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Abstract : The most important factor affecting the berthing energy generated when a ship berths is the berthing velocity. Thus, an accident may occur
if the berthing velocity is extremely high. Several ship features influence the determination of the berthing velocity. However, previous studies have mostly
focused on the size of the vessel. Therefore, the aim of this study is to analyze various features that influence berthing velocity and determine their
respective importance. The data used in the analysis was based on the berthing velocity of a ship on a jetty in Korea. Using the collected data, machine
learning classification algorithms were compared and analyzed, such as decision tree, random forest, logistic regression, and perceptron. As an algorithm
evaluation method, indexes according to the confusion matrix were used. Consequently, perceptron demonstrated the best performance, and the feature
importance was in the following order: DWT , jetty number, and state. Hence, when berthing a ship, the berthing velocity should be determined in

consideration of various features, such as the size of the ship, position of the jetty, and loading condition of the cargo.
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Fig. 1. Brolsma’s curve.
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Fig. 2. Visual representation of the methodology.
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Fig. 3. Overview of tanker terminal.
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Fig. 4. Measurement of berthing velocity.

Table 1. The factor of berthing velocity in PIANC WG145

Category Factor(WG145) Remark
Current
Effect waves Weather Condition
Environment | Effect wind
Closed/Open quay /jetty | Jetty Position
Berthing aids Docking Aid
Type of vessel
Size of vessel
Vessel Vessel type
Type of cargo
Windage area
Berthing manoeuvre Berthing angle
Human Equipment/tugs Tugs H/P
Human factor Pilot
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Fig. 5. One-hot encoding.
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Table 2. Tanker terminal regulation of berthing velocity

Approaching velocity Description

5 cm/sec or less
6~ 10 cr/sec
Over 11 cn/sec

allowable velocity

warning velocity

critical velocity

2.3.3 OB 2F/

Z = o}-9-(Hold-out method)S Fig. 69} #-o] x}7 Z(Cross
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HolEH &2 Uiyo] RS 7156 v o] th(Kohavi, 1995).
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Fig. 6. Hold-out method.
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J ¥l T} (Shalev-Shwartz and Ben-David, 2014). 413 3] 719} 2]
07} 12 BEFHBE o|NEF dudFon f887 A
"ok AlaRel= g Aok 2k A2 399 A
Ao E%tﬂfﬁ(}(v...’&)g} 3| AA (B, -+, Bl w3t

—1lx?) =
P(Y=1lX] TBX) (5)

1+exp(B()+BlX1+
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Perceptron(MLP)©o] o] AL&E| a1 9lon) B ofo] & x9]
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AMEZL QYRS z,2,, - x,9 7FEA wy,w,y, -, w, 7F
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THKanal, 2003).
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matrix)S 7]RFO. 2 G- FTH(Han et al., 2011). F5 W5l A

Felazt e HEE FAPositive)©] B St 1 W E
-4 (Negative) B} 3He}, B AFol A o] FAH o] M= 10 eyl
o), #49 HMFE 10emis v Tholgtn & 4 gt =53
do] 742 Fig 73 Zomn 1o e 3
¥} 2

ou rﬂﬂ

- True Positives(TP): A T WFE THolgta 45
- True Negative(TN): 24 F-4<21 "FE F-Aolgla oF
- False Positives(FP): 2 A §-4<1 M55 FHolgta o=
- False negative(FN): 2| FA20 WFE FAolgta 45
Predicted class
yes no Total
yes TP FN P

Actual class
no FP TN N

Total P’ N’

Fig. 7. Confusion Matrix.

Table 3. Evaluation measures

Measure Formula
Accurac TP+ TN
Y P+N
Error rat FP+FN
o P+N
TP
Recall 1r
ecal =
ifici TN
Specificity =
isi TP
Precision TP
X 1550m X
F-1 score 2 pefc%szon recall
percision + recall
2 % - <
Fgs, where (1 +2»3 ) X percision X recall
3" X percision + recall
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Table 4. Variable description table

Name Type Description Units
Jetty No. Categorical ~ Jetty Number (1~3) -
State Categorical ~ Ballast, Half, Laden -
Pilot Categorical ~ Pilot Class (1st~4th) -
DWT Continuous ~ Deadweight tonnages tons
MaxAngle Continuous Max berthing angle deg
Tug H.P. Continuous  Tugs horse power HP
Wind Continuous  Max wind speed m/s
Wave Continuous ~ Significant wave height m
Berthing Categorical ~ Over 10 cr/s, Under 10 cn/s -
Velocity Continuous  Ship’s berthing velocity cm/s
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Table 6. Descriptive statistics for categorical dataset
Berthing Jetty No. State Pilot Total
. otal
Velocity Jettyl Jetty2 Jetty3 Ballast Half Laden Classl Class2 Class3 Class4
Overl0 16 41 15 43 19 10 50 8 9 72
Under10 121 88 75 75 112 97 225 23 23 284
Total 137 129 90 118 131 107 275 31 32 356
Table 7. Descriptive statistics for continuous dataset
DWT MaxAngle Tug H.P. Wind Wave Berthing Velocity
Mean 73832 7.6 11144 5.7 0.9 7.4
o 57239 3.8 4711 3.0 0.5 3.6
Min 11410 0.1 2600 0.0 0.2 0.6
25% 46176 5.1 8600 3.4 0.6 4.8
50% 49990 7.1 10000 5.2 0.8 6.9
75% 100927 9.7 13315 7.5 1.1 9.3
Max 319428 31.8 30218 14.2 2.8 20.0
Table 8. Confusion matrix of test dataset
Predicted Decision Tree Random Forest Logistic Regression Perceptron
Actual Overl0 Under10 Overl0 Under10 Overl0 Underl10 Overl0 Under10
Overl0 6 16 3 19 1 21 10 12
Under10 6 61 1 66 1 66 10 57
Table 9. Evaluation of machine learning classification algorithm
Decision Tree Random Forest Logistic Regression Perceptron
Accuracy 0.753 0.775 0.753 0.753
Error rate 0.247 0.225 0.247 0.247
Recall 0.273 0.136 0.046 0.455
Specificity 0.910 0.985 0.985 0.851
Precision 0.500 0.750 0.500 0.500
F-1 score 0.353 0.230 0.084 0.476
Fg (8=0.5) 0.429 0.394 0.168 0.490

AHER Bl 2 AnE e Fig 109 G2 4
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S (Pilot, 0.55061), Wind(0.34899), Xttt E(MaxAngle, ©|FoI7 A& & = v E3 54 AJE7} Ballast 3
0.18789) =o = utERRtTh meba] AdRb A Al vk A7), Y o iAo R 93 HAEEE sk A9 A=
5 A, ASPYH So2 &R JFaclS usor AoR EEE Foldto] FHelsle]oF gt

gt 53] i AellA SRS g WAHR Y

zone
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Fig. 10. Feature importance of ship’s berthing velocity.
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