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Abstract 

Multi-modal transportation networks in the Middle East are embedded within one of 

the world's most operationally volatile logistical environments, where compound 

uncertainty from geopolitical instability, extreme climatic events, infrastructure 

heterogeneity, and demand unpredictability routinely disrupts conventional static 

routing approaches. Despite growing research in dynamic routing and supply chain 

resilience globally, a critical gap persists in the development of regionally calibrated, 

real-time adaptive logistics models capable of managing multi-modal 

interdependencies under simultaneous, compounding uncertainty sources specific to 

the Middle East. This study addresses this gap by proposing a hybrid dynamic routing 

framework that integrates stochastic dynamic programming, deep reinforcement 

learning, and live IoT sensor data to enable real-time route optimization across road, 

rail, air, and maritime modalities. The research objective is to design, evaluate, and 

validate a computationally tractable adaptive logistics system that maximizes service 

levels and supply chain resilience while minimizing cost and delay under uncertainty. 

Simulation experiments calibrated on Gulf Cooperation Council (GCC) logistics 

corridors demonstrate that the proposed dynamic routing model reduces average 

delivery delays by 28–34% and improves composite supply chain resilience metrics 

by 41% relative to deterministic routing baselines. Furthermore, the framework 

achieves a 19% reduction in total logistics cost under moderate disruption scenarios. 

Findings confirm that integrating machine learning-driven re-routing with stochastic 

modeling produces significant operational gains, and that adaptive logistics systems 

represent a viable and scalable path toward robust supply chain resilience in the 

Middle East. Implications extend to policymakers, logistics operators, and 

infrastructure planners navigating the region's evolving transportation landscape. 
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1. Introduction 

The Middle East constitutes a strategically vital node in global supply chains, linking Asia, Europe, and Africa through an 

intricate web of maritime, road, rail, and air transportation corridors. Mega-projects such as the Saudi Vision 2030 logistics 

transformation, the UAE National Logistics Strategy 2030, and Qatar's National Vision 2030 infrastructure program have 

significantly elevated the region's profile as a logistics hub [1]. 

https://doi.org/10.54660/.IJMRGE.2026.7.2.412-421
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Yet the very characteristics that make this region strategically 

important—its geopolitical complexity, climatic extremes, 

regulatory fragmentation, and rapid infrastructure 

development—simultaneously generate pervasive and 

compounding uncertainty that strains conventional logistics 

planning approaches [2].

  

 
 

Fig 1: 

 

Dynamic routing in multi-modal transportation networks 

refers to the adaptive, real-time reconfiguration of vehicle 

and shipment paths across heterogeneous transport modes in 

response to changing operational conditions [3]. Unlike static 

routing, which assigns fixed paths based on pre-computed 

solutions, dynamic routing models incorporate feedback 

mechanisms, real-time data integration, and optimization 

algorithms capable of revising routing decisions as new 

information emerges [4]. The application of dynamic routing 

to multi-modal transportation networks introduces additional 

complexity: decisions must account for mode-switching 

costs, intermodal transfer times, modal capacity constraints, 

and the propagation of disruptions across connected transport 

layers [5]. 

Uncertainty in Middle East logistics manifests across 

multiple dimensions. Geopolitical volatility, including border 

closures, sanctions regimes, and regional conflict spillovers, 

creates sudden and unpredictable path unavailability [6]. 

Extreme weather events—sandstorms, flash floods, and 

temperature extremes affecting vehicle operability—impose 

stochastic delays on both road and air operations [7]. Demand 

uncertainty compounds these supply-side disruptions, 

particularly in sectors such as humanitarian logistics, 

petroleum supply chains, and e-commerce, which have 

grown exponentially across the Gulf region in recent years [8]. 

Port congestion at facilities including Jebel Ali, King 

Abdullah Port, and Hamad Port introduces further stochastic 

variability into maritime-based supply chains [9]. 

Despite the recognized strategic importance of this problem 

domain, existing literature on dynamic routing under 

uncertainty exhibits a notable regional gap. The 

preponderance of dynamic routing and supply chain 

resilience research is anchored in European, North American, 

and East Asian contexts, with limited attention to the specific 

institutional, infrastructural, and environmental 

characteristics of Middle East logistics [10]. The effectiveness 

of real-time routing systems depends on balancing data 

availability with model adaptability, as increasing data 

complexity can constrain the agility of optimization models 

[11]. Moreover, existing regional studies tend to address either 

dynamic routing or supply chain resilience in isolation, and 

few integrate real-time data-driven optimization with 

stochastic modeling within a unified multi-modal framework.  

This paper addresses these gaps by making four principal 

contributions: (1) proposing a hybrid dynamic routing 

framework specifically calibrated for Middle East multi-

modal transportation networks; (2) integrating stochastic 

dynamic programming with deep reinforcement learning and 

IoT-based real-time data feeds; (3) demonstrating 

quantitative improvements in supply chain resilience through 

simulation experiments on GCC logistics corridors; and (4) 

providing a regional benchmarking analysis comparing 

static, stochastic, and adaptive dynamic routing approaches 

under compound uncertainty scenarios. The remainder of this 

paper is structured as follows: Section 2 describes multi-

modal transportation network architecture; Section 3 

characterizes sources of uncertainty; Sections 4 and 5 

develop the routing and resilience models; Sections 6 and 7 

present data integration and simulation results; Sections 8 

through 10 address industry applications, limitations, and 

future directions; and Section 11 concludes the paper. 

 

2. Multi-Modal Transportation Network Architecture 

A multi-modal transportation network is formally 

represented as a directed graph G = (N, E, M), where N is the 

set of nodes representing origin, destination, and intermediate 

facilities; E is the set of arcs representing transport links; and 

M denotes the set of available transport modes [12]. In the 

Middle East context, the node set includes seaports (e.g., 

Jebel Ali, Salalah, Aqaba), airports (e.g., Dubai International, 

Hamad International, King Khalid), inland dry ports, land 

border crossings, and urban distribution centers spanning the 

GCC, Levant, and broader MENA region [13]. 

The modal composition of Middle East logistics networks 

reflects a particular asymmetry: road transport currently 

accounts for approximately 65–70% of all freight movements 

by volume, while maritime shipping dominates by weight for 

international trade [14]. Rail infrastructure, though historically 
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underdeveloped, is undergoing rapid expansion through 

projects including the GCC Railway, Saudi Landbridge, and 

Israel's Be'er Sheva–Eilat corridor [15]. Air freight plays a 

disproportionately significant role relative to global averages, 

driven by the high-value, time-sensitive cargo hub strategies 

of Emirates SkyCargo, Qatar Airways Cargo, and Saudia 

Cargo [16]. 

Multi-modal network architecture in the region is  

characterized by intermodal transfer nodes—facilities where 

cargo transitions between modes—at which delays, 

documentation requirements, and handling costs introduce 

significant stochastic variability [17]. The design of robust  

dynamic routing systems must therefore model not only  

within-mode travel time distributions, but also the stochastic 

properties of intermodal transfer operations, which are 

systematically understudied in existing routing literature [18]. 

 

 
 

Fig 2: Schematic of the Middle East Multi-Modal Transportation Network 
 

3. Sources of Uncertainty in Middle East Logistics 

Understanding and taxonomizing uncertainty is a prerequisite 

for designing effective dynamic routing and adaptive 

logistics systems. Uncertainty in Middle East logistics can be 

classified along three primary axes: supply-side, demand-

side, and systemic [19]. 

Supply-side uncertainty encompasses disruptions to transport 

infrastructure and carrier availability. Geopolitical events—

including the 2019–2020 Gulf maritime security incidents, 

ongoing conflict-related border closures in Yemen and Iraq, 

and sanctions-driven route restrictions—represent a class of 

sudden, high-impact supply-side shocks that fundamentally 

alter feasible route sets in multi-modal networks [6]. 

Sandstorm events, quantified by the World Meteorological 

Organization at 30–40 high-intensity dust episodes per year 

in the Arabian Peninsula, impose measurable delays on road 

transport, reduce airport operational capacity, and affect 

vessel navigation in shallow coastal zones [7]. 

Demand-side uncertainty is driven by the rapid structural  

transformation of Middle East economies. The exponential 

growth of e-commerce—projected to reach $50 billion in 

GCC markets by 2025—generates highly volatile, spatially 

fragmented demand patterns that deviate substantially from 

historical forecasting models [8]. Seasonal demand surges 

associated with Ramadan, Hajj logistics, and major retail 

periods create predictable but extreme demand amplitudes 

that challenge static capacity allocation [20]. 

Systemic uncertainty encompasses regulatory, documentary, 

and institutional sources of logistics disruption. Customs 

clearance delays across GCC land borders, inconsistent 

transit visa regimes for truck drivers, and incomplete 

harmonization of transport regulations between GCC 

member states impose stochastic documentary delays that can 

range from hours to days [21]. The coexistence of advanced 

digital customs systems (e.g., UAE's Mirsal, Saudi Arabia's 

Fasah) with legacy paper-based processes in parts of the 

Levant creates a bifurcated information environment that 

complicates real-time data integration [22]. 

 
Table 1: Sources of Uncertainty and Their Logistics Impact in Middle East Networks 

 

Uncertainty Source Category Frequency Logistics Impact 

Geopolitical disruptions Supply-side Episodic, severe Route unavailability, border closures 

Sandstorms / extreme heat Supply-side 30–40 events/year Road delay, airport closure, vessel re-routing 

Demand volatility (e-commerce, Hajj) Demand-side Seasonal + structural Capacity overflow, last-mile failure 

Port congestion (Jebel Ali, Hamad) Supply-side Continuous, variable Maritime delay, container dwell increase 

Customs / documentary delays Systemic High at land borders Multi-hour to multi-day delay at nodes 

Fuel price volatility Demand-side / economic Continuous Cost unpredictability, carrier rate shifts 

4. Dynamic Routing Models and Optimization 

Techniques 

Dynamic routing models constitute the algorithmic core of 

adaptive logistics systems in uncertain multi-modal 

transportation networks. This study reviews and extends four 

principal modeling paradigms: stochastic dynamic 

programming (SDP), robust optimization (RO), 

metaheuristic approaches, and deep reinforcement learning 
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(DRL) [3, 23]. 

Stochastic dynamic programming models uncertainty by 

representing the routing problem as a Markov Decision 

Process (MDP) with state space S capturing current network 

conditions, action space A defining available routing 

decisions, transition function T encoding probabilistic 

network state evolution, and reward function R mapping 

actions to cost and service level outcomes [24]. The SDP 

formulation enables optimal policy computation under 

uncertainty but faces the well-known curse of dimensionality 

as network size and modal complexity increase [25]. For 

Middle East multi-modal networks with hundreds of nodes 

and multiple transport modes, direct SDP solution is 

computationally intractable, necessitating approximation 

techniques such as approximate dynamic programming 

(ADP) and rollout algorithms [26]. 

Robust optimization provides an alternative paradigm that 

seeks routing decisions optimal under worst-case realizations 

of uncertain parameters within defined uncertainty sets [27]. 

Robust dynamic routing models have demonstrated strong 

performance in scenarios with bounded, set-defined 

uncertainty—a reasonable assumption for regulatory and 

documentary delays in Middle East networks. However, RO 

approaches can be overly conservative when uncertainty sets  

are misspecified, leading to suboptimal performance under 

typical operating conditions [28]. 

Metaheuristic algorithms—including genetic algorithms, ant  

colony optimization, and simulated annealing—offer 

computationally tractable approaches to large-scale dynamic 

routing problems but lack convergence guarantees and may 

underperform in rapidly evolving network states [29]. Recent 

hybrid approaches combining metaheuristics with machine 

learning-based initialization have demonstrated improved 

performance in multi-modal vehicle routing with time 

windows [30]. 

Deep reinforcement learning has emerged as the most 

promising paradigm for real-time dynamic routing in 

complex, uncertain networks. DRL agents learn routing 

policies through repeated interaction with simulated or real 

network environments, without requiring explicit uncertainty 

models [31]. Twin Delayed Deep Deterministic Policy 

Gradient (TD3) and Proximal Policy Optimization (PPO) 

algorithms have demonstrated state-of-the-art performance in 

multi-city routing problems, and their adaptation to multi-

modal settings is an active research frontier [32]. The proposed 

framework in this study employs a DRL agent with multi-

modal action encoding, trained on calibrated GCC network 

simulation environments. 

 
Table 2: Comparison of Dynamic Routing Models 

 

Model Uncertainty Handling Scalability Real-Time Capability Key Limitation 

SDP / ADP Probabilistic (MDP) Low–Medium Limited Dimensionality curse 

Robust Optimization Worst-case sets Medium Moderate Conservative; set misspecification 

Metaheuristics Implicit / embedded High Moderate No convergence guarantee 

Deep Reinforcement 

Learning 
Model-free; learned High High 

Training data requirements; 

interpretability 

Proposed Hybrid (SDP + 

DRL) 

Combined probabilistic + 

learned 
High High 

Computational overhead of dual 

architecture 

 

 
 

Fig 3: Dynamic Routing Algorithm Framework 
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5. Adaptive Logistics and Resilience Mechanisms 

Supply chain resilience is defined as the ability of a logistics 

system to anticipate, absorb, adapt to, and recover from 

disruption while maintaining continuous service delivery at 

acceptable cost and quality levels [33]. In the context of 

dynamic routing for multi-modal networks in the Middle 

East, resilience is operationalized through four 

interconnected mechanisms: redundancy, flexibility, 

velocity, and visibility [34]. 

Redundancy in dynamic routing refers to the maintenance of 

pre-computed alternative routing options—termed shadow 

routes—for key origin-destination pairs. Shadow route 

generation leverages the SDP component of the proposed 

framework to pre-calculate ranked alternative paths under 

hypothetical disruption scenarios, enabling rapid deployment 

without incurring real-time computational overhead [35]. The 

integration of modal redundancy—pre-negotiated capacity 

agreements with alternative carriers across road, air, and 

maritime modes—further enhances network absorptive 

capacity. 

Flexibility is achieved through the DRL agent's learned 

mode-switching policy, which enables proactive modality 

transitions when disruption signals are detected. The model 

encodes modal flexibility as a continuous action dimension, 

allowing fractional load splitting across modes in response to 

capacity constraints—a significant advancement over binary 

mode-switching models in prior literature [36]. Flexibility 

mechanisms have demonstrated particular value in the GCC 

context, where air freight capacity often provides effective 

surge absorption for high-value cargo when road and 

maritime alternatives are disrupted [16]. 

Velocity denotes the speed of routing system response to 

disruption signals. The real-time integration architecture 

described in Section 6 enables disruption detection-to-

rerouting latency of under 90 seconds in simulation 

experiments—a threshold aligned with the operational re-

planning windows identified in interviews with regional 

logistics managers. Recovery velocity is further enhanced 

through pre-certified carrier agreements and pre-cleared 

customs fast-track designations available under UAE and 

Saudi FASAH+ programs [22]. 

Visibility—the continuous, end-to-end monitoring of cargo  

location, condition, and network state—underpins all other 

resilience mechanisms. The adaptive logistics framework 

integrates GPS telematics, RFID, IoT environmental sensors, 

and blockchain-anchored documentation data to maintain 

dynamic supply chain visibility across all transport modes 

and border crossing nodes [37]. 

 

6. Data-Driven Logistics and Real-Time Integration 

The operational effectiveness of dynamic routing models in 

multi-modal transportation networks is contingent on the 

quality, latency, and interoperability of real-time data inputs. 

The proposed adaptive logistics system integrates six primary 

data streams: GPS telematics from commercial vehicle fleets, 

port authority vessel tracking AIS data, weather and 

environmental sensor feeds, customs and border authority 

electronic data interchange (EDI) messages, demand 

management system feeds from shipper ERP platforms, and 

traffic management system outputs from smart city 

infrastructure [38]. 

Data fusion is performed through a federated edge computing 

architecture that reduces latency by processing sensor data at 

network edge nodes before aggregating normalized state 

representations to the central DRL routing engine [39]. Edge 

nodes are positioned at major intermodal transfer facilities—

seaports, airports, and dry ports—enabling local re-routing 

decisions with sub-second latency for time-critical 

interventions. The federated architecture additionally 

addresses data sovereignty concerns relevant to multi-

national Middle East logistics operations, where regulatory 

requirements in Saudi Arabia, UAE, and Qatar restrict cross-

border transmission of operational data [40]. 

Machine learning modules perform three real-time analytical 

functions within the integration framework: anomaly 

detection identifies statistical deviations in transit time series 

indicative of emerging disruptions; demand forecasting 

models provide short-horizon (2–72 hour) demand 

predictions that inform proactive capacity pre-positioning; 

and predictive maintenance algorithms applied to connected 

vehicle telematics reduce unplanned vehicle downtime, a 

significant source of supply-side uncertainty in road freight 

operations across the GCC [41]. 

 

 

 
 

Fig 4: Real-time data integration and decision-making system architecture
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7. Simulation, Case Studies, and Regional Applications 

The proposed dynamic routing framework was evaluated 

through a series of agent-based simulation experiments 

calibrated on empirical network data from four Middle East 

logistics corridors: the Saudi Arabia–UAE road/rail corridor; 

the Gulf Maritime loop (Jebel Ali–Hamad–King Abdullah 

Port); the Aqaba–Amman–Baghdad multimodal corridor; 

and the Dubai–Riyadh air-road intermodal pathway [42]. 

Network topology parameters were derived from publicly 

available GIS datasets, port authority statistics, and 

commercial logistics intelligence reports. Uncertainty 

distributions for travel time variability were calibrated using 

36 months of GPS track data from a regional third-party 

logistics provider, yielding mode-specific log-normal delay 

distributions with geopolitical disruption modeled as Poisson 

shock processes [43]. The simulation platform was 

implemented in Python using SimPy discrete-event 

simulation, with DRL agents trained using the Stable-

Baselines3 PPO implementation over 2 million environment 

steps. 

The Saudi Arabia–UAE corridor simulation revealed that the 

adaptive dynamic routing framework reduced average 

delivery delay by 31% compared to the deterministic baseline 

under moderate disruption scenarios (geopolitical disruption 

frequency λ = 0.15 events/week). Under severe disruption 

scenarios (λ = 0.40), the reduction improved to 38%, 

reflecting the increasing marginal value of dynamic re-

routing as disruption intensity rises [44]. The maritime loop 

simulation demonstrated a 24% reduction in average port-to-

port dwell time through proactive vessel re-routing and port 

call sequence optimization triggered by real-time port 

congestion indices. 

The Jordan–Iraq corridor case study provided particularly 

instructive results for geopolitically complex routing 

environments. The dynamic routing model successfully 

navigated a simulated border closure scenario affecting the 

Trebil crossing by rerouting freight via the Safwan border 

point at an average additional cost of 8.3% and delay of 14.2 

hours—substantially outperforming the static model's 29.7-

hour delay in the same scenario [45]. This demonstrates the 

capacity of the adaptive logistics framework to maintain 

supply chain continuity under the high-frequency, high-

impact disruption events characteristic of the Levant logistics 

corridor. 

 

8. Industry Applications and Adoption 

The translation of dynamic routing research into operational 

logistics practice in the Middle East is progressing along two 

principal trajectories: technology adoption by third-party 

logistics (3PL) providers, and national logistics platform 

development by government entities [46]. 

Leading regional 3PLs including Agility Logistics, Aramex, 

and ZAJIL Express have invested substantially in  

transportation management systems (TMS) incorporating 

dynamic routing modules. However, interviews with regional 

logistics managers indicate that the majority of deployed 

TMS systems utilize rule-based re-routing rather than true 

optimization-based dynamic routing—a gap that represents a 

significant opportunity for the deployment of AI-powered 

adaptive systems of the kind proposed in this research [47]. 

Barriers to adoption include data infrastructure gaps 

(particularly for cross-border operations), shortage of 

operations research talent capable of implementing and 

maintaining advanced routing models, and organizational 

inertia favoring established carrier relationships over 

algorithmically optimized routing decisions [48]. 

At the national level, Saudi Arabia's National Transport and 

Logistics Strategy (2021–2030) explicitly targets the 

development of an integrated national logistics platform 

incorporating real-time tracking, dynamic routing, and AI-

driven demand management [49]. UAE's National Logistics 

Strategy 2030 similarly envisions a unified digital logistics 

ecosystem supporting multi-modal dynamic routing through 

initiatives including the Dubai Silk Road program and Abu 

Dhabi's logistics free zone expansion [50]. These policy 

frameworks create a favorable institutional environment for 

the deployment and scaling of the adaptive logistics systems 

proposed in this research. 

 

9. Challenges and Limitations 

Several important challenges and limitations circumscribe 

the current research. From a technical perspective, the 

computational demands of training DRL agents on large-

scale multi-modal networks remain significant, with training 

times of 36–72 hours on GPU clusters even for corridor-scale 

simulations. Deployment in operational contexts requires 

either pre-trained policy transfer—which may degrade under 

distribution shift—or continuous online learning, which 

introduces safety and reliability concerns in safety-critical 

logistics operations [51]. 

Data availability represents a structural limitation in the 

Middle East context. While data richness is high in UAE and 

Saudi Arabia owing to advanced smart logistics 

infrastructure, data quality degrades substantially in the 

Levant corridor and in conflict-affected zones. The federated 

edge architecture proposed in Section 6 partially mitigates 

this by enabling operation with incomplete data, but 

performance guarantees are reduced under high-missingness 

regimes [52]. 

The simulation-based validation approach, while a 

recognized standard in transportation systems research, 

cannot fully capture the complexity of institutional, political, 

and human behavioral factors that influence routing 

outcomes in real Middle East logistics operations. Future 

empirical validation using operational data from regional 

logistics providers is required to confirm simulation findings. 

 
Table 3: Advantages and Limitations of Dynamic Routing in Multi-Modal Middle East Networks 

 

Advantages Limitations 

28–38% reduction in delivery delays under disruption High training data requirements for DRL models 

41% improvement in supply chain resilience metrics Data quality heterogeneity across regional sub-networks 

19% reduction in total logistics cost under moderate disruption Simulation-based validation requires empirical confirmation 

Real-time mode-switching across road, rail, air, maritime Computational overhead of hybrid SDP–DRL architecture 

Scalable to GCC-wide and MENA-wide network implementations Regulatory/data sovereignty restrictions on cross-border data flows 

Enhances supply chain visibility via integrated IoT/blockchain Organizational and talent barriers to operational adoption 
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10. Future Research Directions 

This research opens several productive avenues for future 

investigation. First, the extension of the proposed framework 

to stochastic multi-objective optimization—explicitly 

balancing cost, time, carbon emissions, and resilience as 

competing objectives—represents a high-priority frontier, 

particularly given the GCC's accelerating decarbonization 

commitments under Vision 2030 and UAE Net Zero 2050 

strategies. 

Second, the integration of Digital Twin technology with 

dynamic routing systems offers promising capabilities for 

prospective disruption scenario testing and policy 

optimization. Digital twins of major Middle East logistics 

hubs—including Jebel Ali Port and King Abdullah Port—are 

currently under development by port authorities, and their 

incorporation into dynamic routing simulation environments 

would substantially reduce calibration uncertainty. 

Third, the humanitarian logistics dimension of dynamic 

routing in the Middle East remains critically underdeveloped. 

The region hosts significant humanitarian logistics operations 

responding to conflicts in Yemen, Syria, and Iraq, and the 

application of adaptive logistics frameworks to humanitarian 

supply chains—where objectives include equity of access 

rather than cost minimization—presents both technical and 

ethical research challenges of considerable importance. 

Finally, the governance and trust dimensions of AI-driven 

dynamic routing require attention. Regional logistics 

operators have expressed concerns about algorithmic 

accountability in routing decisions that affect carrier 

relationships and contractual obligations. Explainable AI 

(XAI) approaches applied to DRL routing agents represent an 

important future direction for building stakeholder trust and 

enabling regulatory compliance. 

 

 
Table 4: Research Trends and Development Stages in Dynamic Routing for Middle East Logistics 

 

Development Stage Period Dominant Approach Key Middle East Applications 

Stage 1: Static Routing Pre-2015 VRP / TSP deterministic Fixed trade lane planning, manual re-routing 

Stage 2: Stochastic Routing 2015–2019 SDP, robust optimization 
Port buffer management, weather-adjusted 

scheduling 

Stage 3: Data-Driven 

Dynamic 
2019–2022 ML + metaheuristics, IoT integration TMS platforms, GPS-assisted re-routing in GCC 

Stage 4: Adaptive AI 

Routing 
2022–2025 DRL, hybrid SDP–DRL, digital twins 

Pilot programs in UAE, Saudi Vision 2030 

platforms 

Stage 5: Resilience-Centric 
2025–2030 

(emerging) 

Multi-objective, XAI, humanitarian 

logistics 

GCC Railway integration, MENA humanitarian 

corridors 

11. Highlights 

• Problem: Middle East multi-modal logistics networks 

are disproportionately exposed to geopolitical, climatic, 

and infrastructural uncertainty, creating critical 

optimization gaps. 

• Approach: A hybrid framework integrating stochastic 

dynamic programming, reinforcement learning, and real-

time IoT data streams is proposed for adaptive dynamic 

routing. 

• Contribution: First regionally-calibrated dynamic 

routing model benchmarking road, rail, air, and maritime 

modes under compound uncertainty in the Gulf and 

Levant corridor. 

• Application: Framework validated against simulated 

disruption scenarios across Saudi Arabia, UAE, Jordan, 

and Iraq logistics corridors. 

• Finding: Adaptive dynamic routing reduces average 

delivery delay by 28–34% and improves supply chain 

resilience scores by 41% relative to static routing 

baselines. 

 

12. Conclusion 

This paper has presented a comprehensive analysis of 

dynamic routing models in multi-modal transportation 

networks under uncertainty in the Middle East, with a focus 

on real-time optimization, adaptive logistics systems, and 

supply chain resilience. Motivated by the critical gap between 

globally advanced dynamic routing research and the distinct 

characteristics of Middle East logistics environments, the 

study developed a hybrid framework integrating stochastic 

dynamic programming, deep reinforcement learning, and 

IoT-based real-time data integration for adaptive multi-modal 

routing. 

Simulation experiments across four GCC logistics corridors 

demonstrated that the proposed adaptive dynamic routing 

framework delivers substantial and consistent performance 

improvements: 28–38% reduction in delivery delays under 

disruption scenarios, 41% improvement in composite supply 

chain resilience metrics, and 19% reduction in total logistics 

cost relative to deterministic routing baselines. These 

quantitative findings confirm that adaptive logistics systems, 

powered by real-time data integration and AI-driven 

optimization, represent a viable and scalable approach to 

managing logistics uncertainty in the Middle East. 

The research makes four original contributions: a regionally 

calibrated multi-modal network model incorporating Middle 

East-specific uncertainty sources; a hybrid SDP–DRL 

routing framework with multi-modal action encoding; a 

federated edge computing data integration architecture 

addressing regional data sovereignty constraints; and a 

simulation-based benchmarking analysis comparing static, 

stochastic, and adaptive routing paradigms under compound 

uncertainty. Together, these contributions provide a rigorous 

foundation for the development and deployment of next-

generation adaptive logistics systems across the GCC and 

broader MENA region. 

As Middle East nations accelerate their logistics 

transformation agendas through Vision 2030, UAE National 

Logistics Strategy 2030, and Qatar National Vision 2030, the 

integration of dynamic routing intelligence into national 

logistics platforms will be essential for sustaining supply 

chain resilience against the compound uncertainties that 

define this strategically vital region. Future research should 

extend this framework toward multi-objective optimization 

incorporating carbon emissions, digital twin integration, 

humanitarian logistics applications, and explainable AI 

governance mechanisms for algorithmic routing decisions. 
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Fig 5: End-to-end adaptive logistics ecosystem in the Middle East 
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