

  jmse-11-01241




jmse-11-01241







J. Mar. Sci. Eng. 2023, 11(6), 1241; doi:10.3390/jmse11061241




Article



Physics-Based Modelling for On-Line Condition Monitoring of a Marine Engine System



Chao Fu 1,2,*,†, Kuan Lu 1,2,†, Qian Li 3,*, Yuandong Xu 4, Fengshou Gu 5, Andrew D. Ball 5 and Zhaoli Zheng 6





1



Collaborative Innovation Center of Northwestern Polytechnical University, Shanghai 201108, China






2



Institute of Vibration Engineering, Northwestern Polytechnical University, Xi’an 710072, China






3



Guangdong Provincial Key Laboratory of Electronic Information Products Reliability Technology, China Electronic Product Reliability and Environmental Testing Research Institute, Guangzhou 511370, China






4



Dynamics Group, Imperial College London, London SW7 2AZ, UK






5



Centre for Efficiency and Performance Engineering, University of Huddersfield, Queensgate, Huddersfield HD1 3DH, UK






6



Science and Technology on Thermal Energy and Power Laboratory, Wuhan Second Ship Design and Research Institute, Wuhan 430205, China









*



Correspondence: fuchao@nwpu.edu.cn (C.F.); liqian.1234@163.com (Q.L.)






†



These authors contributed equally to this work.









Citation: Fu, C.; Lu, K.; Li, Q.; Xu, Y.; Gu, F.; Ball, A.D.; Zheng, Z. Physics-Based Modelling for On-Line Condition Monitoring of a Marine Engine System. J. Mar. Sci. Eng. 2023, 11, 1241. https://doi.org/10.3390/jmse11061241



Academic Editor: Erkan Oterkus



Received: 31 May 2023 / Revised: 12 June 2023 / Accepted: 15 June 2023 / Published: 17 June 2023



Abstract


The engine system is critical for a marine vehicle, and its performance significantly affects the efficiency and safety of the whole ship. Due to the harsh working environment and the complex system structure, a marine system is prone to have many kinds of novelties and faults. Timely detection of faults via effective condition monitoring is vital for such systems, avoiding serious damage and economic loss. However, it is difficult to realize online monitoring because of the limitations of measurement and health monitoring methods. In this paper, a marine engine system simulator is set up with enhanced sensory placement for static and dynamic data collection. The test rig and processing for static and dynamic data are described. Then, a physics-based multivariate modeling method is proposed for the health monitoring of the system. Case studies are carried out considering the misfire fault and the exhaust valve leakage fault. In the misfire fault test, the exhaust gas temperature of the misfired cylinder dropped from the confidence interval 100–150 °C to 70–80 °C and the head vibration features decreased from the confidence interval 900–1300 m/s2 to around 200–300 m/s2. For the exhaust valve leakage fault, the engine body vibration main bearing impact RMS increased nearly 10 times. Comparisons between the model-predicted confidence interval and measured data reveal that the proposed model based on the fault-related static and dynamic features successfully identified the two faults and their positions, proving the effectiveness of the proposed framework.
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1. Introduction


A marine engine is the core sub-system in marine machinery and has been widely used in the global freight, civil, and military industries. The reliability of the power system, which often consists of diesel engines, gear transmissions, and propellers, plays a vital role in ensuring operational safety and expected performance. However, the extreme working conditions and increasing efficiency demands make the power systems susceptible to malfunctions and faults [1,2,3], such as blockage, component wear, and lubrication failure. These factors cause severe economic losses and further reduce the life expectancy of ships. In the marine sector, a large portion of the operability costs were spent on repair and maintenance. The above facts indicate that monitoring the health condition of marine systems and detecting potential malfunctions in time allows researchers and engineers to have sufficient information, take prompt actions, and avoid serious consequences [4,5,6].



Indeed, robust condition monitoring (CM) is the most cost-effective way to evaluate the health status of different sub-systems and further guide users in decision-making and prognosis [7,8]. In the literature, many efforts can be found that are devoted to the CM and fault diagnosis (FD) of marine engine systems. The dynamic linear models and sequential testing were used to detect anomalies in a marine engine system, and strategies were implemented to reduce the computational cost of high-dimensional models, such as regressions, cluster analyses, and principal component transformations [9]. Also focused on the diesel engine system, Wang et al. [10] proposed a multivariate statistics-based method to diagnose lubrication faults using weak fault signatures. A model-based instantaneous angular speed (IAS) analysis was used, and a novel novelty indicator was built to detect the misfire fault in diesel engines [11]. The operating regions of a marine engine were studied based on data analysis for ship navigation, and principal component analysis (PCA) was used to clarify the relationships between the operating regions and navigation parameters [12]. Researchers also investigated different faults, such as wear [13], in gearboxes [14], and fuel systems [15,16], and various techniques were proposed for the CM purpose, including the digital twin [17] and vibroacoustic analysis [18]. These practises provide valuable references for the industry. As a complicated engineering system, the marine power system is difficult to accurately model, and its behaviours are time-varying due to uncontrollable factors [19] and external disturbances generated by the propellers. Dikis et al. [20] evaluated probabilistic risks in the CM of marine engineering systems and the overall reliability performance of sub-systems. Wang et al. [21] developed a Bayesian inference approach to estimate the performance prognostic model parameters within an uncertain context, and experiments show the potential ability of the method for marine engine online CM. The operational uncertainties were assessed for marine and offshore machinery based on the oil analysis technique [22]. The results derived from a benchmark using evidence-based reasoning showed that the proposed method will facilitate proper maintenance that can cope with the uncertain environment. In addition, the pure data-driven methods often suffer from misinterpretations of data from time to time, which means the inherent physics behind the data-driven models is disconnected or hard to explain, and it is difficult to infer the real-world behaviours as the practical systems are used as black boxes. Mature applications of the data-driven models to the real-time CM of practical marine machines are insufficient currently. Based on the above state-of-the-art analysis, it can be concluded that although many methods and tools are available in the literature, the reported CM routines cannot meet the requirement of detecting malfunctions on time in the marine industry, which demands that the CM scheme be computationally efficient to be able to deal with a large volume of data and should also be deployed to function online or in real-time [23,24]. Therefore, it is urgent to establish an efficient and cost-effective online CM method for marine systems. Motivated by this need, this paper proposes a multivariate modelling method using the vibration and operational data fusion of a marine engine simulator and an online CM approach to assess the health state of the system. The physics of the marine system are well reflected, with fault mechanisms being naturally interpreted. It is experimentally validated to be effective in several typical fault simulations. The present study proves the feasibility of the proposed method for marine system health monitoring and paves the way for future on-board applications.



The remainder of the paper is as follows. The full experimental setup of a marine system is described in Section 2, including sensor placements. In Section 3, the processing of static and dynamic data, and the online CM method based on multi-variate physics-based modelling are explained. Then, the case investigations of the two typical marine engine faults are presented in Section 4. Lastly, the conclusions of the present study are given in Section 5.




2. Experimental Setup


2.1. Marine System Simulator


A marine system simulator is designed in the laboratory for the investigation, which is shown in Figure 1. The test rig mainly consists of a two-cylinder diesel engine (Beta14), a gearbox (TMC40), a propeller, and a water tank. The Beta14 diesel engine is widely used in marine machinery and has a maximum power of 9.5 kW. Its specification is provided in Table 1. The mounting system is the original set from the manufacturer, and the installation requirements, including the angle, height, and positioning, were fully met. The frame used is rigid enough to have much higher natural frequencies than the mounting systems and engine operating speeds. The installation of the engine is well designed to simulate the real working conditions on a boat. We fully understand that the small marine engine used in the rig is different from the gigantic one. The deployment of the small marine engine is limited by lab space, risk and safety, funding, etc. The working principles of reciprocating diesel engines are the basis of the developed methods, which are transferable for monitoring large marine engines. The lubricant oil used for the engine is SAE 15 W/40. There are also circulations of freshwater and seawater for cooling purposes to simulate real marine working conditions. The engine is mounted on vibration absorber pension devices. A pair of spur pinions and gears in the gearbox transmit the torque from the clutch in the engine flywheel to the coupling. Then, the driving shaft drives the propeller immersed in water to rotate. To ensure the safe operation of the propeller, the tank is filled with water. There is a valve for adjusting the water circulation volume to simulate different load levels in the marine environment. The schematic diagram of the simulator is further demonstrated in Figure 2, which gives a clearer illustration of the configuration of the experiment setup. The rotating speed of the engine and the loading levels on the propeller are controlled by an integrated panel, which is located separately from the marine engine system simulator for safety. A dedicated in-house data acquisition software is being developed for the test, and the data collection strategy will be described next. The simulator can provide an essential platform for condition monitoring and fault diagnosis research, decreasing the costs and risks of direct field tests in the shipbuilding industry and for vessel owners.




2.2. Sensor Placement


To facilitate the effective monitoring of all critical sub-systems in the marine power system, various sensors are placed to gather two types of data: static and dynamic. The static data specifically refers to the temperatures and pressures, which change slowly. The temperatures and pressures of the coolant, freshwater, seawater, cylinder exhaust gas, gearbox, and water in the tank are monitored. The sensors used and their sensitivities for static data collection are provided in Figure 3. For the static data, the sampling frequency is 1 Hz. Then, the static data will be transmitted by the CAN bus to a computer for further processing. Dynamic data represents the transiently changing sources, including TDC, IAS, and vibration signals. More specifically, the TDC and IAS of the engine, the IAS of the propeller, and the vibrations of the engine head, body, pump, gearbox, and propeller are monitored. The details of the transducer models used and their instalments are shown in Figure 4. In experimental tests, the static data is collected continuously, and the dynamic data is stored for 40 s every 3 min using a sampling frequency of 102.4 kHz. This high sampling frequency can ensure all the information in the dynamic data is preserved. Dynamic data is transmitted via the LAN cable to the connected computer. When novelties are detected based on the online CM method, an alarm will be sounded for the user’s attention. This strategy can save computation time and space for data storage while, in the meantime, being alerted. It should be noted that we previously mentioned that in-house data acquisition control software is used in our tests, and the above control parameters can be conveniently adjusted to meet different requirements.





3. Online Anomaly Detection


3.1. Processing of Data


For all collected static data, any extreme outlier data points will be filtered concerning the working conditions, i.e., the rotating speed of the engine and load levels. This is because the temperatures and pressures at a given working condition will change gradually from the perspective of a natural process. It also excludes any measurement errors that do not represent the real states. The engine torque overcomes the torque of the propeller, which is reflected by the water pressure in the tank where the propeller operates. We use the load level, i.e., the water pressure in the water tank as a condition parameter (the water pressure is measured in the water tank as marked in Figure 1) because the instantaneous torque generated by the engine is difficult to directly measure.



The dynamic data set collected in the test covers the instantaneous angular speeds (IAS) of the diesel engine and the propeller, as well as the vibrations of the engine head, engine body, pump, and journal bearing, as illustrated in the sensor placement shown in Figure 4. These channels measure the dynamic characteristics of the system at a very high sampling frequency. To effectively process the dynamic data, filtering and noise suppression are carried out. It enables accurate feature extraction and fault modelling. The opening and closing timing of intake and exhaust valves, as well as the combustion timing of the two-cylinder diesel engine, are analysed based on the working mechanisms, as shown in Figure 5. The two combustion actions in the two cylinders take place in the first cycle with a phase lag of 180°. In a complete working period, the intake and exhaust valves will open and close in the order given in Figure 5 to ensure the proper flow of air. The timing also provides useful hints for novelty detection.



The time-synchronous analysis (TSA) method and angular domain resampling (ADR) are used to process other vibration and IAS signals. The vibrations of the engine head are resampled in the angle domain. Moreover, a short-time Fourier transform (STFT) of the engine head vibration signal gives the instantaneous frequency map characteristics. The cylinder head vibrations are sensitive to the main impact events, for instance, combustion and valve landing. The opening of inlet and exhaust valves is relatively smooth and difficult to observe in certain health conditions. The low-frequency components are rich during the engine’s working cycle, which is induced by the engine’s rotation, air flow, and tribodynamics. The amplitude and timing of cylinder head vibrations are quite useful for engine health monitoring. Application of the envelope analysis to the engine head vibration data can help track the effects of combustion. The amplitudes caused by combustion in the two cylinders can provide useful information when there are anomalies. The analysis procedures discussed above are sequentially applied to other dynamic data channels, such as engine body vibrations, pump vibrations, journal bearing vibrations, and propeller IAS. These analysis results decrease the scale of data volumes and provide the basis for feature extractions that can be used for the online CM and FD of the marine engine system. For example, the encoder signal and engine IAS can be used for detecting misfire faults, incomplete combustion, and cylinder leakage faults. The fault location and severity can also be identified based on the timing and deviations of the features from baseline values. The engine head vibration signal provides features like combustion impact timing and amplitudes, valve landing impacts, and high-frequency RMS, which can be associated with injector and pump wear as well as valve leakage. The detailed monitoring and diagnosis rules and procedures will be elaborated in different fault simulations. The experimental rig is designed to measure multiple channel signals for comprehensive running condition detection and fault identification, although different types of faults are not necessarily present simultaneously in the marine engine system. More specifically, one can choose to plant a known fault to test the functionality of the CM system. However, a detection method is needed to enable efficient novelty monitoring after pre-processing and feature extraction from the static and dynamic data. In the rest of this section, a physics-based real-time CM modelling method for the marine power system will be established.




3.2. Physics-Based Multivariate Modelling


As explained previously, physics in such a marine engine system is important and any CM methods that do not rely on the physical working principles of the power system can produce results that are hard to interpret. The multivariate modelling is carried out based on the simplex-form polynomial formulation as


  F     x   1   ,   x   2   , ⋯ ,   x   m     =   β   0   +   β   1     x   1   +   β   2     x   2   + ⋯   + β   m + 1     x   2   +   β   m + 2     x   1   2   +   β   m + 3     x   1     x   2   + ⋯ ,  



(1)




where m is the number of variables. In practice, only finite modelling order can be possible. After a re-arrangement, the compact form of an r-order multivariate model with the least number of terms can be given by


  F (   x   1   ,   x   2   , ⋯ ,   x   m   ) =   ∑  0 ≤   i   1   +   i   2   + ⋯ +   i   m   ≤ r      β     i   1   ,   i   2 ,   ⋯ ,   i   m       x   1     i   1       x   2     i   2     ⋯   x   m     i   m       ,  



(2)




where     i   1   ,   i   2   , ⋯ ,   i   m     represent the indicators as well as the order of variables,     β     i   1   ,   i   2 ,   ⋯ ,   i   m       is the unknown coefficient and     x   1   ,   x   2   , ⋯ ,   x   m     denote the variables. Equation (2) can be further simplified as


  F (   x   1   ,   x   2   , ⋯ ,   x   m   ) =   β   T   X ,  



(3)




where


  β =     β   0 , ⋯ , 0   ,   β   1,0 , ⋯ , 0   ,   ⋯ ,   β   0 , ⋯ , 0,1   ,   β   2,0 , ⋯ , 0   , β   1,1 , 0 , ⋯ , 0   , ⋯ ,   β   0 , ⋯ , 0,2   , ⋯ ,   β   r , 0 , ⋯ , 0   , ⋯ ,   β   0 , ⋯ , 0 , r     ,  



(4)






  X =   1 ,   x   1   ,   x   2   , ⋯ ,   x   m   ,   x   1   2   ,   x   1     x   2   , ⋯ ,   x   m   2   , ⋯ ,   x   1   r   , ⋯ ,   x   m   r     .  



(5)







From Equations (4) and (5), it is easy to assign the powers of variables based on the subscript indices of the corresponding coefficients. The above formulation describes the inherent relationships between multiple variables. The running state of the marine power system being monitored is largely dependent on its working conditions. Therefore, the rotating speed and external load level (pressure in the water tank) are used as variables for other monitored static variables. For dynamic data, the RMS of the engine IAS for every data file stored in a specified time interval is used similarly to the engine RPM for static data. The averaged water load pressure in the tank for the same time interval is used for dynamic data. When the working condition variables themselves are to be modelled, the exhaust gas temperature or journal-bearing vibration features are used alternatively. Thus, complete relationships can be built. To obtain the unknown coefficients of the models for variables, baseline data is acquired using the healthy marine power system under different working conditions. Then, a fitting can be done to find the coefficients based on the fault-free datasets. When the models are fully established, they are used to monitor the condition of the power system by calculating the residuals between predicted data for variables using their models and measured data. The following residual for each monitored variable can be calculated:


      F   t    ^      x   1   *     , x   2   *   , ⋯   , x   m   *     =   β   T     X   *   ,  



(6)






   R   t   =   t   *   −     F   t    ^  ,    



(7)




where an asterisk means measured data,       F   t    ^    represents the predicted value obtained from the model of variable t,   R   t     is the residual between the predicted and measured values. Abnormally is deemed to happen if the residual is large, i.e.,


     R   t     > δ ,    



(8)




where   δ   is a positive number generated by the prediction step, denoting the confidence level of the predicted value       F   t    ^   . The above threshold criterion can also be expressed by


    t   *   >     F   t    ^      x   1   *     , x   2   *   , ⋯   , x   m   *     + δ   or     t   *   <     F   t    ^      x   1   *     , x   2   *   , ⋯   , x   m   *     − δ   



(9)







Based on the above justification, any new data can be evaluated and the health state of the variable can be estimated. According to the physics of the system, a certain group of variables will indicate a specific fault in a subsystem, such as engines and bearings. Faults are identified and prompted when several data points exceed the limits to reduce false alarms.





4. Fault Simulations


In this section, two fault simulation experiments of the marine engine system are carried out, and the above method is applied to test its efficacy. For the baseline condition test, the working conditions are adjusted to cover more scenarios and ensure the physics-based models learn as much knowledge as possible about the engine system [25]. The rotating speed and load level evolutions are shown in Figure 6 and Figure 7. As can be seen from the two figures, different combinations of the two variables are included to simulate different working conditions. Next, three manually planted faults in the system are tested.



4.1. Misfire


A misfire fault is a common failure in internal combustion engines, and it leads to poor performance of the engine as well as degradation of other components. Spark failure, mixing issues of air and fuel, and incorrect valve timing are the main causes of the misfire fault. The pressure in cylinders can be used to monitor such faults, but it requires high-standard transducers, and their installation is a great challenge. Exhaust gas pressure and composition are also common indicators for diagnosing the misfire fault. However, its accuracy cannot be guaranteed in the complex working environment a marine engine is working in, and it needs additional gas composition analyzers. According to the physics behind the engine, the temperature of a misfired cylinder will decrease significantly. Due to the misfire in a cylinder, the IAS peak of the faulted cylinder will show prominent decreases due to the absent work the cylinder is normally doing. In fault simulation, the fuel from Cylinder 1 is redirected to a spare vessel, as shown in Figure 8. Thus, no fuel is injected into the faulted cylinder, and it cannot properly combust. In such a way, the misfire effects are simulated in the diesel engine.



The collected data for the misfire fault is sent to the CM model for novelty detection. Although many physical parameters are monitored, only the variables associated with the fault are analysed and presented. Others are normal within the model-predicted confidence interval. Figure 9 shows the healthy data and fault data for static variables, i.e., the exhaust gas temperatures, and Figure 10 demonstrates the trends for dynamic features, i.e., engine head vibration TSA peak values for combustions.



The baseline modelling for both static and dynamic data and its 99% confidence interval show excellent wrapping of most of the healthy data. As can be seen from Figure 9, the most direct indicator is demonstrated by the significant decrease in the exhaust gas temperature of the misfired cylinder 1, dropping from its predicted interval to 70–80 °C. This is natural since there is no combustion in the cylinder and the exhaust gas temperature is low. In the test, the rotating speed (around 1200 rpm) and load level (around 0.19 bar) are controlled to be the same as in healthy status. Thus, more work is done by Cylinder 2, and its exhaust gas temperature is higher than predicted. The engine head vibration signal is processed by the TSA technique to extract the amplitudes at the combustion timing of the two cylinders. Similar to the exhaust gas temperature, the vibration peak values corresponding to the combustion of Cylinder 1 are significantly lower than the model-predicted band, while those for Cylinder 2 combustion are approaching their upper limits, as shown in Figure 10. To further look into the physics, Figure 11 shows the engine IAS fluctuations with its mean component removed, which clearly indicates the effects of working strokes in cylinders. It is evidently shown that the impulse for cylinder 1 is reduced while the peak and its following part are higher than in healthy conditions. The reason why the impulse after the first peak is higher than normal is that the rotating speed is kept nearly the same for both states, and more work is done by the other cylinder when one cylinder misfires. The above characteristics can detect the misfire fault in the system and identify which cylinder is faulted.




4.2. Exhaust Valve Leakage


Exhaust and inlet valves often work in high-pressure and high-temperature environments. The frequent open and close operations cause the valves to wear and loosen, leading to leakage. The output power of the engine will be decreased due to this fault, which can pollute the environment. Although the fault can lead to a series of phenomena, the engine head vibration can be more robustly diagnosed. The vibration signals of the engine head are periodic due to the working cycles and non-stationary as well. Accurate monitoring of it can be difficult in engineering. However, the vibrational features associated with valve leakage are often exhibited in the high-frequency domain. Thus, it is feasible to identify the valve leakage fault by monitoring the vibrations of the engine head. In the simulation, the engine head is first removed. Then, the clearance of the exhaust valve is adjusted manually, as shown in Figure 12. After the adjustment, the engine head is reinstalled. The above modification produces a larger value of the clearance, which creates airflow through the valve and simulates the exhaust valve leakage issue in marine power systems.



Based on the physics and valve timing of the diesel engine, the main bearing impact RMS of the engine body vibrations and the TSA features of the engine head vibrations, including the high-frequency RMS associated with the inlet and exhaust actions and the valve impact RMS of the inlet and exhaust valves for both cylinders, are used to monitor the exhaust valve leakage fault. The leakage fault is implemented on the exhaust valve of Cylinder 2, as demonstrated in Figure 12. According to the test data and model predictions, the results for the high-frequency RMS of the engine head vibration signals are illustrated in Figure 13. The trends of the impact RMS caused by the inlet and exhaust valve landings for cylinders are depicted in Figure 14. Figure 15 shows the main bearing impact RMS results extracted from the TSA of the engine body vibration signals.



It can be seen from Figure 13 that the high-frequency RMS of the engine head vibration signals is significantly higher than the model-predicted confidence interval, indicating its abnormality. The valve landing RMS features in Figure 14 illustrate that those of the inlet valves for both cylinders are normal. The exhaust valve landing RMS for Cylinder 1 falls into the confidence interval, while that of Cylinder 2 exceeds the upper limit of predicted values. This is natural since the fault is pre-planted on the exhaust valve of Cylinder 2, and the results prove the ability of the model to identify the fault position. In setting the fault, the clearance value of the valve is adjusted to be larger than normal. Thus, the valve landing RMS of the engine head vibrations will increase. Similar characteristics are also found in the main bearing impact RMS of the engine body vibrations, as evidenced in Figure 15, where the deviation is more striking from the perspective of net magnitudes. The results validate the proposed model for diagnosing valve leakage faults.





5. Conclusions


In the present work, a marine system simulator is established, and a physics-based multivariate modelling method is proposed for the condition monitoring of the system. Measurements of many static and dynamic variables in the marine system, such as temperatures, pressures, and vibrations, are implemented. Data processing is described in detail, and the modelling theory is elaborated. The misfire of a cylinder and leakage of an exhaust valve are simulated in the test rig to test the validity of the proposed novelty detection method. In the misfire simulations, the temperature of the misfired cylinder exhaust gas is 30 °C lower than the estimated 99% confidence interval lower limit, while the engine head vibration TSA peak dropped from over 1000 m/s2 to just a little above 200 m/s2. For the exhaust valve leakage fault, the engine body vibration main bearing impact RMS associated with the leaked valve is almost 10 times the predicted values. These results show that the two faults are successfully diagnosed, and their positions are identified, indicating that the proposed physics-based approach is suitable for the condition monitoring of the power system. The findings reported could guide the engineers in efficient condition monitoring of such systems and aid in determining when the best time is to arrange maintenance. It is worth mentioning that more comprehensive fault simulations in different parts of the system will be carried out on the test rig for a broadened understanding of marine power systems. The CM method and measurement configuration can be integrated as a test system, which will be applied to onboard machines.
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Nomenclature




	   F (   x   1   ,   x   2   , ⋯ ,   x   m   )   
	Multivariate simplex polynomial model



	r
	Modelling order



	m
	Number of variables



	     β     i   1   ,   i   2 ,   ⋯ ,   i   m       
	Unknown model coefficient



	     F   t     
	Predicted value obtained from the model of variable t



	   R   t     
	Residual between the predicted and measured values



	   δ   
	Positive number associated with the confidence interval



	CM
	Condition monitoring



	FD
	Fault diagnosis



	IAS
	Instantaneous angular speed



	ANN
	Artificial neural network



	SOM
	Self-organising map



	TDC
	Top dead centre



	CAN
	Controller area network



	TSA
	Time-synchronous averaging



	ADR
	Angle domain resampling



	IVC
	Intake valve closing



	IVO
	Intake valve opening



	EVC
	Exhaust valve closing



	EVO
	Exhaust valve opening



	STFT
	Short-time Fourier transform



	RMS
	Root mean square



	RPM
	Revolution per minute
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Figure 1. Marine system simulator. 






Figure 1. Marine system simulator.
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Figure 2. Schematic diagram of the experimental setup. 
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Figure 3. Sensor placement for static data. 
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Figure 4. Sensor placement for dynamic data. 
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Figure 5. Timing for valves and combustion (IVC-intake valve closing, IVO-intake valve opening, EVC-exhaust valve closing and EVO-exhaust valve opening; ☆-combustion). 
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Figure 6. Engine rotating speed for baseline data. 
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Figure 7. Load levels for baseline data. 
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Figure 8. Misfire fault simulation. 
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Figure 9. Exhaust gas temperature for cylinders under healthy state and misfire of cylinder 1: solid lines-measured data, dashed lines-99% confidence interval predicted by the multivariate model. (C1 = Cylinder 1; C2 = Cylinder 2). 
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Figure 10. Comparisons of engine cylinder head vibration TSA signal peak values under healthy conditions (solid lines-measured data, dashed lines-99% confidence interval predicted by the multivariate model): (a) C1, (c) C2 and faulty conditions, with misfire of cylinder 1: (b) C1 and (d) C2. (C1 = Cylinder 1; C2 = Cylinder 2). 
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Figure 11. Engine IAS fluctuation comparisons for healthy state and misfire fault. 
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Figure 12. Exhaust valve leakage simulation. 
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Figure 13. Engine head vibration high-frequency RMS under healthy state and valve leakage: solid lines-measured data, dashed lines-predicted 99% confidence interval. 
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Figure 14. Engine head vibration valves landing RMS under healthy state and valve leakage: solid lines-measured data, dashed lines—predicted 99% confidence interval. 
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Figure 15. Engine body vibration main bearing impact RMS under healthy state and valve leakage: solid lines-measured data, dashed lines—predicted 99% confidence interval. 
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Table 1. Specification of Beta14 engine.






Table 1. Specification of Beta14 engine.





	Specifications
	Values





	Model
	Beta 14



	Cylinder
	2



	Bore
	67 mm



	Stroke
	68 mm



	Displacement
	479 cc



	Combustion
	Naturally aspirated, indirect injection



	Power output
	9.5 kW@3600 rpm



	Maximum Torque
	29.7 Nm@2600 rpm
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2023 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).



























media/file13.jpg
03

‘ml

& 3

 (12q) aunsseud

8
—

o

018

016

6000

5000

Data points

3000 4000

2000

1000





media/file4.png
Bushing

|
|
|
|
|
|
\

Diesel Engine Couplings Gearbox Shaft
I I
v N | |
"~ N | I
© @ |
L 1 | I \I |
! : I l\
| I\ :
. AN
0] 4 ¥
e
v

\,

/

(

)

Propeller Loading

| I

| I

| I

| I

| I

| I

(5 \ 4
O -
\

Water






media/file30.png
Amplitude (m/s?)

-
o

(o0}

»

Engine Body Vib Main Bearing Impact RMS-Healthy

\/v\

- !
Vv

i
J

A
Y

\'\/\’

\
| b
I\/\/\/\I\

!

PN
v

0 10

20

30

40
Data points

50

Amplitude (m/s?)

10(I)Engine Body Vib Main Bearing Impact RMS-Valve Leakage

80

60

40

20

—_—— — -
—_— —_—————

Data points





media/file18.png
250

s
&l 200
o
2
©
2
= 150
kS
100
300
250 |
s
S
o 200
=
©
8 150
£
2
100
50

Exhaust gas temperature of C1-Healthy

M 0
e
H

|

ﬁnhnn
AU
LT
iyl
RLEELE
_ Lded) ! _
0 1000 2000 3000 4000 5000 6000 7000
Data points

Exhaust gas temperature of C2-Healthy

0 1000 2000

3000 4000
Data points

5000 6000 7000

160
quv\/-r"‘;\,.lv\,,f,\‘\,\I‘JV-\“\'\\.\[.NI\IJ\,\.'\"\.\'\N‘/\,\“/\r'\"'\r"w’l""N“‘/"“‘va\[/
140 T
o’\
&)
o 120 T
| -
=]
)
@©
| 8
8 100 o/ P i v het a ay aunt AN L A AN Y NN AL NV
5
|_
80:___F________,_~_F——————f_‘——-__~——r—_—-
60 1 1 1 1
0 100 200 300 400
Data points
Exhaust gas temperature of C2-Misfire of C1
220 T . . .
e e A e e e e
200 .
6 180 i
S
® 160 i
2
©
'q-, 140 v e A VAL AN P v AANVU A M AR R JAATY ANV Ay SNy ARAANVN AV s ]
Q
£
2 120 ¢ |
100 7
v AN AN S e AR AN A e B LA AN AV Y SNV AR AV N Yy
80 1 1 1 1

Exhaust gas temperature of C1-Misfire of C1

0 100 200

Data points

300 400





media/file21.jpg
~ = ‘Healthy

Misfire

Amplitude (rad/s)

90 180270 36|





media/file31.png





media/file26.png
Amplitude (m/sz)

Engine Head Vib High-Frequency RMS-Valve Leakage

Engine Head Vib High-Frequency RMS-Healthy

w
a1

250

w

o

o
T

N

[$)]

o
T

Amplitude (m/sz)
- N
a1 o
o o

-

o

o
T

o
o
o

Data points Data points





media/file27.jpg





media/file3.jpg
Diesel Engine  Couplings Gearbox ~ Shaft  Bushing  Propel Loading
] 1 | 1
1 I 1
I I I 1
1 I I 1
1 I I !
1 1 1 !
1
v

Water





media/file22.png
Amplitude (rad/s)

14

== == :Healthy
Misfire

90

180

270 360 450
Crank Angle (°)

540

630

720





media/file19.jpg
Ampitude (ms’)

Ampitude (mis’)

§18 8

N

‘Haad vibration TSA pesk for C1 combustion Mistre of C1

il )

ol

§ w|

£ w

ol QRSP SE
O (O R
s o ey Hoson ot et 1

o] @

£

i

Srom . E—_— -
o 1 2 % 4 s e 7w % 2 . © . 0

] T





media/file7.jpg
[ (] (o] (o] [

Sensor Specification:
Py Channl  Seror Model sentiy
o ot orvousE 170
Wtihed Vgt i nas e
Wi Ottt reOWSE  Gopre
Vibration Gearbox  YMC 121420 611839 202 (mV/ms’)
Vorsontesg  E A0 e 30t mvime)
‘Vibration Body. YMC 121420 611841 1.99 (mV/ms’)
Virsiontump ek 11 Sotimuim)

Vibraton Propeler  185TNC 0016 Simvjms’)





media/file28.png
150

—_
o
(=)

Amplitude (m/s?)
[$,]
o

Amplitude (m/s?)

Amplitude (m/s?)
o =)
o o

o

Amplitude (m/s?)
g g 8

[4]
[=]

Engine Head Vib Inlet Valve 1 Landing RMS-Healthy
T T T T

Data points
Engine Head Vib Inlet Valve 2 Landing RMS-Healthy
T T T T

Data points

Engine Head Vib Exhaust Valve 1 Landing RMS-Healthy
T T T T

N
\ | ===

10 20 30 40 50 60 70
Data points

Engine Head Vib Exhaust Valve 2 Landing RMS-Healthy
T T T T

Data points

Amplitude (m/s2) Amplitude (m/sz) Amplitude (m/s2)

Amplitude (m/s2)

150

-
o
o

[4)]
o

-
o
o

Engine Head Vib Inlet Valve 1 Landing RMS-Valve Leakage
T T T T T T

Data points

Engine Head Vib Inlet Valve 2 Landing RMS-Valve Leakage
T T T T T T

3 4 5 6 7 8 9 10
Data points
Engine Head Vib Exhaust Valve 1 Landing RMS-Valve Leakage
T T T T T T

Data points
Engine Head Vib Exhaust Valve 2 Landing RMS-Valve Leakage
T T T T T

3 4 5 6 7 8 9 10
Data points





media/file10.png
Beta 14 Valve Timing

S o S0
> o > 0
+ 1 1]
Cylinder2 % = 7
5 50 5
S S S
L = W =
1l 1] {
S S 050 335
> = = > = > > >
= 1l L= [ = =
1 I 1411 111
2CyliNdersy e p——— v g
T 37° 130° f 310° 368° 520° 577° T
E § 340° 548°
+ =
D O
TDC(0) BDC(180) TDC(360) BDC(540) TDC(720)

Crank Angle(°)





media/file14.png
Data points





media/file11.jpg
1800

1700

Engine speed (rpm)
C

g

1100

1000

e

o

1000

2000

3000 4000
Data points

5000

6000

7000





media/file6.png
Temperature Temperature Pressure External Temperature Temperature Water
Coolant In External Water Out Water Out Gearbox Propeller Pressure

Pressure Coolant In

Pressure External o
Water in
Temperature Pressure Temperature Cylinderl Exhaust Cylinder2 Exhaust
External Water In Coolant Out Coolant Out Temperature Pressure

Cylinder2 Exhaust
Temperature

Cylinderl Exhaust
Pressure

Sensor Specification:

Sensor Model

Sensitivity

Physical Channel

Sensitivity

Physical Channel Sensor Model

Pressure Intake Air XMLPMO1GC71F Temperature Coolant Out YMC 8604 [0,200]°C =[1,5]v
Pressure Coolant In Druck PMP4010 [0,5]bar =[0,10]v Temperature Cyl Exhaust YMC 8604 [0,200]°C =[1,5]v
Pressure Cylinderl Exhaust XMLPMO5GC71F  [-1,5]bar =[0,10]v Temperature ExWaterIn  YMC 8604 [0,200]°C =[1,5]v
Pressure Cylinder2 Exhaust XMLPMO5GC71F  [-1,5]bar =[0,10]v Pressure ExWater Out [0,10]bar = [0,5]v
Pressure Fuel Supply XMLPMO1GC71F Pressure ExWater In Druck PMP4010 [0,5]bar =[0,10]v
Temperature Gearbox Oil YMC 8604 [0,200]°C =[1,5]v Pressure Coolant Out [0,10]bar =[0,5]v
Temperature External Water Out YMC 8604 [0,200]°C =[1,5]v Diesel Lub Oil Temp [0,150]°C =[0,5]v
Temperature Cylinder2 Exhaust YMC 8604 [0,200]°C =[1,5]v Diesel Lub Qil Press [0,10]bar =[0,5]v
Temperature Bushing YMC 8604 [0,200]°C = [1,5]v Engine RPM

Temperature Coolantin YMC 8604 [0,200]°C =[1,5]v Water Pressure [-1,1]bar = [0,10]v





media/file15.jpg





nav.xhtml


  jmse-11-01241


  
    		
      jmse-11-01241
    


  




  





media/file16.png





media/file2.png





media/file20.png
3200

3000

Amplitude r,‘m.fszj
%] (%]
=] h
= =

—a
£h
=2
3

1000

500

FO00

G000

5000

4000

3000

Amplitude fm.fszj

2000

1000

Head vibration TSA peak for C1 combustion-Healthy

Yy
20 30 40
Data paints

Head wtlratlon TSA p&ak for CE cumbustmn H&althy

%, -

|l|||I

L J\m ?””L

20 30 40
Data points

Amplitude (mis®)

Amplitude (mis®)

1800

1600

1400

1200

1000

&00

G600

400

200

3000

2500

2000

1500

—
o
o
o

S00

Head vibration TSA peak for C1 combustion-Misfire of C1

I W — =X
0 2 ! ; . 10

Data painls
Head vioration TSA peak for C2 combustion-Misfire of C1

- — M ——

0 2 4 G

(=]
b
o

Data points





media/file23.jpg





media/file5.jpg
= cinzed [ TEE] oo e

e [ (] [ [

Sensor Specification:
Physicalchamel sansor odel PhysialChamnd  Senor odel  Sensty
flumrinrey g Tempeaneeciion WeOL e sy
e s Tompemrentan Welos (B 1
et R ) Tompemecimann Wewos  fare i
Jemtitien e il T o ion o3
e s e P o koot (o <t
Temetnencomol  ctior " oasorc-pisn o o
Tene o o ke e 1o e los

W ooty W sioan
e fomorcatioy
fircr— B o i v i






media/file24.png





media/file29.jpg
Engine Bady Vb Main Bearing Impact RMS-Healthy

T My e iy Mt P i

e .
| “
."W VA‘,’,,\_._‘MV&'»”» e 2]
O I ) g

‘Data points





media/file1.jpg
Water pressure measurement point






media/file25.jpg
Engine Head Vib High-Frequency RMS-Healthy Engine Head Vb High-Frequancy RMS-Valve Leakage

B i
H i
i fu






media/file12.png
1800

1700

1600 [t

1500

Engine speed (rpm)
N
(e
o

1300

1200

1100

1000

1000

]
2000 3000 4000
Data points

5000

6000

7000





media/file9.jpg
Beta 14 Valve Timing

o 8 as
g g 88
2 @ =g
1 1 14
L - — S—
: 82 g
1 41 1
Cylindert vm v
5 = P N
< o090 o
g 2 222 SEs
1 1 11y Bl L
2Cylinders; S e Nl .
7 1 310° 368° 520° 577°
3 340° 548°
E ;! E
TDC(0) BDC(180) TDC(360) BDC(540) TDC(720)

Crank Angle(®)





media/file8.png
Vibration IAS IAS Vibration
Engine Head Flywheel Propeller Propeller

Vibration
Engine Body

B-B

Vibration
Fuel Pump

Sensor Specification:

Physical Channel Sensor Model Sensitivity
TDC Optical Switch - OPB900W55Z 1 ppr

IAS Flywheel Magnetic Pickup - RS304-172 86 ppr

IAS Propeller Optical Switch - OPB900W55Z 60 ppr
Vibration Gearbox YMC 121A20 611839 2.02 (mV/msz)
Vibration Head YMC 121A20 611838 2.01 (mV/ms?)
Vibration Body YMC 121A20 611841 1.99 (mV/msz)
Vibration Pump YMC 121A20 611840 2.01 (mV/msz)

Vibration Propeller 185TNC 00016 5 (mV/ms?)





media/file17.jpg
Temperature (C°)

i
H

Exhaust gas temperahure of C1-Healthy

Exhaust gas temperature of C1-Misfire of C1

S
H
B 100t s i
H
A ———
o W w0 aw
oata pons
220, EXhAUS! gas temparaurof 2o o O
T s
o)

o W w  w we

Data points





