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a b s t r a c t

To prevent pollution from ships, the Energy Efficiency Design Index (EEDI) is a mandatory guideline for
all new ships. The Ship Energy Efficiency Management Plan (SEEMP) has also been applied by MARPOL to
all existing ships. SEEMP provides the Energy Efficiency Operational Indicator (EEOI) for monitoring the
operational efficiency of a ship. By monitoring the EEOI, the shipowner or operator can establish strategic
plans, such as routing, hull cleaning, decommissioning, new building, etc. The key parameter in calcu-
lating EEOI is Fuel Oil Consumption (FOC). It can be measured on board while a ship is operating. This
means that only the shipowner or operator can calculate the EEOI of their own ships. If the EEOI can be
calculated without the actual FOC, however, then the other stakeholders, such as the shipbuilding
company and Class, or others who don't have the measured FOC, can check how efficiently their ships are
operating compared to other ships. In this study, we propose a method to estimate the EEOI without
requiring the actual FOC. The Automatic Identification System (AIS) data, ship static data, and environ-
ment data that can be publicly obtained are used to calculate the EEOI. Since the public data are of large
capacity, big data technologies, specifically Hadoop and Spark, are used. We verify the proposed method
using actual data, and the result shows that the proposed method can estimate EEOI from public data
without actual FOC.

© 2020 Society of Naval Architects of Korea. Production and hosting by Elsevier B.V. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

1.1. Energy Efficiency Operational Indicator (EEOI)

Annex VI of the International Convention for the Prevention of
Pollution from Ships (MARPOL) imposes regulations on ships
regarding energy efficiency. According to these regulations, any
ship of 400 gross tonnages and above shall keep on board the Ship
Energy Efficiency Management Plan (SEEMP) (International

Maritime Organization, 2009). Additionally, the Energy Efficiency
Operational Indicator (EEOI), which can be calculated by Eq. (1)
should be used to monitor ship efficiency in the SEEMP.

EEOI¼

P
i

P
j
Fij$CF

j

P
i

�
mcargo;i$Di

�; (1)

where i is the voyage number, j is the fuel type, Fij is the mass of
consumed fuel j at voyage i, CFj is the fuel mass to CO2 mass con-
version factor for fuel j, mcargo is cargo carried (tonnes) or work
done (number of TEU or passengers) or gross tonnes for passenger
ships, and D is the distance in nautical miles corresponding to the
cargo carried or work done. Unlike the Energy Efficiency Design
Index (EEDI), the value of which is determined in the design stage,
EEOI changes during operation because of the performance of the
ship changes. By tracking changes in EEOI, it enables shipowners or
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operators to make informed decisions in areas including routing,
hull cleaning, decommissioning, and new building. From the point
of view of a shipyard, EEOI can be used to compare efficiency be-
tween ships, and the result can be used for marketing or technical
development purposes.

1.2. EEOI estimation without operational information

Shipowners and operators can calculate EEOI easily, as they have
actual operating data on their own ships, such as their fuel con-
sumption during operation. Shipyards, however, cannot easily
calculate EEOI because it is difficult to obtain necessary operating
information once a ship has been delivered. It is, therefore,

necessary for shipyards to estimate EEOI using only public data
without the use of any actual operating data. The public data
available to the shipyards include ship dynamic data, ship static
data, and ocean environmental data. The ship dynamic data include
time, position, speed, draft, and other variables which are time- and
condition-dependent. These data can be obtained from the Auto-
matic Identification System (AIS). The ship static data include
principal dimensions, engine specifications, and other constants
that are unchanging over time and condition. The ocean environ-
mental data refers to weather data such as wind, waves, and cur-
rent. To estimate EEOI using these public data, it is necessary to
estimate the following variables in Eq. (1); CFj, D,mcargo, and Fij. CFj is
a fixed value determined by fuel type. For example, CFj is 3.114 for

Table 1
Summary of related works and its characteristics.

Related works Objective Input data Environment impact

Perez et al. (2009) Estimating emission using AIS data AIS, actual fuel and engine operating
data

Using actual operating data

Smith and Keeffe
(2013)

Estimating EEOI using AIS data AIS, ship static data Assuming sea margin as 10e15%

Chi et al. (2015) Real-time monitoring of vessel efficiency AIS, actual fuel and engine operating
data

Using actual operating data

Rakke (2016) Estimating emission using the Holtrop-Mennen method with AIS
data

AIS, world fleet data, ship static data Assuming sea margin as 17%

Wen et al. (2017) Green routing to minimize EEOI AIS, ship static data, weather data Speed correction using wind
speed

Proposed method Estimating EEOI using AIS data with big data technology AIS, ship static data, weather data Estimating additional resistance

Fig. 1. Summary of the EEOI estimation method.
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Heavy Fuel Oil (HFO) and 2.750 for Liquefied Natural Gas (LNG). D
can be estimated by real-time position from the ship dynamic data,
with the distance between two positions of a voyage defining D.
mcargo can be obtained by the deadweight at design draft of the ship
static data, and by the actual draft of the ship dynamic data. It can
be assumed that the ratio of design draft to actual draft is equal to
the ratio of design cargo mass to actual cargo mass. Therefore,
mcargo can be estimated by multiplying this draft ratio by dead-
weight. The estimation of mcargo can be more accurate when the
hull shape is considered. Fuel Oil Consumption (FOC) is defined as

X
i

X
j

Fij ¼ Power� SFOC� Hours; (2)

where SFOC is Specific Fuel Oil Consumption, Hours is operation
hours, and Power is actual engine power. SFOC and operation hours
can be obtained from the ship dynamic and static data, but actual

engine power cannot be obtained from either of them because it is
measured while a ship is operating. Therefore, we propose a
method to estimate the actual engine power and subsequently
calculate EEOI without access to the operating data.

1.3. Related works

Recently, AIS data has been used to evaluate the trajectories of
ships. Abbasian et al. (2018) used AIS data to predict the destination
and arrival times of vessels. Additionally, Dobrkovic et al. (2016)
proposed a method to predict destination and arrival times from
AIS data using a Genetic Algorithm. As the size of the AIS dataset is
very large, Tsou (2016) proposed the AIS data warehouse and On-
line Analysis Process (OLAP) to handle the data. Zhang et al. (2018)
presented the automatic maritime routing process by analyzing AIS
trajectories. Xiao et al. (2015) analyzed spatial distribution, speed
distribution, course distribution, average speed, and traffic density

Table 2
Contents and data type of public data.

Item AIS data Ship static data Environment data

Contents Message 1
� Time
� MMSI
� Latitude/Longitude
� Course over ground
� Speed over ground
� Heading angle

� IMO number
� Ship type
� Year built
� Length/Beam/Depth
� Design draft
� Design speed
� Specification for the main engine
� Specification for auxiliary engine
� Cargo capacity

� Time
� Latitude/Longitude
� Wind speed
� Wind direction
� Significant wave height
� Mean wave direction
� Mean wave period
� Current speed
� Current direction

Message 5
� Time
� MMSI
� IMO number
� Departure/Destination
� Actual Draft

Data type CSV CSV NetCDF

Fig. 2. Overall process for EEOI estimation.
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in ships by analyzing the AIS data.
As concern for the environment and regulations to protect it

have increased in the last few years, many studies related to
emissions from shipping have been done. Tichavska et al. (2019)
showed the emission pattern in a port by using AIS data. Bouman
et al. (2017) summarized previous works about reducing green-
house gas emissions. Some studies about EEOI estimation using
public data have even previously been performed. For example,
Perez et al. (2009) estimated emission from ships. However, these
emissions were estimated using actual operating data, and the AIS
data was used only for calibration. Smith and Keeffe (2013) also
suggested a method for estimating EEOI through the use of public
data. They considered loading conditions, hull condition, and actual
speed condition. These conditions were applied to EEOI estimation
as factors obtained from the AIS data and ship static data. However,
the ocean environment was simply applied to 10e15% of the sea
margin. Chi et al. (2015) proposed an AIS-based framework for the
real-time monitoring of ship efficiency. EEOI was estimated in real-
time based on position and speed from the AIS data. However,
actual engine power for EEOI estimation was simply assumed to
have a cubic relationship with the ship's speed. Rakke (2016)

estimated resistance and power using the AIS data and ship static
data by the Holtrop-Mennen method. However, the ocean envi-
ronment was not considered in this estimation. Wen et al. (2017)
estimated EEOI using public data and applied it to green routing.
For EEOI estimation, actual engine power was assumed to have a
cubic relationship with the ship's speed, and the ship's speed was
corrected according to the ocean environment. However, they only
used information about wind in the ocean environment. A sum-
mary and comparison of these previous works are shown in Table 1.
In this study, we estimate the resistance due to the ocean envi-
ronmental condition using the Holtrop-Mennen method (Holtrop,
1988) and ISO15016:2015 (International Organization
Standardization, 2015), and apply it to power estimation using
the modified Direct Power Method (DPM) outlined in
ISO15016:2015. From there, we can calculate FOC bymultiplying by
operation hours. As a result, a precise FOC that takes into account
the weather and environmental impact can be estimated. We also
use big data technologies to handle the large amount of AIS and
ocean environmental data. The originality of this study is that we
enhance the accuracy of the FOC estimation by calculating the
additional resistance from the past ocean environmental data that
can be obtained in public. On the other hand, the previous works
used the sea margin instead of calculating the added resistance or
applied the actual operating data that is not disclosed.

1.4. Main results

In this study, we propose an EEOI estimation method. The main
results are as follows:

Fig. 3. Process for estimating the total resistance and propeller efficiency.

Table 3
Inputs used for estimating the total resistance and propeller efficiency.

Data Source Input

Common information g, rsea, rair, nsea
AIS data Tactual
Ship static data LBP, B, Vdesign, Tdesign, D, DWT, MCR, nMCR

Unknown information LWL, CB, CM, CWP, LCB, ABT, AT
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� EEOI is estimated without operating data, but only with public
data.

� The ocean environment condition is considered in order to es-
timate precise FOC.

� A modified Direct Power Method is proposed to estimate power
consumption.

� Big data technologies are used to reduce data processing and
computing time for EEOI calculation.

Fig. 1 shows a summary of the proposed method for EEOI esti-
mation. This method will be explained in detail in the following
sections.

1.5. Organization

Section 2 explains the input values used for EEOI estimation.
Section 3 explains the proposedmethod to estimate EEOI. Section 4
presents how to handle the large size of the input values. Section 5
verifies the proposed EEOI model with an actual reference model.
Finally, Section 6 concludes the study and presents future di-
rections. Additionally, the explanation of all the variables used in
this study are given in Appendix A.

2. Input data for EEOI estimation

In this section, we describe the input data used for EEOI esti-
mation; the ship dynamic data, ship static data, and environment
data. The ship dynamic data is obtained from AIS data, which is an
automatic tracking system for ships. The ship static data is obtained
from ship constants, which include principal dimensions and en-
gine specifications. The environmental data is obtained from the
weather data, including wind, waves, and current. All information
on the data used in this study is shown in Table 2.

Fig. 4. Procedure for the estimation of additional resistance.

Table 4
Inputs for additional resistance estimation.

Data Source Variables

Common information g, rsea, rair, nsea
AIS data VG, Tactual
Ship static data LBP, B, Vdesign, Tdesign, D, DWT
Environment data uwind, vwind, H1/3, Wave direction, Twave

Estimated information LWL, CB, CM

Fig. 5. Ship performance evaluation based on the Direct Power Method in
ISO15016:2015.
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2.1. Automatic Identification System (AIS) data

Due to International Maritime Organization regulations
(International Maritime Organization, 2003), all ships shall carry an
AIS capable of automatically relaying information about the ship to
others, including coastal authorities. AIS sends 27 kinds of mes-
sages to satellites, which are labeled Messages 1 to 27, and the
proposed method uses Messages 1 and 5. The data provided by
Message 1 include Maritime Mobile Service Identity (MMSI), time,
position, heading angle, speed, etc. Message 5 provides MMSI, In-
ternational Maritime Organization (IMO) number, time, the actual
draft, etc. Message 1 and Message 5 are combined by matching the
MMSI and time information to estimate the EEOI.

2.2. Ship static data

The ship static data refers to information about the ship and
engine specification. Ship data such as principal dimensions and
IMO number can be obtained from the Class or research company,
and engine data can be obtained from the engine catalog. The in-
formation required to estimate the EEOI includes principal

dimensions such as length, breadth, depth, design draft, design
speed, etc., and engine specifications such as Nominal Maximum
Continuous Rating (NMCR) and Specific Fuel Oil Consumption
(SFOC). The ship static data can bematched to AIS data based on the
IMO number.

2.3. Environment data

To calculate the engine power of a ship, the additional resistance
acting on that ship must be estimated at the beginning. Depending
on ocean weather conditions, the power consumed can differ with
the ship's speed. For the estimation of additional resistance, the
environment data (weather data) of the ship location are required.
The weather data can be obtained from climate data centers and
includes time, position, speed and direction of wind, waves, and
current. Theweather data can bematched to AIS data based on time
and position information.

3. Energy Efficiency Operational Indicator (EEOI) estimation

3.1. Overall process for EEOI estimation

The EEOI formula, Eq. (1), consists of fuel consumption, carbon
factor, cargo mass, and distance. Since other values are not difficult
to obtain, FOC estimation is the most important factor in the esti-
mation of EEOI. FOC can be calculated using Eq. (2). Therefore, the
key factor for estimation involves figuring out how to calculate the
engine power from the public data. Engine power can be estimated
from the resistance acting on a ship and its propeller efficiencies. In

Fig. 6. Process for modified Direct Power Method.

Table 5
Inputs for engine power estimation.

Data Source Variables

Assumed information Vid

Estimated information VC, RT, DR, w, t, hR, hH
Unknown information n, KT,0, KQ,0
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this study, the resistance is divided into total resistance resulting
from the shape and movement of a ship, and additional resistance
resulting from environmental conditions, except for current. For
EEOI estimation, the total resistance and propeller efficiencies are
estimated using the Holtrop-Mennen method (Holtrop, 1988) after
correcting for the current speed. Rakke (2016) also used the
Holtrop-Mennen method to calculate the total resistance, but the
additional resistance from the ocean environmental condition was
added as a sea margin of 17%. In this study, we calculate the addi-
tional resistance using ISO15016:2015 (International Organization
Standardization, 2015). Then, we propose the modified Direct Po-
wer Method (DPM) based on the Direct Power Method in
ISO15016:2015 to estimate engine power. EEOI can then finally be
obtained using the estimated engine power and other information.
Fig. 2 shows the overall process of EEOI estimation. We will
describe this process in more detail in the next section.

3.2. Current correction

The AIS data includes the speed over ground. As a ship is
affected by current, it is not possible to directly estimate actual
engine power using speed over ground. Therefore, the speed over
ground should be corrected for the current speed in order to
calculate the power. For speed correction, the speed over ground,
the heading angle in the AIS data, and u and v components of
current velocity in the environment data are used. u is the velocity
in the east direction and v is the velocity in the north direction. The
corrected speed is calculated as the sum of the ship and current
velocities. The u and v components of the ship's speed are obtained

using the speed over ground and the heading angle. Since the
heading angle in the north direction is 0, the u and v components
are obtained by

uship ¼ V$sin f;
vship ¼ V$cos f; (3)

where V is the speed vector of a ship, and f is the heading angle.
From there, the corrected speed VC of the ship is calculated by

VC ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
uship � ucurrent

�2 þ
�
vship � vcurrent

�2r
: (4)

3.3. Total resistance and propeller efficiency estimation

The Holtrop-Mennenmethod (Holtrop, 1988) provides formulas
for estimating resistance and propeller efficiencies, which are
derived by regression analysis based on a model test. The total
resistance of the ship consists of six components, with formulas for
each component provided. The input values in this study are the
actual draft and actual speed from the AIS data, and principal di-
mensions from the ship static data. The unknown input values for
the total resistance calculation are obtained following the as-
sumptions of Rakke (2016). Fig. 3 shows the process of estimating
the total resistance and propeller efficiency.

The input data that are used in this study are summarized in
Table 3. The common information and the unknown information
cannot be obtained from the AIS and ship static data. Therefore, the

Fig. 7. Procedure for estimation of Energy Efficiency Operational Indicator.

Table 6
Size of the public data.

Item AIS data Ship static data Environment data

Size 150 GB (for 5500 ships, 1 year) 20 MB (for 5500 ships) 1.2 TB (for 1 year)
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common information is assumed to have a constant value. The
gravitational acceleration, g, is 9.8 m/s2; the density of the sea rsea,
is 1.025 ton/m3; the density of the air, rair, is 0.0012 ton/m3; and the
kinematic viscosity, nsea, is 0.00000118 m2/s. The unknown infor-
mation is estimated using the AIS and the ship's static data, refer-
ring to related studies as follows for guidance.

The Load Waterline Length (LWL) is estimated using LBP in the
ship static data as follows (Smith and Keeffe, 2013);

LWL¼ LBP=0:97: (5)

The block coefficient (CB) is assumed to have a relationship with
the Froude number as follows (Schneekluth and Bertram, 1998)

CB ¼ � 4:22þ 27:8$
ffiffiffiffiffi
Fr

p
� 39:1$Fr þ 46:6$Fr3: (6)

The midship section coefficient (CM) is assumed to relate to the
block coefficient as follows (Charchalis, 2017);

CM ¼0:977þ 0:085$ðCB �0:60Þ: (7)

The waterplane coefficient (CWP) is assumed to relate to the
block coefficient as follows (Schneekluth and Bertram, 1998);

CWP ¼ð1:0þ2:0 $CBÞ=3:0: (8)

The cross-sectional area at the fore perpendicular (ABT) is
assumed to be eight percent of the midship section area (AM), as
follows (Charchalis, 2017);

ABT ¼0:08$AM: (9)

The transom area under the waterline (AT) is also assumed to
relate to the midship section area as follows (Rakke, 2016);

AT ¼0:051$AM: (10)

The midship section area (AM) is defined as follows;

AM ¼B$T$CM: (11)

3.4. Additional resistance estimation

The ISO15016:2015 (International Organization Standardization,
2015) is an international standard, and its purpose is to estimate the
performance of a ship in calm water. Ship performance can be
estimated by excluding the effects of external events such as
weather on measured performance in a trial test. The
ISO15016:2015 provides methods for estimating additional resis-
tance to measure the effects of the weather. In the ISO15016:2015,
as in Eq. (12), additional resistance is divided into three compo-
nents; resistance due to wind, resistance due to waves, and resis-
tance due to water temperature and density. The total increased
amount of resistance DR is

DR¼RAA þ RAW þ RAS; (12)

where RAA is the resistance increase due to wind, RAW is the resis-
tance increase due to waves, and RAS is the resistance increase due
to water temperature and density. Resistance due to water tem-
perature and density is omitted in this study because of its small
value. The detailed formulas are described in Fig. 4.

We estimate the additional resistance using the ISO15016:2015
along with the public data as well as the values from the estima-
tions of the total resistance and propeller efficiency. To calculate the
additional resistance, many inputs are required. For example, ship

Fig. 8. Configuration of a big data cluster.

Table 7
Reference data for verification of the proposed method.

Item Value

Ship's type Container ship
Ship's size 13,100 TEU
Design speed 21.8 knots
Main engine MAN B&W 10S90ME-C9.2
Voyage period March 2014~ November 2014

Fig. 9. Result of EEOI estimation from March to November 2014.
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principal dimensions including length, breadth, depth, and design
draft, ship operational conditions including speed over ground and
actual draft, and weather information including wind speed and
direction are all used. Table 4 shows these inputs and their data
sources. The estimated additional resistance is used in power
estimation using DPM in the following section.

3.5. Engine power estimation

In this study, the actual engine power is estimated for the

estimation of EEOI. The DPM is modified and applied to the esti-
mated speed changed by the weather, and the Holtrop-Mennen
method is applied to estimate the actual engine power. Almost all
of the inputs required for engine power estimation are obtained
from the AIS data and the ship static data. Moreover, the results of
the estimations of total resistance, propeller efficiencies, and
additional resistance are also used.

3.5.1. Direct Power Method
In ISO15016:2015, the measured engine power in actual

Fig. 10. Result of EEOI estimation using data from March 2014.

Fig. 11. Result of EEOI estimation using data from April 2014.

Fig. 12. Result of EEOI estimation using data from May 2014.
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environmental conditions in a sea trial test is corrected to the po-
wer in ideal conditions (i.e., deep water, no wind, no waves, and no
current) using DPM, and from there the ship's ideal speed. The DPM
estimates the engine power in ideal conditions by removing the
effects of environmental conditions from the measured engine
power. The performance of a ship in ideal conditions is evaluated by
the following procedure shown in Fig. 5.

In our method, however, there is no measured power data, as
the purpose is to estimate the engine power under the

environmental conditions. Therefore, the DPM procedure is modi-
fied to be in reverse order, and the Holtrop-Mennen method is
applied to estimate the engine power. In the estimation procedure,
the ship's speed in ideal conditions is assumed as Vid ¼ VC, and total
resistance, propeller efficiencies, and additional resistance in ideal
conditions are also used as inputs. The load factor is calculated by
considering the environmental conditions. The propeller advance
ratio is then calculated using the load factor. The ship's corrected
speed is calculated next using the propeller efficiencies. Finally, the

Fig. 13. Result of EEOI estimation using data from June 2014.

Fig. 14. Result of EEOI estimation using data from July 2014.

Fig. 15. Result of EEOI estimation using data from August 2014.
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actual engine power is calculated following the Holtrop-Mennen
method when the ship's corrected speed is equal to the ship's
speed corrected by the current. If the ship's speed is not equal to the
ship's corrected speed, then change Vid by a small amount and go to
the first step. The overall procedure is shown in Fig. 6.

To explain the procedure in detail, the propeller advance ratio in
ideal conditions is first obtained using

J0 ¼
Vidð1�wÞ

n$DP
; (13)

where Vid is the ship's assumed speed in ideal conditions, and J0 is
the propeller advance ratio in ideal conditions. Then, factors for the
thrust and torque coefficient curve are obtained by fitting to
quadratic equations

KT ;0 ¼ aT J
2
0 þ bT J0 þ cT ; (14)

KQ ;0 ¼ aQ J
2
0 þ bQ J0 þ cQ : (15)

where KT,0 is the thrust coefficient in ideal conditions, and KQ,0 is
the torque coefficient in ideal conditions. The load factor for oper-
ating conditions considering the weather is estimated by

top ¼ RT þ DR

ð1� tÞð1�wÞ2rseaV2
idD

2
P

: (16)

The propeller advance coefficient for operating conditions is
calculated with the load factor and factors for the thrust and torque

coefficient curve by

J1 ¼
�bT �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
b2T � 4

�
aT � top

�
cT

q

2
�
aT � top

� : (17)

Then, the ship's speed changed by the weather is calculated by

VSC ¼
nJ1DP

ð1�wÞ: (18)

When VSC is equal to the ship's speed corrected by the current,
the actual engine power PD is calculated by

PD ¼RT$Vid

hD
; (19)

where hD is the propulsive efficiency in ideal conditions. hD can be
calculated by

hD ¼hOhRhH; (20)

where hO is the propeller efficiency in open water for ideal condi-
tions that can be calculated by

hO ¼ J0
2p

KT;0

KQ ;0
: (21)

Table 5 shows the input variables and data sources.
Most of the inputs can be obtained from the previous proced-

ures of resistance estimation, but some unknown information

Fig. 16. Result of EEOI estimation using data from September 2014.

Fig. 17. Result of EEOI estimation using data from October 2014.
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remains that cannot be obtained or estimated from either the
public data or the resistance estimation. For this reason, we assume
the unknown variables as follows.

To find the propeller revolutions per second at actual speed (n),
the exact relation between the ship's speed and propeller revolu-
tions per second is required. However, due to insufficient infor-
mation, the amount of propeller revolutions per second is simply
assumed to have a linear relationship with the ship's speed.
Furthermore, the coefficient for the relation is assumed to be equal
to the ratio of revolutions per second at MCR and the design speed
of the ship. It can be expressed as

n¼ nMCR$
VC

VDesign
: (22)

The propeller thrust coefficient (KT,0) and torque coefficient
(KQ,0) depend on the propeller type. The propeller is assumed to be
of the Wageningen B-screw series. Therefore, the coefficients are
calculated using an approximation formula (Bernitsas et al., 1981)
as

KT ;0 and KQ ;0 ¼
X

Cs;t;u;vðJ0ÞsðPi=DPÞtðAE=AOÞuzv; (23)

where Pi is the propeller pitch, which can be obtained by

Pi ¼
VC

n
; (24)

and z is the number of propeller blades, which can be obtained from
the ship static data. Bernitsas et al. (1981) proposed the coefficients
Cs,t,u,v, s, t, u, and v for KT,0 and KQ,0 calculation, and we use these
coefficients.

3.6. EEOI estimation

The EEOI estimation procedure with input data is shown in
Fig. 7. The AIS data, ship static data, and the estimated information
are all used to calculate EEOI. FOC can be calculated using Eq. (2).

Finally, EEOI can be calculated using FOC, carbon factor, cargo mass,
and distance traveled.

4. Big data technology for EEOI estimation

This section describes representative big data frameworks
Hadoop and Spark. These frameworks are applied to EEOI estima-
tion and examined the applicability of this estimation.

4.1. Size of the public data

One year of AIS data for 5500 ships takes up almost 150 giga-
bytes (GB). We need to select a target ship from the AIS data in
which to calculate its EEOI. Furthermore, the size of one year worth
of environment data is almost 1.2 terabytes (TB). For this reason,
only the weather information from the relevant specific time
should be loaded from these data. The sizes of the public data
mentioned above are summarized in Table 6. Normally it is difficult
to handle this amount of data in a general computing system. We,
therefore, use the above-mentioned big data framework to esti-
mate the EEOI.

4.2. Hadoop and Spark

Nowadays, there are two representative big data frameworks in
widespread use; Hadoop and Spark. Hadoop is a framework that
uses a simple programming model to provide distributed data
storage and distributed computing. The main technologies used in
Hadoop are HDFS (Hadoop Distributed File System) and MapRe-
duce. HDFS enables the use of many servers as one unified storage
system andmakes it possible to use server storage space efficiently.
Similarly, MapReduce enables the use of many servers as one single
computer and makes it possible to use server resources efficiently.

Spark is an open-source distributed processing system mainly
used for big data. It executes all data operation in memory and
processes all data at once. Spark has three big advantages compared
to MapReduce. First, Spark is faster than MapReduce by a factor of
10e100. Second, Spark provides multiple libraries for applying it to
various fields. Third, Spark supports various types of programming
languages such as Scala, Java, and Python. Because of these ad-
vantages, we applied HDFS and Spark to our estimation of EEOI.

4.3. Application of big data framework

To apply a big data framework to EEOI estimation, it is necessary
to construct a big data cluster. We construct a big data cluster with

Fig. 18. Result of EEOI estimation using data from November 2014.

Table 8
Verification result for EEOI estimation.

EEOI Average RMSE

Actual 5.575 e

Proposed 5.445 1.928
Rakke (Rakke, 2016) 6.405 2.356
Wen et al. (Wen et al., 2017) 10.434 5.599
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multiple servers using Hadoop and Spark (Park et al., 2019). The
executor, which distributes computing works, and the name node,
which distributes data to storage spaces, are applied to the master
server. Moreover, theworker, which does the actual processing, and
the data node, which is the actual storage, are applied to the slave
server as shown in Fig. 8.

For EEOI estimation, the big data cluster is used to store public
data and to process the estimation. The AIS data, ship static data,
and environment data are all stored to HDFS. The result of EEOI
estimation is also stored in HDFS. Moreover, the estimation of total
resistance and EEOI is processed using Spark.

5. Result and discussion

The procedure for estimating EEOI using public data is applied
to the reference ship data for verification. Table 7 shows relevant
information from the reference ship data. It includes the ship and
engine specification, and operating data such as actual engine po-
wer, speed, draft, and location of the ship fromMarch to November
2014.

In this study, we compare the actual EEOI from the reference
ship and the estimated EEOI using the public data with the pro-
posed method. Moreover, to confirm the accuracy of the proposed
method, we also calculate the EEOI using Wen et al. (2017)'s EEOI
model. The suggested EEOI model is

EEOI¼
PMCR$

 
VC

Vdesign

!3

$Tm$EFm

mcargo$D
; (25)

where Tm is theworking time of themain engine, and EFm is the CO2
emission factor for the main engine. In this study, EFm is set to
670 g/kWh for HFO (International Maritime Organization, 2014).
The definition of mcargo can differ between ship types. Smith and
Keeffe (2013) suggested a way to measure the capacities of corre-
sponding ship types. For a container ship, mcargo is defined by

mcargo ¼ 7$TEU$
Tactual
Tdesign

: (26)

Rakke (2016)'s EEOI estimation method using the Holtrop
Mennen method to calculate total resistance and power with a 17%
margin for the environmental condition is also examined in com-
parison. The EEOI estimation results are shown in Figs. 9e18. As the
AIS data is saved every few seconds, the amount of AIS data is much
more than the actual reference data measured in operation.
Therefore, the time span is matched to the reference data in the
results. Additionally, some data that have incorrect draft values in
the AIS data are removed to verify the result.

These results indicate that EEOI estimation using the proposed
method is consistent with EEOI calculated using the actual engine
power. Moreover, the proposed method is more accurate than the
EEOI models outlined in Rakke (2016) and Wen et al. (2017).
Additionally, for precise comparison, the average and Root Mean
Square Error (RMSE) is calculated by each EEOI model as shown in
Table 8.

The result of the proposed EEOI estimation has a similar average
but is 0.13 less than the reference EEOI. The proposed method is
12.54% more accurate on average than the method used by Rakke
(2016)'s for the reference data. Moreover, comparing RMSE, the
proposedmethod has a 0.428 smaller value than the previous work.
The reasons are that Rakke (2016) did not consider the additional
resistance when calculating the power but did add a 17% margin
and that Wen et al. (2017) assumed the actual engine power has a

cubic relation with the ship's speed.

6. Conclusion and future work

A method for EEOI estimation using public data is proposed
based on the Holtrop-Mennen method and ISO15016:2015. The
total resistance and propeller efficiencies are estimated using the
Holtrop-Mennen method, additional resistance is estimated
following the ISO15016:2015, and the engine power is estimated
using the modified Direct Power Method and the Holtrop-Mennen
method. The utility of the proposed method is verified using the
actual data. We also compared the proposed method to the
methods outlined by Rakke (2016) andWen et al. (2017) to check its
accuracy.

Regarding average EEOI for the nine months represented in the
actual data, the proposed method shows a value 2.35% lower than
the actual EEOI, but themethod used by Rakke (2016) shows a value
that is 14.89% higher. Based on this, we found that the inclusion of
the additional resistance from the environment data is very
important for estimating the actual engine power. This result shows
that the proposed method can estimate the EEOI without the need
for actual operating data. Furthermore, it is suggested to use big
data technologies such as the ones used in this study, so that a large
amount of public data available can be processed.

In the future, the proposed model will be improved by consid-
ering harsh environmental conditions. A method for handling the
missing or wrong data from AIS is also to be investigated.
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Appendix A. Nomenclature

ABT cross-sectional area at the fore perpendicular
AE/AO propeller expanded area ratio
AM midship section area
AT transom area under the waterline
AXV transverse projected area above the waterline including

super-structures
aQ, bQ, and cQ factors for the torque coefficient curve
aT, bT, and cT factors for the thrust coefficient curve
B breadth of the ship
C14 prismatic coefficient based on the waterline length
C6 coefficient for additional pressure resistance of

immersed transom immersion
CA coefficient for model-ship correlation resistance
CAA wind resistance coefficient
CAA(0) wind resistance coefficient in head wind
CB block coefficient
CF coefficient of frictional resistance
CFj fuel mass to CO2 mass conversion factor for fuel j
CM midship section area coefficient
CP prismatic coefficient
CWP waterplane area coefficient
D depth
Di nautical miles corresponding to the cargo carried or

work done for voyage number i
DWT deadweight
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Fij mass of consumed fuel j at voyage i
Fr Froude number
Fri Froude number based on immersion of bulbous bow
g gravitational acceleration, 9.8 m/s2

H1/3 significant wave height
J propeller advance ratio
J0 propeller advance ratio in ideal conditions
KQ torque coefficient
KQ,0 torque coefficient in ideal conditions
KT thrust coefficient
KT,0 thrust coefficient in ideal conditions
k1 form factor of hull
k2 appendage resistance factor
LBP length between perpendiculars
LBWL distance of the bow to 95% of maximum breadth on the

waterline
LCB longitudinal center of buoyancy
LR length of run
LWL waterline length
MCR Maximum Continuous Rating
mcargo cargo carried (tonnes) or work done (number of TEU or

passengers) or gross tonnes for a passenger ship
n propeller revolution per second
nMCR engine revolution per second
PB measure for the emergence of the bow
PD delivered power
Pi propeller pitch
RA model-ship correlation resistance
RAA resistance increase due to relative wind
RAPP appendage resistance
RAS resistance increase due to water temperature and

density
RAW resistance increase due to wave
RAWL mean resistance increase in long crested irregular waves
RAWML motion induced resistance
RAWRL mean resistance due to wave reflection
RB additional pressure resistance of bulbous bow near the

water surface
RF frictional resistance
RT total resistance
RTR additional pressure resistance due to immersed

transom immersion
RW wave resistance
rawðuÞ function of the circular frequency u of regular waves

provided in ISO15016:2015
SAPP wetted area of the appendages
SBH wetted surface area of the bare hull
STotal total wetted area of the ship
Subscription ‘id’ ideal condition
Subscription ‘ms’ trial condition
Sh frequency spectrum for wind waves modified Pierson-

Moskowitz type
T, Tdesign design draft
Tactual actual draft of the ship
Twave mean wave period
t thrust deduction fraction
ucurrent u component of current velocity
uship u component of ship velocity
uwind wind velocity to the East
V and Vdesign ship's speed
VA speed of advance
VC ship's corrected speed using the current speed
VG ship's measured speed over ground
Vid ship's assumed speed in ideal conditions
VSC ship's changed speed by the weather

VWRef relative wind velocity at the reference height
vcurrent v component of current velocity
vship v component of ship velocity
vwind wind velocity to the North
w wake fraction
z number of propeller blades
DR total increased amount of resistance
a1(u) function of the circular frequency u of regular waves

provided in ISO15016:2015
hD propulsive efficiency
hH hull efficiency
hO propeller efficiency in open water
hR relative rotative efficiency
nsea kinematic viscosity of seawater, 0.00000118 m2/s
r density of the sea
rair density of air, 0.0012 ton/m3

rsea density of sea, 1.025 ton/m3

top load factor for operating condition
u circular frequency of regular waves
jWRef relative wind direction at the reference height
zA wave amplitude
V displacement volume of the ship
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