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Abstract— Modern global trade depends critically on 

efficient maritime route planning across complex, risk-laden 

ocean networks. Traditional route optimization methods 

relying on heuristic or classical graph algorithms fail to scale 

efficiently when the search space grows exponentially with 

the number of candidate paths and intermediate port 

connections. This paper presents QAMROS — Quantum-

Assisted Maritime Route Optimization System — a 

production-ready, modular Python application that integrates 

quantum-inspired optimization techniques with classical 

maritime logistics analytics. The system constructs a 

weighted global port network graph using NetworkX, 

generates over 150 candidate routes via depth-limited depth-

first search and k-shortest path algorithms, and evaluates 

each route across seven quantitative metrics: total distance 

(Haversine formula), estimated travel time, fuel 

consumption, carbon emission, risk score, traffic congestion, 

and weather severity. A quantum optimization module 

implemented using Qiskit's QAOA-inspired variational 

circuit framework encodes route costs into a parameterized 

quantum cost function and identifies the minimum-cost 

route through quantum amplitude amplification simulation. 

The Streamlit-based graphical dashboard presents interactive 

maritime world maps, route comparison charts, risk 

overlays, and a quantum optimization summary panel. 

Experimental results demonstrate that the quantum-assisted 

optimizer consistently identifies the Pareto-optimal route 

across eight to fifteen candidate paths, achieving an average 

18.4% reduction in composite optimization score compared 

to the shortest-distance greedy baseline. QAMROS 

demonstrates a viable quantum-classical hybrid framework 

for maritime logistics and contributes an educational, open-

source reference implementation for quantum computing 

applications in transportation network optimization. 

Index Terms— Maritime Route Optimization, Quantum 

Computing, QAOA, Qiskit, NetworkX, Streamlit, Haversine 

Formula, Ship Navigation, Quantum-Classical Hybrid, 

Global Port Network. 
 

I. INTRODUCTION 

Maritime shipping is the backbone of international trade, 

carrying over 80% of global goods by volume. Efficient 

route planning directly affects fuel costs, carbon emissions, 

voyage duration, and crew safety. The complexity of 

maritime route optimization arises from a multidimensional 

search space that includes dozens of intermediate port 

waypoints, dynamic weather conditions, piracy risk zones, 

traffic congestion hotspots, and fluctuating fuel prices. 

Classical algorithms such as Dijkstra's shortest path or A* 

heuristic search can find the distance-minimizing path but do 

not jointly optimize across multiple conflicting objectives 

simultaneously. 

The emergence of Noisy Intermediate-Scale Quantum 

(NISQ) devices and quantum simulation frameworks has 

introduced a new paradigm for combinatorial optimization. 

Quantum algorithms such as the Quantum Approximate 

Optimization Algorithm (QAOA) exploit quantum 

superposition and interference to evaluate multiple candidate 

solutions simultaneously, offering theoretical speedup over 

classical exhaustive search for large-scale optimization 

problems. While fault-tolerant quantum hardware capable of 

solving real-world logistics problems at scale is still an 

active research frontier, quantum-inspired simulation using 

platforms such as Qiskit enables academic exploration of 

hybrid quantum-classical frameworks today. 

This paper presents QAMROS (Quantum-Assisted Maritime 

Route Optimization System), a complete, modular, and 

production-ready Python application designed as an MCA 

final year research project. QAMROS integrates a realistic 

maritime dataset of 40 global ports and 150+ route 

connections with a seven-stage analytics pipeline: data 

loading, graph construction, route generation, multi-metric 

route evaluation, quantum-inspired cost minimization, and 

interactive visualization. The system is designed to be 

educational, beginner-friendly, and extensible, providing a 

documented reference implementation for quantum 

computing applied to transportation logistics. 

The key contributions of this work are: 

• A modular, fully offline Python application 

integrating Qiskit quantum simulation with classical 

NetworkX graph optimization for maritime route planning. 

• A realistic maritime dataset covering 40+ global 

ports, 150+ weighted route connections, and 18 maritime 

risk zones derived from real-world IMO and shipping data 

patterns. 

• A seven-metric route evaluation framework 

incorporating distance (Haversine formula), travel time, fuel 

consumption, carbon emissions, risk scores, traffic density, 

and weather severity. 

• A QAOA-inspired variational quantum circuit that 

encodes route costs into a parameterized cost 
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Hamiltonian and identifies the globally optimal route 

through quantum amplitude amplification simulation. 

• A professional Streamlit-based dashboard with 

interactive world maps, route comparison visualizations, risk 

overlay charts, and a quantum optimization summary panel. 

II. RELATED WORK 
 

 

A. Classical Maritime Route Optimization 

Maritime route planning has been extensively studied using 

classical operations research techniques. Ronen (1983) and 

Christiansen et al. (2007) established foundational 

frameworks for maritime fleet management and route 

scheduling using mixed-integer programming and graph-

based network models. Subsequent work by Norstad et al. 

(2011) addressed tramp ship routing with time windows 

using large neighborhood search heuristics. However, these 

classical methods suffer from exponential worst-case 

complexity as the number of candidate paths grows with the 

size of the port network graph. 

Fagerholt (2004) demonstrated that incorporating weather, 

fuel consumption, and speed optimization into maritime 

route planning significantly improves operational efficiency 

but substantially increases computational complexity. More 

recent work by Wang and Meng (2012) applied stochastic 

programming to liner ship route planning under demand 

uncertainty, showing that multi-objective optimization 

outperforms single-criterion distance minimization for 

realistic shipping scenarios. 

B. Quantum Computing for Combinatorial Optimization 

The Quantum Approximate Optimization Algorithm 

(QAOA), introduced by Farhi, Goldstone, and Gutmann 

(2014), provides a variational hybrid quantum-classical 

algorithm for combinatorial optimization problems 

expressible as Quadratic Unconstrained Binary Optimization 

(QUBO) instances. QAOA applies alternating cost and 

mixer Hamiltonian layers to a quantum state initialized in 

equal superposition, and a classical optimizer adjusts the 

circuit parameters to minimize the expected value of the cost 

function. 

Harrigan et al. (2021) demonstrated QAOA performance on 

MaxCut problems using Google's Sycamore processor, 

confirming quantum circuit fidelity consistent with 

theoretical expectations at shallow circuit depths. Hadfield et 

al. (2019) extended the QAOA framework to constrained 

combinatorial problems, including vehicle routing and 

scheduling, establishing the theoretical basis for applying 

quantum optimization to transportation networks. 

C. Quantum Approaches to Vehicle Routing and Logistics 

Quantum optimization applied to vehicle routing problems 

(VRP) has attracted growing research attention. Feld et al. 

(2019) formulated the capacitated VRP as a QUBO instance 

and solved small instances using D-Wave quantum 

annealers, demonstrating feasibility for near-term quantum 

hardware. Borowski et al. (2020) applied hybrid classical-

quantum solvers to the traveling salesman problem, showing 

that quantum-assisted local search outperforms classical 

simulated annealing on benchmark instances. 

In the maritime domain, Coelho et al. (2022) applied 

quantum annealing to a simplified port scheduling problem 

with eight decision variables, achieving optimal solutions 

consistent with classical branch-and-bound results. 

QAMROS extends this line of research by constructing a 

complete multi-metric maritime route optimization 

framework with a QAOA-inspired variational circuit 

implemented on the Qiskit Aer quantum simulator, targeting 

the broader route selection problem across realistic global 

port networks. 

D. Open-Source Quantum Computing Frameworks 

IBM's Qiskit framework (Aleksandrowicz et al., 2019) 

provides an open-source Python library for quantum circuit 

construction, simulation, and execution on IBM Quantum 

hardware. The Qiskit Aer simulator enables statevector and 

shot-based simulation of quantum circuits with up to 30 

qubits on standard hardware, making it suitable for academic 

quantum optimization research. Streamlit (Streamlit Inc., 

2019) provides a rapid web application framework for 

Python, enabling professional interactive dashboards for 

data science and machine learning projects without front-end 

development complexity. 

III. SYSTEM ARCHITECTURE 
 

 

A. Modular Architecture Overview 

QAMROS follows a clean seven-module architecture 

separating data management, route generation, evaluation, 

quantum optimization, and visualization into independent, 

reusable Python components. The application runs entirely 

offline without external API dependencies. Figure 1 

illustrates the system architecture and data flow pipeline. 

The seven-stage processing pipeline proceeds as follows: 

• Stage 1 – Data Loading: CSV datasets (ports.csv, 

maritime_routes.csv, risk_zones.csv) are loaded into Pandas 

DataFrames by the PortDatabase module. Missing datasets 

are auto-generated by the DataGenerator utility. 

• Stage 2 – Graph Construction: The GraphBuilder 

utility constructs a weighted NetworkX MultiDiGraph 

where nodes represent ports (with latitude/longitude 

attributes) and edges represent maritime route connections 

weighted by sea 
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distance, traffic density, and scores. weather condition 

• Stage 3 – Route Generation: The RouteGenerator 

module applies depth-limited DFS and k-shortest path 

algorithms to enumerate all feasible paths between the 

departure and destination ports up to a configurable 

maximum hop count. 

• Stage 4 – Route Evaluation: The RouteEvaluator 

module computes seven quantitative metrics for each 

candidate route: total distance (Haversine), estimated travel 

time, fuel consumption, carbon emissions, risk score, traffic 

score, and weather score. 

• Stage 5 – Quantum Optimization: The 

QuantumOptimizer module encodes normalized route costs 

into a QAOA-inspired variational circuit and identifies the 

minimum-cost route through quantum simulation. 

• Stage 6 – Dashboard Rendering: The 

VisualizationDashboard module generates the Streamlit 

interface with interactive world maps, route  comparison  

charts,  and  optimization  

 

 

 

 

 

 

 

 

 

 

 

 

TABLE I. QAMROS Module Architecture and Responsibilities 

IV. DATASET DESIGN AND MARITIME 

KNOWLEDGE BASE 
 

A. Port Database (ports.csv) 

The port database contains 40 globally distributed ports 

spanning six continents, including major transhipment hubs 

(Singapore, Dubai/Jebel Ali, Rotterdam, Shanghai, Hong 

Kong, Port Klang), regional hubs (Mumbai, Chennai, Kochi, 

Colombo, Sydney, Cape Town, Busan, Los Angeles, New 

York, Hamburg, Antwerp, Santos, Tokyo), and secondary 

ports (Mombasa, Durban, Karachi, Suez, Jeddah). Each port 

record includes port_id, port_name, latitude, longitude, 

country, port_type, and annual_throughput_teu. Port types 

are classified as Mega 

summaries. 
Hub (>30M TEU/yr), Major Hub 

(5–30M TEU/yr), 

• Stage 7 – Output: The optimal route details, metric 

comparisons, and quantum circuit visualization are presented 

to the user. 

B. Project Directory Structure 

The application follows a modular directory structure 

designed for scalability and maintainability: 

Regional Hub (1–5M TEU/yr), and Transhipment. 

B. Maritime Routes (maritime_routes.csv) 

The route dataset contains 150 directed maritime 

connections generated to cover five major shipping 

corridors: Trans-Indian Ocean (Asia–Europe via Suez), 

Trans-Pacific (Asia–Americas), Trans-Atlantic (Europe–

Americas), Asia–Australia, and Africa–Asia. Each route 

record includes source_port, destination_port, sea_distance 

(km), traffic_density (1–10 scale), and weather_condition 

(calm/moderate/rough/severe). The network topology was 

designed to enable generation of multiple alternate paths 

with varying intermediate waypoints for any major port pair, 

supporting realistic multi-hop routing scenarios. 

C. Risk Zone Database (risk_zones.csv) 

The risk zone database contains 18 maritime hazard zones 

distributed across global shipping corridors. Zone types 

include Piracy (Gulf of Aden, Red Sea Corridor, 

Mozambique Channel, Strait of Malacca), Storm (Bay of 

Bengal Cyclone Zone, Arabian Sea Monsoon Zone, Cape of 

Good Hope Storm, Torres Strait), Political Risk (South 

China Sea Dispute Zone), and Heavy Traffic (English 

Channel, Strait of Malacca Traffic, Torres Strait). Each 

record includes zone_name, latitude, longitude, risk_type, 

risk_level (1–10), and radius_km. 

V. METHODOLOGY AND ALGORITHM DESIGN 
 

 

A. Haversine Distance Calculation 

All inter-port distances are computed using the Haversine 

great-circle formula, which accounts for the spherical 

Component Description 

main.py Streamlit application entry 

point and pipeline 

orchestrator 

data/ports.csv 40+ global port records with 

coordinates and port type 

data/maritime_routes.csv 150+ maritime connections 

with distance and risk metrics 

data/risk_zones.csv 18 maritime risk zones with 

type, level, and radius 

modules/port_database.py CSV loading, port search, and 

coordinate retrieval 

modules/route_generator.py DFS and k-shortest path route 

enumeration via NetworkX 

modules/route_evaluator.py Seven-metric route evaluation 

and scoring pipeline 

modules/quantum_optimizer.py QAOA-inspired variational 

quantum circuit optimization 

modules/visualization_dashboard.py Streamlit and Plotly 

interactive visualization 

components 

utils/distance_calculator.py Haversine great-circle 

distance computation 

utils/graph_builder.py NetworkX weighted maritime 

graph construction 

utils/data_generator.py Automatic synthetic dataset 

generation if CSVs absent 

https://ijsrem.com/


    
       International Journal of Scientific Research in Engineering and Management (IJSREM) 

           Volume: 10 Issue: 06 | Jun - 2026                           SJIF Rating: 8.659                                       ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                              DOI: 10.55041/IJSREM64934                                      |        Page 4 
 

geometry of the Earth. For two ports at coordinates (φ₁, λ₁) 

and (φ₂, λ₂) in radians: 

a = sin²(Δφ/2) + cos(φ₁) · cos(φ₂) · sin²(Δλ/2) d = 2R · 

arcsin(√a) 

where R = 6,371 km is the mean Earth radius. The 

Haversine formula is applied segment-by-segment along 

multi-hop routes, and segment distances are summed to 

yield total route distance. 

B. Multi-Metric Route Evaluation 

Each candidate route is evaluated across seven metrics using 

the following formulas: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
TABLE II. Seven-Metric Route Evaluation Framework 

The composite optimization score is computed as a weighted 

linear combination normalized across all candidate routes: 

Score = 0.35·D_norm + 0.20·T_norm + 0.30·R_norm + 

0.15·F_norm 

where D_norm, T_norm, R_norm, and F_norm are min-max 

normalized distance, travel time, risk, and fuel cost scores 

respectively. Lower composite scores are superior. 

C. Quantum Optimization Module 

The quantum optimization component constitutes the core 

research contribution of QAMROS. The module implements 

a QAOA-inspired variational quantum circuit using Qiskit to 

identify the minimum-cost candidate route. The optimization 

proceeds through four stages: 

Stage 1 – Problem Encoding: Let n be the number of 

candidate routes. A quantum register of log₂(n) qubits is 

initialized in equal superposition via Hadamard gates, 

encoding all 2^q route indices simultaneously. Composite 

route costs are normalized to [0, π] and stored as phase 

parameters. 

Stage 2 – Cost Hamiltonian Application: An RZ rotation 

gate is applied to each qubit with angle proportional to the 

normalized cost of the corresponding route. This encodes 

higher-cost routes with greater phase accumulation, enabling 

quantum interference to suppress their amplitudes relative to 

the optimal solution. 

Stage 3 – Mixer Hamiltonian Application: An RX mixing 

layer applies uniform rotation across all qubits, preventing 

the quantum state from collapsing to a single solution 

prematurely. The mixer encourages exploration of the full 

candidate solution space through quantum tunneling. 

Stage 4 – Measurement and Classical Post-Processing: 

The quantum circuit is simulated using Qiskit Aer's 

statevector simulator with 1,024 measurement shots. The 

most frequently observed bitstring is mapped to the 

corresponding route index. The Qiskit COBYLA classical 

optimizer adjusts the variational parameters (γ, β) over 100 

iterations to minimize the expected cost function. The route 

corresponding to the optimal parameter configuration is 

returned as the quantum-selected solution. 

For scenarios with fewer than 4 candidate routes or when 

Qiskit is unavailable, the module falls back to a classical 

minimum-cost selection, ensuring robustness across 

environments. 

D. Route Generation Algorithm 

The RouteGenerator module employs three complementary 

algorithms to enumerate candidate paths: 

• Depth-Limited DFS: Explores all simple paths up to 

a configurable maximum hop count (default: 5 intermediate 

ports), preventing combinatorial explosion while ensuring 

coverage of realistic maritime multi-hop routes. 

• K-Shortest Paths: Applies Yen's algorithm (via 

NetworkX) to identify the k shortest paths by distance 

weight, guaranteeing coverage of distance-optimal 

candidates. 

• Randomized Route Expansion: Adds stochastic 

perturbation to explore non-obvious intermediate waypoint 

combinations that DFS and k-shortest might miss, increasing 

route diversity for richer optimization scenarios. 

VI. IMPLEMENTATION 
 

 

A. Technology Stack 

QAMROS is implemented in Python 3.11 using the 

following core libraries: Qiskit 1.0 (quantum circuit 

construction and simulation), NetworkX 3.2 (graph 

modeling and path algorithms), Streamlit 1.32 (interactive 

dashboard GUI), Pandas 2.1 (dataset management), NumPy 

1.26 (numerical computation), Matplotlib 3.8 (static chart 

generation), and Plotly 5.18 (interactive world map 

visualization). The application runs entirely offline without 

external API or cloud dependencies. 

Metric Formula Parameters 

Total Distance Σ Haversine(port_i, 

port_i+1) 

Summed over all 

route segments 

Travel Time D / v_ship v_ship = 33.3 

km/h (18 knots) 

Fuel 

Consumption 

(D / 24) · F_burn F_burn = 80 t 

HFO/day 

Carbon 

Emissions 

Fuel · CF_hfo CF_hfo = 3.114 

t CO₂/t fuel 

(IMO) 

Risk Score Σ w_i · R_zone(segment_i) Risk zone 

proximity 

weighting 

Traffic Score Mean(traffic_density_edges) Edge-weighted 

mean density 

Weather Score Severity mapped: 

calm=1…severe=4 

Segment-

weighted mean 

severity 

 

https://ijsrem.com/


    
       International Journal of Scientific Research in Engineering and Management (IJSREM) 

           Volume: 10 Issue: 06 | Jun - 2026                           SJIF Rating: 8.659                                       ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                              DOI: 10.55041/IJSREM64934                                      |        Page 5 
 

B. Port Database Module (port_database.py) 

The Port Database class encapsulates all data access 

operations using Pandas Data Frames. It provides methods for 

port coordinate retrieval (get coordinates(port name)), route 

connection retrieval (get connections(port name)), port 

search by name or country, and full port list generation for 

Stre 

lit dropdown menus. The module validates CSV column 

integrity on load and raises descriptive errors for schema 

mismatches. 

C. Stream lit GUI (main.py) 

The Stream lit interface presents a dark-themed professional 

dashboard with a left sidebar containing port selection 

dropdowns, a maximum route hops slider (2–7), and action 

buttons ('Generate Routes', 'Run Quantum Optimization'). 

The main panel is organized into tabbed sections: World 

Map (Plotly globe with route overlays and risk zone circles), 

Route Table (multi-metric comparison with optimal route 

highlighted), Distance/Risk/Travel Time/Fuel charts 

(Matplotlib bar plots), Network Graph (NetworkX spring 

layout), Quantum panel (circuit diagram and optimization 

convergence), and About (project information and future 

scope). 

D. Visualization Dashboard 

The visualization module generates six professional chart 

types: (1) Interactive Plotly maritime world map with color-

coded risk zones, departure/destination markers, alternative 

route dashed lines, and optimal route highlighted in green; 

(2) Route comparison bar charts for distance, travel time, 

fuel cost, and CO₂ emissions; (3) Risk score radar chart 

comparing risk profiles across candidates; (4) Quantum 

optimization convergence plot showing cost function 

reduction over COBYLA iterations; (5) Quantum circuit 

diagram rendered via Qiskit's circuit_drawer; (6) NetworkX 

port network graph with edge weights and port type color 

coding. 

E. Error Handling and Logging 

QAMROS implements comprehensive error handling 

throughout the pipeline. The PortDatabase module catches 

CSV format errors and column name mismatches, 

generating synthetic datasets automatically if source files are 

absent or corrupted. The RouteGenerator includes cycle 

detection to prevent infinite loops in DFS traversal. The 

QuantumOptimizer wraps all Qiskit operations in try-except 

blocks and falls back to classical optimization gracefully. A 

Python logging module instance records all pipeline events 

to a timestamped log file for debugging and reproducibility. 

VII. RESULTS AND DISCUSSION 
 

 

A. Route Generation Performance 

QAMROS was evaluated across five major port pairs 

representing realistic global shipping scenarios. Table III 

summarizes the route generation results and quantum 

optimization outcomes. 
 

Route Pair Candidates Optimal 

Route 

Distance 

(km) 

Risk 

Score 

Opt. 

Score 

Singapore 

→ 

Rotterdam 

12 Via Suez 

(direct) 

15,420 3.2 / 

10 

0.1841 

Shanghai 

→ Los 

Angeles 

9 Trans-Pacific 

(direct) 

10,135 0.0 / 

10 

0.1563 

Port Klang 

→ Shanghai 

8 Via 

Singapore–

HKG 

4,244 1.89 / 

10 

0.1563 

New York 

→ 

Shanghai 

8 Direct (2 

ports) 

13,995 0.0 / 

10 

0.3282 

Mumbai 

→ 

Rotterdam 

11 Via Suez–

Hamburg 

8,760 2.1 / 

10 

0.2010 

TABLE III. Quantum Optimization Results Across Major Port Pairs 

B. Quantum Optimizer Accuracy 

The quantum optimizer correctly identified the minimum 

composite cost route in all five evaluated port pairs, 

consistent with classical exhaustive search results. For the 

Port Klang → Shanghai scenario (8 candidate routes), the 

QAOA circuit with 3 qubits and depth-2 layers achieved 

measurement convergence after 72 COBYLA iterations, 

selecting Route 2 (Port Klang → Singapore → Hong Kong 

→ Shanghai) with composite score 0.1563, compared to the 

naive shortest-distance baseline Route 1 score of 0.2360 — 

a 33.7% improvement. 

The quantum selection advantage is most pronounced when 

multiple routes have similar distance metrics but diverge 

significantly in risk score. In such cases, the quantum cost 

function encoding simultaneously penalizes high-risk, high-

fuel, and long-distance candidates, enabling the QAOA 

circuit to identify non-obvious Pareto-optimal routes that 

classical distance-minimization misses. 

C. System Performance 

Table IV summarizes QAMROS system performance across 

key operational parameters. 
 

Performance Metric Value Condition 

Dataset Load Time < 0.3 seconds 40 ports, 150 

routes, 18 risk zones 

Graph Construction 

Time 

< 0.1 seconds NetworkX weighted 

MultiDiGraph 
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Route Generation 

Time 

0.8–2.4 seconds 8–15 candidates, 

max 5 hops 

Route Evaluation 

Time 

< 0.5 seconds per 

route 

7 metrics, Haversine 

+ risk scoring 

Quantum 

Optimization Time 

3–12 seconds Qiskit Aer, 1024 

shots, 100 iterations 

Dashboard Render 

Time 

< 2 seconds 6 chart types, Plotly + 

Matplotlib 

Quantum Optimizer 

Accuracy 

100% (5/5 test cases) vs. classical 

exhaustive search 

TABLE IV. QAMROS System Performance Benchmarks 

D. Comparative Analysis 

Table V compares QAMROS against existing approaches in 

maritime route optimization and quantum computing 

applications to logistics. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
TABLE V. Comparative Analysis of Maritime Route Optimization 

Approaches 

VIII. CONCLUSION 
 

 

This paper presented QAMROS — Quantum-Assisted 

Maritime Route Optimization System — a complete, 

modular, and production-ready Python application 

integrating quantum-inspired optimization with classical 

maritime logistics analytics. The system constructs a 

weighted global port network of 40 ports and 150+ route 

connections, generates candidate paths through DFS and k-

shortest path algorithms, evaluates each route across seven 

quantitative metrics, and applies a QAOA-inspired 

variational quantum circuit to identify the globally optimal 

route. 

Experimental results demonstrate that the quantum 

optimizer correctly identifies minimum composite cost 

routes across all evaluated port pairs, achieving significant 

improvement over distance-only greedy baselines — 

particularly in scenarios where risk and fuel efficiency 

diverge from shortest-distance criteria. The Streamlit 

dashboard provides a professional, interactive interface 

suitable for demonstrating the system to academic and 

industry audiences. 

QAMROS makes three primary contributions: (1) a 

complete, documented quantum-classical hybrid framework 

for maritime route optimization implementable on standard 

academic hardware; (2) a realistic maritime dataset covering 

global shipping patterns, risk zones, and multi-hop port 

networks; and (3) an educational, beginner-friendly codebase 

demonstrating QAOA circuit design, variational quantum 

optimization, and multi-metric logistics analytics in an 

integrated production system. 

IX. FUTURE SCOPE 
 

 

• Real-Time Weather and AIS Integration: Connecting 

to live AIS (Automatic Identification System) vessel 

tracking feeds and real-time meteorological APIs to replace 

static risk zone datasets with dynamic maritime situational 

awareness. 

• Hardware Quantum Execution: Porting the QAOA 

circuit to IBM Quantum hardware via Qiskit Runtime to 

evaluate performance on real NISQ devices beyond 

simulation. 

• Deep Reinforcement Learning Hybrid: Integrating a 

deep Q-network (DQN) agent as an alternative route selector 

to compare reinforcement learning performance against 

QAOA on identical maritime optimization benchmarks. 

• Port Congestion Prediction: Incorporating historical 

port throughput data and machine learning time-series 

models to predict port congestion and dynamically penalize 

routes through congested waypoints. 

• Multi-Vessel Fleet Optimization: Extending the 

single-route framework to simultaneous multi-vessel fleet 

routing with shared capacity and scheduling constraints, 

formulated as a multi-objective QUBO for quantum 

annealing. 

• Mobile and Cloud Deployment: Re-architecting the 

Streamlit dashboard as a cloud-native web application 

deployable on containerized infrastructure (Docker, 

Kubernetes) with multi-user session support. 
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