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Abstract: In this research, we propose an integrated routing protocol termed Bacterial Foraging inspired Mamdani Fuzzy 

Inference based AODV (BF-MFI-AODV) for Vehicular Ad-hoc Networks (VANETs), which combines Mamdani Fuzzy 

Inference System (MFIS) and Bacterial Foraging Optimization (BFO) techniques. The protocol aims to address the 

challenges of dynamic and unpredictable network conditions in VANETs by leveraging fuzzy logic and bio-inspired 

optimization principles. BF-MFI-AODV enhances route discovery, maintenance, and optimization mechanisms, resulting 

in improved adaptability, reliability, and efficiency of communication. Through extensive simulations and real-world 

experiments, the performance of BF-MFI-AODV is evaluated in terms of packet delivery ratio, end-to-end delay, routing 

overhead, and network lifetime. Our results demonstrate the effectiveness of BF-MFI-AODV in enhancing the overall 

performance of VANETs compared to existing routing protocols. The proposed protocol shows promise in providing 

robust and efficient communication solutions for dynamic vehicular environments, thus contributing to the advancement 

of intelligent transportation systems. 

 

Index Terms: VANETs, Mamdani Fuzzy Inference System, Bacterial Foraging Optimization, Dynamic Routing, Route 

Maintenance. 

 

 

1.  Introduction 

Vehicular Ad hoc Networks (VANETs) are dynamic wireless networks formed by vehicles equipped with 

communication technologies such as sensors and onboard computers, enabling real-time interaction with other vehicles 

and roadside infrastructure[1]. These self-organizing networks operate without fixed infrastructure, supporting data 

exchange on traffic conditions, hazards, and emergencies[2]. VANETs enable diverse applications including collision 

avoidance, traffic control, and infotainment services[3]. Key challenges include maintaining stable connectivity, handling 

rapid topology changes, and ensuring secure communication in highly mobile environments[4]. Current research 

continues to address these issues, aiming to enhance VANET reliability, safety, and efficiency in modern transportation 

systems.
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Fuzzy inference systems (FIS) are computational frameworks that handle uncertainty by modelling vague or 

imprecise information using fuzzy logic[5]. They consist of fuzzification, rule evaluation, and defuzzification stages, 

enabling decision-making in complex and uncertain environments. The Mamdani fuzzy inference system (MFIS) is a type 

of FIS that uses linguistic variables and fuzzy rules to map input variables to output variables[6]. It employs fuzzy if-then 

rules, expressed in natural language, to capture expert knowledge and reasoning. MFIS is widely used in various 

applications, including control systems, pattern recognition, and decision support systems, due to its ability to handle 

vague inputs and provide human-like reasoning[7]. 

In VANETs, the MFIS plays a crucial role in enhancing decision-making processes and optimizing network 

performance. MFIS employs fuzzy logic principles to model and reason with uncertain and imprecise data, enabling 

intelligent decision-making in dynamic vehicular environments[8]. One of the key contributions of MFIS in VANETs is 

its ability to handle the vagueness and uncertainty inherent in various aspects of vehicular communication, such as traffic 

conditions, road hazards, and vehicle mobility patterns[9]. By utilizing linguistic variables and fuzzy rules, MFIS can 

interpret and process complex inputs from sensors and communication devices in real-time, facilitating efficient traffic 

management, collision avoidance, and routing optimization. MFIS-based systems in VANETs can adaptively adjust 

parameters and routing decisions based on changing environmental conditions, enhancing network reliability and 

robustness[10]. MFIS plays a vital role in VANETs by providing a flexible and adaptive framework for intelligent 

decision-making, contributing to safer and more efficient transportation systems[11]. 

1.1.  Problem Statement 

In VANET, the dynamic nature of node mobility and the absence of a fixed infrastructure present numerous challenge. 

Key among these challenges is the efficient management of network resources and the establishment of reliable 

communication links. Due to the unpredictable movement of nodes, traditional routing protocols struggle to maintain 

optimal routes, leading to increased packet loss, latency, and energy consumption. The decentralized nature of VANETs 

makes it difficult to ensure network connectivity and prevent network partitions. The limited bandwidth and energy 

resources of mobile devices exacerbate these challenges. Addressing these issues requires the development of robust 

routing protocols and resource management strategies tailored to the unique characteristics of VANETs, ensuring reliable 

and efficient communication in dynamic and resource-constrained environments. 

1.2.  Motivation 

VANETs face ongoing challenges in ensuring reliable and efficient communication under dynamic and unpredictable 

conditions. Conventional routing protocols often fail to adapt to frequent topology changes, resulting in degraded 

performance. This research addresses these limitations by integrating MFIS and Bacterial Foraging Optimization (BFO) 

into AODV. MFIS enables real-time, uncertainty-aware decision-making, while BFO supports long-term route 

optimization through global exploration. Existing fuzzy-AODV models adapt to input imprecision but lack global 

convergence, whereas BFO-AODV achieves exploration efficiency but responds slowly to rapid topology shifts. The 

proposed hybrid protocol unifies the strengths of both, offering enhanced adaptability, stability, and routing efficiency 

for highly dynamic VANET environments. 

1.3.  Objective 

The primary objective is to develop an Enhanced AODV routing protocol by integrating MFIS and BFO. This 

includes designing algorithms for route discovery, maintenance, and optimization that combine fuzzy decision-making 

with bio-inspired adaptability. A secondary objective is to evaluate the protocol's performance through simulations using 

key metrics such as packet delivery ratio, end-to-end delay, routing overhead, and network lifetime. The aim is to 

demonstrate improved reliability, adaptability, and efficiency compared to existing fuzzy- or BFO-based routing models 

in dynamic VANET environments. 

2.  Background 

“EdgeIoT-VANET”[12] proposes a novel amalgamation of IoT and edge cloud computing in VANETs for managing 

energy efficiently in smart microgrids. By leveraging machine learning algorithms, it optimizes energy distribution and 

consumption within the network, enhancing sustainability and reliability. “DR-LSAF”[13] presents a decentralized 

forwarding scheme for Named Data Networking (NDN)-based VANETs. By considering link stability and receiver 

information, it improves packet delivery and reduces overhead, enhancing communication reliability in dynamic vehicular 

environments. "MO-PSO-OLSR”[14] enhances the VANETs routing protocol OLSR using a multi-objective particle 

swarm optimization approach. By optimizing route selection based on multiple criteria, it improves network performance, 

reliability, and scalability. 

“Fr-Aro”[15] proposes a secure and interference-aware fuzzy clustering and routing scheme for VANETs. By 

considering interference and security concerns, it enhances data routing efficiency and reliability, ensuring secure 

communication among vehicles. “Floyd–AES”[16] introduces a secure communication mechanism for VANETs using 

the Floyd–Warshall algorithm and modified Advanced Encryption Standard (AES). It enhances data confidentiality and 

integrity, ensuring secure communication among vehicles in dynamic vehicular environments. “CrossCoB”[17] presents 
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a cross-layer cooperative broadcast protocol for multichannel VANETs. By integrating information from multiple layers, 

it optimizes broadcast communication, improving packet delivery and reducing latency in vehicular networks. 

“SecureLite”[18] offers insights into a lightweight authentication scheme for VANETs. It highlights the scheme's 

security and privacy-preserving features, providing valuable feedback for future improvements. “TRUE”[19] suggests an 

approach for analyzing correlations to conduct optimal routing metrics in VANETs. By analyzing correlations among 

routing metrics, it improves the accuracy and efficiency of routing decisions in vehicular networks. “HGFAR”[20] 

presents a hybrid genetic firefly algorithm-based routing protocol for VANETs. By combining genetic and firefly 

algorithms, it enhances route discovery and selection, improving network performance and reliability. “TD-RSU”[21] 

proposes a traffic demand-based RSU deployment strategy for VANETs. By considering traffic patterns, it optimizes 

RSU placement, improving network coverage and communication efficiency in urban environments. 

“CoDNT”[22] introduces a correlation-based malicious node detection scheme for fog computing-based VANETs. 

By correlating data and network topology information, it identifies and isolates malicious nodes, enhancing network 

security and reliability. “Gossip-ND”[23] presents a neighbor discovery scheme for VANETs using a gossip mechanism. 

By disseminating information through gossip, it improves network connectivity and reliability, facilitating efficient 

communication among vehicles. “BC-VANET”[24] proposes the integration of blockchain in VANETs using gRPC for 

privacy preservation. By leveraging blockchain technology, it enhances data security and privacy, ensuring secure 

communication among vehicles. “EFMS”[25] introduces an energy-efficient fuzzy management system for VANETs. By 

employing a tri-parametric methodology, it optimizes energy consumption and resource allocation, prolonging network 

lifespan and reliability. 

“SECMIN”[26] presents a smart edge computing model for VANETs to minimize latency and delay using 5G 

network capabilities. By leveraging edge computing, it improves data processing efficiency and reduces communication 

latency in smart city transportation systems. “UAV-UC”[27] proposes a UAV-assisted communication architecture for 

urban VANET environments. By deploying UAVs as communication relays, it enhances network coverage and 

connectivity, improving communication reliability in dynamic urban settings. “CLR”[28] introduces cross-layer adaptive 

routing protocol for MANETs. The key contribution lies in integrating fuzzy logic into the AODV routing protocol to 

adaptively adjust routing decisions based on dynamic network conditions. By considering parameters from multiple layers 

of the protocol stack, including network traffic, link quality, and node mobility, CrossFuzzy-AODV enhances route 

selection and maintenance. “ADR”[29] an approach for maximizing performance in VANETs through intelligent cluster 

head selection. The key contribution lies in integrating fuzzy logic and Bald Eagle optimization to select optimal cluster 

heads efficiently. By considering factors such as node density, communication range, and energy level, FuzzyEagle-CHS 

improves the selection process, enhancing network stability and throughput. The working mechanism involves using 

fuzzy logic to model uncertain network conditions and Bald Eagle optimization to intelligently search for the optimal 

cluster heads.  

3.  Mamdanized Ad-hoc On-Demand Distance Vector 

Mamdanized AODV is a routing protocol that integrates Mamdani fuzzy inference and Bacterial Foraging 

Optimization into the AODV algorithm. It enhances route management by combining intelligent decision-making with 

bio-inspired optimization, enabling robust and adaptive routing in dynamic VANET environments. This hybrid approach 

improves the efficiency of route discovery, maintenance, and stability, addressing the challenges of mobility and network 

variability to boost overall routing performance. 

3.1.  Mamdani Fuzzy Inference System (MFIS) 

A FIS is a decision-making framework that handles uncertainty using fuzzy logic principles. It represents input 

variables as fuzzy sets, applies a fuzzy rule base, and uses an inference engine and defuzzification process to derive crisp 

outputs. The MFIS, a widely adopted variant, uses fuzzy if-then rules to map fuzzified inputs to fuzzy outputs, which are 

then aggregated and defuzzified. MFIS is known for its simplicity and interpretability, making it suitable for control, 

decision support, and reasoning under uncertainty. This distinction of FIS and MFIS is shown in Table 1. 

Table 1. Distinction of FIS and MFIS 

Aspect FIS MFIS 

Definition 
A computational framework for decision-making 

under uncertainty using fuzzy logic. 

A specific type of FIS employing the Mamdani 

method for rule evaluation. 

Rule Evaluation Method 
Can employ various inference methods like 

Mamdani, Sugeno, or Tsukamoto. 

Specifically utilizes the Mamdani method for rule 

evaluation. 

Output Nature 
Outputs may be fuzzy or crisp, depending on the 

inference method used. 

Outputs are typically fuzzy, representing degrees of 

membership in linguistic terms. 

Relationships Representation 
Represents relationships between inputs and outputs 

using linguistic rules and fuzzy sets. 

Emphasizes linguistic rules and fuzzy sets to model 

complex relationships. 

Uncertainty Handling 
Addresses uncertainty and imprecision in decision-

making processes. 

Particularly well-suited for tasks involving 

qualitative reasoning and linguistic variables. 

 



Bacterial Foraging Inspired Mamdani Fuzzy Inference based AODV (BF-MFI-AODV) for  

VANET Route Management Optimization 

102                                                                                                                                                                       Volume 18 (2026), Issue 1 

MFIS widely used for modeling and controlling complex systems where traditional crisp logic systems fall short due 

to uncertainty or imprecision. It comprises several steps, each contributing to the process of inference and decision-

making. 

3.2.  Bacterial Foraging Optimization (BFO) 

BFO is a bio-inspired algorithm that emulates the chemotactic behavior of bacteria to iteratively search for optimal 

solutions. Virtual bacteria explore a multidimensional solution space, where each position represents a potential solution 

and nutrient concentrations reflect fitness values. The search process involves two main behaviors: tumbling, for random 

directional changes to encourage exploration, and swimming, where bacteria continue moving toward regions of 

increasing nutrient concentration. High-performing bacteria reproduce, passing traits to the next generation, while low-

performing ones are removed through elimination-dispersal mechanisms that maintain population diversity and prevent 

premature convergence. BFO dynamically adjusts parameters like step size and elimination rate during iterations to 

balance exploration and exploitation, converging toward optimal solutions effectively. 

3.3.  Ad hoc On-Demand Distance Vector (AODV) 

AODV is a reactive routing protocol designed for dynamic and mobile environments such as VANETs. Unlike 

proactive protocols like DSDV, AODV establishes routes only when required, reducing overhead and conserving network 

resources. This makes it particularly suitable for bandwidth- and energy-constrained vehicular networks. AODV operates 

through three key processes: route discovery, maintenance, and deletion. When a source node lacks a route to the 

destination, it broadcasts a Route Request (RREQ), which propagates until it reaches the target or a node with a valid 

path. A Route Reply (RREP) is then unicasted back, establishing bidirectional communication. Intermediate nodes 

maintain routing tables to prevent loops and redundant messages. To ensure reliability, AODV uses Route Error (RERR) 

messages to inform nodes of broken links or topology changes. Stale routes are deleted through sequence number updates 

and route error propagation. This adaptive strategy supports scalable and efficient routing in highly dynamic VANET 

scenarios. 

3.4.  Bacterial-Mamdani Fuzzy Inference System (B-MFIS) 

Enhancing the MFIS with the principles of BFO involves integrating the robust optimization capabilities of BFO 

into the traditional MFIS framework. MFIS is a fuzzy logic-based approach used for modeling and decision-making in 

uncertain and complex systems. It employs fuzzy logic to handle imprecise input data and make inference-based decisions. 

BFO is a nature-inspired optimization algorithm based on the foraging behavior of bacteria, aimed at efficiently exploring 

solution spaces to find optimal solutions. Integrating BFO into MFIS enhances its optimization capabilities and enables 

it to effectively handle complex and dynamic systems. The combined approach of MFIS and BFO can be divided into 

several steps to ensure effective optimization and decision-making. 

A.  Initialization and Partitioning 

Initialization involves defining the input and output variables of the MFIS and partitioning the solution space into 

linguistic terms using fuzzy sets. Let 𝑁 denote the total number of linguistic terms, 𝑛𝑖 represent the number of linguistic 

terms for each variable, and 𝑉 represent the total number of variables are mathematically represented in Eq. (1). 

 

𝑁 = ∑ 𝑛𝑖
𝑉
𝑖=1                                                                                (1) 

 

The partitioning process is achieved by assigning membership functions to each linguistic term, which represent the 

degree of membership of input data to different linguistic terms. Let 𝐴𝑖𝑗  denote the membership function for the 

𝑗𝑡ℎ  linguistic term of the 𝑖𝑡ℎ variable shown in Eq.(2). 

 

𝐴𝑖𝑗(𝑥)                                                                                     (2) 

 

In BFO, Initialization involves establishing the initial population of bacteria within the solution space. In Eq.(3), 𝑀 

represent the total number of bacteria in the population and 𝑈𝐷𝑃 represents the user defined parameters. 

 

𝑀 = 𝑈𝐷𝑃                                                                                 (3) 

 

The solution space is divided into multiple dimensions corresponding to the input variables, and each bacterium is 

assigned a position within this multidimensional space. Let 𝑋𝑖 denote the position vector of the 𝑖𝑡ℎ bacterium shown in 

Eq.(4). 

 

𝑋𝑖 = (𝑥𝑖1, 𝑥𝑖2 , ⋯ , 𝑥𝑖𝑉)                                                                         (4) 

 

The Initialization phase ensures that both the MFIS and BFO components are ready to start the optimization process. 

It establishes the initial conditions for the MFIS by defining the linguistic terms and membership functions, while also 
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initializing the population of bacteria in BFO within the solution space.  

B.  Formulating Fuzzy Rules and Adaptation 

Formulating fuzzy rules defines input–output relationships in MFIS using linguistic if–then logic. Adaptation via 

BFO dynamically adjusts these rules to maintain optimal decisions under changing network conditions. The formulation 

of fuzzy rules in MFIS involves defining a set of if-then rules that describe the relationship between input variables 

(𝑋1, 𝑋2, ⋯ , 𝑋𝑣) and output variables (𝑌1, 𝑌2, ⋯ , 𝑌𝑂) . 𝑅  represent the total number of fuzzy rules, and 𝐴𝑖𝑗  denote the 

membership function for the 𝑗𝑡ℎ linguistic term of the 𝑖𝑡ℎ input variable shown in Rule 1. 

Rule 1. Formulation 

R=User Defined Parameter 

If X1 is A11 and X2 is A21 and ... then Y1 is B11  

If X1 is A12 and X2 is A22 and ... then Y1 is B12 ......  

If X1 is A1n1 and X2 is A2n1 and ... then YO is B1n1 

 

The adaptation mechanism in the combined approach incorporates EBFO's optimization capabilities to dynamically 

adjust the fuzzy rules based on the system's performance. This adaptation process ensures that the MFIS can adapt to 

changes in the environment or input data, leading to more robust and adaptive decision-making is illustrated in Eq.(5). 

 

𝐴𝑑𝑎𝑝𝑡𝑎𝑡𝑖𝑜𝑛 𝐹𝑎𝑐𝑡𝑜𝑟 =  
𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐹𝑖𝑡𝑛𝑒𝑠𝑠

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝐹𝑖𝑡𝑛𝑒𝑠𝑠
                                                        (5) 

 

BFO's adaptation mechanism guides the exploration and exploitation of the solution space to optimize the decision-

making process. Let 𝐹𝑖  represent the fitness of the 𝑖𝑡ℎ  bacterium, and 𝐹𝑚𝑎𝑥  denote the maximum fitness value in the 

population is mathematically represented in Eq.(6) and Eq.(7). 

 

𝐹𝑖 = 𝐸𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝐹𝑖𝑡𝑛𝑒𝑠𝑠                                                                (6) 

 

𝐹𝑚𝑎𝑥 = 𝑚𝑎𝑥(𝐹1, 𝐹2, ⋯ , 𝐹𝑀)                                                                  (7) 

 

The adaptation mechanism in BFO facilitates the exploration and exploitation of the solution space to find optimal 

solutions. This adaptation process dynamically adjusts the parameters of the algorithm, such as chemotactic step size (𝐶), 

elimination rate (𝑃𝑒), and dispersal rate (𝑃𝑑), based on the performance of the population is shown in Eq.(8), Eq.(9), and 

Eq.(10). 

 

𝐶 = 𝐶𝑚𝑎𝑥 −
(𝐶𝑚𝑎𝑥−𝐶𝑚𝑖𝑛)

(𝑁𝑚𝑎𝑥−𝑁𝑚𝑖𝑛)
× 𝑁                                                                 (8) 

 

𝑃𝑒 = 𝑃𝑒𝑚𝑎𝑥
−

(𝑃𝑒𝑚𝑎𝑥−𝑃𝑒𝑚𝑖𝑛
)

(𝑁𝑚𝑎𝑥−𝑁𝑚𝑖𝑛)
× 𝑁                                                               (9) 

 

𝑃𝑑 = 𝑃𝑑𝑚𝑎𝑥
−

(𝑃𝑑𝑚𝑎𝑥−𝑃𝑑𝑚𝑖𝑛
)

(𝑁𝑚𝑎𝑥−𝑁𝑚𝑖𝑛)
× 𝑁                                                            (10) 

 

The combined approach involves formulating fuzzy rules based on expert knowledge or data and integrating 

adaptation mechanisms to optimize the decision-making process.  

C.  Fuzzification and Chemotaxis 

Fuzzification and Chemotaxis involves transforming crisp input data into fuzzy values through fuzzification in the 

MFIS, and guiding the movement of bacteria towards optimal solutions through chemotaxis in the BFO component. 

Fuzzification in the MFIS involves mapping crisp input variables (𝑋1, 𝑋2, ⋯ , 𝑋𝑣)  to fuzzy linguistic terms using 

membership functions (𝐴𝑖𝑗 ). Let 𝑥𝑖  represent the crisp value of the ith input variable, and 𝑢𝑖𝑗  denote the degree of 

membership of 𝑥𝑖 to the jth linguistic term of the 𝑖𝑡ℎ variable, which is represented in Eq.(11). 

 

𝑢𝑖𝑗 = 𝐴𝑖𝑗(𝑥𝑖)                                                                            (11) 

 

The degree of membership uij indicates the extent to which 𝑥𝑖 belongs to the linguistic term represented by 𝐴𝑖𝑗. This 

fuzzy representation of input data enables the MFIS to capture the uncertainty and imprecision inherent in real-world 

systems, facilitating accurate inference and decision-making. 

Chemotaxis in the BFO component involves guiding the movement of bacteria towards regions of higher fitness 

within the solution space. This is achieved by adjusting the position of bacteria (𝑥𝑖) based on the concentration gradient 
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of a chemoattractant. Let ∆𝑋𝑖  represent the change in position of the 𝑖𝑡ℎ  bacterium, and 𝐶𝑖  denote the concentration 

gradient at the location of 𝑋𝑖 mathematically represented in Eq.(12). 

 

∆𝑋𝑖 = 𝐶𝑖 × 𝑆𝑡𝑒𝑝 𝑆𝑖𝑧𝑒                                                                      (12) 

 

The concentration gradient 𝐶𝑖  is calculated based on the fitness landscape of the solution space, indicating the 

direction and magnitude of the steepest ascent towards optimal solutions. The step size determines the magnitude of 

movement of bacteria and influences the exploration and exploitation of the solution space. 

Fuzzification converts crisp inputs into fuzzy values, enabling MFIS to process uncertain data. Chemotaxis directs 

BFO bacteria toward high-fitness regions, supporting efficient solution space exploration as expressed in Eq.(13) and 

Eq.(14). 

 

𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡 𝐶𝑖 =
𝐹𝑚𝑎𝑥−𝐹𝑖

𝐹𝑚𝑎𝑥
                                                      (13) 

 

𝑆𝑡𝑒𝑝𝑆𝑖𝑧𝑒 =  
𝐶𝑚𝑎𝑥−𝐶𝑚𝑖𝑛

𝑀𝑎𝑥_𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠
                                                                   (14) 

 

The integration of fuzzification and chemotaxis ensures synergy between the MFIS and BFO components, leading 

to enhanced optimization capabilities and robust decision-making in complex and uncertain environments.  

D.  Inference and Reproduction 

Inference and Reproduction apply fuzzy rules in MFIS to generate fuzzy outputs from fuzzified inputs. 

Simultaneously, BFO reproduction propagates high-fitness solutions while preserving population diversity for continued 

optimization. Let 𝜇𝑖𝑗 represent the firing strength of the 𝑗𝑡ℎ rule with respect to the 𝑖𝑡ℎ output linguistic term, and 𝐵𝑖𝑗  

denote the membership function of the 𝑗𝑡ℎ output linguistic term illustrated in Eq.(15). 

 

𝜇𝑖𝑗 = 𝑚𝑖𝑛(𝑢𝑖1, 𝑢𝑖2, ⋯ 𝑢𝑖𝑛)                                                                  (15) 

 

The firing strength 𝜇𝑖𝑗  represents the degree to which the input data supports the consequent of the 𝑗𝑡ℎ rule for the 

ith output variable. This process enables the MFIS to make inference-based decisions in uncertain and imprecise 

environments. 

In the BFO component reproduction mechanisms are employed to propagate promising solutions and maintain 

diversity within the population. This involves selecting bacteria with higher fitness values and generating offspring 

through reproduction. Let 𝑋𝑏𝑒𝑠𝑡  denote the position of the bacterium with the highest fitness, and 𝑋𝑖′  represent the 

offspring generated from bacterium 𝑖 shown in Eq.(16). 

 

𝑋𝑖
′ = 𝑋𝑖 + 𝑅𝑎𝑛𝑑𝑜𝑚_𝑂𝑓𝑓𝑠𝑒𝑡                                                                (16) 

 

The offspring 𝑋𝑖
′ is generated by adding a random offset to the position of the parent bacterium 𝑋𝑖. This introduces 

variability into the population and enables exploration of new regions in the solution space. 

BFO reproduction promotes optimal convergence by generating offspring from high-fitness bacteria. This directs 

the population toward better regions in the solution space, as defined in Eq.(17). 

 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑓(𝑋)                                                                            (17) 

 

Integrating inference and reproduction ensures effective synergy between MFIS and BFO. MFIS enables accurate 

fuzzy rule-based decisions, while BFO reproduction enhances solution space exploration for optimal outcomes.  

E.  Aggregation and Elimination-dispersal 

Aggregation and Elimination-Dispersal integrate MFIS and BFO by combining fuzzy outputs into a single 

aggregated set, while BFO eliminates weak solutions and disperses new ones to maintain population diversity and 

optimization strength. Let 𝐵𝑖𝑗  denote the membership function of the 𝑗𝑡ℎ  output linguistic term, and 𝜇𝑖𝑗  represent the 

firing strength of the 𝑗𝑡ℎ rule with respect to the ith output linguistic term. 

 

𝐵𝑎𝑔𝑔(𝑦) =∪𝑗
𝑂 𝜇𝑖𝑗 × 𝐵𝑖𝑗(𝑦)                                                                 (18) 

 

In Eq.(18), 𝐵𝑎𝑔𝑔(𝑦)  represents the overall fuzzy output obtained through the combination of individual rule 

activations. This aggregation process ensures that all relevant information from different rules is considered when 

determining the final output. 
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BFO component, elimination-dispersal mechanisms are executed to optimize the population of bacteria. This 

involves removing fewer fit bacteria from the population and introducing diversity through dispersal to prevent premature 

convergence. Let 𝐹𝑖 denote the fitness of the 𝑖𝑡ℎ bacterium, 𝐹𝑎𝑣𝑔 represent the average fitness of the population, and 𝑋𝑖 

denote the position of the 𝑖𝑡ℎ bacterium is shown in Eq.(19). 

 

𝐹𝑎𝑣𝑔 =
∑ 𝐹𝑖

𝑀
𝑖=1

𝑀
                                                                             (19) 

 

Bacteria with fitness values below a certain threshold are eliminated from the population, while dispersal is executed 

to introduce diversity. This ensures that the population remains diverse and explores a wide range of solutions in the 

solution space is shown in Eq.(20) and Eq.(21). 

 

𝐸𝑙𝑖𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛: 𝐹𝑖 < 𝐹𝑎𝑣𝑔 − 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑                                                       (20) 

 

𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑎𝑙: 𝑋𝑖 = 𝑋𝑖 + 𝑅𝑎𝑛𝑑𝑜𝑚_𝐷𝑖𝑠𝑝𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡                                                (21) 

 

Elimination-dispersal in EBFO enhances exploration by removing low-fitness bacteria and injecting diversity. This 

guides the population toward high-fitness regions, supporting optimal solution discovery.  

F.  Defuzzification and Adaptation 

Adaptation mechanisms are employed within the BFO component to dynamically adjust parameters and optimize 

the decision-making process. Defuzzification in the MFIS component involves determining the crisp output value based 

on the aggregated fuzzy output obtained through aggregation. Let 𝑦 represent the crisp output variable, and 𝐵𝑎𝑔𝑔(𝑦) 

denote the aggregated output fuzzy set represented in Eq.(22). 

 

𝑦 =
∫ 𝑦×𝐵𝑎𝑔𝑔(𝑦)𝑑𝑦

∞
−∞

∫ 𝐵𝑎𝑔𝑔(𝑦)𝑑𝑦
∞

−∞

                                                                           (22) 

 

The defuzzification process computes the centroid or center of gravity of the aggregated fuzzy output to obtain a 

single crisp output value. This crisp output value represents the decision or action determined by the MFIS based on the 

fuzzy inference process. 

In the BFO component, adaptation mechanisms dynamically tune parameters like chemotactic step size and 

elimination rate based on population performance. This ensures continuous optimization and improved decision-making, 

as shown in Eq.(8) and Eq.(9). The adaptation mechanisms in EBFO ensure that the algorithm dynamically adjusts its 

parameters to improve performance and optimize the decision-making process. 

G.  Evaluation and Termination 

Evaluation in the combined approach involves assessing the fitness of solutions generated by the BFO component. 

𝐹𝑖 represent the fitness of the 𝑖𝑡ℎ solution, and 𝐹𝑏𝑒𝑠𝑡 denote the fitness of the best solution obtained so far mathematically 

represented in Eq.(23). 

 

𝐹𝑏𝑒𝑠𝑡 = 𝑚𝑎𝑥(𝐹1, 𝐹2, ⋯ , 𝐹𝑀)                                                                  (23) 

 

The evaluation process identifies the best solution obtained during the optimization process. This solution represents 

the optimal solution found by the combined approach based on the defined fitness criteria. 

The Termination conditions are defined to determine when to stop the optimization process. These conditions are 

typically based on reaching a certain number of iterations, achieving a specific level of fitness, or reaching a predefined 

threshold for improvement. 𝑇𝑐  represents termination condition 𝑁  represent the current iteration number, and 𝑁𝑚𝑎𝑥 

denote the maximum number of iterations allowed shown in Eq.(24). 

 

𝑇𝑐 = 𝑁 ≥ 𝑁𝑚𝑎𝑥                                                                            (24) 

 

Once the termination condition is met, the optimization process is terminated, and the final solution obtained is 

returned as the output of the combined approach. This solution represents the best solution found by the combined 

approach based on the defined termination conditions. 

3.5.  B-MFIS based AODV (B-M-FIS AODV) 

Enhanced AODV combines MFIS and BFO within AODV to boost routing adaptability in VANETs. MFIS enables 

rule-based, real-time decisions, while BFO optimizes route discovery and maintenance. This hybrid ensures reliable, 

adaptive communication in dynamic network conditions. 
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A.  Hybrid Route Discovery Mechanism 

This mechanism combines the reactive nature of AODV with proactive elements to optimize route establishment in 

dynamic ad hoc networks. Route Request Propagation (𝑃𝑟𝑒𝑞), the probability of propagating a Route Request (𝑅𝑅𝐸𝑄) 

packet from node 𝑛 is inversely proportional to the sum of distances (𝑑𝑖𝑠𝑡) from node 𝑛 to the source of each 𝑅𝑅𝐸𝑄 

packet in its buffer. This ensures that nodes closer to the source of the 𝑅𝑅𝐸𝑄 have a higher probability of propagating it, 

improving the efficiency of route discovery is represented mathematically in Eq.(25). 

 

𝑃𝑟𝑒𝑞(𝑛) =
1

∑ 𝑑𝑖𝑠𝑡(𝑛,𝑅𝑅𝐸𝑄𝑖)𝑁
𝑖=1

                                                                     (25) 

 

Neighbor Selection (𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝑛)) for Forwarding targets each node selects the nearest reachable neighbor 𝑚 to 

forward the 𝑅𝑅𝐸𝑄 packet based on the Euclidean distance metric (𝑑𝑖𝑠𝑡(𝑛, 𝑚)). This helps in minimizing latency and 

reducing the chance of packet loss during propagation illustrated in Eq.(26). 

 

𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝑛) = 𝑎𝑟𝑔𝑚𝑖𝑛𝑚∈𝑁𝑟𝑒𝑎𝑐ℎ𝑎𝑏𝑙𝑒
𝑑𝑖𝑠𝑡(𝑛, 𝑚)                                                  (26) 

 

In Proactive Route Table Maintenance, the route table of each node is periodically updated (𝑇𝑢𝑝𝑑𝑎𝑡𝑒) by adding a 

small-time increment 𝛥𝑡 to the current timestamp 𝑇𝑐𝑢𝑟𝑟(𝑛). This proactive update ensures that route information remains 

fresh and reduces the likelihood of stale routes expressed in Eq.(27). 

 

𝑇𝑢𝑝𝑑𝑎𝑡𝑒(𝑛) = 𝑇𝑐𝑢𝑟𝑟(𝑛) + ∆𝑡                                                                  (27) 

 

Route Request Forwarding Probability is the probability of forwarding a Route Request (𝑅𝑅𝐸𝑄) packet by node 𝑛 

is determined based on the available bandwidth 𝐵𝑊(𝑛) at node 𝑛 relative to the total available bandwidth among its 

reachable neighbors. This helps in load balancing and avoids congestion in the network is mathematically expressed in 

Eq(28). 

 

𝑃𝑓𝑤𝑑(𝑛) =
𝐵𝑊(𝑛)

∑ 𝐵𝑊(𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝑛))𝑁
𝑖=1

                                                                 (28) 

 

Adaptive Threshold Adjustment is the threshold for initiating route discovery is adaptively adjusted based on the 

distance between the source node 𝑆 and the destination node 𝐷. Closer destinations have lower thresholds, encouraging 

more proactive route discovery, while distant destinations have higher thresholds to conserve network resources is shown 

in Eq.(29). 

 

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 =  𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑚𝑖𝑛 +
𝑑𝑖𝑠𝑡(𝑆,𝐷)

𝑑𝑖𝑠𝑡𝑚𝑎𝑥
× (𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑚𝑎𝑥 − 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑚𝑖𝑛)                        (29) 

 

By incorporating a Hybrid Route Discovery Mechanism in EAODV, the protocol achieves a balance between 

reactive and proactive strategies, resulting in efficient and reliable route establishment in dynamic ad hoc networks.  

B.  Dynamic Route Maintenance Strategy 

This phase sustains route reliability in mobile ad-hoc networks. It actively monitors and adjusts route parameters in 

response to variations in link quality, node mobility, and traffic load. Route Stability shown in Eq.(30), the stability of 

each route 𝑖 is calculated based on its age and a predefined threshold 𝜇𝐴𝑔𝑒 . Older routes tend to have lower stability values, 

indicating potential degradation over time. 

 

𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖 =
1

1+𝑒
−𝛽∙(𝐴𝑔𝑒𝑖−𝜇𝐴𝑔𝑒)

                                                                  (30) 

 

The load on each route 𝑖 is determined by the ratio of packets forwarded to the total packets transmitted. Higher 

loads may indicate congestion or increased traffic on the route represented in Eq.(31). 

 

𝐿𝑜𝑎𝑑𝑖 =
𝑃𝑎𝑐𝑘𝑒𝑡𝑠𝐹𝑜𝑟𝑤𝑎𝑟𝑑𝑒𝑑𝑖

𝑇𝑜𝑡𝑎𝑙𝑃𝑎𝑐𝑘𝑒𝑡𝑠𝑖
                                                                    (31) 

 

Route quality 𝑖 is assessed based on factors such as delay and a predefined threshold 𝜇𝐷𝑒𝑙𝑎𝑦. Lower delay values 

and higher quality indicate better route performance which is expressed mathematically in Eq.(32). 

 

𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖 =
1

1+𝑒
−𝛾∙(𝐷𝑒𝑙𝑎𝑦𝑖−𝜇𝐷𝑒𝑙𝑎𝑦)

                                                              (32) 



Bacterial Foraging Inspired Mamdani Fuzzy Inference based AODV (BF-MFI-AODV) for  

VANET Route Management Optimization 

Volume 18 (2026), Issue 1                                                                                                                                                                       107 

The route maintenance threshold Thresholdi is computed as a weighted sum of route stability, load, and quality 

parameters. Routes with threshold values below a predefined threshold are considered for maintenance mathematically 

represented in Eq.(33). 

 

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑖 = 𝛼 ∙ 𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖 + 𝛽 ∙ 𝐿𝑜𝑎𝑑𝑖 + 𝛾 ∙ 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖                                         (33) 

 

If the computed 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑖  for a route falls below a predefined threshold 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑_𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑,  the route 

parameters are updated accordingly to improve stability, load balancing, and quality represented as pseudocode in Rule 

2. 

Rule 2. Route Update Mechanism 

𝑖𝑓 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑𝑖 < 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑_𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

Then Update Route Parameters 

 

By implementing a Dynamic Route Maintenance Strategy, the protocol ensures that routes are continuously 

monitored and adjusted to maintain optimal performance in dynamic network conditions. 

C.  Fuzzy Inference for Route Stability 

FIS to assess the stability of discovered routes. By utilizing fuzzy logic, the protocol can make informed decisions 

regarding the stability of routes, thereby enhancing the reliability and efficiency of route selection. It takes three inputs 

(𝐼𝑝) Link Quality, Node Mobility, and Traffic Load, which are crucial factors influencing route stability. Link Quality 

(LQ) represents the reliability of the communication link, Node Mobility (NM) reflects the movement patterns of nodes, 

and Traffic Load (TL) indicates the amount of data traffic on the route represented in Eq.(34). 

 

𝐼𝑝 = LQ, NM, TL                                                                           (34) 

 

Then define fuzzy membership functions (𝑀𝑓) for each input variable to represent their linguistic values (e.g., Low, 

Medium, High). These membership functions partition the input space into fuzzy sets and determine the degree of 

membership of each input value in these sets are represented mathematically in Eq.(35). 

 

𝑀𝑓 = 𝜇𝐿𝑄(𝑥),𝜇𝑁𝑀(𝑦),𝜇𝑇𝐿(𝑧),                                                                    (35) 

  

The Fuzzy Rule Base contains rules linking input variables to output, encoding expert knowledge on route stability. 

Each rule includes antecedents (conditions) and consequents (actions), structured as shown in the pseudocode in Rule 3. 

Rule 3. Base 

IF(LQ is A) AND (NM is B) AND (TL is C)  

THEN 

Route Stability is D 

 

The Fuzzy Inference Engine processes fuzzy rules to assess overall route stability. It computes rule activation levels 

based on input memberships, then applies weighted averaging to combine outputs, as expressed in Eq.(36). 

 

𝑅𝑜𝑢𝑡𝑒𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
∑ 𝑤𝑒𝑖𝑔ℎ𝑡𝑖×𝑐𝑜𝑛𝑠𝑒𝑞𝑢𝑒𝑛𝑡𝑖

𝑁
𝑖=1

∑ 𝑤𝑒𝑖𝑔ℎ𝑡𝑖
𝑁
𝑖=1

                                                       (36) 

 

Defuzzification converts the fuzzy output for Route Stability into a single crisp value. This value reflects the overall 

stability based on aggregated inference results, typically using centroid or weighted average methods, as shown in Eq.(37). 

 

𝐷𝑒𝑓𝑢𝑧𝑧𝑖𝑓𝑖𝑒𝑑𝑂𝑢𝑡𝑝𝑢𝑡 =
∑(𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝×𝑂𝑢𝑡𝑝𝑢𝑡)

∑ 𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝
                                                    (37) 

 

D.  Bacterial Foraging for Route Repair 

In this phase BFO algorithm to facilitate route repair in case of broken links or route failures. BFO, inspired by the 

foraging behavior of bacteria, is utilized to efficiently explore and identify alternative routes for repair by following 

certain steps. Define an objective function 𝐽(𝑥) that evaluates the cost of traversing a potential route 𝑥 for repair. The cost 

function considers factors such as distance, link quality, and traffic load along the route shown in Eq.(38). 

 

𝐽(𝑥) = ∑ 𝐶𝑜𝑠𝑡(𝑥𝑖)
𝑁
𝑖=1                                                                         (38) 
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Chemotactic movement to guide the search for alternative routes. Here, 𝑥𝑛𝑒𝑤  represents the new potential route, 𝑥𝑜𝑙𝑑 

is the current route, 𝛿 is the step size, and ∇𝐽(𝑥𝑜𝑙𝑑) is the gradient of the objective function illustrated in Eq.(39). 

 

𝑥𝑛𝑒𝑤 =  𝑥𝑜𝑙𝑑 + 𝛿 ×
∇𝐽(𝑥𝑜𝑙𝑑)

‖∇𝐽(𝑥𝑜𝑙𝑑)‖
                                                                 (39) 

 

Swarm Propulsion is Bacterial swarm members adjust their velocities 𝑣𝑖 towards the best-known route 𝑥𝑏𝑒𝑠𝑡  while 

incorporating random perturbations ∈𝑖. The parameter 𝛽 controls the magnitude of movement towards the best route is 

mathematically represented in Eq.(40). 

 

𝑣𝑖(𝑡 + 1) = 𝑣𝑖(𝑡) + 𝛽 × (𝑥𝑏𝑒𝑠𝑡(𝑡) − 𝑥𝑖(𝑡) +∈𝑖 (𝑡))                                              (40) 

 

Chemotactic Tumbling, after adjusting velocities, bacteria tumble to update their positions 𝑥𝑖 in the search space. 

This tumbling introduces stochasticity and helps in exploring a diverse set of potential routes for repair illustrated in 

Eq.(41). 

 

𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡 + 1)                                                                  (41) 

 

Repulsive Forces to prevent bacteria from colliding with obstacles or congested regions in the network. where 𝑘 is 

a constant and 𝑑𝑖 represents the distance of bacteria 𝑖 from obstacles represented in Eq.(42). 

 

𝐹𝑟𝑒𝑝𝑢𝑙𝑠𝑖𝑣𝑒 = 𝑘 ×
1

𝑑𝑖
                                                                          (42) 

 

E.  Adaptive Route Expiration 

This adaptive approach ensures that routes are maintained efficiently, with expiration times tailored to the current 

network conditions. In Route Expiration Adjustment, the expiration time 𝑇𝑒𝑥𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛 of a route is adjusted based on its 

stability and usage. where 𝑇𝑚𝑖𝑛 is the minimum expiration time, 𝛼 is a scaling factor, 𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 represents the stability of 

the route, and 𝑈𝑠𝑎𝑔𝑒 denotes the current usage of the route. 𝑀𝑎𝑥 𝑈𝑠𝑎𝑔𝑒 is the maximum allowed usage of the route 

shown in Eq.(43). 

 

𝑇𝑒𝑥𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑇𝑚𝑖𝑛 + 𝛼 ×
1

𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦
×

𝑈𝑠𝑎𝑔𝑒

𝑀𝑎𝑥𝑈𝑠𝑎𝑔𝑒
                                                    (43) 

 

Route stability is determined by averaging the 𝐿𝑖𝑛𝑘𝑄𝑢𝑎𝑙𝑖𝑡𝑦 and 𝑁𝑜𝑑𝑒𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦 along the route. Higher values indicate 

greater stability, ensuring that stable routes have longer expiration times expressed in Eq.(44). 

 

𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =  
𝐿𝑖𝑛𝑘𝑄𝑢𝑎𝑙𝑖𝑡𝑦+𝑁𝑜𝑑𝑒𝑀𝑜𝑏𝑖𝑙𝑖𝑡𝑦

2
                                                            (44) 

 

The usage of a route is calculated as the ratio of packets forwarded by the route to the total number of packets 

transmitted in the network. This metric reflects the current load on the route and helps in adjusting expiration times 

accordingly shown in Eq.(45). 

 

𝑈𝑠𝑎𝑔𝑒 =
𝑃𝑎𝑐𝑘𝑒𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑃𝑎𝑐𝑘𝑒𝑡𝑠
                                                                      (45) 

 

The adaptive adjustment factor 𝛼 determines the range of expiration time adjustments based on route usage. It 

ensures that expiration times are dynamically adjusted within a specified range to maintain network efficiency which is 

expressed in Eq.(46). 

 

𝛼 =
𝑇𝑚𝑎𝑥−𝑇𝑚𝑖𝑛

max _𝑢𝑠𝑎𝑔𝑒 
                                                                               (46) 

 

The expiration time of a route is updated at each time step 𝑡 based on the elapsed time 𝛥𝑡 and a decay factor 𝛽. This 

ensures that route expiration times decrease gradually over time, reflecting changes in network conditions which is 

expressed mathematically in Eq.(47). 

 

𝑇𝑒𝑥𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛(𝑡 + 1) =  𝑇𝑒𝑥𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛(𝑡) − 𝛽 × ∆𝑡                                                    (47) 
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F.  Fuzzy Decision Making for Route Deletion 

Fuzzy Decision Making for Route Deletion is aimed at dynamically determining which routes to remove from the 

routing table based on various fuzzy criteria. This step enhances the efficiency of the routing protocol by ensuring that 

only the least desirable routes are eliminated, thereby optimizing network resources. The decision score 𝐷𝑖  for each route 

𝑖 is calculated based on the fuzzy membership values of its 𝑎𝑔𝑒, 𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦, and 𝑙𝑜𝑎𝑑. Routes with lower decision scores 

are considered for deletion, while those with higher scores are retained is shown in Eq.(48). 

 

𝐷𝑖 =
𝜇𝑎𝑔𝑒(𝑖)×𝜇𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑖)×𝜇𝑙𝑜𝑎𝑑(𝑖)

∑ 𝜇𝑎𝑔𝑒(𝑗)×𝜇𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑗)×𝜇𝑙𝑜𝑎𝑑(𝑗)𝑁
𝑗=1

                                                            (48) 

 

The membership function for age 𝜇𝑎𝑔𝑒  measures how old a route is. Older routes tend to have lower membership 

values, indicating a higher likelihood of deletion is mathematically represented in Eq.(49). 

 

𝜇𝑎𝑔𝑒(𝑖) =  
1

1+𝑒−𝛽×(𝑎𝑔𝑒(𝑖)−𝜇𝑎𝑔𝑒)
                                                                   (49) 

 

The stability membership function 𝜇𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦  quantifies the stability of a route. Routes with lower stability values 

have higher membership values, indicating a higher likelihood of deletion illustrated in Eq.(50). 

 

𝜇𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑖) =
𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑖)−𝑚𝑖𝑛(𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦)

𝑚𝑎𝑥(𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦)−𝑚𝑖𝑛(𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦)
                                                          (50) 

 

The load membership function 𝜇𝐿𝑜𝑎𝑑(𝑖)  evaluates the load on a route. Routes with higher loads have lower 

membership values, suggesting a higher likelihood of deletion as shown in Eq.(51). 

 

𝜇𝐿𝑜𝑎𝑑(𝑖) =
𝐿𝑜𝑎𝑑(𝑖)−𝑚𝑖𝑛(𝐿𝑜𝑎𝑑)

𝑚𝑎𝑥(𝐿𝑜𝑎𝑑)−𝑚𝑖𝑛(𝐿𝑜𝑎𝑑)
                                                                 (51) 

 

A 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is defined to determine which routes are eligible for deletion. Routes with decision scores below this 

threshold are marked for deletion, ensuring that only routes with sufficiently low desirability are removed which is 

expressed mathematically in Eq.(52). 

 

𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝑚𝑖𝑛(𝐷𝑖) + 𝛼 × (𝑚𝑎𝑥(𝐷𝑖) − 𝑚𝑖𝑛(𝐷𝑖))                                              (52) 

 

The proposed BF-MFIS-AODV protocol is explained in Algorithm 1. 

Algorithm 1. BF-MFIS-AODV 

procedure BF_MFIS_AODV(N, L, Tmax) 

      FIS ← InitFIS(); B ← InitBFO() 

      R ← GenRules(FIS) 

      for t ← 1 to Tmax do 

          for each b ∈ B do 

              Fit ← Evaluate(Fuzzify(b), R) 

              b ← Move(b, Fit) 

          end for 

          R ← TuneRules(B) 

         D ← Defuzzify(R) 

         if RREQ then Route ← Discover(N, D) 

         if LinkFail then Route ← Repair(B) 

         Refresh(Route); Prune(Route) 

     end for 

     return Routes 

 end procedure 

4.  Simulation and Results 

Simulation enables the evaluation of real-world systems through simplified, computer-based models under 

controlled conditions. For this study, NS3 (Network Simulator 3) is employed as the simulation platform. NS3 is an 

open-source, discrete-event network simulator widely used for modeling and analyzing communication protocols across 

wired, wireless, and mobile networks. It supports the development of custom network topologies and detailed 
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performance analysis, making it well-suited for testing routing protocols in dynamic VANET environments. The Metric 

and its setting values were exhibited in Table 2. 

Table 2. Simulation settings 

Setting/Metric Value/Description 

Network Size 70 nodes 

Simulation Time 100 seconds 

Mobility Model Random Walk 2D Mobility Model 

Application Layer Data generation and transmission applications 

Network Boundary 850m x 850m 

Rate of Data Transmission 21 kbps 

Initial Energy per Node 1 J 

Idle State Power 164 mW 

MAC Protocol IEEE 802.11p 

Nodes Count 500 

Sink Count ≥4 

Runtime 300 seconds 

Size of Packet 78 bytes 

4.1.  Packet Delivery Ratio Analysis 

Packet Delivery Ratio (PDR) measures the percentage of successfully delivered data packets relative to the total sent, 

reflecting network transmission efficiency. Fig.1 compares the PDR performance of ADR, CLR, and BF-MFI-AODV 

across various node counts. On average, ADR achieves 46.939%, CLR records 56.317%, while BF-MFI-AODV leads 

with 67.792%. The lower PDR in ADR stems from routing overhead and complexity, while CLR suffers from layering 

conflicts. BF-MFI-AODV’s higher delivery rate reflects its adaptive routing capabilities under dynamic VANET 

conditions. Table 3 exhibits the PDR outcome. 

 

 

Fig.1. Packet delivery ratio 

Table 3. Packet delivery ratio 

Nodes ADR CLR BF-MFI-AODV 

50 58.34 65.06 75.34 

100 56.18 62.74 72.89 

150 53.71 59.78 71.8 

200 52.98 59.11 69.97 

250 51.18 58.17 67.91 

300 45.60 56.20 66.63 

350 40.91 54.10 65.51 

400 39.28 51.29 63.72 

450 37.12 49.31 62.96 

500 34.09 47.41 61.19 

Average 46.93 56.31 67.79 
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BF-MFI-AODV achieves higher PDR by adaptively adjusting routes using real-time inputs through Mamdani fuzzy 

inference and Bacterial Foraging Optimization. Its responsiveness to dynamic conditions enhances routing decisions and 

ensures robust packet delivery. The average PDR values, derived from multiple node scenarios, quantitatively confirm its 

superiority over ADR and CLR. Fig.1 highlights this performance gap, underscoring the effectiveness of integrating 

optimization and adaptive strategies for reliable communication in VANETs. 

4.2.  Packet Drop Ratio Analysis 

Packet Drop Ratio (PDrR) quantifies the percentage of packets lost during transmission, indicating network 

reliability. Fig.2 compares ADR, CLR, and BF-MFI-AODV across various node counts. On average, ADR records 

53.061%, CLR 43.683%, and BF-MFI-AODV the lowest at 32.208%. The high drop ratios in ADR and CLR stem from 

routing instability and design complexity. BF-MFI-AODV’s lower packet loss reflects its adaptive route management and 

optimized decision-making under dynamic VANET conditions. Table 4 exhibits the PDrR outcome. 

Table 4. Packet drop ratio 

Nodes ADR CLR BF-MFI-AODV 

50 41.66 34.94 24.66 

100 43.82 37.26 27.11 

150 46.29 40.22 28.20 

200 47.02 40.89 30.03 

250 48.82 41.83 32.09 

300 54.40 43.80 33.37 

350 59.09 45.90 34.49 

400 60.72 48.71 36.28 

450 62.88 50.69 37.04 

500 65.91 52.59 38.81 

Average 53.061 43.683 32.208 

 

BF-MFI-AODV achieves the lowest average packet drop ratio of 32.208% by making adaptive routing decisions 

using Mamdani fuzzy inference and Bacterial Foraging Optimization. Its ability to interpret real-time network states 

reduces packet loss and enhances reliability. Fig.2 and the corresponding average values confirm BF-MFI-AODV's 

effectiveness over ADR and CLR. These results highlight the benefit of combining optimization and intelligent decision-

making to mitigate drop rates in dynamic VANET environments. 

 

 

Fig.2. Packet drop ratio 

4.3.  Energy Consumption 

Energy consumption quantifies the electrical power used by networking devices during data transmission and 

processing. Fig.3 compares energy usage across ADR, CLR, and BF-MFI-AODV under different node counts. ADR 

shows an average energy usage of 84.2277%, CLR at 69.3055%, while BF-MFI-AODV reports the lowest at 44.8056%. 

ADR's high energy demand stems from increased control overhead during frequent route updates. CLR’s protocol 

interdependencies require extensive inter-layer communication, elevating processing energy. BF-MFI-AODV achieves 

superior efficiency by tuning routing behavior through Mamdani fuzzy inference and Bacterial Foraging Optimization, 

dynamically adapting to network states to reduce energy usage. These adaptive mechanisms ensure efficient transmission 

and support extended network lifetime.
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Fig.3. Energy consumption 

The average values reflect cumulative measurements across node variations, confirming BF-MFI-AODV’s 

effectiveness. Fig.3 highlights its dominance in energy efficiency, validating the protocol’s suitability for energy-

constrained VANET environments. Table 5 exhibits the Energy Consumption outcome. 

Table 5. Energy consumption 

 ADR CLR BF-MFI-AODV 

50 75.867 59.787 38.184 

100 76.961 61.366 38.703 

150 79.216 63.826 39.359 

200 82.484 64.458 40.342 

250 83.530 65.000 42.485 

300 85.697 72.518 47.688 

350 87.833 73.133 49.006 

400 88.989 75.402 49.320 

450 89.926 77.666 51.102 

500 91.774 79.899 51.867 

Average 84.2277 69.3055 44.8056 

 

4.4.  Network Lifetime Analysis 

Network lifetime measures how long a network remains operational before node energy depletion. Fig.4 compares 

ADR, CLR, and BF-MFI-AODV across node counts. ADR shows the shortest average lifetime (19.301 units), CLR 

improves slightly (41.395 units), while BF-MFI-AODV leads with 64.338 units. ADR’s poor resource use and CLR’s 

standardization issues reduce longevity. BF-MFI-AODV integrates bacterial foraging optimization and Mamdani fuzzy 

inference to optimize routing paths and resource distribution, extending operational time. Its adaptability ensures minimal 

energy waste and prolonged network use.  

Table 6. Network lifetime 

 ADR CLR BF-MFI-AODV 

50 28.77 56.58 70.85 

100 27.72 55.60 70.47 

150 24.20 51.61 68.78 

200 21.19 49.67 68.03 

250 19.85 41.49 66.97 

300 18.73 34.13 66.68 

350 14.63 32.49 60.05 

400 13.81 31.81 58.99 

450 13.12 30.33 57.73 

500 10.99 30.24 54.79 

Average 19.301 41.395 64.338 
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The data confirms BF-MFI-AODV's capacity to enhance sustainability in dynamic VANET environments. It records 

67.79% PDR (vs. 61.28% and 64.12%), 6403.7 ms delay (vs. 7210.5 ms and 6898.6 ms), and 44.80% energy use (vs. 

51.72% and 48.35%). This hybrid strategy delivers superior reliability, efficiency, and endurance, outperforming fuzzy-

AODV and BFO-AODV on all metrics. Table 6 exhibits the Network Lifetime outcome. 

 

 

Fig.4. Network lifetime 

5.  Conclusions 

BF-MFI-AODV routing protocol in the context of VANETs. Through extensive performance analysis, it is evident 

that the integration of MFIS and BFO techniques significantly enhances the routing efficiency and reliability of the AODV 

protocol. The proposed protocol, BF-MFI-AODV, demonstrates superior performance in terms of packet delivery ratio, 

packet drop ratio, throughput, delay, energy consumption, and network lifetime compared to conventional AODV and 

other contemporary routing algorithms. BF-MFI-AODV adapts dynamically to changing network conditions, leveraging 

bio-inspired optimization techniques to optimize routing decisions and resource allocation. By incorporating fuzzy 

inference for route stability, dynamic route maintenance, and fuzzy decision-making for route deletion, BF-MFI-AODV 

achieves robust and efficient routing in VANET scenarios. The findings underscore the transformative potential of bio-

inspired optimization techniques and intelligent decision-making mechanisms in enhancing the performance and 

reliability of routing protocols in dynamic and resource-constrained environments like VANETs. Future research may 

explore further optimization strategies and real-world implementations to validate the efficacy of BF-MFI-AODV in 

practical scenarios. 
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