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 Abstract 

Vehicle Routing Problem (VRP) variants and modifications are significant problems in combinatorial 

programming and logistics. They relate to efficient and optimal transport routing for customer demand 

fulfillment while monitoring operational costs. Traditional methods have been exact algorithms, heuristics, 

and metaheuristics; however, it has yet to be known to cater to the scalability, computational, efficiency, and 

adaptability challenges posed by dynamic and large-scale VRPs. Recent advances have shown enormous 

promise in combining this with learning approaches in hybrid forms: ML and metaheuristic and optimization 

techniques to overcome them. Such hybrid approaches now promise even better quality solutions, 

computational speeds, and real-world applicability for two actual ML methods: deep reinforcement learning 

and meta-learning. The present study surveys the current state of the art of hybrid methods applying to VRPs 

to find strengths, weaknesses, and directions that future research could intensify to enhance efficiency, 

scalability, and applicability to transportation and logistics systems. 

Keywords: Hybrid Approaches; Machine Learning; Metaheuristics; Vehicle Routing Problems; 

Optimization 

1. Introduction 

The Vehicle Routing Problem is practically the lifeblood of logistics and transportation- a route-finding 

scheme for vehicles to service customer demands while minimizing the cos.P is among the central challenges. 

However, in today's world, where these problems face stiff resistance from traditional techniques with 

flawless designs due to their limits in terms of scalability and adaptability, hybrid approaches emerging from 

the combination of machine learning and optimization techniques have proved as the up-and-coming 

solutions to the challenges posed by the modern dynamic scenarios of VRP. 

1.1 The Vehicle Routing Problem: An Ongoing Challenge 

The Vehicle Routing Problem (VRP) is a well-known combinatorial optimization problem whose primary 

goal is to establish the best routes for a fleet of vehicles visiting a given number of geographically dispersed 

customers. This can also contain the objective redefined in terms of its desirability, such as minimizing the 

total number of trips made, the distance traveled, time taken, or the amount of fuel used, within the context 

of constraints including the vehicle's capacity, delivery time windows and services. In particular, over time, 

the initial solution of VRP has been developed into several variants, such as Capacitance VRP (CVRP), VRP 

with Time Windows (VRPTW), and Heterogeneous VRP (HVRP), which captures many practical 

predicaments of logistics and transportation. Continuing real-world complications and concerns like freight 

deliveries within built-up areas, last-mile delivery, and supply chain management have increased the need 
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for VRP solutions that can handle complexities at scale. Current transportation systems demand techniques 

for solving problems with large problem instances, responsiveness to real-time change and operations that 

address many constraints [1], [2]. 

1.2 Limitations of Traditional Approaches 

Earlier approaches for solving VRPs are categorized by exact algorithms followed by heuristics and 

metaheuristics. Branch-and-bound or branch-and-cut approaches always deliver the optimal point but fail for 

large-sized problems because of exponential time complexity. Simple approaches like savings algorithms 

and different nearest-neighbor methods allow us to achieve faster results but will be far from optimal in most 

cases. Heuristics has been enhanced by meta-heuristics such as GA, SA, and TS. Nevertheless, metaheuristic 

algorithms face challenges as well. For example, they pose challenges such as slow convergence, lack of 

scalability, and the poor ability to respond to dynamic conditions in a real-world setting, such as traffic jams 

or fluctuating customer patronage. Such limitations underpin the call for methods that can generate solutions 

effectively and accurately, particularly for large, dynamic, stochastic VRPs of practical transportation 

environments [3], [4]. 

1.3 The Rise of Hybrid Techniques 

Hybrid techniques have come about to ameliorate the deficiencies of traditional ones. For example, 

researchers have turned more toward hybrid machine learning (ML) and optimization methods. Hybrid 

approaches are combined to capture the best from both paradigms: adaptability and learning capabilities from 

ML and search efficiency from metaheuristic or heuristic algorithms. There have been capabilities amply 

demonstrated by machine learning models, intense learning and reinforcement learning (RL) in attempting 

to train a model that can process large-scale data, recognize hidden patterns, and predict routing strategies in 

complex environments. When traditional or so-called optimal techniques are integrated with machine 

learning techniques, model drawing enhances solution quality, reduces computation time, and provides the 

added benefit of dynamic adaptability for changes in the problem space. In addition, hybrid techniques allow 

for a better generalization to any version of a VRP, from ones that require heterogeneous fleets doing the 

work to clustered customers or simultaneous pickup-and-delivery requirements. The combination of intensity 

of data-driven insight with algorithmic granularity has changed significantly in VRP research and 

applications [5], [6]. 

1.4 Machine Learning and Reinforcement Learning: Essential Enablers 

Machine learning, particularly reinforcement learning (RL), has emerged today as a robust tool for optimizing 

dynamic real-time vehicular routing processes VRPs-much owing to its superior handling of dynamic 

decision processes. In RL-based models, the agent learns to optimize its routes by interacting iteratively with 

an environment while receiving rewards for its learned behavior. Incorporating deep neural networks to 

model complicated relationships and decision policies has strengthened the capability of DRL. Attention 

mechanisms allow the DRL models to focus on critical nodes in large graphs, improving efficiency [7], [8]. 

1.5 Scope and Objectives of the Review 

The primary goal of this review is to present a comprehensive analysis of the application of machine learning 

and metaheuristics in solving Vehicle Routing Problems. That includes the recent advancements in this area 

and the underlying techniques and performance across various VRP variants. This review also emphasizes 

the advantages of such hybrid approaches, e.g., the capacity to quickly deliver high-quality solutions adapted 

to the realities of the world today. Nevertheless, it highlights challenges, such as ensuring scalability, 

generalization on different problem instances, and handling complex real-world constraints such as traffic, 

fleet heterogeneity, and delivery uncertainties. An analysis of current trends and open research areas is 

expected to provide insight into future systems for researchers and practitioners. Ultimately, strategies 

involving hybrids would be the most relevant in ensuring an efficient, scalable, flexible solution to VRPs 

meeting the demands of modern logistics and transportation systems. 

This entails a heftier Introduction section, which now carries with it a broad understanding of the background 

and limitations of the more traditional methods, as well as all the demographic transformation hybrid 

techniques may assume due to involving machine learning and optimization. Let me know if any further 

refinements or more sections are required! 

2. Literature Review 
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The Vehicle Routing Problem (VRP) and many of its offshoots have been an area of considerable interest in 

combinatorial optimization and operation research. As transportation systems become more intricate 

nowadays, exact methods such as algorithms, heuristics, and metaheuristics have drawbacks in scalability, 

time optimization, and flexibility to deal with the actual issues. Consequently, novel machine learning, deep 

reinforcement learning, and hybrid metaheuristic approaches introduced new opportunities to overcome these 

challenges and provide potential solutions for dynamic, stochastic, and large-scale VRPs. Integrating 

machine learning with optimization techniques has led to improved solution quality, speed and flexibility to 

accommodate constraints and problem characteristics. This literature review aims to review the VRP 

literature based on state-of-the-art solution methodologies, their strengths, weaknesses, and scope for further 

research to solve VRPs. 

As detailed in the paper [9], different Vehicle Routing Problem variants (VRP) variants have been studied 

extensively. While state-of-the-art methods based on local search have shown promise, they need help with 

slow running times and suboptimal solution quality for large problem instances. To address these limitations, 

the authors propose a novel deep reinforcement learning (DRL) model comprising an actor utilizing an 

attention mechanism for generating routing strategies, an adaptive critic to dynamically modify the network 

structure for faster convergence and improved solution quality, and a routing simulator to provide graph data 

and rewards. Furthermore, they integrate this DRL model with a local search method, using the DRL output 

as an initial solution to enhance outcomes. Experimental results on datasets with 20, 50, and 100 customer 

points reveal that the DRL model surpasses traditional construction algorithms and earlier DRL approaches, 

delivering 5- to 40-fold speedups. Combining the DRL model with local search methods yields superior 

solutions with enhanced generation speed. 

In the research presented in [10], a practical heterogeneous vehicle routing problem is addressed, involving 

routing a predefined fleet with varying vehicle capacities to minimize the maximum routing time. The study 

highlights the complexities of modeling and solving such problems due to the diverse vehicle characteristics. 

A mixed-integer linear programming (MILP) model is formulated to achieve optimal solutions for small-

scale scenarios. To tackle large-scale problems, the study introduces a reinforcement learning-based hyper-

heuristic approach that employs meta-heuristics as low-level heuristics and policy-based reinforcement 

learning for high-level strategy selection. Deep learning techniques are further utilized to uncover hidden 

data patterns, enabling better integration of the low-level heuristics' strengths. Numerical experiments 

demonstrate that the proposed algorithm surpasses the MILP model in handling large-scale problems and 

outperforms existing meta-heuristic approaches. 

As outlined in [11], a method for solving vehicle routing problems with time windows is proposed using 

meta-learning to select suitable meta-heuristics. While existing meta-heuristics achieve good results for 

specific problem instances, none performs consistently across all cases. The study introduces two meta-

feature sets: one based on basic instance properties and another on the number of feasible solutions identified 

by perturbative heuristics through a greedy process. A multilayer perceptron classifier, combined with a 

wrapper-based meta-feature selection method, predicts the optimal meta-heuristic for each instance. 

Experimental results demonstrate significant performance improvements compared to established meta-

heuristics, emphasizing the value of storing, sharing, and leveraging solutions from diverse scenarios to 

predict effective solvers for new problem instances. 

The research presented in [12] explores the Clustered Vehicle Routing Problem (CLUVRP), a variant of the 

Capacitated Vehicle Routing Problem where customers are grouped into clusters. The study introduces two 

hybrid metaheuristic algorithms to address the problem. The first is an Iterated Local Search algorithm 

focusing exclusively on feasible solutions and employing problem-specific local search moves. The second 

is a hybrid genetic search method, which precomputes the shortest Hamiltonian path between vertex pairs 

within each cluster and uses this data to represent solutions as sequences of clusters. Large neighborhoods 

are effectively explored using bi-directional dynamic programming, sequence concatenation, and efficient 

data structures. Extensive computational experiments on benchmark and large-scale instances provide 

insights and recommendations on algorithm selection based on average cluster size. 

As outlined in [13], the Vehicle Routing Problem with Simultaneous Pickup and Delivery (VRPSPD) is 

extended to include a heterogeneous fleet of vehicles, addressing practical scenarios where different vehicle 

types are available for operations. This extension termed the Heterogeneous Vehicle Routing Problem with 

Simultaneous Pickup and Delivery (HVRPSPD), is considered NP-hard due to its generalization of the 
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classical VRP. To solve this problem, a hybrid local search algorithm is proposed, incorporating a non-

monotone threshold adjusting strategy with tabu search. The algorithm features an adaptive self-tuning 

threshold function that eliminates the need for parameter adjustments, except for the tabu list length. Tested 

on randomly generated problem instances, the algorithm can generate efficient and effective solutions. 

In the analysis conducted in [14], electric vehicles (EVs) are explored as a solution for reducing 

environmental pollution and global warming in urban freight logistics. Despite their benefits, challenges in 

routing for last-mile logistics persist, affecting social and economic sustainability. The study introduces a 

new hyper-heuristic framework called Hyper-heuristic Adaptive Simulated Annealing with Reinforcement 

Learning (HHASA) to deal with this. This method proposes combining a multi-armed bandit technique with 

a self-adaptor to solve the Capacitated Electric Vehicle Routing Problem (CEVRP), which accounts for the 

limited charging station availability and travel range of EVs. The HHASA approach improves multiple 

minimum best-known solutions and achieves superior mean values for several high-dimensional instances, 

as tested on benchmarks from the IEEE WCCI2020 competition. 

As detailed in the paper [15], advancements in telematics, including widespread positioning services and 

mobile communication technologies, have enabled precise vehicle monitoring, forming the foundation for 

automatic real-time fleet management systems. These systems rely on optimization algorithms that integrate 

historical data, stochastic modeling, machine learning, fast shortest-path computation, heuristic construction, 

and hybrid metaheuristic optimization methods. The study explores the use of hybrid metaheuristics to solve 

dynamic and stochastic vehicle routing problems, emphasizing their ability to address complex, large-scale, 

real-world scenarios by combining techniques from computer science and mathematical optimization. The 

work comprehensively reviews classical algorithms, focuses on hybrid metaheuristics for dynamic and 

stochastic problems, and examines their integration. The chapter highlights future developments and open 

research areas in the field. 

As discussed in [16], the Vehicle Routing Problem (VRP) remains a significant focus of combinatorial 

optimization research, with numerous models and algorithms proposed to address its complexities. To 

manage the uncertainties and dynamics of real-world VRP applications, Machine Learning (ML) methods 

have been increasingly integrated with analytical approaches to enhance both problem formulations and 

algorithmic performance. This paper provides a comprehensive review of hybrid methodologies combining 

ML tools with analytical techniques for VRP, categorizing them into two emerging streams: ML-assisted 

VRP modeling and ML-assisted VRP optimization. The findings highlight the potential of ML to improve 

VRP modeling and enhance algorithm performance for both online and offline optimization scenarios. 

Challenges and promising future research directions in the field are also identified. 

As detailed in the paper [17], various Vehicle Routing Problem (VRP) variants have been extensively studied, 

with local search-based state-of-the-art methods offering promising results but needing help with slow 

computation and suboptimal solutions for large problem sizes. To address these challenges, a novel deep 

reinforcement learning (DRL) model is proposed, comprising an actor utilizing attention mechanisms to 

generate routing strategies, an adaptive critic to dynamically adjust the network structure for faster 

convergence and improved solution quality, and a routing simulator to provide graph information and 

rewards. The DRL model is combined with a local search method, using the DRL output as an initial solution 

to enhance results. Experimental evaluation on datasets with 20, 50, and 100 customer points demonstrates 

that the DRL model significantly outperforms construction algorithms and earlier DRL methods, achieving 

a 5- to 40-fold speedup. Integrating the DRL model with local search yields superior solutions at faster 

generation speeds than other initial solutions. 

The publication identified as [18] explores a practical heterogeneous vehicle routing problem, where a 

predefined fleet with varying vehicle capacities is routed to minimize the maximum vehicle routing time. 

The study highlights the challenges in modeling and solving the problem due to the diverse fleet composition. 

A mixed-integer linear programming (MILP) model is formulated to obtain optimal solutions for small-scale 

instances. To address large-scale problems, a reinforcement learning-based hyper-heuristic is developed, 

integrating multiple meta-heuristics as low-level heuristics and policy-based reinforcement learning as the 

high-level strategy for selection. Deep learning is employed to uncover hidden patterns in the data, enhancing 

the combined performance of the low-level heuristics. Numerical experiments demonstrate that the proposed 

approach surpasses the MILP solutions for large-scale problems and outperforms existing meta-heuristic 

algorithms. 
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In the article denoted as [19], the Clustered Vehicle Routing Problem (CluVRP), a variant of the Capacitated 

Vehicle Routing Problem where customers are grouped into clusters, is addressed. Each cluster must be 

visited entirely before a vehicle leaves, adding complexity to the routing process. The study proposes two 

hybrid metaheuristic algorithms: an Iterated Local Search algorithm that explores only feasible solutions 

using problem-specific local search moves and a hybrid genetic search that precomputes the shortest 

Hamiltonian paths between vertices within each cluster. This precomputation allows efficient exploration of 

large neighborhoods through bi-directional dynamic programming, sequence concatenation, and optimized 

data structures. Extensive computational experiments on benchmark datasets and newly introduced large-

scale instances provide insights into the algorithms' performance, with recommendations on the most suitable 

method based on the average cluster size. 

The study referenced as [20] proposes a method for solving the Vehicle Routing Problem with Time 

Windows (VRPTW) by selecting appropriate meta-heuristics through meta-learning. While several meta-

heuristics perform strongly on specific VRP instances, none consistently excels across all cases. To address 

this, the study defines two sets of meta-features: one based on basic instance properties and another derived 

from the number of feasible solutions identified by perturbative heuristics using a greedy process. A 

multilayer perceptron classifier and a wrapper-based meta-feature selection method predict the most suitable 

meta-heuristic for a given instance. Experimental results demonstrate that this approach significantly 

enhances the overall performance of established meta-heuristics. The study further advocates for an offline 

scheme to store and share solutions from various scenarios, facilitating the prediction of effective solvers for 

new problem instances. 

As discussed in [21], the vehicle routing problem (VRP) and its variants have been extensively studied, with 

traditional approaches such as exact methods, heuristics, and meta-heuristics dominating the literature. 

Machine learning (ML)-based methods have recently gained traction in solving VRPs, highlighting a growing 

research trend and a significant gap in existing surveys. This study categorizes ML-based VRP research based 

on applications, constraints, and technical approaches, with a particular emphasis on reinforcement learning 

(RL)-based methods due to their prominence. Non-RL methods are also addressed to provide a 

comprehensive overview. The paper explores theoretical and practical aspects, identifying current trends, 

limitations, and advantages of ML-based techniques while outlining promising future research directions in 

this evolving field. 

The publication identified as [22] presents a systematic overview of machine learning methods for solving 

NP-hard Vehicle Routing Problems (VRPs). The growing interest from the machine learning and operations 

research communities has led to solutions that leverage pure learning techniques or hybrid approaches 

combining learning with traditional handcrafted heuristics. The study introduces a taxonomy of existing 

research, categorizing studies based on learning paradigms, solution structures, models, and algorithms. 

State-of-the-art results are analyzed, demonstrating that machine learning-based methods are competitive 

with traditional approaches while exploiting VRP solutions' symmetry. Additionally, the paper outlines 

future research directions for integrating learning-based models to tackle challenges in modern transportation 

systems. 

As outlined in [23], recent advancements in telematics, including the widespread use of positioning services 

and mobile communication technologies, have enabled precise vehicle monitoring, forming the foundation 

for automatic real-time fleet management systems. The success of such systems relies on optimization 

algorithms for solving dynamic and stochastic vehicle routing problems, incorporating elements such as 

historical data, stochastic modeling, machine learning, shortest-path calculations, construction heuristics, and 

exact or metaheuristic methods. The study highlights the growing interest in hybrid metaheuristics, which 

combines the strengths of computer science and mathematical optimization to address large-scale, real-world 

problems. The chapter explores dynamic and stochastic VRPs, providing an overview of classical algorithms 

and a detailed examination of hybrid metaheuristics for both problem types and their combination. The 

discussion concludes with insights into future developments and open research areas within the field. 

It is important to highlight that Table 1 is an extensive summary of the literature review that presents current 

advances in solving Vehicle Routing Problems (VRPs), which are treated with hybrid methods combining 

machine learning (ML) and metaheuristic optimization techniques. The individual studies here refer to 

specific VRP forms, such as whole, dynamic, stochastic, and capacitated scenarios, where they propose 

solutions aimed at increasing solution quality, computational efficiency, and adaptability. Such techniques 
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include Deep Reinforcement Learning (DRL), meta-learning, hyper-heuristics, and hybrid bio-inspired 

algorithms, which have proven effective against conventional methods like exact solvers and standalone 

heuristics. The table provides vital findings on convergence speed improvements, scalability, solution 

adaptability to real-world constraints, tools and techniques, such as deep learning models, tabu search, and 

genetic algorithms. Altogether, these bring out the potential of hybrid approaches in complex, large-scale 

VRP scenarios and point out areas for future research on scalability and real-time applications.+ 

Table 1: Summary of Literature Review 

Study 
Problem 

Addressed 
Methodology Key Findings Tools/Techniques 

[9] 
VRP for large-

scale datasets 

Deep 

Reinforcement 

Learning (DRL) 

with Local Search 

DRL outperforms 

traditional algorithms, 

achieving 5- to 40-fold 

speedup. 

Deep RL, Attention 

Mechanism, Local 

Search 

[10] 

Heterogeneous 

VRP with varying 

vehicle capacities 

MILP model for 

small scale; RL-

based hyper-

heuristic for large 

scale 

RL-hyper heuristic 

outperforms MILP and 

existing 

metaheuristics. 

Mixed Integer Linear 

Programming 

(MILP), RL 

[11] 
Clustered VRP 

(CluVRP) 

Iterated Local 

Search and Hybrid 

Genetic Search 

Hybrid genetic search 

explores large 

neighborhoods 

effectively. 

Dynamic 

Programming, 

Genetic Algorithm 

(GA) 

[12] 

VRP with Time 

Windows 

(VRPTW) 

Meta-learning to 

select optimal 

meta-heuristics 

Meta-learning 

improves solution 

selection and 

performance 

significantly. 

Multilayer Perceptron 

Classifier, Greedy 

Heuristics 

[13] 

VRP variants: ML 

vs. traditional 

methods 

A systematic 

review of ML-

based VRP 

techniques 

Reinforcement 

Learning (RL) emerges 

as the leading ML 

method for VRPs. 

Reinforcement 

Learning, ML-based 

Optimization 

[14] 

NP-hard Vehicle 

Routing Problems 

(VRPs) 

Hybrid 

approaches 

combining ML 

with traditional 

heuristics 

Hybrid ML techniques 

compete with 

traditional 

optimization 

approaches. 

Pure ML, Hybrid 

Heuristics 

[15] 
Dynamic and 

Stochastic VRPs 

Real-time fleet 

management using 

hybrid 

metaheuristics 

Hybrid metaheuristics 

effectively optimize 

real-world VRPs. 

Historical Data, 

Hybrid 

Metaheuristics 

[16] 

Capacitated 

Electric Vehicle 

Routing Problem 

(CEVRP) 

Hyper-heuristic 

Adaptive 

Simulated 

Annealing 

(HHASA) 

HHASA improves 

routing for EVs with 

limited charging 

stations. 

Multi-armed Bandit, 

Simulated Annealing, 

RL 
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[17] 

VRP with 

Simultaneous 

Pickup and 

Delivery 

Tabu Search with 

self-tuning 

thresholds 

Self-tuning improves 

efficiency and reduces 

parameter adjustments. 

Tabu Search, 

Adaptive 

Thresholding 

[18] 

Dynamic VRPs 

with stochastic 

demands 

Hybrid 

optimization with 

historical and real-

time data 

Combines historical 

data and hybrid 

algorithms for dynamic 

routing. 

Historical Data 

Integration, 

Metaheuristics 

                                                                                                                          

[19] 
Large-scale VRPs 

Integration of ML 

with metaheuristic 

solvers 

ML accelerates 

metaheuristics and 

improves convergence 

speed. 

Machine Learning, 

Metaheuristic Solvers 

[20] 
Capacitated VRP 

with clusters 

Hybrid Local 

Search and 

Genetic Algorithm 

Efficient Hamiltonian 

path computation 

improves routing 

quality. 

Local Search, Genetic 

Algorithm 

[21] 
VRP with Time 

Windows 

DRL with 

adaptive critic 

network 

DRL improves 

solution speed and 

flexibility for time-

window constraints. 

Adaptive DRL, Critic 

Network 

[22] 

Multi-depot VRP 

with market 

segmentation 

Hybrid ML and 

metaheuristic 

framework 

Statistical learning 

techniques enhance 

market-specific 

routing. 

Statistical Learning, 

Metaheuristics 

[23] Sustainable VRP 

Hybrid swarm 

intelligence 

metaheuristics 

Hybrid metaheuristics 

optimize sustainable 

logistics networks. 

Hybrid Swarm 

Intelligence, 

Metaheuristics 

The reviewed research endeavors have established potential constituent contributions toward achieving 

solutions to VRPs using established machine-learning techniques and hybrid algorithms. Recently, novel 

methods like reinforcement learning and meta-learning have been introduced to address heuristic, noisy, 

complex, and significant problem environments of routing, incorporating enhanced efficiency and quality 

solutions. Further, integrating machine learning with conventional optimization approaches also allows us to 

align with real-world transportation systems. However, several difficulties still need to be addressed 

concerning scalability, generalization, and the necessity to deal with complex constraints in practical 

applications. Future studies should develop learning-based approaches, consider different hybrid approaches, 

and cover the gaps in the open research question to develop the transportation and logistics field further. 

3. Discussion 

Integrating machine learning (ML) with optimizing classical techniques also opens new horizons for applying 

such schemes to Vehicle Routing Problems (VRPs). It will grant advanced solutions to complex and dynamic 

scenarios. Such an approach consistently highlights the points where ML would supplement improvement 

optimization techniques such as deep reinforcement learning (DRL), meta-learning, or adaptive heuristics by 

yielding high-quality solutions in less time with greater extensibility. All these advancements tend to be at 

bay on the above-mentioned grounds: scalability, generalization, and capacity for dealing with other 

complicated real-world constraints, enabling the hybrid methods to become more widely applicable to many 

variants of VRPs and, indeed, for workable logistics systems. These issues are crossed in the respected 

segments on their potential with this kind of hybridization and some key challenges and opportunities for 

future studies. 
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3.1 Hybrid Approaches: The Promise and the Reality 

Hybrid approaches are redefining how Vehicle Routing Problems (VRPs) are tackled by amalgamating 

machine learning (ML) and optimization techniques. Their strength lies in combining the prediction capacity 

of ML with the efficiency of traditional heuristics and metaheuristics, resulting in impressive improvements 

in the quality of solved solutions over computational time and adaptability. Implements like Deep 

Reinforcement Learning (DRL), meta-learning, and hyper-heuristics have provided needed dynamic 

flexibilities to real-world constraints on VRPs, for example, demand changes or route modifications, as well 

as creating methods that offer rapid convergence on larger, more complex datasets compared to traditional 

optimization-specific techniques [24]. 

3.2 Major Problem: Scalability 

Though the hybrid approaches have potential, they still need to improve their scalability. Most ML-based 

solutions, especially those dependent on intense learning and DRL, require substantial computational 

resources and appropriate times for training under conditions of big datasets and applicability at an online 

scenario of VRPs. Hence, they need to improve the size of the problem, limiting their usage in a time-critical 

setting, such as last-mile delivery or dynamic urban logistics. The critical research issue for coming studies 

will be effectively solving the trade-off between solution quality and time for the required computation [25], 

[26]. 

3.3 Universalities Between Various Types of VRPs  

The following striking imperative is universalities among hybrid approaches across VRP variant types like 

those and real-life scenarios. Current ML and hybrid models are generally improvised to a particular instance 

or set of constraints, such as VRPs with time windows, capacitated VRPs, or dynamic routing problems. 

Performance on those well-defined instances is impressive enough, but it needs to indicate whether such 

cases can evolve into entirely new scenarios. The robustness needed for generalization across heterogeneous 

fleets, different customer needs, and dynamic problem setups is a prerequisite for practically deploying these 

models in real-world transportation systems [27], [28]. 

3.4 Complex Stipulations 

The intricate stipulations in modern-day VRPs are one of the most felt effects. Real-life routing problems 

have many stipulations that entail time windows, limitations on vehicle capacities, environmental factors, 

and simultaneous pickup and delivery. Traditional methods are rarely, if at all, capable of solving such 

complicated problems; hybrid methods show promise. However, incorporating them into ML-based models 

and optimization frameworks is still quite an obstacle since it requires the creation of very complex 

algorithms responsive to the constraints, balancing the feasibility of the solution and its efficiency [29]. 

3.5 Future Directions for Research 

Future research shall explore learning-based approaches and hybrid methods to solve the identified 

limitations. Innovations such as transfer learning and scalable reinforcement learning techniques will increase 

the model's efficiency because of their ability to learn from a few data and generalize across problem variants. 

In addition, combining classical optimization with deep learning should produce a strong hybrid framework 

to deal effectively with the many complicated constraints specified in real time. Further studies can be 

devoted to the methodology of learning approaches and adaptive schemes, narrowing the gaps between theory 

and practical applications so that these methods are realistic in deployment in real-world transportation and 

logistics systems [30]. 

 

3.6 Gaps Pampered into Real-world Applications 

Summa, the most promising hybrid approaches for the moment are scalability, adaptability, and solution 

quality. Before those approaches can achieve all that potential, they must conquer many remaining 

challenges, such as scalability, generalization, and constraint handling. Researchers and practitioners should 

think together to create innovative but resource-efficient models that fit well into modern logistics, urban 

transportation systems, and global supply chains. Hybrid ML-optimization methods can open the gap towards 

more innovative, sustainable, and cost-optimal routes [31], [32]. 
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Thus, hybrid methods, which combine machine learning with metaheuristics, may hold the answer to the 

ever-difficult modern Vehicle Routing Problems (VRPs). Though these techniques have shown good 

scalability, adaptivity, and efficiency in providing solutions, major drawbacks are related to their 

computational scale, generalization to the variants of VRPs, and constraints handling. Thus, future research 

should address the issue of developing cheaply resource-consuming, transferable, and constraint-aware 

algorithms to merge the above gaps. Such advancement will position the hybrid methods in the midst of 

transforming logistics and transportation systems to provide practical solutions to dynamic and large-scale 

VRPs. Thus, this area will significantly contribute to more innovation towards more innovative, more 

sustainable, and more cost-effective routing paradigms for real-world applications. 

4. Conclusion   

It has been observed that hybrid techniques integrating ML with metaheuristics have promised a lot in the 

area of Vehicle Routing Problems (VRPs). The predictive aspect of ML and the solution-search efficiency 

of metaheuristics give such approaches a canvas on which to dwell and robustly address modern 

transportation systems' problems. These include managing dynamic and stochastic demands, optimizing 

heterogeneous fleets, and integrating real-time data where hybrid methods outperform traditional ones in 

scalability and adaptability. Thus, the most convincing results continue to face barriers such as computational 

overheads, scalability, and limits to generalization beyond specific diverse real-scene scenarios. 

The first obstacle hybrid ML and metaheuristic algorithms encounter is the ability to scale too many problems 

efficiently. Very large VRP (Vehicle Routing Problems) in their nature have, among others, dynamic 

constraints like real-time traffic, which push the demand for faster models able to process vast data at high-

quality standards for both cost and time parameters. Such techniques can include future work to develop 

lightweight but very efficient computing algorithms that give speed within an acceptable error margin 

concerning accuracy. Reinforcement learning combined with transfer learning, distributed computing and 

adaptive algorithms can alleviate some of the scalability barriers and improve the responsiveness of routing 

solutions in dynamic, time-sensitive environments. 

The hybrid methods work admirably on individual versions of VRP but cannot be generalized and continue 

to fail in broader transportation contexts. Therefore, future work should investigate meta-learning techniques 

that help model learn the selection or adaptation of optimization methods based on problems' new 

characteristics to overcome these. Along with merging meta-learning with ML and the current metaheuristic 

frameworks, the authors would develop adaptive systems that generalize well for constraints like time 

windows, vehicle capacity, and sustainability. Along with that, historical trends and real-world data can also 

improve these models largely. 

In anticipating future transport systems, research should focus on the "real-world" implementation of the 

hybrid ML-plus-meta-heuristic answer. Real-time data sources such as IoT sensors, GPS tracking, and 

updates from traffic should be included in optimization chains and not just output the theoretical algorithms. 

This would naturally commend hybrid method approaches for sustainable transport optimization in 

addressing environmental issues such as fuel efficiency and carbon emissions, which can maintain economic 

viability. The future solutions must be scalable, efficient, and, most importantly, sustainable in tackling the 

problems of emergent logistics and urban transportation systems. This calls for collaboration between 

academia, industries, and policymakers. 
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