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Abstract—Rate-Splitting Multiple Access (RSMA) has recently
found favour in the multi-antenna-aided wireless downlink, as a
benefit of relaxing the accuracy of Channel State Information
at the Transmitter (CSIT), while in achieving high spectral
efficiency and providing security guarantees. These benefits are
particularly important in high-velocity vehicular platoons since
their high Doppler affects the estimation accuracy of the CSIT.
To tackle this challenge, we propose an RSMA-based Internet of
Vehicles (IoV) solution that jointly considers platoon control and
FEderated Edge Learning (FEEL) in the downlink. Specifically,
the proposed framework is designed for transmitting the unicast
control messages within the IoV platoon, as well as for privacy-
preserving FEEL-aided downlink Non-Orthogonal Unicasting
and Multicasting (NOUM). Given this sophisticated framework, a
multi-objective optimization problem is formulated to minimize
both the latency of the FEEL downlink and the deviation of
the vehicles within the platoon. To efficiently solve this problem,
a Block Coordinate Descent (BCD) framework is developed
for decoupling the main multi-objective problem into two sub-
problems. Then, for solving these non-convex sub-problems, a
Successive Convex Approximation (SCA) and Model Predictive
Control (MPC) method is developed for solving the FEEL-based
downlink problem and platoon control problem, respectively.
Our simulation results show that the proposed RSMA-based IoV
system outperforms both the popular Multi-User Linear Pre-
coding (MU–LP) and the conventional Non-Orthogonal Multiple
Access (NOMA) system. Finally, the BCD framework is shown
to generate near-optimal solutions at reduced complexity.

Index Terms—FEderated Edge Learning (FEEL), Internet of
Vehicles (IoV), Rate-Splitting Multiple Access (RSMA), Vehicular
Platoon Control.
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IN recent years, the smart city concept stimulated many
innovative ideas and applications for enhancing the quality

of life in urban areas. Through incorporating innovative Infor-
mation and Communication Technologies (ICTs), the quality
and efficacy of various urban operations and services have
been improved with the aid of the urban Internet of Things
(IoT) [1]. In this context, the Internet of Vehicles (IoV)
and Intelligent Transportation Systems (ITSs) have played a
conducive role in harnessing the Vehicle-to-Everything (V2X)
concept [2], [3].

Autonomous driving has brought about great challenges for
organizing and managing large-scale Autonomous Vehicles
(AVs). Vehicular platooning has been proposed as a promising
solution to address this problem [4]. The vehicular platoon
enables several AVs to be controlled and managed in a
cooperative manner relying on the IoV concept [5]. Since the
vehicular platoons are operated in a semi-autonomous control
mode, these vehicles are capable of supporting additional
services via their spare computing power, such as distributed
learning [6]. These services further impose challenging de-
mands on communication. Some services require multicasting
transmission, while others require unicasting transmission e.g.
video streaming. To support this hybrid communication sce-
nario, an efficient IoV system is desired.

Several existing studies have investigated the design of low-
latency V2X communication systems [7]–[9]. The deployment
of such techniques in Vehicular Ad-hoc NETworks (VANETs)
can help improve traffic efficiency and road safety in urban
areas. When considering the development of communication
systems, 5G V2X communication systems are capable of
enhancing the vehicular performance, while improving the
traffic efficiency in smart cities [10]–[13], relying for example
on Non-Orthogonal Multiple Access (NOMA). However, since
NOMA was shown to be outperformed by Rate-Splitting
Multiple Access (RSMA), we investigate its performance in
V2X communication systems [14].

The application and impact of RSMA in wireless communi-
cation systems have been extensively studied in the literature
of [15]–[18]. However, most existing works are developed
based on the users engaged in downlink communications,
hence they are not applicable to vehicular networks due
to the stochastic nature of vehicular movements. To tackle
this issue, the authors of [19], [20] analyzed the feasibility
of RSMA-based communication systems in conjunction with
diverse vehicle mobility patterns. In practice, reliable wireless
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communications play a crucial role in facilitating vehicular op-
erations. For instance, a vehicular platoon constitutes a promis-
ing vehicular management strategy, which requires efficient
wireless transmission in support of safe driving by keeping
the inter-vehicle distance in each lane. This increases the road
capacity of each lane and reduces the fuel consumption of
each vehicle. Existing studies focus on the implementation
of efficient wireless communication protocols conceived for
vehicular platoons [21]–[24]. Although these treatises have
evaluated the feasibility of several wireless communication
protocols, the benefits of RSMA in complex driving conditions
have not as yet been quantified.

To fill this research gap in the context of platooning
schemes, we propose an RSMA-based low latency Internet of
Vehicles (IoV) system relying on FEderated Edge Learning
(FEEL) aided downlink broadcasting for autonomous driv-
ing. In particular, we focus our attention on quantifying the
benefits of RSMA-based platoon control under well-defined
constraints. The main contributions of this work can be sum-
marized as follows:

• We design an efficient RSMA-based communication and
platoon control system for the IoV, which supports au-
tonomous driving. More explicitly, we jointly consider
the wireless communication and platoon motion control
system. The motion control of the platoon enhances the
efficiency of the RSMA-based communication system via
lower CSIT estimation error and larger channel gain. And,
RSMA provides reliable and robust wireless communica-
tion for the vehicular platoon, which improve the safety
of vehicular platooning.

• We propose a NOUM-enabled RSMA scheme for FEEL
downlink in the designed platoon system, where the
unicast control messages of the vehicular platoon and
for the FEEL-based autonomous driving messages are
transmitted simultaneously, in support of Non-Orthogonal
Unicasting and Multicasting (NOUM) transmission in the
downlink, where the global model of FEEL would be
broadcast to all the vehicles.

• We formulate a joint optimization problem for minimiz-
ing the latency of the FEEL DL and platoon control.
To efficiently solve this problem, we devise a Block
Coordinate Descent (BCD) based framework. This frame-
work decouples the original problem into a pair of
sub-problems for minimizing the latency of the FEEL
downlink and platoon control, respectively.

• Due to the non-convexity of the problems formulated,
a Successive Convex Approximation (SCA) approach is
developed for optimizing our RSMA-based communica-
tion problem, while a Model Predictive Control (MPC)
regime is conceived for solving our IoV platoon control
problem. We then evaluate the performance of the pro-
posed RSMA-based IoV system through a comprehensive
series of case studies.

The rest of this paper is organized as follows. Section II
presents the prior art and identifies the open challenges moti-
vating this work. In Section III, we develop an RSMA-based
IoV platoon system. Section IV formulates our optimization

problem to be solved by a block coordinate descent framework
in a parallel manner. Finally, Section V details our case studies,
while Section VI concludes this treatise.

II. RELATED WORK

A. Federate Edge Learning

The FEEL has been seen as a promising solution for sup-
porting ITS in the smart city [25]–[27]. It provides a privacy-
preserving approach to realize a large-scale learning system
in an efficient and scalable manner [28]. In FEEL, without
sacrificing the model accuracy, the metric of interest is to
minimize the total training time [29]–[33]. Many well-known
FEEL mechanisms have been proposed since the first work
in [29], where the FEEL is synchronous. Specifically, in each
iteration, the edge server has to receive the local models from
all workers before the next communication round [30], [31].
To achieve lower latency in each iteration, Wang et al. [32]
proposed an asynchronous federated learning over wireless
communication. Though asynchronous FL can well tackle
the edge heterogeneity, it requires frequent model transfers,
resulting in massive communication resource consumption.
Additionally, Ma et al. [33], propose a semi-asynchronous
federated learning mechanism (FedSA), where the parameter
server updates the global model relying on only a certain
number of local models by their arrival order in each round.

Based on the distributed learning framework, the FEEL has
recently been considered in vehicular networks for supporting
autonomous driving [34]. In this context, Zhou et al. [35]
proposed a two-layer FEEL model in a 6G environment for
reducing communication overheads. Moreover, Shinde et al.
[36] propose a FEEL framework, which jointly considers the
latency and the energy consumption in FEEL downlink. To
avoid the straggler in each communication round, a flexible
FEEL framework called FedCPF has been proposed in [37].
However, most of these frameworks improve the communica-
tion efficiency of the FEEL via the perspective of user schedul-
ing, which neglects the impact of wireless communication
schemes.

B. Internet of Vehicles

Given the gradual roll-out of the IoV in urban areas,
it is becoming an essential component in ITS, by sensing
their surrounding environment, without human involvement.
The V2X communication systems enable efficient wireless
transmission under the IoVs. In this context, Lee et al. [7]
verified the feasibility of V2X services, and then analyzed their
latency, when relying on shortened transmission time intervals.
Additionally, Ma et al.[8] reviewed a suite of application
scenarios in the context of High-Reliability and Low-Latency
(HRLL) wireless IoT networks, while a hybrid architecture
was designed in [9] for mitigating the contention latency, thus
facilitating long-distance communications at a given delay.
By relying on 5G systems, Kose et al., [10] surveyed the
ultra-reliable and low-latency communication requirements
related to V2X applications. A dense vehicular communication
network was conceived by Di et al. [11] in support of reliable
broadcasting among vehicles during each transmission period.
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Additionally, Liu et al. [12] developed a pair of relay-assisted
NOMA transmission schemes for mitigating traffic congestion
and for reducing the latency of 5G V2X communications. In
[13], a self-adaptive fuzzy logic-based strategy was proposed
by Zhang et al. for V2X communications.

The authors of [16], [17] conducted a comprehensive sur-
vey of the key multiple access techniques conceived for
aerial networks, advocating RSMA. A scalable and robust RS
scheme was proposed in Cloud Radio Access Networks (C-
RAN) based on statistical Channel State Information (CSI)
[15]. In [18], an efficient RSMA scheme was designed for
the downlink of a C-RAN. However, these contributions
only considered static users in the downlink. As a future
advance, considering the mobility of users, the performance
of RSMA was studied in [19], under realistic imperfect CSI
at the Transmitter (CSIT), which always becomes outdated
due to the user mobility and latency of the wireless network.
Additionally, a new RSMA architecture was proposed in [20]
for Unmanned Aerial Vehicles (UAV). In a nutshell, all these
contributions have shown the benefits of RSMA schemes in
V2X communication systems.

C. Vehicular Platoon

The integration of efficient wireless communication pro-
tocols into vehicular platoon systems is also expected to
improve the vehicular management strategy, by guaranteeing
low-latency critical information exchange in the face of high
mobility. In this context, it is of vital importance to pro-
vide each vehicle with the real-time movement information
of nearby vehicles equipped with Vehicle-to-Vehicle (V2V)
transmission techniques within the communication range. Nu-
merous researches have studied the IoV supported by V2V
communications. For instance, Thunberg et al. [21] proposed
an analytical framework for integrating the characteristics of
V2V communication into the physical mobility characteristics
of IoVs. In [22], an integrated platoon control framework was
developed by Xu et al., for heterogeneous vehicles traveling
around realistic curved roads by considering the wireless
communication delays. Additionally, Mei et al. [23] jointly op-
timized the radio resource allocation in the LTE-V2V network
and the associated control parameters of IoVs. The objective
of this work was to minimize the tracking error of vehicles
and guarantee the reliability of V2V communication. An AV
motion planning strategy was designed in [38], which was
based on motion prediction and V2V communication. Since
the NOMA principle is capable of increasing the capacity,
the associated uplink transmission power allocation problem
was formulated in [24], in the context of a UAV platoon
system. Each UAV acted as a relay assisting in inter-vehicle
communications. The problem of NOMA-based resource al-
location was formulated and analyzed in V2X systems in
[39]. However, the aforementioned studies do not consider
the utilization of RSMA in their platoon. Therefore, due to
the inevitable channel estimation error and the limited CSI
feedback [40], IoV platoons tend to suffer from packet loss
during their information sharing since the position and velocity
information become outdated and may lead to accidents.

To summarize, the RSMA-based IoV system provides reli-
able and robust wireless communication for the IoV system of
the vehicular platoon. By relying on the RSMA, the vehicular
platoon has less probability to suffer from the outage problem
in emergency motion change, which enhances the safety of
the vehicular platooning. On the other hand, the smooth
and well-organized platoon control provides the IoV system
with lower CSIT estimation error and higher channel gain,
which improves the spectral and energy efficiency of the V2X
communication. Finally, the FEEL downlink benefits from this
efficient RSMA-based IoV platoon system in terms of latency.

III. SYSTEM MODEL

A. IoV Platoon System

In this study, we design an IoV system to support the
FEEL in vehicular platooning. In contrast to the conventional
wireless communication systems, two major challenges should
be met in the vehicular platoons: 1) the motion of the vehicles
is highly dynamic, which leads to imperfect CSIT [19], 2) the
FEEL and platoon control messages require both multicasting
and unicasting. To tackle these problems, NOUM-enabled
RSMA is considered [41]. This RSMA scheme is specifically
designed for the NOUM transmission scenario and is resilient
to the imperfect CSIT in vehicular platooning. By relying on
the RSMA, the platoon has less probability to suffer from
the outage problem in emergency motion change [20], which
enhances the safety of the vehicular platooning.

The proposed RSMA-based platoon system relies on jointly
solving the FEEL problem and platoon control problem illus-
trated in Fig. 1. It is comprised of three major components,
namely the FEEL system, the RSMA communication system,
and the platoon control system. Each platoon is composed of a
Lead Vehicle (LV) and a number of Follower Vehicles (FVs).
Considering the Quality of Service (QoS) constraints, e.g.,
the outage problem, the scale of a single platoon is less than
10 vehicles. All these vehicles shall support RSMA for V2X
communication, i.e. equipped with 1-layer SIC and multiple
antennas. The LV is responsible for the entire platoon’s be-
havioral decisions controlled by broadcasting its timely status
and control information to the FVs via V2V communication.
The FVs in the platoon are controlled by the LV for ensuring
that they are traveling at the same speed, while maintaining a
safe inter-vehicle distance. Since the FVs follow the LV and
operate in a semi-autonomous control mode, these vehicles
are capable of supporting additional services via their spare
computing power, such as distributed learning [6]. However,
it is unlikely that all vehicles are willing to upload their local
data to the LV due to privacy concerns. To tackle this problem,
the FEEL system is proposed as a promising solution. In the
system considered, each FV trains the individual local model
relying on their local dataset, and then uploads the relevant
information to the LV. Then, the LV updates the global model
accordingly. After each iteration, the LV can download the
global model to all the FVs. However, it is inefficient to
transmit this global model via the unicast stream supporting
the individual uploads to the LV. To address this issue, the
NOUM-enabled RSMA concept is proposed. In this system,
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Vehicular Platoon

One Communication Round

Phase 1: LV  
Receives the 

information from the 
FVs and the base 

station.

Phase 2: LV 
Computes the control 
inputs for the platoon 
and the global model 

for the FEEL.

Phase 3: LV 
Downloads the control 
inputs and the global 

model to the FVs.

Phase 6: FV 
Uploads the relevant 

information to the LV.

Phase 5: FV 
Trains the individual 

local model relying on 
its local dataset.

Phase 4: FV 
Receives the control 
inputs and the global 
model from the LV.

Fig. 1. Proposed system model.

the FEEL model will be sent from the LV to the FVs via the
super common message, and the platoon control results will be
contained in private messages as well as common messages,
which will be detailed as follows.

B. Federated Edge Learning System

According to [42], the adoption of the FEEL system
is capable of preserving privacy while reducing both the
communication and annotation costs, rather than using the
conventional centralized learning methods relying on data
aggregation. Hence, we consider a Stochastic Gradient Descent
(SGD) FL system comprising an LV, which acts as an edge
server, and K FVs. In each communication round, say the n-th
round, the LV broadcasts its current model wn to all the FVs.
Each FV collects its own private data via interacting with the
individual adjacent FV so as to constitute its local dataset. Let
Dk denote the local dataset collected at the k-th FV. The local
loss function of the model vector w on Dk is given by:

Fk(w) =
1

|Dk|
∑

di∈Dk

f(w, di), (1)

where f(w, di) is the sample-wise loss function that quantifies
the prediction errors of the model w w.r.t the i-th part of the
training sample, namely di, di ∈ Dk. In each communication
round of the FEEL, say the n-th round, FV k computes
a local estimate of the gradient of the loss function in (1)
using its local dataset Dk and the global model wn. Let gn

k

denote the local gradient estimate at the k-th FV in the n-th
communication round. This local gradient estimate would then

be uploaded to the LV, and the global estimate of the gradient
of the loss function in (1) can be calculated as:

ḡn =
1

K

K∑
k=1

gn
k . (2)

Then, the global model would be updated as:
wn+1 = wn − ηḡn, (3)

where η is the step size. Next, the global model wn+1 would
be broadcast back to the FVs for the next iteration. The
learning process involves iterations between (1) and (3), until
the model converges.

C. RSMA Communication System

In addition to the FEEL service, the LV can provide both
communication and computing resources for other applications
(e.g. platoon control). Thus, we consider a NOUM transmis-
sion system, where both the unicast and multicast services
are activated in the same time-frequency resource blocks. We
assume that the multicast service is provided for the FEEL
broadcast, while the unicast service is mainly for platoon
control. A single-layer RS-assisted NOUM is utilized to com-
municate with K FVs, where the LV is equipped with M
antennas [41]. The difference between the RS-assisted NOUM
[41] and the conventional RMSA [14], [19], [43] is that, in
RS-assisted NOUM, the multicast message is jointly encoded
with the unicast messages into a common-super stream, which
would be decoded by all FVs.
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Specifically, in the t-th time slot, FV k, ∀k ∈ K, re-
quires a dedicated unicast message Wk(t) and a multicast
message W0(t). The unicast messages [W1(t), ...,WK(t)] are
split into a common sub-message W c

k (t) and a private sub-
message W p

k (t). The private sub-messages [W p
1 (t), ...,W

p
K(t)]

of the unicast messages are independently encoded into private
streams [s1(t), ..., sK(t)], while the common sub-messages
[W c

1 (t), ...,W
c
K(t)] of the unicast messages are jointly en-

coded with the multicast message W0(t) into a common-super
stream sc(t), which has to be decoded by all FVs. These
data streams, given by the set s(t) ≜ [sc(t), s1(t), ..., sK(t)],
are linearly precoded by using the transmit precoding (TPC)
matrix P (t) ≜ [pc(t),p1(t), ...,pK(t)] ∈ CM×(M+1). Here,
C denotes the complex space. Thus, the transmitted signal is
described as:

Ltr(t) = P (t)s(t) = pc(t)sc(t) +
∑
k∈K

pk(t)sk(t). (4)

The transmit signal vector Ltr = Ps is subject to the power
constraint E{||Ltr||2} ≤ Pt. Here, E{·} means the expectation.
At the t-th time slot, the signal received at the k-th FV can
be written as:

Lre
k (t) = hH

k (t)Ltr(t) + nk(t), (5)

where Lre
k (t) is the signal received by FV k, hk(t) ∈ CM×1

is the fading channel vector of the link spanning from the
LV to FV k, and nk is the circularly symmetric complex
Additive White Gaussian Noise (AWGN) with zero-mean and
variance σ2, where the operator (·)H , represents the Hermitian
transpose of a matrix.

At the receiver side, each FV k decodes both sc(t) and
sk(t) by using a single layer of SIC. In particular, sc(t) is
decoded first by treating the interference of all other streams
as Gaussian noise, where FV k can recover the desired
common part W c

k (t). Then, the effect of sc(t) is cancelled
from the received aggregate signal by SIC. This is achieved
by remodulating W c

k (t) and then subtracting it from sc(t),
leaving behind the desired private part W p

k (t). Based on
W c

k (t) and W p
k (t), the desired message Wk is retrieved. The

corresponding instantaneous Signal-to-Interference-plus-Noise
Ratio (SINR) of W c

k (t) and W p
k (t) is given by:

γck(t) =
|hH

k (t)pc(t)|2∑
i∈K |hH

k (t)pi(t)|2 + σ2
, (6)

γpk(t) =
|hH

k (t)pk(t)|2∑
i∈K\k |h

H
k (t)pi(t)|2 + σ2

. (7)

To guarantee successful decoding by FV k, the achievable rates
of W c

k (t) and W p
k (t) are bounded by:
Rc

k(t) = B log2[1 + γck(t)], (8)

Rp
k(t) = B log2[1 + γpk(t)], (9)

where B is the bandwidth of the downlink channel. To
guarantee that W c is successfully decoded by all FVs, its rate
Rc(t) must not exceed the value of min{Rc

k(t)|k ∈ K}. Since
Rc(t) is shared by the achievable rates when transmitting
the multicast message W0(t) and the common sub-messages
{W c

1 (t), ...,W
c
K(t)} of the unicast messages, we have C0(t)+∑

k∈K Ck(t) = Rc(t). Here, C0(t) represents the specific

portion of Rc(t) used for transmitting the broadcast message
W0(t), while {Ck(t)|k ∈ K} represents the other parts
employed for transmitting the unicast message W c

k (t). The
particular portions of the rate, namely C0(t) and {Ck(t)|k ∈
K}, which are allocated to W0(t) and [W c

1 (t), ...,W
c
K(t)]

respectively, can be optimized by the associated optimization
problem. In the proposed single-layer RS-assisted NOUM
transmission, the achievable rate of each unicast message has
two constituent parts. The first part is Ck(t) transmitted via
W c

k (t) that is mapped to the supercommon stream sc(t), while
the other part is Rk(t) transmitted via W p

k (t) that is mapped
to the private stream sk(t). Hence, the achievable rate of
transmitting the unicast message Wk(t) of FV k is:

Rtot
k (t) = Ck(t) +Rk(t). (10)

Due to the mobility of the platoon and the delay of CSI reports,
we assume that the CSIT knowledge is imperfect, which can
be modeled as [14], [19], [43], [44]:

hk = h̃k + ĥk, (11)

where h̃k denotes the CSI estimate, and ĥk is the correspond-
ing CSI estimation error at the transmitter. For each FV k, we
define Γk = |pH

k (t)pk(t)|2E{∥hk(t)∥2}, and assume that h̃k

and ĥk have zero means with channel gains of Γk = Γ̃k+Γ̂k.
Here, E{·} means the expectation. Then, we can present
Γ̃k = (1− ϵ2)Γk, and Γ̂k = ϵ2Γk, where ϵ denotes a motion-
related coefficient, which is calculated as:

ϵ =
∥zk − zest

k ∥2
2∥zmax∥2

, (12)

where zk is the state of FV k, and zest
k is the estimated state

of FV k. For each hk(t), the channel coefficient hjk(t) ∀j =
{1, ...,M} follows the path loss model of [45], and we have:

hjk(t) = dk(t)
−µ, (13)

where µ is the path loss exponent and dk(t) is the distance
between the LV and the FV k. Table I summarizes the
parameters used in our system.

D. IoV Platoon Control System

The platoon considered is modeled based on [46], which
indicates the nonlinear behavior of every vehicle in the
system. In this model, each vehicle is regarded as a poly-
topic set, and the k-th vehicle’s state vector is denoted by
zk = [xk, yk, ϕk, vk]

T , where (xk, yk) represents the two-
dimensional (2D) position of the vehicle. Additionally, ϕk is
the heading angle and vk denotes the velocity of the vehicle.
At time t, the control input is set to uk(t) = [ak, δk], where ak
is the acceleration rate and δk is the steering angle of vehicle
k. Then, the side slip angle βk is formulated as:

βk = arctan[tan
δkl

r
k

lfk + lrk
], (14)

where lfk and lrk represent the distance spanning from the front
and rear axles, respectively. Using the vehicular kinematic
bicycle model [46], the vehicle’s state evolution model is
formulated as:
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TABLE I
TABLE OF NOTATIONS FOR RSMA-BASED FEEL DOWNLINK SYSTEM.

Parameters

wn Global model in n-th communication round
Dk Local dataset collected at k-th FV
di The i-th part of training sample
gn
k Local gradient estimate at k-th FV in the n-th

round
η Step size of the FEEL
B0 Data volume of the global model to be broad-

cast
M Number of antennas in LV

Wk(t) Unicast message of k-th vehicle at time t
W0(t) Broadcast message at time t
sk(t) Private stream for k-th vehicle at time t
sc(t) Public stream at time t
Ltr(t) Transmitted signal
Lre(t) Received signal
Pt Transmit power of LV

hk(t) Fading channel vector between from LV to FV
k at time t

nk(t) Circularly symmetric complex AWGN
γp
k(t) Instantaneous signal-to-interference-plus-noise

ratio of k-th private message at time t
γc
k(t) Instantaneous signal-to-interference-plus-noise

ratio of common message received by k-th FV
at time t

B Bandwidth of downlink channel
Rp

k(t) Achievable rate of transmitting unicast message
Wk(t) via private stream sk(t) at time t

Rc
k(t) Achievable rate for transmitting common mes-

sage to k-th FV at time t
Rtot

k (t) Achievable rate of transmitting unicast message
Wk(t) at time t

Rth
k (t) Transmission rate requirement for sending con-

trol message to k-th FV
h̃k Estimate of channel vector
ĥk Corresponding channel estimation error
Γk Average channel (power) gain
Γ̃k Estimated average channel (power) gain
Γ̂k Corresponding estimation error of average

channel (power) gain
ϵ Motion coefficient for estimated average chan-

nel (power) gain
dk(t) Distance between LV and k-th FV
µ Free space path loss factor

Qt and Qh Weight factors

Optimization variables

P Precoding matrix
Ck(t) Portion of Rc(t) for transmitting k-th unicast

message at time t
C0(t) Portion of Rc(t) for transmitting broadcast

message at time t
ψ(t) A bit-mask that ψ(t) = 1 means W0(t) is

added into common-super messages to transmit
the FEEL model to FV; otherwise, ψ(t) = 0

xk(t+ 1) = xk(t) + vk(t) cos[ϕk(t) + βk(t)]∆t, (15a)
yk(t+ 1) = yk(t) + vk(t) sin[ϕk(t) + βk(t)]∆t, (15b)

ϕk(t+ 1) = ϕk(t) +
vk(t)βk(t) tan[δk(t)]

lfk + lrk
∆t, (15c)

vk(t+ 1) = vk(t) + ak(t)∆t. (15d)

To avoid any intersection between the vehicles, we define
an orthogonal rotation matrix RO and a translation vector Jr.
This matrix is a function of the vehicle’s bearing angle ϕk(t)
at time step t, expressed as:

RO[ϕk(t)] =

[
cos[ϕk(t)] − sin[ϕk(t)]
sin[ϕk(t)] cos[ϕk(t)].

]
(16)

The translation vector Jr(·) is a function of the longitudinal
xk(t) and lateral yk(t) positions of the vehicle. Hence, the
transformed polytope can be represented by x and y coordi-
nates in 2D space. The matrix A and the vector b representing
the polytopic sets of the vehicles are defined as:

A[zk(t)] =

[
RO[ϕk(t)]

T

−RO[ϕk(t)]
T

]
, (17)

b(zk(t)) =
[
λl

2 ,
λw

2 ,
λl

2 ,
λw

2

]T
+A(zk(t))

[
xk(t), yk(t)

]T
,

(18)
where (·)T represents the transpose of the matrix, while λl

is the length and λw is the width of the vehicle. Since the
area occupied by each vehicle in the system is modeled as a
time-varying polytope, at each time step, motion planning is
activated for preventing any intersection among the polytopic
sets. Table II shows the parameters of the platoon control
system.

E. Multi-Objective Problem Formulation

In this section, we formulate our platoon control and ve-
hicular communication problem. The platoon control problem
and the vehicular problem are jointly considered because the
motion of the platoon would affect the estimation error of the
CSIT, and the relative position of the vehicles in the platoon
would also determine the interference of the channel. We
commence by introducing a bit-mask ψ(t). If ψ(t) = 1, W0(t)
is mapped into the common-super messages transmitting the
FEEL model to the FV; otherwise, it is set to ψ(t) = 0.
We denote the maximum time period of the FEEL downlink
process by T and the data volume of the global model to be
broadcast from the LV to FVs by B0. Then, for ∀k ∈ K, t ∈ T ,
the optimization can be formulated as:

min

{
Qt max

t
{ψ(t)t}+Qh

∑
∀k∈K

∑
t∈T

Γ̂k+∑
∀k∈K

[
∑
t∈T

∥Qz(zk(t)− zRef
k (t))∥22+

∑
t∈T

∥Quuk(t)∥22+∥Q∆u∆uk(t)∥22]
}
, (19a)

s.t. Ck(t) +Rp
k(t) ≥ Rth

k (t), (19b)∑
t∈T

ψ(t)C0(t)∆t ≥ B0, (19c)

ψ(t)C0(t) +
∑
j∈K

Cj(t) ≤ Rc(t), (19d)

Ck(t), C0(t) ≥ 0, (19e)

trace(P (t)PH(t)) ≤ Pt, (19f)
zk(t+ 1) = f [zk(t),uk(t)], (19g)
zmin ≤ zk(t) ≤ zmax, (19h)
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umin ≤ uk(t) ≤ umax, (19i)
∆umin ≤ uk(t)− uk(t− 1) ≤ ∆umax, (19j)
P(zk(t)) ∩ P(zu(t)) = ∅, if k ̸= u, (19k)

where (19a) represents a multi-objective optimization problem.
The first term minimizes the latency of the FEEL downlink,
where t is the index of the time slot. Thus, maxt{ψ(t)t}
means that, for any ψ(t) = 1, the largest time slot index
within the maximum delay tolerance T , t ∈ T , would be
the latency of a single round of FEEL. The second term
represents the penalty owing to the CSI changes and the
power consumption. The third term penalizes deviation of the
states zk(t) from the predetermined reference states zRef

k (t).
The fourth term penalizes the control input effort u, which
minimizes the change of the vehicular state. In this case, all
the vehicles in the platoon would operate in a smooth manner.
The fifth term penalizes the input rate (change of control
input in two consecutive time steps) ∆u. The parameter Rth

k (t)
in (19b) represents the transmission rate required for the
control message of the platoon, the constraint (19c) ensures
the downlink process of the FEEL, Eq. (19d) ensures that the
common-super stream can be successfully decoded by all FVs,
constraint (19f) ensures that the transmission power constraint
of the LV is met, while the operator trace(·) represents the
trace, and finally, the weight factors Qt, Qh, Qz , Qu and Q∆t

are positive semidefinite matrices. Furthermore, the function
f(·) in (19g) represents the vehicular kinematic bicycle model
(15), for the case of safe driving, (19h)-(19j) assist in avoiding
heavy changes of the vehicles’ states, Eq. (19k) is developed
to avoid collision between the k-th vehicle and the others by
means of (16)-(18).

IV. RSMA-BASED IOV OPERATION FRAMEWORK

A. Block Coordinate Descent Framework

In problem (19), the RSMA part is relevant to the pla-
toon part, since they are coupled in the constraint (11)-(13).
Specifically, in (12), the variable zk determines the estimation
error of the CSIT, which is related to the real-time motion of
the platoon. Moreover, in (13) the relative distance between
vehicles dk is also determined by the position of the vehicles
in the platoon. Therefore, the larger deviation of the platoon
control inputs would lead to a larger error in the estimation
of the CSIT and to grace interference.

Since the constraint set of (19) is decoupled when either
the set [ψ(t), pk(t), Ck(t)] or the set [uk(t), zk(t)] is fixed, the
original problem can be decomposed into two sub-problems
by utilizing the Block Coordinate Descent (BCD) framework.
When uk(t), zk(t) is fixed, one of the sub-problem of (19) for
the FEEL downlink is given by:

minQt max
t

{ψ(t)t}+Qh

∑
∀k∈K

∑
t∈T

Γ̂k, (20a)

s.t. (19b) − (19g). (20b)

On the other hand, the platoon control sub-problem is formu-
lated as:

TABLE II
TABLE OF NOTATIONS FOR PLATOON CONTROL SYSTEM.

Parameters

t Index set of time period
T Total number of time slot
∆t Time slot
ζ Number of time steps in each horizon
K Number of vehicles
k Index of k-th vehicle
zk States of the k-th vehicle
zRef
k Reference states of the k-th vehicle
uk Control input of the k-th vehicle
λl Length of the vehicle
λw Width of the vehicle
βk Side slip angle of the k-th vehicle
lfk , lrk Distance from the front and rear axles of

the k-th vehicle
RO Orthogonal rotation matrix
tr Translation vector

A and b Representation of polytopic sets k
P Polytopic representation of the vehicle
f Representation of vehicular kinematic

bicycle model
Qz , Qu, and Q∆t Weight factors

Optimization variables

vk Velocity of the vehicle k
ak Acceleration of the vehicle k
ϕk Heading angle of the vehicle k
δk Steering angle of the vehicle k
xk Longitudinal position of the vehicle k
yk Lateral position of the vehicle k

minQh

∑
∀k∈K

∑
t∈T

Γ̂k +
∑
∀k∈K

[
∑
t∈T

∥Qz(zk(t)− zRef
k (t))∥22

+
∑
t∈T

∥Quuk(t)∥22+∥Q∆u∆uk(t)∥22], (21a)

s.t. (19h) − (19k). (21b)

The related BCD framework is illustrated in Algorithm 1. In
each iteration, we solve the sub-problem (20) by considering
that the [uk(t), zk(t)] is fixed. The set [ψ(t), pk(t), Ck(t)] is
updated according to the optimization results. Meanwhile, the
set [uk(t), zk(t)] is updated according to the result of (21).
This operation repeats until the stopping criterion is satisfied
or the maximum number of iterations is reached.

Algorithm 1 BCD Framework

1: Initialize the parameters p[0]k (t), C
[0]
k (t), u

[0]
k (t), z

[0]
k (t).

2: Set iteration count as n = 0 and maximum number of iterations
as Nc.

3: while n ≤ Nc do
4: n = n+ 1.
5: Update [p

[n]
k (t), C

[n]
k (t)] by solving (20).

6: Update [u
[n]
k (t), z

[n]
k (t)] by solving (21).

7: if the stopping criterion is satisfied then
8: break
9: end if

10: end while
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B. SCA-based FEEL downlink algorithm

Since the partial sub-problem (20) is a non-convex problem,
we propose a SCA-based FEEL downlink algorithm for effi-
ciently solving this problem. First of all, by introducing two
scalar variables φ and ω(t), the FEEL offload latency problem
(20) is equivalently transformed as:

minφ+Qh

∑
∀k∈K

∑
t∈T

Γ̂k, (22a)

s.t. ψ(t)t ≤ φ, (22b)∑
t∈T

ω(t) ≥ B0/∆t, (22c)

ψ(t)C0(t) ≥ ω(t), (22d)
(19b) − (19g). (22e)

The equivalence between (20) and (22) is established based
on the fact that the constraint (22b) must hold with equality at
the optimum. The challenge of solving (22) results from the
non-convex constraints (19b) and (19d). Thus, we introduce
the variables α(t) = [α1(t), ..., αK(t)] to represent the set of
private rates. Then, the constraint (19b) becomes equivalent
to:

(19b) ⇔

{
Ck(t) + αk(t) ≥ Rth

k (t), ∀k ∈ K, t ∈ T ,
Rk(t) ≥ αk(t), ∀k ∈ K, t ∈ T .

(23a)
(23b)

Moreover, to deal with the non-convex constraint (23b), we
introduce the variables ϑ(t) = [ϑ1(t), ..., ϑK(t)], and then, the
constraint (23b) is derived as

(23b) ⇔

{
ϑk(t) ≥ 2αk(t), ∀k ∈ K, t ∈ T ,
1 + γpk(t) ≥ ϑk(t), ∀k ∈ K, t ∈ T .

(24a)
(24b)

Furthermore, by introducing ξ(t) = [ξ1(t), ..., ξK(t)] to
represent the interference plus noise at each FV to decode
its private stream, the constraint (24b) is transformed as:

(24b) ⇔



|hH
k (t)pk(t)|2

ξk(t)
≥ ϑk(t)− 1,

∀k ∈ K, t ∈ T ,

ξk(t) ≥
∑

i∈K\k

|hH
k (t)pi(t)|2 + σ2,

∀k ∈ K, t ∈ T .

(25a)

(25b)

Similarly, we introduce the variables αc(t), ϑc(t), ξc(t) for
the common rate constraint (19d), and we have:

(19d) ⇔



C0(t) +
∑
j∈K

Cj(t) ≤ αc
k(t), , ∀t ∈ T

ϑck(t) ≥ 2α
c
k(t), ∀k ∈ K, t ∈ T ,

|hH
k (t)pc(t)|2

ξck(t)
≥ ϑck(t)− 1,

∀k ∈ K, t ∈ T ,

ξck(t) ≥
∑
i∈K

|hH
k (t)pi(t)|2 + σ2,

∀k ∈ K, t ∈ T .

(26a)

(26b)

(26c)

(26d)

However, the constraints (22d), (25a) and (26c) are still
non-convex. So the linear approximation method is utilized
for approximating the relevant non-convex constraints in each

iteration. The left side of constraint (22d) is approximated by
using the first-order lower approximation [41], which is given
by:
ψ(t)C0(t) ≥ ψ[n](t)C0(t) + C

[n]
0 (t)ψ(t)

− ψ[n](t)C
[n]
0 (t) ≜ Ω[n][ψ[n](t), C

[n]
0 (t)],

(27)

where [ψ[n](t), C
[n]
0 (t)] are the values of the variables

[ψ(t), C0(t)] at the output of the n-th iteration. The left side of
the constraints (25a) and (26c) can be represented by using the
linear lower bound approximation at the point [p[n]

k (t), ξ
[n]
k (t)]

and [p
[n]
c (t), ξ

c[n]
k (t)], respectively. Then, we have:

|hH
k (t)pk(t)|2

ξk(t)
≥ 2Re[(p[n]

k (t))Hhk(t)h
H
k (t)pk(t)]

/ξ
[n]
k (t)− [|hH

k (t)p
[n]
k (t)|/ξ[n]k (t)]2ξk(t)

≜ Ψ
[n]
k [p

[n]
k (t), ξ

[n]
k (t)],

(28)

|hH
k (t)pc(t)|2

ξck(t)
≥ 2Re[(p[n]

c (t))Hhk(t)h
H
k (t)pc(t)]

/ξ
c[n]
k (t)− [|hH

k (t)p[n]
c (t)|/ξc[n]k (t)]2ξck(t)

≜ Ψ
c[n]
k [p[n]

c (t), ξ
c[n]
k (t)].

(29)
Here, Re{·} gets the real part of a complex number. Based
on the approximations (27), (28) and (29), the problem (20)
is approximated at the n-th iteration as:

minφ+Qh

∑
∀k∈K

∑
t∈T

Γ̂k, (30a)

s.t. Ω[n][ψ[n](t), C
[n]
0 (t)] ≥ ω(t), ∀t ∈ T (30b)

Ψ
[n]
k [p

[n]
k (t), ξ

[n]
k (t)] ≥ ϑk(t)− 1, ∀k ∈ K, t ∈ T ,

(30c)

Ψ
c[n]
k [p[n]

c (t), ξ
c[n]
k (t)] ≥ ϑck(t)− 1, ∀k ∈ K, t ∈ T ,

(30d)
(19b) − (19g), (22b), (22c), (23a),
(24a), (25a), (26a), (26b), (26d). (30e)

In this case, the problem formulated in (30) is convex. The
SCA-based FEEL offload algorithm is outlined in Algorithm 2.
In each iteration, (30) is solved via the interior-point method
and ψ[n](t), C

[n]
0 (t), P [n](t), ξ[n](t), ξc[n](t) are updated

using the corresponding optimized variables. The beamformer
P [0] is initialized by finding the feasible beamformer satis-
fying the transmit power constraint (19g). Initially, we set
C0(t) = Rc(t), Ck(t) = 0, ∀k ∈ K,∀t ∈ T . Furthermore,
ψ[0](t), C [0]

0 (t), ξ[0](t), ξc[0](t) are initialized by individually
replacing the inequalities of (22d), (25b) and (26d) by the
related equities. Besides, φ[n] is the minimum FEEL offload
latency at the output of the n-th iteration and ς is the tolerance
bound of the algorithm.

1) Convergence Analysis: As (22d), (25a) and (26c) are
relaxed by the first-order lower bounds (27)-(29), the solution
of the problem (30) at iteration [n] is also a feasible solution
at iteration [n+1]. Therefore, the optimized objective is non-
increasing as the iteration index increases, and φ[n+1] ≤ φ[n]

always holds. As the φ[n] above is bounded by the trans-
mission power and the maximum FEEL downlik latency, the
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Algorithm 2 SCA-Based FEEL Offload Algorithm

Input: Initial parameters φ[0], ψ[0](t), C [0]
0 (t), P [0](t), ξ[0](t),

ξc[0](t).
Output: Minimum FEEL offload latency φ.
1: Iteration count n = 0 and maximum number of iterations N .
2: while n ≤ N do
3: n = n+ 1
4: Solve the problem (30) by inputting ψ[n−1](t), C [n−1]

0 (t),
P [n−1](t), ξ[n−1](t), ξc[n−1](t).

5: Obtain the optimal values φ[n] = φ∗, ψ[n](t) =

ψ∗(t), C
[n]
0 (t) = C∗

0 (t), P [n](t) = P ∗(t), ξ[n](t) =
ξ∗(t), ξc[n](t) = ξc∗(t).

6: if n > N or |φ[n] − φ[n−1]| < ς then
7: return the minimum value φ[n].
8: end if
9: end while

proposed algorithm is guaranteed to converge. Due to the
linear approximation of the constraints (22d), (25a) and (26c),
the global optimality of the solution cannot be guaranteed.

C. MPC-Based Platoon Control

Since the first partial sub-problem in (30) mainly deals
with the FEEL downlink resource allocation problem, we
further consider the other partial sub-problem that tackles the
proposed IoV platoon control system, which is shown in (21).
Note that this sub-problem is also decoupled from the main
problem in (19). We harness the MPC approach for efficiently
solving the platoon control problem. The proposed MPC-based
platoon control problem uses a receding horizon technique.
Specifically, instead of solving the platoon control problem
in its entirety, the optimization problem is partitioned into
slices along the time horizon. In each short time horizon, the
optimization problem is solved, and the first time step of the
control input is implemented. This facilitates the online control
of the platoon. We denote the number of time steps in each
horizon by ζ, and then, the sub-problem (21) is reformulated
as:

min

{
Qh

∑
∀k∈K

∑
t0≤t≤t0+ζ

pk(t)∆hk(t)+∑
∀k∈K

[
∑

t0≤t≤t0+ζ

∥Qz(zk(t)− zRef
k (t))∥22+

∑
t0≤t≤t0+ζ

Qu∥uk(t)∥22+∥Q∆u∆uk(t)∥22]
}
, (31a)

s.t. (19h) − (19k). (31b)

The entire process of the MPC-based platoon control op-
eration is illustrated in Algorithm 3. For every iteration, m
of time horizon [t0, t0 + ζ], the optimization problem (31)
is solved via the interior-point method so as to obtain the
solution, zm and um. Once the convergence conditions are
satisfied, the first step of the results, zm(t0) and um(t0) is
implemented. As shown in Algorithm 3, in order to satisfy
the stopping criterion, the maximum number of iterations is
set to Mp. Moreover, for the convergence of this algorithm,
the tolerance is set to εp = 10−5. For the next time horizon
[t0 + 1, t0 + ζ + 1], the previous results zm(t0) and um(t0)
are utilized for the initial states of the platoon.

Algorithm 3 MPC-Based IoV Platoon Control Algorithm
Input: Initial status of the platoon z(0) and reference states zRef.
Output: Obtain optimal IoV platoon control results z∗ and u∗.
1: for t = 1 : T − ζ do
2: for m = 1 :Mp do
3: Solve the problem (31) and obtain results zm and um.
4: if the convergence conditions are satisfied then
5: Replace zm(t) in z∗ and um(t) in u∗.
6: break
7: else
8: continue the for loop.
9: end if

10: end for
11: end for
12: return z∗ and u∗.

D. Complexity Analysis

The computational complexity of the SCA-based
FEEL downlink procedure formulated in Algorithm 2 is
O{(MKT )3.5}, and the computational complexity of the
MPC-based platoon control of Algorithm 3 is O{(3Kζ)3.5T}.
Thus, the computational complexity of the entire BCD
framework is O{Nc[(MKT )3.5 + (3Kζ)3.5T ]}.

V. CASE STUDIES

In this section, we assess the performance of the pro-
posed RSMA-based IoV system through numerical simula-
tions. Firstly, we detail our experimental setup. Then, we
compare the performance of the proposed scheme with the
relevant baseline techniques, such as NOMA and MU-LP.
Next, we assess the robustness of the proposed model. Then,
we investigate the impact of different road conditions and their
effect on our proposed system model. Finally, we analyze the
convergence trends of the algorithms devised.

A. Simulation Setup

In the simulations, we evaluate the performance of the
proposed RSMA-based IoV system. The total number of the
operational time periods is set to T = 100 with ∆t being
equal 0.05 seconds. The length of each vehicle is 4.5 meters,
and its width is 1.8 meters. According to the actual highway
lane standard in the United States, we set the lane width to 3.7
meters. The control input limits, a and δ, are chosen as the real
physical limits of the actual vehicle [46]. For the IoV driving
conditions, the lower and upper bounds of the acceleration
rates are set to −4 m/s2 and 4 m/s2, respectively, while the
acceleration rate changes are −1 m/s2 and 1 m/s2. In addition,
the lower and upper limits of steering are set to −0.3 and 0.3
radian, and the change rate of the steering is limited to 0.2
radius per second. According to [46], the zRef

k is the reference
trajectory, which is predetermined by the LV. The estimated
trajectory, zest

k (t), is obtained through the vehicular motion of
the previous time slot t − 1 via (15), and the zmax

k (t) is the
upper bound of zk(t). The coefficient of the multi-objective
optimization is Qt = 1, Qh = 100, Qz = [1, 100, 1, 0.1],
Qu = [1, 1]. Furthermore, we set the transmission bandwidth,
B, to 5 MHz, which follows [47]. The vehicles’ transmission
power Pt is set to 25 dBm based on [48], and the noise power
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TABLE III
COMPARISON OF VEHICLES’ STATES AND ACTIONS IN S1.

Metrics of motion states Vehicles’ states and actions under RSMA

Heading angle Velocity Acceleration Steering angle

Mean -0.0393 14.2120 -0.2881 0.0003
Variance 0.0061 0.1843 0.0036 0.0025

Metrics of motion states Vehicles’ states and actions under MU-LP

Heading angle Velocity Acceleration Steering angle

Mean -0.0393 14.2120 -0.2881 0.0003
Variance 0.0061 0.1843 0.0036 0.0025
Υ 0.0 0.0030 0.0030 0.0

Metrics of motion states Vehicles’ states and actions under NOMA

Heading angle Velocity Acceleration Steering angle

Mean -0.0393 14.2120 -0.2881 0.0003
Variance 0.0061 0.1843 0.0036 0.0025
Υ 0.0008 0.0030 0.0409 0.0009

spectral density is set to −174 dBm/Hz through [49]. The
path-loss coefficient µ is set to 2 by following [50]. Finally,
the simulations are conducted in MATLAB [51] by relying on
the solvers of YALMIP [52] and IPOPT [53].

(a) (b)

Fig. 2. Scenarios for comparison: (a) obstacle avoidance scenario, (b)
crossroad zone scenario.

B. Scenarios for Comparison

In this simulation, we consider a pair of different road
scenarios for verifying the effectiveness of our proposed
IoV platoon control system, namely, the obstacle avoidance
scenario (S1) and the crossroad zone scenario (S2). The case
study consists of three V2V communication schemes: a) the
NOUM-based RSMA, b) the NOUM-aided MU-LP [41], and
c) the unicast NOMA [39].

The traffic environment of the obstacle avoidance scenario
(S1) is shown in Fig. 2a. In S1, multiple vehicles are traveling
together in a multi-lane platoon formation. In particular, an
obstacle blocks the left and the central lanes. Once the obstacle
is detected, the LV opts for reconfiguring the platoon to a
single-lane formation confined to the right lane. Thus, all
the vehicles in the left and the central lanes will move to
the right lane. The vehicles in the right lane have to create

sufficient space to facilitate the safe and smooth lane changing
and merging of the vehicles originally traveling in the lane
having the obstacle. The obstacle is modeled as a polytopic
set, and some additional obstacle avoidance constraints are
also imposed in this scenario.

In another typical traffic environment, the crossroad zone
scenario (S2) is shown in Fig. 2b. In S2, multiple vehicles
are preparing to enter the crossroad zone. By following the
practical traffic laws, these must perform the following actions:
1) all the vehicles should enter the straight lane in the center,
and 2) lane changes are not allowed when entering the solid
line area. Thus, the LV has to predetermine the distance of the
crossroad zone and reconfigure the platoon into a single-lane
configuration for shifting to the central lane. In this scenario,
the additional traffic law constraints are also entered into the
proposed platoon control model.

C. Quality of IoV Platoon System

This simulation characterizes the quality of the proposed
IoV platoon model and platoon control operations and the
FEEL performances. To quantify the efficacy of the platoon
control and the FEEL provided by the proposed system, we
compare the model to the following three baseline techniques:
1) NOUM-enabled RSMA, 2) the NOUM-enabled MU-LP,
and 3) the unicast NOMA.

Based on the road settings in S1, we study the vehicles’
states and actions generated by the three baselines. In this
part, we assume that there is one LV and three FVs moving
along the road. Fig. 3a shows the vehicles’ motion trajectories
generated by NOUM-aided RSMA. As shown in the results,
the IoV platoon can help the vehicles to avoid obstacles by
reconfiguring the platoon into a single-lane pattern at the
right lane. Furthermore, Figs. 3b-3e present the heading angle,
velocity, acceleration, and steering angle of the vehicles. In



11

25 50 75 100
x(m)

0.0

3.7

7.4

11.1
y(

m
)

VL
FL1
FL2
FL3

(a)

0 2 4
t(s)

0.3

0.2

0.1

0.0

0.1

0.2

0.3

 (r
ad

)

VL
FL1
FL2
FL3

(b)

0 2 4
t(s)

13.5

14.0

14.5

15.0

v(
m

/s
)

VL
FL1
FL2
FL3

(c)

0 2 4
t(s)

4

2

0

2

4

a(
m

/s
2 )

VL
FL1
FL2
FL3

(d)

0 2 4
t(s)

0.3

0.2

0.1

0.0

0.1

0.2

0.3

(r
ad

)

VL
FL1
FL2
FL3

(e)

0 2 4
t(s)

0.0

0.5

1.0

1.5

2.0

Su
m

 R
at

e 
(b

it/
s/

H
z)

RSMA
MU-LP
NOMA

(f)

Fig. 3. Vehicles’ states and actions in S1 with RSMA: (a) motion trajectories, (b) heading angle, (c) velocity, (d) acceleration, (e) steering angle, (f) sum rate.
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Fig. 4. FEEL performance in S1: (a) accuracy, (b) loss value.

particular, the vehicles perform the lane-change in a smooth
manner. Similarly, by considering the same road settings
in S1, we evaluate the other two baseline communication
techniques in the proposed IoV platoon control system. We
also compare the mean and variance of the heading angle,
velocity, acceleration, and steering angle of the vehicles. Table
III presents the related results of characterizing both NOUM-
aided MU-LP and unicast NOMA for the V2V communication
module. Here, Υ denotes the difference between the variance
of the RSMA and MU-LP/NOMA in percentage, which is
given by:

Υ =
|Vi − V0|

V0
, (32)

where Vi is the variance of the MU-LP/NOMA and V0 is the
variance of the RSMA. Observe that, the proposed RSMA-
based system generates a relatively modest variance of the
profiles for all these four metrics. Then, the dynamic sum rate
of the system is shown in Fig. 3f. The RMSA scheme out-
performs the other two conventional communication schemes.

Moreover, the unicast NOMA achieves the lowest sum rate due
to inefficient unicast communication. At the very beginning of
the simulation, the broadcast message of the FEEL downlink
occupies the communication channel. Thus, all these three
communication schemes achieve a high sum rate until the
FEEL downlink finishes. Then, only the unicast message
is transmitted from the LV to the FVs, and the commu-
nication channel is under-loaded. This means that all these
three schemes can meet the transmission rate requirement
of the unicast message, and achieve the same sum rate. To
summarize, the employment of RSMA can guarantee efficient
and smooth IoV platoon control operations and improves the
communication throughput in the proposed system.

Then, we study the FEEL downlink performance generated
by the three baselines in the same settings as previously.
Following [47], [54], we evaluate the proposed system on
the MNIST dataset, and the Convolutional Neural Network
(CNN) tool is used to train the local model. The test data
was the original 10,000 test cases in the MNIST dataset. The
training dataset of the MNIST is randomly split into 50,000
training cases and 10,000 validation cases, which would be
evenly distributed to the FVs (workers). Fig. 4a shows the
accuracy of the FEEL global model generated by the three
baseline techniques. It is apparent that the unicast NOMA is
the slowest one to converge, suggesting that it is inefficient
to solely utilize the unicasting channel in this circumstance.
Meanwhile, the NOUM-enabled RSMA outperforms the MU-
LP. The loss value of the FEEL global model, in 4b, further
confirms this result.

Finally, we consider the execution time of the three base-
lines in Fig. 5. The RSMA schemes cost a minimal execution



12

3 4 5 6
Size of the platoon

5000

10000

15000

20000

Ex
ec

ut
io

n 
tim

e 
(s

)

RSMA
MU-LP
NOMA

Fig. 5. Execution time of the proposed framework.

time to converge, and NOMA is still the worst one.

D. Robustness of V2V Communication under RSMA
Based on the setting of S1, we assess the robustness of

the V2V communication module. We first compare the FEEL
downlink latency for the different platoon sizes under perfect
CSIT in Fig. 6a. It is noted that unicast NOMA exhibits
the highest latency, suggesting that it is inefficient to solely
utilize the unicasting channel in this circumstance. Further-
more, the NOUM-enabled RSMA outperforms the MU-LP,
because RSMA is more efficient in the over-loaded network.
We also compare the latency of the FEEL downlink under
different transmission powers in Fig. 6b. Naturally, a higher
transmission power leads to a higher transmission rate, and
lower latency. RSMA can outperform the other two baselines.

Then, we further assess the reliability of the V2V commu-
nication module. We also evaluate the efficacy of the RSMA
scheme with perfect CSIT in Fig. 6c and Fig. 6d. The NOUM-
based RSMA still outperforms the conventional MU-LP and
NOMA schemes. Moreover, compared to this case in perfect
CSIT, both the MU-LP and NOMA schemes consume more
energy and have higher latency under imperfect CSIT. In
the meantime, the latency gap among these three techniques
becomes higher. This indicates that the NOUM-aided RSMA
is more reliable than the other two schemes.
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Fig. 6. Robustness of V2V communication: (a) size of platoon vs. latency
in imperfect CSIT, (b) transmission power vs. latency in imperfect CSIT, (c)
size of platoon vs. latency in perfect CSIT, (d) transmission power vs. latency
in perfect CSIT.

E. Impact of Different Road Conditions

In Fig 7, we further investigate the effect of the proposed
IoV platoon system under different road conditions. Explicitly,
Fig 7 shows the vehicles’ states and control inputs: (a) motion
trajectories, (b) heading angle, (c) velocity, (d) acceleration,
(e) steering angle, and (f) sum rate. Since the platoon system
has to follow the traffic regulations, all the vehicles shall enter
the straight lane before moving into the solid line area. In this
case, the system should obey some additional constraints, in
order to smoothly reconfigure the current platoon into a single-
lane platoon. Furthermore, compared to the traffic behavior
shown in S1, it is more challenging to make safe and smooth
lane changes for the crossroad scenario. Nevertheless, our
simulation results demonstrate the efficiency of the proposed
IoV platoon under different road conditions. Moreover, we
also compare the mean and the variance of the heading angle,
velocity, acceleration, and steering angle of the vehicles. Table
IV shows the related results characterizing the NOUM-aided
MU-LP and the unicast NOMA for the V2V communication
module. Compared to S1, the vehicles dedicate more effort
to steering control in S2, which leads to a higher vehicular
heading and steering angle variance. In this case, the RSMA-
aided IoV platoon control scheme can still outperform both
baselines in terms of its variance. Hence, these results prove
the superiority of the RSMA scheme, as well as the robustness
of the proposed IoV platoon system.

Moreover, we also investigate the impact of the proposed
IoV platoon system under different weather conditions. We
follow similar vehicle dynamics under the severe weather
conditions detailed in [55]. The road adhesion coefficient, ϱ,
in rainy weather can be calculated as:

ϱ = 0.9458− 0.0057v − 0.0108κ, (33)

where v is the speed of the vehicle and κ is the thickness of the
water film. We consider κ = 20 in the rainy weather scenario
of this study. To guarantee safe driving in rainy weather, the
acceleration threshold, athres, becomes lower, which can be
calculated as:

athres = ϱg, (34)

where g is the gravitational acceleration.
Fig. 8 shows the vehicles’ states and control inputs: (a)

motion trajectories, (b) heading angle, (c) velocity, (d) accel-
eration, (e) steering angle, and (f) sum rate in S1 at rainy
weather. As shown in the results, the IoV platoon performs the
lane-change in a smooth manner. Furthermore, the RSMA still
outperforms the MU-LP and NOMA scheme in terms of its
sum rate. Thus, we investigate the robustness of our proposed
framework in different road conditions.

F. Convergence of the Algorithms Devised

In this section, we investigate the convergence of the
proposed BCD framework, which is related to Algorithm 1.
Here, we study the proposed IoV platoon model under S1
supporting four cars, and mainly focus our attention on the
Objective Function (OF) value of the optimization problem
formulated in (19) and on the corresponding convergence
gap. Explicitly, the convergence gap is derived based on the
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TABLE IV
COMPARISON OF VEHICLES’ STATES AND ACTIONS IN S2.

Metrics of motion states Vehicles’ states and actions under RSMA

Heading angle Velocity Acceleration Steering angle

Mean 0.0126 14.2191 -0.2865 0.0001
Variance 0.0068 0.1823 0.0033 0.0040

Metrics of motion states Vehicles’ states and actions under MU-LP

Heading angle Velocity Acceleration Steering angle

Mean 0.0126 14.2192 -0.2865 0.0001
Variance 0.0068 0.1823 0.0033 0.0040
Υ 0.0 0.0027 0.0034 0.0

Metrics of motion states Vehicles’ states and actions under NOMA

Heading angle Velocity Acceleration Steering angle

Mean 0.01263 14.2191 -0.2865 0.0001
Variance 0.0008 0.0030 0.0409 0.0009
Υ 0.0004 0.0022 0.0332 0.0003
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Fig. 7. Vehicles’ states and actions in S2 with RSMA: (a) motion trajectories, (b) heading angle, (c) velocity, (d) acceleration, (e) steering angle, (f) sum rate.

difference of the OF values obtained in every iteration, as
shown in Fig. 9. Specifically, we can observe that the OF
value saturates after approximately 3 iterations. At this stage,
the convergence gap falls within the tolerance threshold of
the stopping criterion after approximately 3 iterations. This
confirms that the proposed BCD framework is efficient in
generating the near-optimal solutions of the RSMA-based
communication problem formulated.

Additionally, we also investigate the convergence of the
SCA-based FEEL downlink problem and the MPC-based
platoon control problem, which are related to Algorithm 2

and Algorithm 3, respectively. These two problems are studied
in the same settings as previously. For the SCA-based FEEL
downlink problem, we focus on the OF value in (30) and on
the related convergence gap in Fig. 10. Specifically, we can
observe that the OF value saturates after 4 iterations, while
the convergence gap falls within the tolerance threshold after
4 iterations. This confirms that the proposed SCA-based FEEL
downlink problem is efficiently solved, and near-optimal solu-
tions can be found. Similarly, for the platoon control problem
in Fig. 11, we study the convergence of the MPC approach
by assessing the OF value of (31) and the convergence gap.
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Fig. 8. Vehicles’ states and actions in S1 at rainy weather with RSMA: (a) motion trajectories, (b) heading angle, (c) velocity, (d) acceleration, (e) steering
angle, (f) sum rate.

Specifically, we can observe that the OF value saturates after
5 iterations, and the convergence gap satisfies the stopping
criterion after 5 iterations. This demonstrates the efficiency of
the algorithm devised for our platoon control problem.
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Fig. 9. Convergence of the BCD framework: (a) OF value, (b) convergence
gap.
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Fig. 10. Convergence of the SCA framework: (a) OF value, (b) convergence
gap.
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Fig. 11. Convergence of the MPC framework: (a) OF value, (b) convergence
gap.

VI. CONCLUSIONS

This paper investigated an RSMA-aided V2X downlink
scenario in a vehicular platoon application. Specifically, an
RSMA-based IoV solution was proposed for jointly consid-
ering two problems, namely, the IoV platoon control and
FEEL downlink operations. The proposed framework was
designed for minimizing both the latency of the FEEL down-
link and the deviation of the vehicles’ trajectories within the
platoon system. Given this sophisticated framework, a multi-
objective optimization problem was formulated. To efficiently
solve this problem, a BCD framework was developed for
decoupling the main multi-objective problem into two sub-
problems. Additionally, for solving these non-convex sub-
problems, the classic SCA and MPC approaches were de-
ployed for solving the FEEL-based downlink and platoon
control problems, respectively. Our numerical results indicated
that the proposed RSMA-based IoV system outperforms both
the popular MU–LP and the conventional NOMA system in
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terms of the FEEL downlink latency and the control input
variance. Furthermore, the BCD framework was shown to
generate near-optimal solutions at reduced complexity.

In our future work, we will consider adopting the deep
learning approach to estimate the channel information, since
this work only considers the channel estimation through the
known vehicle’s states. We will also explore how to incorpo-
rate perception-based concepts into the proposed system model
in support of both the platoon control and the RSMA-based
V2X system.
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