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Anomaly Detection and Root Cause Analysis of Ship Main
Engines: Explainable Artificial Intelligence-Based Methodology
Considering Internal Sensors and External Environmental Factors

Mingyu Park' - Hyunjoo Kim” - Sangbong Lee’ - Jihwan Lee'

1Departmen‘[ of Industrial and Data Engineering, Major in Industrial Data Science and Engineering, Pukyong National University
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The main engine of a ship plays a crucial role in providing propulsion. In recent times, there has been growing
interest in a data-driven monitoring approach that utilizes sensor data to complement the preventive
maintenance-centered maintenance strategy. Previous studies have proposed methodologies that apply anomaly
detection algorithms to the sensor data within the main engine. However, these methodologies have limitations
as they only focus on analyzing internal sensor data and fail to consider external factors such as operating
conditions, marine environment, and weather. Additionally, the use of black-box approaches makes it
challenging to determine the specific factors causing anomalies. To address these limitations, this study
introduces a method that employs Explainable Artificial Intelligence (XAI) techniques to identify the causes of
anomalies in ship main engines. The proposed method involves calculating anomaly scores using Variational
AutoEncoder on collected sensor data and training a separate model to predict anomaly scores by considering
external factors like operating conditions and weather. Furthermore, the SHAP (Shapley Additive Explanations)
technique is utilized to quantify the contributions of external factors to the anomaly scores. This enables the
analysis of individual data features and facilitates both local and global analysis for identifying the causes of
anomalies and diagnosing faults. The proposed methodology was validated through a case study using data
collected from a container ship over an 18-month period, demonstrating its effectiveness in identifying the
causes of anomalies in the ship’s main engine.

Keywords: Vessel Main Engine, Anomaly Detection, Explainable Al, Root-cause Analysis
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Dataset :
Vessel Sensor Data (X, X, ..., X,)

Preprocessing :
 Feature selection

« Feature Transformation

* Data filtering(15knots<= SPEED VG & 80.75(NCR)<= RPM)

{

Anomaly Score Calculation :

AutoEncoder based on the reconstruction error.

By using main engine features for each data instance, calculate their anomaly score with Variational

!

Predict Anomaly Score :
Using navigati
Ensemble based Regressor.

tal features for each data instance, predict their anomaly score with

{

Feature Attribution Calculation :

Calculate feature attribution (SHAP values) for treeSHAP anomaly score per dala instance.

¥

Anomaly Segmentation :

clustered within the Taiwan Strait and Gulf of Thailand.

Identifying more than half of the 109 data instances corresponding 1o the top 0.4% anomaly scores are densely

}

Root Cause Analysis :

< Local Analysis: Diagnose main engine faults by comparing feature attribution (SHAP values) between all instances
and anomalies, aiming to understand the vessel's environment and identify specific causes for anomalies.
* Global Analysis: Utilize SHAP plots to determine the significant features contributing to the overall anomaly score.

Figure 1. Proposed Overall Research Framework
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Anomaly Score of x = d(x,x")

x~x
Reconstructed
Input Input
z
Encoder . Decoder
x €9 (x) z dy(2) X'
Gx

Latent
distribution

L(g,0:x) = F [(x —dy (e + gxf))z] + Dy (N (i, 00) 1| N(0,1))

X

reconstruction loss

sampling

Latent vector

similarity loss

Figure 2. Anomaly Score Calculation of VAE with Reconstruction Error
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Table 1. Vessel specifications.

Specification Measurement
Length (m) 172.07
Beam (m) 274
Gross Tonnage (ton) 18,085
Deadweight (ton) 22,317
TEU 1809
Year Build 2020
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Table 2. Feature List for Anomaly Detection of Main Engine

Feature Name

Description

ME1 RPM Engine rotation per minute (RPM)
ME1 LOAD Engine load ratio
MEl FOC Fuel Oil Consumption

MEI_BHP BY FOC

Fuel Consumption by BHP

MEI1_TORQUE _RICH

Propeller output efficiency relative to fuel supplied

ME1 _LO_INLET TEMP

Inlet temperature of lubricant oil

MEI_LO_INLET PRESS

Inlet pressure of lubricant oil

ME]_SCAV_AIR_TEMP

Temperature of scavenging air

ME1_SCAV_AIR PRESS

Pressure of scavenging air

ME1_JCW_INLET TEMP

Inlet temperature of jacket cooling water

ME]_JCW_INLET PRESS

Inlet pressure of jacket cooling water

ME1_THRUST PAD TEMP

Temperature of thrust pad

ME1_RPM_SHAFT

Rotation per minute of the crankshaft

ME1_SHAFT POWER

Power of the crankshaft

ME1_SHAFT TORQUE

Torque of the crankshaft

MEI_TCI RPM

Rotation per minute of turbocharger

MEI1_TCI LO OUTLET TEMP

Outlet temperature of lubricant oil in turbocharger

ME1 _TCI LO INLET PRESS

Inlet pressure of lubricant oil in turbocharger

MEI_CYL PCO_OUTLET TEMP

Outlet temperature of cylinder piston cooling oil (cylinders 1 to 6)

MEl_CYL_CFW_OUTLET TEMP

Outlet temperature of cylinder block cooling water (cylinders 1 to 6)

MEl CYL EXH GAS OUTLET TEMP

Outlet temperature of exhaust gas (cylinders 1 to 6)

Table 3. Original Navigation and Environmental Feature List for Predict Anomaly Score

Feature Name

Description

SPEED VG

Speed over ground

RUDDER_ANGLE

The acute angle between the rudder and the fore-and-aft line of a ship

SHIP_HEADING

Direction of indicated by the vessel’s own needle

COURSE_OVER_GROUND

The actual direction of which the vessel is moving

DRAFT FORE

Vertical distance between the waterline and the bottom of the hull measured at the perpendicular
of the bow

DRAFT AFT

Vertical distance between the waterline and the bottom of the hull measured at the perpendicular
of the stern

DRAFT MID PORT

Vertical distance between the waterline and the bottom of the hull measured at the perpendicular
of the port side (left)

DRAFT MID STBD

Vertical distance between the waterline and the bottom of the hull measured at the perpendicular
of the starboard side(right)

CURRENT_SPEED

Directional movement of seawater

CURRENT DIRECTION

Direction of seawater

WIND_WAVE_HEIGHT

Significant height of wind waves

WIND_WAVE_DIRECTION

Direction of wind waves

WIND WAVE PERIOD

Period of wind waves

SWELL_WAVE_HEIGHT

Significant height of swell waves

SWELL_WAVE_DIRECTION

Direction of swell waves

SWELL WAVE PERIOD

Period of swell waves

WIND_SPEED

Speed of the wind

WIND_DIRECTION

Direction of the wind

REL_WIND_ SPEED

Speed of the apparent wind

REL_WIND DIRECTION

Direction of the apparent wind
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Figure 4. Directional Feature Transformation

Table 4. Conversion of Angles

Range Processing

90° < Angle < 180° Angle —90°

180° < Angle < 270° Angle —180°

270° < Angle < 360° Angle —270°
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Table 5. Final Navigation and Environmental Feature List for Predict Anomaly Score

Feature Name

Description

Leeway Absolute angular difference between SHIP_ HEAIDNG and COURSE OVER_GROUND
RUDDER_ANGLE The acute angle between the rudder and the fore-and-aft line of a ship

SPEED VG Speed over ground

AvgDraft Average value of DRAFT FORE, DRAFT AFT, DRAFT _MID PORT, DRAFT MID STBD
Trim Absolute difference between DRAFT FORE and DRAFT AFT

Heeling Absolute difference between DRAFT MID PORT and DRAFT MID STBD

CURRENT_SPEED

Directional movement of seawater

CURRENT_ANGLE

Absolute angular difference between SHIP. HEAIDNG and CURRENT DIRECTION

WIND WAVE_HEIGHT

Significant height of wind waves

WIND WAVE ANGLE

Absolute angular difference between SHIP_ HEAIDNG and WIND WAVE DIRECTION

WIND WAVE PERIOD Period of wind waves

SWELL WAVE HEIGHT

Significant height of swell waves

SWELL WAVE ANGLE

Absolute angular difference between SHIP_ HEAIDNG and SWELL WAVE DIRECTION

SWELL WAVE PERIOD Period of swell waves

WIND_ SPEED Speed of the wind

WIND_ANGLE

Absolute angular difference between SHIP_ HEAIDNG and WIND DIRECTION

REL_WIND SPEED Speed of the apparent wind

REL_WIND ANGLE

Absolute angular difference between SHIP. HEAIDNG and REL_WIND DIRECTION
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Table 6. Hyperparameter Tuning Attribution

Model Grid Parameters Parameters Grid Values
num_leaves : [31, 62, 93, 123]

LGBM learning_rate : [0.5, 0.1, 0.01]
n_estimators : [100, 250, 300, 500]
max_depth : [4, 6, 8]

XGB learning_rate : [0.5, 0.1, 0.01]
n_estimators : [100, 250, 300, 500]
n_estimators : [100, 250, 300, 500]
max_depth : [None, 5, 10, 20]

Random ; -
min_samples_split : | [2, 5, 10]

Forest
min_samples leaf : | [1, 2, 4]
max_features : ['auto', 'sqrt', 'log2']
num_leaves : [31, 62, 93, 123]

CatBoost | learning_rate : [0.5, 0.1, 0.01]
[

n_estimators :

100, 250, 300, 500]

Table 7. Comparative Test Set Performance Measurements

Model MSE | RMSE | MAE | MAPE R’
LGBM 0.33 0.579 | 0357 | 11.53 0.86
XGB 0.35 0.596 | 0364 | 11.67 0.85

Random Forest | 0.36 0.603

0.368 | 12.17 0.85

CatBoost

0.42 0.648

0432 | 13.83 0.82

Table 8. Ablation Study of Predict Anomaly Score with

Each Feature

Internal Internal External
Model
+External Only Only
LGBM 0.974 0.959 0.86
XGB 0.974 0.956 0.85
R
andom 0.966 0.957 0.85
Forest
CatBoost 0.979 0.964 0.82

Predict

Figure 8. Test Set Performance of LGBM

EE

X3
ox
oft

FE QA AW WE AMAMZT ALE RSB R 1 FAA
7 013 A A S nd 3 ¢ el M =2
A& A 4 olrk. Ak 5 M ERkS AHE3S 1o
= IARYY RPFS 086 AEE oA M5 gt
& 9 ¥ 9 AN ARdda & 4 9o,
oA WA ol 95 23 9 A Qelo] F AFE F
DS AT AT

E3 S EYA o FEHE o] X ek AA o)A
M 7] Wln SE7} <Figure 8> A H o} Itk 2o A
£ 4 d%o] 54 7oA 247 glo] 1 £EOE o4
7h A A S AT 9T

4.5 SHAPS E3 7|9 = 4

oWl el AE 44804 e o4
5y WSS 9% $Hes 2SS
ol 53 9%
s

ValueE Al4ts} |
3 H T o] F Y3l o)A &

Mo K o T

Al
olof o3t 3|4
# LGBM &

o]

3o treeSHAPES A &3}
ol 9 A el
S gt A S FPstAT. Aol FoAd
o Auk A9 1907 30041 2 o] A
ZI9E 103 JEFE EY
°

N

-~
¢
N d
e}
2
A
NS
=
o
o
X,
b

fo
Torfr £ Ao

U ofy N ofy
= ) % 2
pry
>
M
>

o
o
fo o m

24 b = Ao e
T o2
>
i

ol xS
to o

O ok o>

2

o2
ol
R
ui
—
2
1
o
ftl

=

o] SHAP value®] X & F43}e] ofi 78
of 7lodstal A=A ottt theo® A T
H8Q19 o] 42 7]e =5 #4

o}, S F B4 o] A= Summary PlotS 53 A4 ©]
e o 8919 7o =9 E efstal, A9
| th3ll A Dependence Plot¥ PDPE &3l 2 ¥
Ao 1A= g FAA FAHL A2 5
Ald

8
b

rO

o

]

=2
fo

i

A

o

o o &

=
iy

=S

g]

]

Al

N oo £ o
®
2
2

o>

F

ol
=2
N

4

5. 2942 B9
5.1 Local ¥4 o]A} 77k o3t 7o = £-4

B Aol e oA vt AR 52 F A9 7
Zhetal g 2 el Tholl tigk Local 48 33t} o] &
13l kel el = ol thsked A Bt SHAP Values 7
Aot ol A 7o Wt Hlwstgith 1 A
<Figure 9> AN 0] QIth. o] & Hv{Hw thetef o] A=
A BE W 7| =rt A B5A] o vla) 2H, 1 Fol
A ZE7) v £83 AN &5 B T4 U s
o F71¢ o), T3] 4% 8l Trim 59 7|9 =7} 53] 2



389

SPEED_VG
REL_WIND_SPEED
AvgDraft
WIND_WAVE_HEIGHT ooc
Trim TR
WIND_WAVE_ANGLE
CURRENT_SPEED L
WIND_ANGLE \
WIND_SPEED .
WIND_WAVE_PERIOD Pad
Heeling o«
SWELL_WAVE_PERIOD
SWELL_WAVE_HEIGHT i
SWELL_WAVE_ANGLE s 4
REL_WIND_ANGLE| g5
RUDDER_ANGLE >»
Leeway A
CURRENT_ANGLE .

—e— All
—e - Taiwan_strait
Gulf_of_Thailand

0.0 0.2 0.4

0.8 1.0 12 14 16

Absélute Mean of SHAP Value

Figure 9. Absolute Mean of SHAP Value Comparison between All and Anomalies

Leeway ' - Al

RUDDER_ANGLE| & -~ Taiwan_strat
SPEED_VG

AvgDratt]

Tim

Heelng
CURRENT_SPEED|
CURRENT_ANGLE
WIND_WAVE_HEIGHT,
WIND_WAVE_ANGLE|
WIND_WAVE_PERIOD|
SWELL WAVE_HEIGHT]
SWELL_WAVE_PERIOD|
SWELL_WAVE_ANGLE
WIND_SPEED
WIND_ANGLE
REL_WIND_SPEED
REL_WIND_ANGLE

0 5 ) 15 0 % E) E3 0
Mean of value

(a)

ME1_RPM = Al
ME1_LOAD|

ME1_FOC|

MEL_BHP_BY_FOC
MEL_TORQUE_RICH
ME1_LO_INLET_TEMP|
ME1_LO_INLET_PRESS|
ME1_SCAV_AIR_TEMP
ME1_SCAV_AIR_PRESS
ME1_JCW_INLET_TEMP
ME1_JCW_INLET_PRESS|
MEL_THRUST_PAD_TEMP|
ME1_RPM_SHAFT
ME1_SHAFT_POWER
MEI_SHAFT_TORQUE
MEL_TC1_RPM
ME1_TC1_LO_OUTLET_TEMP
ME1_TC1_LO_INLET_PRESS
ME1_CYL_PCO_OUTLET_TEMP
ME1_CYL_CPW_OUTLET_TEMP|
ME1_CYL_EXH_GAS_OUTLET_TEMP|

o~ Taiwan_strait

00 02 04 08 10
Scaled mean of main engine value

(b)
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Table 9. Explanation of Each Cluster Obtained from Local Analysis

Vessel
Clusters External Status Anomalous Features Description eose
Status
Low ANGLE values for Extreme high outlet temperature of
ME1_JCW_INLET_TEMP . .
CURRENT, WIND WAVE, - - - jacket cooling water
SWELL_WAVE, and WIND. MEl CYL CEW OUTLET TEMP Extreme high outlet temperature of Susbicious
Taiwan |In particular, the REL_WIND - - - - cylinder block cooling water pl.
coolin
Strait speed is very low. S stenf
(The direction of the vessel and Extreme low outlet temperature of Y
» ME!_CYL PCO_OUTLET TEMP ) . . .
external factors match; a positive - - - - cylinder piston cooling oil
situation for navigation)
Extreme high inlet temperature of
ME1_LO_INLET_TEMP . .
- - lubricant oil
Ext high t t f
ME1_SCAV_AIR_TEMP HHeme gl (emperie o
- -~ scavenging air
Extreme high inlet temperature of
i i ME!1 JCW_INLET TEMP
High Speed of vessel and High _ _ _ jacket cooling water
ANGLE“;I?II\?SS S;SERRENT’ MEI THRUST PAD _TEMP Extreme high temperature of thrust pad
- ’ Intermediate to high rotation per minute | Suspicious
Gulf of | SWELL_WAVE, WIND. ME!_RPM_SHAFT .
. . - - of the crankshaft engine
Thailand |(The direction of the vessel and - - .
Intermediate to high outlet temperature | overheating

external factors does not match; ME1_TC1_LO_OUTLET_TEMP

of turbocharger lubricant oil

a negative situation for
navigation) ME!_CYL PCO_OUTLET TEMP

Extreme high outlet temperature of
cylinder piston cooling oil

MEI_CYL CFW_OUTLET TEMP

Extreme high outlet temperature of
cylinder block cooling water

MEI_CYL EXH GAS OUTLET TEMP

Extreme high outlet temperature of
cylinder block exhaust gas
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