, z′)pk,lρk,lR[Bk,l[t](i, j)]

=

L∑
l=1

pk,lρk,lB̃k,l[t] (z, z
′) , (46)

where B̃k,l[t] (z, z
′) = 2L

σ2

4R∑
i=1

4R∑
j=1

U(z, i)UT (j, z′)

R[Bk,l[t](i, j)]. For ease of representation, we define Dk[t] =
(FJ−1

k [t − 1]FT + Gωk
)−1. Then, the (z, z′)-th element of

Jk[t] can be expressed by

[Jk[t]](z, z
′) =

L∑
l=1

pk,lρk,lB̃k,l[t] (z, z
′) +Dk[t](z, z

′).

(47)
Notice that Jk[t − 1] is independent of the transmission
parameters at time t. Therefore, Dk[t](z, z

′) in (47) can
be considered as a constant in the following optimization
problem. The diagonal elements of J−1

k [t] correspond the min-
imum MSE of estimation of (dk,x[t], dk,y[t], vk,x[t], vk,y[t])
respectively. However, the complex expression of J−1

k [t](i, i)
makes it difficult to be applied to the following optimization
problem. Therefore, we take the 2× 2 submatrix of the upper
left corner of Jk[t] to calculate the lower bound of PCRLB of

(dk,x[t], dk,y[t]). Letting Jkd[t] =

[
Jk[t](1, 1) Jk[t](1, 2)
Jk[t](2, 1) Jk[t](2, 2)

]
,

it is easy to prove that [J−1
kd [t]](i, i) ≤ [J−1

k [t]](i, i) with the
inverse of the block matrix, where equality holds when Jk[t]
is a block diagonal matrix.

V. SUBCARRIER AND POWER ALLOCATION DURING
TRACKING

In this section, we will perform subcarrier and power
allocation to capture the optimal tradeoff between transmission
rate and prediction accuracy. When optimizing the transmit
parameters at time t, we have obtained the predicted locations
and velocities of terminals with measure information before
time t via EKF or UKF. With predicted locations, we can
know m̂r,k and β̂k in Equation (9). Resource allocation among
terminals also needs to know the channel information between
the BS and terminals, which can be calculated according
to predicted location information. Because the power and
subcarrier allocation at time t influences transmission rate
at time t and prediction accuracy at time t + 1, thereby
affecting the transmission rate at time t+1, we need to jointly
optimize the subcarrier and power allocation in each stage to
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maximize the transmission rate while satisfying the prediction
accuracy requirement. In each stage, we consider the following
optimization problem

max
{ρk,l,pk,l} k=1,...K

l=1,..L

R̄ (48)

s.t.

K∑
k=1

L∑
l=1

ρk,lpk,l ≤ PT , (48a)

pk,l ≥ 0, ρk,l ∈ {0, 1} ,∀k, l, (48b)
K∑

k=1

ρk,l = 1,∀l, (48c)

J−1
kd [t](1, 1) ≤ ζk[t],∀k, (48d)

J−1
kd [t](2, 2) ≤ ζk[t],∀k, (48e)

where ζk[t] denotes the PCRLB constraint of the kth terminal,
and PT is the total transmit power constraint. (48d) and (48e)
denotes the requirements of location estimation accuracy at
time t. It can be seen that (48d) and (48e) are non-convex
constraints. Therefore, we make some transformations to the
constraints. According to (48d), we have[

Jkd[t](1, 1) Jkd[t](1, 2)
Jkd[t](2, 1) Jkd[t](2, 2)

]−1

1,1

≤ ζk[t] (49)

⇒ Jkd[t](2, 2)

Jkd[t](1, 1)Jkd[t](2, 2)− Jkd[t](1, 2)Jkd[t](2, 1)
≤ ζk[t]

(50)

⇒
Jkd[t](2, 2)(Jkd[t](1, 1)ζk[t]− 1)−

Jkd[t](1, 2)Jkd[t](2, 1)ζk[t] ≥ 0.
(51)

Constructing the matrix

L (dk,x[t]) =

[
Jkd[t](2, 2) Jkd[t](1, 2)

√
ζk[t]

Jkd[t](2, 1)
√
ζk[t] Jkd[t](1, 1)ζk[t]− 1

]
,

(52)
it can be found that L (dk,x[t]) is a positive semidefinite matrix
when (51) holds. Similarly, we construct

L (dk,y[t]) =

[
Jkd[t](1, 1) Jkd[t](1, 2)

√
ζk[t]

Jkd[t](2, 1)
√
ζk[t] Jkd[t](2, 2)ζk[t]− 1

]
,

(53)
so that the constraint in (48e) can be converted to L (dk,y[t]) ≽
0. Then, the optimization problem in (48) can be rewritten as

max
{ρk,l,pk,l} k=1,...K

l=1,..L

R̄

s.t.

K∑
k=1

L∑
l=1

ρk,lpk,l ≤ PT ,

pk,l ≥ 0, ρk,l ∈ {0, 1} ,∀k, l,
K∑

k=1

ρk,l = 1,∀l,

L (dk,x[t]) ≽ 0,∀k,
L (dk,y[t]) ≽ 0,∀k.

(54)

The problem in (54) is still a non-convex mixed integer
programming problem. A conventional method is to solve (54)
with alternating optimization. Specifically, for given {ρk,l},

the problem is a semi-definite programming (SDP) problem
and can be solved with convex optimization tool and for given
{pk,l}, the problem is a semi-definite integer programming and
can be solved with optimization tool YALMIP. However, this
method is only applicable to situations where the number of
subcarriers is relatively small. When the number of subcarriers
is large (e.g., L ≥ 64), the solution by optimization tool
YALMIP is time-consuming. Therefore, we propose a low-
complexity solution to (54). Let p̃k,l = ρk,lpk,l, and relax ρk,l
to the real number in (0, 1]. To restrict ρk,l to take values at
the endpoints, we add the constraint

ρk,l(1− ρk,l) ≤ 0,∀k, l. (55)

Therefore, the problem (54) is transformed to

max
{ρk,l,p̃k,l} k=1,...K

l=1,..L

R̄′ (56)

s.t.

K∑
k=1

L∑
l=1

p̃k,l ≤ PT , (56a)

p̃k,l ≥ 0, 0 < ρk,l ≤ 1,∀k, l, (56b)
ρk,l(1− ρk,l) ≤ 0,∀k, l, (56c)
K∑

k=1

ρk,l = 1,∀l, (56d)

L (dk,x[t]) ≽ 0,∀k, (56e)
L (dk,y[t]) ≽ 0,∀k, (56f)

where R̄′ = 1
L

∑K
k=1

∑L
l=1 ρk,l log

(
1 +

|gk,lwk,l|2p̃k,l

ρk,lσ2
C

)
is a

concave function on ρk,l and p̃k,l. Since f(ρk,l) = ρk,l(1 −
ρk,l) in (56c) is a non-convex function, we utilize a first-order
Taylor expansion at the point ρ(j)k,l to obtain a convex upper
bound function of f(ρk,l), i.e., (ρ(j)k,l)

2+ρk,l(1−2ρ(j)k,l), where
j denotes the iteration index. By introducing a slack variable
αk,l, the constraint (56c) is converted to

(ρ
(j)
k,l)

2 + ρk,l(1− 2ρ
(j)
k,l) ≤ αk,l,∀k, l. (57)

Then, the problem in (56) can be solved by iteratively solving
the following problem,

max
{ρk,l,p̃k,l,αk,l} k=1,...K

l=1,..L

R̄′ − η(j)V (58)

s.t.

K∑
k=1

L∑
l=1

p̃k,l ≤ PT , (58a)

p̃k,l ≥ 0, 0 < ρk,l ≤ 1, αk,l ≥ 0,∀k, l, (58b)

(ρ
(j)
k,l)

2 + ρk,l(1− 2ρ
(j)
k,l) ≤ αk,l,∀k, l, (58c)

K∑
k=1

ρk,l = 1,∀l, (58d)

L (dk,x[t]) ≽ 0,∀k, (58e)
L (dk,y[t]) ≽ 0,∀k, (58f)

where η(j) is the penalty coefficient at the jth iteration, and
V =

∑K
k=1

∑L
l=1 αk,l denotes the total violation. In the (j +

1)th iteration, the values of {ρ(j+1)
k,l } are set to the solution

of problem (58) at the jth iteration. η(j) is updated according
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to η(j+1) = min(δη(j), ηmax), where ηmax is the maximum
penalty coefficient, δ > 1 is a constant to ensure V → 0. The
successive convex approximation algorithm for solving (58) is
given in Algorithm 1.

Algorithm 1: Solution to Problem (58)

1 Set initial values: {ρ(j)k,l}, η(j) > 0, ηmax, δ > 1, ε,
j = 0;

2 repeat
3 Solve (58) with CVX to obtain optimal solution

{ρj∗k,l, p̃∗k,l, α∗
k,l} and calculate R̄′(j);

4 Set ρ(j+1)
k,l = ρj∗k,l in (58c);

5 Set η(j+1) = min(δη(j), ηmax);
6 Set j = j + 1;
7 until |R̄′(j+1) − R̄′(j)| < ε;

In the problem (48), PCRLB constraints {ζk[t]}Kk=1 deter-
mine the impact of subcarrier/power allocation at time t on
the transmission rates at current and future time. Specifically,
increasing ζk[t] can improve the current transmission rate due
to the expanded feasible set, but it may decrease the rate at the
next time due to the reduced prediction accuracy. Therefore, to
improve the overall performance during tracking, we proposed
to optimize ζk[t] using reinforcement learning (RL).

In the framework of RL, in each time-step t, the agent
(training is implemented in CP) selects an action at according
to the policy π that is a probability distribution conditioned
on the current state st, i.e., at ∼ π(·|st). After executing the
selected action at, the system state transfers to st+1 according
to the distribution P (·|st, at) (which is typically unknown),
and the agent will receive a reward rt fed back by the system.
The objective of RL is to optimize π to maximize the expected
average reward η(π) = E{

∑T ′

t=0 rt|π}, in which T ′ is the total
tracking time. In our problem, the definitions of state, action,
and reward function are given as follows.

State: In each time-step t, the global state should have been
the coalition of true states of all terminals. However, we do
not have the knowledge of the real state but the predicted
one ŝk[t|t− 1],∀k. Therefore, the (partially observed) state is
defined as

st =
(
ŝ1[t|t− 1], · · · ŝK [t|t− 1]

)
. (59)

Action: The RL part only concentrates on the decision of
PCRLB constraints ζk[t], so that the action in RL is defined
as

at =
(
ζ1[t], · · · ζK [t]

)
. (60)

Reward: In each time t, the reward function is given by

r(st, at) = R̄[t], (61)

where R̄[t] is the weighted sum rate defined in Eq. (9). We
will abbreviate r(st, at) as rt for simplicity.

The overall diagram of beam tracking with parameters
optimization is given in Fig. 2. At each time-step t, the
EKF/UKF tracking algorithm predicts the state st based on
{ŝk[t − 1|t − 1]}Kk=1. Then, the RL agent selects an action

at according to π(·|st). Based on the given st and at, the
subcarrier/power allocation parameters {ρk,l[t], pk,l[t]} k=1,...K

l=1,...L

will be obtained by Algorithm 1. The transmitting BS trans-
mits to terminals with optimized parameters. The achievable
transmission rate rt is used to update neural network and the
echo signal y[t] is used for predicting the next state st+1.

By interacting with the environment, the agent (CP) can
collect the data segment {st, at, rt, st+1}T

′

t=0 for updating the
policy π (so as to maximize η(π)). Next, we will introduce
the updating process. In this paper, we adopt the soft actor-
critic (SAC) in [27] to train the policy. In SAC, the policy is
parameterized by a tractable neural network with parameters
θ. We still denote the policy as π for simplicity later, but it
is implicitly parameterized by θ. Besides, a parameterized Q-
function Qϕ (with parameters ϕ) is introduced, which is the
approximation of the action-value function [28]. The policy
can be trained by minimizing the following loss function [27],

Jπ(θ) = Est∼B{Eat∼π{δ log π(at|st)−Qϕ̄(st, at)}, (62)

where B is the experience replay buffer for storing historical
data, and δ is a temperature factor to encourage the exploration
of actions. Further, Qϕ̄ is the target Q-function introduced to
stabilize the training process [29], whose parameters ϕ̄ are
softly updated from ϕ.

Also, Qϕ needs to be updated to approach the real action-
value function. Qϕ is updated by minimizing the following
loss function,

JQ(ϕ) = E(st,at,rt,st+1)∼B{(Qϕ(st, at)− gt)2}, (63)

and gt is given by

gt =rt + (Qϕ̄(st+1, at+1)− δ log π(at+1|st+1)), (64)

where at+1 is sampling from π(·|st+1). We stress that since we
consider the scenario with finite episode length, the discount
factor is not applied in calculating gt, as in [30].

With the definitions of loss functions, the parameters θ, ϕ
and ϕ̄ are updated according to

θ ← θ + ψ∇θJπ(θ)

ϕ← ϕ+ ψ∇ϕJQ(ϕ),

ϕ̄← νϕ+ (1− ν)ϕ̄
(65)

where ψ ∈ (0, 1) is the learning rate, and ν ∈ (0, 1) is the
moving average factor.

Fig. 2. Diagram of proposed algorithm.

In the algorithm architecture shown in Fig. 2, to maximize
η(π), PCRLB constraints are regarded as output action of
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RL and {ρk,l[t], pk,l[t]} k=1,...K
l=1,...L

are optimized with successive
convex approximation in Algorithm 1. We will explain why
{ρk,l[t], pk,l[t]} k=1,...K

l=1,...L
are not explicitly set as the output ac-

tion of RL. Firstly, it is difficult to map the output of the neural
network into the set that satisfies the PCRLB constraints.
Secondly, {ρk,l[t], pk,l[t]} k=1,...K

l=1,...L
is a high-dimensional action

vector making it difficult to learn an ideal policy.

Algorithm 2: Beam tracking based on EKF (or
UKF) with power and subcarrier allocation

1 Initiate policy parameters θ, Q-function parameters ϕ,
empty replay buffer B;

2 Initiate target Q-function parameters ϕ̄← ϕ;
3 for iteration = 1, 2, ..., L do
4 Initiate ŝk[0|0], Mk[0|0], Jk[0] = Mk[0|0], ∀k;
5 Predict the state ŝk[1|0],∀k using EKF or UKF

((13) or (27)) and get the global state s1;
6 for t = 1,.., until the tracking process ends do
7 Select at according to π(·|st);
8 Calculate B̃k,l[t] and Dk[t] with (46) and (47),

and estimate ξ̂k[t|t− 1] using ŝk[t|t− 1], ∀k;
9 function ResourceAllocation(ξ̂k[t|t− 1],

B̃k,l[t], Dk[t], at):
10 Execute Algorithm 1 to obtain the

subcarrier/power allocation at time t;
11 return {pk,l[t]}, {ρk,l[t]}
12 Set beamformer wk,l[t] = (alt(β̂k[t|t− 1]))

∗
,

∀k, l and allocate the power and subcarriers at
time t according to the optimization results;

13 Get the reward rt in (10);
14 CP collects echo signals from distributed

receivers and predicts the state ŝk[t+ 1|t],∀k
with EKF or UKF ((13) or (27)) and get the
global state st+1;

15 Store a data segment {st, at, rt, st+1} into B;
16 Sample B group of data from B;
17 Calculate loss function Jπ(θ) and JQ(ϕ) using

sampled data with (62) and (63);
18 Update θ, ϕ and ϕ̄ with (65);
19 end
20 end

VI. SIMULATION RESULTS
In this section, we present simulation results to demonstrate

the communication and tracking performance in the multiuser
MIMO-OFDM system. If not otherwise specified, we set
fc = 26GHz, ∆f = 120KHz, Tcp = 0.59µs, To = 8.92µs,
Mr = 4, the noise power spectral density of radar receiver
and communication receiver are n0 = 2.5 × 10−22 and
n′0 = 10−18, the noise power in (4) is σ2 = n0L∆f and in
(10) is σ2

C = n′0∆f . Besides, the transmitting BS is located
at (0, 0)m, and the receiving BSs are located at (0, 30)m
and (0,−30)m, respectively. The attenuation coefficients in
(4) and (10) are set to Ar,k =

√
λ2RCS

(4π)3(dt
k)

2(dr
k)

2 and Ak =√
λ2

(4π)2(dt
k)

2.5 , respectively, where dtk denotes the distance

between terminal k and the transmitting BS, drk denotes the
distance between terminal k and the rth receiving BS, and
RCS is set to 0.1. In SAC, all networks have two fully-
connected hidden layers, with each layer having 256 neurons,
and the activation function is ReLU function. Besides, we set
ψ = 3×10−4, µ = 0.005, the size of experience replay buffer
B is 1× 106 and the mini-batch size is 256.
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Fig. 3. The trajectory of the terminal with and without process noise.

A. Tracking and communication performance in single termi-
nal case

In this subsection, we investigate the performance of track-
ing and communication when K = 1. We set Q = 4,
PT = 5W , σ2

ωk
= 0.03. Because |wH

k,lgk,l|2 in (10) is
approximately equal for different l, we equalize the power
between subcarriers, i.e., pk,l = PT /L. We set the initial real
location and velocity of the terminal s[0] = [−100, 100, 20, 0]
and the moving trajectory of the terminal follows the process
equation in (3). In the considered scenario, the terminal first
approaches the BSs and then moves away from them, as shown
in Fig. 3. Since the moving trajectory of terminal is stochastic,
the solid line in Fig. 3 is just a specific realization of random
trajectory. We use EKF and UKF to predict the location of
the terminal, and then determine the beamforming vectors
on each subcarrier based on the predicted location. We set
ŝ[0|0] = [−103, 103, 20, 0] and M[0|0] = diag(9, 9, 0, 0). Fig.
4(a) and Fig. 4(b) show the prediction performance of location
and velocity of the terminal during the entire tracking process.
We set L = 64, Mt = 8, 16, 32, 64. It can be seen that the
prediction accuracy of location and velocity improves as the
terminal approaches the BSs and deteriorates as it moves away
from them. This occurs because echo signal power is inversely
proportional to the distance between the terminal and BSs.
Furthermore, increasing the number of transmit antennas helps
to improve the tracking performance. Compared with EKF,
UKF achieves better prediction accuracy due to the highly
nonlinear measurement equation.

Fig. 4(c) shows the average communication rate between
the transmitting BS and the terminal during the above tracking
process with predicted beam directions. The transmission rates
with perfect beamforming vectors, i.e, wk,l = (alt(βk))

∗ are
also plotted as a benchmark. It can be seen that the rate loss
due to prediction error is almost negligible.

Fig. 5 demonstrates the prediction performance of loca-
tion and velocity and communication rate versus the total
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Fig. 4. Comparison of tracking and communication performance with different number of antennas.
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Fig. 5. Comparison of tracking and communication performance versus total transmit power with different number of subcarriers.

transmit power with different number of subcarriers. We set
Mt = 64. It can be observed that the prediction accuracy
and communication rate of the terminal improve with the
increasing of total transmit power. As the power increases,
the difference between MSEs decreases. Meanwhile, although
UKF achieves better prediction performance than EKF, the
difference shrinks as the power increases. The difference of
prediction performance between UKF and EKF is not reflected
in the communication performance, because the prediction
errors of both are too small to have negligible impact on the
communication performance. We can see that increasing the
number of subcarriers improves the prediction accuracy, but
decreases the spectral efficiency slightly.

B. Tracking and communication performance in multiple ter-
minals case
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Fig. 6. The trajectories of two terminals with s1[0] = [330, 330,−20, 0],
s2[0] = [30, 300,−20, 0], σ2

ω1
= σ2

ω2
= 8.

In this subsection, we investigate beam tracking for multiple
terminals with optimal subcarrier/power allocation. We set
Q = 4, K = 2, the initial states of the two terminals
s1[0] = [330, 330,−20, 0], s2[0] = [30, 300,−20, 0], σ2

ω1
=

σ2
ω2

= 8. Intuitively, we plot trajectories of two terminals
in a tracking experiment in Fig. 6. As stated in Sec. II-B,
during the entire tracking process, we need to keep judging
whether the relative delay of the two terminals are smaller than
Tcp. If not, ECA is used in the time domain to eliminate the
mutual interference between terminals. In Fig. 7, we evaluate
the PCRLB performance for location estimation with different
transmit power. We set Mt = 64. The ordinate corresponds to
the average PCRLB, which is obtained by averaging PCRLB
in 1500 tracking experiments. In each tracking experiment,
PCRLB =

∑T
t=1(J

−1[t](1,1)+J−1[t](2,2))

2T for location estima-
tion (T is the tracking time). In each tracking experiment,
for given t, the PCRLB constraints {ζk[t]}Kk=1 in (48) are
determined according to the output of actor neural network
in RL, and then we solve (56) to get ρk,l[t], pk,l[t] and
J−1[t]. Therefore, the vertical coordinate in Fig. 7 reveals the
predictive performance of terminal states when maximizing
communication rate under optimal PCRLB constraints. The
curves with ‘exact PCRLB’ are plotted by calculating the
diagonal elements of J−1[t] in (32) with optimized transmit
parameters. Lower bounds of PCRLB of location estimation
are plotted by calculating the diagonal elements of [Jkd[t]]

−1,
i.e., ignoring the interference between multiple terminals. As
the total transmit power increases, the PCRLB decreases
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and the gap between PCRLB and its lower bound decreases
as well. Additionally, the PCRLB of terminal 1 decreases
significantly when L increases from 64 to 128, while the
PCRLB of terminal 2 sometimes does not. This is because
as L increases, terminal 2 may be allocated fewer resources.
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Fig. 7. Average PCRLB of location versus total transmit power with different
number of subcarriers when K = 2.

Fig. 8 and Fig. 9 show the prediction accuracy and commu-
nication rate during tracking, respectively. We set PT = 5W,
L = 64. ‘MSE of location prediction’ in Fig. 8 is obtained
by executing Algorithm 2 and calculating Mk[t|t − 1] with
(14). As shown in the measure equation in (11), there exists
multi-terminal interference when |(alt(βk))

H
alt(βk′)| ̸= 0 for

βk ̸= βk′ . Compared with the ideal scenario without inter-
ference (ignoring interference item in (11)), the interference
reduces the SNR at the radar receiver, thereby degrading the
prediction performance. As the tracking time increases, the gap
between MSEs with and without interference increases, mainly
because the decrease in azimuth of the two terminals leads
to increased interference. Obviously, increasing the number
of transmit antennas can improve the prediction accuracy
during tracking process due to a larger array gain. It is
observed that although interference between echo signals can
reduce prediction accuracy, its impact on transmission rate is
negligible.
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Fig. 8. Average MSEs of location prediction with different number of
antennas when K = 2.
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Fig. 9. Average sum rate with different number of antennas when K = 2.

C. Performance comparison of radar-assisted and pilot-based
communications

In this subsection, we compare performance of sensing
based and pilot based beam tracking schemes. In the time
division duplex (TDD) system, beam tracking is usually
accomplished by channel prediction based on pilots from
terminals. In the pilot based comparison scheme, the terminal
occupies N symbols in an OFDM block to transmit pilots to
the transmitting BS, and then the transmitting BS estimates the
location of terminal with EKF and adjusts the beam pointing
to the terminal in the following data transmission phase. To
ensure the fairness of the comparison, we set all parameters
except the observed signals to be the same in the two schemes,
including Mt = 64, L = 64, Q = 14, PT = 10W,
s[0] = [320, 300, 20, 0], and σ2

ωk
= 0.3.
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Fig. 10. Comparison of terminal trajectory tracking under radar-assisted and
pilot-based methods.

Fig. 10 exhibits tracking trajectories of the terminal based
on the radar-assisted beam tracking and pilot-assisted beam
tracking in a tracking experiment with K = 1. As N
decreases from 3 to 1, the pilot-based prediction trajectory
gradually deviates from the real trajectory. Nevertheless, the
radar-assisted predicted trajectory (EKF or UKF) is much
closer to the real trajectory than pilot-based trajectory. This
is because only a small number of OFDM symbols are used
as pilot symbols in pilot-based scheme, while the sensing-
assisted scheme uses all OFDM symbols in each block for both
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Fig. 11. Comparison of communication rate under radar-assisted and pilot-
based methods.

prediction and communication. Besides, it can be observed that
predicted trajectory of UKF is closer to the real trajectory than
that of the EKF, which is in line with the results in Fig. 4.

In Fig. 11, average communication rates during the tracking
process are plotted. Average transmission rate is obtained by
averaging rates in 1500 tracking experiments. The average
transmission rate gradually decreases because the terminal is
heading gradually away from the BSs so that the signal power
at the receiver gradually decreases. It can be seen that the
rate with pilot-based method starts to drop sharply at the 7th
second when N = 1. This is because the predicted location
deviates significantly from the real location, which leads to the
reduction of beamforming gain. Although both the sensing-
assisted method and the pilot-based method with N = 2 and
3 can realize the beam tracking with low prediction error, the
radar-assisted method can achieve higher rate because it avoids
dedicated pilot overhead.
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Fig. 12. Comparison of prediction performance of radar-assisted and pilot-
based methods when K = 2.

In the multi-terminal scenario, we set K = 2, s1[0] =
[120, 100, 20, 0], s2[0] = [300, 240, 20, 0]. Fig. 12 and Fig.
13 show the MSE of predicted location and the average
transmission rate of the radar-assisted method and the pilot-
based method, respectively. It can be seen from Fig. 12 that
when N = 1, the pilot-based method has a large prediction
error and cannot realize the beam tracking. The sensing-
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Fig. 13. Comparison of communication rate of radar-assisted and pilot-based
methods when K = 2.

assisted method and the pilot-based method with N = 2 and
3 can realize the beam tracking. Since the terminals gradually
move away from the BSs, the MSE of location prediction
becomes larger and the transmission rate becomes smaller
during the tracking process. Furthermore, unlike Fig. 11, the
gap of transmission rates between UKF and EKF becomes
more pronounced because the prediction accuracy will effect
the resource allocation, which in turn puts a greater impact on
transmission rate.

D. Comparison mode

In this subsection, we compare two different radar-assisted
beam tracking schemes in multiuser MIMO-OFDM systems.
One is the single-stream frequency division scheme in this
paper, where each subcarrier is allocated to only one termi-
nal. Another is multi-stream space division scheme, where
space division multiple access (SDMA) is adopted in each
subcarrier. In SDMA scheme, the base band signal is xq(t) =∑K

k=1

∑L
l=1 wk,lb

q
k,le

j2π(l−1)∆ftξ(t− (q − 1)To),

(q − 1)To ≤ t ≤ qTo. By letting wk,l = (alt(β̂k))
∗
, echo

signals of terminal k after matched filtering are yk,q,l
r =√

MtMrAr,kb
q
k,le

j2π(l−1)∆f(m̂r,kTcp−τr,k)alr(θr,k)(a
l
t(βk))

T

(alt(β̂k))
∗
ej2πfr,k(m̂r,kTcp+(q−1)To+T/2) + ηk,q,l

r . We allocate
the total transmit power equally among all subcarriers and in
each subcarrier, transmit powers between users are allocated
with the method in [18]. Once transmit powers in each
subcarrier are determined, PCRLB formula in (32) can be
applied to calculate PCRLB in the OFDM-SDAM scheme. In
Fig. 14, curves with ”Space Division” exhibit the relationship
between sum rate and PCRLB during beam tracking process
with optimal power allocation. We set Mt = 64, L = 128,
Q = 4, PT = 5W , σ2

ω1
= σ2

ω2
= 0.1.

We consider two cases with different initial states. In Case
1, s1[0] = [330, 330,−20, 0] and s2[0] = [30, 300,−20, 0],
and in Case 2, s1[0] = [110, 400,−20, 0] and s2[0] =
[85, 300,−20, 0]. Fig. 14(a) and Fig. 14(c) show the learn-
ing curves in two cases respectively. Obviously, the average
reward increases as the number of learning steps increases
and converges at about 6× 104 steps. This result verifies that,
PCRLB constraints obtained by RL algorithm can make the
system obtain better long-term performance.
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Fig. 14. The comparison of two different schemes in two cases.

Fig. 14(b) and Fig. 14(d) compare the tradeoff between
the average sum rate and PCRLB of each terminal of two
schemes in two cases respectively. In the first case, two
terminals are far separated in AoD and in the second case,
two terminals are close in AoD. In frequency division scheme,
sum rate and PCRLB of each terminal during tracking are
obtained by solving (48), in which ζk[t]s are determined by
the learned policy π(·|st). Average sum rate and PCRLB are
obtained by averaging sum rates and PCRLBs in 1500 tracking
experiments. Fig. 14(b) illustrates that to maximize the sum
rate, the PCRLB of terminal 1 gradually increases and the
PCRLB of terminal 2 remains almost unchanged during the
tracking process in the frequency division scheme. This is
because terminal 2 is closer to the BSs than terminal 1, and
the system tends to allocate more subcarriers to terminal 2 in
order to achieve the maximum sum rate. Besides, in this case,
the interference between users is small, so OFDM-SDMA can
achieve higher rate than frequency division scheme. Due to
low spatial separation, there is greater interference between
terminals in Case 2. Fig. 14(d) shows that in the space divi-
sion scheme, increased inter-terminal interference will reduce
the sum rate significantly. In summary, the space division
scheme has greater advantage in prediction performance since
all subcarriers are used for beam tracking. However, the
communication rate of the space division scheme is severely
affected by interference between terminals. In contrast, when
terminals’ locations change, the frequency division scheme has
better robustness in terms of transmission rate and prediction
performance.

VII. CONCLUSION
In this paper, we propose a radar-assisted beam tracking

scheme in a mmWave MIMO-OFDM system. In the closed-
loop tracking process, CP uses EKF or UKF to predict

locations of terminals with echoes received by distributed
receivers, and feeds back the information to the transmitting
BS for optimizing transmit parameters. PCRLB of location
estimation is derived as metric of estimation performance.
Considering that the transmission parameters at the current
time will simultaneously affect the transmission rate at the
current time and the prediction of terminal locations at the next
time, we propose to optimize the subcarrier/power allocation
by combining RL and convex optimization to achieve optimal
overall performance. Simulation results demonstrate that our
proposed radar-assisted beam tracking scheme is able to obtain
better tracking performance and higher transmission rate than
the pilot-based scheme. Futhermore, the proposed single-
stream frequency division scheme achieves better tradeoff
performance than the multi-stream space division scheme
when the interference between terminals cannot be ignored,
for example, when the terminals are relatively close.
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