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Abstract: In marine diesel engines, the compression pressure in the cylinder is important because it affects combustion performance. 

However, as the sensor measuring compression pressure is installed in relation to the combustion chamber, its performance may be 

decreased, reliability may be difficult to guarantee, and there is a possibility of failure. Therefore, it is necessary to develop a model to 

predict compression pressure. In this study, engine data from the training ship was acquired, preprocessed, and then trained on GBDT-

based CatBoost and LightGBM models. The results of the two models were confirmed using five performance metrics and scatter and 

line plots. LightGBM showed better performance than CatBoost with the train and test sets for all performance metrics, but the differ-

ence was minimal. Analysis of the two trained models using SHAP revealed that the 'M/E SCAV AIR RECEIVER IN PRESS' and 

'M/E T/C RPM' variables had the greatest impact on prediction of cylinder compression pressure. 
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1. Introduction 

Maritime transport of global trade moves over 80% of goods 

traded worldwide by volume [1]-[3]. Goods traded worldwide in-

clude crude oil, liquefied natural gas (LNG), coal, iron ore, grain, 

vehicles, chemicals, and containers. Ships are used to transport 

these goods, and types of ships include oil tankers, LNG carriers, 

bulk carriers, car carriers, chemical ships, and container ships [4]. 

A 2-stroke marine diesel engine (main engine) is installed on the 

ship to propel the ship. Figure 1 shows a system schematic of the 

main engine (M/E). 

 The M/E is powered by the explosion of a mixture of pressurized 

air and atomized fuel injected into the cylinder. The explosive force 

generated inside the cylinder causes the piston to reciprocate, which 

in turn rotates the crankshaft and the propeller, propelling the ship 

[5]. 

 The exhaust gas generated by the explosion of a mixture of 

pressurized air and atomized fuel flows through the exhaust manifold 

toward the turbine of the turbocharger (T/C) as the exhaust valve 

opens due to pressurized hydraulic oil. High temperature and high 

pressure exhaust gas with heat energy rotates the turbine wheel of the 

T/C after passing through nozzle ring. Accordingly, the compressor 

wheel connected to the turbine wheel with common shaft rotates and 

sucks in outside air through the filter silencer. The diffuser located 

between the compressor and the compressor casing increases the 

pressure of the intake air. The pressurized air passes through the air 

cooler where it is cooled and its volumetric efficiency is improved 

before it is sent to the scavenge air receiver. 

 

 

Figure 1: A system schematic of the M/E 
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Pressurized air enters the each cylinder from the scavenge air 

receiver through the scavenging port of each cylinder [6]. The 

pressurized air entering the cylinder is compressed by the 

reciprocating motion of the piston, and the fuel injected into the high-

temperature, high-pressure environment is mixed with the 

pressurized air and explodes. This cycle repeats until the M/E stops, 

resulting in a reciprocating rotational motion. 

The piston ring made of a special material is fitted into the ring 

groove of the piston and comes into contact with the cylinder liner. 

To prevent direct friction between the piston ring and cylinder liner, 

lubrication oil is sprayed through holes in the cylinder liner to 

lubricate and seal the space between the piston ring and cylinder 

liner. However, if damage occurs to the piston ring groove, piston 

ring, or cylinder liner, a gap will form in the compression space, 

reducing the compression pressure and combustion efficiency. In 

severe cases, blow-by occurs, where exhaust gas leaks between the 

piston and cylinder liner. Therefore, continuous monitoring of the 

compression pressure of the M/E is important to check the sealing 

status of the compression space. 

Academia also recognizes the importance of in-cylinder pressure 

in marine diesel engines and has been conducting various studies. 

Tang et al. developed a real-time two-stroke marine diesel engine 

model with fast computing speed of mean value model and in-

cylinder pressure prediction capability of zero dimensional model 

[7]. Hountalas examined the effect of compression failure through 

the reduction of compression ratio [8]. Patil et al. used artificial 

neural networks (ANN) to estimate the in-cylinder pressure of a 

marine engine using engine speed, power, and crank angle as inputs 

[9]. Shen et al. developed a mean value engine model with in-

cylinder pressure trace predictive capability and a novel compressor 

model for the 2-stroke diesel engine [10]. Patil et al. used in-cylinder 

pressure signals and multiple linear and polynomial regression 

models to estimate the severity of the faults for marine engines [11]. 

Galliakis used ANN to predict peak cylinder pressure of 4-stroke 

marine diesel engine using engine speed, torque, lambda, and 

specific fuel consumption as inputs [12]. Asimakopoulos et al. used 

support vector regression, random forest regression, and XGBoost to 

predict maximum pressure [13]. Then, the condition of the piston 

ring was determined based on the difference between the actual value 

and model's predicted value. Tsitsilonis and Theotokatos used 

instantaneous crankshaft torque to predict pressure variations in all 

engine cylinders [14]. 

Sensors that measure compression pressure in marine diesel 

engines are continuously exposed to high-temperature and high-

pressure environments due to the explosive gases generated within 

the cylinder. Accordingly, it is practically difficult to continuously 

maintain optimal performance and make reliable measurements. 

However, recent advancements in artificial intelligence (AI) have 

made it possible to develop virtual sensors that can compensate for 

these shortcomings. Therefore, in this study, we conducted a 

prediction of compression pressure using an AI model based on an 

engine dataset acquired from an actual ship. Furthermore, the 

influence of variables was analyzed using SHAP on the trained 

models. 

The remainder of this paper is organized as follows. In Section 

2, the experimental subject and data acquisition process were 

described. In Section 3, data preprocessing and data analysis 

using correlation heatmap were performed. In Section 4, the 

theory behind CatBoost, LightGBM, and SHAP is explained. In 

Section 5, modeling of CatBoost and LightGBM and five 

performance metrics were described. In Section 6, the prediction 

results of CatBoost and LightGBM models and their 

interpretation by SHAP were analyzed. In Section 7, this research 

process has been concluded. 

2. Data Acquisition

2.1 Experimental Subject 

The training ship was used as an experimental subject to de-

velop an AI model to predict compression pressure. The main 

specifications of the training ship are shown in Table 1.  

The training ship is equipped with the MAN 6S40ME-B9.5 

with an output of 6,618 kW, and the dataset consisting of sensor 

values is automatically downloaded by the ACONIS system. 

Table 1: Main specifications of the training ship 

Subject Value Subject Value 

IMO No. 9807279 
Breadth ex-
treme (m) 

19 

Name HANNARA Year built 2019 

Vessel type Training ship Engine type 
MAN 

6S40ME-
B9.5 

Flag South Korea Power 
6,618 kW at 

146 rpm 

Gross ton-
nage (t) 

9,196 
Propeller’s 

blades 
4 

Summer 
deadweight 

(t) 
3,671 

Propeller’s 

diameter (m) 
4 

Length over-
all (m) 

133 
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Table 2: Sailing routes of the training ship. 

Voyage destination Date for acquiring data 

Incheon 2022.05.25–30 

Ulleungdo 2022.06.25–27 

The training ship sailed to Incheon and Ulleungdo as shown in 

Table 2, and the dataset was collected during that period. 

2.2 Acquisition of Data 

The datasets stored by the ACONIS system were in Microsoft 

Access format with a 10-second cycle. The dataset in Microsoft 

Access format was converted to comma separated values (CSV) 

format for data preprocessing.  

3. Data Analysis

3.1 Data Preprocessing 

Excluding the 2022.05.27 and 2022.05.30 Incheon datasets, 

which have a majority of 0 values in the dataset, only the 

2022.05.25, 2022.05.26, and 2022.05.29 Incheon datasets were 

used. These datasets were named Incheon1, Incheon2, and In-

cheon3, respectively. The rows and columns of these datasets 

were (8640, 192), (8640, 192), and (8436, 192), respectively. The 

dataset stored by the ACONIS system consisted of 192 sensor 

parameters. The Incheon datasets were acquired under various 

driving conditions, with M/E loads ranging from 0% to 81.8%. 

Excluding the 2022.06.26 Ulleungdo dataset, which have a 

majority of 0 values in the dataset, only the 2022.06.25 and 

2022.06.27 Ulleungdo datasets were used. These datasets were 

named Ulleungdo 1 and Ulleungdo 2, respectively. The rows and 

columns of these datasets were (8429, 192) and (8640, 192), re-

spectively. The Ulleungdo datasets were acquired under various 

driving conditions, with M/E loads ranging from 0% to 69.7%. 

As the goal of this study was to predict compression pressure, 

29 related variables were extracted from 192 variables, as shown 

in Table 3. Accordingly, the sizes of the Incheon1, Incheon2, In-

cheon3, Ulleungdo 1, and Ulleungdo 2 datasets became (8640, 

29), (8640, 29), (8436, 29), (8429, 29), and (8640, 29). 

The graphs are shown in Figure 2 with the number of rows in 

each dataset on the x-axis and "average cylinder compression 

pressure" and "M/E rpm" on the y-axis. Referring to Figure 2, it 

can be seen that “average cylinder compression pressure” (blue 

color) has a significant correlation with “M/E rpm” (red color). 

However, referring to Figure 2, there are considerable sec-

tions where “M/E rpm” is 0. Therefore, in this study, we decided  

Table 3: 29 variables selected for predicting compression pres-

sure. 

No. Variable name No. Variable name 

1 
M/E A/C C.W IN-
LET PRESS 

16 
M/E NO.5 CYL EXH 
GAS OUTLET TEMP 

2 
M/E A/C C.W IN-
LET TEMP 

17 
M/E NO.6 CYL EXH 
GAS OUTLET TEMP 

3 
M/E A/C C.W OUT-
LET TEMP 

18 
M/E CYL EXH GAS 
OUTLET TEMP 
MEAN 

4 
M/E SCAV AIR RE-
CEIVER IN PRESS 

19 
M/E T/C EXH GAS 
INLET TEMP 

5 
M/E NO.1 SCAV 
AIR FIRE DET. 
TEMP 

20 
M/E T/C EXH GAS 
OUTLET TEMP 

6 
M/E NO.2 SCAV 
AIR FIRE DET. 
TEMP 

21 M/E RPM 

7 
M/E NO.3 SCAV 
AIR FIRE DET. 
TEMP 

22 M/E T/C RPM 

8 
M/E NO.4 SCAV 
AIR FIRE DET. 
TEMP 

23 
CYLINDER COM-
PRESSION PRESS 
CYL 1 

9 
M/E NO.5 SCAV 
AIR FIRE DET. 
TEMP 

24 
CYLINDER COM-
PRESSION PRESS 
CYL 2 

10 
M/E NO.6 SCAV 
AIR FIRE DET. 
TEMP 

25 
CYLINDER COM-
PRESSION PRESS 
CYL 3 

11 
M/E SCAV AIR RE-
CEIVER TEMP 

26 
CYLINDER COM-
PRESSION PRESS 
CYL 4 

12 
M/E NO.1 CYL EXH 
GAS OUTLET 
TEMP 

27 
CYLINDER COM-
PRESSION PRESS 
CYL 5 

13 
M/E NO.2 CYL EXH 
GAS OUTLET 
TEMP 

28 
CYLINDER COM-
PRESSION PRESS 
CYL 6 

14 
M/E NO.3 CYL EXH 
GAS OUTLET 
TEMP 

29 
AVERAGE CYLIN-
DER COMPR. 
PRESS 

15 
M/E NO.4 CYL EXH 
GAS OUTLET 
TEMP 

to predict the compression pressure after filtering the sections 

where the telegraph is dead slow or higher. The rpm values for 

each telegraph of the training ship are as shown in Table 4. 

Referring to Table 4, we filtered only those with "M/E rpm" 

greater than 73 (Dead Slow) and variables related to cylinder 

compression pressure are less than 250 bar. When the ‘M/E rpm’ 

was 0, the values of variables related to cylinder compression 

pressure was 250 bar. However, in some cases, it showed 250  
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Figure 2: Line plots of average compression pressure and M/E 

RPM for Incheon 1, 2, and 3 and Ulleungdo 1 and 2 

Table 4: Harbor speed table for the training ship 

Telegraph RPM 
Navigation Full 141 

Full 130 
Half 126 
Slow 100 

Dead Slow 73 

bars even when an error occurred in the sensor, so values less 

than 250 were filtered out. As a result, the sizes of the Incheon1, 

Incheon2, Incheon3, Ulleungdo 1, and Ulleungdo 2 datasets be-

came (7928, 29), (8148, 29), (7709, 29), (7148, 29), and (5597, 

29). Line plots of "average cylinder compression pressure" and 

"M/E rpm" for the filtered dataset are shown in Figure 3. 

Figure 3: Line plots of average compression pressure and M/E 

RPM for Incheon 1, 2, and 3 and Ulleungdo 1 and 2, where M/E 

RPM is 73 or more and cylinder compression pressure is less than 

250 bar 

3.2 Correlation Heatmap 

For ease of data processing, the datasets of Incheon1, In-

cheon2, and Incheon3 were combined into the Incheon dataset, 

and the datasets of Ulleungdo 1 and Ulleungdo 2 were combined 

into the Ulleungdo dataset. Accordingly, the Incheon and 

Ulleungdo datasets have sizes of (23785, 29) and (12745, 29), 

respectively. 

A correlation heatmap was created to check the correlation be-

tween the seven output variables related to cylinder compression 

pressure and the remaining variables. In the correlation heatmap, 

plus one means positive strong correlation; as it approaches zero, 

it becomes low correlation. Minus one implies negative strong 

correlation [15]. Figure 4 shows a correlation heatmap based on  
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Figure 4: Correlation heatmap for Incheon dataset 

Figure 5: Correlation heatmap for Ulleungdo dataset 

the correlation matrix for the Incheon dataset. Red and blue rep-

resent positive and negative values, respectively. Although some 

variables are not shown due to space constraints, the variables 

that are close to 0 or have negative values in the correlation 

heatmap are “M/E A/C C.W INLET PRESS”, “M/E A/C C.W 

INLET TEMP”, “M/E NO.1-6 SCAV AIR FIRE DET. TEMP”, 

and “M/E T/C EXH GAS OUTLET TEMP”. 

In Figure 5, the values of the aforementioned variables are 

also shown to be close to 0 or have negative values in the corre-

lation heatmap. Therefore, these variables were decided to be re-

moved. 

Correlation heatmaps for the Incheon and Ulleungdo datasets, 

excluding variables with low correlation, are shown in Figures 6 

and 7. In Figure 6, the correlation heatmap shows that the negative 

Figure 6: Correlation heatmap for Incheon dataset excluding 

variables with low correlation 

Figure 7: Correlation heatmap for Ulleungdo dataset excluding 

variables with low correlation 

portion of the value range of the variables has removed. In Fig-

ure 6, the range of values of variables in the correlation heatmap 

was between 0.4 and 1. 

In Figure 7, the range of values of variables in the correlation 

heatmap was between 0.6 and 1. 

4. Theory

4.1 CatBoost 

CatBoost is a machine learning ensemble technique based on 

gradient boosted decision trees (GBDT) [16]. CatBoost intro-

duces two critical algorithmic advances of ordered boosting 
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enabling a permutation-driven alternative to the classic algorithm 

and innovative algorithm for processing categorical features 

[17]. CatBoost has the differences from other GBDT-based mod-

els such as focusing on optimizing decision trees for categorical 

variables, building symmetric (balanced) trees, a faster predic-

tion time in large datasets compared to other GBDT models, and 

providing model analysis tools such as feature importance and 

feature analysis charts [18]. 

4.2 LightGBM 

LightGBM uses Gradient-based One-Side Sampling (GOSS) 

and Exclusive Feature Bundling (EFB). GOSS excludes a signif-

icant proportion of data instances with small gradients and uses 

only the rest to estimate the information gain. EFB bundles mu-

tually exclusive features to reduce the number of features [19]. 

LightGBM has the advantages of fast learning speed, high accu-

racy, GPU learning, enabling the handling of large datasets, and 

reducing the memory occupied when running [18]. 

4.3 SHAP 

SHAP (SHapley Additive exPlanations) assigns each feature 

an importance value for a particular prediction [20]. SHAP 

measures how much each feature contributes to a model’s pre-

diction and interprets the prediction as the aggregate of the Shap-

ley values corresponding to all input features: 

𝑔ሺ𝑥ᇱሻ ൌ 𝜑଴ ൅ ෍ 𝜑௝

௝ୀଵ

ெ

 

where 𝑔ሺ𝑥ᇱሻ is the value of the model, 𝜑଴ is the constant that 

explains the model, and 𝜑௝ is the imputed value of each feature 

[21].  

5. Modeling

The following steps were taken to create the dataset for train-

ing and testing the CatBoost and LightGBM models. In Table 3, 

variables corresponding to 3, 4, 11–19, 21, and 22 were selected 

as input variables, and variables corresponding to 23-29 were se-

lected as output variables. Accordingly, the Incheon and 

Ulleungdo datasets were divided into the train set (X_train_in-

cheon, y_train_incheon, X_train_ulleungdo, y_train_ulleungdo) 

and the test set (X_test_incheon, y_test_incheon, 

X_test_ulleungdo, y_test_ulleungdo) in a ratio of 7:3. We com-

bined the train and test sets, which were separated by voyage, to 

create a unified train set (X_train, y_train) and test set (X_test, 

y_test). The X_train had the shape of (25570, 12), the y_train had  

Table 5: Parameters used to build CatBoost and LightGBM mod-

els 

CatBoost 
Parameter Value 

learning_rate 0.03 
depth 6 

l2_leaf_reg 3 
iterations 1000 

LightGBM 
Parameter Value 

learning_rate 0.1 
max_depth -1 

min_child_weight 0.001 
colsample_bytree 1.0 

subsample 1.0 
n_estimators 100 

the shape of (25570, 7), the X_test had the shape of (10960, 12), 

and the y_test had the shape of (10960, 7). 

CatBoostRegressor was imported from the CatBoost library, 

version 1.2.8, and LGBMRegressor was imported from the 

LightGBM library, version 4.6.0. 

Table 5 shows the default parameters that were used to build 

each model. 

CatBoostRegressor's 'loss_function' used 'MultiRMSE', and 

LGBMRegressor's 'eval_metric' used 'RMSE'. As LGBMRegres-

sor cannot predict multi-output variables, Scikit-learn's 'Mul-

tiOutputRegressor' was used as a wrapper. 

The five-performance metrics were used to evaluate the mod-

el's performance such as mean absolute error (MAE), mean 

squared error (MSE), root mean squared error (RMSE), mean ab-

solute percentage error (MAPE), and R2 score. The formulas for 

these performance metrics are shown below. 

𝑀𝐴𝐸 ൌ
1
𝑛

 ෍|𝑦௜ െ  𝑦ො௜|
௡

௜ୀଵ

 

𝑀𝑆𝐸 ൌ
1
𝑛

 ෍ሺ𝑦௜ െ 𝑦ො௜ሻଶ

௡

௜ୀଵ

 

𝑅𝑀𝑆𝐸 ൌ ඩ
1
𝑛

 ෍ሺ𝑦௜ െ  𝑦ො௜ሻଶ

௡

௜ୀଵ

 

𝑀𝐴𝑃𝐸 ൌ
100%

𝑛
 ෍ ฬ

𝑦௜ െ  𝑦ො௜

𝑦௜
ฬ

௡

௜ୀଵ

 

𝑅ଶ ൌ 1 െ 
∑ ሺ𝑦௜ െ 𝑦ො௜ሻଶ௡

௜ୀଵ

∑ ሺ𝑦௜ െ  𝑦തሻଶ௡
௜ୀଵ

,   𝑤ℎ𝑒𝑟𝑒   𝑦ത ൌ  
1
𝑛

෍ 𝑦௜

௡

௜ୀଵ
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6. Results and Discussion

6.1 Model Prediction 

CatBoost and LightGBM models were trained with train set, 

and the evaluation results on the train set and test set are as shown 

in Tables 6 and 7, respectively. 

Referring to Table 6, it shows that LightGBM outperforms 

CatBoost on all performance metrics for the train set. However, 

there was no significant difference in the performance metrics for 

the two models, and CatBoost also performed as well as 

LightGBM. 

Referring to Table 7, it shows that LightGBM outperforms 

CatBoost on all performance metrics for the test set. However, 

there was no significant difference in the performance metrics for 

the two models, and CatBoost also performed as well as 

LightGBM. 

Figures 8 and 9 are scatter plots with the x-axis representing 

actual values of test set and the y-axis representing predicted  

Table 6: Evaluation results for the train set of CatBoost and 

LightGBM models 

CatBoost LightGBM 
MAE 0.3362 MAE 0.2897 
MSE 0.2428 MSE 0.2231 

RMSE 0.4927 RMSE 0.4723 
MAPE 0.0035 MAPE 0.0031 

R2 0.9989 R2 0.999 

Table 7: Evaluation results for the test set of CatBoost and 

LightGBM models 

CatBoost LightGBM 
MAE 0.3543 MAE 0.3123 
MSE 0.3171 MSE 0.263 

RMSE 0.5632 RMSE 0.5128 
MAPE 0.0037 MAPE 0.0033 

R2 0.9986 R2 0.9988 

values of test set. The line crossing the diagonal is the reference 

line, and if the data points are concentrated on this line, it 

Figure 8: Scatter plot of CatBoost's predictions for the test set. Figure 9: Scatter plot of LightGBM's predictions for the test set 
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indicates that the model's prediction is excellent. Referring to 

Figure 8, most of the data points, except for some, are concen-

trated on the diagonal line.  

Referring to Figure 9, the predicted results of the LightGBM 

model are also excellent, like the CatBoost model. Most of the 

blue data points are concentrated along the diagonal line. 

Figures 10 and 11 show the predictions of CatBoost and 

LightGBM for the test set as line plots. The x-axis represents data 

points, and the y-axis represents the values of variables associ-

ated with cylinder compression pressure. The red and blue line 

plots represent the actual values of test set for CatBoost and 

LightGBM, and the gray lines represent the predicted values of 

CatBoost and LightGBM. 

Referring to Figure 10, CatBoost's predictions for the cylinder 

compression pressure of the test set almost overlap the actual val-

ues. The red line that juts out downwards near the 6000th data 

point on the x-axis appears equally for all cylinder compression 

pressure variables. This phenomenon occurs similarly to other 

data points. Therefore, the compression pressure of all cylinders 

changes similarly as the M/E status changes. 

Figure 10: Line plot of CatBoost's predictions for the test set. 

Figure 11: Line plot of LightGBM's predictions for the test set. 

Referring to Figure 11, the predicted values of the LightGBM 

model also appear to overlap with most of the actual values. 

6.2 Interpretation based on the SHAP 

To better understand the prediction results of machine learning 

models, various eXplainable AI (XAI)-related techniques are be-

ing developed. Among various XAI techniques, this study used 

SHAP to analyze the variables affecting the predictions of Cat-

Boost and LightGBM models.  

The explainer variables were set using SHAP's KernelEx-

plainer, the trained CatBoost and LightGBM models were used 

as the values of ‘model’ argument, the test set (X_test) was used 

as the values of ‘data’ argument, and the 'identity' was used as the 

value of ‘link’ argument.  

The 'shap_values' function was used to train the explainer var-

iables, and the 'X' argument used 1000 data points sampled at a 

constant random_state from the test set (X_test), and the 'nsam-

ples' argument was set to 100. 

SHAP provides vertical bar charts and vertical scatter plots 

that can be used to analyze the influence of variables through the 

'summary_plot' function for explainer variables trained by the 
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Figure 12: Vertical bar chart of CatBoost's explainer for the test 

set 

Figure 13: Vertical bar chart of LightGBM's explainer for the 

test set 

'shap_values' function. 

Figures 12 and 13 are vertical bar charts that help to analyze 

the influence of input variables on output variables. The x-axis 

represents the average absolute SHAP values, and the y-axis rep-

resents input variables. The bar of each input variable is com-

posed of bar of output variables, and the length of the each bar is 

determined according to the size of the average absolute SHAP 

value of each output variable. As a result, the bars of the output 

variables were accumulated and sorted in descending order along 

the y-axis based on the total bar length.  

Referring to Figure 12, the input variables 'M/E SCAV AIR RE-

CEIVER IN PRESS' and 'M/E T/C RPM' have the greatest influ-

ence on the output variables. The two input variables have similar 

average absolute SHAP values between all output variables. 
Figure 14: Vertical scatter plot 1 of CatBoost's explainer for the 

test set 
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Referring to Figure 13, the input variables 'M/E SCAV AIR  

RECEIVER IN PRESS' and 'M/E T/C RPM' also have the great-

est influence on the output variables. For the LightGBM model, 

the 'M/E SCAV AIR RECEIVER IN PRESS' input variable has 

an overwhelming influence on the output variable compared to 

other variables. Among the remaining input variables, 'M/E A/C 

C.W OUTLET TEMP' and 'M/E NO.2 CYL EXH GAS OUTLET 

TEMP' had a high impact on the output variables in both Cat-

Boost and LightGBM models, but their impact was minimal 

compared to the 'M/E SCAV AIR RECEIVER IN PRESS' and 

'M/E T/C RPM' input variables. 

Figure 15: Vertical scatter plot 2 of CatBoost's explainer for the 

test set 

Figure 16: Vertical scatter plot 1 of LightGBM's explainer for 

the test set 
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Figure 17: Vertical scatter plot 2 of LightGBM's explainer for 

the test set 

Figures 14-17 are vertical scatter plots that help to analyze the 

influence of input variables on output variables. The x-axis rep-

resents the SHAP values, and the y-axis represents input varia-

bles. The scattered points for each input variable are the data 

points used in SHAP analysis. The color of the scattered points 

is red when the value of the input variable is high, and blue when 

it is low. The vertical positioning of scattered points at a specific 

SHAP value indicates that there are many scattered points corre-

sponding to that SHAP value. A negative SHAP value means that 

the predicted value has decreased, and a positive SHAP value 

means that the predicted value has increased. Therefore, if the 

scattered points progress from red to blue from right to left in the 

same way as the color bar, the size of the input variables is highly 

correlated with the size of the predicted values. 

Referring to Figures 14-15, the input variables 'M/E SCAV 

AIR RECEIVER IN PRESS' and 'M/E T/C RPM' have the great-

est influence on all output variables for CatBoost model. The col-

ors of the scattered points of these two variables change from 

right to left, from red to purple and then to blue. This is consistent 

with the direction from high to low of the color bar, meaning that 

the higher the value of the corresponding input variables, the 

higher the predicted value of the output variable, and the lower it 

is, the lower it decreases. 

Referring to Figures 16-17, the input variables 'M/E SCAV 

AIR RECEIVER IN PRESS' and 'M/E T/C RPM' also have the 

greatest influence on all output variables for LightGBM model. 

For the LightGBM model, the SHAP value of scattered points 

concentrated in the positive range of the 'M/E SCAV AIR RE-

CEIVER IN PRESS' input variable was greater than that of Cat-

Boost. The scattered points in the positive range of the 'M/E 

SCAV AIR RECEIVER IN PRESS' and 'M/E T/C RPM' varia-

bles of the CatBoost model are within a similar range, but in the 

case of LightGBM, the range is far apart. 

7. Conclusion

In this study, the compression pressure in the combustion 

chamber was predicted based on engine data acquired from the 

training ship, and an analysis using SHAP was performed based 

on the trained model used for the prediction. 

This study used data from 2022, when the vessel sailed the 

West and East Seas of South Korea. Since we did not conduct 

any additional experiments after 2022, we did not collect data 

from other years. However, considering seasonal and operational 

variability, future work using data from other years will be nec-

essary. Furthermore, as this study was conducted only on a single 

vessel, future work on multiple vessels will be needed. 

The data acquired from the training ship underwent a prepro-

cessing process to train the model, and in the process, variables 

with high correlation were selected using a heatmap. 

The models used for training were CatBoost and LightGBM, 

which are based on GBDT. The preprocessed dataset was split 

into the train set and a test set, and two models were trained using 

the train set. Five performance metrics were used to evaluate the 
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performance of the two models, and it was confirmed that they 

performed well on both the train and test sets. The LightGBM 

outperformed CatBoost in all performance metrics, but the dif-

ference between the two was minimal. The prediction results of 

the two models were confirmed by scatter and line plots, and 

most of the predicted values were found to be consistent with the 

actual values. 

Finally, based on the trained model, analysis was performed 

using SHAP with vertical bar charts and vertical scatter plots. 

The analysis results showed that the input variables 'M/E SCAV 

AIR RECEIVER IN PRESS' and 'M/E T/C RPM' had the greatest 

influence on all output variables. However, the effects of the re-

maining input variables were minimal. Therefore, the two input 

variables ('M/E SCAV AIR RECEIVER IN PRESS' and 'M/E 

T/C RPM') are important when building models to predict varia-

bles related to cylinder compression pressure.  

The compression pressure sensor in the engine cylinder is con-

tinuously affected by high-temperature and high-pressure ex-

haust gas, so the performance of the sensor continuously de-

creases. Therefore, the predictive model we developed can serve 

as an auxiliary to existing sensors and can replace them in emer-

gencies. 

This study contributed to the development of a virtual model 

for compression pressure, which is essential for the realization of 

autonomous ships where sensor reliability is crucial. Future 

works should also include predictions up to the maximum explo-

sion pressure. 
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