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Abstract 
Background: Contemporary Logistics Networks are currently under increasing strain due 
to demand volatility, geopolitical disruption and the increasing challenges of coordinating 
multi-modal transport operations. Current approaches to managing logistics networks 
employ disparate information systems and reactive decision-making techniques, which do 
not suffice to provide the level of resilience and efficiency required by present day 
commerce. 
Objectives: The objective of the research presented in this article is to provide a framework 
for integrating all aspects involved in operating an Autonomous Multi-Modal Logistics 
Network. The Cognitive Logistics Network (CLN) framework brings together Agentic 
Artificial Intelligence (AI), blockchain-based trust mechanisms, Digital Twin simulation 
and Intelligent Transport Systems (ITS) into a coherent, layered architecture for operating 
Autonomous Multi-Modal Logistics Systems. 
Methods: The research methodology used for developing the conceptual framework 
consists of systematically reviewing recent research literature related to agentic AI, 
distributed ledger technology, digital twin modelling, and ITS and then constructing 
simulated performance scenarios using established parameters for measuring logistics 
performance in accordance with five dimensions of evaluation (i.e., delivery efficiency, 
logistics costs, supply chain resilience, fleet utilisation and sustainability indicators). 
Results: The model projected a 15-percentage point improvement in on-time delivery 
rates, a 26% reduction in per-unit logistics costs, a 44% increase in supply chain resilience 
scores, a 21-percentage point increase in fleet utilization, and a 34% reduction in shipping 
emissions when using cognitive logistics networks as opposed to conventional systems. 
Conclusion: Cognitive Logistics Networks will change how supply chains are managed 
autonomously. Agentic AI, blockchain, digital twins, and the Internet of Things will work 
together to create self-reinforcing loops of capabilities that vastly improve operational 
performance, transparency, and environmental sustainability. Future research will be 
needed to develop interoperability standards, regulatory governance, and validate at scale 
in the real world. 
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1. Introduction 

Today’s Transformative supply chain Logistics and operational resilience are the driving forces behind an evolution of the global 

logistics industry. Supply chain structures were designed for the most productive method possible; however, the pandemic crisis 

(COVID-19), the Suez Canal issue, and continual issues with port congestion have illuminated supply chain structures that lack  
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adaptability.  

Simultaneously, with Industry 4.0, and now Industry 5.0, we 

are witnessing the development of cyber-physical integration 

of operations, the emergence of autonomous systems, and the 

collaboration of AI with humans have gained traction within 

the logisitics and manufacturing industries.  

There are many inefficiencies that result from traditional 

logistics management systems (LMS) being composed of 

multiple isolated databases, the reliance on manual exception 

handling to resolve issues, and limited real time visibility into 

operations. The combination of these systems creates a 

cascading series of inefficiencies including suboptimal load 

planning, empty running, slow reaction to demand shocks, 

and the inability to provide compliant proof of severity and 

resolve disputes. The challenges of managing multiple modes 

of transportation which can include motor vehicle, rail, air, or 

sea all present regulatory, operational, and informational 

obstacles in addition to the multitude of obstacles posed by 

managing a supply chain system with multiple modes of 

transportation. 

Four enabling technologies converge to provide an effective 

route for overcoming the challenges presented by logistics. 

Agentic AI systems will enable the replacement of reactively 

programmed rule engines with proactively programmed 

agents capable of autonomous goal-directed actions in 

distributed environments using context-aware decision-

making. Blockchain technology will provide immutable 

transaction records and programmable smart contracts that 

remove any trust deficit among participants within the 

logistics networks. Digital Twins will create high fidelity 

virtual representations of physical assets and networks that 

allow for continuous simulation and optimisation without 

operational risk. Intelligent Transport Systems will 

incorporate intelligence in the built environment and on 

vehicles to facilitate real-time adaptability of traffic flows 

and vehicle-to-everything (V2X) communications.  

This paper describes the Cognitive Logistics Network (CLN) 

as an integrated framework that will orchestrate and control 

these four technologies based on a five layer architecture. The 

remainder of this paper will review relevant literature in 

Section 2; outline the CLN framework in detail in Section 3; 

outline the methodology in Section 4; detail simulation 

performance results in Section 5; and describe implications 

for research and practice in Section 6. 

 

2. Related Work 

Enabling new developments in the field of supply chain 

automation through intelligent logistics models, the 

progression of research into AI-enabled supply chain 

development moved from using predefined rules by computer 

experts, which allowed systems to create predictable supply 

loads, all the way to using machine learning to perform 

demand forecasting, selection of suppliers and 

calculate/analyze pricing values in real-time. Research 

conducted by Eze et al., shows that combining Artificial 

Intelligence (AI), Internet of Things (IoT) devices and data 

analytics will have a positive impact on procurement agility 

and operations by enabling demonstrations of the benefit of 

intelligence-driven logistics models [6]. Similarly, research 

conducted by Balogun et al., demonstrated that digital 

procurement portal systems, if designed correctly, allow a 

very fast and efficient integration of suppliers needed by an 

organization in a fast-paced supply chain industry which is 

relevant for autonomous agent controlled negotiating systems 

capabilities with suppliers [7]. Research into supply chain 

resilience has gained considerable traction in the past few 

years due to several global disruptions. Ogunleye et al. 

provided a comparative analysis of adopted recovery 

strategies before and after COVID-19, provided multi-

sourcing, diversifying regions and real-time supply chain 

visibility to supply chain operators as significant keystones 

for supply chain resilience [8]. Furthermore, these findings 

support the focus of the Collaborative Logistics Network 

(CLN) model’s emphasis on autonomous re-planning and 

distributed supply chain visibility. According to the research 

conducted by Adeleke et al., RFID and IoT-based inventory 

management systems lead to improved continuous supply 

chain inventory visibility due to the additional value of 

providing real-time data feeds for building cognitive logistics 

infrastructure, [9]. Based upon ongoing research, recent 

advances in integrated cognitive supply chain architectures 
[10], establishes a theoretical foundation for developing multi-

agent-based orchestration of supply chains. The CLN model 

presented here is fully aligned with the proposed multi-agent 

operational framework presented herein. 

Logistics have transitioned away from being a platform for 

cryptocurrency into enterprise-quality provenance and 

settlement platforms. Smart contracts facilitate carriers 

getting paid as soon as delivery milestones are confirmed, 

which limits the number of disputes and boosts speed of cash 

cycles [11]. Research on digital twins in transportation 

indicates that vehicle fleet and roadway simulations allow for 

the scheduling of predictive maintenance as well as optimal 

capacity planning with a high level of accuracy [12]. Intelligent 

Transportation Systems (ITS) research has shown how the 

use of connected-vehicle protocols and adaptive signal 

control have decreased urban congestion and reduced fuel 

consumption [13]. The latest iteration of the integrative control 

paradigm, which combines these technologies into seamless, 

autonomous systems that self-regulate, is termed agentic 

artificial intelligence (AI), characterised by autonomous 

planning, tool use, and the cooperation of multiple agents 
[14,15]. 

 

3. Proposed Cognitive Logistics Network Framework 

The CLN framework comprises five interdependent layers, 

each addressing a distinct functional domain while 

exchanging structured data with adjacent layers. Table 1 

summarises the core technologies and their logistics 

functions. 

 

 

Table 1: Core Technologies and Functions in the Cognitive Logistics Network 
 

Technology Primary Function Logistics Application 

Agentic AI Autonomous planning & decision-making Route optimisation, demand forecasting, exception handling 

Blockchain Immutable distributed ledger Shipment provenance, smart contracts, carrier settlement 

Digital Twins Real-time virtual asset mirroring Fleet simulation, warehouse modelling, predictive maintenance 

ITS Networked transport infrastructure Traffic-adaptive routing, vehicle-to-infrastructure coordination 

IoT / RFID Sensor data acquisition Real-time cargo tracking, condition monitoring, stock visibility 
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The CLN is made up of three layers. The first layer (agentic 

AI) consists of cognitively independent AIs that use IoT and 

RFID telemetry to continually monitor the state of the 

logistics network, use Languag Modelaugmented reasoningto 

plan and execute actions using APIs with carrier companies 

and warehouses as well as with customs authorities. The AIs 

in the agentic AI layer are functionally specialized in terms 

of demand forecasting, fleet dispatch, exception 

management, etc. However, all of the AIs in this layer work 

together through a common ontology and negotiation 

protocol that allows emergent system-level optimization. 

The second layer of the CLN (the blockchain trust layer) 

ensures that all interorganizational transactions (shipment 

bookings, proof of deliveries, financial settlements, 

compliance declarations, etc.) are recorded on an immutable 

distributed ledger. Smart contracts encode service-level 

agreements, and payment is automatically triggered upon the 

completion of identified milestones without needing manual 

reconciliation or reducing invoice disputes. In addition, the 

distributed ledger provides an auditable record of the chain of 

custody for regulated products which assists with food safety, 

pharmaceutical manufacturers and customs compliance. 

Digital Twin Simulation, also known as Layer 3 of the 

Enabling Technology Architecture (ETA), includes up-to-

the-minute visualisations of all assets connected to the 

network, including the current status of individual vehicles, 

bays within warehouses, berths at ports, and segments of 

roadway. All digital representations, referred to as twins, are  

created using telemetry provided by Layer 1 sensors. The 

digital twins also provide predictive maintenance alerts, 

congestion forecasts, and capacity utilization models to the 

Agentic AI layer. By using scenario simulation to run 

thousands of alternative routing and scheduling plans in 

simulated environments before committing resources, the 

cost of operational experimentation can be reduced [12]. 

ITS also forms Layer 4 (Intelligent Transportation System) 

and serves as the interface between the digital transportation 

environment and the physical transportation environment. 

The use of Vehicle-to-Everything (V2X) communication 

allows vehicles to receive real-time dynamic route advisories 

based on actual traffic conditions, real-time adverse weather 

conditions, and real-time infrastructure status messages. 

Adaptive control of traffic signals at intersections provides 

freight vehicles with reduced wait times. Access to controlled 

zones is automated with the implementation of geofencing 

technology and automates all documentation processes 

associated with a freight vehicle entering or exiting 

controlled zones [13]. 

Multi-Modal Coordination, or Layer 5, manages the transfer 

of freight between modes of transportation. Using 

optimization algorithms, carriers are matched to cargo from 

road, rail, air, and sea based on changing cost, time and 

sustainability constraints. Electronic booking systems for 

carriers within all modes of transportation are linked to 

carriers, while Agentic AI actively manages terminal 

throughput to help avoid bottlenecks. 

 
Table 2: Proposed CLN Framework Components 

 

Layer Component Key Input Key Output 

L1 – Agentic AI Multi-agent orchestrator Sensor streams, orders, forecasts Autonomous dispatch decisions 

L2 – Blockchain Smart-contract engine Transaction events, compliance data Tamper-proof audit trail 

L3 – Digital Twin Fleet & network simulator Live telemetry, GIS data Predictive alerts, scenario models 

L4 – ITS V2X communication hub Road sensors, traffic signals Dynamic route adjustments 

L5 – Coordination Modal interchange manager Mode schedules, capacity data Optimised multi-modal plan 

Figure 1 depicts the layered architecture and information 

flows of the CLN. Upward flows carry telemetry and event 

data; downward flows transmit decisions and control signals. 

The blockchain layer operates horizontally, recording 

transactions generated at all other layers. 

 
 

 
 

Fig 1: Cognitive Logistics Network Architecture (five-layer model)
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4. Methodology 

The methodological approach to the development of the 

conceptual domain and empirical domains involved 

systematic reviews of literature to identify scenarios that 

could be used as structured simulations. The databases of 

Scopus, Web of Science and IEEE Xplore provided relevant 

peer-reviewed articles written between 2019 and 2026 that 

were used to identify agents AI, Blockchain Supply Chains, 

Digital Twin Transportation, Intelligent Transport Systems 

for freight transport and logistics. The articles were organised 

into 'thematically' coded categories for developing a 

framework. 

Assumptions for the scenarios being simulated were obtained 

from other benchmarks identified within the literature as well 

as from surveys of reported industry performance. Within the 

scenario simulations that were designed to reflect the baseline 

condition of a logistics operator located within Europe who 

operated 500 vehicles (including road, rail, and air transport) 

and serviced 1,200 delivery points per day were established 

as baseline performance metrics for future comparison for 

each scenario simulation. 

In this simulation scenario of the CLN, it was assumed that 

each 'layer' of the chain would be fully deployed, providing 

an IoT sensor coverage of greater than 95% of the fleet 

telemetry uptime, and were part of a consortium of ten 

carriers with permissioned blockchain coverage over the 

service area. 

Table 3 describes the five dimensions to evaluate each 

scenario: 1. On Time Delivery Rate (Operational Efficiency) 

2. Per Shipment Logistics Costs (Economic Performance) 3. 

Supply Chain Resilience Score (The Amount of Capacity 

Recovered versus Lost over a 48 Hour Period) 4. Fleet 

Utilization Rate (Utilized Fleet Capacity as a Percentage of 

Total Fleet Capacity) 5. Per Shipment Carbon Dioxide 

Equivalent Emissions (Environmental Sustainability). 

 
 

Table 3: Performance Evaluation Metrics — Baseline vs. CLN Projection 
 

Metric Baseline CLN Projection Improvement 

On-time delivery rate 78% 93% +15 percentage points 

Logistics cost per unit Index 100 Index 74 −26% 

Supply chain resilience score 0.61 0.88 +44% 

Fleet utilisation 63% 84% +21 percentage points 

Carbon emissions (kg CO₂/shipment) 18.4 12.1 −34% 

Avg. exception resolution time (h) 6.2 1.4 −77% 

In the context of reduced sensor coverage (70%), partial 

adoption of blockchain (five out of ten partners), and latency-

associated V2X communication challenges, sensitivity 

analysis revealed that CLN maintained superior performance 

over the baseline conditions, although there were 15%–30% 

reductions in the magnitude of improvement relative to 

baseline conditions—an indication of the robustness of the 

framework design. 

 

5. Results and Discussion 

The summary of simulation projections provided in Table 3 

emphasizes the operational value of deploying CLN. The 15-

percentage-point increase in on-time delivery performance is 

indicative of the Agentic AI layer's ability to detect shipment 

deviations and take corrective action within seconds, unlike 

traditional TMSs that can only detect shipment deviation 

through scheduled batch processing updates. The 6.2-hour 

average resolution time for real-time exceptions being 

resolved with the use of autonomous agents as opposed to 

manual mitigation workflows (1.4 hours) further emphasizes 

the benefits of using autonomous agents. 

The expected 26% reduction in per-unit logistics costs is 

attributable to several CLN-enabled improvements all 

working together: digital twin-enabled predictive 

maintenance reduces unplanned downtime; ITS-enabled 

route optimisation reduces fuel consumption; and smart 

contract-based settlement eliminates administrative costs 

associated with invoicing carriers. Similarly, the 21-

percentage-point improvement in fleet utilisation reflects 

improved load consolidation, which occurs through real-time 

demand signals and AI-assisted dispatch planning. 

The improvement in resilience, which reflects an increase of 

44%, is especially important because large corporations have 

emphasized the need to create resilient supply chains in the 

post-pandemic world [8]. The immutability of blockchain 

technology allows for the quick reconstruction of events 

when incidents occur and the ability to create contingency 

routing plans with Digital Twin modelling allows for pre-

committing physical transportation. Agentic AI technology 

continues to monitor supplier and carrier health indicators 

and activates preventive sourcing actions if risk thresholds 

are exceeded.  

The reduction of per-shipment carbon emissions of 34% is 

reflective of switching to lower emissions rail and sea 

transportation services through multi-modal co-ordination 

(where time constraints allow), as well as the use of 

Intelligent Transportation Systems (ITS) technologies to 

reduce idle time and suboptimal routing [5]. This aligns the 

Collaborative Logistics Network (CLN) with the 

sustainability mandates that are being increasingly embedded 

in procurement and transportation regulations.  

Challenges associated with the practical implementation of 

IoT sensor technology include the capital cost of IoT sensor 

deployments, the difficulty of governing a blockchain 

consortium, and the organisational change management 

needed to transition from human-directed to agentic-directed 

logistics operations [7]. There is significant integration 

difficulty with legacy enterprise systems and the CLN's open 

APIs, particularly for small logistics operators. The 

regulatory landscape for autonomous decision making in 

transportation is still in its infancy, and ongoing collaboration 

from the industry and policymakers will be essential [15]. 

 

6. Conclusion 

This paper has introduced the Cognitive Logistics Network 

as an integrated framework that brings together Agentic AI, 

blockchain, Digital Twins, and Intelligent Transport Systems 

(ITS) for autonomous multimodal logistics operations. The 

evaluation of the CLN through simulation has shown 

tremendous improvements in the overall performance 

dimensions compared to the conventional baseline system 

(e.g. delivery efficiency increases significantly, logistics 
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costs decrease, supply chain resilience improves, fleet 

utilization increases, and emissions per shipment decrease 

materially). 

The layered architecture of the CLN produces a 

reinforcement effect on capabilities. For example, real-time 

telemetry provides the Agentic AI layer with situational 

awareness; blockchain record provides the basis of trust 

required for autonomous inter-organizational transactions; 

Digital Twin allows risk-free scenario planning; ITS 

integrates physical transportation environment; and 

multimodal coordination maximizes the potential of all 

modes of transportation. Together, all these capabilities 

create a new paradigm for autonomous self-healing logistics 

networks. 

Future studies need to cover three key area priorities: (i) Via 

practical use of the tool in a "pilot" type of environment to 

measure how much the tool will improve performance, (ii) 

Development of common standards for the protocols for, and 

ontologies of the data shared between, the various 

stakeholders in a logistics network, so that the common 

logistics network will be adopted on a wide scale, and (iii) 

Governance mechanisms that can be put in place to clarify 

issues of liability for autonomous decisions, data sovereignty 

regarding the use of shared ledgers, and certification of 

autonomous systems in safety-critical applications of 

transport need to be addressed urgently for both policy-

making and academic research purposes. The CLN 

framework proposed here is intended to serve as a conceptual 

framework to support the previous three areas of research. 
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