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• Maritime transportation is widely acknowledged as the crucial element of global trade, responsible for
managing over 80% of the overall trade volume

• The congestion in container terminals (CTs) leads to a reduction in production, hence impacting the capacity to
achieve the Required Time of Departure (RTD)
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• The operational plan involves the allocation and scheduling of Quay Crane (QC), the assignment and
deployment strategy of Internal Truck (IT), and the assignment of Yard Crane (YC)

• In order to meet the RTD, it is crucial that both QCs and YCs carry out their operations quickly for each
container handling job
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• Delays in the operations of ITs, which are responsible for moving containers between QCs and YCs, can create
obstructions and impede adherence to RTD in CT operations.

• In order to maintain efficient operations of the vessel, operators must strategically manage the allocation of ITs,
taking into account the delicate balance between reducing operating delays and managing expenses
effectively.
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• This paper proposes an approach to address this issue by determining the optimal number of ITs.

• The GAIML method, which combines Genetic Algorithm (GA) with Machine Learning (ML), in order to
determine the optimal number of IT
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1. Determining the number of Container Handling Equipment

2. Predictive Discrete Event Simulation

3. Genetic Algorithm

4. Non-dominated sorting algorithm

5. Computational Time Reduction Approach for Genetic Algorithm
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1. Determining the Container Handling Equipment 

• Studies on the IT deployment plans for improving the operational efficiency of container terminals have
identified a constraint related to assuming a fixed number of equipment inputs throughout the planning phase.
Therefore, the issue of determining the most suitable number of equipment deployments has not been resolved.

• Various research have presented techniques for determining the optimal number of IT deployments using
Discrete Event Simulation (DES).

Stojaković and Twrdy European Transport Research Review 
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1. Determining the Container Handling Equipment 

• Studies on the IT deployment plans for improving the operational efficiency of container terminals have
identified a constraint related to assuming a fixed number of equipment inputs throughout the planning phase.
Therefore, the issue of determining the most suitable number of equipment deployments has not been resolved.

• Various research have presented techniques for determining the optimal number of IT deployments using
Discrete Event Simulation (DES).

Journal of International Logistics and Trade
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2. Predictive Discrete Event Simulation

• Predictive Discrete Event Simulation (PDES) is utilized for determining the optimal number of IT

• PDES is a simulation model for predicting the port operational times that shows better performance than DES
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3. Genetic Algorithm

• The Genetic Algorithm (GA) is a well-known stochastic algorithm that operates on a population-based
approach. The main operators used are selection, crossover, and mutation
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4. Non dominated sorting algorithm

• Non-dominated sorting is an essential stage in multi-objective evolutionary algorithms for identifying
efficient solutions.

Index Number of IT Makespan Group 𝒏𝒑 𝑺𝒑 Pareto front level

A 40 5500 Non-dominated 0 C, D 1

B 35 5700 Non-dominated 0 C, D 1

C 48 6000 Dominated 2 D 2

D 52 6500 Dominated 3 - 3
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4. Non dominated sorting algorithm

• NSGA (Non-dominated Sorting Genetic Algorithm) is well known multi objective evolutionary algorithm
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5. Computational Time Reduction Approach for Genetic Algorithm

• An effective approach to decrease the amount of time required for GA is to skip the simulation stage and
instead utilize machine learning or deep learning methods to immediately calculate the fitness score.

• This approach is defined as Surrogate Model
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5. Computational Time Reduction Approach for Genetic Algorithm

• For container terminal operation, surrogate model is utilized for scheduling

• According to proposed surrogate model, until a sufficient of data required for
training is collected, it remains identical to a standard GA

• Once the NN model is trained, the GA operators are only activated when the
anticipated values of freshly produced chromosomes surpass the current
optimal values. This helps to decrease the amount of computing time required.

• The use of a surrogate model strategy is considered efficient, provided that the
predictive model reaches a high level of accuracy.
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• Problem 1: Reduce the number of simulation for calculating fitness sore

• Problem 2: Reduce the range of initial population space

• Problem 3: Improve the exploitation strategies for finding optimal solution

Problem 1

Problem 2

Problem 3

• In order to address the problem 1, ML predictive algorithms are trained using the collected
data from PDES

• In order to address the problem 2, ML predictive algorithms are trained using the actual
container handling equipment deployment plan

• In order to address the problem 3, complementary crossover strategy is utilized
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Notation Feature Notation Feature

𝑡 Time 𝒚𝒕
𝒒 QC operation delay proportion at time t

𝑣 Vessel ID 𝒚𝒕
𝒄 YC operation delay proportion at time t

𝑞 QC ID 𝑦𝑠 The start time of jobs

𝑐 YC ID 𝑦𝑓 The finish time of jobs

𝑖 IT ID

𝑥𝑡
𝑣 Number of vessel

𝑥𝑡
𝑞 Number of QC

𝑥𝑡
𝑐 Number of YC

𝑥𝑡
𝑖 Number of IT

𝑥𝑡
𝑗𝑜𝑏 Amount of berth job

𝑥𝑡
𝑔𝑎𝑡𝑒 Amount of gate job

• The data utilized for this study is described as below:
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• To train the ML predictive algorithm for fitness score calculation, the simulated data from PDES is used

• Generally, the more number of IT the less
makespan.

• Therefore, the boundary is required for
preventing over deployment
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• To train the ML predictive algorithm for reducing the range of initial populations, the actual deployment plan is
used
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• The proposed approach consists of three main steps in total
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• The flowchart of proposed approach is depicted as:

Begin

Generate promising initial populations 
using ML predictive algorithm (𝒇𝒊)

Filter promising chromosomes using 
ML predictive algorithm (𝒇𝒒, 𝒇𝒄)

Fitness score calculation using PDES

Selection using 
Non-dominated sorting

Exploit using 
Complementary crossover

Explore using Mutation

Is terminated 
criteria 

satisfied? 

Finish

No

Yes
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• Chromosome encoding

𝑥𝑡
𝑖 : The deployed number of IT at time 𝑡

• ML predictive model for fitness score calculation

ො𝑦𝑡
𝑞

= ൝
𝑓𝑞 𝑡 𝑥𝑡

𝑣 𝑥𝑡
𝑞

𝑥𝑡
𝑖 𝑥𝑡

𝑐 𝑥𝑡
𝑗𝑜𝑏

𝑥𝑡
𝑔𝑎𝑡𝑒

,  𝑖𝑓 ො𝑦𝑡
𝑞

≥ 0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

ො𝑦𝑡
𝑐 = ൝

𝑓𝑐 𝑡 𝑥𝑡
𝑣 𝑥𝑡

𝑞
𝑥𝑡

𝑖 𝑥𝑡
𝑐 𝑥𝑡

𝑗𝑜𝑏
𝑥𝑡

𝑔𝑎𝑡𝑒
,  𝑖𝑓 ො𝑦𝑡

𝑐 ≥ 0

0, 𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒

• ML predictive model for reducing the range of chromosomes

ො𝑥𝑡
𝑖 =

𝑥𝑙
𝑖 , 𝑖𝑓 ො𝑥𝑡

𝑖 ≤ 𝑥𝑙
𝑖

𝑓𝑖 𝑡 𝑥𝑡
𝑣 𝑥𝑡

𝑞
𝑥𝑡

𝑐 𝑥𝑡
𝑗𝑜𝑏

𝑥𝑡
𝑔𝑎𝑡𝑒

,  𝑖𝑓 𝑥𝑙
𝑖 < ො𝑥𝑡

𝑖< 𝑥𝑢
𝑖  

𝑥𝑢
𝑖 ,  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝑥𝑙
𝑖 : Lower bound

𝑥𝑢
𝑖 : Upper bound
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• Random number for chromosome generation

𝑝 𝑟𝑡 =
1

𝜎𝑚𝑎𝑥 − 𝜎𝑚𝑖𝑛 + 1
, 𝑤ℎ𝑒𝑟𝑒 𝜎𝑚𝑖𝑛 ≤ 𝑟𝑡 ≤ 𝜎𝑚𝑎𝑥

Algorithm 1: Generate a chromosome for initial population

1: 𝑡 = 0; 𝑋𝑖 = {};

2: while 𝑡 ≤ 𝑛(𝑇) do

3: ො𝑥𝑡
𝑖 =

𝑥𝑙
𝑖, 𝑖𝑓 ො𝑥𝑡

𝑖 ≤ 𝑥𝑙
𝑖

𝑓𝑖(𝑡, 𝑥𝑡
𝑣, 𝑥𝑡

𝑞
, 𝑥𝑡

𝑐 , 𝑥𝑡
𝑗𝑜𝑏

, 𝑥𝑡
𝑔𝑎𝑡𝑒

), 𝑖𝑓 𝑥𝑙
𝑖 < ො𝑥𝑡

𝑖< 𝑥𝑢
𝑖

𝑥𝑢
𝑖 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

4: ො𝑥𝑡
𝑖 ← ො𝑥𝑡

𝑖 + 𝑟𝑡

5: ො𝑥𝑡
𝑖 =

𝑥𝑙
𝑖 , 𝑖𝑓 ො𝑥𝑡

𝑖 ≤ 𝑥𝑙
𝑖

ො𝑥𝑡
𝑖 , 𝑖𝑓 𝑥𝑙

𝑖 < ො𝑥𝑡
𝑖< 𝑥𝑢

𝑖

𝑥𝑢
𝑖 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

6: 𝑋𝑖[𝑡] = ො𝑥𝑡
𝑖

7: 𝑡 ← 𝑡 + 1

8: return 𝑋𝑖

• Because the deterministic models calculate the one numerical 
value, in order to ensure diversity, randomness is necessary

• Repeat Algorithm 1 until reaches the population size
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• Complementary crossover

Complementary crossover is for finding the optimal solution considering bi-objective
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• Data used for experiments

Train / Test Dates Number of Scenarios Random simulation

Train 2020-02-01 ~ 2020-02-05 10 300 (for each scenario)

Test 2020-02-06 ~ 2020-02-15 20 N/A

• Scenario information (Problem size) • Objective functions

Objective 1: Minimize the total makespan (MS)

Objective 2: Minimize the average number of IT (AT)



http://baelab.pusan.ac.kr

Experiment

26

• Experiment description

• Experiment 1 (Exp 1): Select optimal ML predictive algorithm

• Experiment 2 (Exp 2): Determine the optimal number of IT

• Experiment setting

Setting Description Value

Generation The maximum generation 10

Population size The size of initial population 10

Candidate size The size of promising chromosomes 150

Crossover probability The probability of crossover operator 0.9

Mutation probability The probability of mutation operator 0.1

Mutation change points The number of genes which are changed when mutating 2

Random number (𝜎𝑚𝑎𝑥, 𝜎𝑚𝑖𝑛) The range of random number 15, -10

Bound (𝑥𝑙
𝑖 , 𝑥𝑢

𝑖 ) The lower, upper bound of number of IT 5, 58
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• Exp 1: Select the optimal ML predictive model

The optimal ML predictive algorithm for GA is described with bold
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• Exp 2: Determine the number of optimal IT

Models Initial Population Crossover Mutation

QC (5) N/A N/A N/A

QC (10) N/A N/A N/A

NSGA Random Random Random

Surrogate Model Random Conditional random (When the 
predictive values are better)

Conditional random (When the 
predictive values are better)

GAIML 1 (Using 𝑓𝑞 , 𝑓𝑐) ML algorithm Random Random

GAIML 2 (Using 𝑓𝑖) ML algorithm Random Random

GAIML 3 (Using 𝑓𝑞 , 𝑓𝑐, 𝑓𝑖) ML algorithm Random Random

GAIML 4 (Using 𝑓𝑞 , 𝑓𝑐, 𝑓𝑖) ML algorithm Complementary crossover Random

The models for comparative experiments are defined as below:
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• Exp 2: Determine the number of optimal IT

The results of initial population follow as:

• QC (5) shows the least average number of IT

• GAIML3 shows the least total makespan

• The main objective of Container terminal is to minimize the
makespan, in order to minimize the makespan, the more
number of IT is required
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• Exp 2: Determine the number of optimal IT

The results of optimal solution follow as:

• Surrogate model shows the least average number of IT

• GAIML4 shows the least total makespan
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Total Makespan Average number of IT

The average fitness score per generation are depicted below:
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The pareto front is depicted below:
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Thank you
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