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a  b  s  t  r  a  c  t

Designating  the  ideal  shipping  route  can  spare  expenses,  enlarge  profits  and  improve  the  competitiveness
of  shipping  companies.  Liner  shipping  route  choice  is  mainly  contingent  on  fuel  cost,  which  always
contributes  the major  proportion  of  the  ship’s  operating  cost.  Although  many  studies  on this  topic  have
been  carried  out,  none  are  based  on the fuel  consumption  forecast  model  designed  by the  advanced
machine  learning  method.  This  paper  provides  a platform  idea  for selecting  the  optimal  operating  route
for  container  ships  to minimize  fuel  cost  by using  an  asymmetric  traveling  salesman  problem  (ATSP)
algorithm  solution,  in which  the  fuel  consumption  model  for the  route  is  estimated  based  on  the deep-
machine  learning  method.  Five  input  variables  are  given  in the  model  including  average  velocity,  sailing
oute choice optimization
eep-learning neural network
ontainer ships

time,  ship’s  capacity,  wind  speed,  and wind  direction.  The  mean  absolute  percentage  error  (MAPE)  of
the  model  is 5.89%,  indicating  that the predictive  result  obtains  a very  high  accuracy,  close  to  95%.  The
optimal  model  is thus  applied  in combination  with  ATSP  to address  the  optimal  solution  for  a certain
route.

©  2020  Production  and  hosting  by  Elsevier  B.V.  on  behalf  of The  Korean  Association  of Shipping  and
Logistics,  Inc.  This  is  an  open  access  article  under  the  CC  BY-NC-ND  license  (http://creativecommons.
. Introduction

Ship operating costs consist of several components, such as crew
osts, repair and maintenance costs, marine insurance and protec-
ion and indemnity (P&I), stores, spares, and fuel cost, where, fuel
ost forms more than 60% (Golias et al., 2009). In addition, rising
nd volatile fuel prices constitute a serious concern for shipping
ompanies (Bal Beş ikç i et al., 2016), and selecting the optimum
oute to minimize fuel costs is an effective fundamental solution
hat shipping companies can utilize in their decisions when oper-
ting liner ships. When fuel cost prediction is handled by advanced
ethods based on learning actual data, the predictive error can be

iminished, the proposed model can be used for a larger number
f observations, and it can reflect the situation in the real world.

Several studies have made progress in optimizing the shipping
oute choice; however, extant studies have not yet incorporated
he hybrid machine-learning method with the asymmetric travel-
ng salesman problem (ATSP) algorithm, one of the fastest and most
∗ Corresponding author.
E-mail addresses: duylinh@ftu.edu.vn (L. Bui-Duy), vuminhngoc@ftu.edu.vn,

uthiminhngocftu@gmail.com (N. Vu-Thi-Minh).
Peer review under responsibility of the Korean Association of Shipping and

ogistics, Inc.

ttps://doi.org/10.1016/j.ajsl.2020.04.003
092-5212 © 2020 Production and hosting by Elsevier B.V. on behalf of The Korean Ass
Y-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
org/licenses/by-nc-nd/4.0/).

effective ways for optimization (Kim, Kim, & Shim, 2002). This paper
aims to fill this research gap by applying a two-phase method. An
estimating model of fuel consumption is constructed based on a
deep-learning artificial neural network (ANN), and the ATSP solu-
tion for a liner shipping route is then handled out to minimize the
fuel cost.

The rest of this paper is organized as follows. Relevant studies
that relate to predicting fuel consumption and optimization by dif-
ferent methodologies are reviewed in Section 2. Section 3 presents
the exploratory analysis of the dataset by random forest, one of
the most popular and powerful decision tree-based ensemble tech-
niques. The explored variables in Section 3 are then inserted into the
input layer in the deep-learning ANN architecture to estimate fuel
consumption in Section 4. Section 5 utilizes the predictive results
from ANN as a platform of the ATSP solution for optimizing the
route. Section 6 provides some implications of our work and the
conclusion is carried out in Section 7.

2. Related works

The several studies that have researched fuel consumption

prediction can be classified into two  approaches: the classical sta-
tistical and automatic computing method. Except for the emission
factor from the emission function, extant studies estimated fuel
consumption utilizing the operational mode of each ship (sailing,

ociation of Shipping and Logistics, Inc. This is an open access article under the CC
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aneuvering, in-port). The utilized information consists of the load
actor for the main engines and auxiliary engines as described in
he expression (1) (Alver, Saraç , & Alver Ş ahin, 2018; Dragović et
l., 2018; Maragkogianni & Papaefthimiou, 2015):

j,k,l =
n∑
1

Pj × LFj,l × Tj,l (1)

here j, k, and l represent the engine type (either main engine,
uxiliary engine or boiler), the fuel type (either residual oil (RO),
arine distillate oil (MDO), marine gas oil (MGO) or general diesel

il (GDO)), and the operating mode (either normal cruising, slow-
teaming, maneuvering, anchoring, or berthing), respectively. F is
he estimated fuel consumption (Mt); P is the rated power (kW);
F is the load factor; and T is the operating time (h). Some stud-
es performed a calculation of in-port ship emissions based on the
ctivity mode as follows (Chang, Roh, & Park, 2014; Corbett, Wang,

 Winebrake, 2009):

ijk =
[

MFk

(
S1k

S0k

)3

+ AFk

]
Dij

24S1k
(2)

here i and j are the departure and destination port; k represents
n individual vessel; Fijk denotes the fuel consumption of the vessel

 traveling from port i to port j in metric tons (Mt); MFk and AFk
enote the daily fuel consumption rate of the main engine and the
uxiliary engine (Mt/day); S1k and S0k represent the operational
peed (Knots) and the design speed (Knots) of vessel k, respectively;
nd Dij is the distance from port i to port j (NM). None of the above
tudies considered a hybrid computing programming to estimate
uel, which is more accurate.

Recently, some studies have conducted an ANN for predicting
ngine performance (Ilangkumaran, Sakthivel, & Nagarajan, 2016;
iu et al., 2017; Parkes, Sobey, & Hudson, 2018; Zheng et al.,  2019).
owever, they mostly focused on experimental data or recorded

rom a small number of ships (maximum of three ships). Further-
ore, they only considered the accuracy of the proposed models in

omparison with other classical statistical methods. None of them
pplied the results from predictive models to support decision-
aking in regards to shipping route choice.
Many studies have been conducted in the field of shipping route

hoice. However, Lin and Chang (2018) reviewed the studies on ship
outing and scheduling problems and showed that liner shipping
as not been widely investigated. Chen, Yip, and Mou  (2018) inves-
igated the impacts of emission control areas (ECAs) on aspects of
lobal shipping by a discrete choice model (DCM). Kashiha, Thill,
nd Depken (2016) investigated the influence of geography and
ransportation costs on the decisions by shippers as to which port
o export to by using a conditional logit model. An examination
f incorporating the inventory costs of containerized cargoes into
xisting liner service planning models was carried out by Wang
2017). However, none of these above studies employed a traveling
alesman problem (TSP) combined with a hybrid artificial neural
etwork.

TSP is a problem in combinatorial optimization that has been
tudied in operations research, theoretical computer science, and
ngineering (Hui, 2012), and variants like the maximum benefit
SP or the price collecting TSP may  have numerous economic and
ransportation applications (Rasmussen, 2011). Zhao, Hu, and Lin
2016) assessed the potential of the Northern Sea Route (NSR) based
n designing a multi-port multi-trip liner service. The profit of
he round-trip network was maximized by the TSP solution. Kim
t al. (2002) managed to minimize the total transportation distance

or product delivery over the planning horizon while satisfying
he demands of the retailer. Nevertheless, relevant studies that
mployed TSP for shipping route choice have not taken advantage
f the combination with machine-learning techniques.
 of Shipping and Logistics 37 2021 1–11

Utilizing the strength of deep-learning ANN, which can approx-
imate a large class of functions with a high degree of accuracy
(Khashei & Bijari, 2010), incorporated with one of the fastest and
most effective ways to find the best route (Kim et al., 2002), we
employ ANN for prediction fuel of consumption and figure out the
ATSP algorithm for liner shipping route choice.

3. Materials and methods

3.1. Overall framework

To solve the indicated research problem, in step 1, we conduct
two-stage data collection and implement data filtering to make
the data strong enough for later modeling. We  also depend on
the after-cleaning dataset to identify the potential inputs for the
construction of the machine-learning platform. In step 2, a Boot-
strapping aggregate non-parametric technique in a decision-tree
is designed for the exploratory target of the inputs’ importance.
The deep-learning ANN is thus executed in step 3 by selecting the
best performing hyper-parameters based on the principle of trial-
and-error, and the trade-off between accuracy and executing time.
In the final step, we  tackle the major research problem by utilizing
the estimated results of ANN models to construct the asymmet-
ric matrix of fuel consumption for a certain number of ports in
Asia. The optimum shipping route connecting all those ports is thus
defined by the ATSP solution. The research framework can be seen
in Fig. 1

3.2. Exploratory data analysis

3.2.1. Two-phase data collection and filtering
Firstly, we received the historical voyage data from a Viet-

namese branch of a worldwide leading shipping company for 2
years from February 2017 to January 2019. The information in
the dataset includes the ship name; position (longitude and lat-
itude); departure and arrival port; departure and arrival time;
distance (Nm), recorded operating velocity (knots), sailing time
(hour), and fuel consumption (Mt) between two adjacent positions.
The additional information, including the ship’s capacity (TEU),
average wind speed (knots converted from Beaufort scale), and
wind direction, were conducted through the secondary data collec-
tion phase. The ship’s capacity was obtained from Vesseltracking
(2019). Wind-related weather condition details were gathered
from a data package from the Copernicus Marine Environment
monitoring service. All the positions in the dataset are located
in Asia, which is the operating area of the fleet. As the wind
direction was  reported in cardinal directions, we converted it to
azimuth degree to make the numeric dataset for further analy-
sis.

The original data was  filtered to remove all insufficient infor-
mation rows and noise. We  applied a Z-score (Grubbs, 1969) for
treating univariate outliers, and Mahalanobis distance for multi-
variate outliers (Mahalanobis, 1930) as denoising techniques. From
10,853 data rows of the original dataset, 105 missing rows and 287
outliers were removed, and the remaining 10,461 data rows were
further analyzed for modeling.

3.2.2. Variable importance by the rain forest algorithm
Before performing the prediction of fuel consumption by the

deep-learning technique, the dataset needs to be classified to rank
the importance of the input variables, thereby conducting a predict-
ing algorithm to get a highly accurate result. There is a plethora of

classification algorithms, in which tree-based learning algorithms
are selected to be one of the most-used supervised learning meth-
ods. Unlike other machine-learning algorithms based on statistical
techniques, a decision tree is a non-parametric model relying on
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Fig. 1. Research framework.
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ontinuous data and does not obligate basic assumptions for the
odel. Among decision tree algorithms, random forest (or deci-

ion tree forests), developed by Breiman (2001), is considered as
ne of the most common ensemble models. These models can

btain a higher accuracy in performance than several decision tree
echniques. By deploying the Bootstrap aggregation and casually
plitting at each input node of the decision trees, the algorithm can
e implemented with randomness. The suitable multi-measures
for classification forests to consider the importance of variables
were selected by R programming by Paluszynska, Biecek, and Jiang
(2019), including the mean minimal depth, the number of nodes,
and the node purity.
For the available input variables, to estimate fuel consumption,
we considered five available inputs in our dataset including sail-
ing time (T), average operating velocity (V), wind speed (BF), wind
direction (Wd), and ship’s capacity (C). The output variable (F) is fuel



4 L. Bui-Duy, N. Vu-Thi-Minh / The Asian Journal of Shipping and Logistics 37 2021 1–11

zed ex

c
u
S

3

o
i
b
i
a
m
c
s
p
G
l
n
d
a
p
i
e
T
l
d

m
o
b
g
m
u
p
w

f
i
i
n
i
c
a
s

X

Fig. 2. A visuali

onsumption. The ranked result of five available inputs for ANN by
sing the multi-measures random forest technique is provided in
ection 4.2.

.3. Deep learning ANN architecture

Theoretically, a neural network is an interconnected assembly
f simple processing elements, units or nodes, whose functional-
ty is loosely based on the animal neuron. The connection powers
etween nodes, or weights, which express the processing capabil-

ty of the network are addressed and stored by a learning process of
daptation to a set of past training patterns. The usage scope of ANN
odels is often for data modeling, whereby they can be a preferred

hoice compared to traditional standard nonlinear regression, clas-
ifying, or clustering techniques. Thus, they are typically used in
roblems that may  be couched in terms of forecasting (Kevin
urney, 2005). A neural network includes a set of layers, with each

ayer including a number of neurons connected to each other as a
etwork. Generally, there is one input layer, one output layer, and a
iverse number of hidden layers. The number of nodes in the input
nd output layers is equivalent to the number of input and out-
ut variables, respectively. Starting from the input layer, the nodes

n each layer are connected to nodes in the next layer by differ-
nt weights that the ANN programming sets up each training time.
he process is continuous and repetitive until the output has the
owest loss compared to the observation. Fig. 2 shows the instance
iagram for an artificial neural network.

Several types of ANN exist that are suitable for numerical data
ining, such as the single hidden layer feedforward ANN, shallow

r deep multilayer perceptron (MLP) ANN. In particular, the MLP
oth shallow and deep usually give more accurate results than sin-
le hidden layer feedforward ANN because data is passed through
ore hidden layers than those in single hidden layer ANN. We  set

p testing for both ANN types based on the trial-and-error princi-
le and accuracy–convergence time trade-off, and deep MLP-ANN
ith ten hidden layers was selected.

Based on the classification results conducted by the random
orest technique in Section 3.2, five variables were identified as
nput nodes of the input layer including average velocity, capac-
ty, time, wind speed, and wind direction. The output layer has 1
ode, which is estimated fuel consumption. Due to the difference

n scale of these inputs, we normalized the variables to make them
omparable to each other and create a unique scale. We  normalized
ll inputs and outputs between 0 and 1 by using min-max feature

caling according to Equation (3).

n = X − Xmin

Xmax − Xmin
(3)
ample of ANN.

where Xn is the normalized value of a variable X (actual value in a
variable), Xmax and Xmin are the maximum and minimum values of
X, respectively.

In this paper, the deep ANN architecture consists of ten hidden
layers. A bias, x0, which is an additional parameter in the ANN, is
used to adjust the output along with the weighted sum of the inputs
to the neuron. For a neuron with N inputs, {wi} is the weights on
the connections, {xi} is the input to the neuron, where i ∈ I = {0,.  . .,
N − 1}, and y is the corresponding output. When data is obtained,
a neuron receives input values from the neurons it is connected to
and the activation of neuron a is computed (Parkes et al., 2018):

a =
∑

wixi (4)

Considering the activation function of the output of the estab-
lished neuron is y = f(a), where f is the activation function. There are
three popular activation functions: sigmoid, tanh, and the rectified
linear unit (ReLU). These functions can be defined as follows (Liew,
Khalil-Hani, & Bakhteri, 2016):

Sigmoid : f (x) = 1
1 + e−x

(5)

Tank : f (x) = tanh(x) = sinh(x)
cosh(x)

= 1 − e−2x

1 + e−2x
(6)

ReLU : f (x) = max  (0,  x) (7)

For sigmoid and tanh activation functions, when the absolute
of the input value is large, the gradient of these functions will be
very close to 0. Small gradients can worsen the overall training
performance, as most learning algorithms rely on these gradients
to perform optimization and parameter tuning. Alternatively, the
convergence of training when using the ReLU is much faster, and
faster learning has a significant influence on the performance of
large models trained on large datasets. This acceleration results
from the ReLU being calculated almost instantaneously; its gra-
dient is also computed very quickly with a gradient equal to 1 if
the input is greater than 0, and equal to 0 if the input is less than 0
(Krizhevsky, Sutskever, & Hinton, 2012). This paper employs ReLU
as the activation function due to this strength.

In this paper, the dataset was randomly split into 80% for the
training set and 20% for the testing set, in which the training set is
continuously split into training and validation set with the ratio of
approximately 7:1. For the training set, to prevent the overfitting
situation in machine learning, we applied one of the most simple

but powerful methods, namely the dropout technique (Nitish et al.,
2014). This technique prevents overfitting and provides a way of
approximately exponentially combining many different neural net-
work architectures efficiently. We set up a dropout for each hidden
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Table  1
Trial-and-error procedures for tuning hyper-parameters.

Step Hidden
layers

Hidden
nodes

Epoch CLR Running
time
(seconds)

Training
MAPE

Validating
MAPE

Testing
MAPE

Training
MASE

Validating
MASE

Testing
MASE

1

1

100 100 0.001

23.56 11.4 12.1 11.5 3.14 3.22 10
2  39.16 11 11.8 11.2 3.01 2.89 3.02
4  60.24 9.2 9.5 9.5 2.56 2.78 2.59
6  100.98 8.5 8.8 8.7 1.14 1.37 1.2
8  189.53 7.9 8.5 8.0 1.08 1.15 1.13
10  297.19 7.0 7.4 7.1 0.81 0.92 0.85
11  486.23 6.8 7.2 7.0 0.85 1.01 0.92
12  790.56 6.7 7.1 7.0 0.83 0.99 0.89
13  1134.75 6.8 7.3 6.9 0.87 0.95 0.9
14  1865.54 6.7 7.1 6.9 0.79 0.86 0.83
15  2857.32 6.3 6.8 6.7 0.77 0.85 0.81

2 10

50

100 0.001

256.14 7.1 8.1 7.7 0.95 1.04 0.99
100  297.19 7.0 7.4 7.1 0.81 0.92 0.85
150  323.15 6.5 6.9 6.6 0.74 0.86 0.8
200  402.1 6.5 7.0 6.9 0.74 0.89 0.84

3  10 150

100

0.001

323.15 6.5 6.9 6.6 0.74 0.86 0.8
200  488.62 6.1 6.6 6.2 0.69 0.80 0.77
500  890.13 6.4 7.0 6.6 0.71 0.90 0.86
1000 2390.71 6.3 6.9 6.7 0.68 0.78 0.75

0.001 488.62 6.1 6.6 6.2 0.69 0.80 0.77
7 6.37 5.89 0.65 0.77 0.69
7 6.87 6.12 0.69 0.77 0.72
9 6.6 6.38 0.74 0.79 0.77
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Table 2
Selected hyper-parameters for deep ANN.

Hyper-parameters Value

Number of hidden layers 10
Number of epochs 200
CLR 0.005
Batch size 256
Activation function ReLU
Training algorithm BP, dropout
Performance criteria MAPE; MASE
4 10  150 200
0.005 479.39 5.7
0.01 473.60 5.8
0.05 467.20 6.0

ayer by using the standard restricted Boltzmann machines algo-
ithm (RBM). The typical range of dropout rates for hidden layers is
rom 0.5 to 0.8, smaller rate leads to higher accuracy and large rate

ay  not produce enough dropout to prevent overfitting (Nitish et
l., 2014). Hence, the dropout was selected at the rate of 0.5. In addi-
ion, for the training set, several algorithms are useful for training
he ANN, such as the back-propagation algorithm (BPA), genetic
lgorithm (GA), simulating annealing algorithm (SAA), and parti-
le swarm optimization algorithm (PSO). Among these, the most
owerful training algorithm is the BPA (Zhang et al., 2007), which
as selected for the training algorithm in this study. For measur-

ng the performance of the deep-learning model, we  used the mean
bsolute percentage error (MAPE) and mean absolute scaled error
MASE).

. The predictive result of the deep-learning ANN

.1. Hyper-parameters selection

The selection of hyper-parameters is crucial to the forecasting
esults of the model. The key hyper-parameters include the number
f epochs, cyclical learning rate (CLR), batch size, and the number
f nodes in each hidden layer. A CLR that is too small can increase
he hazard of overfitting. Conversely, a CLR that is too large makes
he training divergent. The number of epochs/iterations chosen for
raining should be large enough to maximize the final test per-
ormance but no larger. The total number of training examples
resent in a single batch and iterations is the number of batches
eeded to complete one epoch. Too many nodes in each hidden

ayer causing an extremely slow executing time, while with too
ew nodes, the algorithm cannot converge. The adjustment of these
yper-parameters was based on Smith (2018) combined with the
rial-and-error principle. Choosing hyper-parameters must strike a
alance between execution time and minimizing errors. With the
umeric dataset, the usual range of hidden layers was from one

o three (Niu et al., 2017; Parkes et al., 2018; Petersen, Jacobsen, &

inther, 2012; Zhang et al., 2019), additionally, more hidden layers
nd nodes can lead to slower execution time. The numbers of hid-
en layers and nodes were first tested. Based on the trial-and-error
principle, we  set up a certain number of hidden nodes, epochs, and
CLR says 100 hidden nodes, 100 epochs, and 0.001 CLR as employed
by several studies (Choi, Lee, & Kim, 2008; Parkes et al., 2018; Su,
Wang, & Lai, 2012) for testing the number of hidden layers were
tested from one to fifteen. Practically, the expansion from three to
ten hidden layers lengthens the time by 3 min  in our dataset, which
is acceptable. However, the increased accuracy can be significantly
improved by over 2%. The increase of hidden layers up to fifteen
with the trial step of 1 presenting very long running time but not the
impressive potential of accuracy as shown in Table 1. After selecting
ten hidden layers, we  conducted analogous procedures to choose
the optimized number of hidden nodes from 50 to 200. For the
remaining hyper-parameters, the programming was repetitively
run, starting with 1000 epochs and a CLR of 0.001. When visu-
alizing the loss function with 1000 epochs, the convergence was
realized to locate under 500 epochs. Based on that, 100, 200, and
500 epochs were trial programmed and 200 epochs were selected
in step 3. For CLR, when starting with a small value, the network
begins to converge and, as the learning rate increases, it eventually
becomes too large and causes the test/validation loss to increase
and the accuracy to decrease was gradually increased until conver-
gence occurred (Smith, 2018). Therefore, CLR was  tested with levels
of 0.001, 0.005, 0.01, 0.05 and the training and validating results
are fairly converged at CLR of 0.005 as shown in Table 1. Based on

those tuning procedures, Table 2 summarizes the selected list of
hyper-parameters.
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Fig. 3. Random forest mean minimal depth of variables.

Table 3
Multi-measures random forest for variables importance.

Inputs Mean minimal depth Number of nodes Node purity Number of trees

Velocity 1.471 152,830 487,705.21 500
Capacity 1.502 130,454 92,448.16 500

0,226
1,735
0,398
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Time  1.583 10
Wind  speed 1.631 10
Wind  direction 1.638 12

.2. Predictive results

As mentioned in Section 3.2, this section shows the importance
ank of five inputs and reveals the predictive result from the deep
NN architecture. Fig. 3 depicts the minimal depth distribution
f five variables. The depth of a tree is equal to the length of the
ongest path from the root to the leaves in this tree. Afterwards,
he programming calculated the mean minimal depth as only B̄
ut of B (number of trees) observations are considered, where B̄
s equal to the maximum number of trees in which any variable

as used for splitting. It can be easily seen that velocity is the most
mportant because its mean minimal depth is 1.47, which is the
mallest, indicating that it is very close to the root node, followed by
apacity, sailing time, wind speed and wind direction. Other mea-
ures including node purity and the number of nodes also revealed
dentical results, as shown in Table 3.

To further investigate the most frequent interaction of variables
n pairs, we plotted the prediction on a grid of values for the com-
onents of each interaction pair of velocity with another variable,
s velocity has the most impact on fuel consumption. From Fig. 4,
e see that higher velocity leads to higher predicted probabili-

ies of recorded fuel consumption. The thresholds seem to exist
t around 17–18 knots between the red area and the rest of the
rea, and around 14 knots between the blue area and the remaining
rea. This is consistent with studies suggesting that energy sav-
ng can be effectively obtained by slow-steaming (Psaraftis, 2019;

oo  & Moon, 2014). The relationship between other components
annot be seen clearly because they are not dominant variables
uch as velocity. However, the main purpose of this research is
o predict the output based on the input variables for shipping

oute choice, but not focus on the detailed relationship between
utput and inputs. Fig. 4(a) interestingly shows that the darkness
ncreases from bottom to top, indicating two phenomena. Besides
he logical trend at the red area that bigger ships consume more fuel
 28,128.10 500
 19,100.37 500
 27,982.31 500

than smaller ships, there is a converse phenomenon at the blue
area, where bigger ships seem to consume less fuel than smaller
ones. It can be easily perceived because the diagram only shows
the interaction between variables in pairwise, while other predic-
tors impact fuel consumption, and it does not reveal the general
effect of capacity on energy consumption.

Although velocity is the most important variable in the forecast
model, we still preserved all five variables in the deep-learning
model. As the architecture is designed with optimum hyper-
parameters selected in Section 4.1, the deep-learning ANN is
trained using the stochastic gradient descent optimization algo-
rithm and programmed by Python 3.6.3. The programming employs
the classification analysis from random forest and updates the
weight of ANN for each executing time to optimize the objective
loss function. Training, validating, and testing MAPE (%) is provided
in Fig. 5. The results clearly show that with 200 epochs and a CLR
of 0.005, the validating and testing errors yielded the minimum
values. This was  demonstrated by the principle that the number of
epochs/iterations for training should be large enough to maximize
the final test performance but no larger because, once conver-
gence has been obtained, increasing the number of epochs results
in a larger error (Smith, 2018). Comparing to the assessing criteria
provided by Ç elik, Teke, and Yildirim (2016) that is, MAPE ≤ 10%
means high accuracy, 10% ≤ MAPE ≤ 20% means good prediction,
20% ≤ MAPE ≤ 50% means reasonable prediction and MAPE ≥ 50%
means inaccurate prediction, the results also indicate that the pre-
dicted output only biased from the actual observation around 5–6%,
which implies high accuracy.

Furthermore, MASE which is one of the most powerful for
assessing predictive accuracy is also used in this study. MASE < 1

means that the proposed method performs smaller predictive
errors than the naive method, and gets higher accuracy when MASE
is smaller (Hyndman & Koehler, 2006). The MASE value of our pro-
posed model with 200 epochs and CLR of 0.005 level is 0.77 for the
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Fig. 4. Output predictive probabilities by input interaction pairwise.

Fig. 5. Deep-learning ANN measure of performance.
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alidating set and 0.69 for the testing set which is the smallest. The
ptimal function of two variables (V, T) and three inputs (V, T, C)
nly obtained the MAPE 10.8% and 7.3%, respectively, while MASE
alues are 0.97 and 0.90, respectively. Obviously, insertion of ship’s
apacity into the model can significantly increase the accuracy by
round 3.3% while the appearance of the wind-related weather
ondition only cuts down the predictive error by around 1.5%. The
redictive results demonstrate the concurrence with the random
orest analysis of variables importance.

. The ATSP algorithm for liner shipping route optimization

The practical liner shipping operating problem for the shipping
ompanies is derived from their demand to operate a roundtrip
iner route. The shipping company provided us the information of
he ship’s capacity, name of all ports in the operating route, and
he distances between them. This ship has to visit every port in the
oute once, and then sail back to the first departure port. The order
f port arrival in the route is defined based on the minimal operat-
ng cost rule, in which the fuel cost is dominant. It can be assumed in
his research and possibly in the real world that other costs are fixed
or any choice. Utilizing our deep-ANN model to obtain the pre-
icted fuel consumption amount can solve this problem by defining
he optimal shipping route.

The first step is preparing all necessary parameters for the deep-
earning ANN and the TSP algorithm. To do this, weather-related
onditions were obtained from the Copernicus Marine Environ-
ent monitoring service, the ship’s capacity is 8272 TEU, and port

istance in pairs is given in Table 4. A speed window [Vl; Vu] can be
et up for planned speed and average speed V̄ of the route, which
s used for the model, where Vl, Vu is the lower bound and upper
ound value of velocity, respectively. Sailing time is thus computed
ased on voyage distance and V̄ . For the fuel unit price (USD/ton),
e assume that the ship purchases fuel for each leg of the route at

ach departure port. Therefore, we obtained the relative unit price
t each port of the list from Ship and Bunker (2019).

In step 2, we used our optimal ANN model from Section 4.2 to
redict the fuel consumption with all five parameters defined in
tep 1. To do this, we constructed one symmetric distance matrix
s follows

Dij]n×n
=

⎡
⎢⎢⎢⎢⎣

0 D12 . . . D1n

D21 0 . . . D2n

...
...

. . .
...

Dn1 Dn2 . . . 0

⎤
⎥⎥⎥⎥⎦ (8)

here n is the total number of ports in the route; Dij denotes the
istance from port i to port j, and ∀i,j = 1, 2, . . .,  n.

We thus computed the sailing time matrix as follows

Tij]n×n
= [Dij]n×n

/V̄ =

⎡
⎢⎢⎢⎢⎣

0 D12/V̄ . . . D1n/V̄

D21/V̄ 0 . . . D2n/V̄

...
...

. . .
...

Dn1/V̄ Dn2/V̄ . . . 0

⎤
⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢

0 T12 . . . T1n

T21 0 . . . T2n

⎤
⎥⎥⎥ (9)
⎢⎣ ...

...
. . .

...

Tn1 Tn2 . . . 0

⎥⎦
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Table 5
Fuel unit price at departure ports.

Port Fuel unit price (USD/ton)

Tanjung Pelepas 358.1
Hong Kong 356.9
Yantian 401.4
Vung Tau 482.0
Nansha New Port 401.4
Shekou 401.4
Singapore 313.1
Salalah 572.0
Colombo 407.7
L. Bui-Duy, N. Vu-Thi-Minh / The Asian J

Based on all computed inputs, the consumed fuel is predicted
y the ANN model

Fij]n×n
= f (V̄ , T, C, BF, Wd) =

⎡
⎢⎢⎢⎢⎣

0 F12 . . . F1n

F21 0 . . . F2n

...
...

. . .
...

Fn1 Fn2 . . . 0

⎤
⎥⎥⎥⎥⎦ (10)

Fij expresses the total fuel amount (ton) that the ship consumes
or the voyage from port i to port j.

In step 3, we created an asymmetric matrix of total fuel cost by
ach voyage:

Cij]n×n
=

⎡
⎢⎢⎢⎢⎣

0 f1/F12 . . . f1 × F1n

f2 × F21 0 . . . f2 × F2n

...
...

. . .
...

fn × Fn1 fn × Fn2 . . . 0

⎤
⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎣

0 C12 . . . C1n

C21 0 . . . C2n

...
...

. . .
...

Cn1 Cn2 . . . 0

⎤
⎥⎥⎥⎥⎦ (11)

here Cij is the total fuel cost for the voyage from port i to port
 (USD); fi denotes the fuel unit price (USD/ton) at the port i, and
i,j = 1, 2, . . .,  n.

Step 4 employs the asymmetric TSP algorithm to solve the
ollowing integer linear programming problem (Miller, Zemlin, &
ucker, 1960):

ij =
{

1 the path goes from port i to port j

0 otherwise
(12)

For i = 1, . . .,  n, let ui be a dummy  variable, which is finally taken
o be the fuel cost from port i to port j.

in
n∑

i=1

n∑
j /=  i,j=1

Cijxij : (13)

ij ∈ {0, 1} i, j = 1, . . .,  n; (14)

i ∈ Z i = 2, . . .,  n; (15)

n∑
=i,j /=  1

xij = 1 j = 1, . . .,  n; (16)

n∑
=i,j /=  1

xij = 1 i = 1, . . .,  n; (17)

i − uj + nxij ≤ n − 1 2 ≤ i /= j ≤ n; (18)

 ≤ ui ≤ n − 1 2 ≤ i ≤ n. (19)

The set of constraints (14)–(16) expresses that each port is
rrived at from exactly one other port, and the set of equalities
14), (15), (17) requires that there is a departure from each port
o exactly one other port. The constraints (18), (19) enforce that
here is only a single tour covering all ports, and not two or more
isjointed tours that only collectively cover all ports.
The ATSP integer linear programming problem that the ship-
ing company provided us is solved by R programming. With
he fuel unit price at all ports in the route given in Table 5, the
ssumed speed window [17.5, 18.5] (knots), V̄ = 18 knots, and the
Busan 505.5
Shanghai 401.4
Qingdao 406.3

first departure port is Tanjung Pelepas, the result for the optimal
route is defined as

Tanjung Pelepas → Shekou → Colombo → Nansha
New Port → Qingdao → Vung Tau → Busan → Hong
Kong → Salalah → Yantian → Singapore → Shanghai → Tanjung
Pelepas, which is depicted in Fig. 6. The corresponding fuel cost is
estimated at 98,769.6 USD for the optimal route.

6. Discussion

With a given number of ports in a certain liner route, the distance
of pairwise port components can easily be obtained. Combining
this with planning average speed, ship’s capacity, and wind-related
conditions, shipping companies can optimize their route to mini-
mize their fuel cost. This paper highlights the platform research
for the liner shipping route choice based on a hybrid machine-
learning method combined with an ATSP solution. In regards to
planned velocity, although ship captains cannot guarantee that the
real speed perfectly matches the optimal one, V̄ expresses the oper-
ating of the ship itself. The captains can easily set this up as perfectly
exact with the planned one. Additionally, the difference between
Vl and Vu can suitably be 1 knot (Wang & Meng, 2015), which does
not change the solution. This paper possibly provides a feasible
platform to shipping companies for diminishing the fuel cost.

Besides the above impressive achievement, this paper itself has
some limitations. Firstly, other ship operating costs are excluded,
which can be comprehensively analyzed in the future. Some
expenses may  not increase when the shipping companies choose
this optimal route compared to other alternatives such as the crew
cost, or repair and maintenance costs, or spares. Some expenses
such as marine insurance and P&I may  considerably increase or
decrease. Further studies should focus on detailed assessment of
those expenses when the data is available. On the other hand,
more comprehensive perception can be conducted by evaluating
the trade-off between fuel cost curtailment and commodities flow.
From the perspective of environmental protection, this study can be
utilized to design a route for the minimization of exhausted emis-
sions because fuel consumption and emissions are related to each
other by the emission factor.

7. Conclusions

This paper tackled the research problem of designing the opti-
mal  route to minimize total fuel cost. A hybrid machine-learning
technique was firstly constructed to predict fuel consumption for
container ships based on learning the operating information of a
fleet in the Asian area. With the given assumptions of a liner ship-

ping route, the predictive results are then applied and combined
with the ATSP algorithm to design an optimal route that meets
the expectation of shipping companies wanting to minimize fuel
cost. This is of practical significance as fuel cost contributes more
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Fig. 6. Optimal shipping rou

han 60% of the ship’s total operating costs. As deep-learning is
 data-driven technique, it greatly depends on the quality of the
earning dataset. When the recorded dataset has high convergence,
his method gives high accuracy predictions. Conversely, when the
ata set is fragmented, it needs to be combined with other meth-
ds, such as theory-driven methods, to increase the efficiency of
he model. As the dataset becomes more complete, future research
irections can be extended to other types of ships or other areas
ith different weather conditions. More comprehensive studies of

he accompanying supply chains can also be developed in the future
ased on this research’s platform to meet a variety of economic and
nvironmental protection goals.
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