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A B S T R A C T

The characteristics of high-speed node movement and dynamic topology changes pose great chal-

lenges to the design of internet of vehicles (IoV) routing protocols. Existing schemes suffer from

common problems such as insufficient adaptability and lack of global consideration, making it

difficult to achieve a globally optimal balance between routing reliability, real-time performance

and transmission efficiency. This paper proposes an adaptive multi-dimensional coordinated com-

prehensive routing scheme for IoV environments. A complete IoV system model including network

topology, communication links, hierarchical congestion and transmission delay is first constructed, the

routing problem is abstracted into a single-objective optimization model with multiple constraints,

and a single-hop link comprehensive routing metric integrating link reliability, node local load,

network global congestion and link stability is defined. Second, an intelligent transmission switching

mechanism is designed: candidate nodes are screened through dual criteria of connectivity and

progressiveness, a dual decision-making of primary and backup paths and a threshold switching

strategy are introduced to avoid link interruption and congestion, and an adaptive update function

is constructed to dynamically adjust weight coefficients and switching thresholds to adapt to changes

in network status. Simulation results show that the proposed scheme can effectively adapt to the high

dynamic topology and network congestion characteristics of IoV, perform excellently in key indicators

such as routing interruption times, packet delivery rate and end-to-end delay, and its comprehensive

performance is significantly superior to traditional routing schemes.

1. Introduction

With the rapid development of intelligent transporta-

tion systems, the internet of vehicles (IoV), as a core en-

abling technology, has become a research hotspot in both

academia and industry [1]. By enabling low-latency and

high-reliability communications between vehicle-to-vehicle

(V2V) and vehicle-to-infrastructure (V2I), IoV provides a

critical data interaction platform for applications such as

autonomous driving, intelligent route planning, and traffic

safety early warning [2, 3].

However, IoV networks exhibit distinct characteristics,

including high-speed node mobility, dynamically changing

topology, drastic channel quality variation, and frequent

network congestion. These pose severe challenges to de-

signing efficient and robust routing protocols [4, 5]. How

to guarantee high packet delivery ratio (PDR), low end-to-

end delay, and low bit error rate (BER) in such complex and

dynamic environments remains a core urgent issue in current

IoV routing research.

Extensive research has been conducted on routing opti-

mization in IoV environments. Early studies mainly focused

on topology-based routing protocols, but they incur enor-

mous routing overhead and are prone to link breakage in
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highly dynamic IoV scenarios [6]. Recently, Wang et al. [7]

integrated a dynamic topology evolution model with rout-

ing optimization to provide a basis for topology prediction

in decision-making. However, the coordination mechanism

between local link changes and global topology optimization

was not clearly reflected, leaving room for improvement in

multi-objective performance balance.

To improve protocol scalability, geographic location-

based routing protocols have emerged [8]. However, it is

prone to local optimality in the case of network holes or

uneven node distribution. Ye et al. [9] used satellite maps

and SD maps to predict lane maps, alleviating the local

optimality problem caused by over-reliance on local percep-

tion. Suo et al. [10] utilized node location information to

construct proactive multipath routes, and adopted adaptive

path adjustment as well as a static-node-based local routing

maintenance scheme. Nevertheless, end-to-end connected

paths may be absent for a long time in scenarios such as

sparse vehicle density or suburban areas. To address this,

opportunistic routing or delay-tolerant network routing ideas

have been introduced [11], abandoning the pre-setting of

complete paths and adopting a store-carry-forward mode

[12]. This mode uses vehicle mobility as a transmission

medium, temporarily storing data when no suitable next hop

is available until a forwarding opportunity arises.

With the enrichment and differentiation of IoV applica-

tion scenarios, a single routing strategy can hardly meet all

requirements, making hybrid and clustering routing proto-

cols important research directions. Hybrid routing addresses
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complex and dynamic network environments by integrating

the advantages of different routing strategies [13]. For ex-

ample, geography-based unicast routing is adopted in high-

vehicle-density areas, switching to opportunistic routing in

sparse areas [14]; alternatively, cluster-structure routing is

used at the backbone network level, while simple flooding

or geographic forwarding is employed within clusters. Clus-

tering routing forms a virtual backbone network through

dynamic vehicle clustering and cluster head election, reduc-

ing nodes involved in routing calculation, lowering control

overhead, and improving routing scalability and stability

[15].

In recent years, the development of artificial intelligence

has profoundly reshaped the research paradigm of IoV [16].

In particular, intelligent routing algorithms based on deep

reinforcement learning (DRL) have emerged as a cutting-

edge research topic. Moon et al. [17] took the dynamic traffic

environment as the state input and achieved dynamic routing

decision-making through agent training. By enabling con-

tinuous interaction between routing entities and the environ-

ment, such methods learn optimal forwarding policies under

various network states from historical or real-time data,

without explicitly predefined complex routing rules. They

thus exhibit great potential in handling high-dimensional

state spaces and complex optimization objectives, and can

adaptively learn and approximate optimal routing strategies

in dynamically uncertain environments [18]. For instance,

a DRL-based efficient routing algorithm for intelligent QoS

optimization selects optimal data transmission paths by dy-

namically adapting to vehicular network variations [19].

On this basis, more studies have proposed targeted DRL

routing schemes to address the unique characteristics of IoV,

such as highly dynamic topology, unpredictable contact pat-

terns, and resource constraints. As an example, the CR-DRL

algorithm, which integrates an actor-critic framework and

heuristic functions, realizes real-time optimal relay selection

and dynamic overlapping cluster adjustment [11].

Although existing IoV routing protocols have achieved

performance optimization in different scenarios, they still

have common shortcomings. Topology-based protocols fail

to adapt to highly dynamic topologies. Geography-based

protocols tend to fall into local optima. Opportunistic routing

is only suitable for sparse scenarios and cannot balance

transmission efficiency in dense ones. Cluster management

and strategy switching mechanisms of hybrid and clustering

routing remain to be improved. While DRL-based routing

algorithms exhibit certain adaptability, they mostly focus on

local network states, neglect global congestion and link sta-

bility, and rely on fixed parameters that are difficult to adapt

to dynamic IoV scenarios, thus failing to globally optimize

routing reliability, latency and transmission efficiency.

To address the above issues, this paper proposes an adap-

tive multi-dimensional coordinated comprehensive routing

scheme for IoV. The main contributions are summarized as

follows:

• We model the IoV system and establish a multi-

dimensional comprehensive evaluation model that in-

corporates link reliability, local node load, global net-

work congestion, and link stability, providing a com-

prehensive and objective quantitative basis for routing

decisions.

• An intelligent V2I/V2V handover mechanism is de-

signed. Candidate nodes are selected via connectivity

and progressiveness, while primary-backup dual-path

and threshold-based switching strategies are adopted

to avoid link disruptions and congestion. An adap-

tive update function is developed for diverse network

densities and loads, enabling real-time adaptation to

network dynamics.

• Simulation results demonstrate that the proposed scheme

outperforms conventional approaches in key met-

rics including routing disruption frequency, packet

delivery ratio, and end-to-end delay, verifying its

effectiveness and superiority in highly dynamic IoV

environments.

The rest of this paper is organized as follows. Section 2

constructs the IoV system model and formulates the prob-

lem. Section 3 presents the proposed scheme. Section 4 val-

idates the proposed scheme through simulation experiments.

Section 5 concludes the paper.

2. System Model and Problem Formulation

2.1. Network Topology Model

The IoV system constructed in this paper consists of two

communication entities: vehicle nodes and road side units

(RSUs). As shown in Fig. 1, the road region is defined as a

2D rectangular space  =
[
0, Lroad

]
×
[
0,Wroad

]
. The set

of vehicle nodes is denoted by  =
{
v1, v2, ..., vn, ..., vN

}
,

where N is the total number of vehicles. Each vehicle vn has

a communication radius Rv, and its state is jointly described

by the position coordinate Pn(t) =
[
xn(t), yn(t)

]T
, velocity

vector vn(t) =
[
vnx(t), vny(t)

]T
, and queue load qn(t). The

vehicle mobility model satisfies the following:
{
xn(t + Δt) = xn(t) + vnx(t) ⋅ Δt

yn(t + Δt) = yn(t) + vny(t) ⋅ Δt
(1)

where Δt is the time slot interval. The set of RSU nodes

is denoted as  =
{
r1, r2, ..., rm, ..., rM

}
, where M is the

total number of deployed RSUs. Each RSU has a much larger

communication coverage than vehicle nodes, i.e., Rr > Rv.

Each rm can establish direct communication links with all

vehicle nodes within its communication coverage, which

assists in forwarding data packets and alleviates the link

instability and network congestion of V2V communications.

2.2. Communication Link Model

The communication link set of the IoV can be expressed

as the union of two core modes: L = LV2V∪LV2I. The V2V

direct link set is defined as

LV2V =
{
l(vi, vj) ∶ vi, vj ∈  , d(vi, vj) ≤ Rv

}
. (2)
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The condition is that the Euclidean distance between two

vehicle nodes vi and vj does not exceed the vehicle com-

munication radius Rv. The V2I communication link set is

defined as

LV2I =
{
l(vn, rm) ∶ vn ∈  , rm ∈ , d(vn, rm) ≤ Rr

}
. (3)

This holds if the Euclidean distance between vehicle node vn
and RSU node rm does not exceed the communication radius

of the RSU.

In urban IoV scenarios, signal propagation is affected

by path loss, shadow fading, multipath fading, adjacent-

channel interference, and other factors. The channel model

established in this paper comprehensively considers the

above factors. Based on the received power Pr, single-hop

link quality is characterized from three dimensions: signal

strength, transmission error, and data reception success rate,

using three core metrics: signal-to-noise ratio (SNR), BER,

and packet reception rate (PRR).

For any single-hop communication link l(ni, nj) ∈ L in

the IoV, where ni, nj ∈  ∪, the received power Pr at the

receiver [20] adopts the unified form as follows

Pr(d(ni, nj)) = Pt⋅Gt⋅Gr⋅(
�

4�d0
)2⋅(

d0

d(ni, nj)
)� ⋅X� ⋅|ℎ|2 (4)

where Pt is the transmit power of the transmitting node, Gt

and Gr are the transmit and receive antenna gains, respec-

tively, � is the carrier wavelength, d0 is the reference dis-

tance, � is the path loss exponent, and X� is the shadow fad-

ing factor following a log-normal distribution 10 log10X� ∼

 (0, �2), which characterizes the slow fading caused by

fixed obstacles. |ℎ|2 is the amplitude of multipath fading,

characterizing the fast fading after signal reflection and

scattering.

The SNR is defined as the ratio of the useful signal power

to the noise power at the receiver:

SNR(ni, nj) =
Pr(d(ni, nj))

N0

(5)

A higher SNR indicates stronger anti-interference capability

of the link. The BER is approximated by the complementary

error function:

BER(ni, nj) ≈
1

2
erfc(

√
SNR(ni, nj)

2
) (6)

It directly reflects the accuracy of data transmission.

PRR is a core metric characterizing the link data re-

ception success rate, defined as the ratio of the number of

data packets successfully received by the receiver to the

total number transmitted by the sender. It comprehensively

reflects the overall link transmission quality and serves as

a key basis for link selection in routing algorithms. Under

ideal assumptions (independent bit errors, no channel cod-

ing or interleaving), PRR and BER satisfy the exponential

relationship:

PRR(ni, nj) = (1 − BER(ni, nj))
Lp (7)

where LP is the packet length. However, in urban vehicular

communication scenarios, the application of channel coding

and interleaving alters the mapping between BER and PRR,

such that they no longer follow the simple exponential rela-

tionship under ideal assumptions. Meanwhile, as BER→0,

PRR→1; as BER→1, PRR→0. Such extreme values cause

singularity in routing metrics, impairing the numerical sta-

bility and decision rationality of the algorithm. Therefore,

to simplify computation, avoid extreme-value interference,

and ensure accuracy suitable for short-range urban vehicular

communication, this paper adopts the following clipped

approximation:

PRR(ni, nj) = clip(1.0 − BER(ni, nj), 0.01, 0.999) (8)

where clip(⋅) denotes the clipping function, which strictly

confines PRR to the interval [0.01, 0.999].This avoids extreme-

value interference while maintaining sufficient accuracy

in short-range vehicular communication, providing stable

quantitative support for subsequent routing decisions.

2.3. Congestion Model

To accurately capture congestion dynamics, this paper

establishes a hierarchical congestion model from node-level

and global-level dimensions, providing a quantitative basis

for routing decisions.

Node-level congestion focuses on the local load state

of a single vehicle node. This paper adopts normalized

node load as the core metric. The node load is dynamically

updated with packet forwarding during operation and decays

naturally over time. To eliminate the deviation caused by

differences in buffer capacity among nodes, the normalized

queue load is defined as

q(vn) = min(1,
Ln(t)

Lmax

) ∈ [0, 1] (9)

where Ln(t) is the current actual queue length, and Lmax

is the maximum buffer capacity of the node. The value of

q(vn) is positively correlated with the node congestion level,

which can be broadcast to one-hop neighbors via beacons to

provide a basis for routing selection.

Node-level congestion metric only reflects the local load

of a single node, and cannot characterize global congestion

caused by excessive vehicle density in the region and over-

occupied channel resources. This paper selects channel oc-

cupancy as the global congestion metric. Assuming vehicles

are uniformly distributed, the vehicle density in the region is

N∕(Wroad⋅Lroad). The communication coverage area of each

vehicle is �R2
v
, but the coverage areas of different vehicles

overlap. The channel occupancy level can be approximated

as the ratio of the total coverage area of all vehicles to the

total area of the region [21]. The formula for the global

congestion level Cglobal is given as follows:

Cglobal = min(1,
N ⋅ �R2

v

Wroad ⋅ Lroad

) (10)

Its value is positively correlated with the degree of global

congestion: a higher overlap indicates greater vehicle density
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in the region, more intense channel contention, and more

severe global congestion.

2.4. Delay Model

The end-to-end transmission delay in IoV consists of

three core components, corresponding to the three physical

processes: signal propagation, data transmission, and queue

waiting. In the short-range communication scenario of IoV,

the propagation delay is usually small and can be neglected.

Transmission delay is the time required to send a fixed-

size data packet from node ni to node nj , which is related to

packet length and link transmission rate:

�t(ni, nj) =
Lp

rate(ni, nj)
, ni, nj ∈  ∪ (11)

where rate(ni, nj) is the physical-layer transmission rate of

link (ni, nj), determined by link distance and channel con-

ditions. Vehicle nodes use normalized load to approximate

queuing delay, adapting to distributed, low-overhead routing

decisions:

�
q

V
(vn) = �0 ⋅ q(vn), vn ∈  (12)

where �0 is the maximum queuing delay reference, used to

map the load to a reasonable delay magnitude. As a central-

ized infrastructure, the RSU uses an in-degree-processing

time model to characterize queuing delay, reflecting its

scheduling capability and processing pressure:

�
q

R
(rm) = kR ⋅ degin(rm, t) ⋅ �R, rm ∈  (13)

where kR is the RSU scheduling coefficient, used to ad-

just the impact of scheduling efficiency on delay [22].

degin(rm, t) is the number of active incoming links to RSU

rm at time t. �R is the average processing time of a single

data packet for the RSU.

The available path  from source node nS to destination

node nD is defined as an ordered sequence consisting of k+1

nodes:

 =
{
nS = n0, n1, n2, ..., nD = nk

}
,∀ni ∈  ∪ (14)

where any adjacent node pair (ni, ni+1)must satisfy d(ni, ni+1) ≤

Rv or Rr, i.e., a valid direct communication link exists. The

path must also satisfy the acyclic constraint, i.e., contain

no repeated nodes, to avoid routing loops and the resulting

resource waste and delay surge. The total end-to-end delay

�total of the transmission path  from the source node to the

destination node can be expressed as:

�total =
∑

ni,nj∈

�t(ni, nj)

+
∑

vn∈ ,vn≠D

�
q

V
(vn) +

∑

rm∈,rm≠D

�
q

R
(rm)

(15)

2.5. Routing Problem Formulation

The total end-to-end routing cost of path  is defined as

the sum of the comprehensive routing metrics of each single-

hop link:

Cost() =

k−1∑

i=1

M(ni, ni+1) (16)

where M(ni, ni+1) is the comprehensive routing metric for a

single-hop link, which jointly reflects link quality, node load,

network congestion, and path stability.

The core objective of routing optimization is to select

the optimal path ∗ with the minimum total cost from all

available pathsΨ, while ensuring routing validity and quality

of service:

1 ∶ ∗ = arg min
∈Ψ

Cost()

s.t. C1 ∶ d(ni, nj) ≤ Rv,

C2 ∶ d(ni+1, nD) < d(ni, nD), ni+1 ≠ nD,

C3 ∶ PDR() =
∏

PRR(ni, nj) ≥ PDRmin,

C4 ∶ qn ≤ qmax, vn ≠ nD,

C5 ∶ �total ≤ Tmax,

C1 ensures physical connectivity of the path, i.e., each hop

must be within communication range. C2 ensures each hop

is closer to the destination node nD than the previous hop.

C3 guarantees path reliability and avoids severe packet loss

caused by poor link quality, where PDR is the end-to-end

packet delivery ratio. C4 prevents overloaded nodes, since

packet dropping may occur if the queue of an intermediate

node is full. C5 is the end-to-end total delay constraint.

3. Proposed Scheme

The previous section has abstracted the IoV routing

problem as a single-objective optimization model with mul-

tiple constraints, clarifying the core goal of finding the path

with minimum total routing cost while ensuring constraints

such as path connectivity, reliability, congestion control, and

end-to-end delay. According to this objective, the single-

hop comprehensive routing metric M(ni, ni+1) should adopt

multi-dimensional criteria, including link reliability, node

load, global congestion, and path stability.

Link stability quantifies the resilience of a link to topol-

ogy changes by combining relative speed and communica-

tion distance:

s(ni, ni+1) = 1 − 0.5 × min(1,
vrel(ni, ni+1)

vref
)

− 0.5 × min(1,
d(ni, ni+1)

Rv

)

(17)

where vrel(ni, ni+1) is the relative speed between nodes ni
and ni+1, and vref is the reference speed threshold. A larger

value of s(ni, ni+1) ∈ (0, 1] indicates a more stable link.

Then M(ni, ni+1) can be obtained as:

M(ni, ni+1) = � ⋅

1

PRR(ni, ni+1)
+ � ⋅ qni+1

+ 
 ⋅ Cglobal + � ⋅ (1 − s(ni, ni+1))

(18)

where �, �, 
, � are weighting coefficients satisfying �+ � +


 + � = 1.

Based on the above multi-dimensional metric, to fur-

ther address the core challenges of IoV—high dynamics,
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Algorithm 1 The designed routing selection algorithm

Require: nS nD,  , , Ctℎ, etc.

1: Calculate the global congestion degree Cglobal by Eq.

(10).

2: It is defaulted to the V2V mode.

3: for Each rm ∈  do

4: if The source node can communicate with this RSU.

then

5: Switch to V2I mode; break

6: end if

7: end for

8: if The mode is V2I. then

9: for Each reachable RSU and each vehicle node do

10: if The vehicle satisfies both V2I connectivity and

the destination-oriented advancement constraint

then

11: Add the vehicle to the candidate set Ψ

12: end if

13: end for

14: end if

15: if Ψ = ∅ then

16: for Each vehicle node do

17: if The vehicle satisfies both V2V connectivity and

the destination-oriented advancement constraint.

then

18: Add the vehicle to the candidate set Ψ.

19: end if

20: end for

21: end if

22: for Each vehicle node ∈ Ψ do

23: Calculate the PRR (Eq. (8)), stability (Eq. (17)), load

(Eq. (9)), and M(ni, ni+1) (Eq. (18)).

24: if The current value of M(ni, ni+1) is smaller then

25: Update the primary path to this node.

26: end if

27: if The current stability is higher. then

28: Update the backup path to this node.

29: end if

30: end for

31: next hop = primary path

32: if The primary path is valid and its metric exceeds the

threshold, and the backup path is valid and different.

then

33: next hop = backup path

34: end if

35: return next hop

frequent congestion, and time-varying topology—this paper

proposes three key technical strategies. These strategies

form a complete optimal routing selection framework from

the perspectives of robustness enhancement, resource op-

timization, and scenario adaptation. The routing decision

procedure of the proposed scheme is shown in Algorithm

1.

(1) Global congestion state evaluation. Node ni first ob-

tains the current global congestion levelCglobal. If it is within

the coverage of an RSU, the value can be obtained from the

periodic broadcast of the global congestion statistics by the

RSU. Otherwise, the node can estimate it by counting the

local average number of neighbors.

(2) Adaptive V2I/V2V transmission mode selection. By

continuously monitoring beacon messages broadcast by the

RSU, the node determines whether it is within RSU cov-

erage. If an RSU with signal strength above a predefined

threshold is detected, the V2I mode is preferred. If no

available RSU is detected, the node switches to V2I mode.

(3) Valid candidate node screening. According to the

current transmission mode, neighbor nodes are subjected to

dual screening (satisfying constraints C1: connectivity, C2:

advancement):

• V2I mode: Select vehicle nodes that communicate

with both the reachable RSU and the source node ni,

and are closer to the destination node nD.

• V2V mode: Select vehicle nodes within the commu-

nication range of the source node and closer to the

destination node nD.

• If the candidate set is empty after screening, enter the

recovery mode, temporarily relax the geographic ad-

vancement constraint, or adopt the carry-and-forward

strategy.

(4) Primary and backup path decision-making. For each

valid candidate node nj , the algorithm calculates the link

stability s(ni, nj) and comprehensive metric M(ni, nj) by

Eq. (17) and Eq. (18), and determines the next hops of the

primary and backup paths based on these values. The next

hop of the primary path is selected as the node with the

minimum M(ni, nj), representing the optimal comprehen-

sive routing quality. The next hop of the backup path is

chosen as the node with the maximum s(ni, nj), representing

the most stable link. When the comprehensive metric M of

the primary path exceeds the predefined threshold Cth, the

algorithm automatically switches to the backup path to avoid

potential link breakage or severe congestion, thus improving

routing robustness. Finally, the selected next-hop forwarding

node is output.

Notably, the performance of the algorithm highly de-

pends on the selection of the weighting coefficients �, �, 
, �

and the switching threshold Cth. Different network scenar-

ios exhibit different sensitivities to each metric, and static

parameters cannot achieve optimality across all scenarios.

Therefore, we design the following adaptive adjustment

strategy.

When the network density is high (i.e., Cglobal is large),

global congestion becomes the dominant issue. It is neces-

sary to increase 
 to enhance congestion avoidance, while

appropriately reducing � and �. When the network density

is low, the risk of link disruption increases, and � should

be enlarged to emphasize stability. The dynamic weighting

function is designed as follows:


 = 
0 ⋅ (1 + Cglobal), (19)
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� = �0 ⋅ (1 − Cglobal) (20)

where 
0 and �0 are the initial baseline values. When the

queue length of node vn is high, it indicates local congestion.

Thus, � should be increased to steer traffic away from other

congested nodes and avoid aggravating congestion. The for-

mula is adopted as follows:

� = �0 ⋅ (1 + q(vn)) (21)

These weights are then normalized together with the other

weights, so that heavily loaded nodes prefer to select next-

hop nodes with shorter queues. When frequent link disrup-

tions are detected, Cth should be appropriately decreased to

improve switching sensitivity and reduce disruptions. Con-

versely, if excessive switching causes routing oscillations,

Cth is increased to stabilize the routing.

4. Simulation Results and Analysis

In this section, simulation experiments are conducted to

verify the effectiveness of the proposed scheme. The initial x

and y coordinates of vehicles follow a uniform distribution.

The vehicle speed follows a uniform distribution over 15∼30

m/s. The vehicle heading angle follows a uniform distribu-

tion over -0.05∼0.05 rad. The number of RSUs M is given

by max(5, N∕∕200), and RSUs are uniformly and equidis-

tantly deployed along the road centerline. The maximum hop

count is set to 15.

The mainstream 2.4 GHz wireless communication band

for IoV is adopted, so the carrier wavelength � is 0.125

m. Vehicles generate tasks, so source nodes and destina-

tion nodes are randomly selected from all vehicle nodes to

avoid result bias caused by fixed paths. Through multiple

simulations and parameter tuning, Cth is set to 1.5, and

�, �, 
, � are set to 0.4, 0.2, 0.2, and 0.2, respectively. Other

hyperparameter settings are shown in Table 1.

To verify the performance superiority of the proposed

scheme, four typical comparative algorithms in the field

of IoV routing are selected, and the core design of each

algorithm is as follows:

• RSU-Prioritized V2V (RSU-V2V): Firstly, vehicles

that are within the communication range of the same

RSU as the source node and closer to the destination

node are selected as candidates. When no available

RSU exists, the algorithm degrades to traditional V2V

direct communication. The next hop is determined by

a static scoring function that combines transmission

rate, link BER, and distance to the destination node.

• Load-Aware V2V (LA-V2V): Adopts full V2V direct

communication. On the basis of the scoring dimen-

sions of RSU-V2V, it adds the instantaneous load

of nodes and avoids local congestion by penalizing

highly loaded nodes. However, it only perceives node-

level local load, without global congestion and link

stability metrics.

Table 1

Hyperparameter settings

Parameter Value

Road length Lroad 20,000 m

Road width Wroad 200 m

Channel bandwidth 10 MHz

Transmit power Pt 20 dBm

Noise power spectral density 10−13 W/Hz

RSU communication range Rr 500 m

V2V maximum communication distance Rv 300 m

Reference speed threshold vref 30 m/s

Minimum PDR threshold PDRmin 0.7

Maximum end-to-end delay Tmax 10 s

Packet length Lp 10000 bit

�, � , d0 8, 3.5, 1

• Model-based Reinforcement Learning (MRL): Con-

structs a Q-table with source-neighbor node pairs as

state keys, calculates the immediate reward based on

transmission rate, BER, and distance, and updates the

Q-values accordingly. It adopts the "-greedy strategy,

fusing the immediate reward and historical Q-values

to select the next hop, thus achieving adaptive routing

optimization.

• DRL for QoS Optimization (DRL-QoS): Constructs a

four-dimensional state vector consisting of link inter-

ruption probability, node load, transmission rate, and

BER, and designs an exponential reward function to

minimize the deviation between QoS metrics and tar-

get values. It selects the next hop by combining reward

values and distance through the "-greedy strategy.

Fig. 2 illustrates the variation of routing disruption times

with vehicle density. The proposed scheme exhibits a contin-

uous decrease in disruption times from low to high vehicle

density, outperforming the comparative algorithms signifi-

cantly. This superiority verifies that the global congestion

awareness, link stability metric, and primary-backup path

switching mechanism of the proposed scheme can effec-

tively adapt to the highly dynamic topology of IoV. Even

under ultra-high-density congestion scenarios, the routing

disruption rate can be maintained at an extremely low level.

In contrast, LA-V2V only perceives local load, RSU-V2V

lacks intelligent learning capabilities, and both DRL-QoS

and MRL fail to incorporate global dimensions, rendering

them unable to achieve comparable disruption control per-

formance.

As shown in Fig. 3, the PDR of the proposed scheme is

significantly improved with the increase of vehicle density,
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achieving favorable performance under various density sce-

narios and consistently outperforming the comparative al-

gorithms. DRL-QoS and RSU-V2V also exhibit strong QoS

guarantee capability in terms of PDR under high-density

conditions. Limited by its single-node load perception only,

LA-V2V achieves slightly inferior PDR performance at high

density. Meanwhile, MRL suffers from the lack of conges-

tion and stability awareness, resulting in a PDR close to 0,

which cannot meet the communication requirements of IoV.

This indicates that the proposed scheme effectively enhances

the packet delivery ratio via multi-metric evaluation and

primary-backup path switching, and demonstrates outstand-

ing robustness especially under heavy congestion scenarios.

Link BER and throughput are key metrics for evaluating

link quality and transmission efficiency of routing algo-

rithms, which jointly determine the reliability and effec-

tiveness of IoV communications. As shown in Figs. 4 and

5, the proposed scheme exhibits significant advantages in

both indicators. Its BER remains stably at an extremely low

level, effectively avoiding high-error links; meanwhile, the

throughput increases steadily with vehicle density, reaching

approximately 226 Mbps in high-density scenarios, which

is notably superior to the comparison algorithms. The BER

and throughput of DRL-QoS, RSU-V2V, and LA-V2V are

slightly inferior to those of the proposed scheme. In contrast,

due to the lack of awareness of link quality, congestion,

and stability, the MRL algorithm experiences a sharp rise

in BER to around 8% and a drastic drop in throughput to

approximately 70 Mbps when vehicle density exceeds 300,

failing to meet the core IoV requirements of low BER and

high throughput.

As shown in Fig. 6, the end-to-end delay of the pro-

posed scheme remains consistently the lowest and increases

most gently with rising vehicle density, significantly outper-

forming the comparison algorithms. The delays of DRL-

QoS, RSU-V2V, and LA-V2V rise slowly in the ranges of

0.020∼0.036 s, 0.025∼0.041 s, and 0.030∼0.048 s, respec-

tively, reflecting the impact of different sensing capabilities

on latency control. In contrast, due to the lack of congestion

and link stability awareness, the MRL algorithm exhibits

generally high latency across all vehicle densities, failing

entirely to meet the real-time requirements for IoV safety

information transmission.

As shown in Fig. 7, the average path length of the

proposed scheme increases steadily with vehicle density,

reaching approximately 14.4 hops in high-density scenarios,

which is significantly longer than that of the comparison

algorithms. This is because the proposed scheme prioritizes

paths with good link quality and low congestion rather than

the shortest path in routing decisions, thereby effectively im-

proving communication reliability. The average path lengths

of RSU-V2V, LA-V2V, and DRL-QoS fluctuate between

11.7 and 13.9 hops, reflecting their trade-off between QoS

guarantee and path length. In contrast, due to the lack of

congestion and link quality awareness, the MRL algorithm

always selects the shortest path, with an average path length

stable at 5 hops, resulting in extremely poor communication

reliability in high-density scenarios.

To comprehensively evaluate the overall performance

of various algorithms in IoV scenarios, we weighted and

normalized the number of interruptions, link BER, end-

to-end delay, throughput, and PDR to obtain the overall

scores shown in Fig. 8. The proposed scheme significantly

outperforms others with a score of 92.3, while the scores of

DRL-QoS, RSU-V2V, and LA-V2V are 89.0, 87.2, and 85.4,

respectively, and the MRL algorithm achieves only 29.9.

This result demonstrates that the proposed scheme achieves

the optimal overall balance of communication reliability,

real-time performance, and transmission efficiency in highly

dynamic and congested IoV scenarios via its innovative

multi-dimensional metric, primary-backup path switching,

and V2I/V2V adaptive mechanism.

5. Conclusion

To address issues such as high dynamic topology, chan-

nel fluctuation, and network congestion in IoV, this paper

proposed an adaptive multi-dimensional coordinated com-

prehensive routing scheme for IoV. The scheme constructed

a complete system model including network topology, com-

munication links, hierarchical congestion, and transmission

delay, defined a multi-dimensional routing metric fusing link

reliability, node load, global congestion, and link stabil-

ity, designed an intelligent V2I/V2V switching mechanism,

combined primary-backup path dual decision-making and

threshold switching strategy to avoid link interruption, and

realized dynamic parameter adjustment through an adaptive

function to adapt to network state changes. Simulation ex-

periments comparing with four typical algorithms showed

that the proposed scheme effectively reduced the number

of routing interruptions and bit error rate, improved packet

delivery rate and throughput, maintained low end-to-end

delay with gentle growth, and achieved the global optimal

balance of routing reliability, real-time performance, and

transmission efficiency.
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Figure 1: IoV System Network Topology Model.
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Figure 2: The trend of routing interruption count versus vehicle
density.
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Figure 3: The trend of PDR versus vehicle density.
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Figure 4: The trend of BER versus vehicle density.
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Figure 5: The trend of throughput versus vehicle density.
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Figure 6: The trend of delay versus vehicle density.
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Figure 7: The trend of average path length versus vehicle
density.
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Figure 8: Comprehensive Performance Scores of Different
Algorithms.
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