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Abstract. Ship energy management has an effect both on cost efficiency and the environment due
to the huge amount of CO; emission caused by ship activities. Meanwhile, research regarding efforts
to save energy consumption in the container terminal area is scarce. This paper aims to estimate
CO; emissions from ship activities in the container port. The influential variable of CO, emissions is
in consideration to Ship Energy Efficiency Management Plan (SEEMP). The estimation of CO;
emission starts from the ship activities when the ship approaches the port, which includes ship
maneuvering and ship berthing. Ship’s energy consumption and CO; emission were analyzed using
random forest regression (RF) at the default setting, and then the effectiveness was verified using
k-folds cross-validation. The analysis result showed there are five influential variables to reduce the
CO; emission: (1) main engine power; (2) auxiliary engine power; (3) waiting time in a port basin;
(4) maneuvering time; and (5) berthing time. Among those five variables, maneuvering, waiting in
a port basin, and berthing have the same position at the top with the same amount of weight
importance from the four attribute selection training results. The random forest model training and
k-folds cross-validation confirmed that the model has 98.85% of accuracy. Finally, a fuel-efficient
operation is discussed, and it can be concluded that by combining several voyage optimizations with
a skilled operator and cold ironing when available, it is possible to reduce the CO; emission by 20%.
The findings and proposed plan in this paper can become a reference to develop Ship Energy
Efficiency Management Plan.

Keywords: CO; emission; Machine learning; Random forest regression; SEEMP; Ship maneuvering

1. Introduction

Ship energy management has an effect not only on cost efficiency but also on the
environment due to the huge amount of CO; emission caused by ship activities. Reducing
energy consumption has direct impacts on emissions, minimizes the environmental effect,
and reduces operational costs. COz emissions require reduction to improve port air quality,
making emissions factor descriptions necessary (Budiyanto et al., 2019). Unfortunately,
research regarding efforts to save energy consumption in the container terminal area is
still rarely conducted (Budiyanto and Shinoda, 2020). While it requires development in
energy management and operational planning in real time, most research does not discuss
the relationship between working time, idle time, and energy consumption of each piece of
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equipment in depth (Iris and Lam, 2019). The study about energy consumption in the
container port was carried using using modality movement which is provide a consistent
estimation for carbon emission (Huzaifi et al.,, 2020). Another aspect that contributed to the
CO2 emission is the layout of the container terminal tends to have different results between
perpendicular and parallel layouts (Budiyanto et al.,, 2021).

Ship Energy Efficiency Management Plan (SEEMP) is a ship energy usage plan used as
a milestone for energy efficiency development by ship owners and should reflect efforts to
improve the ship’s energy efficiency through four steps: planning, implementation,
monitoring, evaluation, and improvement. Many companies have already applied
environmental management systems under ISO 14001, which contain procedures for
selecting the best measure for a particular vessel and then set goals for parameter
measurement, control features, and relevant feedback (Witten et al, 2011). Noon data
reports, which provide information on ship’s fuel consumption, speed, and weather
condition, are the traditional estimation method used for SEEMP development.
Unfortunately, it is not fully utilized by shipping companies and is collected only for
regulation due to limitations in other ships’ information and the need to collect all the other
ships’ information to be systematically analyzed (Besikgi et al., 2016).

Among many practices available, the fuel-efficient operation is chosen as the focus of
SEEMP development in this paper as it is easier to be adapted. Many factors can be
considered for fuel-efficient operation such as improved voyage planning, which can be
achieved using the help of different software tools, weather routing for specific routes and
trade areas, just in time, or good communication with the port in order to give maximum
notice of berth availability and facilitate the use of optimum speed to maximize efficiency
and minimize delay, speed optimization while coordinating with the availability of loading
or discharge berths, and optimized shaft power using the automated engine management
system to control speed. There are other types of factor as well that could contribute to
SEEMP and needs further research, such as optimized ship handling (trim, ballast, rudder,
hull, and propulsion system), fuel type, and even the ship’s operational life service (MEPC,
nd).

Machine learning is a method capable of analyzing the performance of existing systems,
then determining the condition and improving the system performance to be more
accurate. It could re-program computers when introduced to new information based on the
initial learning strategies. The use of machine learning to develop green shipping industry
has been done several times, including in determining the ideal ship fuel consumption for
fuel efficiency and environmental preservation by conducting various training and tests on
the ship’s machinery data to create an estimated model containing predictions that can be
compared with actual data to produce the best model for ship fuel consumption
optimization (Singh and Dhiman, 2021).

Previously, machine learning was used to predict the energy consumption needed by
ships using gradient boosting regression (GBR), random forest (RF), BP network (BP),
linear regression (LR), and k-nearest neighbor regression (KNN) processes, but the
discussion of the strategy regarding ship energy consumption reduction is limited to the
efficiency of port facilities and the arrival time of ships (Uyanik et al., 2020). Calculations
on COz emissions and their distribution at ports are important to be investigated for SEEMP
development (Peng et al.,, 2020). This research aims at helping to create decisions related
to SEEMP development for ship owners and port authorities, which benefits green shipping
activities, hence reducing CO2 emission and increasing shipping efficiency by looking at not
only the total emissions but also the amount of CO; emissions during the process of
maneuvering, in the port basin, and berthing to make an analysis using machine learning
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models and a validation to replace the traditional estimation method, especially for
container ports, which have not been widely researched.

2. Methods

Three port operational modes where a ship uses its engine and releases emission
consist of port basin, maneuvering, and berthing (Bergovist and Monios, 2018). The data
characteristics chosen from January 2019 to December 2020 of container port ship activity
are recorded. This research then uses Rapid Miner Studio version 9.9, which was developed
by RapidMiner company, to execute both data preprocessing, machine learning model
training, and validation.

2.1. Ship’s Data Analysis

The ship’s data were acquired from previous research regarding the ship’s CO:
emission in various ports, using ship’s AIS data provided by container port located in East
Borneo, Indonesia which is important for the region specifically and the nation generally
due to its capability of handling cargo growth and the facility limitation of the local port.
The port’s raw data consist of months, ship name, berthing and departure time, throughput,
maneuvering time, in port basin time, berthing time, gross tonnage, main engine power,
auxiliary engine power, emission during maneuvering, in a port basin, and berthing also
with the total amount of emission each ship produced at the port. The data characteristics
chosen as free variables to find the variable importance weight are as follows:

1) Main engine power

2) Auxiliary engine power

3) Time in the port basin

4) Time during maneuvering

5) Berthing time

The variables above were chosen to prevent multicollinearity between each variable,
which could cause unreliability due to coefficients becoming significant or non-significant.
Bottom-up is one of the methods able to calculate the ship’s emission gas. Bottom-up is
chosen due to higher spatial and temporal resolution from the ship’s dynamic analysis
(Tsagrisa and Pandis, 2021). The equation required to calculate a ship’s emission is based
on ICF International.

Etotar = Eme + Eap (1)
EME = TxPMExLFMExEF (2)
Eup = TxPupxLFypxEF (3)

Total emission (E;,;q;) of a ship consists of main engine emission (Ey ;) and auxiliary
engine emission (E,z ). The data needed in order to calculate emission from each engine are
time (T) in hours, engine power (P), load factor (LF), and emission factor (EF). The CO>
emission factor chosen is 683 g/kWh in the assumption that the fuel type used is medium-
speed diesel (IPPC Tier 1). The ship load factors are divided into three during maneuvering,
in the port basin, and berthing for each main engine and auxiliary engine (Weng et al,
2020).

Table 1 Ship load factor

Load Factor Main Engine Auxiliary Engine
Maneuvering 0.2 0.5
In port basin 0.2 0.5

Berthing 0 0.4
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The load factors percentage for the main engine and auxiliary engine chosen in this research
for all situations is listed in Table 1 and based on the reference obtained from an interview
with the port’s sustainability manager and harbormaster (Styhre, et al., 2017).

2.2. Machine Learning Model and Validation

Research utilizing gradient boosting regression (GBR), random forest (RF), BP network
(BP), linear regression (LR), and k-nearest neighbor regression (KNN) model found that the
random forest model has the best performance compared to the other model. A random
forest model is created in this research using RapidMiner Studio library with default setting
used to train the models and estimate the importance factor of ship’s emission. After the
estimation is complete, k-folds cross-validation is needed in order to confirm the accuracy
of the models created.

Random forest (RF) regression (Peng et al, 2020) is a parallel ensemble learning
algorithm. Based on the decision tree-based learner, RF further introduces random
attribute selection in the training process of the decision tree. Empirically, it works well for
high-dimensional data. It is a compelling choice since it does not have a selection bias when
creating a decision tree. The trees within are less correlated with each other compared to
other tree-based algorithms (Breiman et al.,, 1984). Random forest is capable of measuring
variable importance by examining non-linear relations between the object and explanatory
variables (Mohana et al., 2021).

RF has merit compared to other machine learning methods due to it needing fewer
tuning hyperparameters. Crucial hyperparameters in RF are mtry, which represents the
number of variables at each split; ntree, representing the number of trees to grow; nodesize,
representing the minimum size of terminal nodes; and sampsize, representing the sample
size to draw. The ntree parameter is kept at the default setting of 500 trees considering past
research (Mengxiao et al.,, 2021).

K-fold cross-validation is used to validate the accuracy of models mentioned before. It
is usually advocated to measure the prediction error of a learner (Genuer et al.,, 2008). The
dataset is split into k subsets before the validation experiment with the amount of k could
begin with the value of k commonly set as 10. In each experiment, the union of k-1 subsets
is split between training sets, while the rest subset is used as the test set. Finally, the mean
value of all the experiments can be returned (Peng et al., 2020).

3. Results and Discussion

3.1. Random Forest Model Result and Variable Importance

This section presents and discusses the random forest training model result and the
variable importance from RapidMiner Studio analysis; then, it discusses the possible plan
for ship energy management in the port area. All ships using case study from container port
from 2019 to 2020 are divided into two sets based on the total emission they emit at the
port; those lower than the average total emission of 10,788 kg CO; are labeled as below
average, while ships with total emission more than 10,788 are labeled as above average.
The k-folds cross-validation model is also presented. The importance variable result will be
chosen from the model result to be discussed to create an efficient energy management
plan.

3.1.1. Variable importance of ship emission

The result of attribute selection model training to find the variable importance weight
is shown, while the interface for the process section of RapidMiner Studio and training
model can be seen in Figure 1. It was found that three data characteristics (maneuvering, in
port basin, and berthing time) all have the same importance weight when measured by
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correlation, information gain, and information gain ratio, as shown in Figure 2, while both
main engine and auxiliary engine power hold lower importance to the total emission
category.
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It can be inferred from above results that the amount of time spent during each
operations holds more importance than the engine power itself. The reason for this might
lie in the switching of engine load input being the same for every ship; it becomes the
constraint to each engine while operation time does not have such constraint. Time spent
for maneuvering and waiting in the port basin is affected by the port congestion and
weather condition at the time, while berthing time is affected by not only the type and
amount of cargo each ship carries but also by the port’s work capabilities in cargo handling.
An energy management plan that focuses on appropriate timing and switching method of
engine load factor between each process is the key to the fuel-efficient operation.

3.1.2. Random forest model and validation

This paper uses a random forest regression model to train the ships’ data with 500
trees and a maximal depth of 10. A confidence vote is chosen to find the accuracy of the
data; the model process inputted in the RapidMiner Studio can be seen in Figure 3. The
dataset is prepared by selecting the attributes chosen to be trained; the emission category
is then set for the role label. The data is then split into 70% for training and 30% for the
example set before being trained with random forest regression model and applied for
classification performance.
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Figure 3 The random forest model process
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Figure 4 The ship total emission size and the amount of time spent during each operation

The random forest model training results show that the berthing process takes the
longest time, which creates more CO; emission, as can be seen in Figure 4, with an average
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amount of time 18.41 hours, while the average waiting time in a port basin only took 2.3
hours and 1.84 hours for average maneuvering time. However, due to the main engine being
inactive during the berthing process, the differences in average emissions created are not
large, with 6.119 kgCO2 from berthing, 2.50 kgCO: from waiting time, and 2.1556 kgCO-
from maneuvering. The berthing process for container ships takes more time depending on
the amount of cargo it carries, the port facilities, and work efficiency. The availability and
capability of the ship’s equipment for berthing, such as deck crane or even good mooring
equipment, can help quicken the process along with the port’s cargo handling capability.
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Figure 5 The process of: (a) cross-validation; and (b) random forest model

The k-fold cross-validation use 10 folds with the process model in RapidMiner Studio,
as seen in Figure 5, showed that the model has 98.85% accuracy of prediction. With the
absolute error amount of 0.024 and squared error of 0.008, It can be inferred that the
random forest model is proven to have a good validation, which means that the same type
of dataset and model setting can be applied to predict the CO2 emission of any year in
container port.

3.2. Energy Management Plan Discussion

Based on the acquired variable importance, the appropriate SEEMP for fuel-efficient
operation can be discussed. Since maneuvering in port basin and berthing time have the
same importance weight, a fuel-efficient operation plan is required for each process. In
order to satisfy the required Energy Efficiency Design Index (EEDI) reduction rates of 15—
20% emission reduction for container ship (MARPOL, nd), some options are available to
increase energy efficiency without having to do the major conversion for the ships.

3.2.1. Voyage optimization

Voyage optimization is a concept concerning the reduction of resistance under defined
constraints by optimizing the ship routing, speed, scheduling, ballast, and trim. It uses safe
handling, fuel consumption, seaworthiness, time spent at ports, origin to destination route
and distance, and also service time written in contracts as the main constraints (Xing et al.,
2020).

Combining weather routing and speed optimization to maneuver the port could help
reduce the time needed hence reducing the CO; emission. Unlike slow steaming, speed
optimization will adjust the speed needed to arrive at berth for just-in-time arrival, while
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weather routing creates the most efficient route instead of just reducing the speed all the
way to berth, which does not seem very desirable where time hold higher importance. This
will not only reduce CO2 emission but also prevent waiting time. Communication with the
port in giving the schedule and information regarding when and which berth is available
will be a huge key to this plan.

Operating resistance optimization can also be done by adding sensors and using
various decision support systems to reduce calm water resistance. The system could adjust
the engine and ballasts to fit the required draft, trim, and steering conditions for fuel-
efficient maneuvering. Voyage optimization has varying COz emission reduction potential
up to 10% (Xing et al, 2020); installing sensors and decision support system-based
software has a promising potential to provide a strategic approach and is recommended to
help reduce maneuvering time (Besikci et al., 2016).

3.2.2. Cold ironing
Cold ironing is the practice of providing electrical source from shore to the ship while

at the berthing process. The ship could turn off the diesel generators during the berthing
process, which cost the most time at the port; this would reduce the CO; emission by the
ship itself greatly. Since cold ironing can be done with the use of low-carbon or zero-carbon
energy sources such as wind and solar energy, it could even potentially reduce ship CO>
emission at port up to 40% (Sciberas et al., 2016). The shipowner is greatly advised to
comply with port authorities to be allowed for cold ironing at berth whenever available
since berthing has the longest time compared to maneuvering and waiting in the port basin,
significantly reducing both CO; emission and fuel cost.

3.2.3. Operator skill

The human factor is the non-technical factor to fuel-efficient operation. Appropriate
skills and knowledge are needed by the ship crews and operators, not only to properly
control the ship in every situation but also to be able to fully utilize the systems installed
for fuel-efficient operation measures. Up-to-date ship operation training is important for
both existing and future operators whenever any new system is to be implemented on the
fleet. The shipowners also need to be able to make the right decision for ship activity and
time spent at the port. It is possible to reduce CO; emissions by increasing energy
awareness and operation capability up to 10% (Jensen et al, 2018).

3.2.4. Type of auxiliary engine

On the technical operation aspect, the trend of the used dual fuel for main engine
auxiliary engine increase by the year. The use of LNG Fuel for marine diesel would increase
power and efficiency (Budiyanto et al,, 2020). In some cases the retrofit of the diesel engine
to the dual-fuel is needed, the ISO tank for LNG is the key for the fuel management system
(Pamitran et al., 2019).

4. Conclusions

This paper uses the machine learning method to predict the variable importance of CO-
emission with RapidMiner Studio as the main tool to create a data model and analysis. A
random forest model is created using five data characteristics as free variables. After
running the model, variable importance is then selected and analyzed along with the effects
of the selected variables on the ship’s CO2 emission. Finally, the SEEMP is developed based
on the discussed result. Several options to minimize the CO; emission during maneuvering,
in the port basin, and berthing are discussed, using the results of the training model. While
cold ironing has a huge CO; emission reduction port, not all ports can provide it, so a
combination between voyage optimization methods and trained operators is crucial for
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achieving the required EEDI reduction rates. Further research to minimize the CO:
emission by analyzing the port’s facilities, such as cold ironing feasibility and work
efficiency improvement, need to be done, as cooperation with the port holds the crucial
part during berthing processes, such as cold ironing availability and information exchange,
to achieve just-in-time arrival. The method proposed by this paper can be used to develop
fuel-efficient operations at ports for SEEMP development, especially container ports in
developing countries such as Indonesia, where environmental health is not the top priority.
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