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Abstract:   Key issues in marine logistics and environmental sustainability are addressed by the” Maritime Emissions Prediction 

and Berth Scheduling System”. Although maritime transportation is essential to world trade, it also has a major negative impact on 

greenhouse gas emissions and air pollution. Using machine learning approaches for emissions prediction and optimization 

algorithms for berth scheduling, we present a comprehensive system in this research. To anticipate emissions levels based on ship 

features and operational factors, the emissions prediction component uses sophisticated machine learning models such as 

LightGBM, Random Forest, and Feed Forward Neural Network (FNN). In addition, to effectively assign berths while considering 

variables like vessel type, size, and environmental impact, the berth scheduling module uses Mixed-Integer Linear Programming 

(MILP) optimization. The system’s objectives are to improve maritime transportation’s operational effectiveness, lower emissions, 

and lessen its negative environmental effects. To ensure the suggested system remains relevant and effective in the changing 

maritime sector landscape, future additions could involve integrating with port management systems, optimizing for dynamic 

environmental conditions, and incorporating real-time data streams. 

 

IndexTerms - Maritime emissions prediction, Berth scheduling, Machine learning, Optimization, Environmental 

sustainability. 

I. INTRODUCTION 

 Since technology makes it easier to carry commodities and goods across international waters, marine transportation has become 

a key component of global trade in recent years. The marine industry is essential to progress and prosperity economically, but it also 

significantly contributes to the degradation of the environment and greenhouse gas emissions. It is imperative to address the 

environmental impact of maritime activities as worries over climate change and environmental sustainability grow. The 

implementation of fuel economy measures and the creation of emission control areas are just two of the initiatives and regulations 

that the International Maritime Organization (IMO) has put in place to reduce ship emissions. However, creative solutions that go 

above and beyond legal compliance are needed to achieve significant reductions in maritime emissions. The main objective of this 

project is to create a complete system for berth scheduling and maritime emissions prediction with the overall goal of advancing 

environmental sustainability and operational effectiveness in maritime logistics. The suggested solution seeks to maximize 

environmental performance, reduce emissions, and optimize vessel operations by utilizing cutting-edge technology like machine 

learning and optimization algorithms. This study’s two main goals are as follows: The first step is to create precise predictive models 

that account for a variety of criteria, including engine specifications, operational parameters, vessel type, size, and emissions from 

maritime vessels. The second step is to create and put into practice optimization algorithms for effective berth scheduling that take 

into account variables including operating needs, vessel characteristics, port capacity, and environmental restrictions. This research 

is important because it may provide useful strategies to lessen the negative environmental effects of maritime transportation while 

enhancing the operational performance and financial viability of shipping firms and port authorities. Through the integration of 

emissions forecast and berth scheduling into a cohesive system, relevant parties can make well-informed decisions that strike a 

balance between economic and environmental factors. The methods used to create the emissions prediction models and optimization 

algorithms will be covered in detail in the sections that follow, along with an analysis of the outcomes of empirical testing and 

validation. We will wrap up by discussing the research’s consequences and potential directions for future studies in the fields of 
environmental sustainability and maritime logistics.   

II. LITERATURE REVIEW 

 A rising number of people have been interested in applying machine learning approaches to various maritime operations 

difficulties in the past few years, especially when it comes to lowering emissions, streamlining port operations, and enhancing air 

quality. To improve environmental sustainability in maritime operations, several research has looked into the use of machine learning 

models to forecast and reduce shipping emissions (2017) created predictive models utilizing machine learning to generate a shipping 

emission inventory, Fletcher et al. (2018) [1], [3], [5]. To create greener ports, Paternina-Arboleda et al. assess sulfur dioxide 

emissions in maritime facilities [1]. To use machine learning approaches, demonstrating the potential Peng et al.’s (2020) machine 
learning model included green port activities and was centered on predicting the energy consumption of ships at ports [5].  
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Additionally, port and ship traffic’s effect on urban air quality has been evaluated using machine learning, providing insights into 
possible environmental consequences [2], [1]. Using a case study from Barcelona, Fabregat et al. (2021) used machine learning to 

calculate the effect of ports and cruise ship traffic on urban air quality [2]. In a similar vein, Cammin et al. (2020) underlined the 

significance of data-driven techniques in environmental management by investigating the applications of real-time data to reduce air 

pollution in maritime ports [6]. 

Improving efficiency and lessening environmental impact requires optimizing ship schedules and port operations. The application 
of machine learning in this situation has been the subject of several studies [7], [8]. With an emphasis on attaining low-carbon shipping, 
El Mekkaoui et al. (2019) presented a technique for enhancing port operations planning using machine learning [4]. In their 2021 study, 

Guo et al. focused on multi-period coordinated optimization for yard assignment and berth assignment in container terminals, 
emphasizing the contribution of machine learning to better port logistics [12]. Effective mitigation solutions have been provided by 
machine learning algorithms, which have been used to anticipate and manage air pollution [8], [9]. With a case study applied to Tehran, 

the capital city, Delavar et al. (2019) presented a unique strategy based on machine learning techniques for enhancing air pollution 
prediction [8]. Zhu et al. (2018) created a machine-learning method for predicting air quality that prioritizes model optimization and 
regularization [9].  

In an effort to increase sustainability and efficiency, machine-learning approaches have also been used to optimize infrastructure, 
design, and maritime operations [10],[11]. Robust ship scheduling with different time frames was discussed by Christiansen and 

Fagerholt (2002), who emphasized the significance of optimization in maritime logistics [15]. Li et al.(2020) highlighted the need for 
effective scheduling in port operations when they recommended optimized appointment scheduling for export container deliveries 
at marine terminals [13]. 

III. SYSTEM ARCHITECTURE 

The system architecture for the port berth scheduling system consists of several key components, each playing a vital role in 

managing ship arrivals, scheduling berths, and optimizing port operations. 

 

Fig no 3.1 Architecture Diagram  

3.1 Port Authority 

      The part of the port authority is in charge of gathering and organizing data regarding ship arrivals and departures. It 

collects information on ship names, arrival and departure times, and estimated emissions. The mechanism for scheduling berths 

receives this data as input. 

 

3.2 Scheduled Info 

      This segment shows the names, berth assignments, arrival and departure timings, and scheduled information for ships. It offers 

a preview of the scheduled ship movements inside the harbor. 

 

3.3 Arrival Information  
      Real-time information on ship arrivals, including actual arrival timings and any delays incurred by the ships, is provided via the 

Arrival Information component. This data makes it possible to monitor the status of ship movements and promptly alter berth 

schedules. 
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3.4 Priority 

      Ships are given priority by the priority component according to several criteria, including the kind and value of the cargo. It 

guarantees that important shipments are given priority when it comes to scheduling and berth allocation. 

 

3.5 Ship Arrival 

    This element shows the ship’s scheduled arrival time, which is the anticipated time of arrival at the port. It acts as a benchmark 

for evaluating the timeliness of ship arrivals and comparing real arrival times. 

  

3.6 Emission Estimate 

      An estimation of the emissions produced by each ship is given by the Emissions Estimate component. It promotes initiatives 

to lessen pollution from maritime operations and aids in monitoring the effects on the environment. 

 

3.7 Machine Learning Model 

      The part of the machine learning model that predicts ship arrival times does so by using past data. Through the examination of 

historical arrival trends and outside variables, like meteorological conditions, the model increases berth scheduling precision and 

boosts overall port productivity. 

 

3.8 Priorities Real-Time Berth Info 

     This part provides real-time data on ship berth assignments, including the ships’ present locations in the port and the anticipated 

times of their arrival at the assigned berths. Port authorities can monitor ship movements and maximize berth use in response to 

dynamic circumstances thanks to it. 

 

3.9 Berth Scheduling 

      Incoming ships are assigned berths by the Berth Scheduling component according to several factors, including ship size, cargo 

kind, and priority. It makes use of sophisticated algorithms to reduce waiting times and maximize berth use, which helps to 

streamline port operations. 

 

Interaction Flow: The Port Authority component initiates the interaction flow by gathering emissions estimates and ship arrival 

data. The Machine Learning Model then uses this data to forecast arrival timings. The Berth Scheduling component allots berths 

to arriving ships based on these forecasts as well as additional variables like ship priorities. Updates in real-time from the Priorities 

and Arrival Information Dynamic berth assignment adjustments are guaranteed by real-time Berth Info components when ships 

arrive and exit the port. 

IV. METHODOLOGY 

  The methodology of the project involves a comprehensive pipeline for emissions prediction, incorporating machine learn- ing 

algorithms for robust and accurate forecasting. The key steps in the methodology are outlined below:  

 

4.1 Data Collection and Preprocessing  

     Data collection entails obtaining historical information from reputable sources, such as port authorities, shipping firms, and 

environmental organizations, about a variety of ships, including information on their kind, size, age, emissions, and other pertinent 

characteristics. Preprocessing procedures include encoding categorical data into numerical representations using methods like one-

hot encoding or label encoding, addressing missing values by imputation or deletion, and recognizing and handling outliers. 

 

4.2 Feature Engineering 

      The goal of feature engineering is to add new features or modify current features in order to potentially increase the predictive 

capacity of the model. To better capture the effect of vessel age on emissions, age categories should be created, derived features 

such engine power-to-size ratios should be calculated, and features should be transformed to better align with model assumptions 

or enhance interpretability. 

 

4.3 Model Selection and Training  

      The research considers several aspects, including model complexity, interpretability, and performance, while evaluating and 

choosing suitable machine learning models for emissions prediction. LightGBM, Random Forest, and Feed Forward Neural Net- 

work (FNN) are a few possible candidate models. The dataset is used to train these models, with ship characteristics serving 

as features and emissions serving as the target variable. 

 

4.4 Model Evaluation 

      Regression tasks-specific evaluation metrics, such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and R-

squared (R2) score, are used to assess the performance of the model. In addition to ensuring the prediction models are accurate and 

resilient, this step also sheds light on how well the models capture underlying patterns and relationships in the data. 

 

4.5 Integration of MILP Optimization 

    The pipeline is designed to optimize complicated ship-berth assignment and emissions reduction problems using Mixed- 

integer Linear Programming (MILP) optimization. In order to reduce waiting times and emissions while prioritizing vital ships, 
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MILP models take into account objective functions, restrictions, and decision variables. This results in more effective port 

operations and a less environmental impact. 

 

4.6 Testing and Evaluation  

   The pipeline is tested using diverse datasets representing various ship types, sizes, and operational scenarios. Rigorous 

evaluation is conducted to assess the system’s performance under challenging conditions, ensuring reliability and robustness in 

real-world applications. 

 

4.7 System Termination  

In order to guarantee a proper and controlled shutdown of the system and to promote stability and reliability in operation, 

system termination is managed using the right procedures. The implementation of error-handling methods, logging procedures, 

and graceful shutdown procedures may be necessary to manage unforeseen events and guarantee the integrity of the system.  

V.  RESULTS 

Our project is an example of a user-centric design strategy; information is presented through aesthetically pleasing and user-

friendly websites where utility and aesthetics coexist harmoniously. Leading the way in navigation are buttons on top, labeled” 

Live View,” Intimate,” View Schedule,” and” Contact Us,” all of which encourage exploration and make it easy for people to 

interact. 

5.1 Input 

5.1.1 User-Friendly Ship Information 

The system’s main component, the” Ship Information Form,” makes it easier to record important maritime vessel information. 

User-friendly fields like” Ship Type,”” Ship Size,” and” Vessel Age” provide a brief overview of the key attributes of a ship. 

 
Fig. 5.1 Homepage 

 

Fig. 5.2 Contact Page 
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Fig. 5.3 Ship Information form 

5.2 Output 

5.2.1 ML Algorithm for Emission Prediction 

Our solution employs sophisticated machine learning algorithms to precisely predict emissions from every ship by taking into 

account its input characteristics. This forecast is a crucial component of the decision-making procedures that follow. 

 
Fig. 5.4 Berth is not allocated 

 
Fig. 5.5 Berth is  allocated 
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5.2.2 MILP Model for Scheduling 

The Mixed Integer Linear Programming (MILP) model receives as input the expected emission output from the ML method. This 

model integrates emissions projections with other important criteria for comprehensive decision-making, thoroughly analyzing 

several elements to determine each ship’s status. 

 

This technology provides stakeholders with actionable information through the creative combination of optimization modeling 

and predictive analytics, enabling well-informed decision-making and improving operational efficiency in maritime logistics. 

VI. CONCLUSION 

In wrapping up our project, we’ve navigated through the choppy waters of maritime logistics with the precision of seasoned 

captains, addressing two critical challenges head-on: optimizing appointment scheduling at bustling marine terminals and 

predicting emissions using the power of machine learning (ML). 

Picture this: at a bustling port, where the ebb and flow of container traffic dictate the rhythm of operations, our optimized 

appointment scheduling system swoops in like a well-timed gust of wind, easing congestion and maximizing efficiency. Through 

meticulous planning and innovative modeling, we’ve charted a course that not only streamlines operations but also reduces idle 

time and boosts overall port performance.  

But our voyage doesn’t end there. We’ve also set our sights on greener horizons, harnessing the predictive prowess of ML to 

forecast emissions with unprecedented accuracy. By analyzing historical data on meteorological conditions and air pollutant 

concentrations, we’ve crafted a sophisticated model that not only anticipates environmental impact but also charts a course 

toward a more sustainable future for maritime logistics. In essence, our project isn’t just about optimizing operations; it’s about 

navigating the seas of change with foresight and ingenuity. By marrying efficiency with environmental stewardship, we’re not 

just sailing toward success; we’re charting a course toward a brighter, cleaner future for the maritime industry.  

As we dock our project in the harbor of accomplishment, we invite stakeholders to come aboard and join us on this exhilarating 

journey toward efficiency, sustainability, and innovation in maritime logistics. The sea may be vast and unpredictable, but with 

the right tools and mindset, we’re ready to set sail towards a brighter horizon. 

 

VII.  FUTURE SCOPE  

7.1 Exploring Advanced Machine Learning Techniques 

We can explore advanced machine learning techniques and algorithms to improve further the accuracy and robustness of our 

emissions prediction models. This may involve incorporating deep learning architectures, ensemble methods, or hybrid models 

that combine multiple algorithms. 

 

7.2 Incorporating Additional Data Sources 

We can enhance the predictive power of our models by incorporating additional data sources, such as real-time weather data, sea 

traffic information, or port congestion levels. Integrating diverse datasets can provide richer insights and improve the reliability of 

our predictions. Implementing mechanisms for dynamic model adaptation can enable our system to continuously learn and adapt to 

evolving trends and patterns in maritime transportation. 

 

 

 

7.3Expanding the Scope to Port Operations Optimization 

Expanding the scope of our project to include the optimization of port operations can provide significant benefits in terms of 

efficiency and resource utilization. We can develop algorithms for optimizing berth scheduling, cargo handling, and vessel routing 

to minimize emissions and improve overall port performance. We can incorporate additional sustainability metrics into our 

predictive models to assess the environmental impact of maritime transportation more comprehensively. 

 

7.4 Developing Real-time Monitoring Systems 

Developing real-time monitoring systems for emissions tracking and reporting can facilitate compliance with environmental 

regulations and support proactive decision-making. Integrating sensor networks and IoT devices onboard ships and in port 

facilities can provide continuous monitoring of emissions levels and enable timely interventions. Engaging with industry 

stakeholders, including shipping companies, port authorities, and environmental agencies, can provide valuable insights and 

opportunities for collaboration. By partnering with key stakeholders, we can validate our models, gather domain expertise, and 

ensure the practical relevance of our solutions. 
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