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Abstract—The Internet-of-Vehicles (IoV) can make driving
safer and bring more services to smart vehicle (SV) users. Specif-
ically, with IoV, the road service provider (RSP) can collaborate
with SVs to provide high-accurate on-road information-based
services by implementing federated learning (FL). Nonetheless,
SVs’ activities are very diverse in IoV networks, e.g., some SVs
move frequently while other SVs are occasionally disconnected
from the network. Consequently, obtaining information from
all SVs for the learning process is costly and impractical.
Furthermore, the quality-of-information (QoI) obtained by SVs
also dramatically varies. That makes the learning process from
all SVs simultaneously even worse when some SVs have low QoI.
In this paper, we propose a novel selective FL approach for an
IoV network to address these issues. Particularly, we first develop
an SV selection method to determine a set of active SVs based
on their location significance. In this case, we adopt a K-means
algorithm to classify significant and insignificant areas where the
SVs are located according to the areas’ average annual daily
flow of vehicles. From the set of SVs in the significant areas, we
select the best SVs for the FL execution based on the SVs’ QoI
at each learning round. Through simulation results using a real-
world on-road dataset, we observe that our proposed approach
can converge to the FL results even with only 10% of active
SVs in the network. Moreover, our results reveal that the RSP
can optimize on-road services with faster convergence up to 63%
compared with other baseline FL methods.

Keywords- Federated learning, SV selection, vehicular net-
works, IoV, driving safety.

I. INTRODUCTION

The Internet-of-Vehicles (IoV) has emerged as one of the
most promising solutions to enable efficient services for
intelligent transportation systems, e.g., driving safety, traffic
effectiveness, entertainment, and high economic efficiency.
Based on Allied Market Research’s outlook [1], the global
market value of the IoV will increase significantly by 215%
in 2024 due to the high demand of safe driving from smart
vehicles (SVs), e.g., autonomous cars, driverless cars, and
electric vehicles. Generally, the road service provider (RSP)
can deploy on-road services to improve the driving safety for
the SVs in the IoV. Specifically, the RSP can first collect data
from active SVs, e.g., road conditions, location, and driving
activities. Then, the RSP can extract the useful information
based on the centralized learning process, aiming at improv-
ing on-road information accuracy [2]. To this end, the RSP
can share the on-road information to other requesting SVs
in various areas. In practice, the above approach has been
widely implemented by some real-world on-road applications,
e.g., the Placemeter (www.placemeter.com) and Google Maps
(www.google.com/maps). However, sharing the actual data to

the RSP in a centralized manner may lead to the privacy issue
for the SV users, massive computation and storage cost for
the RSP, as well as heavy network congestion in the IoV [3].

Recently, federated learning (FL) has been emerging as
a cutting-edge distributed machine learning paradigm which
can provide an effective learning collaboration model between
the RSP and SVs without sharing any actual data in the
network. In particular, the SVs can first train their local on-
road data to produce local trained models. Then, the RSP only
needs to collect the local models to update the global on-road
information model, thereby improving the overall accuracy
for the whole network with a low risk of information disclo-
sure and minimum information exchange. For example, the
authors in [4] and [5] study applications of FL-based learning
models for diverse vehicular networks, e.g., communication
delay evaluation for SVs and throughput improvement for
autonomous driving. However, the previous works assume that
all SVs can simultaneously send and receive the trained models
to and from the RSP at every learning round, respectively.
This requires excessive communications, especially in IoV
networks with a huge number of SVs. In practice, some SVs
may suffer from unreliable communication channels and even
can be disconnected from the wireless connections due to the
multiple handovers, Internet unvailability (e.g., the SVs visit
uninhabited areas), or inactivity (e.g., the users turn off their
SVs) at specific time. Additionally, SVs may have different
quality-of-information (QoI) [6], e.g., some SVs may have
very low QoI. These low-QoI SVs can induce a lower accuracy
or unstable FL performance if their local models are aggre-
gated together with other local models during the learning
process [7]. As a result, the conventional FL models are costly
and impractical to deploy in real-world IoV networks.

In this paper, we aim to develop a novel selective FL
approach for the IoV network which can address the above
limitations of conventional FL models. Specifically, the RSP
can dynamically collaborate with the best active SVs based
on the significance of their current locations and QoI for
the FL process through the following three main steps at
each learning round. First, the RSP can choose active SVs
whose locations are within significant areas. These significant
areas are determined based on the average annual daily flow
(AADF), i.e., the average number of vehicles passing by all
major roads on one day in a specific area [8]. As such, an
area can be classified into a significant area if its AADF
value is high. Second, the RSP can further select the best SVs
based on their QoI (e.g., due to the RSP’s incentive budget
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Fig. 1: The proposed selective FL model for the IoV network.

limitation for the SVs). Third, the best SVs can train the
local on-road information models based on their local data
obtained in this period and then send the trained models to
the RSP for the global model update. Although there exist
some selection methods which allow FL learners to join the
FL process halfway, e.g., asynchronous FL [9], heterogeneity-
based random selection [10], random scheduling (RS), round-
robin (RR), and proportional fair (PF) methods [11], and local
model processing time-based selection [12], all of them do not
consider location significance and QoI-based selection which
are the key factors for IoV networks. To the best of our knowl-
edge, our selective FL approach is the first work accounting
for both location significance and QoI of the participating SVs
in the IoV network. Through simulation results, we show that
our proposed approach can produce the convergence results of
FL with accuracy level 85% using 10% of the active SVs in
the network (which is proven to be converged theoretically).
Furthermore, our proposed approach can outperform other
baseline FL selection algorithms regarding the convergence
speed of on-road information model accuracy by 62% and 63%
for non independent and identically distributed (non-i.i.d), and
i.i.d scenarios, respectively.

II. SELECTIVE FL MODEL FOR IOV NETWORK

We illustrate the system model of the proposed selective
FL for the IoV in Fig. 1. For each learning round, the RSP
orchestrates the following steps:

1) The RSP observes K active SVs in the considered areas.
2) The RSP chooses I SVs from K SVs based on their

location significance, i.e., within the significant areas
(which are determined using K-means algorithm).

3) From I SVs, the RSP selects J best SVs which have
the highest QoI values.

4) The selected J SVs train their own data to produce local
trained models. These local models are then sent to the
RSP to update the global model for the next round.

In this case, the RSP may select different set of best SVs at
each round due to their various mobility activities. The above
steps are repeated until the global on-road information model

accuracy converges or after a pre-defined number of learning
rounds is reached.

Let K = {1, . . . , k, . . . ,K} denote the set of active SVs on
the roads within the considered areas. Each SV-k can capture
current on-road information using its available sensor devices
(e.g., the camera, weather, and location sensors) periodically.
Then, the SV can extract useful on-road information and store
it in a log file at the SV’s local storage. This information may
contain the SV’s visited location, date, time, light condition
(e.g., dark or light), weather condition (e.g., windy, snowy, or
rainy), and road surface condition (e.g., dry or wet). Using the
log files, the RSP can select active SVs within its coverage
(e.g., via road side units) to participate in the FL process.
Specifically, the interested SV users can install an on-road
service application developed by the RSP at their SVs’ built-
in Android devices, e.g., Live Traffic NSW [13]. To securely
allow the RSP accessing basic information including the SVs’
current location and QoI, the SV users can then enable the
application’s access permission. Note that the current location
is only used to help the RSP select the best SVs for each
learning round and can be anonymized using various location-
based privacy methods [14] (e.g., used in Google Map and
Uber). In this way, the RSP can observe useful information to
choose the best SVs that work as the FL learners at each round,
e.g., every hour, with the SVs’ minimum privacy disclosure.

We denote T = {0, 1, . . . , t, . . . , T} to be the set of learning
rounds. We define I(t) = {1, . . . , i, . . . , I}, where I(t) ⊂ K,
to be the set of selected SVs based on their location signifi-
cance at round t. We also denote J (t) = {1, . . . , j, . . . , J},
where J (t) ⊂ I(t), to be the set of final best SVs based on
their QoI at round t. We specify the collected data size, i.e.,
number of samples, at SV-j for t as σj(t).

III. SV SELECTION BASED ON LOCATION SIGNIFICANCE
AND QUALITY OF INFORMATION

In this section, we describe how the RSP can determine
a set of SVs based on the location significance and QoI to
execute the FL algorithm at each round t.

A. Location Significance-Based SV Selection

In this method, the RSP can observe the current location,
i.e., latitude and longitude, of the active SVs through their
global positioning system (GPS) information (stored at the on-
road service application locally). From K SVs which enable
the application, the RSP can choose I SVs, where I ≤ K,
whose locations are within the significant areas. These signif-
icant areas can be defined as the areas whose volume of the
vehicle traffic is high through calculating their total AADFs for
particular periods, e.g., big cities, central business districts, or
tourist attractions. Suppose that A = {1, . . . , a, . . . , A} is the
set of all considered areas. Then, the total AADF for each area-
a can be expressed by Γa =

∑ymax
y=1

∑dmax
d=1

γy,da
365 [8], where

γy,da indicates the vehicle volume in area-a for day-d of year-y.
Furthermore, y ∈ {1, 2, . . . , ymax} and d ∈ {1, 2, . . . , dmax}
represent the indices of considered year periods and days
for a year (i.e., dmax = 365), respectively. The area with a



higher Γa value implies the area with higher significance. The
reason is that many SV users tend to go to the centralized
areas where better job market, preferable lifestyle, greater
educational opportunities, and tourist attractions exist. As
such, the vehicles in those crowded areas typically provide
more useful and valuable on-road information, e.g., accident
rate, due to their high volume of vehicle traffic [14].

Based on Γa, the RSP can classify the areas into insignifi-
cant and significant areas. In this case, we account for a binary
categorization using K-means algorithm [15]. Suppose that the
RSP has the road traffic information including area IDs, their
major road locations, and their total AADFs Γa,∀a ∈ A. To
obtain the sets of insignificant and significant areas (which
are represented by ‘−’ and ‘+’, respectively), we need to
find the total AADF centroids Γ̂− and Γ̂+ that minimize the
overall squared distance of each Γa and the centroids using
the following optimization problem:

min
{π,Γ̂}

∑
a∈A

π−a (Γa − Γ̂−)2 + π+
d (Γa − Γ̂+)2, (1)

s.t. π−a + π+
a = 1,∀a ∈ A, (2)

π−a , π
+
a ∈ {0, 1},∀a ∈ A, (3)

where π−a and π+
a are binary variables specifying if the

total AADF of area-a is closer to the centroids Γ̂− and Γ̂+,
respectively. The constraints in (2) describe that each area-a
can be categorized into one group only.

To obtain the optimal sets of insignificant and significant
areas, the centroids Γ̂− and Γ̂+ are iteratively updated at each
K-means iteration ς , i.e., Γ̂−(ς+1) =

( ∑
a∈A

π−a,(ς)Γa
/ ∑
a∈A

π−a,(ς)

)
and Γ̂+

(ς+1) =
( ∑
a∈A

π+
a,(ς)Γa

/ ∑
a∈A

π+
a,(ς)

)
, respectively, until

Γ̂−(ς+1) = Γ̂−(ς) and Γ̂+
(ς+1) = Γ̂+

(ς). To this end, the RSP can
decide the fixed optimal sets of insignificant areas, i.e., A− ⊂
A, and significant areas, i.e., A+ ⊂ A, based on the value ‘1’
of π−a and π+

a , ∀a ∈ A, for all rounds. Then, the RSP can
choose I SVs whose locations are inA+ at each t dynamically.

B. Quality of Information-Based SV Selection

Based on I SVs that are dynamically selected using the
above SV selection, the RSP can further choose J SVs as the
FL learners, where J ≤ I , to efficiently implement the FL
algorithm for each round t. Specifically, we introduce a QoI-
based SV selection method to find J SVs which have the best
information quality as described in the following. Consider
that G = {1, . . . , g, . . . , G} and H = {1, . . . , h, . . . ,H} to
be the set of collected on-road information timespans, e.g.,
7 days, and location IDs from the SVs in I(t), respectively.
From each timespan-g and location-h, each SV-i can compute
a spatio-temporal variability, i.e., the data size in location-h for
timespan-g which can be denoted by σg,hi (t) ∈ [0, 1], from its
total data size σi(t) where σi(t) =

∑G
g=1

∑H
h=1 σ

g,h
i (t). This

calculation is performed by the on-road service application.
To execute the FL at each round t, the RSP needs to

determine the required spatio-temporal variability at timespan-
g and location-h from SV-i, i.e., ζg,hi (t). Since each SV-i,

i ∈ I(t), likely has diverse mobile activities on the roads
in various locations for different timespans, it may have
dissimilar actual spatio-temporal variability for each timespan-
g and location-h, which can be written as

dg,hi (t) =

{
σg,hi (t), if σg,hi (t) ≤ ζg,hi (t),

ζg,hi (t), otherwise.
(4)

From dg,hi (t) and ζg,hi (t), we can define matrices of actual and
required spatio-temporal variabilities for each SV-i as follows:

Di(t) =


d1,1i (t) d1,2i (t) · · · d1,Hi (t)

d2,1i (t) d2,2i (t) · · · d2,Hi (t)
...

...
. . .

...
dG,1i (t) dG,2i (t) · · · dG,Hi (t)

 (5)

and

D̂i(t) =


ζ1,1i (t) ζ1,2i (t) · · · ζ1,Hi (t)

ζ2,1i (t) ζ2,2i (t) · · · ζ2,Hi (t)
...

...
. . .

...
ζG,1i (t) ζG,2i (t) · · · ζG,Hi (t)

 . (6)

Using (5) and (6), we can quantify the QoI metric as the
normalized spatial length of a matrix in Frobenius norm, i.e.,

ηi(t) = 1− ‖D̂i(t)−Di(t)‖F
‖D̂i(t)‖F

, (7)

where 0 ≤ ηi(t) ≤ 1 for each SV-i, i ∈ I(t). In particular,
ηi(t) = 0 infers that no actual spatio-temporal variability is
collected by the SV-i. Meanwhile, ηi(t) = 1 indicates that
the required spatio-temporal variabilities for all timespans and
location IDs of the SV-i fully hold. Using the QoI metric,
the RSP can observe the dataset quality of SV-i, ∀i ∈ I(t),
without requiring the SVs to share their actual datasets. Thus,
the RSP can select J SVs to execute the FL algorithm
according to their largest ηi(t) values for each round t, i.e.,

J (t) = max
[J]
{η1(t), . . . , ηI(t)}. (8)

Equation (8) specifies that only J SVs will share their local
models to update the global on-road information model accu-
racy at each round t of the FL process.

IV. FL WITH SV SELECTION ALGORITHM

A. FL with SV Selection Process

To obtain faster convergence when updating the global on-
road information model accuracy, we execute the FL using
the selected SVs in J (t) for each round t [7]. For the
FL algorithm, we use deep neural networks (DNN) for a
classification prediction model because the output layer of
DNN produces discrete prediction values. Specifically, let
Fj(t) and Lj(t) denote the training feature data (using features
as columns) and ground-truth label data within σj(t) of SV-
j, j ∈ J (t), respectively, such that σ(t) =

∑
J (t)) σj(t).

Due to the use of multiple layers of the DNN, we have
F`j(t) such that F1

j (t) = Fj(t), where ` is the training
layer, ` ∈ [1, 2, . . . , `max]. For each layer-`, we can compute
the training output data as L̂`j(t) = ρ`j

(
F`i(t)X(t)

)
, where

X(t) is the global on-road information model containing
training weights. Additionally, ρ`j(.) represents the activation



function of SV-j for nonlinear transformation. For layer-`,
` ∈ [1, 2, . . . , `max−1], we use a tanh activation function, i.e.,

ρ`j
(
F`j(t)X(t)

)
= e

F`j(t)X(t)−e−F`j(t)X(t)

e
F`
j
(t)X(t)

+e
−F`

j
(t)X(t)

. Furthermore, for the

final layer, i.e., ` = `max, we adopt a softmax activation func-
tion (commonly used to interpret a probability distribution for

classification model), i.e., ρ`maxj

(
F`j(t)X(t)

)
= e

F`j(t)X(t)∑
e
F`
j
(t)X(t)

.

We also use hidden layers `, 1 < ` < `max, to extract the
meaningful features of the training input data. In this case, we
can define that F`+1

j (t) = L̂`j(t). At the final layer-`max, we
can produce the predicted label data L̂`maxj (t) that are used to
calculate the following SV-j’s local loss function at each t

ψj
(
X(t)

)
=

1

σj(t)

σj(t)∑
r=1

(
lrj (t)− l̂rj (t)

)2
, (9)

where lrj (t) and l̂rj (t) are the elements of ground truth label
data Lj(t) and predicted label data L̂`maxj (t) at row-r for
round t, respectively. Using ψj

(
X(t)

)
, we can compute the

gradient of the local loss function at SV-j by ∇Xj(t) =
∂ψj

(
X(t)

)
∂X(t) . This ∇Xj(t) can be used to update the local on-

road information model Xj(t) which minimizes ψj
(
X(t)

)
for

each SV-j by adopting the Adam optimizer as the adaptive
learning rate. In particular, we can update the local update
rules of the exponential moving average of the ∇Xj(t), i.e.,
mj(t), and the squared ∇Xj(t) to obtain the variance, i.e.,
nj(t), as the following formulas:

m
(ν+1)
j (t) = δ(ν)mj (t)m

(ν)
j (t) +

(
1− δ(ν)mj (t)

)
∇Xj(t), (10)

n
(ν+1)
j (t) = δ(ν)nj (t)n

(ν)
j (t) +

(
1− δ(ν)nj (t)

)(
∇Xj(t)

)2
,

where δ
(ν)
mj (t) ∈ [0, 1) and δ

(ν)
nj (t) ∈ [0, 1) specify the

exponential decay steps of m(ν)
j (t) and n(ν)j (t) at local epoch

ν, respectively. Using the learning step φj , we can observe
how frequently the Xj(t) is updated for the next local epoch

ν + 1, which can be derived by φ(ν+1)
j (t) = φj

√
1−δ(ν+1)

nj
(t)

1−δ(ν+1)
mj

(t)
.

Algorithm 1 The FL with SV Selection Algorithm
1: Set initial νth, T ∗, X(0), and t = 0

2: while t ≤ T ∗ and Ψ(X(t)) does not converge do
3: The RSP selects SVs in J (t) ⊂ I(t) ⊂ K using (8)
4: for ∀j ∈ J (t) do
5: Extract Fj(t) and Lj(t) from σj(t)

6: Find L̂`maxj (t) using Fj(t) and X(t)

7: Compute ψj
(
X(t)

)
and send X

(νth)
j (t) to the RSP

8: end for
9: Update global model X(t+ 1) using X

(νth)
j (t) and σj , ∀j ∈ J (t)

10: Evaluate global loss Ψ(X(t+ 1)) using ψj
(
X

(νth)
j (t)

)
, ∀j ∈ J (t)

11: t = t+ 1
12: end while
13: Obtain the final global model X∗ and global loss Ψ∗(X∗)

Next, the X
(ν+1)
j (t) for the next epoch ν+1 can be updated

by X
(ν)
j (t) − φ

(ν+1)
j (t)

mj
(ν+1)(t)√

nj(ν+1)(t)+ε
, where ε refers to a

constant to avoid zero value of the
√
nj(ν+1)(t) + ε. This

local iteration stops when a pre-defined local epoch threshold

νth is reached, and thus we can produce the following variables
φ
(νth)
j (t) and X

(νth)
j (t). Then, the SV-j can send its X

(νth)
j (t)

to the RSP for the global on-road information model update
X(t+ 1) through aggregating all X(νth)

j (t),∀j ∈ J (t), i.e.,

X(t+ 1) =
1

σ(t)

∑
J (t)

σj(t)X
(νth)
j (t). (11)

In this state, we can compute the global loss at t + 1 as
Ψ(X(t + 1)) = 1

J

∑
J (t) ψj

(
X

(νth)
j (t)

)
. This global model

update continues until the global loss converges or a pre-
defined round threshold T ∗ is achieved. As a result, the final
global model X∗ and the final minimum global loss Ψ∗(X∗)
can be obtained as summarized in Algorithm 1.

B. FL with SV Selection Convergence Analysis

We analyze the convergence of our proposed FL algorithm
using the gap between the expected global loss after T ∗

rounds, i.e., E[Ψ(X(T ∗))] and the final global loss, i.e.,
Ψ∗(X∗). Suppose the probability that an SV will be selected
for the FL process at any round is J

K . Then, we can show that
the global loss gap is upper bounded by the expected squared
L2-norm global model gap, i.e., E[‖X(T ∗)−X∗‖22], and lower
bounded by zero as formally stated in the Theorem 1.

THEOREM 1. The FL with the SV selection in Algorithm 1
will converge based on the global loss gap condition 0 ≤[
E[Ψ(X(T ∗))]−Ψ∗(X∗)

]
≤ ω

2E[‖X(T ∗)−X∗‖22], where ω
is a positive modulus from Lipschitz continuity.

Proof. Due to limited space, we provide high-level ideas
to prove Theorem 1 as follows. In particular, consider-
ing that the global loss function at any round Ψ(X(t))
is ω-smooth, we can first show that

[
E[Ψ(X(T ∗))] −

Ψ∗(X∗)
]
≤ ω

2E[‖X(T ∗) − X∗‖22]. Then, we can observe
that limT∗→∞

[
E[Ψ(X(T ∗))] − Ψ∗(X∗)

]
= 0 due to the

decreasing learning rate limt→∞ φ
(νth)
j (t) = 0,∀j ∈ J (t).

V. PERFORMANCE EVALUATION

A. Dataset Preparation

We evaluate the proposed selective FL approach using the
actual two road traffic datasets in the United Kingdom (UK)
between 2000 and 2016 [16]. For the first dataset, it contains
1.5M traffic accidents of all major roads in the UK with 34
features. From these features, we extract 7 important features
including accident location with 416 location IDs, accident
date, accident time, accident additional conditions, i.e., light,
weather, and road surface conditions (as training features) and
accident severity (as training label). For the second dataset,
it includes 275K traffic AADFs from all major roads of 190
areas/local districts in the UK that will be used to find the
set of significant areas. From the second dataset, we separate
AADFs from all major roads based on the area IDs such that
each area corresponds to a total AADF Γa.

B. Simulation Setup

To implement the proposed selective FL approach, we use
TensorFlow CPU 2.2. We consider 100 SVs (i.e., K = 100)



Fig. 2: An illustration of significant (red) and insignificant
(blue) areas in the UK from the dataset provided in [16].

to compare the performance of our proposed approach (con-
sidering location significance and QoI), i.e., PRO, with other
baseline FL methods including random scheduling (RS) and
round-robin scheduling (RR) [11]. For the RS and RR, the
RSP chooses J SVs from all considered K SVs randomly
and sequentially in a round-robin manner, respectively, without
considering the SVs’ location significance and QoI at each
round. We also introduce a location-significance scheduling
(LO) in which the RSP selects J SVs from I SVs randomly
without accounting for the SVs’ QoI at each round. From
these SVs, we divide them into 3 categories, i.e., high-QoI
SVs, medium-QoI SVs, and low-QoI SVs. Specifically, the
data size and spatio-temporal variabilities will be generated
in the following order: high-QoI SVs > medium-QoI SVs >
low-QoI SVs. At each round, all SVs are randomly scattered in
both significant and insignificant areas as illustrated in Fig. 2.
We also consider different values of J , i.e., 1, 5, and 10 SVs,
for each round to evaluate the efficiency of the PRO.

Next, we split the accident dataset into 0.8 training set
and 0.2 testing set. Moreover, we consider non-i.i.d and i.i.d
scenarios. For the non-i.i.d scenario, we first separate the
training set randomly into 3 training subsets for high-QoI,
medium-QoI, and low-QoI SVs. Then, we sort each training
subset based on the training label. Each sorted training subset
is distributed to the corresponding number of SVs based on
their QoI. This scenario occurs when most of the learning SVs
have only visited specific limited locations, e.g., the school
bus or city public transport. Meanwhile, for the i.i.d scenario,
we distribute accident training set randomly to the high-QoI,
medium-QoI, and low-QoI SVs according to their QoI. This
scenario takes place when most of the learning SVs have
passed by many locations frequently, e.g., taxi or long-trip
public transport. For the DNN, we use two hidden layers with
128 and 64 neurons per layer, and one final layer with 3
neurons (which correspond to 3 labels). In addition, we adopt
the Adam optimizer with initial step size 0.01.

C. Simulation Results

1) Non-i.i.d scenario: We first evaluate the global model
accuracy for the non-i.i.d scenario when the number of learn-
ing SVs, i.e., J , increases. In particular, the convergence speed
gets faster when more learning SVs are selected at each round.
As observed in Fig. 3(a), all FL methods suffer from the
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Fig. 3: The performance of proposed FL with SV selection
using various learning SVs with non-i.i.d dataset.

fluctuated accuracy performance when the RSP only uses one
learning SV (due to biased local dataset from each SV in K).
This biased local dataset will produce inaccurate on-road in-
formation model and lead to the unstable FL performance [7].
Nonetheless, the PRO eventually can reach the convergence
within 40 learning rounds with accuracy level 85%. In this
case, the convergence speed of PRO outperforms that of LO
up to 11.4% (or 5 rounds) because the selection of high-QoI
SVs is guaranteed when we apply the PRO. Meanwhile, the RS
and RR cannot even reach the convergence since they likely
to select low-QoI SVs with very biased local datasets.

The accuracy performances for all FL methods improve
when more learning SVs are selected by the RSP. As can
be seen in Fig. 3(c) and Fig. 3(e), the PRO can speed up the
accuracy convergence up to 13% (or 5 rounds) and 53% (or
20 rounds) when the RSP selects 5 and 10 learning SVs for
each round, respectively. The reason is that the PRO can now
train more high-QoI and medium-QoI SVs with less biased
local datasets, and thus the unfairness among different SVs
can be reduced. In this way, more accurate global on-road
information model can be obtained faster. Furthermore, in
terms of the accuracy convergence speed, the PRO can still
outperform other baseline FL methods up to 17% (or 7 rounds)
and 62% (or 29 rounds) when 5 and 10 learning SVs are
utilized, respectively. These accuracy performances align with
the global loss ones in Fig. 3(b), Fig. 3(d), and Fig. 3(f) where
the PRO can reach the fastest minimum convergence compared
with the baseline FL methods. To this end, the above results
can provide insightful information for the RSP in practice to
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Fig. 4: The performance of proposed FL with SV selection
using various learning SVs with i.i.d dataset.

choose the best SV selection method for the FL process in
terms of stability and flexibility in the IoV network.

2) i.i.d scenario: Next, we observe the global model ac-
curacy for the i.i.d scenario for various number of learning
SVs. When only one SV is used to execute the FL algorithm
for each round as shown in Fig. 4(a), the PRO can converge
63% (or 22 rounds) faster than those of the RS and RR
at accuracy level 85%. Additionally, the PRO can reach the
convergence 35% (or 7 rounds) earlier than that of the LO at
the same accuracy level. This is because the PRO only selects
one SV with the highest QoI within the significant areas.
Meanwhile, the RS and RR choose one learning SV from the
total K SVs (due to no location significance and QoI-based SV
selection method). As such, there exists high possibility that
both methods choose only low-QoI SVs most of the learning
rounds, which then slows down their convergence. For the
LO, it only considers one learning SV in the significant areas
without considering the QoI of SVs therein. Hence, the LO’s
accuracy convergence will be delayed slightly. Similar to the
non-i.i.d scenario, the global loss in Fig. 4(b) aligns with
the accuracy where the PRO and LO can reach the fastest
convergence compared with those of the RS and RR.

The interesting point of accuracy performance can be ob-
served when 5 and 10 learning SVs are considered in Fig. 4(c)
and Fig. 4(e), respectively. Specifically, the RS, RR, and LO
can improve the speed of accuracy convergence up to 23% (or
8 rounds) due to the existence of more accurate/meaningful
local models from more learning SVs. Nonetheless, this trend
does not apply for the PRO. The reason is that, with i.i.d local

high-QoI dataset at each learning SV, the aggregation of all
local models at the RSP will produce the same model accuracy
compared with the case when one high-QoI SV is used. In this
way, the additional datasets with the same high-QoI from other
SVs will not further improve the convergence speed.

VI. CONCLUSION

In this paper, we have proposed a novel selective FL ap-
proach to address the limitations of conventional FL algorithm
in the IoV network. In particular, we have introduced the lo-
cation significance and QoI-based SV selection method which
allows the RSP to select the best active SVs to implement FL
algorithm for each learning round. Via the simulation results,
we have shown that our proposed approach can produce high-
accurate convergence results of FL without utilizing all SVs in
the network simultaneously. Moreover, our proposed approach
can outperform other baseline FL algorithms in terms of the
convergence speed and provide insightful information to lever-
age more learning SVs for non-i.i.d scenario and one learning
SV for i.i.d scenario to obtain the best FL performances.
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