
RESEARCH ARTICLE 
 

 
RSP Science Hub 

International Research Journal on Advanced Science Hub 
2582-4376 

www.rspsciencehub.com 
       Vol. 07, Issue 06 June 

 
 

http://dx.doi.org/10.47392/IRJASH.2025.065 

 

    

 OPEN ACCESS 567 

 

Development of a Versatile and Fast Algorithm for Optimal Ship Routing in 

the Indian Ocean 
CH Lakshmi Kumari1, J Ravi Kiran2, P Komal Sai Charan3  
1,2,3Department of Information Technology, Mahatma Gandhi Institute of Technology, Gandipet, Hyderabad, 

Telangana, India. 

Email ID: chlakshmikumari_it@mgit.ac.in1, jravi_csb213223@mgit.ac.in2,   

pkomal_csb213248@mgit.ac.in3 

 

 

1. Introduction

In recent times, the shipping industry has come 

under great pressure to enhance navigation safety, 

minimize fuel use, and maximize route efficiency, 

prompted by heightened maritime trade and 

environmental factors. Conventional ship routing 

systems usually fail to keep pace with varying 

oceanic conditions, including variable weather 

patterns, sea currents, and seasonal phenomena, 

particularly in regions like the Indian Ocean. To 

overcome these challenges, smart routing systems 

based on artificial intelligence have come to the 

forefront. Machine learning techniques, especially 

Artificial Neural Networks (ANN), have proved 

capable of studying past navigation records and 

predicting best paths under different situations. 

With the combination of heuristic pathfinding 

techniques such as the A* algorithm, such systems 

are able to optimize routes for efficiency while 

ensuring safety and environmental issues. This 

research presents a hybrid ship route framework 

that integrates ANN for learning from historical 

voyage data and the A* algorithm for dynamic path 

calculation. This suggested system takes real-time 

data, such as weather conditions and sea state, to 

give a more flexible and reliable route planning 

method. In contrast to conventional static methods, 

this framework supports persistent route 

adaptation in order to decrease risk and increase 

efficiency. Past studies have focused on diverse 

aspects of ship routing. for instance, studied 

planning under time limitation, while Guzelbulut 

et al. applied ANN to route wind-assisted ships. In 

the present research, these studies are improved 

upon through the combination of ANN with A*'s 

proven capabilities, particularly in complex 

environments such as the Indian Ocean. [1] 
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This study introduces an innovative approach to ship routing in the Indian 

Ocean by integrating Artificial Neural Networks (ANN) and the A* algorithm. 

The proposed model dynamically adapts to environmental factors such as 

weather conditions, sea currents, and navigational hazards, aiming to 

enhance safety and operational efficiency. By leveraging historical route data 

and real-time inputs, the system offers improved route planning capabilities. 

Simulation results indicate notable enhancements in route accuracy, energy 

efficiency, and computational performance compared to traditional routing 

methods. This framework presents a scalable solution applicable to both 
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2. Methodologies 

The proposed ship routing framework combines 

Artificial Neural Networks (ANN) with the A* 

pathfinding algorithm to create optimized maritime 

routes based on environmental inputs and historical 

data. The methodology consists of three main 

phases: data preprocessing, ANN-based prediction, 

and route computation using the A* algorithm. [2] 

2.1. Data Collection and Preprocessing 

Historical routing data and environmental variables, 

including wind speed, wave height, current 

direction, and sea surface temperature, were 

gathered from publicly available maritime datasets. 

Data cleaning techniques were applied to address 

missing values and anomalies. The processed data 

were normalized to enhance performance and 

convergence speed during neural network training.  

2.2. Artificial Neural Network (ANN) 

Training 
A feedforward Artificial Neural Network was 

utilized to learn from historical ship movements and 

their corresponding environmental conditions. The 

ANN was trained to forecast the next optimal 

movement or waypoint based on current 

environmental inputs. The input layer contained 

normalized weather and oceanic parameters, while 

the output layer determined directional routing 

choices. The training employed backpropagation 

with a mean squared error (MSE) loss function. The 

dataset was divided into training and validation 

subsets to avoid overfitting. Following training, the 

ANN was able to suggest efficient directional 

movements given specific environmental contexts. 

2.3. A* Pathfinding Algorithm 

To ensure secure and practical navigation, the A* 

algorithm served as the primary route generator. It 

assessed all possible paths between the point of 

departure and the destination, assigning costs to 

each based on distance and hazard data (e.g., 

proximity to land or rough seas). The output from 

the ANN functioned as a heuristic bias, directing 

A* to prioritize safer and more efficient routes. 

The cost function f(n) = g(n) + h(n) was designed 

where: 

g(n) represents the actual distance or effort from 

the starting point to node n  

h(n) provides a heuristic estimate of the distance 

from node n to the target, adjusted through ANN-

predicted directional scores. This combined 

approach allowed the algorithm to circumvent 

hazardous areas while adapting to environmental 

changes dynamically. 

2.4. Route Visualization and Validation 

The resulting route was visualized using coordinate 

mapping overlaid on maritime charts. The route's 

effectiveness was assessed based on metrics such as 

total distance, safety index, and fuel efficiency 

estimates. Comparisons with traditional static 

routes revealed that the proposed system produced 

more adaptive and risk-aware paths. 

3. System Architecture 

The system architecture consists of the following 

interconnected modules: 

 Data Acquisition Module: Gathers 

historical ship movement and 

environmental data from public APIs and 

databases. 

 Preprocessing Unit: Cleans and 

normalizes the data, formatting it for input 

into the ANN. 

 Artificial Neural Network: Forecasts 

optimal directional decisions based on 

current environmental parameters.  

 A* Path Planner: Uses ANN predictions as 

heuristic support to determine the safest and 

most efficient route. 

 Visualization Engine: Displays the 

computed route on a map utilizing latitude 

and longitude data. 

 Evaluation Module: Analyzes planned 

route metrics such as distance, risk factor, 

and deviations from benchmarks. 

This modular structure guarantees scalability and 

adaptability to various marine zones and 

environmental datasets. 

4. Results and Analysis 

To assess the effectiveness of the proposed hybrid 

routing system, experiments were performed in 

simulated marine environments using actual 

datasets relevant to the Indian Ocean. Key 

environmental factors, including wind vectors, 

wave height, and current direction, were sourced 

from NOAA and CMEMS datasets, with historical 

routes serving as a comparison standard. [3] 

4.1. A* Algorithm Evaluation 

The A* algorithm employed a grid-based depiction 

of the maritime space, with each cell evaluated for 

safety and navigability. Cells representing land or 

hazardous regions were assigned higher traversal 

costs. Predictions from the ANN were used to 
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dynamically adjust the heuristic function, allowing 

the algorithm to effectively avoid danger 

zones. (Figure 1) 

 

 
Figure 1 Dynamic Route Simulation Indicating Real-Time Avoidance of Storm Zones, High Waves, 

and Navigational Constraints 

 

Figure 1 demonstrates how the algorithm 

successfully redirected the vessel based on real-time 

hazard detection during simulation. [4] 

4.2. Model Training and Performance 

The ANN model was trained on 80% of the data, 

reserving 20% for validation. Training progressed to 

convergence within 50 epochs using the Adam 

optimizer, achieving a mean squared error (MSE) of 

less than 0.02, indicating robust accuracy in 

predicting optimal directional movements across 

varying environmental conditions. (Figure 2) 

As illustrated in Figure 2, the ANN identified 

distance as the primary influencing factor for routing, 

while also accounting for wave conditions and vessel 

draft. [5] 

4.3. Route Visualization 

Leveraging Python visualization tools (such as 

Matplotlib and Basemap), the computed paths were 

mapped onto real-world charts. These visualizations 

clearly demonstrated that the ANN+A* model 

consistently avoided high-risk areas, particularly 

near coastlines and within storm-prone zones. [6] 

 

 

 
Figure 2 ANN Routing Performance Showing Accuracy Progression, Feature Weight distribution, and 

Training Weight Evolution Over Iterations 
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As illustrated in Figure 2, the ANN identified 

distance as the primary influencing factor for routing, 

while also accounting for wave conditions and vessel 

draft. (Figure 3) [7] 

  

 
Figure 3 Optimized Route from Gujarat to 

Mangalore with Waypoints Dynamically 

Adjusted to Remain Over Navigable Waters 

 

Table 1 Waypoint Coordinates for Gujarat–

Mangalore Route 

 
 

Figures 4 and Table 1 present an example short-

range route with five optimized waypoints, along 

with metrics including fuel consumption and CO2 

output. 

 

 
Figure 4 Ship Speed Performance in Knots 

Across the Route Speed Remained Stable 

Despite Varying Oceanic Segments 

4.4. Fuel Efficiency Evaluation 

 

 
Figure 6 Fuel Consumption and CO2 Emissions 

Over Distance Segments Emissions Peaked 

Mid-Route and Tapered Off Due to Optimized 

Adjustments 

 

Figure 6 illustrates the relationship between fuel 

usage and carbon emissions along the route. The 

ANN+A* hybrid routing enabled a more even 

distribution of fuel consumption, with reduced CO2 

levels near the start and end points. This validates 

the model’s contribution toward sustainable and 

eco-efficient navigation. [8] 

4.5. Discussion 

The experimental outcomes affirm the effectiveness 

of combining machine learning with heuristic 

pathfinding within a maritime context. The ANN 

model adeptly managed variations in input features, 

while the A* algorithm provided logical path 

computations. The system’s modularity allows for 

regional modifications and scalability, confirming 

its practicality for real-time ship routing 

applications. [9] 

 

 
Figure 5 Impact of Weather Conditions (Wind, 

Waves, Currents, Visibility) on Navigational 

Speed 
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As shown in Figure 5, waves and wind were 

identified as the most disruptive environmental 

elements. The ANN model showcased adaptive 

learning by prioritizing routes that minimized 

weather impact, thereby sustaining high average 

route speeds and reducing fuel waste. [10] 

Conclusion 

This research outlines a hybrid framework for ship 

routing that integrates Artificial Neural Networks 

(ANN) with the A* algorithm to enhance maritime 

navigation. By utilizing historical voyage data 

alongside real-time environmental information, the 

system dynamically calculates safer and more 

efficient routes, particularly in challenging marine 

regions such as the Indian Ocean. The ANN 

component adeptly captures environmental patterns 

to inform routing directions, while the A* algorithm 

ensures navigational safety and hazard avoidance. 

Experimental findings demonstrate improvements in 

route safety, fuel efficiency, and adaptability over 

traditional static routing methods. The modular 

design of the proposed architecture facilitates easy 

extension or adaptation for various marine conditions 

and expanded datasets. This approach marks a 

significant contribution to the development of 

intelligent and automated marine navigation 

systems.[11] 

Future Scope 

The hybrid ship routing system that is proposed can 

further be improved through a number of 

advancements. Among them is the adoption of 

Reinforcement Learning (RL). In contrast to typical 

supervised learning, RL enables the system to 

improve its routing methods through continuous 

interaction with changing maritime circumstances. 

This would make it possible for the model to adjust 

in real-time according to sudden weather changes, 

sea state fluctuations, and operational issues, 

resulting in enhanced robustness and autonomy. 

Furthermore, the inclusion of Automatic 

Identification Systems (AIS) would enhance the 

responsiveness and accuracy of the routing system. 

Real-time AIS data provides essential information 

about vessel locations, traffic concentrations, and 

navigation hazards. The system can utilize this 

information to pre-emptively avoid congested zones 

and dynamically relocate vessels to reduce the risk of 

collision, particularly in high-density areas. 

Subsequent versions of this model may look into 

coordinating multiple agents in fleet routing, 

enabling collaborative path planning among ship 

groups. In addition, integrating the system with high-

resolution satellite imagery and incorporating 

emission-oriented optimization factors will assist in 

eco-route selection according to global maritime law. 

Together, these advances may propel the 

development of a completely autonomous and 

sustainable maritime navigation system with a 

capability to learn and adapt in complicated and 

evolving maritime environments. 
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