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A B S T R A C T  

Marine diesel engines play a critical role in ensuring vessel safety and stable operation. 

Among their operating parameters, cylinder exhaust gas temperature is a key indicator 

of an engine’s thermal performance and overall health. Accurate forecasting of this 

parameter is therefore essential for real-time monitoring and condition-based 

maintenance in intelligent ship propulsion systems. This study proposes a hybrid CNN-

LSTM-Attention model for long-range prediction of marine engine cylinder exhaust 

temperature. The model utilizes real-world sensor data acquired from shipboard 

monitoring systems, rather than synthetic or simulated datasets. Experimental results 

demonstrate the model’s superior performance, achieving a Mean Absolute Error 

(MAE) of 3.9944, a Mean Absolute Percentage Error (MAPE) of 1.3481 %, and a 

coefficient of determination (R²) of 0.9805. These metrics indicate high prediction 

accuracy and minimal deviation from actual values compared to conventional 

algorithms. To further enhance the model’s predictive capability and generalization 

performance, Particle Swarm Optimization (PSO) was applied. This automatically 

fine-tune key hyperparameters, including the optimal parameter settings for learning 

rate and the number of LSTM units. Results confirm that PSO optimization improves 

the CNN-LSTM-Attention model’s predictive performance. The predicted temperature 

curves align better with actual measurements. Specifically, the MAE was reduced by 

1.5431, the MSE decreased by 14.3743, and the R² value moved closer to 1. 

Leveraging PSO’s self-adaptive search capability avoided the need for complex 

manual hyperparameter tuning. Overall, the findings confirm that the optimized model 

delivers highly accurate predictions of cylinder exhaust temperature in intelligent 

marine engines.

1. Introduction 

The rapid advancement of science, technology, and artificial intelligence has substantially accelerated 

the development and construction of intelligent ships [1] have progressed substantially in recent years. This 

technological evolution has attracted growing attention from academic researchers and stakeholders within 

the maritime industry. Intelligent ships represent the convergence of conventional marine engineering with 
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emerging disciplines encompassing artificial intelligence, information processing, and autonomous  

systems [2, 3]. Research endeavors in this domain spans a diverse range of topics, ranging from environmental 

modeling [4], optimal route planning [5], autonomous navigation [6], and collision avoidance [7]. 

The inherent complexity and variability of marine operations necessitate the analysis of onboard system 

data for accurate assessment of ship performance and navigational safety assurance. Examining both real-time 

voyage data and historical records facilitates the identification of potential mechanical faults and irregularities 

in critical operational parameters [8, 9]. These insights support the application of preventive maintenance 

strategies, enabling timely actions [10] - such as part inspection, repair, or replacement. It can contribute to 

improved reliability, operational safety, and lifecycle health management of vessels. 

Modern smart ships deploy extensive arrays of sensors and monitoring units, perpetually generating vast 

volumes of time-series and multidimensional data. The size and complexity of these datasets make manual 

interpretation inefficient and error prone. Therefore, it has become increasingly necessary to adopt advanced 

models and intelligent algorithms for condition monitoring and fault forecasting has become increasingly 

necessary. In particular, automated analysis not only reduces manual workload but also improves diagnostic 

accuracy and predictive efficiency [11, 12]. 

Advancements in deep learning have significantly revolutionized predictive modelling precision and 

robustness of predictive modelling in marine propulsion systems. Numerous studies have investigated the 

application of neural networks - particularly convolutional and recurrent architectures - in forecasting critical 

engine parameters such as exhaust gas temperature, cylinder pressure, turbocharger speed, and lubrication 

conditions. Wang et al. [13] introduced an enhanced ECA-ICNN model for diesel engine fault diagnosis, 

incorporating an adaptive mechanism to augment CNN structure flexibility and diagnostic efficacy. This 

architecture efficiently captured inter-feature dependencies while achieving promising diagnostic accuracy. 

Sun et al. [14] developed a multi-layer attention-based hybrid CNN-LSTM-MLA framework that accounts for 

various real-world operating conditions to improve marine diesel engines exhaust gas temperature prediction. 

Meanwhile, Liu et al. [15] advanced fault prognostics through a bidirectional gated recurrent unit (BiGRU) 

architecture, enabling early stage detection of abnormal engine behavior. 

Ji et al. [16] proposed a CNN-BiLSTM-Attention model for ship diesel engine exhaust temperature 

prediction. Their methodology integrated Mahalanobis distance transformation to establish a quantitative EGT 

monitoring index with defined thresholds and alarm levels. Experimental results demonstrated the model’s 

efficacy in detecting early-stage fault patterns and generating timely warnings. Furthermore, Han et al. [17] 

implemented a LSTM based fault prediction networks, validating its performance using hybrid power 

laboratory data. Patil et al. [18] proposed a swarm-based Cauchy Particle Swarm Optimization method for 

hyperparameter tuning of LSTM temperature prediction models. Collectively, these advances indicate that 

deep learning models–particularly hybrid CNN–LSTM–Attention frameworks– exhibit significant potential 

for intelligent parameter forecasting and anomaly detection in marine propulsion systems. 

Building on these advances, this study focuses on the No. 1 WÄRTSILÄ 8L20 diesel engine installed 

aboard the Xin Hong Zhuan intelligent vessel. We propose a deep learning model integrating a PSO-optimized 

CNN-LSTM-Attention architecture [19] is proposed to forecast the engine cylinder exhaust temperature under 

various operating conditions. The model is trained on real data [20] collected by intelligent sensors [21] during 

actual voyages, capturing both spatial features and temporal dependencies embedded in the operational  

signals [22]. 

The CNN-LSTM-Attention model demonstrates significant advancements in predicting cylinder 

exhaust temperature trends, outperforming conventional approaches. Specifically, comparative analysis 

against LSTM, CNN-LSTM, and LSTM-Attention baselines reveal quantified enhancements: Mean Absolute 

Error (MAE) reductions of 2.7394, 4.3334, and 2.9826, coupled with Mean Squared Error (MSE) decreases 

of 104.9556, 81.6197, and 39.8867 respectively. The proposed model demonstrates commanding superiority 

across all evaluation metrics, achieving higher accuracy with reduced prediction errors. Integrating PSO 

enable the automatic fine-tuning of key hyperparameters - particularly learning rate and LSTM units count. 

This enhancement directly improves the model’s adaptability to diverse engine operating conditions, 

strengthens its generalization capability, and ensures stable performance consistency across scenarios. The 
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optimized model further demonstrates strong reliability with real-world operational data, confirming its 

practical applicability for intelligent engine monitoring and early fault detection in vessel systems. 

The findings offer meaningful theoretical and practical contributions to intelligent ship condition 

monitoring [23]. By enabling accurate real-time assessment of engine thermal behavior, the proposed 

framework supports informed decision-making by onboard operators and maintenance personnel [24]. This 

predictive capability is crucial for mitigating issues–including incomplete combustion, engine components 

overheating, and turbocharger malfunctions which can trigger abnormal exhaust temperature patterns and 

compromise propulsion safety. Ultimately, the deployment of intelligent forecasting models contributes to 

ensuring the stable, healthy operation of marine propulsion systems [25] and promotes the safe [26, 27] and 

navigation efficiency in next-generation intelligent vessels. 

This paper is structured as follows. Section 2 delineates the fundamental components of the CNN-

LSTM-Attention model, elaborating on the rationale and advantages of this hybrid architecture for marine 

engine exhaust temperature prediction. Section 3 provides a technical overview of the Xin Hong Zhuan vessel, 

highlighting its principal specifications while detailing real-world sensor data acquisition, preprocessing 

methodologies, and key parameter configuration. Section 4 presents the implementation for exhaust 

temperature prediction using the CNN-LSTM-Attention network, accompanied by comparative analysis 

against conventional algorithms. The results validate the proposed model’s exceptional accuracy in forecasting 

exhaust gas temperature. Building on this, the section further details the integration of PSO to enhance the 

baseline model, achieving significant improvements in prediction precision, computational efficiency, and 

generalization capability. Finally, section 5 summarizes the principal findings, highlights methodological 

contributions, and discusses limitations along with future research directions. 

2. Deep learning model theory 

2.1 Convolutional Neural Network (CNN) 

Convolutional Neural Network is widely utilized for the extraction of spatial features from sequential 

or grid-structured data [28, 29]. Through the process of dimensionality reduction during data preprocessing, 

CNN can decrease the total number of trainable parameters and network weights. It also can reduce the model 

complexity and the risk of overfitting [30]. This contributes to a more streamlined and efficient training 

process and enhances overall model performance [31, 32]. The standard architecture of a CNN typically 

consists of the following five key components: 

(a) Input Layer 

The input layer is responsible for receiving raw data and representing each input as a distinct  

feature [33]. These features are subsequently passed through the network for hierarchical processing. 

(b) Convolutional Layer 

As the core component of the CNN, the convolutional layer [34] extracts local spatial features from the 

input data by applying convolutional operations. Each convolutional layer contains multiple filters (also 

known as kernels), which vary in size and depth depending on the network design. The kernel values are 

initialized randomly and iteratively updated during training via backpropagation to enhance feature extraction 

capability. 

(c) Pooling Layer 

The pooling layer performs spatial down sampling to reduce the resolution of the feature maps generated 

by the convolutional layers. This step helps to preserve the most salient information, reduce the computational 

burden, and suppress overfitting. Common pooling strategies include max pooling and average pooling, which 

respectively select the maximum or mean value within a localized region. 

(d) Fully Connected Layer 

Following the convolutional and pooling stages, the fully connected layer transforms the 

multidimensional feature maps into a one-dimensional feature vector. Each neuron in this layer is connected 

to every neuron in the preceding layer. The Rectified Linear Unit (ReLU) [35] activation function is commonly 
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used to introduce nonlinearity and enhance learning capacity. This layer aggregates and integrates local 

features to facilitate final classification or regression decisions. 

(e) Output Layer 

The output layer typically employs the Softmax activation function to convert the output vector from 

the fully connected layer into a probability distribution over predefined target classes [36]. The resulting values 

represent the final predictions of the network. 

The overall architecture of a CNN is depicted schematically in Figure 1, which illustrates the hierarchical 

flow of data from raw input to final output through successive layers of transformation. 

 

Fig. 1  CNN neural network structure diagram. 

2.2 Long Short Term Memory (LSTM) 

The Long Short-Term Memory network is a specialized type of Recurrent Neural Network (RNN). It is 

designed to address the limitations of traditional RNN, particularly their difficulty in capturing long-term 

dependencies in sequential data. As illustrated in Figure 2, LSTM introduces a gated mechanism [37] and a 

dedicated memory cell [38] to regulate information flow across time steps. These architectural enhancements 

allow the model to selectively retain, discard, or update information. Then it can significantly improve its 

ability to learn long-range temporal patterns and global contextual relationships. 

 

Fig. 2  Schematic diagram of LSTM neural network. 

LSTM processes sequential data through a chain-like structure, where each unit - referred to as an LSTM 

cell or memory block - corresponds to a discrete time step [39]. At each time step t, the network receives an 
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input vector 𝑥𝑡 and the hidden state from the previous time step ℎ𝑡−1. Based on this information, the memory 

cell state and the hidden state are updated through the following procedures: 

(a) Forget Gate 

The forget gate determines which information from the previous memory cell state 𝑐𝑡−1  should be 

discarded [40]. The gate's activation is computed as: 

𝐹𝑡 = 𝜎(𝑾𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (1) 

where 𝑊𝑓 denotes the weight matrix associated with the forget gate; 𝑏𝑓 is the bias term for the forget gate; 

The sigmoid activation function 𝜎(⋅) ensures that the output lies in the range (0,1), enabling partial retention 

or complete removal of prior memory content. 

(b) Input Gate 

The input gate [40] governs the incorporation of new information into the cell state. It consists of two 

parts: the update gate 𝐼(𝑡) and the candidate memory vector 𝐶̃𝑡, computed as: 

𝐼𝑡 = 𝜎(𝑾𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (2) 

𝐶̃𝑡 = tanh(𝑾𝑐 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (3) 

where 𝑊𝑖: the weight for the input gate; 𝑏𝑖: the bias for the input gate. 𝑊𝑐: the weight for the candidate memory 

content; 𝑏𝑐: the parameters for the candidate memory content.  

The updated memory cell state is then obtained by combining the output of the forget and input gates: 

𝐶𝑡 = 𝐹𝑡 ⊙ 𝑐𝑡−1 + 𝐼𝑡 ⊙ 𝐶̃𝑡 (4) 

⊙ denotes element-wise multiplication.  

(c) Output Gate 

The output gate controls how much of the cell state is exposed as the hidden state [40]. Its activation is 

computed as: 

𝑂𝑡 = 𝜎(𝑾𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (5) 

The hidden state 𝐻𝑡 is then computed as the element-wise product of the output gate and the activated 

memory cell: 

𝐻𝑡 = 𝑂𝑡 ⊙ tanh(𝐶𝑡) (6) 

where 𝑊𝑜: the weight matrix associated with the output gate; 𝑏𝑜: the bias for the output gate.  

The resulting 𝐻𝑡 serves as both the output of the current LSTM unit and the input to the next time step, 

effectively capturing both current and historical temporal dynamics. 

2.3 Attention Mechanism 

The attention mechanism [41] has become a key element in deep learning, particularly in models that 

handle sequential data. Inspired by human cognitive behavior, it allows the model to focus on the most relevant 

parts of the input while reducing the effect of less important information [42]. This selective weighting helps 

the network capture long-term dependencies, improves accuracy, and enhances interpretability. Due to these 

advantages, attention-based models have gained widespread adoption in fields such as natural language 

processing, speech recognition, image analysis, and time-series forecasting. 
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Fig. 3  Attention mechanism structure diagram. 

As depicted in Figure 3, the attention mechanism generally comprises three core components: (1) the 

input representations (queries, keys, and values); (2) the computation of attention scores (or weights); (3) the 

formation of a context vector via weighted summation. At the core of the mechanism lies the idea of computing 

a relevance score, which reflects the relationship between each element of the input and a specific point in the 

output sequence. 

The computation process [43] can be summarized in the following steps: 

(a) Score Computation 

Given a query vector (e.g., the decoder hidden state 𝑠𝑡−1) and a set of key vectors (e.g., encoder hidden 

states ℎ𝑡), the attention score is computed to measure the relevance between them: 

𝛼(𝑠𝑡−1, ℎ𝑡) = 𝜗𝑎
𝑇 tanh(𝑊ℎℎ𝑡 +𝑊𝑠𝑠𝑡−1 + 𝑏) (7) 

where 𝛼(𝑠𝑡−1, ℎ𝑡) denotes the alignment score, indicating the importance of the encoder hidden state ℎ𝑡 at 

time step 𝑡 with respect to the decoder’s previous hidden state 𝑠𝑡−1 . 𝜗𝑎
𝑇  is a learnable weight vector that 

transforms the combined representation into a scalar score, while 𝑊ℎ and 𝑊𝑠 are trainable weight matrices, 

and 𝑏 is a bias term. 

(b) Normalization 

The raw attention scores are normalized using a Softmax function to produce attention weights that sum 

to one across all time steps: 

𝛼𝑡 =
exp(𝛼(𝑠𝑡−1, ℎ𝑡))

∑ exp(𝛼(𝑠𝑡−1, ℎ𝑡))
𝑇
𝑡=1

 (8) 

This ensures that the attention weights sum to one and can be interpreted as the importance of each 

encoder state relative to the current decoding context. 

(c) Context Vector Calculation 

Finally, a context vector is generated by computing a weighted sum of the encoder hidden states using 

the normalized attention weights: 

𝐴𝑡𝑡 =∑𝛼𝑡ℎ𝑡

𝑛

𝑡=1

 (9) 

The context vector Att encapsulates the most relevant temporal and contextual information, conditioned 

on the current decoder state. This dynamically updated representation enhances the model’s ability to focus 

on informative segments of the input sequence, thereby improving performance in sequential prediction tasks 

such as exhaust temperature forecasting in marine engines. 
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2.4 CNN-LSTM-Attention Network Model 

Based on the integration of three core deep learning methods - Convolutional Neural Network, Long 

Short-Term Memory, and the Attention mechanism - a hybrid prediction model is developed, as shown in 

Figure 4. This combined CNN-LSTM-Attention model [44] is designed to improve the accuracy and reliability 

of time-series forecasting, with a focus on predicting exhaust gas temperature in marine engine cylinders. 

 

Fig. 4  CNN-LSTM-Attention network model. 

The integration of the Attention mechanism into the CNN-LSTM framework allows the model to 

emphasize spatial features that are most relevant to the prediction task. By assigning greater weight to critical 

features extracted by the CNN, the LSTM component can focus more effectively on key temporal patterns 

during sequence [45] processing. This enhancement improves both the interpretability and predictive accuracy 

of the model. 

The data processing workflow of the CNN-LSTM-Attention model is structured in five sequential steps: 

(a) Sequence Formatting 

The initial stage involves converting the raw time-series data collected from onboard sensors into a 

matrix format suitable for neural network input. This transformation includes applying temporal segmentation 

and normalization techniques to ensure consistency and enhance the effectiveness of subsequent feature 

extraction processes. 

(b) Feature Extraction via CNN 

The preprocessed matrix is input into the CNN module [46], where convolutional and pooling operations 

are applied to extract local patterns and reduce data dimensionality. These layers capture short-term 

correlations and spatial dependencies in the data. 

(c) Temporal Modeling via LSTM 

The sequential features obtained from the CNN are fed into the LSTM layer [46]. Here, long-term 

temporal dependencies are learned, enabling the model to understand evolving patterns in the data - such as 

gradual increases or anomalies in cylinder exhaust temperature over time. 

(d) Attention-Based Weighting 

The output from the LSTM layer is passed to the Attention mechanism, which calculates attention 

weights and performs a weighted summation of hidden states. This step allows the model to emphasize time 

steps that are most critical to the current prediction, enhancing the model’s focus and interpretive accuracy. 

(e) Final Prediction via Fully Connected Layer 

The resulting attention-weighted feature vector is passed through a fully connected layer, where a final 

prediction is generated. A Softmax activation function is typically applied when multi-class classification is 



Y. Cao et al. Brodogradnja Volume 77 Number 1 (2026) 77101 

 

8 

 

involved, although for regression tasks, a linear activation may be used. The final output is then visualized or 

used for decision-making in intelligent maintenance systems. 

Marine diesel engines operate under highly dynamic and nonlinear conditions, where single-model 

approaches often struggle to balance local feature extraction and long-term sequence learning. The decision 

to adopt the CNN-LSTM-Attention network for predicting marine engine exhaust temperature is based on the 

need to effectively capture the complex spatial–temporal dependencies present in engine operation data. CNN 

networks can identify local spatial correlations among multiple input parameters, such as pressure, 

temperature, and rotational speed. LSTM networks provide the ability to model time-dependent behaviours 

and detect long-range temporal trends. By incorporating an Attention mechanism, the model further enhances 

its ability to selectively focus on the most relevant features and time steps, which is especially valuable in the 

context of fluctuating marine environments. Together, these components form a robust framework that offers 

improved accuracy, adaptability, and interpretability for predictive tasks involving exhaust gas temperature in 

intelligent marine propulsion systems. 

3. Deep learning model theory 

3.1 Data Collection 

The Xin Hong Zhuan is an intelligent vessel designed for both research and training purposes. The vessel 

has a length overall of 69.83 meters, a beam of 10.9 meters, and a depth of 5.0 meters. It is designed for a 

cruising speed of 18 knots and has a displacement of 1430 tons. The propulsion system comprises two fully 

electric azimuth thrusters, each rated at 1500 kW. It is powered by three 1520 kW diesel generator sets. 

Additionally, the vessel is equipped with a bow thruster and anti-roll fins, enabling a maximum range of up 

to 2500 nautical miles. The Xin Hong Zhuan is recognized as the intelligent training and research ship 

equipped with autonomous navigation, remote control, and independent operation capabilities. It serves as a 

mobile experimental platform for testing and validating smart ship technologies at sea. 

This study selects the vessel’s No.1 main diesel engine, specifically the WÄRTSILÄ 8L20 model, as 

the primary research object. This engine is extensively instrumented with real-time sensors, featuring more 

than 15,000 monitoring and control points, which is approximately 30 times greater than that of conventional 

ships. These sensors enable continuous acquisition and logging of key operational parameters, including 

exhaust temperature, fuel injection timing, rotational speed, and various pressure levels. A summary of the 

engine's main technical specifications is provided in Table 1. 

Table 1  Main specifications of the WÄRTSILÄ 8L20 engine onboard Xin Hong Zhuan. 

Engine Parameter Unit Value 

Cylinder bore mm 200 

Number of cylinders / 8 

Rated power kW 1600 

Rated speed rpm 1000 

Piston displacement per cylinder l 8.80 

Stroke length mm 280 

Clockwise firing order / 1-3-7-4-8-6-2-5 

To facilitate accurate data acquisition under real-world maritime conditions, the WÄRTSILÄ 8L20 

engine is instrumented with multiple sensor types, including exhaust temperature sensors, cylinder pressure 

sensors, crankshaft speed sensors, and intake or exhaust manifold pressure sensors. A schematic illustration 

of selected sensor installations is provided in Figure 5. In this figure, sensors numbered 1 to 8 represent 

cylinder pressure sensors mounted at the indicator valve positions. Sensors 9 and 10 are speed sensors installed 

on brackets facing the engine flywheel. These sensors [47] are strategically deployed at key engine locations 

to capture high-resolution data during periods of stable engine operation. Sensor readings are collected at fixed 
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sampling intervals and transmitted to a local data management platform, thereby forming a time-continuous 

and high-dimensional dataset. This dataset forms the basis for the model development and performance 

evaluation in the predictive maintenance framework proposed in this work. 

 

(a) Pressure Sensors 

 

(b) Speed Sensors 

Fig. 5  Schematic illustration of selected sensor installations on the main engine. 

Table 2  Monitored feature parameters from smart sensors. 

Parameter Description Unit Symbol 

Average cylinder exhaust temperature of Engine No. 1 ℃ TP 

Lubricating oil inlet temperature of Engine No. 1 ℃ T1 

Cylinder liner cooling water inlet temperature of Engine No. 1 ℃ T2 

Cylinder liner cooling water outlet temperature of Engine No. 1 ℃ T3 

Turbocharger exhaust inlet temperature of Engine No. 1 ℃ T4 

Turbocharger exhaust outlet temperature of Engine No. 1 ℃ T5 

Fuel inlet pressure of Engine No. 1 bar P1 

Lubricating oil inlet pressure of Engine No. 1 bar P2 

Engine speed of Engine No. 1 rpm N1 

Turbocharger speed of Engine No. 1 rpm N2 

The No. 1 main engine of the Xin Hong Zhuan vessel is equipped with eight cylinders. Therefore, in this 

study, the average exhaust gas temperature of all eight cylinders which is recorded under normal operating 

conditions is used as the practical reference value for predictive analysis. Due to the large volume of data 

generated during actual voyage operations, a feature selection and preprocessing phase was implemented to 
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streamline the dataset. Based on a review of relevant literature and manufacturer documentation, nine key 

influencing parameters were identified to exhibit significant correlation with exhaust temperature. These 

include engine speed, lubricating oil inlet pressure, turbocharger inlet and outlet temperatures, cylinder liner 

cooling water temperatures, and lubricating oil inlet temperature, among others. 

In total, approximately 300,000 raw data entries were collected through the intelligent sensor system 

installed onboard. A detailed summary of the monitored parameters and representative samples of the original 

dataset are provided in Table 2. 

3.2 Data Analysis 

To evaluate the relationship between key engine parameters, this study applies the Spearman rank 

correlation method. As a non-parametric statistical tool, Spearman’s correlation [48] does not require the data 

to follow a normal distribution or exhibit linear relationships. This makes it especially suitable for analyzing 

non-linear data and datasets with outliers. 

The Spearman correlation coefficient, denoted as 𝑟𝑠, measures the strength and direction of a monotonic 

association between two variables. It is calculated using the following equation: 

𝑟𝑠 = 1 −
6∑ 𝑑𝑖

2𝑛
𝑖=1

𝑛(𝑛2 − 1)
 (10) 

where 𝑑𝑖 represents the rank difference between two variables for the 𝑖 − 𝑡ℎ observation, and n is the total 

number of observations. The coefficient 𝑟𝑠 [49] ranges between −1 and 1, where values closer to 1 or −1 

indicate strong positive or negative monotonic relationships, respectively. 

To aid in interpreting the correlation results, the strength of association was categorized based on the 

guideline presented in Table 3. This classification framework facilitates a systematic evaluation of variable 

interactions in the dataset. 

Table 3  Classification of correlation strength based on absolute value of Spearman's rank correlation coefficient ∣ 𝑟𝑠 ∣. 

∣ 𝑟𝑠 ∣ Range Correlation Strength 

0.8<∣ 𝑟𝑠 ∣≤1 Very strong correlation 

0.6<∣ 𝑟𝑠 ∣≤ 0.8 Strong correlation 

0.4<∣ 𝑟𝑠 ∣≤0.6 Moderate correlation 

0.2<∣ 𝑟𝑠 ∣≤0.4 Weak correlation 

0≤∣ 𝑟𝑠 ∣≤0.2 Negligible correlation 

In the present study, the Spearman method was applied to the dataset described in Section 3.1 to 

explore dependencies among nine key operational parameters influencing exhaust gas temperature. To further 

improve interpretability, a correlation heatmap [50] was generated and is depicted in Figure 6. In the heatmap, 

colour intensity corresponds to the magnitude of the correlation coefficient: warmer colours (e.g., red) 

represent stronger correlations, while cooler colours (e.g., blue) indicate weaker relationships. This 

visualization provides an intuitive representation of how individual parameters affect exhaust temperature, 

thereby supporting feature selection and subsequent modelling decisions for predictive analysis. 
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Fig. 6  Heatmap visualization of Spearman correlation coefficients among key engine parameters. 

3.3 Data Preprocessing 

To improve the accuracy of the prediction results and minimize model error, a data filtering process was 

applied based on the degree of correlation between feature variables and the target variable - cylinder exhaust 

temperature (TP). Specifically, features with relatively low correlation coefficients were excluded to construct 

a refined dataset for model training and prediction. 

As shown in Figure 6, among the nine examined variables, the turbocharger exhaust inlet temperature 

(T4) demonstrated the highest positive correlation with the average cylinder exhaust temperature, with a 

correlation coefficient of 0.974. In contrast, engine speed (N1) showed the weakest correlation, with a 

coefficient of 0.563. Based on this correlation analysis, three parameters - N1, turbocharger speed (N2), and 

lubricating oil inlet pressure (P2) - were excluded from the final dataset, as their correlation coefficients were 

below the threshold of 0.700. 

Table 4  Representative records from the filtered dataset used for model training and evaluation. 

 

 

 

 

 

 

 

 

 

 

TP T1 T2 T3 T4 T5 P1 

268.19 64.7 85.3 86.9 281.2 264.4 7.33 

268.49 64.7 85.3 86.9 281.7 264.6 7.34 

268.60 64.7 85.3 86.8 281.7 264.9 7.35 

... ... ... ... ... ... ... 

371.31 64.4 82.4 86.9 486.9 368.8 6.60 

371.61 64.5 82.4 86.9 486.9 368.8 6.60 

371.54 64.6 82.5 86.9 487.0 368.8 6.61 

... ... ... ... .. ... ... 

237.91 63.5 83.2 84.6 266 271.9 7.31 

237.98 63.5 83.2 84.6 264.9 269.9 7.31 

237.98 63.5 83.3 84.6 263.2 267.7 7.33 
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The remaining six parameters, each exhibiting a correlation value above 0.700, were retained. These 

included T4, lubricating oil inlet temperature (T1), and four other relevant features. Together with the target 

variable TP, they were used to construct a refined dataset for model development. After filtering, 

approximately 140,000 valid data samples were obtained from the operational records of the No. 1 main engine 

under steady-state conditions, providing a reliable foundation for predictive analysis. 

From this dataset, a subset of 10,000 representative records was selected for the training and validation 

of the proposed deep learning model. The selected data samples reflect a wide range of real-world engine 

operating scenarios. And it ensures the robustness and applicability of the resulting model. The excerpt from 

the preprocessed dataset, including key parameter values, is presented in Table 4. 

3.4 Optimal Hyperparameter Configuration 

To assess the performance of the proposed model in predicting marine engine cylinder exhaust 

temperature, both graphical and numerical approaches were used. In addition to visually comparing the 

overlap between the predicted and actual value curves, the study also analyzed numerical error metrics [51] 

are applied.  

The evaluation criteria include the following indicators: 

(a) Mean Absolute Error (MAE). 

(b) Mean Square Error (MSE). 

(c) Root Mean Square Error (RMSE). 

(d) Mean Absolute Percentage Error (MAPE). 

(e) The Coefficient of Determination (R²). 

The calculation formulas for each metric are shown below: 

𝑀𝐴𝐸 =
1

𝑛
∑|ŷ𝑖 − 𝑦𝑖|

𝑛

𝑖=1

，𝜖[0, +∞） (11) 

𝑀𝑆𝐸 =
1

𝑛
∑(ŷ𝑖 − 𝑦𝑖)

2

𝑛

𝑖=1

，𝜖[0, +∞） (12) 

𝑀𝐴𝑃𝐸 =
100%

𝑛
∑|

ŷ𝑖 − 𝑦𝑖
𝑦𝑖

|

𝑛

𝑖=1

，𝜖[0, +∞） (13) 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 = √
1

𝑛
∑(ŷ𝑖 − 𝑦𝑖)2
𝑛

𝑖=1

，𝜖[0, +∞） (14) 

Each formula includes specific physical quantities that represent predicted and observed values: ŷ𝑖: this 

refers to the model's output for the 𝑖 − 𝑡ℎ predicted value. 𝑦𝑖: this is the actual measured value from sensor 

data for the 𝑖 − 𝑡ℎ sample. 𝑛: the total number of data points or observations used in the evaluation. 

The dataset was randomly divided into three parts. These included training, validation, and testing sets, 

following a 7:2:1 ratio. The training set was used to fit the model. The validation set helped in adjusting the 

model’s hyperparameters. During training, performance on the validation data was closely observed. The 

model configuration that produced the lowest prediction error and best matched the actual values was selected. 

To evaluate the impact of the forecast horizon (output step size) on model performance, several output 

step configurations were tested. The results are visualized in Figure 7, which shows that as the output step size 

increases, the degree of overlap between predicted and actual curves deteriorates. When the output step is set 

to 1, the model achieves the highest fidelity in capturing real-time trends. 
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(a) 1 step of CNN-LSTM-Attention prediction 

 

(b) 2 step of CNN-LSTM-Attention prediction 

 

(c) 3 step of CNN-LSTM-Attention prediction 

Fig. 7  Effect of output prediction step on the alignment between predicted and actual values. 

The corresponding evaluation metrics for different output steps are summarized in Table 5. 

Table 5  Performance metrics under varying output prediction step sizes. 

Output Step MAE MAPE (%) MSE RMSE R² 

1 3.9944 1.3481 39.6038 6.2932 0.9805 

2 5.4821 1.8920 135.4269 11.6373 0.9333 

3 6.6595 2.3049 183.7696 13.5561 0.9094 
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As shown in Table 5, increasing the output step size leads to a rise in MAE, MSE, MAPE, and RMSE 

values, while the R² decreases. Therefore, an output step of 1 was selected as the optimal configuration to 

ensure the best prediction accuracy. Following the hyperparameter tuning procedure described above, the 

finalized optimal values for the CNN-LSTM-Attention model are summarized in Table 6. 

Table 6  Optimal hyperparameter settings for the CNN-LSTM-Attention model. 

Parameter Category Hyperparameter Candidate Values Optimal Value 

Input Layer Input time step [5, 10, 15] 5 

CNN Layer 

Number of filters [16, 32, 64, 128] 32 

Kernel size [1, 2, 3] 2 

Activation function — ReLU 

Pooling size [1, 2, 3] 2 

LSTM Layer 

Number of LSTM units [16, 32, 64, 128] 64 

Dropout rate [0.1, 0.2, 0.3] 0.2 

LSTM activation function — Sigmoid 

Attention Layer Attention activation — Softmax 

Output Layer 

Output prediction step [1, 2, 3] 1 

Optimizer — Adam 

Batch size [16, 32, 64, 128] 32 

Epochs [100, 200, 300, 400, 500] 300 

3.5 Comparative Analysis of Prediction Results 

The CNN-LSTM-Attention model, configured with the optimal hyperparameters as outlined in Table 6, 

was employed to predict the cylinder exhaust temperature using the refined dataset developed in Section 3.3. 

The model’s training and testing performance is depicted through loss curves shown in Figure 8. 

  

Fig. 8  Training and testing loss curves for the CNN-LSTM-Attention model. 
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(a) The prediction result of LSTM 

 
(b) The prediction result of CNN-LSTM 

 
(c) The prediction result of LSTM-Attention 

 
(d) The prediction result of CNN-LSTM-Attention 

Fig. 9  Comparison of predicted and actual cylinder exhaust temperature across four models. 

As illustrated in Figure 8, the training loss exhibits a steep initial decline, indicating rapid learning during 

the early epochs. During the intermediate training phase, both training and testing loss curves converge and 

stabilize near zero, suggesting that the model has effectively generalized to unseen data. The testing loss 

closely tracks the training loss throughout, with no observable divergence - indicating an absence of 

overfitting. In the final phase, the loss remains consistently low with only minor fluctuations, likely resulting 
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from inherent noise in the dataset. These observations affirm the model’s learning stability, robust 

convergence, and high predictive accuracy. 

To benchmark the performance of the proposed model, a comparative analysis was conducted against 

three alternative deep learning models: LSTM, CNN-LSTM, and LSTM-Attention. The predicted exhaust 

temperature curve generated by each model were compared with the actual values, as illustrated in Figure 9. 

While all four models demonstrate the ability to approximate the general trend of cylinder exhaust 

temperature, notable performance differences were observed. The LSTM model can capture the overall trend 

of the data. However, it often produces excessively smooth predictions. As a result, it becomes less sensitive 

to short-term changes and may miss potential anomalies. The CNN-LSTM and LSTM-Attention models 

generally follow the same trend as the actual values. Both show improved prediction accuracy compared to 

the standard LSTM model. However, they still exhibit noticeable deviations between the predicted and actual 

curves, leading to lower overall alignment. 

In contrast, the CNN-LSTM-Attention model displays the highest degree of congruence with the actual 

data, effectively capturing both global patterns and local variations. A quantitative comparison of model 

performance, based on standard evaluation metrics, is summarized in Table 7. 

Table 7  Quantitative evaluation of model performance using error metrics. 

Model MAE MAPE (%) MSE RMSE R² 

LSTM 6.7338 2.4428 144.5594 12.0233 0.9288 

CNN-LSTM 8.3278 2.6982 121.2235 11.0102 0.9403 

LSTM-Attention 6.9770 2.4011 79.4905 8.9157 0.9608 

CNN-LSTM-Attention 3.9944 1.3481 39.6038 6.2932 0.9805 

The CNN-LSTM model, through the addition of convolutional layers, improves the extraction of spatial 

features from raw sensor data. Compared to the LSTM model, it reduces MSE and RMSE by 23.34 and 1.01, 

respectively, and achieves a closer R² value to 1. However, slight increases in MAE and MAPE are observed. 

The LSTM-Attention model further improves sensitivity to temporal dependencies, reducing MSE by 65.07, 

RMSE by 3.11, and MAPE by 0.04, albeit with a marginal increase in MAE. 

The proposed CNN-LSTM-Attention model synthesizes the benefits of convolutional feature extraction, 

recurrent temporal learning, and attention-driven context awareness. It achieves the best performance across 

all evaluation indicators, yielding the lowest prediction errors and highest forecast accuracy among the models 

tested. 

 

Fig. 10  Boxplot of residual distributions for all compared models. 
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To further assess model robustness, residual distribution [52] plots were generated for all four models 

and are presented in Figure 10. The residuals of the CNN-LSTM-Attention model are tightly clustered around 

zero, indicating minimal bias. Additionally, its interquartile range (IQR) is the smallest among the models, 

suggesting low variance in prediction errors. The model also demonstrates a reduced number of outliers, 

confirming its superior adaptability in handling anomalous or noisy samples. 

In summary, the CNN-LSTM-Attention model outperforms both traditional and hybrid deep learning 

models (LSTM, CNN-LSTM, LSTM-Attention) across all major evaluation metrics. It demonstrates greater 

accuracy, stability, and generalization capability. So, it is particularly well-suited for high-precision intelligent 

monitoring of marine engine cylinder exhaust temperature. 

4. Algorithm Optimization 

To improve training efficiency and enhance prediction accuracy, this study incorporates Particle Swarm 

Optimization (PSO) into the CNN-LSTM-Attention model. PSO is applied to optimize key hyperparameters 

by performing a global search across the parameter space. When combined with the LSTM-based framework, 

it enables automatic tuning of critical settings such as input step size, the number of LSTM units, and the 

number of training epochs. Through iterative particle updates, PSO identifies the most effective parameter 

combinations and then optimizes the model structure in a systematic and adaptive way. This approach 

overcomes the limitations of manual or random hyperparameter selection commonly associated with LSTM 

networks. It also streamlines the tuning process, reduces training complexity, and lowers the risk of overfitting. 

As a result, the predictive performance and robustness of the hybrid model are notably enhanced. 

In the PSO algorithm [53], each particle represents a candidate solution in the hyperparameter space and 

adjusts its position based on its personal best experience and the global best solution found by the swarm. This 

collaborative mechanism ensures systematic exploration and accelerated convergence toward an optimal 

configuration. The theoretical workflow of the PSO-augmented optimization procedure is illustrated in  

Figure 11. 

 

Fig. 11  Schematic diagram of PSO optimization algorithm flow. 

The inclusion of PSO [54] provides a fast and effective way to optimize hyperparameters. It helps 

overcome the limitations of manual tuning and random initialization commonly found in traditional LSTM 
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models. It simplifies the tuning process, reduces model training complexity, and mitigates the risk of 

overfitting. As a result, the training performance is significantly improved, and the model’s predictive 

accuracy is further enhanced. 

 

Fig. 12  Fitness curve of the PSO-optimized CNN-LSTM-Attention algorithm over 100 iterations. 

As shown in Error! Reference source not found., the PSO-optimized model achieves a stable fitness v

alue after only 11 iterations, reflecting rapid convergence. Compared to the unoptimized baseline, the 

optimized model requires fewer iterations and demonstrates improved accuracy in predicting exhaust 

temperature trends. 

Upon completion of PSO optimization, the model outputs suggested hyperparameter settings based on 

the global best particle. In contrast to conventional manual tuning, the PSO-enhanced model significantly 

streamlines the optimization process, reducing both development time and computational resources.  

The optimal parameters obtained include: 

(a) Learning rate: 0.002. 

(b) Number of LSTM units: 38. 

(c) CNN kernel size: 2. 

(d) Number of training epochs: 68. 

To facilitate a direct and intuitive comparison between the prediction performance of the model before 

and after PSO, both versions of the CNN-LSTM-Attention algorithm were executed using the same dataset. 

The respective prediction curves were superimposed onto a single plot and evaluated against the ground truth 

data. This comparative analysis is illustrated in Figure 13. In addition, a quantitative evaluation of prediction 

errors was conducted for both models, with the results summarized in Table 8. 

 

Fig. 13  Comparison of prediction results before and after PSO optimization. 



Y. Cao et al. Brodogradnja Volume 77 Number 1 (2026) 77101 

 

19 

 

As shown in Figure 13, both models exhibit prediction trends that generally follow the actual exhaust 

temperature curve (indicated in green). However, the prediction curve of the unoptimized model (represented 

in orange) shows more pronounced deviations from the ground truth, with multiple segments diverging 

significantly. In contrast, the PSO-optimized model (depicted in blue) demonstrates a notably closer alignment 

with the actual values, confirming an improvement in forecast accuracy following the optimization process. 

Table 8  Performance comparison of the CNN-LSTM-Attention model before and after PSO optimization. 

Model MAE MAPE (%) MSE RMSE R² 

CNN-LSTM-Attention 3.9944 1.3481 39.6038 6.2932 0.9805 

PSO-CNN-LSTM-

Attention 
2.4513 0.8141 25.2295 5.0229 0.9882 

A more detailed examination of the error metrics presented in Table 8 further supports this conclusion. 

While the baseline CNN-LSTM-Attention model already achieved commendable predictive performance 

prior to optimization, the application of PSO led to measurable enhancements across all evaluated indicators. 

Specifically, the MAE decreased by 1.5431, the MSE was reduced by 14.3743, and the MAPE declined  

by 0.534 %. Additionally, the R² moved even closer to 1, indicating improved model fit and reduced variance 

between predicted and actual values. 

In conclusion, the integration of PSO significantly enhanced the predictive capability of the CNN-

LSTM-Attention model. The optimized architecture demonstrated reduced forecasting error and improved 

generalization across different operating conditions. These advancements are particularly effective in 

capturing the fluctuating trends of cylinder exhaust temperature, thereby reinforcing the model’s practical 

value for intelligent condition monitoring of marine diesel engines. 

5. Conclusions 

This study presents a deep learning-based model for predicting the cylinder exhaust temperature of  

the No. 1 engine onboard an intelligent vessel. The proposed architecture integrates Convolutional Neural 

Networks, Long Short-Term Memory networks, and an Attention mechanism. The model was trained using 

real-world data collected from actual ship operations, ensuring practical relevance and robustness. 

The CNN component enables effective extraction of spatial features, while the LSTM module captures 

temporal dependencies. The Attention mechanism further enhances the model by selectively emphasizing key 

features. As a result, the model produced accurate and stable prediction outcomes. In terms of MAE, the CNN-

LSTM-Attention model demonstrates significant improvements over alternative methods. Compared to the 

LSTM, CNN-LSTM, and LSTM-Attention models, the MAE is reduced by 2.7394, 4.3334, and 2.9826, 

respectively. After further optimization using PSO, the model delivers more accurate exhaust temperature 

forecasts. By adjusting critical training parameters, such as step size and the number of LSTM units, the 

enhanced model reduced the MAPE to 0.8141 % and the RMSE to 5.0229. These improvements demonstrate 

a significant reduction in prediction error and confirm the model’s enhanced accuracy and robustness in 

forecasting exhaust gas temperature trends.  

A major advantage of this research is the use of real voyage data. Data were collected directly from 

onboard sensors. Unlike simulated data, real data include noise and fluctuations caused by changing sea 

conditions. This helped the model learn to handle irregular patterns and unpredictable inputs. The optimized 

CNN-LSTM-Attention model could accurately forecast cylinder exhaust temperature. It worked well even 

when the data were affected by environmental and operational disturbances. This makes the model suitable 

for real-time monitoring and early warning in ship engine systems [55]. 

However, this study still presents certain limitations that warrant further improvement. For instance, the 

dataset used in this work only covers a specific operational period of the marine diesel generator under 

relatively ideal conditions. In actual maritime operations, sensor-acquired data are often vast and influenced 

by varying sea states and dynamic operational conditions, which inevitably introduce prediction uncertainties. 
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Moreover, the subject vessel is a newly built intelligent ship, and its machinery remains within the optimal 

performance period. As a result, no significant anomalies or fault events were recorded during the monitoring 

timeframe. To further enhance the scientific value and practical relevance of this research, future studies may 

incorporate fault-related data and explore the integration of early warning mechanisms or conduct remaining 

useful life (RUL) prediction for critical marine components. 

Looking toward to the future work, the proposed model shows strong potential for integration into 

autonomous control systems. It can also be linked with data-driven optimization frameworks to improve 

decision-making [56]. Such integration would enhance automation in ship operations. It would also reduce 

dependence on manual inspection and diagnostic tasks. These improvements support the shift toward fully 

intelligent and autonomous marine vessels. As a result, this study contributes not only to engine fault 

prediction but also to the advancement of smart maritime technologies more broadly. 
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NOMENCLATURE 

Symbol Quantity Description 

𝐹𝑡 the forget gate 

𝑊𝑓 the weight matrix associated with the forget gate 

ℎ𝑡−1 the previous time step 

𝑥𝑡 input vector 

𝑏𝑓 the bias term for the forget gate 

𝜎(⋅) the sigmoid activation function 

𝐼(𝑡) the input gate 

𝑊𝑖 the weight for the input gate 

𝑏𝑖 the bias for the input gate 

𝐶̃𝑡 the candidate memory vector 

𝑊𝑐 the weight for the candidate memory content 

𝑏𝑐 the parameters for the candidate memory content 

𝐶𝑡 the memory cell 

𝑂𝑡 the output gate 

𝑊𝑜 the weight matrix associated with the output gate 

𝑏𝑜 the bias for the output gate 

ℎ𝑡 the encoder hidden state 

𝑠𝑡−1 the decoder’s previous hidden state 

𝜗𝑎
𝑇 the learnable weight vector 

𝑟𝑠 the Spearman correlation coefficient 

n the total number of observations 

ŷ𝑖 the model's output for the 𝑖 − 𝑡ℎ predicted value 

𝑦𝑖 the actual measured value from sensor data for the 𝑖 − 𝑡ℎ sample 

TP average cylinder exhaust temperature 

T1 lubricating oil inlet temperature 
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T2 cylinder liner cooling water inlet temperature 

T3 cylinder liner cooling water outlet temperature 

T4 turbocharger exhaust inlet temperature 

T5 turbocharger exhaust outlet temperature 

P1 fuel inlet pressure 

P2 lubricating oil inlet pressure 

N1 engine speed 

N2 turbocharger speed 

ABBREVIATIONS 

CNN Convolutional Neural Network 

LSTM Long Short Term Memory 

PSO Particle Swarm Optimization 

ReLU Rectified Linear Unit 

MAE Mean Absolute Error 

MAPE Mean Absolute Percentage Error 

MSE Mean Square Error 

RMSE Root Mean Square Error 

R² the Coefficient of Determination 

IQR Interquartile Range 

RUL Remaining Useful Life 
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