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Abstract:

Ships are the world’s most economical means of freight transportation, and day by day, it is expanding
quickly. The increase in ship transportation activities has resulted in a significant concern about CO2
emissions. International Maritime Organization has agreed to set a goal of reducing the maritime sector’s
total gas emissions by at least 50% by 2050. In this regard, a CO2 emission prediction model followed by
an emission inventory can play a vital role in decision-making to optimize the ship’s speed, draft, trim,
and other influencing parameters under Ship Energy Efficiency Management Plan to decrease carbon
emissions during operation. Machine learning, a branch of the data science approach, can be utilized to
create effective emission-prediction models. In this research, two machine-learning models have been
developed using actual voyage data collected from the noon reports of ships in Bangladesh. The models
have been trained with the ship’s speed, engine rpm, wind force, and sea condition during voyages. The
models’ performances have been assessed employing the Coefficient of Determination (R?) and Root Mean
Square Error (RMSE). The prediction accuracies for the K Nearest Neighbor Regression model and the
Light Gradient Boosted Machine Regression model are 84% and 81%, with RMSE of 5.12 and 5.53,
respectively.

Keywords: Machine learning, CO2 emission prediction, maritime transportation, ship’s energy efficiency.

NOMENCLATURE
Cr carbon emission factor 0 regularization function
Lr minkowski distance L training loss function
t tree number r residual
F space with tree structure R? coefficient of determination
fi tree with leaf score RMSE root mean square error

1. Introduction

The maritime transportation sector is responsible for over 80% of the global merchandise exchange (World
Investment Report, 2021). With the increase in shipping transportation activities, the possibility of environmental
pollution due to greenhouse gas (GHG) emissions from ship operations exists concurrently. As per the fourth
GHG study of the International Maritime Organization (IMO), total shipping emitted 962 million tonnes of CO,
in 2012, increasing by 9.3% to 1,056 million tonnes in 2018 (IMO 4" GHG Study, 2020). It demonstrates that
CO; emissions from maritime transportation are rising steadily, which is influencing global emissions in a
significant manner. So, any actions taken to lessen GHG emissions should concentrate primarily on CO,. “IMO
Initial Strategy” was announced in 2018 as an emission reduction policy by IMO to decrease carbon emissions by
70% and yearly GHG emissions by a minimum of 50% by 2050 relative to the 2008 baseline (Initial IMO GHG
Strategy, 2018). From the analysis, it is evident that a CO, emission inventory can show decision-makers the way
forward in developing and assessing the execution of applicable regulations to achieve the IMO’s goal regarding
the emission reduction strategy (Alvarez, 2021). Emission inventories contain essential information on the
existing condition of the functional area and represent the potential to understand the impacts of the conducted
activities. Therefore, assessing the CO, emissions from ships by generating a comprehensive emission inventory
is vital, which is currently limited in Bangladesh.

Emission inventory to estimate the volume of pollutants released into the atmospheric environment has been
subjected to several analyses. The top-down and bottom-up processes are the conventional techniques for
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developing ship emission inventories. Top-down approaches have been used by Goldsworthy and Goldsworthy
(2015), Gusti and Semin (2016), etc. As this approach is fuel-based, it performs by using highly integrated data
on fuel consumption by ship type, gross tonnage, engine type, navigational phase, and emission factors (Ay et al.,
2022). Bottom-up approaches have been implemented, including in MOPSEA by Vangheluwe et al. (2007), EMS
by Denier van der Gon and Hulskotte (2010), etc. This approach uses individual vessel activity data and technical
specifications, including the operation time, engine power, load factor, emission factors of engines in all
navigational phases, specific fuel consumption, gross tonnage based on vessel type, etc., to estimate the emissions
by location.

Besides determination, predicting carbon emissions based on influencing factors is also an essential topic. Before
the operation, if CO; emission can be estimated and the operators can know the ships’ emission inventories, they
can ensure voyages with less CO, emission. Machine learning being an advanced section of data-science methods,
the researchers have leveraged its advantages to perform CO, emission forecasting. Lepore et al. (2017) predicted
CO; emissions of a Ro-Pax cruise ship by implementing Multiple Linear Regression, LASSO Regression,
Random Forest Regression, Principal Component Regression, etc. An emission inventory model to determine the
gaseous emissions from two cargo ships was created by Fletcher et al. (2018) utilizing five machine learning
algorithms based on engine power, shaft speed, and emission of gaseous pollutants, including CO,. To date,
multiple studies have been conducted in the diverse frameworks in Bangladesh implementing machine learning,
including flood damage analysis (Ganguly et al., 2019), atmospheric particulate matter concentration prediction
(Shahriar et al., 2020), etc.

CO- emission prediction models based on machine learning can lead to productive emission inventories, which
are, till now, an unexplored area in Bangladesh. This paper aims to develop an effective machine-learning model
through a comparative analysis to predict CO, emissions from ships in Bangladesh.

2. Methodology

2.1 Research framework

The current research comprises data acquisition, data pre-processing, application of machine learning algorithms,
hyperparameters optimization, and model evaluation. Fig. 1 is a visual representation of the established
methodology for CO; emission prediction of the current study.

Relevant data were collected from the ships’ noon reports to develop an efficient model to perform prediction on
the CO; emission from the ships of Bangladesh. The data has been analyzed and pre-processed to feed two
machine-learning models based on the algorithms named K Nearest Neighbor Regression and Light Gradient
Boosted Machine Regression. Iterations have been performed by optimizing the hyperparameters of these models
to come up with better accuracy. Eventually, the developed models were evaluated according to their accuracy to
identify the most effective one.
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Fig. 1: Proposed methodology for CO, emission prediction
2.2 Data acquisition and pre-processing

Two years of operational data of four bulk carriers of Bangladesh have been collected from 823 noon reports. The
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noon reports contain names of the vessels, position, voyage no., average ship speed, distance to destination,
estimated time of arrival, average engine rpm, amount of fresh water, fuel oil, lube oil, etc., remaining on the
board, total cargo carried, fuel consumption, weather and sea condition variables, and many more. From the noon
report, features influencing CO2 emission the most have been taken, which include the average engine rpm, ship
speed, fuel consumption, wind force, and sea state. In this study, CO, emission has been determined following
the rule of IMO (IMO Guidelines for Voluntary Use of EEOI, 2009), which has been stated in Eq. (1).

CO; emission = Fuel Consumption x Cr 1)

Here, the carbon emission factor (Cy) varies depending on the fuel type. Cr value for marine diesel oil/marine gas
oil (MDO/MGO) is 3.206, and for heavy fuel oil (HFO) is 3.114 (tonnes-COz/tonnes-Fuel).

Samples with at least one or more missing features have been removed from the dataset. The dataset also contains
outliers which negatively affect the model training process and result in lower accuracy. The statistics of the entire
data distribution have been illustrated in the form of box plots in Fig. 2. The samples located below [25™ percentile
- 1.5 (75" percentile — 25" percentile)] or above [75" percentile + 1.5 (75" percentile — 25" percentile)] (Zhang
et al., 2019) of the box plots have been identified as outliers (marked by black circles) and removed from the
dataset. Performing data pre-processing leads to the dataset containing a total of 397 samples.
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Fig. 2: Outliers detection in the statistics of data Fig. 3: K Nearest Neighbor Regression (Tran, 2019)
distribution

2.3 Machine learning algorithms

2.3.1 K Nearest Neighbor Regression

The first model in this research has been developed using the K Nearest Neighbor Regression (KNNR) algorithm.
As the title implies, the algorithm utilizes k nearest data points to estimate the continuous output for a new data
sample. This algorithm differs from other methods in that it conducts an action on the dataset while distinguishing
rather than training the data using the system’s previously obtained dataset. This method performs a distance-
based calculation to identify the k nearest neighbors to a new data point (x,), where K is a user-selected parameter,
as represented in Fig. 3. The figure is produced utilizing the emission values of the current study.

After defining the value of k, all points along with the point x, are considered in an n-dimensional space. The
distances of x, from all other points are then calculated. The spacing between x, and any other points (x;) can be
calculated using the Minkowski distance (LF) as stated in Eq. (2), where P = 1 denotes Manhattan distance and P
= 2 denotes Euclidean distance.

1
/
LP (%, xq) = (Z|xj,i - xq,i|P) ’ )

The k points (neighbors) with the smallest distances are selected after sorting the distances of all points. The final
output for x, is estimated using the weighted mean of its k closest neighbors.
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2.3.2 Light Gradient Boosted Machine Regression

Light Gradient Boosted Machine Regression (LGBMR) is the second algorithm utilized in this study. LGBMR,
as presented based on the parameters of the current study in Fig. 4, provides an efficient and effective
implementation of the gradient-boosting algorithm based on decision trees. In the gradient-boosting algorithm,
the weak learners are consecutively merged in such a manner that every new learner fits the residuals from the
preceding stage, improving the model. The final model combines the outcomes of each step to get a strong learner.
The decision tree acts as a weak learner in this algorithm. LGBMR was created to speed up the training. It adds
dynamic feature extraction to expand the gradient-boosting algorithm. Significantly, adding a new tree does not
change the model’s already-existing trees, and the added one fits the current model’s residuals. This strategy of
tree construction enables to reduce the errors at each subsequent stage.

Decision Tree | + Leave Score
(DT-1) fi(xi)
P Residual v
* Avg. engine rpm : -
. AVg Shlp speed Decision Tree L) Leave Score Predicted
» Wind force (DT-2) £ co:
« Sea state ) Emission
. Residual v
Pre-processed ?
Dataset 1
Decision Tree ] Leave Score
(DT-5000) fs000(x:)

Fig. 4: Light Gradient Boosted Machine Regression (Li et al., 2018)

Predictions of all the trees are added to get the estimation as stated in Eq. (3).

~ , ~(t

i = Ziwa largmin Ly L0 3,7) + 0] (<) ©)
t

Here, f; € F, t is the tree number, F is a space containing all possible tree structures, f; is one of the trees with
the leaf score, and 2 is the regularization function. L is the training loss function which can be expressed as
stated in Eq. (4) in the case of a squared error loss function, where f; is obtained by fitting the residual .

L(39¢ + @) = [y -9V - )] = [r = £, (4)

2.4 Hyperparameter optimization

Both machine learning algorithms used in the study utilize a variety of hyperparameters (model configuration
variables). The random search method incorporating repeated 10-fold cross-validation has been employed in the
model-building stage. This task aims to randomly choose hyperparameters from the provided set and generate the
best possible combination. This method has been widely employed in different research areas and identified as
resistant to overfitting. Table 1 represents the provided set of the hyperparameters to be tested and the obtained
optimal values for each model.

Table 1: Hyperparameter optimization results

. . Optimal
Algorithm Hyperparameter(s) Provided Values Values
n_neighbors 1,3,5,7,9,11,13,15,17,19,21 |9
K Nearest Neighbor Regression : : - X
(KNNR) weights uniform, distance distance
metric euclidean, manhattan, minkowski | minkowski
n_estimators 10, 50, 100, 500, 1000, 5000 5000
Light Gradient Boosted max_depth 1,2,3,4,5,6,7,8,9,10 7
Machine Regression (LGBMR) | learning_rate 0.00001, 0.001, 0.01, 0.1, 1 0.01
boosting_type gbdt, dart, goss, rf goss
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Among the hyperparameters of the KNNR model mentioned in Table 1, n_neighbors denote neighbors’ number
to utilize in the queries for k nearest neighbors. In prediction, weight is used as a function where its value ‘uniform’
refers to the equal weight of all points in every neighborhood and distance’ refers to weighing the points based on
the inverse of distances among them. Besides, metrics are applied to measure the distance of a new data point
from any other point; its possible types are: ‘minkowski’, ‘manhattan’, and ‘euclidean’.

From the LGBMR model’s hyperparameters, n_estimators denote the boosted trees’ number to fit.
max_depth refers to the maximum tree depth for base learners. num_leaves are the maximum tree leaves for base
learners. learning_rate regulates how much each model contributes to the prediction. boosting_type includes a
number of different boosting algorithms, whose possible values are: gbdt, dart, rf, and goss. ghdt means
conventional Gradient Boosting Decision Tree, dart means Dropouts meet Multiple Additive Regression Trees,
rf is Random Forest, and goss refers to Gradient-based One-Side Sampling.

3. Results and Discussion
3.1 Model evaluation

The efficacy of the prediction models has been examined utilizing two evaluation metrics: Coefficient of
Determination (R?) and Root Mean Square Error (RMSE). R? denoting the fitness of data with the model, has
been implemented to quantify the models’ prediction accuracy. The range of R? is between 0 and 1, where values
near 1 reflect the higher effectiveness of the prediction model. R? has been calculated using Eqg. (5). RMSE, as
expressed in Eq. (6), is the square root of the average squared distance between expected and predicted results.

~ S (vi- 92
R*(y,9) =1— —Z?;(yyi_yy)z (5)
o 1 N
RMSE(y,§) = \/;Z?ﬂ(l’i — 9)? (6)

Here, n is the total data samples in the testing set, y; and ¥; represent actual and predicted CO, emission,
respectively, and y (= %Z% y; ) is the mean value of y.

3.2 Model comparison and validation

In this research, 317 data entries have been randomly determined as the training dataset to comprehend the
characteristics of the data samples for the prediction models. The rest 80 samples have been used to test the
models. Each of the two models being trained using the optimal hyperparameters has been evaluated on the testing
dataset, with each evaluation metric R? and RMSE.

EKNNR ®=LGBMR
6.00 - 5.53
5.12
5.00 —+
4.00 +
3.00 +

2.00 +
Loo L 0.84 0.8l

0.00 - -

RMSE R2

Fig. 5: Model comparison based on RMSE and R?

Fig. 5 depicts the comparison results of the R? and RMSE of the two models. From the results presented, it can be
observed that the KNNR model has provided the R? of 0.84 and RMSE of 5.12, whereas LGBMR has also yielded
comparable R? and RMSE, which are 0.81 and 5.53, correspondingly. The relatively high R? and low RMSE
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values of the KNNR model initially indicate that it can predict CO, emissions in a comparatively accurate manner
under different navigational conditions.

Fig. 6 and Fig. 7 visualize the comparison between the actual and predicted CO, emissions for KNNR and
LGBMR models, respectively. As expected from the results of R? and RMSE, the KNNR model has initially
outperformed the LGBMR model and has fit the actual values with greater accuracy.

Here, the better performance of the KNNR model is due to the dataset size and the outliers handling. KNNR is a
comparatively slow learning algorithm that gathers all data samples before making decisions at execution time.
In addition, outliers affect the algorithm significantly as it gets all the information from the input rather than from
an algorithm that tries to generalize data. Hence, KNNR has worked well with the small dataset of this study from

which the outliers have been removed.
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Fig. 6: Actual and forecasted CO, emission comparison by K Nearest Neighbor Regression (KNNR) model
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Fig. 7: Actual and forecasted CO, emission comparison by Light Gradient Boosted Machine Regression
(LGBMR) model

An existing ocean-going bulk carrier of Bangladesh having the dimension of- 182 m (Length) x 32.26 m (Breadth)
x 11.92 m (Draft) has been considered to perform the validation check of both models. In this case, implementing
the developed KNNR and LGBMR models, the CO emission of this ship has been predicted for five data samples
of each input feature. The results of these predictions during the validation have been displayed in Fig. 8 and Fig.
9. These figures demonstrate a comparison between actual CO; emission and emission values predicted by KNNR

and LGBMR models, respectively.
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Fig. 8: Validation of K Nearest Neighbor Regression  Fig. 9: Validation of Light Gradient Boosted Machine
(KNNR) model Regression (LGBMR) model

Figs. 8 and 9 state that the KNNR and LGBMR models have performed quite closely. The LGBMR model has
worked well in all data samples (1, 2, 3, 4, and 5) when compared to the performance of the KNNR model.
However, Figs. 5, 6 and 7 have initially illustrated that the KNNR model has outperformed the LGBMR model.
Therefore, the validation outcomes of the KNNR model should have been better than that of the LGBMR maodel.

The reason for such performance of the KNNR model in the validation process is its training score. The training
score of the KNNR and LGBMR models have been found as 0.99 and 0.88, respectively. In machine learning, the
training score denotes how the model is generalized or fitted in the training data. If the model makes predictions
on the training data very well, overfitting occurs. It negatively affects the model’s performance when it faces new,
unseen data and results in reducing the model’s generalization ability. The very high training score of the KNNR
model indicates overfitting here, although the model has provided relatively high R?and low error.

In addition, the validation performance of the LGBMR model is comparatively well than the KNNR model. In
section 2.3.2, it has been stated that the LGBMR algorithm combines the weak learners consecutively to improve
the model where the decision tree acts as a weak learner. This algorithm selects the leaf having the maximum
delta loss to grow. That’s why it attains a lower penalty for a loss (bad prediction) as the leaf is fixed. LGBMR
can also effectively prevent over-fitting by limiting the depth of its tree. Moreover, it divides continuous feature
values into discrete bins to speed up the training process. Due to all of these reasons, LGBMR has performed
more robustly during validation with regard to moderately well R? and small RMSE.

4. Conclusion

This paper presents a comparison-based study of two machine learning models to forecast CO, emissions. The
developed models can predict the CO, emissions from ocean-going ships of Bangladesh using the ships’ actual
operational data obtained from noon reports. From section 3.2, it can be seen that the predicted result and actual
value are in good agreement for both models. Although the model using the KNNR algorithm has outperformed
the one with the LGBMR algorithm in terms of R? and RMSE, KNNR’s performance accuracy during the
validation process is lower than that of the LGBMR model due to the overfitting characteristic.

Though in Bangladesh, there exist several machine-learning based researches on different areas, the task of
predicting a ship’s CO2 emission implementing machine learning has not been performed here so far. Accordingly,
for the first time in Bangladesh, the amount of CO, emitted from the ships has been forecasted based on machine
learning algorithms in the current study. Due to the shortcoming of the ship’s operational data availability in
Bangladesh, complex machine learning algorithms could not be used in this study to get predicted outcomes with
more accuracy. The operational data is not stored in a structured way in most of the ships in Bangladesh. Moreover,
voyage data providing digital devices are not installed in several ships, which results in a lacking of an adequate
amount of relevant data required for studies. Hence, the current study recommends connecting more workable
digital devices having voyage data storage facilities with the ships in Bangladesh. In the future, this research can
be upgraded by including more data, allowing it to develop advanced machine-learning models and make them
flexible to use in a wide range of ships.
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