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ABSTRACT: Federated Learning (FL) provides an effective framework for efficient processing in vehicular edge
computing. However, the dynamic and uncertain communication environment, along with the performance variations
of vehicular devices, affect the distribution and uploading processes of model parameters. In FL-assisted Internet of
Vehicles (IoV) scenarios, challenges such as data heterogeneity, limited device resources, and unstable communication
environments become increasingly prominent. These issues necessitate intelligent vehicle selection schemes to enhance
training efficiency. Given this context, we propose a new scenario involving FL-assisted IoV systems under dynamic
and uncertain communication conditions, and develop a dynamic interval multi-objective optimization algorithm to
jointly optimize various factors including training experiments, system energy consumption, and bandwidth utilization
to meet multi-criteria resource optimization requirements. For the problem at hand, we design a dynamic interval
multi-objective optimization algorithm based on interval overlap detection. Simulation results demonstrate that our
method outperforms other solutions in terms of accuracy, training cost, and server utilization. It effectively enhances
training efficiency under wireless channel environments while rationally utilizing bandwidth resources, thus possessing
significant scientific value and application potential in the field of IoV.

KEYWORDS: Internet of vehicles; edge computing; dynamic uncertain environments; device selection; power alloca-
tion; dynamic interval multi-objective algorithm

1 Introduction
In recent years, with the continuous advancement of wireless communication technologies and

intelligent transportation systems, the Internet of Vehicles (IoV) has progressively emerged as a criti-
cal infrastructure for the development of smart cities [1]. The IoV facilitates information coordination
and resource sharing among traffic participants through various communication modalities, including
vehicle-to-vehicle (V2V), vehicle-to-infrastructure (V2I), and vehicle-to-cloud (V2C) interactions [2–4].
This integration has propelled the implementation of functionalities such as autonomous driving, route
optimization, and intelligent scheduling, significantly enhancing traffic safety and efficiency while con-
tributing to the reduction of overall carbon emissions. Despite the immense application potential of the
Internet of Vehicles (IoV), its highly distributed nature, pronounced temporal variability, and resource
heterogeneity present numerous pressing challenges [5–7]. In particular, ensuring the system’s learning and
collaborative capabilities in dynamic environments—characterized by uneven data distribution, constrained
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communication bandwidth, and frequent fluctuations in vehicular resource states—emerges as a critical
issue [8].

To address the aforementioned challenges, Federated Learning (FL), as a distributed machine learning
framework, offers an effective solution for Internet of Vehicles (IoV) systems [9]. Unlike traditional cen-
tralized learning methods, federated learning (FL) enables vehicles to train on private data locally and only
upload model parameters to a central server for aggregation, thereby effectively preserving user privacy
and reducing data transmission overhead [10,11]. However, the high dynamism of the Internet of Vehicles
(IoV) introduces novel challenges to the federated learning (FL) training process: wireless channel quality is
susceptible to environmental fluctuations, resulting in unstable bandwidth resources that affect the upload
rate of model parameters; significant heterogeneity in computational capabilities, battery status, and data
distribution among vehicles further exacerbates the non-iid nature of the training process [12–16]. Moreover,
the volatility of communication and computational resources renders the latency, energy consumption, and
convergence of model training unpredictable, thereby severely constraining the performance of federated
learning in practical Internet of Vehicles (IoV) scenarios [17,18].

Current research predominantly focuses on singular optimization objectives, such as minimizing
training latency or energy consumption, and fails to comprehensively balance the complex dependencies and
mutual constraints among multiple optimization goals [19,20]. In the Internet of Vehicles (IoV) environment,
wireless communication bandwidth exhibits dynamic variations influenced by environmental factors. Such
fluctuations directly impact data transmission rates, thereby affecting the latency, energy consumption,
and communication efficiency of Federated Learning (FL) training [21]. Consequently, optimizing device
selection and resource allocation under dynamically uncertain conditions constitutes a critical challenge.
Specifically, bandwidth variability induces instability in wireless channel quality, causing fluctuations in FL
parameter transmission rates and consequently influencing training convergence speed; constrained compu-
tational resources impose mutual restrictions between computation and communication latency, rendering
the optimization of training latency a pivotal issue; power limitations of IoV devices result in significant
disparities in inter-device energy consumption, necessitating further investigation into minimizing system
energy consumption while maintaining training efficiency [22,23]. Moreover, FL training encompasses
multiple conflicting optimization objectives—such as training latency, energy consumption, and bandwidth
utilization—posing ongoing challenges for joint optimization within a dynamic multi-objective optimization
framework [24].

The high degree of dynamism in the IoV environment manifests at multiple levels: channel state
and bandwidth resources fluctuate with changes in network load, interference intensity, and physical
distance [25]; computational resources and energy levels of vehicles continuously vary over time; the volume
and quality of data collected by on-board devices also exhibit dynamic changes due to differing geographical
locations and task periods [26]. These factors collectively result in significant interval-based fluctuations
in key performance indicators of federated training—training latency, system energy consumption, and
communication efficiency. Traditional optimization methods based on deterministic modeling struggle to
address such a complex and uncertain operational environment. Although existing methods have made
progress in device selection and resource allocation, most rely on static or deterministic modeling and
cannot effectively handle the dynamic uncertainties of bandwidth, energy, and computation in IoV. Some
studies address single objectives such as latency or energy, but lack systematic modeling of multi-objective
dependencies. To this end, this paper proposes a joint optimization model under a dynamic interval multi-
objective framework, with detection and response mechanisms to improve the stability and adaptability of
federated learning in dynamic uncertain environments.
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To this end, this paper focuses on the optimization problem of device selection and resource allocation
during the federated learning training process in the Internet of Vehicles (IoV), with the main contributions
summarized as follows:

(1) A modeling framework oriented towards dynamic interval multi-objective optimization is pro-
posed. In the model construction, the interval fluctuation characteristics of communication bandwidth,
computational resources, and energy consumption constraints within the Internet of Vehicles (IoV) across
different time periods were thoroughly considered. Training latency, system energy consumption, and
bandwidth utilization were designated as primary optimization objectives, leading to the establishment of a
resource-aware optimization model characterized by dynamic uncertainty features.

(2) The utilization of intervals to characterize the dynamic variations of resource metrics provides
a more realistic and uncertainty-aware quantitative approach for model construction and optimization,
enabling the model to better accommodate the dynamic fluctuations of resources within the Internet of
Vehicles (IoV) environment. Through dynamic interval modeling, it is possible to accurately delineate the
fluctuation ranges of various resource indicators in the IoV context, thereby facilitating the joint optimization
of device selection strategies and communication power allocation schemes. This ensures that the model
maintains robust adaptability and resilience in highly variable environments.

(3) To solve the proposed model, a novel dynamic interval multi-objective evolutionary algorithm
is introduced, incorporating an innovative environmental detection mechanism and response mechanism
for optimization. This approach addresses the solution aspect of the constructed model by designing a
new algorithm aimed at identifying the optimal or satisfactory solutions of the model. The environmental
detection and response mechanisms within the algorithm are specifically developed to better accommodate
the dynamic interval characteristics inherent in the model, thereby effectively deriving strategies that satisfy
multi-objective optimization criteria under dynamically changing environments.

The organizational structure of this paper is as follows: Section 2 reviews the related work on
device selection and power allocation in federated learning, as well as studies on dynamic interval algo-
rithms. Section 3 delineates the details of the proposed model. Section 4 elaborates on the specifics of
the proposed algorithm. In Section 5, the performance of the proposed model and the designed solution
algorithm is evaluated and analyzed. Finally, Section 6 concludes the paper and outlines directions for
future research.

2 Related Work

2.1 Device Selection and Power Allocation in Federated Learning
In dynamic and uncertain edge computing environments, resource constraints and device hetero-

geneity constitute critical challenges for federated learning. The joint optimization of resource allocation
and device selection not only enhances system adaptability and stability but also significantly improves
training efficiency, reduces energy consumption, and minimizes communication overhead. Therefore, the
effective implementation of resource allocation and device selection has emerged as a pivotal research
focus in contemporary federated learning studies. However, existing approaches often address these two
aspects separately, which limits their ability to achieve balanced optimization under highly dynamic and
uncertain conditions.

In recent years, numerous studies have proposed targeted resource allocation and device selection
strategies for practical application scenarios such as vehicular networks, aiming to optimize energy consump-
tion management and communication efficiency in federated learning. To enhance algorithm convergence
speed, Chang et al. [25] investigated the impact of pruning strategies on federated learning performance
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and proposed the VFed-AMP method, which integrates adaptive pruning, vehicle selection, and resource
allocation into a joint optimization framework. Addressing the issue of unfair bandwidth resource distribu-
tion among clients engaged in federated learning, Xiong and Guo [26] developed a contribution calculation
strategy based on Shapley values and designed a client selection scheme combined with model contribution
metrics alongside wireless resource allocation methods. Under constrained bandwidth conditions, this
approach improves global model convergence speed and accuracy by reducing training and aggregation
frequency for low-contribution clients while increasing bandwidth allocation for high-contribution clients.
To tackle challenges posed by vehicle mobility and high resource overhead in vehicular federated learning,
Wang et al. [27] proposed a two-tier multi-access edge computing-assisted vehicular network framework
that incorporates a node selection algorithm supporting dynamic vehicle participation and a distributed
resource allocation strategy grounded in multi-agent reinforcement learning, thereby reducing the overall
resource overhead during the federated learning process. Yuan et al. [28] integrated a vehicle selection
and resource allocation mechanism based on deep deterministic policy gradient, modeling the vehicle
selection and resource allocation problem as a Markov decision process. They employed deep reinforcement
learning techniques for policy optimization and designed a hierarchical federated learning algorithm, which
enhanced resource utilization in vehicular networks and mitigated the impact of resource constraints on
federated learning performance.

Due to the high energy consumption inherent in the training process, issues such as training interrup-
tions and system stability degradation frequently occur. In response, some researchers have proposed various
resource management and scheduling strategies aimed at optimizing energy efficiency. To address energy
consumption management in federated learning systems within Internet of Things (IoT) scenarios, Yao and
Ansari [29] formulated a joint modeling of CPU frequency and power control as a nonlinear programming
problem, with the objective of minimizing overall energy consumption. Under the constraint of meeting
model training time requirements, this approach provides an efficient energy optimization strategy for fed-
erated learning applications on resource-constrained devices in edge computing environments. Yu et al. [30]
introduced a novel approach to enhance overall system efficiency and stability by proposing a resource-aware
client selection and resource allocation algorithm. This method adopts a synergistic management perspective
of energy and latency, allocating resources based on device CPU frequency and transmission power to
optimize the trade-off between maximizing the number of participating clients and minimizing total energy
consumption. In federated learning applications involving unmanned systems, the limited battery capacity
of micro unmanned aerial vehicles (UAVs) imposes operational bottlenecks during practical missions. Wen
et al. [31] specifically proposed a joint optimization scheduling and wireless resource allocation strategy to
enhance the sustained operational capability of UAVs engaged in collaborative tasks, thereby significantly
improving overall mission completion efficiency. To mitigate issues arising from client devices in wireless
communication systems being unable to continuously participate in federated learning due to energy con-
straints or communication interference, Hamdi et al. [32] developed an integrated optimization framework
combining energy management with user scheduling, which enhances communication system stability and
robustness throughout the federated learning process. To optimize federated learning performance under
non-independent and identically distributed (non-IID) data scenarios, Yin et al. [33] constructed a Stackel-
berg game-based model incorporating an adaptive covariance matrix strategy; through joint optimization of
wireless resource allocation and client scheduling, this approach effectively alleviates communication latency
challenges inherent in non-IID data settings. Zheng et al. [34] proposed the FedAEB framework designed to
optimize participation energy consumption among heterogeneous devices; leveraging deep reinforcement
learning models for joint client selection and resource scheduling optimization enables dynamic balancing
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between training performance and communication energy consumption, thereby enhancing both stability
and energy efficiency ratios of federated learning within heterogeneous edge environments.

Other researchers have integrated client selection with bandwidth optimization strategies [35] to
maximize the utilization of communication resources. Addressing potential communication bottlenecks
arising from high-density device access, Huang et al. [36] modeled user selection and bandwidth allocation
as a joint optimization problem and devised a rational bandwidth allocation strategy; this approach
concurrently enhances communication efficiency under constrained wireless spectrum resources. Nguyen
et al. [37] proposed a two-hop communication protocol supporting dynamic resource allocation, optimizing
resource distribution schemes within bandwidth-limited networks to enable greater client participation in
federated learning training, thereby improving model generalization and fairness. Ji et al. [38] developed a
scheduling mechanism incorporating the concept of virtual energy queues; through joint optimization of
edge device selection and bandwidth allocation, their method ensures that federated learning systems in
edge computing environments maintain favorable long-term average costs under stringent energy budget
and latency constraints. To elevate the intelligence level of client selection and resource scheduling in
federated learning, Zhang et al. [39] introduced a distributed resource collaborative allocation framework
based on multi-agent reinforcement learning. This framework leverages cooperative decision-making among
edge servers to optimize client selection and resource scheduling, demonstrating superior adaptability and
performance in complex dynamic network environments.

However, the current research on device selection and resource allocation methods is still in its
infancy. Although existing studies have demonstrated certain advantages in reducing communication
overhead and enhancing training efficiency, they struggle to ensure the stability of model training under
uncertain communication conditions characterized by unstable communication links and dynamically
changing channel states. Additionally, the model training process often overlooks devices with constrained
resources or uneven data distribution, leading to imbalanced resource allocation and compromised fairness
in device participation, which in turn introduces biases in the training outcomes. Therefore, this paper
constructs a joint optimization model from the perspectives of uncertain communication resources and
device participation fairness, aiming to enhance the stability and fairness of federated learning in complex
real-world environments.

2.2 Dynamic Range Multi-Objective Optimization Algorithm
Dynamic interval multi-objective optimization algorithms have numerous practical applications in

real-world scenarios. Taking unmanned aerial vehicle (UAV) path planning [40] as an example, a critical
challenge lies in evading hazardous sources. Since acquiring the precise locations of these hazards is often
prohibitively costly or infeasible, decision-makers typically only possess approximate range information
regarding the hazards. Such range data are generally represented in the form of intervals, which dynamically
vary in response to environmental changes, thereby rendering the optimization problem more complex and
uncertain. Consequently, these problems are formulated as Dynamic Interval Multi-Objective Optimization
Problems (DI-MOPs) [41]. The formal definition is presented in Eq. (1)

min F (x , c (t)) = ( f1 (x , c1 (t)), f2 (x , c2 (t)), . . . , fm (x , cm (t)))
s.t. x ∈ D ⊆ Rn

ci (t) = (ci1 (t) , ci2 (t) , . . . , ci l (t))T , i = 1, 2, . . . , m
ci k (t) = [ci k (t) , ci k (t)] , k = 1, 2, . . . , l

(1)

Among them, x ∈ D ⊆ Rn is an -dimensional decision vector, D denotes the d-dimensional decision
space, c (t) is an interval parameter vector, ci (t) is the i-th component of c (t), which is a vector with l
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components; the interval parameter ci k (t) is the k-th component of ci (t), where ci k (t) and ci k (t) represent
the lower and upper bounds of the interval value ci k (t), respectively; fi (x , ci (t)) is thei-th objective
function of F (x , c (t)), denoted as [ fi (x , ci (t)) , fi (x , ci (t))].
Definition 1: The order relation between the objective values fi (xa , ci (t)) and fi (xb , ci (t)) associated with
two decision variables xa and xb is defined as follows:

fi (xa , ci (t)) <IN fi (xb , ci (t)) ⇔ fi (xa , ci (t)) ≤ fi (xb , ci (t))
∧ fi (xa , ci (t)) ≤ fi (xb , ci (t)) ∧ fi (xa , ci (t)) ≠ fi (xb , ci (t)) (2)

Otherwise, fi (xa , ci (t)) and fi (xb , ci (t)) are incomparable, denoted as fi (xa , ci (t)) ∣∣ fi (xb , ci (t)).
Here, fi (xa , ci (t)) and fi (xa , ci (t)) represent the upper and lower bounds of fi (xa , ci (t)), respectively.
Definition 2: Using interval notation to represent “ xa is preferred to xb” can be expressed as xa ≻IP xb , if and
only if:

{ ∀i ∈ {1, 2, . . . , m} , fi (xa , ci (t)) <IN fi (xb , ci (t)) ∨ fi (xa , ci (t)) ∣∣ fi (xb , ci (t))
∃i ∈ {1, 2, . . . , m} , fi (xa , ci (t)) <IN fi (xb , ci (t)) (3)

If xa neither dominates xb nor is dominated by xb , then xa and xb are considered interval incomparable,
denoted as xa ∥xb .
Definition 3: Dynamic Interval Pareto Optimal Set (DIPOS). A solution is considered non-dominated if no
other solution dominates it. The set of Pareto solutions comprises all Pareto optimal solutions at any given
time. Consequently, the complete non-dominated solution set is referred to as DIPOS, which is mathematically
expressed as:

DIPOSt = {xt ∈ Ω ∣¬∃xt∗ ∈ Ω, xt∗ <IP x t } (4)

Definition 4: Dynamic Interval Pareto Optimal Front (DIPOF). The set of vectors formed by the mapping of
all Pareto optimal solutions in the objective space is defined as the DIPOF, expressed as follows:

DIPOFt = {F (x∗, c (t)) ∣x∗ ∈ DIPOSt } (5)

Definitions 1 and 2 elucidate the internal relationships within DI-MOPs. Definition 1 introduces the con-
cept of uncertain Pareto dominance≺IN , establishing a partial ordering relation among intervals. Definition 2
extends the traditional notion of Pareto dominance ≻IP to accommodate multi-objective scenarios involving
interval comparisons. Concurrently, Definitions 3 and 4 respectively delineate the optimal non-dominated
solution set and its corresponding set of objective values.

Based on the aforementioned definitions, the characteristics of dynamic interval multi-objective
optimization problems can be summarized as follows: (1) the objective functions contain parameters; (2)
these parameters are represented as interval vectors; (3) the interval vectors vary over time. This distinctive
feature endows dynamic interval multi-objective optimization problems with heightened uncertainty and
dynamism. The objective functions depend not only on decision variables but also on parameters expressed
as intervals, encapsulating uncertainty, and these parameters evolve temporally. Consequently, the optimal
solution set undergoes numerical variations and may exhibit diversified distributions influenced by the width
of the intervals, reflecting different degrees of uncertainty. Conventional static multi-objective optimization
methodologies often fail to accommodate such dynamic and uncertain environments effectively. Therefore,
there is an urgent need to develop algorithmic frameworks capable of dynamically detecting environmental
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changes, forecasting trends, and adaptively adjusting search strategies. Simultaneously, evaluation criteria
must integrate interval uncertainty factors to ensure convergence, distribution uniformity, and robustness
of the solution set.

To make the above mathematical definitions more intuitive, we provide a brief explanation here. In
dynamic interval multi-objective optimization, each objective value is not a fixed number but an interval that
changes with time. Interval dominance indicates whether the performance of one solution is consistently
better than another across the entire interval range. The Dynamic Interval Pareto Optimal Set (DIPOS) can be
regarded as the collection of all solutions that are not dominated under such interval comparisons, while the
Dynamic Interval Pareto Optimal Front (DIPOF) represents their mapping in the objective space. Intuitively,
this means that even if the exact values of objectives are uncertain, the optimization still seeks solutions that
remain competitive across possible variations.

In recent years, an increasing number of researchers have proposed various effective and competitive
DMOEAs to address DMOPs. However, when the problem objective values exhibit interval characteristics,
it transitions into DI-MOPs. Conventional DMOEAs primarily focus on change detection and response
mechanisms, designed specifically for DMOPs with precise values. In the context of imprecise DMOPs,
Gong et al. [41] introduced a co-evolutionary algorithm for dynamic interval multi-objective optimization
problems based on similarity, which collaboratively evolves decision variables by grouping based on the
similarity between decision variables and interval parameters, and detects changes in the Pareto front of
the optimization problem at an early stage. Nevertheless, this approach primarily emphasizes the similarity
of interval variables during the optimization process and does not fully explore the impact of interval
characteristics on the accuracy of change detection. Additionally, the high computational complexity of its
co-evolutionary mechanism limits the algorithm’s applicability to high-dimensional problems. Xu et al. [42]
proposed a reinforcement learning-based dynamic interval multi-objective optimization algorithm, utilizing
internal interval similarity to detect the severity of changes within intervals and embedding Q-learning to
select the optimal change response method to adapt to new environments. Although this study incorporates
a reinforcement learning mechanism to enhance adaptability, its change detection relies on the measurement
of internal interval characteristics, which may struggle to cope with complex environments characterized
by diverse changing patterns. Furthermore, the method primarily focuses on change detection and lacks
optimization of response mechanisms tailored to the characteristics of DI-MOPs, failing to propose efficient
adjustment strategies better suited to such problems. Overall, research on DI-MOPs remains relatively
limited, with existing methods falling short in change detection and response mechanisms. Specifically,
accurately detecting dynamic changes in interval objectives and designing efficient response mechanisms to
adapt to various types of environmental changes remain unresolved issues. Therefore, this paper conducts
in-depth research on change detection and response mechanisms, integrating the characteristics of interval
objectives to address the shortcomings of current studies.

3 Optimization Model
This chapter focuses on a resource-aware collaborative control system composed of a parameter

central server (CS) and multiple mobile vehicles (MVs). A resource-aware collaborative control system is
developed and investigated. In this system, each mobile vehicle (MV) possesses a locally acquired dataset
Si = {x∗, y∗}i = {1, 2, . . . , N}, where x∗ denotes the data samples and y∗ represents the corresponding
output labels. Due to various uncertainties during communication—such as channel noise, fluctuations in
the number of devices, resource occupancy conditions, and interference during network peak periods—the
channel bandwidth relied upon for parameter transmission exhibits variability across different environ-
ments. Consequently, this study models the bandwidth as a time-varying interval parameter denoted by
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B (t) = [B (t) , B (t)]. Fig. 1 illustrates the fundamental process of federated learning (FL) in each iteration:
after local model training by individual vehicles, parameters are uploaded to the central server (CS), which
performs aggregation and subsequently disseminates the updated global model, thereby completing one full
FL cycle.

Dynamic uncertainties such as weather 
conditions, architectural structures, and 

electromagnetic interference

RSU
Model Parameter 
Upload/Download

Localized Training

Device Selection and Power Allocation Model

Figure 1: FL-assisted IoV collaborative training framework

To achieve joint optimization of device selection and bandwidth allocation, this paper intro-
duces decision variables x = {x1 , x2, ⋅ ⋅ ⋅ , xN}, xk ∈ [0, 1] and a bandwidth allocation vector B (t) =
{B1 (t) , B2 (t) , . . . , BN (t)}. The variable α = {a1 , a2, ⋅ ⋅ ⋅ , aN} represents the participation status of vehicles
in the federated task, while p = {p1 , p2, ⋅ ⋅ ⋅ , pN} denotes the corresponding power allocation ratio. Their
relationship is established through the following logical conditions: if a vehicle is not selected xk = 0, then
set ak = 0 and pk = 0; if selected xk ≠ 0, then set ak = 1 and pk = xk .

Based on the aforementioned modeling framework, this study conducts an in-depth modeling and
optimization of the federated learning process in the Internet of Vehicles (IoV) environment from three
perspectives: first, considering latency performance jointly determined by computational capability and
communication conditions; second, quantifying energy consumption during model training and data trans-
mission; third, evaluating the effective utilization of bandwidth resources, upon which a system optimization
model is constructed.

3.1 Objective Function I: Training Latency
In the practical deployment of federated learning (FL) systems, the constraint imposed by device

resource allocation on training efficiency is primarily manifested in the two core stages of distributed
computing: local model training and global model aggregation. Each mobile terminal leverages its own
computational capacity to process local data and obtain corresponding parameter updates through localized
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training. Due to heterogeneity in processing capabilities and data scale among terminals, the time required
for local training varies accordingly, thereby directly reflecting the degree of alignment between computa-
tional resources and data volume. The latency of local training has become a critical metric for evaluating
the overall efficiency of FL systems, necessitating further optimization. Let Di denote the number of data
samples processed by the i-th mobile vehicle (MV) during local model training, representing the scale of
locally pending data. Ci represents the average number of CPU cycles required to process a single data
sample, reflecting the computational intensity needed for data processing by the vehicle. fi denotes the CPU
frequency of vehicle i, which determines its computational speed. Accordingly, the training latency for the
i-th MV is formulated as follows:

T com p
i = Di ⋅ Ci

fi
(6)

In the deployment of Federated Learning (FL) on mobile devices with limited communication
bandwidth, the constrained network capacity and the number of participating vehicles may exacerbate com-
munication bottlenecks. The frequent exchange of model parameters between Mobile Vehicles (MVs) and
the Central Server (CS) increases the communication load. Due to the limited communication capabilities of
mobile terminals, uploading locally trained model parameters to the CS incurs significant communication
latency. (Compared to the uplink transmission from MVs, the communication cost for downloading models
from the CS is negligible.) Therefore, the uplink transmission rate of model parameters for the i-th mobile
vehicle can be expressed as:

[Ri (t) , Ri (t)] = [Bi (t) , Bi (t)] ⋅ log2 (1 + pi ∣hi ∣2 d−α
i

N0 + Ii
) (7)

here, α denotes the path loss exponent, which characterizes the attenuation properties of the signal
during transmission. hi represents the Rayleigh fading coefficient associated with the i-th vehicle. The
communication distance di corresponds to the distance between the i-th mobile vehicle (MV) and the
central server (CS), whose dynamic variation is closely related to the vehicular mobility state. Let Vi denote
the velocity of the MV; when the terminal approaches the central node, the distance variation follows
model di =

√
(Locxi − T com p

i ∗ Vi)
2 + Locyi 2; conversely, when the terminal moves away, it adheres to

model di =
√
(Locxi + T comm

i ∗ Vi)
2 + Locyi 2. Here, {Locxi , Loc yi} indicates the federated task received

by selecting the i-th MV. N0 represents the noise power spectral density, and Ii denotes the interference
power experienced by vehicle i, reflecting interference from other signals within the wireless channel.
Consequently, the transmission delay for parameter uploading can be expressed as:

[T comm
i (t) , T

comm
i (t)] = Si

[Ri (t) , Ri (t)]
= Si

[Bi (t) , Bi (t)] ⋅ log2 (1 + pi ∣hi ∣
2 d−α

i
N0+I i

)
(8)

Define the total delay of vehicle i as:

[Ti (t) , Ti (t)] = T com p
i + [T comm

i (t) , T
comm
i (t)] (9)
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Therefore, the target latency interval for the entire system is denoted as T (t) ∈ [T (t) , T (t)], within
which,

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

T (t) =
Tt
∑
t=1

N
∑
i=1
(T com p

i + T comm
i (t))

T (t) =
Tt
∑
t=1

N
∑
i=1
(T com p

i + T
comm
i (t))

(10)

3.2 Objective Function II: System Energy Consumption
In federated learning (FL) systems, vehicles participate as edge computing devices in model training,

where energy consumption has consistently been a critical factor affecting both efficiency and sustainability.
As key participants in FL, the energy consumption of vehicles can be categorized into two primary
components: first, the energy expenditure during local data training, which predominantly arises from
the utilization of onboard computational resources such as processors and memory hardware during the
execution of model training tasks; second, the energy consumed during parameter transmission, wherein
substantial communication bandwidth and power are required when vehicles upload locally trained model
parameters to cloud servers or receive updated parameters from them.

Specifically, the training energy consumption of vehicle i is proportional to the product of the required
number of CPU cycles and the square of the CPU frequency. The corresponding formula is as follows:

Ecom p
i = κi ⋅ Ci ⋅ Di ⋅ f 2

i (11)

here, κi denotes the capacitance coefficient of vehicle i, which is related to the chip architecture and is utilized
for calculating training energy consumption.

Communication energy consumption is defined as the product of transmission power and transmission
delay, that is:

[Ecomm
i (t) , Ecomm

i (t)] = pi ⋅ T comm
i (t) = pi ⋅ Si

[Bi (t) , Bi (t)] ⋅ log2 (1 + pi ∣hi ∣
2 d−α

i
N0+I i

)
(12)

Therefore, the total energy consumption of vehicle i is:

[Ei (t) , Ei (t)] = Ecom p
i + [Ecomm

i (t) , Ecomm
i (t)] (13)

The system’s energy consumption target range is ε (t) ∈ [ε (t) , ε (t)] among which,

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

ε (t) =
Tt
∑
t=1

N
∑
i=1
(Ecom p

i + Ecomm
i (t))

ε (t) =
Tt
∑
t=1

N
∑
i=1
(Ecom p

i + Ecomm
i (t))

(14)

3.3 Objective Function III: Bandwidth Utilization Rate
Under the increasingly constrained wireless resources, efficient bandwidth resource management plays

a decisive role in ensuring the overall performance of federated learning systems. This model establishes
a refined set of quantitative metrics aimed at optimizing bandwidth utilization. Taking into account
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fluctuations in channel state information, dynamic variations in network load, and the impact of time-
varying channels caused by vehicular mobility, the bandwidth utilization rate of vehicle i is defined as:

[η
i
(t) , ηi (t)] =

[Bi (t) , Bi (t)]
Btotal

i
=

⎡⎢⎢⎢⎢⎢⎢⎢⎣

Bi (t)
N
∑
i=1

T
∑
t=1

Bi (t)
, Bi (t)

N
∑
i=1

T
∑
t=1

Bi (t)

⎤⎥⎥⎥⎥⎥⎥⎥⎦

(15)

The overall system bandwidth utilization range can be defined as the summation of the utilization rates
of individual vehicles: η (t) ∈ [η (t) , η (t)], wherein,

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

η (t) =
Tt
∑
t=1

N
∑
i=1

η
i
(t)

η (t) =
Tt
∑
t=1

N
∑
i=1

ηi (t)
(16)

3.4 Overall Model
In each round of the federated learning (FL) system, the objective is to select vehicles that meet the

following criteria: firstly, the training latency should be minimized, encompassing both computational
delay and transmission delay, to ensure training efficiency; secondly, system energy consumption must be
reduced as much as possible, including energy expenditure during training and transmission, in order to
prolong battery life and decrease resource utilization; finally, bandwidth utilization should be maximized,
defined as the ratio of allocated bandwidth to total available bandwidth for each vehicle, thereby optimizing
wireless resource usage. Given that the proposed model incorporates these three concurrently optimized
objectives, the problem is formulated as a dynamic interval multi-objective optimization model. The work
presented in this chapter aims to reduce overall federated model training latency and energy consumption
through optimization while maintaining satisfactory performance. Specifically, the model comprises three
optimization objectives along with associated constraints.

min F (α, p, B) = { f1 , f2, f3}

=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

f1 (p, B (t)) = max1≤i≤N (T com p
i + [T comm

i (t) , T
comm
i (t)])

f2 (p, B (t)) =
Tt
∑
t=1

N
∑
i=1
(Ecom p

i + [Ecomm
i (t) , Ecomm

i (t)])

f3 (p, B (t)) =
Tt
∑
t=1

N
∑
i=1
([ Bi(t)

Btotal
i

, Bi(t)
Btotal

i
])

s.t.
N
∑
i=1

ai = i , ai ∈ {0, 1}
N
∑
i=1

pi = 1, 0 ≤ pi ≤ 1
N
∑
i=1

pi ∗ p ≤ pmax

T com p
i + [T comm

i (t) , T
comm
i (t)] ≤ Tmax

Ecom p
i + [Ecomm

i (t) , Ecomm
i (t)] ≤ Emax

(17)

Among them, the first constraint stipulates the selection state ai of vehicles participating in the federated
task, the second constraint requires that the sum of the power allocation ratios pi for all vehicles must equal
1, and the third constraint explicitly defines the maximum power limit for each FL training round as pmax.
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The last two constraints respectively restrict that the maximum latency of each mobile vehicle (MV) shall
not exceed Tmax, and the maximum energy consumption shall not surpass Emax.

4 Problem Solving

4.1 A Severity-Based Response Mechanism for Switching in Dynamic Interval Multi-Objective Optimiza-
tion (SRM-SEC)

4.1.1 Classification of Severity of Change
In addressing Dynamic Interval Multi-Objective Problems (DI-MOPs), the precise identification of

environmental changes is of paramount importance. Consequently, when environmental alterations occur,
it is necessary to assess their severity and adjust the response strategies according to the varying intensities of
subsequent state changes. Given that the objective functions in dynamic interval problems are represented
by interval values, the severity of changes is defined based on the degree of interval overlap, thereby enabling
a more accurate detection of environmental variations.

The environmental change detection operator designed in this section is illustrated in Fig. 2. The
detection strategy involves computing the objective function values of each individual within the population
under environment t. These values are represented by interval arithmetic characteristics and are re-evaluated
using the objective functions of environment t + 1. The one-dimensional interval intersection L∩ for the
same individual at two consecutive time points is calculated using Eq. (18). Subsequently, the cumulative area
or volume S∩ of intersections across all dimensions is computed according to Eq. (19). By comparing this
cumulative intersection area with the area corresponding to a given environment, the overlap degree overl ap
is obtained as defined in Eq. (20). Finally, the average overlap degree avg_overl ap across all individuals is
calculated as per Eq. (21).

Figure 2: Environment change detection operator

L∩ = [max ( fi
t , fi

t+1) , min ( fi
t
, fi

t+1)] (18)

wherein, fi
t and fi

t+1 denote the lower bounds of the target interval values for the i-th individual at time

points t and t + 1, respectively; similarly, f i
t

and fi
t+1

represent the upper bounds of the target interval values
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for the i-th individual at time points t and t + 1, respectively.

S∩ =
m
∏
i=1
(min( fi

t
, fi

t+1) −max ( fi
t , fi

t+1)) (19)

here, min( fi
t
, fi

t+1) −max ( fi
t , fi

t+1) denotes the width of the intersection.

overl ap = S∩
ST

=

m
∏
i=1
(min( fi

t
, fi

t+1) −max ( fi
t , fi

t+1))
m
∏
i=1
( fi

t − fi
t)

(20)

avg_overl ap = overl ap1 + overl ap2 + ⋅ ⋅ ⋅ + overl apN

N
= 1

N

N
∑
i=1

overl api (21)

Algorithm 1 delineates the detailed procedure for environmental change detection. It employs the
objective values at environment t, denoted as f t

i , and at environment t + 1, denoted as f t+1
i , alongside preset

thresholds θ1 , θ2, population size N , and the number of objectives to quantify the severity of change [43].
In steps 3 through 6 of the algorithm, the environmental change detection operator, termed avg_overl ap,
is computed following the aforementioned methodology. Steps 7 to 12 describe the classification process
of environmental change severity based on threshold comparisons: when avg_overl ap < θ1, the change is
categorized as severe; when θ1 < avg_overl ap < θ2, it is classified as moderate; and when avg_overl ap > θ2,
it is considered mild.

Algorithm 1: Environmental change detection.
Input: target values f t

i and f t+1
i at environments t and t + 1, thresholds θ1 and θ2, population size N ,

number of objectives m;
Output: Degree of change severity;

1. for i = 1: N do
2. for j = 1: m do
3. Calculate the intersection L∩ between individuals at times t and t + 1 using Eq. (18).
4. Calculate the overlapping area S∩ across all dimensions using Eq. (19).
5. The overlap degree, overl ap, between individuals at two consecutive moments is calculated

using Formula (20).
6. The average overlap for all individuals, avg_overl ap, was obtained using Eq. (21).
7. if avg_overl ap < θ1 then
8. The detected change was assessed as a significant variation.
9. else if θ1 < avg_overl ap < θ2 then

10. The detected changes were assessed as moderate alterations.
11. else if avg_overl ap > θ2 then
12. The detected changes were assessed as minor alterations.
13. end if
14. end for
15. end for
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4.1.2 Response to Environmental Change
Upon detection of environmental changes, effective response measures should be promptly imple-

mented to track the evolving Pareto front. An exemplary dynamic response mechanism must be capable of
reinitializing a well-distributed population within the new environment, thereby approximating the updated
Pareto Optimal Front (POF). This study employs the environmental detection operator avg_overl ap to
accurately quantify the severity of changes, subsequently categorizing them into three distinct levels based
on the detection outcomes. Corresponding response strategies are then devised for each level of change.
Algorithm 2 delineates the detailed procedure for responding to environmental variations.

In scenarios characterized by minor changes, local search techniques are employed to adapt efficiently.
This approach aims to guide individuals within the population toward proximal local optima, thereby
expediting convergence. When addressing environmental shifts, local search effectively steers the population
toward promising new search directions, particularly under subtle perturbations. By applying local search
post-environmental change, a greater number of individuals exhibiting strong convergence and diversity
can be identified, enhancing both the algorithm’s convergence performance and its responsiveness to
environmental dynamics. Typically, the local search strategy leverages each solution to identify and update
the optimal individuals within the population, optimizing overall population performance. The direction of
local search is determined stochastically; a random value between 0 and 1 is generated using Eq. (22), which
dictates the directional vector for local exploration.

γi = {
1, random (0, 1) ≤ 0.5
−1, random (0, 1) > 0.5 (22)

The intensity of environmental change is modeled as a random variable following a normal distribution
and is combined with a directional vector to guide the evolution of individuals within the search space,
thereby enhancing the algorithm’s adaptability to environmental variations. Eq. (23) provides a detailed
description of the generation method for individuals in the new environment.

xt+1
i = xt

i + γi ∗ N (0, overl api) (23)

wherein, xi denotes the i-th individual within the population. The term overl api , derived from Eq. (20),
represents the degree of variation of the i-th individual. N (0, overl api) signifies a normally distributed
random variable with a mean of 0 and a standard deviation of overl api . The vector γi corresponds to the
direction vector for local search.

Algorithm 2: Environmental change response.
Input: severity of variation, number of neighborhoods Num, environment t = 1, dimensionality of decision
vector n boundary individuals A and B;
Output: new population Pt+1;
1. if “The severity of change is mild” then
2. for i = 1, 2, . . . , Num do
3. The direction vector γi for the local search is obtained using Eq. (22);
4. Calculate the solution in the environment at time t + 1 using Eq. (23);
5. end for
6. else if “The severity of change is moderate” then
7. for k = 1:n do

(Continued)
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Algorithm 2 (continued)

8. Obtain the non-dominated solution set NonIndK
t in the t-th environment;

9. Calculate the population centroid, CK
t , for each dimension in both environments t and

t − 1is computed;
10. Calculate the non-dominated solution set, NonIndK

t+1, in the t + 1 environment is
computed using Eq. (25);

11. k + +;
12. end for
13. else if “The severity of change is classified as severe” then
14. Acquisition of a set of distinctive points, Pops p and calculate its magnitude, Ns p;
15. Determine the centroid of each dimension, Ct

K , using Eq. (24).
16. Predict the non-dominated set, Popnon−dom , using Eq. (25), and obtain its cardinality,

Nnon−dom ;
17. r = rand (0, 1);
18. Xi = r ∗ (Ai − Bi) + Bi , where Xi denotes the value of the i-th dimension of the individual
X;
19. Evaluate condition i < n; if satisfied, then proceed with i = i + 1 and advance to step 4;

otherwise, return to X;
20. Obtain the adaptive diverse individual Popd iv inds and compute its magnitude, Nd iv inds ;
21. The new population, Pt+1, was obtained using Eq. (28);
22. end if

For moderate environmental changes, an interval prediction mechanism based on feedforward cen-
troids is employed to guide the population in adapting to new environments. In dynamic environments,
real-time performance and computational efficiency are critical considerations. Due to the high compu-
tational cost of nonlinear predictive models, their practicality in dynamic settings is limited; in contrast,
linear predictive models demonstrate significant advantages in computational efficiency. They can complete
prediction tasks within a short timeframe and rapidly respond to environmental changes, thereby better
satisfying the stringent real-time requirements imposed by dynamic environments. Consequently, linear
interval prediction mechanisms are more suitable for implementation in dynamic contexts. Moreover,
this strategy selection is grounded in the observed phenomenon that when population trends remain
relatively stable, guiding the entire population toward more optimal directions through feedforward centroid
prediction can reduce unnecessary individual reinitializations.

The feedforward centroid method is a commonly utilized environmental change response mechanism in
Dynamic Multi-Objective Evolutionary Algorithms (DMOEAs), designed to predict the evolutionary trend
of the entire population. This approach involves considering the entire population during prediction, which
includes not only nondominated individuals that significantly contribute to the optimization process but
also a large number of redundant individuals with minimal impact on optimization direction and outcomes.
The presence of these redundant individuals may interfere with prediction accuracy, increase computa-
tional resource consumption, and degrade predictive precision. Therefore, employing feedforward centroid
prediction exclusively on nondominated individuals eliminates interference from redundant individuals,
reduces computational resource wastage, and enhances prediction accuracy. The specific prediction process
is expressed by the following formula:

Ct
k =

1
∣Pt

Non−dom ∣
∑

NonInd t
K∈P

t
Non−dom

NonIndt
K (24)
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NonIndt+1
K = Ct

K − Ct−1
K + NonIndt

K +Gaussian (0, d) (25)

wherein, k = 1, 2, . . . , n, n denotes the dimensionality of the decision variables, and t represents the envi-
ronmental timestep; NonIndK

t and NonIndK
t+1 respectively denote the sets of non-dominated individuals

in the t and t + 1 environments along the k-th dimension; ∣Pt
Non−dom ∣ signifies the cardinality of the

non-dominated set; Ct
K represents the centroid of the Pareto Optimal Set (POS) in the k-th dimension

at environment t; Ct−1
K denotes the centroid of the POS in the k-th dimension at environment t − 1;

Gaussian (0, d) denotes Gaussian mutation with a mathematical expectation of zero and a standard
deviation of d, whose function is to enhance solution diversity and prevent convergence to local optima.

In Fig. 3, rectangles represent individuals in environments t − 1, t, and t + 1, depicted by interval values,
with the midpoint of each interval corresponding to an individual. Purple, pink, and green denote the non-
dominated individuals in the three respective environments, while red indicates the population centroids
within each environment. The red line connecting the centroids illustrates the evolutionary trajectory. By
determining the evolutionary direction from the centroids of the current and preceding environments, the
non-dominated solution set in environment t can be used to predict the non-dominated solution set in
subsequent environments. Based on this prediction, Gaussian perturbation (0, d) is introduced to enhance
population diversity and further explore a broader solution space, thereby mitigating premature convergence
to local optima.

Figure 3: Interval prediction mechanism based on feedforward centroid

In the face of drastic environmental changes, strategies based on direct memory often become inappli-
cable, as historical information fails to effectively guide the search for new Pareto optimal sets (POS) under
such conditions. Conversely, a special-point-based interval prediction scheme is proposed to more accurately
direct the population’s migration toward potential regions of the new POS. Special points play a pivotal role in
the evolutionary process by providing critical information about the objective space, thereby facilitating more
efficient exploration of the solution space and preventing entrapment in local optima or divergence from
the global optimum. Furthermore, the utilization of a set of special points enhances population diversity.
In novel environments, individuals derived through mapping from these special points can constitute part
of the initial population, while additional individuals are generated randomly, thereby further enriching
population diversity.
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The special point set comprises five distinct types of points: boundary points, points close to the
boundary (CTB), points close to the center (CTC), points close to the ideal solution (CTI), and inflection
points. As illustrated on the right side of Fig. 3, various special points are marked within the population
composed of interval individuals represented by rectangular centers. Two boundary points, A and B, jointly
constitute the extremal line L. Points H and C do not belong to the special point set; they are solely utilized
for obtaining CTI and CTC. Specifically, C denotes the center point, D represents CTC, H symbolizes the
ideal point, E corresponds to CTI, and G indicates CTB. The extremal line L can be expressed as:

ax + by + c = 0 (26)

Assuming the coordinates of point K are (xk , yk), the following formula represents the distance from
the point to the extremum line L:

d (k, L) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

−∣axk + byk + c∣√
a2 + b2

, if axk + byk + c < 0

∣axk + byk + c∣√
a2 + b2

, otherwise
(27)

Among all non-dominated solutions, the point farthest from the extreme value line is designated as the
inflection point. According to Eq. (27), point F exhibits the greatest distance to line L and is thus identified
as the inflection point. Under conditions of abrupt variation, a special point set Pops p is first obtained, and
its cardinality Ns p is computed. Subsequently, the centroid of the environment Popnon−dom is calculated
via Eq. (24), and a non-dominated set of size Nnon−dom is predicted using Eq. (25). A real number r ∈ (0,1) is
randomly generated, and individuals with adaptive diversity are synthesized between boundary points A and
B; these individuals are denoted as Popd iv inds , with cardinality Nd iv inds . Thereafter, the population predicted
based on the special point set comprises three components, as expressed in Eq. (28):

Popt+1 = Pops p + Popnon−dom + Popd iv inds (28)

In summary, both the employed feedforward center prediction and the special point set-based pre-
diction mechanisms are predicated on interval values, utilizing the midpoint of each dimensional interval
to represent individuals for prediction purposes. This approach is particularly suited to environments
characterized by high uncertainty, as it not only preserves population diversity but also delivers high-quality
predictive solutions, thereby mitigating premature convergence to local optima.

4.2 Overall Framework of the Algorithm
In Dynamic Interval Multi-Objective Problems (DI-MOPs), the objective function values are consis-

tently constrained within dynamically varying interval ranges, which adjust in response to environmental
changes. This indicates that the problem inherently possesses significant evolutionary and dynamic charac-
teristics. To address this feature, the present study proposes a dynamic interval multi-objective optimization
algorithm based on environmental change detection to efficiently handle DI-MOPs.

The proposed algorithmic framework is delineated in Algorithm 3. The initial population is randomly
generated within the first environment. While the termination criterion remains unmet, a strategy based
on interval overlap is employed from the second environment onward to detect environmental changes,
categorizing the severity of changes into three levels: minor, moderate, and severe. Corresponding adaptive
responses are implemented for each change type. For minor changes, given the relatively small magnitude of
environmental variation and the preservation of population structure adaptability, local search techniques
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are utilized to finely adjust individual positions, thereby enhancing solution quality without necessitating
extensive population restructuring. In the case of moderate changes, although population stability persists
to some extent, simple local search proves insufficient to track dynamic trends; thus, a feedforward center-
point interval prediction method is adopted to effectively estimate the evolutionary direction toward
optimal solutions, guiding the population toward superior solution regions while minimizing unnecessary
reinitialization. Under severe environmental fluctuations, historical population information becomes sig-
nificantly less reliable and may even misdirect search trajectories; consequently, a specialized point set is
employed to provide more instructive search guidance and augment directional diversity. This algorithm
not only circumvents premature convergence to local optima but also accelerates convergence speed by
promptly capturing dynamic variations and steering the population toward Pareto-optimal solutions more
expeditiously, thereby furnishing improved initial populations for subsequent iterations. The new initial
populations undergo optimization via an Imprecision-Propagating Multi-Objective Evolutionary Algorithm
(IP-MOEA), facilitating convergence toward true Pareto-optimal fronts. This iterative process continues until
termination conditions are satisfied. Ultimately, a comprehensive set of nondominated solutions is outputted
as the optimal solution set for Dynamic Interactive Multi-Objective Problems (DI-MOPs).

Algorithm 3: IO-ECD algorithm framework.
Input: Environment at time t, population Pt under environment t, population size N , thresholds α and β;
Output: Population Pt+1 under environment t + 1;

1. Initialize the environment at t = 0;
2. Randomly initialize a population Pt of size N ;
3. while “Stopping criteria not satisfied” do
4. if t ≥ 1 then
5. Implement the environmental change detection strategy (Algorithm 2-1);
6. Calculate the avg_overl ap and classify the severity of environmental change;
7. Responding to environmental changes (Algorithm 2-2);
8. Generation of population Pt+1;
9. Proceed to Step 12;

10. else
11. Optimization of the population using the IP-MOEA algorithm;
12. end if
13. end while

5 Experiment

5.1 Simulation Experimental Platform and Parameter Configuration
This chapter focuses on a federated learning-based convolutional neural network (CNN) model within

the Internet of Vehicles (IoV) context, aiming to achieve effective traffic sign recognition. The experiments
utilize the German Traffic Sign Recognition Benchmark (GTSRB) dataset, which comprises a total of 51,839
traffic sign images, each with a resolution of 30 × 30 pixels [41]. During the data pre-processing phase,
the dataset is divided into mutually exclusive subsets with a ratio of 60%, 20%, and 20%, corresponding to
the training set, validation set, and test set, respectively, with the detailed data allocation shown in Table 1.
The training set is solely used for gradient updates; the validation set is employed for early stopping,
hyperparameter tuning, and model checkpoint saving; and the test set is used once at the end of the entire
training process to evaluate the performance of the global model.
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Additionally, modeling was conducted using Python, while Matlab was employed for model resolution.
All simulations were implemented on the MATLAB R2019a platform, where the proposed dynamic interval
multi-objective optimization algorithm and comparison algorithms were coded and executed under the same
computational settings. The optimization process was carried out using customized MATLAB scripts with
integrated optimization toolboxes to ensure reproducibility. Key parameters such as population size, iteration
limits, and termination conditions were set uniformly across experiments to provide a fair comparison. To
facilitate a more comprehensive analysis of system performance, experiments were designed under varying
parameter configurations. The vehicle pool size was set to 20, with cooperative vehicle ratios established
at 0.6 and 0.8. The average bandwidth of the vehicular devices was configured at 2 MHz, with bandwidth
fluctuation amplitudes set at 0.5 and 1 MHz, respectively. Herein, the bandwidth is defined as an interval
parameter that varies with environmental conditions, and is calculated as follows:

B (t) = [Bav g − Bam p ⋅ sin(2πt
T
) , Bav g + Bam p ⋅ sin(2πt

T
)] (29)

Table 1: The German traffic sign recognition benchmark (GTSRB) dataset

Subset Sample count Purpose
Training set 31,103 (≈60%) Utilized for training the CNN model with

gradient updates.
Validation set 10,368 (≈20%) Employed for early stopping,

hyperparameter tuning, and checkpoint
saving.

Test set 10,368 (≈20%) Used once at the end of training for final
evaluation of the global model.

The environment step size is set to Δt = 1 s, and the bandwidth interval is updated at each environment
step. Other parameters are configured as specified in Table 2.

Table 2: Parameters setting of system model in IoV

Parameter Implication Value
N Fleet size 20
C Proportion of cooperative vehicles 0.6, 0.8

Bav g Average bandwidth of vehicle equipment 2 MHz
Bam p Magnitude of bandwidth fluctuations 0.5 MHz, 1 MHz

T Periodicity of bandwidth fluctuations 100 s
p Noise power of vehicle equipment [−124, −144] dBm
e Capacitance coefficient 10–28
α Path loss exponent 3
f CPU frequency of vehicle equipment [1, 3] GHz
P Transmission power of in-vehicle devices 23 dBm
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5.2 Comparative Analysis of Algorithmic Model Performance
This section constructs a simulation scenario for federated learning (FL) collaborative training among

vehicles on an urban road. The experimental area is modeled as a straight road segment measuring 1 km
in length and 20 m in width, with the server deployed at the central position of the road to optimize
communication coverage. Figs. 4 and 5 respectively present box plots illustrating the time delay and energy
consumption obtained by the two algorithms proposed herein, IO-ECD and SRM-SEC, alongside three other
state-of-the-art algorithms: CC-IPMOEA-IS, IEC, and PR-SRF, during the model-solving process.

As illustrated in Fig. 4, with the increase in the amplitude of bandwidth fluctuations, the latency
performance of all algorithms during the solution process exhibits an optimization trend, among which the
SRM-SEC algorithm demonstrates the most pronounced improvement. This phenomenon can be attributed
to the algorithm’s heightened sensitivity to environmental variations, enabling it to more effectively perceive
dynamic changes in bandwidth and thereby mitigate the escalation of maximum latency to a certain extent.
Furthermore, an increase in the proportion of participating vehicles also exerts a positive influence on
maximum latency, with all five algorithms showing a downward trend in latency under this condition.
Taking IO-ECD as an example, when a higher vehicle selection ratio is employed, the algorithm can
more precisely search for optimal solutions that satisfy low-latency constraints through effective filtering
of uncertain solutions. A comprehensive analysis of each algorithm’s performance in terms of convergence
speed and solution diversity under multiple parameter configurations yields the following ranking: SRM-SEC
> IO-ECD > IEC > CC-IPMOEA-IS > PR-SRF.

Fig. 5 illustrates the energy consumption performance of various comparative algorithms under con-
ditions of fluctuating bandwith amplitude and varying proportions of cooperative vehicles. It is evident
from the figure that all algorithms demonstrate robust stability across different configurations. In terms
of performance ranking, SRM-SEC consistently occupies the leading position, followed sequentially by
IO-ECD, IEC, CC-IPMOEA-IS, and PR-SRF. Notably, compared to IO-ECD, the SRM-SEC algorithm
incorporates an analysis of distributional discrepancies arising from environmental variations, thereby
enhancing its sensitivity and granularity in detecting environmental changes. Building upon this foundation,
SRM-SEC further implements a multi-strategy response mechanism, endowing it with superior adaptability
in maintaining solution convergence, diversity, and feasibility. Experimental results substantiate that the
proposed method achieves an optimal balance between energy consumption control and performance
retention, thereby validating its efficacy and practical applicability.

To comprehensively evaluate the optimization performance of the proposed algorithm in device
selection and power allocation, the experiments conducted a comparative analysis across three dimensions:
model training latency, energy consumption, and global model accuracy. Figs. 6 and 7 respectively illustrate
the performance of five algorithms in these three aspects. The superior performance of SRM-SEC can be
directly attributed to its adaptive response mechanism (Algorithm 2), which dynamically adjusts search
strategies based on the detected severity of environmental changes. This mechanism reduces unnecessary
reinitialization in stable settings and prevents premature convergence in highly dynamic environments,
thereby improving both convergence speed and global accuracy.
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Figure 4: Five algorithms obtain the boxplot of time delay under different parameter settings
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Figure 5: Five algorithms obtain the boxplot of energy consumption under different parameter settings
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Figure 6: The accuracy convergence trend of the five algorithms is obtained under different parameter settings
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Figure 7: The results of maximum time delay and average energy consumption obtained by five algorithms when
solving the model with different parameter Settings

In federated learning, the concept of federated rounds refers to the iterative communication cycles
between the central server and participating devices. During each round, devices perform local training
on their private datasets and then upload model updates to the server, which aggregates them into a
global model. Thus, the number of federated rounds reflects the progress of collaborative training and is
closely associated with the convergence speed of the system. Global accuracy measures the performance
of the aggregated global model on a unified test dataset. It reflects how well the model generalizes across
heterogeneous devices and varying data distributions. In Figs. 6 and 7, we evaluate the proposed method in
terms of both the required number of federated rounds to achieve convergence and the final global accuracy.
The results demonstrate that our model reduces the number of rounds needed while maintaining higher
accuracy, highlighting its efficiency in handling dynamic uncertain environments.

Fig. 6 illustrates the convergence trends of various algorithms in the tasks of device selection and
power allocation. The results indicate that the IO-ECD and SRM-SEC algorithms demonstrate superior
convergence performance, exhibiting stable and rapid convergence capabilities across different proportions
of cooperative vehicles and varying bandwidth fluctuation amplitudes. Notably, the SRM-SEC algorithm
maintains exceptionally high convergence efficiency even under conditions of significant bandwidth vari-
ability, underscoring its robust adaptability to dynamic network environments. In contrast, the other three
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algorithms do not exhibit marked differences in convergence performance; however, both CC-IPMOEA-IS
and PR-SRF algorithms display pronounced fluctuations during training, indicating weaker stability. This
instability likely stems from deficiencies in their objective function modeling or environmental variation
handling strategies, resulting in reduced adaptability of the search process to uncertainty perturbations and
consequently impairing their ultimate convergence outcomes.

Fig. 7 illustrates the overall performance of five comparative algorithms at the 100th round of federated
training, focusing on two core metrics: maximum latency and average energy consumption. As depicted,
both IO-ECD and SRM-SEC demonstrate high stability across these two dimensions. Specifically, SRM-
SEC achieves superior results in latency and energy consumption due to its enhanced sensitivity to
environmental variations. Conversely, the IO-ECD algorithm effectively mitigates response delays caused
by environmental changes through a refined response mechanism. Additionally, although PR-SRF exhibits
slightly inferior performance compared to IEC in terms of latency and energy consumption, it maintains a
certain advantage in environmental adaptability while concurrently detecting changes. In summary, the two
algorithms proposed herein exhibit robust adaptability when confronting complex environmental dynamics,
with SRM-SEC particularly demonstrating more prominent comprehensive performance during the model
solving phase.

Figs. 4–7 present the performance comparison of the proposed SRM-SEC algorithm with baseline
methods in terms of federated rounds and global accuracy. The results clearly show that SRM-SEC converges
faster, requiring fewer federated rounds to achieve stable accuracy. This advantage is attributed to its severity-
based adaptive response mechanism, which enables the algorithm to dynamically adjust its search strategy
depending on the intensity of environmental changes. Under highly dynamic and uncertain conditions,
SRM-SEC maintains population diversity and prevents premature convergence, while in relatively stable
scenarios it accelerates convergence by exploiting historical information more efficiently. Consequently,
SRM-SEC achieves consistently higher global accuracy across different parameter settings, demonstrating
its robustness and adaptability to dynamic interval environments.

6 Conclusion
This chapter, grounded in the practical application scenarios of the Internet of Vehicles (IoV), addresses

the dynamic uncertainties inherent in wireless channel environments and resource allocation challenges.
By jointly considering vehicle selection and power allocation as optimization variables, a dynamic inter-
val multi-objective optimization model is established with latency, energy consumption, and bandwidth
utilization as the three optimization objectives. To solve the federated learning device selection and
power allocation optimization problem under dynamic uncertain environments, the SRM-SEC algorithm is
proposed and systematically validated through simulation experiments. Experimental results demonstrate
that SRM-SEC maintains stable optimization performance under highly dynamic uncertain scenarios—
such as high-speed vehicular mobility and sudden interference—where its unique response mechanism
effectively prevents premature convergence and ensures fairness in resource allocation. Furthermore, in
complex environments characterized by non-periodic variations, SRM-SEC exhibits enhanced adaptability,
continuously optimizing federated learning device selection and power allocation strategies. Therefore, this
algorithm provides an efficient and reliable solution for dynamic resource management in IoV systems,
possessing significant practical application value.

In summary, the practicality of IoV systems depends on their capability for resource scheduling and
learning efficiency within complex dynamic environments. Dynamic interval modeling not only adequately
captures environmental uncertainties but also offers a theoretical foundation and constraint formulation
for multi-objective optimization algorithms. By integrating dynamic interval theory with multi-objective



26 Comput Mater Contin. 2026;86(2)

optimization techniques, the proposed model and algorithm effectively enhance the deployment efficiency
of federated learning in IoV as well as resource utilization levels, thereby demonstrating the necessity and
practical significance of dynamic interval modeling in optimizing real-world intelligent systems. Although
the proposed method demonstrates significant improvements in accuracy and efficiency, its scalability to
very large-scale IoV systems may be affected by increased computational cost and communication overhead.
Future work will focus on designing lightweight optimization strategies to further enhance scalability and
reduce system overhead.
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