
Research Article
Container Ship Carbon and Fuel Estimation in Voyages Utilizing
Meteorological Data with Data Fusion and Machine
Learning Techniques

Feiyang Ren ,1 Shaohan Wang ,1,2,3 Yuanzhe Liu ,1,3 and Yi Han 3

1Shanghai Ship and Shipping Research Institute, Shanghai, China
2School of Naval Architecture, Ocean & Civil Engineering, Shanghai Jiao Tong University, Shanghai, China
3COSCO Shipping Technology Co., Ltd., Shanghai, China

Correspondence should be addressed to Shaohan Wang; wanghetongtt@sjtu.edu.cn

Received 20 July 2022; Revised 10 October 2022; Accepted 10 November 2022; Published 25 November 2022

Academic Editor: Aditya Rio Prabowo

Copyright © 2022 Feiyang Ren et al. Tis is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Te InternationalMaritimeOrganization (IMO) hadmade efort to reduce the ship’s energy consumption and carbon emission by
optimizing the ship’s operational measures such as speed and weather routing. However, existing fuel consumption models were
relatively simple without considering the quantifed efect of weather conditions. In this paper, a knowledge-based ridge re-
gression-based algorithm is presented for enabling automated fuel consumption estimation under varying weather conditions
during voyages. Wind speed, wave height, ship speed, draught, AIS segment distance, and ship’s heading (HDG) are used as input
to predict the fuel consumption value from the MRV report. In this work, 3 types of models are tested: AIS-based model, MRV-
based model, and MRV-based normalized model. In AIS based model, weather conditions are divided into nine categories based
on wind speed, wave height, and wind directions then trained separately. In MRV-based mode, the daily weather condition was
used, and the MRV-normalized model used the normalized daily weather data. Te proposed ridge regression models (11 models
total) were tested with 4 container ships for a period of one year, and the result shows that compared to real fuel consumption,
MRV-based model could achieve the best result with an average error less than 3% comparing to real MRV report.

1. Introduction

In the past few years, one of the most serious challenges
faced by the world is the global warming caused by
greenhouse gases (GHGs). Based on the record of the United
Nations Conference on Trade and Development
(UNCTAD), seaborne contributes over 80% of the estimated
volume of international trade, and over 90,000 commercial
ships are sailing on the ocean with a total tonnage of 1.86
billion deadweight tones [1, 2]. Furthermore, heavy fuel oil,
as the main power source for the shipping industry, can
create a lot of carbon footprint because of its emission of
GHGs and other pollution materials [3, 4]. Tus, the In-
ternational Maritime Organization (IMO) adopted an initial
strategy for the reduction of GHG emissions from ships,
setting out a vision that confrms IMO’s commitment to

reducing GHG emissions from international shipping and to
phasing them out as soon as possible: reducing the CO2
emission by at least 40% by 2030, with the target of 70% of
reduction by 2050 and total annual GHG reduction of 50%
by 2050 comparing to the year of 2008 [5]. But despite the
growing number of strict environmental protection policies
implemented by the IMO and efort made by individual
countries and organizations, emissions due to fuel usages are
still in a general upward trend.

Te reduction of ship fuel usage and carbon emission is
a complex and multifaceted problem [6]. For that, nu-
merous research has been conducted, and those methods
can be classifed into 2 categories: using a new type of fuels
such as biofuel, electric fuel, hydrogen fuel, and other
synthetics or analyzing fuel consumption and carbon
emissions relative to a particular shipping activity. Te frst

Hindawi
Mathematical Problems in Engineering
Volume 2022, Article ID 4773395, 21 pages
https://doi.org/10.1155/2022/4773395

mailto:wanghetongtt@sjtu.edu.cn
https://orcid.org/0000-0002-3550-8758
https://orcid.org/0000-0002-1556-594X
https://orcid.org/0000-0002-0088-7735
https://orcid.org/0000-0001-8412-0576
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/4773395


method involves the impact on many areas such as politics,
economics, research, and engine replacement [6]. Tere-
fore, the second method will have the advantage of lower
cost and is more feasible in near future.

Te second method involves the detailed ship activities
such as ship speed, ship conditions, and other outside sailing
conditions such as the meteorological information. Te
rapid development of computational power of computers
and the speed of 5G network make the use of AIS for
identifcation of ship behavior possible. Te automatic
identifcation system (AIS) is an automatic ship self-
reporting system for maritime transportation safety pur-
poses [7]. Autonomously broadcasted AIS messages contain
kinematic information (including ship location, speed,
heading, rate of turn, destination, and estimated arrival
time) and static information (including ship name, ship
MMSI ID, ship type, ship size, and current time), which can
be transformed into useful information for intelligent
maritime trafc manipulations [8]. Tus, many researches
focus on the data fusion of diferent data sources such as
voyage report, AIS, ship sail weather data, and sensor data
for more accurate fuel/carbon estimation [9–11]. With
merged data, diferent data mining techniques are applied to
fnd the hidden relationship between vessel engine power
systems, weather conditions, numerous ship-related internal
factors, fuel consumptions, and ship carbon footprint.

Te white-box models (WBMs) come from the tradi-
tional computational fuid dynamics method to calculate
the resistances faced by the ship from multiple sources
based on the physical principles and dynamics laws. Te
model will frst estimate the resistance in calm water and
add the additional resistance caused by external factors
such as wind and waves. Ten, the total engine power
needed to overcome the total resistance can be calculated
along with the corresponding fuel consumptions and
carbon emissions [12]: Medina et al. [13] developed an
analytical model with an empirical formula by considering
wind values along the sailing route to fnd the fuel con-
sumption of container ship. Tillig et al. [14] proposed the
model for a speed reduction optimization plan during sail
by considering weather impact for minimizing fuel con-
sumption over voyages. Te advantages of WBMs are that
they can be applied at the initial stage of ship design, and
the parameters inside the model can be easily interpreted
since those parameters are mainly from dynamics laws. But,
despite the strength of WBMs, they have some obvious
disadvantages: WBMs model’s parameters are indeed ex-
plainable, but many assumptions must be made before the
constructions of the model, and the prior assumptions
made can have a large impact on the model’s performance
and whether it can be applied on real situations. Besides, in
order to fnd the parameters needed, ship structures, and
building information, complete sail activities must be
complete and fxed, i.e., missing data cannot be applied to
such model, and no randomness can be included to allow
data uncertainties [15].Terefore, though theWBMs can be
a relatively accurate result, the performance is strict to
“fxed” and “absolute” conditions, which make it hard to be
applied to real-world shipping operations.

Te black-box models (BBMs) are widely used machine
learning models for fuel consumption predictions with AIS
and weather data. Te process of using BBMs begins with
data extractions with preprocessing followed by some rea-
sonable assumptions with suitable regression models. And
fnally, the model’s ft and generalization nature is tested on
the validation data set. For example, Wang and Meng [16]
investigate the optimal sailing speed of container ships on
each leg of each ship route in a liner shipping network while
considering transshipment and container routing formu-
lated as a mixed-integer nonlinear programming model.
Adland et al. [17] develop a fexible framework for the es-
timation of the fuel consumption-speed curve for ships
which allows for speed-dependent elasticity with endoge-
nous thresholds. Te problem is, conventionally, that the
ship performance is shown by the speed-power curve of the
specifc type of vessel obtained from real sea trails. But most
of the time, the single curve obtained from the sea trails is
not enough to study the fuel consumption of the whole range
of operating conditions such as weather. Besides, though the
cubic law relation between ship sailing speed and fuel
consumption rate is widely accepted, it is very hard and
expensive since the cubic law requires the vessel’s rotational
speed, daily main and auxiliary engine fuel consumption
rate, design speed, operating speed, and other ship infor-
mation. Tus, the research gaps can be summarized as
follows:

(1) Existing studies did not have a valid data fusion
process to combine AIS data, meteorological data,
and voyage report data

(2) Current studies on fuel consumption did not have a
thorough comparison of models based on diferent
data sources (i.e., AIS, MRV)

(3) Despite the speed-power-fuel curve, with data set
constructed by one single vessel, it is not enough to
obtain the fuel consumption curve to cover the whole
range of weather conditions (i.e., not enough data for
every single weather condition)

(4) Huge errors occur with certain weather conditions,
especially in severe weather conditions

Te remaining of this paper is organized as follows:
In Section 2, we will briefy discuss the data source used

and the data preprocessing method. Section 3 includes the
weather classifcation method: for turning weather nu-
merical values into fuzzy values for the later regression
model, and the vessel clustering method: based on ship’s
dimensions, eigine power, and 7 other important features to
classify each ship into a specifc vessel type. Each vessel type
(instead of one single vessel) will share the same fuel con-
sumption model to make sure that data are sufcient for
regressionmodel building and result validation. In Section 4,
a comparison of the mathematical model used with other
commonly used models is presented. In Section 5, results
will be shown for the comparison of model performance
with voyage report result. In the end, a summarized con-
clusion will be given along with the discussion of possible
future work.
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2. Data

2.1. AIS Data. COSCO Shipping Technology has provided a
set of AIS data for container vessels. Te dataset ranges from
2020-8-1 to 2022-2-1 and contains 801665 ship voyage re-
cord data. Te dataset includes information such as vessel
name, vessel number, time of AIS signal from the vessel,
vessel’s position, vessel’s draft, vessel’s track direction, and
vessel’s sailing speed.

2.2. Meteorological Data. Te Shanghai Meteorological
Service has provided weather data from 2020-8-1. Te
weather data include information on wind and wave
magnitude, wind and wave direction, current magnitude,
current direction, and the extent of the area. Due to the small
meteorological range delineated, it is assumed that the
meteorological conditions experienced by vessels within that
range are represented by the weather data presented for that
area.

2.3. MRV Daily Fuel Data. COSCO Shipping Group has
provided daily fuel consumption data in MRV from 2020-8-
1 to 2022-2-1. Measurement, reporting, and verifcation
(MRV) provide requirements for the monitoring, reporting,
and verifcation of carbon dioxide (CO2) from ships arriving
at, within, or departing from ports. Figure 1 shows an ex-
ample of the daily fuel consumption data for some of the
container vessels studied over a 12-month period.

3. Quantification of Container Ships’ Fuel
Consumption Model Based on
Ridge Regression

3.1. Approach Overview. As the AIS data, weather data, and
MRV daily data are not in correspondence, all data need to
be matched and processed to obtain data containing
weather, sea conditions, navigation information, and fuel
consumption, use this data and ridge regression to construct
a quantitative fuel consumption model to process, and f-
nally make fuel consumption estimation and prediction.Te
process is shown in Figure 2.

3.2. Meteorological Classifcation. Te weather at sea is
complex and changeable, and ships often encounter diferent
weather conditions during navigation.When facing diferent
weather conditions, the sailing status and behavior of the
ship will change to a certain extent, thus afecting the fuel
consumption of the ship. In previous studies, weather data
are generally collected in the form of daily newspapers, and
when building the corresponding fuel consumption model,
the weather data are large in granularity, and a single fuel
consumption model cannot respond to the diferent fuel
consumption efects brought by weather changes during
ship navigation [18–23]. Since the Shanghai Meteorological
Bureau provides real-time maritime weather data, it is
benefcial to classify diferent weather conditions. According
to the performance of ships under each type of weather

conditions, diferent fuel consumption prediction estima-
tion models are built separately to adapt to the complex and
changing weather conditions at sea.

3.3. Ship-Type Clustering. Due to the fact that single vessel
does not have enough data for using the regression method,
in this work, each type of vessel (which will contain several
similar vessels) will be used. For that, the main engine power,
operating ship service speed, deadweight, vessel type, length
overall, displacement, draught, and engine rotational speed
will be used as input for clustering. However, for the open
access dataset, it is common to have some parameters
missing; thus, a two-step clustering process is performed: (1)
Apply K-means clustering algorithm on all ships with all 9
complete inputs and generate the label for each ship. (2)
Train an XG-boost clustering model with labels in (1) and
apply ships with incomplete input. Te two-step clustering
process ensures that all ships can be clustered into one
group. And ships inside the same group will be used as a
dataset for that the fuel consumption model of a specifc
vessel type.

3.4. Fusion Data Processing. Since a single data source
cannot meet the subsequent modelling and analysis re-
quirements, the AIS data, meteorological data, and MRV
daily data need to be fused according to the process shown in
Figure 3 to obtain more comprehensive ship data for sub-
sequent modelling and analysis.

3.5. Ridge RegressionModel. When there is multicollinearity
between the independent variables of a regression equation,
the ordinary least squares method can no longer be used to
analyze the regression equation accurately. In 1962, Heer
proposed an improved least squares estimation method
called ridge regression, which is a relatively stable method if
there are multiple correlations between the independent
variables, and the standard deviation of the regression co-
efcients estimated by ridge regression is also smaller. And
in 1970, Hoerl and Kennard gave a detailed discussion [24].

Te least squares method commonly used in regression
analysis is an unbiased estimate. For a posed problem, X is
usually a column of full rank.

Xθ � y. (1)

Using the least squares method, the loss function is
defned as the square of the residuals, minimizing the loss
function.

‖Xθ − y‖
2
. (2)

Te above optimization problem can be solved directly
using the following equation:

θ � X
T
X 

−1
X

T
y. (3)

When X is not of full rank, or when the correlation
between some columns is relatively large, the determinant of
XTX approaches zero, i.e., XTX approaches singularity, and
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the above problem becomes an ill-posed problem, at which
time the error in computing (XTX)− 1 will be large, and the
traditional least squares method lacks stability and reli-
ability. In addition, for some matrices, a small change in one
of the elements of the matrix can cause a large error in the
fnal computation, which is known as an ill-conditioned
matrix. Tere are also times when incorrect computational
methods can cause a normal matrix to behave in a patho-
logical manner in an operation. For the Gaussian elimina-
tion method, if the elements on the principal element (i.e.,
the element on the diagonal) are very small, they will exhibit
a pathological character in the calculation [25].

To solve the above problem, it is necessary to transform
ill-posed problem into a posed one: for this purpose, a
regularization term is added to the loss function.

‖Xθ − y‖
2

+‖Γθ‖
2
, (4)

where Γ � αI; then,

θ(α) � X
T
X + αI 

− 1
X

T
y, (5)

where I is the unit matrix.
As α increases, the absolute values of each element of

θ(α) tend to get smaller and smaller, and their deviation
from the correct value of θi becomes larger and larger. α
tends to infnity when θ(α) tends to zero. Ridge regression is
a complement to least squares regression, trading loss of
unbiasedness for higher numerical stability and thus higher
computational accuracy [26].

3.6. K-Fold Cross-Validation. K-fold cross-validation is
commonly used to estimate the regularization parameter λ
for regression models [27–29]. In this study, 10-fold cross-
validation is used to estimate the regularization parameter
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Figure 1: Container ship’ MRV daily fuel.

4 Mathematical Problems in Engineering



λ. Te parameter λ is estimated by minimizing the loss
function according to equation (5), where the regression
coefcient vector θ is estimated using equation (3). In k-
fold cross-validation, the training set was partitioned into
k data sets of approximately equal size. Ten, one of the
sets is used in turn for validation, performing k training
runs. Te error of the regression model trained on the
N −N/k samples is taken as the average error of the k
cross-validation trainings. Finally, a range of relevant λ is
obtained, and the one with the smallest error is then
selected.

3.7. Fuel Consumption Prediction. Te processed data set
mainly includes the following: the maritime mobile service
identify (MMSI), the time of AIS data collection, the ship’s
draft, the ship’s track direction, the ship’s sailing speed, the
wind and wave size, the wind and wave direction, the time
interval between two adjacent AIS data collections and the
sailing distance, the fuel consumption at the time of each AIS
point collection, the MRV daily flling time and the MRV
daily fuel consumption, etc., as shown in Table 1.

Table 1 shows that each data feld has diferent criteria,
for example, some feature variables contain positive and
negative values, which may reduce the accuracy of the
model predictions if used directly for model construction
and training. Terefore, to improve the prediction ac-
curacy of the model, the data will be normalized using
normalization. Tere are two common normalization
methods: linear normalization and zero-score normali-
zation (Z-score normalization). As linear normalization
requires the data set to satisfy a Gaussian normal dis-
tribution and to reduce the difculty of modelling, this
study will normalize the processed data set using Z-score
normalization [30].

For dataset X � xi , i � 1, 2, . . . , n, μ is the mean value
of the dataset, and σ is the standard deviation of the dataset.
Ten, Z-score normalization is defned as follows:

z �
X − μ
σ

, (6)

where

σ �

������������


n
i�1 xi − μ( 

2

n − 1



. (7)

After Z-score normalization, the mean is 0, and the
standard deviation is 1.

Tis study uses ridge regression to develop a regression
model for the quantitative prediction of ship fuel con-
sumption, which will be represented using a multiple linear
regression equation based on Ober [31], Nosal and Miranda
[32], and Wu and Liao [33]. Te fuel consumption model is
defned as follows:

fuel � β1x1 + β2x2 + · · · + βnxn + ε, (8)

where β1, β2, . . . , βn is the quantifcation factor, and ε is the
error term.

3.8. Carbon Emission Estimation. Since there is no signif-
cant carbon emission diference between heavy fuel oil
(HFO) and light fuel oil (LFO), the carbon emission can
estimated as one single equation [34]:

CarbonEmission � 3.114∗ fuel. (9)

3.9. Database and Evaluation Criterions. In this study, AIS
data, meteorological data, and MRV daily data will be used
to construct a quantitative prediction model for ship fuel
consumption. Te original dataset consists of all AIS data,
meteorological data, and MRV daily data for a total of eight
container vessels from 2020-8-1 to 2022-2-1, consisting of a
total of 801665 samples and 14 characteristic variables.
Among them, the characteristic variables afecting the fuel

MRV Daily Data AIS Data Meteorological Data

Matching with AIS DataOutliers RemovelTime Sync to AIS

Fusion Data

Figure 3: Fusion data processing.
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consumption of the vessels are sailing time, sailing distance,
sailing speed, wind and wave magnitude, wind and wave
direction, and draft and sailing direction. Te correlation
between the characteristic variables was assessed for each
degree of covariance before the modelling was carried out.
Figure 4 illustrates the degree of correlation between the
characteristic variables of the raw data.

It can be seen from Figure 4 that the size of the waves,
sailing distance, and speed have signifcant efects on the fuel
consumption of the ship.Te draught refects the cargo carried
by the ship to a certain extent, and usually, the larger the cargo
carried, the deeper the draught of the ship will be, and the fuel
consumption of the ship will increase. Table 2 explains all the
characteristic variables involved in the discussion and use.
From Table 3, most of the characteristic variables have strong
co-collinearity problems among them, which can easily cause
the traditional regression model constructed to be unstable,
resulting in less accurate prediction results. Terefore, ridge
regression will be used to build a quantitative prediction model
for ship fuel consumption.

Based on AIS data, meteorological data, and MRV daily
data, this study establishes daily ship fuel consumption
prediction and ship fuel consumption prediction under
diferent weather conditions based on MRV daily fuel
consumption and AIS fuel consumption, respectively.

Te efects of the diferent models will be evaluated using
mean absolute error (MAE), root mean squared error
(RMSE), and R square method. MAE refers to the mean
absolute error between the predicted outcome and the true
value of the test dataset and is defned as follows:

MAE �
1
n



n

i�1
yi − yi
′( 
2
. (10)

RMSE is used to measure the deviation between the
predicted and true values and is defned as follows:

RMSE �

������������

1
n



n

i

yi − yi
′( 
2




. (11)

R square refects the extent to which the regression model
explains the variation in the dependent variable, or how good
the ft to the observations is, and is defned as follows:

R
2

� 1 −


n
i�1 yi − yi

′( 
2


n
i�1 yi − y( 

2 , (12)

where yi is a predicted value, yi
′ is a real value, y is a mean

value, and n is the number of samples.

4. Fuel Consumption Model Constructions

4.1. Fuel Consumption Model Based on MRV Daily Fuel.
As the MRV daily reports can only provide the daily fuel
consumption of the vessel, there is noAIS data point-by-point
fuel consumption corresponding to each AIS point and
meteorological data and MRV fuel consumption. Terefore,
the ship voyage data and meteorological data were averaged,
and the average of each feature vector for each day was used as
a representative of the day’s meteorological and voyage data
and input into the ridge regression model.Te processed data
set was divided into a training set and a test set. 80% of the
data were used for training the model, and the remainder was
used for testing the model, which was generated by random
selection from the original data set.

In this study, ship fuel consumption was used as the
model response, and the variables with high correlation and
importance to ship fuel consumption were selected as the
input to the model by combining the knowledge of ship
navigation operations. All the characteristic variables will be
directly input into the ridge regression model or pre-
processed with Z-score standardization before inputting into
the ridge regressionmodel to compare the quantifed results,
and the comparison of data before and after standardization
is shown in Tables 4 and 5.Te regularization parameter α of
the ridge regression model was estimated by 10-fold cross-
validation according to 3.4. Te training dataset was divided
into 10 datasets of approximately equal sample size, and
then, one of the datasets was used for 10 training sessions.
Te quantifcation results are shown in Table 6.

Table 6 shows the quantitative results and the results of
the evaluation of model efects for Models 1 and 2. Model 1
uses unnormalized data, and the quantifed results show that
wave size, sailing distance, and speed magnitude have a
signifcant efect on fuel consumption, which is consistent
with the degree of correlation between the diferent char-
acteristic variables and fuel consumption as shown in
Section 3.5. From the MAE, RMSE, and R2 values, the model
that uses unstandardized daily average values to quantify
and estimate fuel consumption for theMRV daily newspaper
works well; the standardized data used in model 2 give
similar results to model 1 from the quantifed results.
However, the values of MAE and RMSE for model 2 are
signifcantly lower compared to model 1, which refects the
optimization of the model efect from the data point of view,
but due to the large change in the size of the data set after
normalization, it is not possible to conclude which model is
more efective from the two evaluation indicators, MAE, and
MRSE, and also, the R2 of model 2 has decreased compared

Table 1: Data information.

MMSI Postime Time_dif (s) Distance (km) Speed (kn) HDG . . . MRV_Daily_Fuel (tons) AIS_Fuel (tons)

477269400 2020/07/31 16:07:39 + 00:
00 904 0.00 0 354 . . . 11.707 0.0607

477194800 2020/07/31 16:08:41 + 00:
00 828 4.51 18.54 50 . . . 91.995 46.422

477183900 2020/07/31 16:08:56 + 00:
00 850 3.38 14.56 60 . . . 41.950 35.177

. . . . . . . . . . . . . . . . . . . . . . . . . . .
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Table 2: Explanation of the characteristic variables used.

Te characteristic
variables Explanation

Mrv_daily Vessel’s daily sailing fuel consumption recorded by MRV daily report, in tons/day

AIS_fuel Vessel’s sailing fuel consumption during the time interval between a certain AIS message and its previous AIS
message, in tons

Time_dif Te time diference between the upload time of an AIS message and its previous AIS message, in seconds

Distance Te distance travelled by a ship during the time interval between an AIS message and its previous AIS message
upload, in kilometers

Wind_val Wind size in m/s
Wind_direction Wind direction
Wave_val Wave height in meters
Wave_direction Wave direction
Speed Vessel’s sailing speed, in knot
Draught Draught of the ship, in meters
Hdg Te direction corresponding to the bow of the ship when it is sailing

Table 3: Colinearity among the feature variables.

Distance (km) Time_dif (s) HDG Speed (kn) Draught (m) Wind_val (m/s) Wind_direction Wave_val (m) Wave_Direction
79.35079 113.3095 5.21142 65.50859 82.15992 9.34322 5.57543 5.24874 6.35917
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to that of model 1. Terefore, model 1 is more efective
compared to model 2.

4.2. Fuel Consumption Model Based on AIS Fuel Data

4.2.1. Meteorological Classifcation. Model 1 and Model 2
use the average values of daily sailing and meteorological
data as input to the model, which is more granular and does
not provide a more detailed description of the impact of
sailing and meteorological data on the fuel consumption of a
ship in diferent weather conditions. Te AIS fuel con-
sumption data, on the other hand, shows the fuel con-
sumption of the ship at the time each AIS data is received
and contains more detailed and granular sailing and me-
teorological data. By using the more granular AIS naviga-
tional, meteorological, and fuel consumption data as input, a
quantitative model for estimating the fuel consumption of a
ship under diferent weather conditions will be obtained,
improving the accuracy of the quantitative estimation.

Tis study uses the K-means clustering algorithm to
classify meteorological data. As K-means requires the
number of clusters to be set manually, the optimal number of
clusters for clustering the meteorological data was explored
in advance using the elbow method and silhouette score
before clustering the meteorological data [35]. From Fig-
ure 5, it can be seen that for using the elbow rule, when the K
value increases from 3 to 4, the rate of decline is slower,
indicating that increasing the value of K at this time can no
longer make the clustering efect signifcantly better, and
there is no need to continue to increase the clustering; for the
silhouette score, the maximum value of k for the silhouette
score is 2, which indicates that the optimal number of
clusters is 2. However, from the elbow rule of k-value and

SSE, we can see that when the k-value is 2, the SSE is still very
large, so this is a less reasonable number of clusters.
Terefore, the second largest K-value of the silhouette score
is chosen −3, when the SSE is already at a relatively low level.
Terefore, the number of clusters was set to 3, and the
weather data were clustered using K-means. As can be seen
in Figure 5, after using K-means, the wind and waves were
efectively divided into three categories. Te wind size was
classifed into three categories: smaller than 5m/s, 5–11m/s,
and bigger than 11m/s. Te wave size was classifed into
three categories: smaller than 1m, 1–2.5m, and bigger than
2.5m. In conjunction with the wind and wave classifcation
table (Table 7) [36], the meteorological data were classifed
into three categories of meteorological conditions: smaller
than level 4 wind-level 3 waves, between level 4 wind-level 3
waves and level 6 wind-level 5 waves, and bigger than level 6
wind-level 5 waves.

When a ship is sailing, the direction of wind and waves is
also changing at any time. COSCO shipping group uses the
classifcation in Figure 6 to divide the direction of wind and
waves into three divisions: downwind, sideways headwind, and
upwind. 0o − 30o is downwind, 30o − 150o is sideways head-
wind, and 150o − 180o is upwind. Terefore, the weather size
classifcation is combined with the weather direction classif-
cation in this study to build a quantitative estimationmodel for
ship fuel consumption in diferent weather conditions.

4.2.2. Fuel Consumption Model for Diferent Weather
Classifcations. A total of nine weather categories can be
arranged according to the classifcation of weather size and
direction. Using the data under each category of weather,
modelling is carried out to obtain a quantitative estimation
model of fuel consumption corresponding to each category

Table 4: Data before standardization.

MRV_Daily_Fuel (tons) Distance (km) Wind_val (m/s) Wave_val (m) Speed (kn) Draught (m) HDG
78.9 263.28 10.32 2.66 15.97 12.3 106.64
76.3 392.84 8.78 2.27 15.98 12.3 106.73
74.4 374.03 7.46 1.70 15.85 12.3 109.45
80.8 393.33 9.00 1.75 16.05 12.3 92.78
78.6 386.69 8.24 2.06 15.74 12.3 89.22
. . . . . . . . . . . . . . . . . . . . .

Table 5: Data after standardization.

MRV_Daily_Fuel (tons) Distance (km) Wind_val (m/s) Wave_val (m) Speed (kn) Draught (m) HDG
0.2523 −0.1090 1.4259 1.6455 0.5670 −0.8699 −0.7439
0.1917 0.4704 0.8820 1.2152 0.5686 −0.8699 −0.7429
0.1474 0.3863 0.4157 0.5944 0.5506 −0.8699 −0.7128
0.2966 0.4726 0.9597 0.6481 0.5789 −0.8699 −0.8973
0.2453 0.4429 0.6899 0.9871 0.5364 −0.8699 −0.9367
. . . . . . . . . . . . . . . . . . . . .

Table 6: Quantitative results for model 1, model 2, MAE, RMSE, R2.

Wind_val (m/s) Wave_val (m) Speed (kn) Draught (m) Distance (km) HDG Error MAE RMSE R2

Model 1 0.0981 1.8071 5.3721 1.8292 0.0465 0.0267 −29.5268 10.6234 13.2521 0.9042
Model 2 0.0064 0.0384 0.9170 0.0591 0.0053 0.0563 −0.0012 0.2470 0.3104 0.9034
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of weather, which is used to estimate the fuel consumption
corresponding to each AIS point.

Among them, model 3, model 4, and model 5 belong to
the category of good weather. Model 3, when the mete-
orological size falls within level 4 winds-level 3 waves and
the wind and wave zoning is downwind, is regarded as
good weather. Te AIS data, meteorological data, and AIS
fuel consumption that satisfy the conditions of model 3
are entered into the model, and the optimal α value is
further determined by 10-fold cross-validation to obtain
the quantifed coefcients corresponding to the charac-
teristic variables. As can be seen from Table 8, the MAE for
model 3 is 0.08, the RMSE is 0.306, and the R2 is 0.89,
indicating that the model for ship fuel consumption in
good weather corresponding to model 3 works well.

Model 4, when the meteorological size falls within level 4
winds-level 3 waves and the wind and wave zoning falls
within the side headwinds, is also regarded as good
weather. Te results are shown in Table 8, with MAE of
0.23, RMSE of 0.88, and R2 of 0.79, indicating that the
model for fuel consumption in good weather for model 4
is efective. Model 5, when the meteorological size belongs
to level 4 winds-level 3 waves and the wind and wave
zoning belongs to upwind, is regarded as the second best
weather; the data satisfying the conditions of model 5 are
input into the model, and the results as shown in Table 8
can be obtained, the MAE is 0.12, the RMSE is 0.34, and
the R2 is 0.81, which indicates that the ship fuel con-
sumption model under the second best weather corre-
sponding to model 5 works well.
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Figure 5: Meteorological data classifcation.

Table 7: Wind/wave scale.

Level Wind_val (m/s) Wave_val (m)
0 [0–0.3] 0
1 (0.3–1.6] [0–0.1]
2 (1.6–3.4] (0.1–0.3]
3 (3.4–5.5] (0.3–1.0]
4 (5.5–8.0] (1.0–1.5]
5 (8.0–10.8] (1.5–2.5]
6 (10.8–13.9] (2.5–4.0]
7 (13.9–17.2] (4.0–5.5]
8 (17.2–20.8] (5.5–7.0]
9 (20.8–24.5] (7.0–10.0]
10 (24.5–28.5] (10.0–16.0]
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Model 6, model 7, and model 8 fall into the general
weather category. Model 6, when the meteorological size is
between level 4 winds-level 3 waves and level 6 winds-level 5
waves and the wind and wave partition belong to downwind,
is regarded as general weather, and the data satisfying model
6 is input into the model, and the same 10-fold cross-val-
idation is used to further determine the value of the best α.
As can be seen from Table 9, the MAE of model 6 is 0.09, the
RMSE is 0.216, and the R2 is 0.94, indicating that the model 6
corresponds to the corresponding model for ship fuel
consumption in general weather works well. Model 7, when
themeteorological size is between level 4 winds-level 3 waves
and level 6 winds-level 5 waves and the wind and wave
partition is a side headwind, is also regarded as general
weather. Te results shown in Table 9 are obtained when the
data for model 7 are entered into the model. Te MAE is
0.08, the RMSE is 0.23, and the R2 is 0.903, indicating that
the ship fuel consumption model for model 7 works well in
normal weather. Model 8, when the meteorological size is
between level 4 winds-level 3 waves and level 6 winds-level 5
waves and the wind and wave partition is upwind, is also
regarded as general weather; the data satisfying the condi-
tions of model 8 are input into the model, and the results
shown in Table 9 can be obtained, with MAE of 0.09, RMSE
of 0.305, and R2 of 0.873, indicating that the ship fuel

consumption model under general weather corresponding
to model 8 is efective.

Model 9, model 10, and model 11 belong to the category
of severe weather. Model 9, when the meteorological size
exceeds level 6 winds-level 5 waves and the wind and wave
partition belongs to downwind, is regarded as severe
weather. Te data satisfying model 9 is input into the model,
and the best α value is further determined by the same 10-
fold cross-validation, as can be seen from Table 10, the MAE
of model 9 is 0.04, the RMSE is 0.063, and the R2 is 0.93,
indicating that the severe weather corresponding to model 9
ship fuel consumption model works well. Model 10, when
the meteorological magnitude exceeds between level 6 winds
and level 5 waves, and the wind and wave partition is a side
headwind, is also regarded as severe.Te results are shown in
Table 10, with MAE of 0.04, RMSE of 0.079, and R2 of 0.923,
indicating that the fuel consumption model for model 10 in
severe weather is working well. Model 11, when the weather
size exceeds between level 6 winds and level 5 waves and the
wind and wave partition is upwind, is also regarded as bad
weather; the data to meet the conditions of model 11 are
input into the model, and the results shown in Table 10 can
be obtained, with MAE of 0.04, RMSE of 0.086, and R2 of
0.887, indicating that the ship fuel consumption model
under bad weather corresponding to model 11 works well.

Table 8: Fuel consumption model in good weather.

Wind_val (m/s) Wave_val (m) Speed (kn) Draught (m) Distance (kn) HDG Error MAE RMSE R2

Model 3 0.0014 −0.0007 0.0008 0.0139 0.2041 0.00008 −0.1779 0.08 0.306 0.89
Model 4 0.0041 −0.0117 0.0139 −0.0044 0.1412 0.00009 0.0487 0.23 0.880 0.79
Model 5 0.0061 −0.0233 0.0129 0.0091 0.1700 0.00016 −0.1676 0.12 0.340 0.81

0°-30°

30°-150°

150° –1
80

°

Ship

Figure 6: Wave/wind direction relative to ship’s movement.
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5. Experimental Results

To demonstrate the performance of the proposed ridge
regression-based fuel consumption prediction model, it
was compared with typical regression methods such as
ANN.

As shown in Figure 7, the actual fuel consumption, the
prediction results based on ridge regression, and the ANN-
based prediction results are shown by black, yellow, and blue
lines, respectively. It is obvious that the ridge regression-
based fuel consumption prediction model can accurately ft
the actual values in most cases due to the ANN. Figure 7
shows that the prediction results of the ridge regression-
based fuel consumption prediction model can accurately ft
the actual values in most cases.

Table 11 shows the RMSE and MAE results for the
ridge regression model and ANN with the same test data
set. As expected, the ridge regression model has a lower
RMSE and MAE of 13.25 and 10.62, respectively. Te
lower RMSD implies that the proposed model has a better
ftting performance and can accurately predict the fuel
consumption variation under diferent navigation
conditions.

Finally, these models were completed in Python 3.9.7
and with normal PC specifcations (i5 processor). As shown
in Table 11, the efciency of the two models was evaluated
based on training time.Te time cost of the ridge regression-
based model is lower than the time cost of the other model.
In addition, the ridge regression model has a better inter-
pretation compared to other regression models such as
ANN, which is convenient for subsequent studies to explore
the potential association of each diferent characteristic
variable with fuel consumption and carbon emissions.

6. Discussion

6.1. Fuel Consumption Comparison. To obtain a more ac-
curate ship fuel consumption prediction model, a ship fuel
consumption quantifcation estimation model based on
MRV daily fuel consumption and a ship fuel consumption
quantifcation model based on AIS fuel consumption were
constructed, respectively. Te corresponding ship fuel
consumption quantifcation equations under the twomodels
can be obtained from Section 4.

fuel � 
6

i�1
βixi + ε,model1, (13)

fuel �



6

i�1
β1iXi + ε1,model3,



6

i�1
β2iXi + ε2,model4,



6

i�1
β3iXi + ε3,model5,



6

i�1
β4iXi + ε4,model6,



6

i�1
β5iXi + ε5,model7,



6

i�1
β6iXi + ε6,model8,



6

i�1
β7iXi + ε7,model9,



6

i�1
β8iXi + ε8,model10,



6

i�1
β9iXi + ε9,model11.
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⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(14)

For equation (13), xi(i � 1, 2, . . . , 6) is the characteristic
variables in model 1, βi(i � 1, 2, . . . , 6) is the characteristic
coefcients, and ε is the error term. Equation (13) shows the
quantitative estimation model based on the MRV daily fuel
consumption. For equation (14),
βji(i � 1, 2, . . . , 6; j � 1, 2, . . . , 9) is the characteristic coef-
fcients corresponding to the characteristic variables in each
model, and εj(j � 1, 2, . . . , 9) is the error term of each
model. Equation (14) shows the quantitative estimation
model based on the AIS fuel consumption. Te values and
characteristic variables corresponding to each parameter are
shown in Table 12.

In order to validate the proposed work, ship fuel con-
sumption models based on MRV data and AIS data will be

Table 10: Fuel consumption model in bad weather.

Wind_val (m/s) Wave_val (m) Speed (kn) Draught (m) Distance (km) HDG Error MAE RMSE R2

Model 9 0.0028 0.00008 0.0041 −0.0203 0.1424 0.00011 0.2069 0.04 0.063 0.93
Model 10 0.0056 0.00083 0.0020 −0.0112 0.1861 0.00015 0.0856 0.04 0.079 0.92
Model 11 −0.0026 −0.0347 −0.0003 0.0199 0.2226 0.00005 −0.2134 0.04 0.086 0.89

Table 9: Fuel consumption model in normal weather.

Wind_val (m/s) Wave_val (m) Speed (kn) Draught (m) Distance (km) HDG Error MAE RMSE R2

Model 6 −0.0044 0.0103 0.0060 0.0080 0.1749 −0.00020 −0.0382 0.09 0.216 0.94
Model 7 −0.0032 0.0159 0.020 0.0131 0.2089 −0.00010 −0.1333 0.23 0.880 0.79
Model 8 0.0014 −0.0021 0.0079 −0.0058 0.2063 0.00012 0.0643 0.09 0.305 0.87

Mathematical Problems in Engineering 11



compared. Using the obtained quantitative formulae, the
fuel consumption of four container vessels will be estimated,
and the results of the two models will be compared with the
predicted fuel consumption and the real fuel consumption
demonstrated by COSCO Haike, respectively.

Figures 8–11 show the results of the quantitative esti-
mation model for ship fuel consumption based on MRV
daily fuel consumption, shown by the yellow line. Compared
to the actual fuel consumption (black line), there is roughly
the same trend, and for most of the time, the diference with
the real fuel consumption is smaller; compared to COSCO’s
predicted fuel consumption (blue line), MRV has a smoother
trend for some of the time and, for some of the time, is closer
to the real fuel consumption. Figures 12–15 show the results
of the quantitative estimation model for ship fuel con-
sumption based on AIS fuel consumption. Te model based
on AIS fuel consumption is closer to the real fuel con-
sumption than the model based on MRV daily fuel con-
sumption. Te trend is more reasonable and more accurate
than COSCO’s predicted fuel consumption. As the model
considers diferent weather conditions, it is more adaptable
to diferent weather conditions than the model based on
MRV daily fuel consumption and COSCO’s prediction
model and more adaptable to the changing weather con-
ditions at sea.

Table 13 shows the annual (2020/09–2021/09) actual
cumulative fuel consumption of the four container ships
and the cumulative predicted fuel consumption of the two
models, as well as the absolute error between the two
models and the annual actual cumulative fuel
consumption.

For the quantitative estimation model based on MRV
daily fuel consumption, when selecting the daily weather and
navigation data, the mean value of each characteristic var-
iable is used as the daily representative, so there are many
cases where the original characteristics of the weather and
navigation data are lost, for example, no wind and fast speed
in the frst few hours, and gusty wind and little speed in the
second few hours, so there are still many shortcomings in the
performance of the estimation results; in addition, the model
utilizes daily average data, which behaves diferently in the
face of diferent weather conditions, and cannot more ac-
curately express the correspondence between the charac-
teristic variables and fuel consumption through each
characteristic coefcient.

For the quantitative estimation model based on AIS fuel
consumption, although each type of weather condition is
considered separately, there is a large amount of unrea-
sonable data in the original dataset that is difcult to process
because AIS fuel consumption is flled in manually; in ad-
dition, the consideration of weather conditions is not refned
enough, and the weather classifcation in this study cannot
be better adapted to the estimation of fuel consumption
under various diferent weather variations. Terefore, the
estimation results of the model still have some errors with
the actual values.

6.2. Carbon Emissions Comparison. Figures 16–19 show the
results of the ship’s carbon emissions based on MRV daily
fuel consumption, indicated by the yellow dashed line.Tere
is approximately the same trend compared to the real (black
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Figure 7: Fuel consumption model comparison.

Table 11: RMSE, MAE results and running time for the ridge regression model and ANN model.

Model RMSE MAE Running time (s)
ANN 21.5 17.36 30.2
Ridge regression 13.25 10.62 15.9
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Figure 8: “AZALEA” fuel consumption comparison based on regression model (MRV-based), actual fuel(MRV report), and COSCO fuel
(AIS-based).
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Figure 9: “PEONY” fuel consumption model based on MRV daily fuel compare.
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Figure 10: “ROSE” fuel consumption model based on MRV daily fuel compare.
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Figure 11: “SAKURA” fuel consumption model based on MRV daily fuel compare.
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Figure 13: “PEONY” fuel consumption model based on AIS fuel compare.

Mathematical Problems in Engineering 15



line), with a diference less than 10% compared to the real
carbon emissions for most of the time; Figures 20–23 show
the results for ship carbon emissions based on AIS carbon
emissions. Te model based on MRV is closer to the true
CO2 emission (less than 5%) than the model based on AIS.

Table 14 shows the annual (2020/09–2021/09) actual
cumulative carbon emissions of the four container ships and

the cumulative predicted carbon emissions, as well as the
absolute error between the two models and the annual actual
cumulative carbon emissions.

It can be seen from Table 14 that the ship carbon
emissions estimation model based on MRV daily fuel
consumption is better than that based on AIS fuel con-
sumption. However, in practical application, there may be
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Figure 14: “ROSE” fuel consumption model based on AIS fuel compare.
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Figure 15: “SAKURA” fuel consumption model based on AIS fuel compare.

Table 13: Fuel consumption analyzation.

Ship
name

Actual cumulative fuel
consumption

throughout the year
(tons)

Cumulative prediction of fuel
consumption estimation model

based on MRV daily fuel
consumption (tons)

Cumulative
absolute error

(%)

Cumulative prediction of fuel
consumption estimation
model based on AIS fuel

consumption (tons)

Cumulative
absolute error

(%)

AZALEA 27339 26558 2.9 24655 9.4
PEONY 26619 25621 3.7 24144 8.9
ROSE 25652 26476 3.2 24108 6
SAKURA 25066 26235 4.7 23700 5.4
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Figure 16: “AZALEA” carbon emissions comparison based on MRV.

200

300

400

100

0

Fu
el

 (t
on

s)

2020-09 2020-11 2021-01 2021-03 2021-05 2021-07 2021-09
Date

Actual Fuel
Carbon Emissions based on MRV

COSCO SHIPPING “PEONY” Carbon Emissions comparison

Figure 17: “PEONY” carbon emissions comparison based on MRV.
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Figure 18: “ROSE” carbon emissions comparison based on MRV.
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Figure 19: “SAKURA” carbon emissions comparison based on MRV.
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Figure 20: “AZALEA” carbon emissions comparison based on AIS.
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Figure 21: “PEONY” carbon emissions comparison based on AIS.
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AIS data loss. For the ship fuel consumption estimation
model based on AIS fuel consumption, AIS time segment
and distance are afected, which can cause the predicted fuel
consumption deviation, resulting in inaccurate estimation of
carbon emissions. At the same time, the ship fuel con-
sumption estimation model based on AIS can adapt to the
changeable weather and navigation conditions at sea and
facilitate ship path planning and meteorological navigation.

In addition, some ships lack MRV daily report, using AIS
fuel consumption data for prediction can better estimate and
monitor ship fuel consumption.

7. Conclusion

In this work, a framework is shown from raw AIS data to
ship fuel consumption and carbon emissions in diferent
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Figure 22: “ROSE” carbon emissions comparison based on AIS.
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Figure 23: “SAKURA” carbon emissions comparison based on AIS.

Table 14: Carbon emission comparison based on MRV-based and AIS-based regression model.

Ship
name

Actual cumulative
carbon emissions

throughout the year
(tons)

Cumulative prediction of carbon
emissions estimation model based
on MRV daily fuel consumption

(tons)

Cumulative
absolute error

(%)

Cumulative prediction of carbon
emissions estimation model

based on AIS fuel consumption
(tons)

Cumulative
absolute
error (%)

AZALEA 85136 82701 2.9 76775 9.4
PEONY 82892 79784 3.7 75184 8.9
ROSE 79880 82446 3.2 75072 6
SAKURA 78055 81695 4.7 73801 5.4
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weather conditions. Two models were constructed: one with
daily MRV data and one with AIS data. Results show that
both models can have good performance under each clas-
sifed weather. At frst, this study uses ridge regression to
quantify ship fuel consumption, which reduces the impact of
covariance between the characteristic variables and en-
hances the adaptability of the models to data sets with some
ambiguity, low accuracy, and limited samples. Ten, both
models are efective in explaining and analyzing charac-
teristics such as speed, distance travelled, wind and wave
size, and ship draft, which have a signifcant impact on ship
fuel consumption, enhancing the interpretability of the
models.

Te signifcance of this work is that rather than having
the fuel consumption and carbon emission from daily noon
report, it can be estimated between AIS segments. Terefore,
this research will contribute themaritime transportation and
the GHG emission reduction in 2 ways:

(1) Optimizing the estimation models and applying the
ship fuel consumption estimation models to route
planning so that ship can have a good estimation of
carbon emission before departure so that routes can
be chosen nicely

(2) Current MRV report contains a human error, and
this model can be used as an early warning when an
unexpected report is written
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