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 The vehicle-to-everything (V2X) is a significant technology that improves 

road safety, travel experience and entertainment services. Resource allocation 

(RA) in vehicular networks defines the strategic distribution of 

communication resources like power, time slots and bandwidth among 

vehicles and infrastructures to provide effective data transmission. However, 

RA faces challenges in managing limited transmission resources because of 

network delays and high reception time by frequent changes in network 

topology and varying user demands through high mobility of vehicles. 

Therefore, this research proposes a proximal policy optimization with self 

adaptive penalty function (PPO-SAPF) based RA for vehicular 

communications. The PPO-SAPF optimizes the RA in dynamic vehicular 

networks by adjusting the coefficient matrices, which ensures better 

adaptability to network topology and user demands. The SAPF provides fine-

tuning of policy updates, maintaining a better balance between exploration 

and exploitation, thereby enhancing performance under different network 

conditions. The PPO-SAPF achieves a less inter-packet reception time of 119 

ms for 16 vehicle-to-vehicle (V2V) links in case 3 compared to context-aware 

RA (CARA). These results demonstrate that the proposed PP-SAPF is suitable 

for real-time deployment in intelligent transportation systems (ITS) and 

autonomous vehicles where low latency, reliable connectivity, and adaptive 

resource management is significant. 
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1. INTRODUCTION 

Autonomous driving is recognised as a key solution for increasing road safety, traffic efficiency, 

thereby providing environmental sustainability. The modern autonomous vehicles are prepared with advanced 

sensors like radar, cameras and advanced driver assistance systems (ADAS) [1]. As a significant module of 

intelligent transportation systems (ITS), vehicular networks have gained more attention in recent years due to 

their potential to improve road safety, support various infotainment requirements and optimise traffic flow [2]. 

The urban transportation system includes traffic congestion, which leads to time loss and increased safety 

concerns, thereby resulting in casualties. To address this issue, the vehicle-to-vehicle (V2V) communication 

https://creativecommons.org/licenses/by-sa/4.0/
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technology has been employed, enabling autonomous driving and intelligent vehicle systems [3]. The V2V and 

vehicle-to-infrastructure (V2I) communications are combined in the vehicular network to enhance the 

performance of ITS [4]. The need for direct data exchange among vehicles has led to the incorporation of 

vehicle-to-everything (V2X) communication into long-term evolution (LTE) and its advancement in 5G new 

radio (NR) standards [5]. Specifically, non-safety-critical applications such as entertainment services and 

traffic efficiency are required to transmit lot of data frequently to base station (BS) that are handled by V2I 

links due to the high-capacity nature [6]-[8]. Therefore, it is significant to manage radio resources to ensure 

the quality of service (QoS) for vehicles in V2V network [9]. Recent studies have been conducted to manage 

radio resources in V2X communications that aim to enhance the total throughput, mitigate interference and 

reduce latency [10]. Resource sharing has emerged as a significant approach to enhance resource utilisation by 

allowing multiple users to reuse the same spectrum band. However, severe interference among users degrades 

the transmission rate that resulting in less QoS [11]. A single type of road side unit (RSU) or BS are insufficient 

to support V2X services when communicating with vehicle terminals [12].  

Recently, the traditional V2X resource optimisation methods such as location-based, clustering-based 

and mode-based resource allocation (RA) in vehicular networks, have been analyzed extensively [13]. To 

further improve transmission performance, the RA is extended to joint optimization where the spectrum 

scheduling and power allocation are considered together [14]. A mixed-integer nonlinear programming issue 

is formulated to enhance sum ergodic ability of V2I links while ensuring a particular probability of delayed 

outages in V2V links [15], [16]. One possible solution is to enable the sensing functionality of the V2I system, 

enabling simultaneous communication and vehicle tracking within an incorporated platform [17]. Among the 

various challenges, the RA in high dynamic V2X communications is specifically significant, which has seen a 

significant rise from both academia and industry [18]. Deep reinforcement learning (DRL) has been 

implemented in V2V networks to manage challenges in large-scale data and decision making under ambiguity 

[19]. This section provides various RA techniques used in the existing research and their limitations for 

vehicular communications. Liu and Deng [20] developed a multi-agent DRL with attention mechanism 

(MADRL-AM) for RA in vehicular communication. Initially, two critic networks were applied to estimate the 

global and local reward functions, which achieve joint optimization of power and spectrum allocations. It 

balances the individual agent interests with collective advantages, thereby reaching the lower latency 

communication of V2V links. The AM was helpful to concentrate on critical information which adjust RA 

dynamically. However, the MADRL-AM has computational overhead that enhances the latency. Although 

various RA has developed for vehicular networks, existing approaches faces limitations such as high 

computational complexity, inefficient interference management, dependence on node cooperation, and higher 

latency in highly dynamic environments. Jin et al. [21] developed a DRL based two-dimensional RA for V2I 

communications. The RA agent in BS allocated a QoS into a two-dimensional resource block to every vehicle 

to enhance sum of achievable data quantity (ADQ). This results in vehicle allocation data that contains time-

frequency location, TTI and bandwidth that was a two-dimensional RA solution. However, it does not address 

the interference, thereby leading to an impact on the performance in vehicular networks.  

Liu et al. [22] introduced a joint double deep q-network (DDQN)-based centralized spectrum 

allocation and distributed power control for V2X communication. It decouples the channel matching and 

transmission power selection to balance the resource utilization and user experience satisfaction levels. The 

graph theory-based centralized spectrum scheme was introduced to minimise the multiple interference among 

V2V and V2I links, which enhances the system’s ability of vehicle networks. However, the graph theory-based 

approach has computational complexity that leads to challenges in large-scale networks. Zhang and Wang [23] 

suggested a context-aware RA (CARA) for V2V communications in cellular V2X networks. Initially, the  

inter-packet reception was developed to present delay among dual successful and consecutive reception packets 

at the receiver end. Then, the application-specific function was developed with the utility based on vehicle 

safety context and packet reception performance. The game model guided every node to cooperate and obtain 

efficiency and fairness in channel RA. However, it depends on cooperation among nodes that leads to 

impracticality in dynamic vehicular environments. Chai and Ren [24] introduced a multi-objective evolutionary 

optimization and power control for spectrum allocation in vehicular communications. Initially, the network 

capacity of V2I links as optimization objective that enhances network transmission rate when providing 

reliability of V2V links. The power consumption efficiency was taken to manage interference in the network 

and generate optimal energy efficiency. The evolutionary algorithm requires a high training time which affects 

the adaptability in vehicular networks. Most of the existing approaches considered spectrum allocation and 

power control separately, the conventional PPO-based approaches rely on fixed penalty mechanism which does 

not adapt to change network conditions.  

To address these issues, this research proposes a proximal policy optimization with self-adaptive 

penalty function (PPO-SAPF) for RA in vehicular communications. The proposed PPO-SAPF introduces a 

self-adaptive penalty mechanism which dynamically regulates the policy updates, optimize spectrum along 



Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

Proximal policy optimization with self adaptive penalty function for vehicular resource … (Irshad Khan) 

3185 

with power allocation thereby enhancing convergence ability, reducing inter-packet reception time and enhance 

transmission reliability in dynamic V2X environments. The contributions are as follows: 

— PPO-SAPF optimizes the RA in dynamic vehicular networks through effectively adjusting the coefficient 

matrices, thereby ensuring enhanced adaptability to network topology changes and user demands. 

— The SAPF enables the model to fine-tune the policy updates, maintaining a balance among exploration and 

exploitation, thereby enhancing performance in various network conditions. 

— By using PPO-SAPF, RA is effective which resulting in reducing latency, enhanced transmission reliability 

and network connectivity in V2X communications. 

This research paper is arranged as follows: section 2 delivers a description of the research method, section 3 

explains results and discussion and the conclusion of this research is given in section 4. 

 

 

2. RESEARCH METHOD 

This research proposed a PPO-SAPF for RA in vehicular networks. The PPO-SAPF process the 

dynamic environment data and determines the possible states, actions and rewards for better decision-making. 

The PPO algorithm is applied to optimise the policy for RA and the SAPF is used to adaptively optimize and 

dynamically adjust the penalty values to balance exploration and exploitation. The RA decision output provides 

optimal spectrum and power allocation and finally this performance is measured by using the sum capacity 

performance of V2I links, Inter-packet reception time, the successful transmission ratio of V2V link and 

average V2V link rate. Figure 1 shows the block diagram for RA in vehicular communication. It denotes how 

the network state information from vehicles is processed by the PPO agent while SAPF controls policy updates 

to ensure stable learning. The resultant spectrum and power allocation decision are estimated by 

communication performance metrics that are given as rewards to enhance the allocation process. 
 

 

 
 

Figure 1. Block diagram of the proposed PPO-SAPF method for RA in vehicular communications 

 

 

2.1.  System model 

The network contains macro base station (MBS) and 𝐾 vehicles, where a group of vehicles is denoted 

as 𝐾. The agent deployed in MBS dynamically assigns resource blocks to vehicles according to their received 

power and current occupation state of resources. The objective of agent is to enhance a sum of ADQ while 

considering the presence or absence QOS constraint. The resource space operates over a time duration of 𝑇 

and its occurrence range is 𝐵. The numerology defines a transmission time interval (TTI) of a resource block.  

When numerology of vehicle 𝑘 ∈ 𝐾 is 𝜇𝑘 ∈ 𝑀 = {0, 1, … , 𝜇𝑚𝑎𝑥}, TTI of vehicle 𝑘 is 𝑇𝑘 = 2−𝜇𝑘𝑇𝑚𝑎𝑥 , 

here 𝑇𝑚𝑎𝑥  is a TTI for 𝜇 = 0. The vehicle 𝑘 bandwidth is 𝐵𝑘 ∈ 𝐵 = {𝐵1 , 𝐵2, … , 𝐵𝑏}. Here, resource space is 

divided into resources. The time duration is 𝑇𝑚𝑖𝑛 and bandwidth is 𝐵𝑚𝑖𝑛. The 𝑇𝑚𝑖𝑛 is a TTI for 𝜇𝑚𝑎𝑥 and 

𝐵𝑚𝑖𝑛 is a minimum bandwidth. The resource element 𝑖𝑡ℎ time and 𝑗𝑡ℎ frequency is named as (𝑖, 𝑗) th element. 

The TTI and bandwidth for vehicle 𝑘 is separated through 𝑇𝑚𝑖𝑛 and 𝐵𝑚𝑖𝑛 as 𝑇𝑘
𝑒 and 𝐵𝑘

𝑒  correspondingly. The 

𝑇𝑘
𝑒 and 𝐵𝑘

𝑒  indicates the number of resource elements are required to express the 𝑇𝑘
𝑒 and 𝐵𝑘

𝑒  correspondingly. 

The MBS assigns the resource block vertically or horizontally and assigns repeated resource to every vehicle 

in space. The interference from other vehicles on vehicle 𝑘 is denoted as (1): 
 

𝐼𝑘 =
1

𝑇𝑘
∑ ∑ 𝜌𝑘, 𝑖𝑗𝜌𝑘′, 𝑖𝑗

𝑃𝑘,ℎ̂
𝑘′

𝐵𝑘,𝑖,𝑗𝑘 ,≠𝑘 𝐵𝑚𝑖𝑛𝑇𝑚𝑖𝑛 (1) 
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Where, 𝜌𝑘 is a transmit power, 𝐵𝑘, is a bandwidth allocated to vehicle 𝑘′, 𝐵𝑚𝑖𝑛 is a minimum gain factor to 

normalize channel interference, 𝑇𝑚𝑖𝑛 is a minimum time slot duration, 𝜌𝑘′ is a transmit power of vehicle 𝑘′, 

ℎ̂𝑘′ is a channel power improvement on interference from vehicle 𝑘′, and 𝜌𝑘, 𝑖𝑗 ∈ {0, 1} denotes whether 

vehicle 𝑘 uses (𝑖, 𝑗)th elements. Consider that, interference energy in every resource element is estimated, 

summed and then divided by 𝑇𝑘 to obtain interference power. The signal interference noise ratio (SINR) of the 

vehicle 𝑘 is given by (2), while ADQ for vehicle 𝑘 is defined in (3): 
 

𝛾𝑘 =
𝑃𝑘ℎ𝑘

𝑁0𝐵𝑘+𝐼𝑘
 (2) 

 

𝐷𝑘 = 𝐵𝑘𝑇𝑘 𝑙𝑜𝑔2(1 + 𝛾𝑘) (3) 
 

Where, ℎ𝑘 is a channel power gain, 𝑁0 is a noise spectral density. Consider that, instead of capacity, 𝐷𝑘 is used 

that is adequate metric if the 𝑇𝑘 of every user is similar as in the past RA. However, 𝐷𝑘 is affected through 

expanded 𝑇𝑘 that are not reflected if we utilize the capacity instead of 𝐷𝑘. The detailed system model serves as 

a foundation of defining optimization problem to achieve effective and reliable RA in vehicular communications.  

 

2.2.  Problem formation 

Based on the defined system model, the RA challenge in vehicular networks are formulated as an 

optimization problem to enhance performance while satisfying QoS requirements for all vehicles. The optimisation 

task involves allocating resource blocks through repetitive resource elements to vehicles, for enhancing sum of 𝐷𝑘 

when ensuring the QoS constraint for every vehicle. The optimization problem is denoted in (4): 
 

𝑚𝑎𝑥
(𝜌𝑘,𝑖𝑗)

∑ 𝐷𝐾𝑘∈𝐾   

𝑠. 𝑡. ∑ 𝜌𝑘, 𝑖𝑗 = 𝑇𝑘
𝑒 , 𝑗 ∈ {𝑗𝑘,𝑠,𝑗𝑘,𝑠+1, … , 𝑗𝑘,𝑓}, ∀𝑘 ∈ 𝐾

𝑖𝑠+𝑇𝑘
𝑒−1

𝑖=𝑖𝑠
  

∑ 𝜌𝑘, 𝑖𝑗 = 𝐵𝑘
𝑒 , 𝑖 ∈ {𝑖𝑘,𝑠,𝑖𝑘,𝑠+1, … , 𝑖𝑘,𝑓}, ∀𝑘 ∈ 𝐾

𝑗𝑠+𝐵𝑘
𝑒−1

𝑗=𝑗𝑠
  

𝐷𝐾 > 𝐷𝑚𝑖𝑛, ∀𝑘 ∈ 𝐾, (4) 

 

Where, 𝐷𝑚𝑖𝑛 is a QoS constraints, 𝑖𝑘,𝑠 and 𝑖𝑘,𝑓 are initial and ending location of an allocated source block for 

vehicle 𝑘 in time correspondingly. The 𝑗𝑘,𝑠 and 𝑗𝑘,𝑓 are the initial and ending locations of allocated source block 

for a vehicle 𝑘 in frequency correspondingly. The initial two restraints mean source blocks assigned to every 

vehicle are constant and final is QoS constraint. 

 

2.3.  Proximal policy optimization with self-adaptive penalty function 

The traditional convex optimization cannot handle the sum rate optimization process in wireless 

networks because it changes often. The PPO based DRL [25] helps the proposed scheme solve beamforming 

vector and coefficient matrix optimization challenges for sum rate. The coefficient matrices are properly 

adjusted along with the symbol rate output. Training with PPO leads to improved network performance and 

enables the wireless system to operate more reliably under varying traffic loads. Figure 2 shows the framework 

of PPO-SAPF algorithm. The actor-critic network provides policy actions and values evaluation based on the 

network state while the SAPF adjusts the penalty term to control the policy updates. This framework provides 

effective convergence and robustness under dynamic vehicle network conditions. 

The actor network receives all system inputs at the time step and creates the output variable 𝑠𝑡
𝑑. Due to 

the large differences between channel information and rate feedback elements of state input data, z-score 

normalization normalizes the inputs when collecting all episode data for system. The actor network delivers 

outcomes that include both the standard deviation 𝜎(𝑠𝑡
𝑑) and average vector 𝜇(𝑠𝑡

𝑑) of its policy 𝜗𝜑. This phrase 

illustrates the Gaussian distribution structure that the policy matches as (5). The agent chooses the starting action 

𝑎𝑡
0 by sampling from action distribution 𝜗𝜙(𝑎𝑡

𝑑|𝑠𝑡
𝑑) while this distribution is linked to matrix coefficients and 

symbol rates. The integration of an alternative goal function within PPO algorithms ensures both continuous 

policy advancement and delivery of reliable performance. Generally, the function is expressed in (6). 
 

𝜗𝜙(𝑎𝑡
𝑑|𝑠𝑡

𝑑) =
1

𝜎(𝑠𝑡
𝑑)√2𝜋

𝑒𝑥𝑝 (−
(𝑎𝑡

𝑑−𝜇(𝑠𝑡
𝑑))2

2𝜎(𝑠𝑡
𝑑)

2 ) (5) 

 

𝐺(𝜙)𝐶𝑃𝐼 = 𝔼̂𝑡 [
𝜗(𝑎𝑡

𝑑
|𝑠𝑡

𝑑
)𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡

𝜗𝜙𝑝𝑎𝑠𝑡
(𝑎𝑡

𝑑
|𝑠𝑡

𝑑
)

] = 𝔼̂𝑡 [𝑐𝑡(𝜗)𝐵̂𝑡
𝜗𝜙𝑝𝑎𝑠𝑡 ] (6) 
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Figure 2. Internal learning structure of the PPO-SAPF algorithm under dynamic vehicle network conditions 
 

 

Where 𝐶𝑃𝐼 is a conservative policy operation. The probability ratio function is represented through 𝑐𝑡(𝜙) while 

the calculated mean value of limited cases is 𝔼̂(∙). The ratio 
𝜗(𝑎𝑡

𝑑
|𝑠𝑡

𝑑
)

𝜗𝜙𝑝𝑎𝑠𝑡
(𝑎𝑡

𝑑
|𝑠𝑡

𝑑
)

𝐵̂𝑡
𝜗𝜙𝑝𝑎𝑠𝑡  computes the extent by 

which present actions excel or lose to typical policy moves in specific temporal contexts at time 𝑡. It uses the 

following equation to approximate the advantage function of the prior policy as (7). The evaluation function 

follows represented by 𝒬̂𝑡
𝜗𝜙𝑝𝑎𝑠𝑡  is presented in (8), after redefining it through the action value 𝑈̂𝑡

𝜗𝑝𝑎𝑠𝑡(𝑠𝑡; 𝜙) 

is presented in (9). 
 

𝐵̂𝑡
𝜗𝜙𝑝𝑎𝑠𝑡 (𝑠𝑡

𝑑 , 𝑎𝑡
𝑑 : 𝜙) = 𝒬̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡 (𝑠𝑡
𝑑 , 𝑎𝑡; 𝜙) − 𝑈̂𝑡

𝜗𝑝𝑎𝑠𝑡(𝑠𝑡; 𝜙) (7) 
 

𝐵̂𝑡

𝜗
𝜙𝑝𝑎𝑠𝑡

(𝑠𝑡
𝑑 , 𝑎𝑡

𝑑: 𝜙) = 𝔼̂𝑎𝑡~𝜗𝜙𝑝𝑎𝑠𝑡
,𝑠𝑡

𝑑~𝑝 [∑ 𝛾𝑡′−𝑡𝐶𝑡′
′
𝑡′=𝑡 ] (8) 

 

𝑈̂𝑡

𝜗𝑝𝑎𝑠𝑡(𝑠𝑡; 𝜙) = 𝔼̂𝑎𝑡
~𝑝[∑ 𝛾𝑡′−𝑡𝐶𝑡′ ′

𝑡′=𝑡 ] (9) 
 

The absence of limitations on policy alteration between 𝜗𝜙 and 𝜗𝜙𝑝𝑎𝑠𝑡
 leads a decrease in performance 

during computations when maximizing 𝐺𝐶𝑃𝐼 . The problem is solved through a SAPF 𝐺𝑆𝐴𝑃𝐹(𝜙) is defined 

through (10). The SAPF is presented as 𝑔 (𝜀, 𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡) which is applied to limit the policy adjustments 

compared to past policies as (11). The actor-network parameters are updated as in (12). During training the 

agent collects environmental data that the system uses to create 𝔼̂𝑡[∙] gets calculated from what the agent learns 

during its environment interactions. Next, Monte Carlo sampling generates random values to evaluate the 

expectation operator 𝔼̂ as given in (13): 
 

𝐺𝑆𝐴𝑃𝐹(𝜙) = 𝔼̂𝑡 [𝑚𝑖𝑛 𝑐𝑡(𝜙)𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡 , 𝑔 (𝜀, 𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡)] (10) 

 

𝑔 (𝜀, 𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡) = {
(1 + 𝜀)𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡𝑖𝑓𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡 ≥ 0

(1 − 𝜀)𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡𝑖𝑓𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡 < 0
 (11) 

 

𝜙 = 𝑎𝑟𝑔 𝑚𝑎𝑥
𝜙

 𝔼̂𝑡 [𝑚𝑖𝑛 𝑐𝑡(𝜙)𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡 , 𝑔 (𝜀, 𝐵̂𝑡

𝜗𝜙𝑝𝑎𝑠𝑡)] (12) 

 

𝜍 = 𝑎𝑟𝑔 𝑚𝑖𝑛
𝜍

 𝔼̂𝑡 [(𝑈𝜍 − 𝜐)2, ( 𝑐𝑙𝑖𝑝(𝑈𝜍 , 𝑈𝜍𝑝𝑎𝑠𝑡
− 𝑒, 𝑈𝜙𝑝𝑎𝑠𝑡

+ 𝑒) − 𝜐 )2 (13) 

 

No training begins until the network values. At start-up, the model parameters 𝜙 𝜙𝑝𝑎𝑠𝑡 and 𝜍 receive defined 

values. In SAPF, the optimizer employs 𝑓(𝑋) it directly as its penalty term. SAPF tends to less effective when 

the objective function value is small. In this case, the SAPF uses a set number (integer) to improve the output 
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of the objective function 𝑓(𝑋). The SAPF formulation is given in (14) to (16). The power consumption 

efficiency is estimated based on the (17). 
 

𝑆𝐴𝑃𝐹 = 𝑓(𝑋) + ∫× (∑ 𝑔𝑖(𝑋)𝑛
𝑖=1 + ∑ ℎ𝑖(𝑋)𝑚

𝑖=1 ) (14) 
 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑓(𝑋) = 𝑓(𝑥1, 𝑥2, 𝑥3 … , 𝑥𝑁) (15) 
 

𝑔𝑖(𝑋) ≤ 0, 𝐼 = 1,2, … , 𝑛

ℎ𝑖(𝑋) = 0, 𝐼 = 1,2, … , 𝑚
 (16) 

 

𝑃𝑜𝑤𝑒𝑟 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =
𝑃𝑚𝑎𝑥

𝑑 −∑ 𝑦𝑗𝑃𝑗
𝑑

𝑗∈𝐽

𝑃𝑚𝑎𝑥
𝑑  (17) 

 

Where, 𝑓(𝑋) is objective function, 𝑔𝑖(𝑋) and ℎ𝑖(𝑋) are imbalance and balance constraints. The agent is 

continuously trained until it convergence, that occurs when it obtains the specified performance level or reaches 

the maximum number of repetitions. Where, 𝑗, 𝑃 and 𝑑 denotes the V2V link index, total transmission power 

and resource block index respectively. The 𝑃𝑗
𝑑 is an allocated power for 𝑗th V2V link in resource block 𝑑, the 

𝑃𝑚𝑎𝑥
𝑑  is a maximum allowable power over resource block. The 𝑦𝑗 ∈ {0, 1} presents power control with binary 

indicator, if the transmit power of 𝑗𝑡ℎ DUE is allocated when value of 𝑦𝑗 = 1 otherwise 0. This research utilizes 

SAPF that dynamically adjusts the penalty term in PPO based on policy behavior. The SAPF integrates 

feedback-driven adjustment strategy and threshold-based recalibration when the penalty becomes ineffective 

thereby ensuring continuous policy improvements in higher mobility and congested scenarios. This adaptability 

and robustness to environment variability is not addressed in the existing PPO-based V3X scheduling works. 

Moreover, this work integrates spectrum and power allocation while many existing PPO based methods handle 

separately. The PPO-SAPF improves resource utilization efficiency through integrating SAPF into policy 

gradient updates thereby resultant in enhanced convergence, and reduced inter-packed reception time. The 

step-by-step implementation of this optimization process is outlined in Pseudocode 1, which details the 

environment observation, policy updates, and adaptive penalty adjustments. 

 

Pseudocode 1. Pseudocode for PPO-SAPF 
Initialize PPO-SAPF parameters such as policy parameters ϕ, value function parameters ϑ, 
clipping parameter ε, penalty coefficient γ, 
Initialize environment with vehicles and MBS, 

Set state space S and action space A for vehicles, 
Start 

 while not convergence do: 

      Observe state st, 

     Compute action at using policy as in (5), 

      Perform action at in the environment, 

     Observe reward rt and next state st+1, 

      Compute the advantage function using (7), 

Compute policy loss using PPO objective function as (6), 

  Compute value loss using the evaluation function as (8), 

Compute SAPF penalty using (10), 

Compute SAPF range using (11), 

     Compute SAPF enhanced PPO objective function using (15), 

      Update policy parameters ϕ of PPO using gradient ascent as in (12), 
     if SAPF penalty is ineffective: 

         Adjust the penalty term using (14), 

  end if 

     Store experience (st, at, rt, st+1),     
      if training condition met: 

           Perform Monte Carlo estimation using (13), 

        Optimize policy and value function, 

     end if 

 end while 

return optimized PPO-SAPF model 

end 

 

 

3. RESULTS AND DISCUSSION 

The PPO-SAPF is simulated based on MATLAB R2020b with Intel i7 processor, Windows 10 OS 

and, 16 GB RAM. The performance metrics such as sum capacity performance of V2I links (Mbps),  

inter-packet reception time (ms), successful transmission ratio of V2V link, average V2V link rate (Mb/s), and 
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power consumption efficiency are estimated for RA in vehicular networks. Table 1 signifies the simulation 

parameters considered for this research. 
 

 

Table 1. Simulation parameter 
Parameters Values 

Carrier frequency 2 GHz 
Channel bandwidth 4 MHz 

Vehicle antenna height 1.5 m 

Vehicle antenna gain 3 dBi 
Vehicle transmit power 23 dBm 

BS antenna gain 25 dBi 

BS antenna height 8 m 
Path-loss model Log-distance path loss 

Random seed 42 

Mobility model Random waypoint 

 

 

3.1.  Performance analysis 

This section describes the performance of proposed PPO-SAPF with various metrics such as sum 

capacity performance of V2I links, inter-packet reception time, successful V2V transmission ratio, average 

V2V link rate, and power consumption efficiency. The results are compared with existing methods such as RL, 

DRL, and PPO to illustrates the enhancements achieved by adaptive RA, interference management and policy 

optimization. Figures 3 to 7 provides the effectiveness of PPO-SAPF under various vehicular network 

condition.  
 
 

 
 

Figure 3. Sum capacity performance of V2I links (Mbps) under varying vehicle speeds 
 
 

 
 

Figure 4. Inter-packet reception time (ms) for different number of V2V links 
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Figure 5. Successful transmission ratio for different number of vehicles 
 

 

 
 

Figure 6. Average V2V link rate (Mb/s) for different number of vehicles 
 

 

 
 

Figure 7. Power consumption efficiency for different number of DUE 
 

 

In Figure 3, the performance of proposed PPO-SAPF is given for sum capacity performance of V2I 

links. The existing methods such as RL, DRL, and PPO are compared with the proposed PPO-SAPF. Compared 

to these existing methods, the PPO-SAPF achieves sum capacity of 51 Mbps, 48 Mbps, 45 Mbps, and 41 Mbps 
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for the vehicle speed such as [10, 15] m/s, [15, 20] m/s, [20, 25] m/s, and [25, 30] m/s. It achieves better sum 

capacity performance because it dynamically adjusts the reward constraints to optimize the RA. The proposed 

PPO-SAPF achieves higher capability compared to RL, DRL, and conventional PPO due to its adaptive policy 

updates and effective interference-based RA. This enhancement shows its ability to maintain the higher 

throughput in high-mobility environments.   

In Figure 4, performance of the proposed PPO-SAPF is given for inter-packet reception time (ms). 

The existing methods such as RL, DRL, and PPO are compared with the proposed PPO-SAPF. Compared to 

these existing methods, the PPO-SAPF achieves inter-packet reception time of 101 ms, 104 ms, 106 ms,  

109 ms, 114 ms, 116 ms, and 119 ms for a number of V2V links such as 4, 6, 8, 10, 12, 14, and 16. It achieves 

better inter-packet reception time by effectively managing RA and dynamically adjusting the communication 

parameters to reduce the delay. The PPO-SAPF achieves less delay across all scenarios by optimizing spectrum 

and power allocation dynamically thereby ensuring its suitability of the proposed method for latency-based 

vehicular applications. 

In Figure 5, the performance of the PPO-SAPF is given for the successful transmission ratio of V2V 

link. The existing methods, such as RL, DRL, and PPO are compared with the proposed PPO-SAPF. Compared 

to these existing methods, the PPO-SAPF achieves successful transmission ratio of V2V link of 0.35, 0.33, 

0.31, 0.29, 0.30, 0.28, 0.25, 0.26, 0.23, and 0.22 for number of vehicles such as 20, 24, 28, 32, 36, 40, 44, 48, 

52, and 56. It achieved a better successful transmission ratio of V2V link through effectively optimizing the 

spectrum and power allocation when dynamically adjusting penalty constraints to reduce the interference. From 

32 to 36 vehicles minor increase occurs due to adaptive adjustment of the penalty function in PPO-SAPF that 

temporarily enhances the spectrum reuse and minimizes the collisions. From 44 to 48 vehicles, the increase 

results from reinforcement-based learning, which adapts to congestion through reallocating spectrum and 

power effectively, thereby improving success rate and link coordination. The PPO-SAPF maintains a higher 

success ratio by reducing interference with its adaptive penalty control and effective spectrum reuse. The lesser 

performance variation reflects the learning agent’s adaptation to the network congestion. 

In Figure 6, performance of the PPO-SAPF is given for the average V2V link rate (Mb/s). The existing 

methods such as RL, DRL, and PPO are compared with the proposed PPO-SAPF. Compared to these existing 

methods, the PPO-SAPF attains average V2V link rates of 11 Mb/s, 13 Mb/s, 10 Mb/s, 9 Mb/s, 8 Mb/s, 6 Mb/s, 

7 Mb/s, 6 Mb/s, 5 Mb/s, and 4 Mb/s for the number of vehicles such as 20, 24, 28, 32, 36, 40, 44, 48, 52, and 

56. It achieved a better average V2V link rate by dynamically optimizing spectrum and power allocation, 

thereby ensuring efficient resource utilization when reducing interference. The dip in the figure occurs as the 

number of vehicles increases, which leads to higher channel congestion and enhanced interference, thereby 

reducing the average V2V link rate. The increase observed in certain regions, especially in PPO-SAPF due to 

adaptive RA and scheduling that optimises the communication effectively in particular traffic conditions. From 

20 to 24 vehicles, the increase in V2V sum rate is due to active V2V links being formed where the available 

resources are effectively allocated among lower to moderate network loads, thereby enhancing throughput. 

From 44 to 48 vehicles, the rise occurs as the learning agent optimises scheduling, transmission time and 

managing interference, thereby enhancing link rates. The proposed PPO-SAPF achieves high link rates 

compared to baseline models by jointly optimizing spectrum and power allocation. The performance 

degradation at high vehicle densities is due to enhanced interference and channel contention.  

In Figure 7, the performance of the proposed PPO-SAPF is given for power consumption efficiency. 

The existing methods such as RL, DRL, and PPO, are compared with the proposed PPO-SAPF. Initially, from 

5 to 10 arrears, electricity consumption efficiency improves due to better RA and load balance, optimization 

of electricity use.  

However, a slight dip is observed between 10 and 15 device-to-device (D2D) user equipment (DUE) 

due to intervention and suboptimal power distribution as the network size increases. After 15 DUE, the 

efficiency increases again, possibly adaptive power management techniques or reinforcement learning-based 

adaptation strategies that reduce interference and increase power allocation. Between the approaches, the PPO-

SAPF displays better performance than RL, DRL, and PPO, consistently maintains high power consumption 

efficiency. This benefit is probably attributed to improved policy adaptation and adaptive scheduling of PPO-

SAPF which effectively balances power consumption and intervention management, making it more efficient in 

dynamic network conditions. PPO-SAPF outperforms existing methods by balancing transmission power and 

interference control with adaptive learning thereby leading to enhanced energy efficiency in dynamic networks. 

 

3.2.  Comparative analysis 

To evaluate the effectiveness and robustness of PPO-SAPF, a comparative analysis is performed over 

existing approaches. Each case evaluates specific scenarios, including sum ADQ, minimum ADQ, sum 

capacity under varying speeds, V2V transmission success probability, and power consumption efficiency. The 

carrier frequency, vehicle transmit power and vehicle antenna height are considered as simulation parameters 

and its values are presented in Table 2.  
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Table 2. Simulation parameters for various cases 
Parameters Case 1 Case 2 Case 3 Case 4 

Carrier frequency 2 GHz 2 GHz 2 GHz 2 GHz 
Vehicle transmit power 23 dBm 23 dBm 23 dBm NA 

Vehicle antenna height 5 m 1.5 m 1.5 m 1.5 m 

 

 

Figures 8 to 11 present the comparative analysis of PPO-SAPF with existing methods such as QoS20 

[21], DDQN [22], and CARA [23]. Case 1 is for QoS20 [21], case 2 is for DDQN [22], case 3 is for CARA 

[23], and case 4 is for multi-objective evolutionary algorithm [24]. The results in Figures 8 to 11 show that 

PPO-SAPF achieves better performance, particularly in dynamic environments. The model strength remains 

in its adaptive penalty mechanism and DRL-based decision making that assist in optimizing spectrum reuse, 

minimize interference and power allocation under various network conditions.  

 

 

 
 

Figure 8. Comparison of PPO-SAPF for different number of vehicles in Case 1 
 

 

 
 

Figure 9. Comparison of PPO-SAPF for different number of vehicles in Case 2 
 
 

Figure 8 compares the PPO-SAPF with existing methods under Case 1 simulation where the results 

shows enhanced performance in terms of ADQ thereby showing the robustness of the proposed approach under 

the QoS scenario. Figure 9 shows the performance comparison under Case 2 where PPO-SAPF outperforms 

DDQN based approaches because its reduced computational complexity and penalty regularization thereby 

enhancing scalability in vehicular networks. Figure 10 shows the comparative results for Case 3 where the 

proposed PPO-SAPF achieves less inter-packet reception time and high reliability than CARA thereby 

denoting its effectiveness in non-cooperative and high dynamic vehicular networks. Figure 11 compares the 
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PPO-SAPF with multi-objective evolutionary approach where PPO-SAPF achieves better performance with 

lower training time and better adaptability thereby making it suitable for V2X communication.  
 

 

 
 

Figure 10. Comparison of PPO-SAPF for different number of vehicles in Case 3 
 

 

 
 

Figure 11. Comparison of PPO-SAPF for different number of vehicles in Case 4 

 

 

3.3.  Discussion 

The advantages of PPO-SAPF and the limitations of existing research are explained in this section. 

The existing method has limitations, like QoS20 [21] does not address the interference, thereby leading to an 

impact on the performance in vehicular networks. In DDQN [22], the graph theory-based approach has 

computational complexity that leads to a challenge in large-scale networks. CARA [23] depends on cooperation 

among nodes that leads to impracticality in dynamic vehicular environments. The evolutionary algorithm [24] 

requires a high training time that affects the adaptability in vehicular networks. MADRL-AM [20] has 

computational overhead that enhances the latency. The proposed PPO-SAPF overcomes these limitations by 

dynamically adjusting its allocation parameters with changing network topology and user demands. The SAPF 

enables fine-tuned policy updates that ensure a better balance between exploration and exploitation, thereby 

leading to stable and effective vehicular communications. Furthermore, it enhances transmission efficiency, 

minimizes inter-packet reception time and network delays, and makes it better for real-time vehicular 

applications like autonomous driving, ITS and V2X communications. Compared to baseline methods, the PPO-

SAPF outperforms standard PPO by its adaptive penalty to accelerate convergence and outperforms DQN and 

DDPG through providing better stability to handle continuous action spaces in high dynamic vehicular 

environments. The attained results denote that the proposed PPO-SAPF is suitable for real-time smart city and 

autonomous driving environments by higher vehicle density and changing network conditions. By adaptively 

optimizing spectrum and power allocation, the PPO-SAPF supports scalable V2X deployments. In autonomous 
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driving system, the safety applications required end-to-end latency within 100-120 ms that is ensured through 

achieved inter-packet reception time of 119 ms for 16 V2V links. Furthermore, the enhanced V2I capability, 

V2V transmission reliability and power efficiency allows effective traffic management, energy-aware ITS.  

 

 

4. CONCLUSION 

This research proposes a PPO-SAPF based RA framework for vehicular communications. PPO 

optimises RA dynamically by adjusting the coefficient matrices and ensuring better adaptability to changing 

network topologies and user demands. The SAPF fine-tunes the policy updates, handling optimal balance 

among exploration and exploitation, thereby enhancing network performance under various conditions. It 

significantly minimizes network delays and enhances overall communication performance which makes it 

better for high-mobility environments. Subsequently, PPO-SAPF reduces the inter-packet reception time and 

provides better capacity utilization for V2X communications. The simulation result shows the PPO-SAPF in 

various vehicular communication scenarios. The PPO-SAPF achieves an inter-packet reception time of 119 ms 

for 16 V2V links, which is better than existing approaches. This development makes the PPO-SAPF provide a 

better solution for ITS, real-time vehicular applications and autonomous driving where low-latency and 

effective communications are required. In future, other optimisation algorithms with multi-agent scenarios will 

be considered to further enhance the RA performance for vehicular communications.  
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