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a b s t r a c t

This paper develops a dynamic regression model to quantify the contribution of key external factors to
operational energy efficiency of ships. On this basis, kernel density estimation is applied to explore
distribution patterns of fluctuations in operational performance. An empirical analysis based on these
methods show that distribution of fluctuations in Energy Efficiency Operational Indicator (EEOI) is
leptokurtic and fat tailed, rather than a normal one. Around 85% of fluctuations in EEOI can be jointly
explained by capacity utilization and sailing speed, while the rest depend on other external factors
largely beyond control. The variations in capacity utilization and sailing speed cannot be fully passed on
to the energy efficiency performance of ships, due to complex interactions between various external
factors. The application of the methods is demonstrated, showing a potential approach to develop a
rating mechanism for use in the legally binding framework on operational energy efficiency of ships.
© 2021 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. Background

As the backbone of global trade, shipping is widely cited as the
most energy-efficient mode of transportation (Brooks and Faust,
2018). Nevertheless, greenhouse gases emitted from ships ac-
count for an unneglectable proportion of the global total. From the
year 2012e2018, the carbon dioxide (CO2) emissions from inter-
national shipping has increased from 701 million tonnes to 740
million tonnes (5.6% increase), representing an approximately 2% of
global CO2 emissions over this period (Faber et al., 2020). Given the
high correlation between fuel consumption and CO2 emissions,
improving energy efficiency of ships is an important pathway to-
wards low carbon shipping. As a continuous effort to combat
climate change, the International Maritime Organization (IMO)
developed an initial strategy on reduction of greenhouse gas (GHG)
emissions from ships (referred to as “IMO GHG Strategy” hereafter)
in year 2015, aiming to phase them out in this century
(International Maritime Organization, 2018). In November 2020,
val Architects of Korea.
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the Marine Environment Protection Committee (MEPC) of the IMO
at its 75th session approved a set of new mandatory regulations to
reduce the carbon intensity of international shipping by at least 40%
by 2030, compared to 2008 (Marine Environment Protection
Committee, 2020). One of the key legally banding requirements is
to rate the annual operational carbon intensity of ships as A, B, C, D
or E as from the year 2023, indicating a major superior, minor su-
perior, moderate, minor inferior, or major inferior performance
level. However, the proper operational carbon intensitymetrics, the
reference lines used for target setting and the method to define the
rating boundaries have all been absent due to the complexity in
regulating an object of a random nature, pending further consid-
erations by the IMO in the next two years. Among the remaining
technical difficulties, the development of rating boundaries for use
of performance appraisal is the most challenging one, which
heavily relies on an insight into the impacts of key factors on the
operational performance of ships and the consequent distribution
pattern of the fluctuations in operational energy efficiency.
1.2. Literature review and research gaps

Operation carbon intensity of ships has been defined as “CO2

emissions per transport work” in the IMO GHG Strategy. Although
many candidates have been proposed for use in the mandatory
er B.V. This is an open access article under the CC BY-NC-ND license (http://creative
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List of nomenclatures and notations

CO2 carbon dioxide
IMO International Maritime Organization
DWT deadweight tonnage, means the difference in

tonnes between the displacement of a ship in
water of relative density of 1025 kg/m3 at full load
draught and the lightweight of the ship.

eeoiref an expected reference operational performance
level of EEOI

eeoiflc full scale fluctuation rate of EEOI
eeoidflc fluctuation rate of EEOI when decoupled from

capacity utilization and sailing speed
FRM fuel oil consumption rate of main engine
GHG greenhouse gas
EEOI Energy Efficiency Operational Indicator
EEDI Energy Efficiency Design Index
MCR maximum continuous rating
r a ship's capacity utilization
v a ship's sailing speed
rflc fluctuation rate of capacity utilization
vflc fluctuation rate of sailing speed
ARIMA autoregressive integrated moving average model
ARIMAX dynamic regression model
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regulations (Zhang et al., 2019), the most commonly used metric in
practice is the Energy Efficiency Operational Indicator (EEOI)
(International Maritime Organization, 2009). Note that in the
context of IMO regulatory framework, there is no explicit distinc-
tion between “carbon intensity” and “energy efficiency”. For a given
ship, the attained EEOI varies with all factors that influence the fuel
oil consumption or transport work, including capacity utilization,
sailing speed, displacement, draft, trim, fouling condition and sea
state. These factors and their interactions make the operational
performance of a ship a rather complex issue, but no systematic
methods to quantify such impacts are available. Without such ba-
sics, an insight into the features of the fluctuations in operational
energy efficiency performance of ships can be hardly derived,
let alone a clear understanding on their implications for perfor-
mance appraisal.

As fuel consumption is the dominant cost of ship operation,
factors influencing fuel efficiency have received much research
interest. Most studies just focused on one single factor, with a view
to developing associated measures for energy efficiency improve-
ment. The most focused subject is slow-steaming. A ship's engine
load is related to the third power of its speed (MAN Diesel and
Turbo, 2004), which is generally taken as a theoretical basis to
deduce a cubic relation between a ship's fuel consumption and the
sailing speed inmany studies. However, if the extra time under way
is taken into account, there would be a quadratic relation between
fuel efficiency and sailing speed. Furthermore, for a ship operating
at an engine load below 50% of the maximum continuous rating
(MCR), the rule of thumb results in major discrepancies, due to
severe variations in the amount of fuel used to generate 1 kWh of
power under different engine loads (Faber et al., 2010). Roughness
of hull and propeller is another critical factor. Owen et al. (2018)
calculated the effects of biofouling on the performance of a
typical propeller using Computational Fluid Dynamics (CFD) and
reported an up to 30% decrease in propulsion efficiency at the
highest simulated fouling level. Adland et al. (2018) carried out an
empirical analysis on a group of Aframax-size crude oil tankers and
claimed a 9% ~ 17% reduction in daily fuel consumption through
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periodic hull cleaning. Impacts of other operational factors on en-
ergy efficiency of ships, including trim optimization at various draft
conditions (Coraddu et al., 2017), the uptake of alternative fuels
(Acomi and Cristian Acomi, 2014; Deniz and Zincir, 2016), as well as
the skill and awareness of ship crew (Jensen et al., 2018), also
attracted some attentions of the researchers. Apart from the oper-
ational measures, the effects of technical solutions in improving
energy efficiency, such as ship hull optimization (Zhang and Zhang,
2015), air bubble lubrication (Park and Lee, 2018; Zhang et al.,
2018), as well as the installation of new types of propeller (Lim
et al., 2014) or rudder (Kim et al., 2014), were also explored.
However, since the purposes of these studies were to reduce fuel
consumption under certain operational conditions, the contribu-
tion of those factors to energy efficiency improvement has been
provided as the results of specific case studies, rather than common
findings. A systematic method to quantify the impacts of key factors
on the operational energy efficiency of ships has neither been
provided.

Since most factors that impact a ship's energy efficiency per-
formance are autocorrelated over time and highly correlated with
each other, techniques of machine learning and data mining have
beenwidely applied to dig into the joint impacts of multiple factors.
Gkerekos et al. (2019) developed a data-driven multiple regression
algorithm for predicting fuel consumption of main engines, which
can be used to track performance degradations and to optimize
shipping operations. Kim et al. (2020) proposed a method to esti-
mate a ship's EEOI using the Automatic Identification System (AIS)
data, ship static data and environment data, which makes the
calculation of EEOI possible without necessarily relying on the
actual statistical data on fuel consumption. Uyanık et al. (2020)
compared various models for predicting the fuel consumption of
ships under the influence of various external factors and found that
the nearest estimation of the actual fuel consumption data was
made by multiple linear regression and ridge regression. All these
data-driven approaches can produce well behaved results and thus
are quite useful in the operational performance monitoring, pre-
diction and optimization. However, these models cannot be used to
quantity the impacts of certain external factors on the energy ef-
ficiency of ships, because the parameters of such models can be
hardly interpreted in terms of practical implications.

Studies specifically on the fluctuations in operational energy
efficiency performance of ships are quite scarce, most of which
have been carried out to inform policy making. So far, the most
informative results can be found in the Fourth IMO GHG Study
(Faber et al., 2020), where the distribution of annul carbon intensity
fluctuation rates of typical cargo ship types in year 2013e2018 were
presented. Given no mandate to dig into this issue further, contri-
butions of external factors to the fluctuations in energy efficiency of
ships were not thoroughly explored in this study. Smith et al. (2015)
calculated the annual average EEOI for individual ships for the years
2010, 2011 and 2012. The median and inter-quartile range of EEOI
for each ship type and size category were presented, showing sharp
distinctions between different categories and significant variations
within a given category. Since this research aimed to provide an
operational performance spectrum across the entire fleet, the
fluctuation in individual performance was not traced. Similar re-
sults can be also found in Parker et al. (2015), where the variations
in EEOI on a voyage basis for one bulk carrier was presented as an
example. In a case study on 11 technically identical sister tankers
(O'Keeffe and Smith, 2016), an up to 57% difference in annual EEOI
was reported, reflecting the fact that the achieved EEOI of a given
ship in one year can provide little indication for the following year.
The authors further pointed out that approximately 60% of the
variations in EEOI can be explained by the combined influence of
capacity utilization and speed, which are predominantly outside of



Table 1
Technical particulars of the sample ships.

Particulars Value

Dead weight tonnage (tonnes) 110,000
Container capacity (twenty-foot equivalent unit, TEU) 10,000
Installed main power (kW) 69,000
Auxiliary engine power (kW) 3500� 4
Specific fuel consumption for main engine (g/kW/h) 170
Design speed (knot, same as nm/h) 26
Estimated EEDI (gCO2/tonne/nm) 17

Note: all data have been rounded into two significant digits as requested to avoid
commercial sensitivity.
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the operator's control. Faber et al. (2015) observed more arbitrary
year-to-year changes in the operational performance of bulkers
(�45% ~ 1560%), tankers (�29% ~ 63%) and container ships
(�81% ~ 3160%). The extremely high and asymmetric percentage
rates were fundamentally caused by the flaw in the calculation
method. The results given by the studies reviewed above have
actually indicated the statistical features of the sample ships rather
than the common profiles of ship types, therefore the findings were
not in line with each other. None of the above studies has provided
an in-depth analysis on the distribution pattern of the fluctuations
in operational energy efficiency of ships, or has developed common
method to quantify the effects of key external factors.

In practice, RightShip has developed a GHG emissions rating
system based on the Existing Vessel Design Index (EVDI™)
(RightShip, 2013), using a simple A ~ G scale. This system allows
comparison of a ship's theoretical CO2 emissions relative to her
peers. The EVDI™ is an indicator calculated using the characteris-
tics of the ship as built, but has been fine tuned for application to
existing vessels. This rating mechanism is based on the assumption
that the levels of EVDI™ of ships obey normal distribution, which
may be not the case for operational performance. Although the
rating methodology can provide a potential option for operational
performance appraisal, the scaling strategy based on design fea-
tures may not be suitable to rate the operational energy efficiency
of a random nature.

1.3. Main work of this paper

This paper has developed a method to quantify the contribution
of external factors to the operational energy efficiency of ships and
a method to estimate the distribution pattern of the fluctuations in
operational performance. A demonstration showing how the
methods can be applied in supporting the development of the
rating boundaries for use in the legally binding framework is
additionally provided. The remainder of this paper is organized as
follows:

Section 2 introduces the data and methods. As informed by a
quick random forest simulation and a log-linear regression, a
dynamic regression model is developed, taking the capacity
utilization and the sailing speed as the key contributing factors.
On this basis, a method to explore the distribution pattern of the
fluctuations in EEOI is developed using the kernel density esti-
mation technique;
Section 3 reports the results derived from the dynamic regres-
sion models and the kernel density estimation, including the
contribution of capacity utilization and sailing speed to the
energy efficiency performance of ships, as well as the distribu-
tion features of the fluctuations in EEOI. An in-depth discussion
on their implications in performance appraisal is also included;
Section 4 demonstrates a potential application of themethods in
supporting the development of the rating boundaries for use in
the legally binding framework, based on the findings in Section
3; and
Section 5 concludes the main findings of this study, points out
the weakness and limitations in the proposed methods, and
puts forward the work for the future.

2. Data and methods

2.1. Data and preprocessing

To ensure the comparability of the operational energy efficiency
performance, four sister container ships operating on the same
trade route are selected as the sample, labeled as CA1 to CA4 for
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easy reference. These ships are owned by the same shipping
company (anonymized as requested) and are identical in design.
The technical particulars of the sample ships are presented in
Table 1.

Monthly statistics on fuel oil consumption and transport activity
were collected for each sample ship between 2012 and 2017. On
this basis, the monthly average values of EEOI (in gCO2/tonne/nm),
the corresponding average capacity utilization (r, non-
dimensional) and sailing speed (v, in knots) are calculated as fol-
lows: EEOI ¼P

i

P
j
ðFij �CFj Þ=

P
i
ðmi �diÞ (International Maritime

Organization, 2009), r ¼ P
i
midi=DWT

P
i
di, and v ¼ P

i
di=
P
i
24�

Di. In these functions, i is the sequence number of the voyage un-
dertaken in a given month, j stands for the fuel type, CFj is the
conversion factor (non-dimensional) of fuel type j when converted
from fuel consumption to CO2 emission. For a given voyage i, Fij is
the mass of fuel consumption (in tonnes), mi is the mass of cargo
carried (in tonnes), di is the distance travelled (in nautical miles),
and Di is the days at sea.

The fluctuation rate of EEOI (denoted eeoiflc;t) is defined as the
difference of its natural log values between adjacent periods t and
t� 1, calculated as eeoiflc;t ¼ lnðeeoitÞ� lnðeeoit�1Þ. This is because
the factual percentage change depends on whether we use the
beginning or ending value as the reference, which would yield wide
discrepant absolute values when the variation is large. In contrast,
using the logarithmic approximation is similar in spirit to taking
the average of the beginning and ending values as the denominator
in calculation. When the exact percentage change is concerned, it
can be calculated through an exponential transformation
expðeeoiflc;tÞ� 1. The fluctuation rates of capacity utilization (rflc;t)
and sailing speed (vflc;t) are calculated following the same method.
As informed by the Kwiatkowski-Phillips-Schmidt-Shin (KPSS)
tests (Kwiatkowski et al., 1992), all of these time series can be
deemed as stationary.
2.2. Method to quantify the contribution of key external factors

From a technical point of view, the EEOI calculation formula for a
given voyage can be decomposed as follows:

EEOI¼ðFRM � hourM þ FA þ FBÞ � CF
ðDWT � rÞ � ðv� hourMÞ ¼ ðFRM � hourMÞ � CF

ðDWT � rÞ � ðv� hourMÞ
þ ðFA þ FBÞ � CF
ðDWT � rÞ � ðv� hourMÞ

(1)

where FRM stands for the fuel oil consumption rate (g/h) of the
main engine (assuming only one type of fuel consumed); hourM
stands for the hours on route, which is equivalent to the running
hours of main engine; FA and FB respectively stands for the fuel



Fig. 2. The simulated surfaces of EEOI based on log-linear regression.
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consumption of auxiliary engines and boilers (in tonnes). The other
notations are identical with those introduced in section 2.1, from
which the subscripts indicating a specific voyage and fuel type have
been removed for the sack of simplicity. Given the dominant role of
main engine in fuel consumption, the EEOI for a given ship mainly
depends on the ratio of FRM to r� v. Therefore, we highlight the
contribution of capacity utilization and sailing speed to the varia-
tions in EEOI. In the meanwhile, FRM varies with main engine
working load, which is correlated with all factors contributing to a
ship's resistance, including not only capacity utilization and sailing
speed, but also trim, fouling, weather, and sea conditions. For
container ships, the containers on the deck also contribute to air
resistance. Since most of these factors are unobservable or hard to
measure, we group them together and try to find a competent
proxy in the modeling process below.

As a starting point, the random forest regression (Liaw and
Wiener, 2002) is applied to generate a simulated surface based
on the pooled data, as shown in Fig. 1. On this basis, Fig. 2 further
presents a log-linear regression surface in conjunctionwith its 0.95
confidence interval, generated by the model lnðeeoiÞ ¼ b0 þ
b1 lnðrÞþ b2 lnðvÞþ m. The visualized results show that the varia-
tions in EEOI can be largely captured by the capacity utilization and
sailing speed. Since the underlying assumptions on independent
identically distributed (iid) random samples and a well-behaved
error term (m) cannot be satisfied, this log-linear regression is just
a rough fit for test purposes.

The rugged surface is the estimated values of EEOI generated by
the random forest regression, taking the capacity utilization and
the sailing speed as the independent variables; and the blue dots
are the original observations.

The smooth surfaces are the estimatedmean values and the 0.95
confidence interval of EEOI generated by the log-linear regression,
taking the capacity utilization and the sailing speed as the inde-
pendent variables; and the blue dots are the original observations.

As informed by the quick explorations, the full scale fluctuation
rate of EEOI (eeoiflc;t) can be decomposed into the two parts, as
Fig. 1. The simulated surfaces of EEOI based on random forest regression.
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annotated in Eq. (2): Part I represents the combined contribution of
rflc;t and vflc;t , while Part II represents the combined contribution of
all other relevant factors such as the trim, fouling, weather and sea
conditions.

eeoiflc;t ¼ b1 � rflc;t þ b2 � vflc;t|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
PartI

þ b0 þ/þ mt|fflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflffl}
Part II

(2)

In Eq. (2), t (t � 2) marks the observation period; b1 and b2 are
the coefficients subject to estimation; b0 is the constant term; mt is
the error term. Given reliable estimates of b1 and b2, Part I can be
interpreted as the variations jointly explained by the capacity uti-

lization and sailing speed, estimated through e~eoiflc;t ¼ bb1rflc;t þbb2vflc;t . To avoid confusion, the notation e~eoiflc;t is used to distinct it

from the estimated full scale fluctuation rate of EEOI (ebeoiflc;t). Part
II can be collectively interpreted as the variations decoupled from
the two key factors (referred to as decoupled fluctuations or
decoupled variations hereafter), estimated through ebeoidflc;t ¼
eeoiflc:t � bb1rflc;t � bb2vflc;t . This proportion of variations is largely
caused by the factors beyond control, such as weather conditions,
sea states, and emergency events like pirate attack and port strike.
The trim of a ship can be optimized to some extent, but its
contribution is slight. The most important controllable factor left in
Part II is the fouling. However, the fouling conditions in neighboring
observation periods can be assumed identical when the time
window is long enough, due to periodic hull and propeller cleaning.

Since most factors incorporated in Part II are unobservable or
hard to measure, the dynamic regression model (ARIMAX) is
applied to obtain the unbiased estimates of b1 and b2. This method
is based on the classic autoregressive integrated moving average
(ARIMA) model (Box et al., 1994), but has been extended to be able
to include other independent variables (X) (Box et al., 1975;
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Pankratz, 1991). For a stationary response time series fytg and
several stationary control time series fx1tg;/ fxktg, the ARIMAX
model is generally expressed as:

8>>><>>>:
yt ¼ b0 þ

Xk
i¼1

QiðBÞ
FiðBÞ

Blixit þ εt

εt ¼ QðBÞ
FðBÞat

(3)

In Eq. (3), B is the backshift operator, li represents the time
period lag, thus Bli xi;t ¼ xi;t�li .FðBÞ ¼ 1� f1B�/� fpBp And
QðBÞ ¼ 1� q1B�/� qqBq is respectively referred to as the autor-
egressive operator and moving average operator, where p and q
represents corresponding order, f and q are coefficients subject to
estimation. εt represents the autocorrelated errors, which is an
ARMA process with a white noise residual series at , and b0 is the
constant term. The ARIMAX model is similar to a multivariate
regression model, but the former allows to take advantage of
autocorrelation that may be present in the residuals to improve the
quality of fit.

In our case, the results of the Granger causality tests (Granger,
1980) show that the fluctuation rates of capacity utilization and
sailing speed in previous periods are unhelpful in explaining the
current fluctuation rate of EEOI, which is actually the case in
practice. Hence, the general model Eq. (3) can be simplified as
follows, subject to further specification:�
eeoiflc;t ¼ b0 þ b1rflc;t þ b2vflc;t þ εt
εt ¼ f1eeoiflc;t�1 þ/þ fpeeoiflc;t�p þ at � q1at�1/� qqat�q

(4)

The estimates bb1 and bb2 can be used in Eq. (2) to quantify the
contribution of rflc;t and vflc;t to the full scale fluctuation rate of EEOI
(eeoiflc;t), and then used to calculate the decoupled variations in
EEOI (eeoidflc;t). In this approach, εt in Eq. (4) is actually taking the
role of a proxy for the omitted variables collectively represented by
Fig. 3. Distribution of the flulctuatio
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Part II in Eq. (2).
2.3. Method to estimate the distribution pattern of the fluctuation
rates of EEOI

As shown in Fig. 3, although the distribution patterns of the
fluctuation rates of EEOI for individual ships are not identical, they
are all leptokurtic and fat tailed when compared with the fitted
normal distribution curves. Having been pooled together, as shown
in Fig. 4, this tendency keeps significant.

The histograms show the origianl density distribution of the
fluctuaion rates of EEOI for each sample ship. The dashed curves are
generated by the fitted normal distribution functions, using the
mean and standard error of the corresponding group of
observations.

The histogram shows the origianl density distribution of the
fluctuaion rates of EEOI of all sample ships pooled together. The
dashed curve is generated by the fitted normal distribution func-
tion, using the mean and standard error of the pooled observations.

To quantify these features, the kernel density estimation
(Parzen, 1962; Rosenblatt, 1956) is applied to investigate the un-
known probability distribution of the fluctuation rates of EEOI. In
general, for a give random variable X, its probability density func-
tion at point x can be estimated as follows:

bf hðxÞ¼ 1
nh

Xn
i¼1

K
�
x� Xi

h

�
¼ 1

n

Xn
i¼1

Khðx�XiÞ (5)

where Xi represents the neighboring observations of x; n is the
number of neighboring observations taken into account; h is the
bandwidth, where h ¼ hðnÞ>0 and lim

n/∞
h ¼ 0; and Khð ,Þ stands for

the kernel weight. In this estimation, we chose the Epanechnikov
kernel weight function KðuÞ ¼ 0:75ð1�u2i ÞIðjuij � 1Þ
(Epanechnikov, 1969) to assign a larger weight to an observation
closer to x. The bandwidth is selected through the unbiased cross-
validation method (Bowman et al., 1984; Rudemo, 1982) to
ns in EEOI of individual ships.



Fig. 4. Distribution of the flulctuations in EEOI of all ships.
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minimize the integrated squared error (ISE) between bf hðxÞ and
fhðxÞ.

In this study, the probability distribution of both eeoiflc;t and
eeoidflc;t are estimated following this method, and then compared
with corresponding normal distribution patterns to check for
conformity.

3. Results and discussion

3.1. Contribution of capacity utilization and sailing speed to the
fluctuations in EEOI

The conditional least squares in combination with the
maximum likelihood estimation (Shumway and Stoffer, 2017) is
applied to estimate Eq. (4), based on the monthly statistical data of
each sample ship. The results show that the constant term b0 is
always insignificant, signifying a regression model through the

origin; the estimated values of bb1 range roughly from �0.8 to �0.9,

while bb2 from 0.7 to 1.0; and εt can be well captured by an AR (1) or
MA (1) process with a white noise residual series at . Taking the
square of the correlation coefficient between the original and
estimated series (the R-squared) as the measurement for the
goodness-of-fit of the regression, it ranges from 0.89 to 0.96. The
estimated results of the dynamic regressions are presented in Fig. 5,
where the estimates derived directly from the polled log-linear
regression model in Section 2.2 are also provided for reference
(labeled as ALL). A comparison of the original and the estimated
values of eeoiflc;t and the model diagnostics are displayed in Fig. 6,
taking ship CA1 as an example (the results for the other three ships
Fig. 5. Estimated results of the dynamic regres
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are quite similar).
Numbers in brackets indicate the standard errors with respect to

the estimates, while the segment indicates the 95% confidence in-
terval of each estimated coefficient.

The left figure shows the high consistency between the original
series (the black tiny circles connected by solid segments) and the
fitted series (the red tiny circles connected by dashed segments).
The diagnostics on the right exhibit no autocorrelation or hetero-
scedasticity left in the residuals at the lags shown. The autocorre-
lation function (ACF) and Partial Autocorrelation Function (PACF)
further indicate a white noise process of the residual series.

The estimates bb1 and bb2 are then used to estimate the explained
variations in EEOI (e~eoiflc;t) and the decoupled variations (ebeoidflc;t),
following the method introduced in Section 2.2. The square of the
correlation coefficient between eeoiflc;t and e~eoiflc;t for the four
sample ships ranges from 0.78 to 0.93. This implies that around 85%
of variations in EEOI can be jointly explained by the capacity uti-
lization and sailing speed, while the rest variations in EEOI depend
on other external factors incorporated in Part II of Eq. (2).

Taking the partial effect interpretation of the coefficients, an
increase of one percentage point in the capacity utilization can
induce approximately 0.8 percentage points (based on the average
value estimated) decrease in the EEOI, while such an increase in the
sailing speed can induce around 0.9 percentage point (based on the
average value estimated) increase in the EEOI. According to Eq. (1),
if the fuel oil consumption rate of main engine (FRM) were irrele-

vant to capacity utilization (r), the estimated value of bb1 would be
equal to �1. However, an increase in capacity utilization commonly
increases the displacement and thus increases the fuel oil con-

sumption rate of the main engine (FRM), hence the value of bb1 is
expected to be higher. The estimation results, which are
around �0.8, agree well with this expectation. The results further
imply that a certain increase in capacity utilization can simulta-
neously lead to a far smaller increase in FRM , thus still yielding a
lower EEOI value (better energy efficiency performance).

The correlation between fuel oil consumption rate of the main
engine (FRM) and the sailing speed (v) is much more complicated
and has been discussed intensively in the previous literature. When
working at a load close to or at least above 50% maximum
continuous rating (MCR), the main engine fuel consumption rate (t/
h) is approximately linearly correlatedwith shaft power. As a rule of
thumb, power requirement is related to ship speed by a third power

function. Therefore, theoretically, the estimated coefficient bb2
should be around 2, meaning a quadratic relation between the EEOI
and sailing speed. However, our empirical analyses yield the values
around 0.9. This discrepancy is mainly caused by the long lasting
sions and the polled log-linear regression.



Fig. 6. Fitting quality of the dynamic regressions.
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off-design working conditions of the main engine. Throughout the
observation periods, these sample ships had been operating on
quite slow steaming with the engine loads mostly below 25% MCR
to cater for the depressed shipping market. As explained by Faber
et al. (2010), the fuel consumption rate of the main engine will
eeoim;t ¼
 Xmðt�1Þþm

n¼mðt�1Þþ1

eeoi1;n

!,
m; where m¼1;2;3;4;6;12; t¼1;2;/;

72
m

: (6)
increase by 10% above the optimum when running at 25% MCR;
when running below 25% MCR, the increase in fuel consumption
rate may reach up to 100%. In these conditions, the rule of thumb
cannot be applied. Our results show that further slowing down a
ship can still improve the energy efficiency performance, but the
effect is no longer as significant. In such conditions, there is an
approximately linear correlation between the EEOI and sailing
speed, rather than quadratic. The large confidence intervals of the

estimated values of bb2 additionally signify a volatile partial effect of
the sailing speed on EEOI. This is mainly because the sailing speed
under discussion is an average value based on statistics. As a ship
may have sailed at a higher or lower speed in practice, the influence
of a change in the average speed is not straightforward. In addition,
the resistance against the movement of a ship is directly related to
the speed through water rather than over ground. The EEOI, how-
ever, is calculated using the latter. Although the sailing speed over
ground can be regarded as a sound approximation to the speed
through water, it does not directly contribute to the change in FRM .
Therefore, the cubic relation between the fuel consumption of main
engine and its speed should be cautiously taken to interpret the
relationship between EEOI and sailing speed, especially for a ship
which has already undergone slow-steaming.

3.2. Distribution pattern of the fluctuation rates of EEOI

Following the method introduced in Section 2.3, the probability
distribution of eeoiflc;t and eeoidflc;t are estimated. To investigate the
smoothing effect of the length of the observation period, the
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average values concernedwithin the timewindows covering 2, 3, 4,
6 and 12 months are additionally calculated. For a given ship, the
average value of EEOI at period t under a time window covering m
months is calculated as follows:
The full scale fluctuation rate of eeoim;t is calculated as eeoiflcm;t
¼

lnðeeoim;tÞ� lnðeeoim;t�1;Þ, while the values of rflcm;t
and vflcm;t

are
calculated similarly. Then, the decoupled variations in EEOI under
each time window (eeoidflcm;t

) can be derived using the method
introduced in Section 2.2. Based on the estimated probability dis-
tribution, the accumulated probabilities of eeoiflcm;t

and eeoidflcm;t
of

each sample ship are calculated and are then compared with the
corresponding normal distribution, as illustrated in Fig. 7. The re-
sults based on the pooled samples are illustrated in Fig. 8. Note that
the accumulated probabilities of both original and fitted normal
distribution are calculated on the absolute values.

As illustrated in Figs. 7 and 8, the accumulated probabilities of
both full scale and decoupled fluctuation rates of EEOI generally
deviate from those generated by the fitted normal distribution. A
larger time window helps alleviate the fluctuation in EEOI, but only
significantly when it extends from one month to two. As the time
scale extends longer, the smoothing effect becomes less significant.
Since the observations under the time window covering 6 and 12
months are quite sparse (only 12 and 6 observations each), these
results may be less statistically representative. Hence, the results
derived from the four-month time window are taken as approxi-
mations to the annual values (a time scale of interest in policy
making) in the following discussion. The concrete cumulative
probability of the full scale and decoupled variations in EEOI for the
pooled sample under one and four-month time windows are rep-
resented in Table 2.

According to the estimates under four-month time window, the



Fig. 7. Accumulated probability of fluctuation rates of EEOI for individual ships.
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absolute fluctuation rates of EEOI can reach up to 0.35. Although a
large majority are below 0.10, there are approximately 10% of cases
above 0.20. This echoes the view of O'Keeffe and Smith (2016) that
the energy efficiency performance of a ship in one observation
period has limited implications for the next. In this regard, the EEOI
of a ship in the previous period should be cautiously taken as a
criterion to assess the operational performance of a ship prior to
chartering. We further notice that the estimated Energy Efficiency
Design Index (EEDI) of the sample ships (i.e. 17.0 gCO2/t.nm) is quite
close to the reference value (i.e. 16.9 gCO2/t.nm) as regulated in the
EEDI mechanism (International Maritime Organization, 2011),
signifying their average design level. However, their achieved EEOIs
throughout the observation periods are all above this value,
generally ranging from 31 to 36 gCO2/t.nm (the interquartile range).
This additionally implies that the EEDI of a ship actually indicates a
performance level which can be only achieved theoretically under a
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rather ideal condition, which is fairly rare in practice. Therefore, the
design efficiency of a ship can hardly indicate the operational
performance of a ship in real life.

The absolute scales of the decoupled variations in EEOI are
generally less than 0.15, with large majority below 0.05. This means
a 5% increase or decrease in EEOI of the sample ships has been
mainly caused by the external factors beyond control. In some
extreme cases, even if the operators had tried their best to optimize
the ship's capacity utilization and sailing speed, the attained EEOI
may still increase by up to 15%, e.g. from 31 to 36 gCO2/t.nm.
4. Demonstration of the potential application of the
proposed methods

A ship's operational energy efficiency performance cannot be
simplymeasured by a precisemetric value, due to its high volatility.



Fig. 8. Accumulated probability of decoupled fluctuation rates of EEOI for pooled samples.

Table 2
Accumulated probability of fluctuation rates of EEOI for pooled samples.

Fluctuation rate (absolute value) Accumulated probability (%)

logarithmic difference real
change

accumulated probability of eeoiflc;m accumulated probability of eeoidflc;m

m ¼ 1 m ¼ 4 m ¼ 1 m ¼ 4

actual normal actual normal actual normal actual normal

�0.05 �0.05 26 17 38 34 53 47 63 60
�0.10 �0.11 39 32 63 63 80 80 90 91
�0.15 �0.16 53 47 78 82 92 94 97 99
�0.20 �0.22 65 60 89 92 98 99 99 100
�0.25 �0.28 75 70 96 97 100 100 100 100
�0.30 �0.35 82 79 99 99 100 100 100 100
�0.35 �0.42 86 86 100 100 100 100 100 100
�0.40 �0.49 89 90 100 100 100 100 100 100
�0.45 �0.57 92 94 100 100 100 100 100 100
�0.50 �0.65 96 96 100 100 100 100 100 100

Note: The first column lists the absolute fluctuation rates calculated through logarithmic difference, while the second column provides the real changes (absolute value)
through an exponential transformation. The accumulated probabilities derived from kernel density estimations and the results estimated through the fitted normal distri-
butions are marked as “actual” and “normal” respectively.
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A performance rating, which is based on the attained operational
energy efficiency metric value but has been rounded into a rough
performance level, can provide a rational solution in this case. This
is the basic rationale behind the mandatory rating mechanism
developed by the IMO. The key point of this mechanism is to
identify appropriate scales to define the rating boundaries, as
illustrated in Fig. 9, which should be sensitive enough to substantial
Fig. 9. An illustration of the rating boundaries for us

375
changes, tolerant to factors partly under control, and robust to
random influences.

In the following demonstration, the data derived from a four-
month time window are used as approximations of the annual
values (for the same reason explained in Section 3.2). Since no
retrofit or extra technical measures have been applied to the
sample ships, their design efficiency level can be assumed to be
e in the legally binding framework of the IMO.
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unchanged. Also, as these ships are operated by the same company
and server the same trade route, their real operational performance
should be similar and generally hold stable over time. In this sense,
the differences in operational performance between these ships are
mainly caused by the various environmental, commercial and
contractual conditions. As further informed by the Wilcoxon rank
sum tests (Siegel and Castellan, 1988), the operational performance
of ship CA1 throughout the 18 observation periods as a whole is
better than the others, while no statistical difference has been
found between ship CA2, CA3 and CA4. These facts can be used to
validate the suitability of the rating strategy.

Based on the findings in Section 3, a two-step approach can be
undertaken to develop the rating boundaries: Step 1, to define the
superior and inferior boundaries based on the maximum accept-
able fluctuation rate; and Step 2, to define the upper and lower
boundaries based on the distribution of decoupled fluctuation rate.
This process is detailed as follows:

Step 1. For a given maximum acceptable fluctuation rate k and an
expected reference operational performance level eeoiref , an
attained EEOI higher than ð1þkÞeeoiref is rated as major inferior
(rating E), while lower than ð1�kÞeeoiref is rated as major superior
(rating A). An attained EEOI within the given rage ð1±kÞeeoiref is
rated as B, C or D, denoted as “pan-moderate” for easy reference.
Then, when k changes from 0.05 to 0.30, taking 0.05 as the step, the
rating results are shown in Fig. 10.

Under the first two scenarios (k ¼ 0:05 and k ¼ 0:10), the rat-
ings of all ships shift frequently, which distorts the fact that their
operational performance was generally stable. Under the third to
the fifth scenario (k ¼ 0:15; 0:20; and 0:25), the performance of
individual ships is mostly rated as “pan-moderate”, while ship CA1
is rated as “major superior” in several time periods and rated as
“major inferior” in one period. Ship CA2 to CA4 are rated as “major
Fig. 10. Rating results of EEOI under d
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inferior” in one or two time periods. These results mean that the
operational performance of individual ships over the entire
observation period generally held stable, while the overall perfor-
mance of ship CA1 was better than her peers. This reflection agrees
well with the actual situation. Under the last scenario (k ¼ 0:30),
the rating of all ships in all observation periods is identically labeled
as “pan-moderate”, where variations and differences have been
completely masked. Therefore, the reasonable maximum accept-
able fluctuation rate should range from 0.15 to 0.25. This means the
superior and inferior rating boundaries could be set as ð1±kÞeeoiref ,
where k ¼ 0:15; 0:20; or 0:25. Within this range, the choice of an
acceptable fluctuation rate k is left as a policy decision, mainly
depending on the extent to which the volatility in operational
performance is believed controllable or acceptable.

Step 2. As informed by the probability distribution of the
decoupled fluctuation rates of EEOI for the pooled sample, a fluc-
tuation rate below 0.05 is mainly caused by the external factors
beyond control. Therefore, this value can be taken as the threshold
for themoderate performance (Rating C). This means the upper and
lower rating boundaries could be set as ð1±0:05Þeeoiref . Then, the
full set of rating boundaries can be obtained. For demonstration
purposes, each of the three candidates (k ¼ 0:15; 0:20; and 0:25)
covered by the reasonable range has been applied to set the su-
perior and inferior boundaries respectively, as shown in Fig. 11.

In line with the third to the fifth scenario (k ¼ 0:15; 0:20;
and 0:25) demonstrated in Step 1, the rating results derived from
the three options have all agreedwell with the actual situation. This
once again highlights the role of policy makers in deciding the
threshold. In this demonstration, the average EEOI of the pooled
observations throughout the observation period has been taken as
the reference to assign the performance ratings. In practice, the
reference value eeoiref would be another policy decision. To
ifferent scaling strategies (Step 1).



Fig. 11. Rating results of EEOI under different scaling strategies (Step 2).
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promote an overall improvement in energy efficiency of interna-
tional shipping, a ship size dependent reference line and an
increasing reduction factors over time should be introduced for
different ship types. Nevertheless, the method to quantify the full
scale and decoupled scale of fluctuations in EEOI and the approach
to setting rating boundaries can still be applicable.

5. Conclusions

A method for performance appraisal of ship's operational en-
ergy efficiency is developed in this paper, based on the dynamic
regression model and the kernel density estimation technique. An
empirical analysis shows that the dynamic regression model can
yield reliable estimates of the contribution of capacity utilization
and sailing speed to the variations in EEOI taking advantage of the
endogenous autocorrelation of time-series, while the kernel den-
sity estimation can be taken as s a general solution to profile the
fluctuations in EEOI which is especially applicable to a skewed
distribution pattern. The application of the method is also
demonstrated, showing a potential approach to develop a rating
mechanism for use in the legally binding framework on operational
energy efficiency of ships. Although only four sister container ships
have been taken as the sample, the method proposed in this paper
can be applied to any ship type of any size and can adapt to any
other energy efficiency metric where EEOI is irrelevant or inap-
propriate. Therefore, it can be taken as a general solution for ships'
operational energy efficiency appraisal.

The application of the methods, however, may be potentially
limited by certain drawbacks therein, including its high depen-
dance on data of at least two continuous calendar years, the
possible failure in capturing an asymmetrical distribution of EEOI of
individual ships, as well as the uncertainties in the proportion of
individual ships landing in each performance rating. In essence, the
limitations mainly stem from the gap between the distribution of
the fluctuation rates of the EEOI and the distribution of the values of
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EEOI per se. If the correlation between the two distribution pattens
can be quantified, the statistical data from one single year would be
sufficient to define the rating boundaries following a well-defined
standard rating scenario while the possible asymmetrical distri-
bution of EEOI of individual ships would also be duly captured. One
potential way to address this challenge is to set up a series of
quantile regression models on the values of EEOI, where the
quantiles can be taken as a bridge between the two distribution
patterns. This idea will be further elaborated in the further work of
the authors.
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