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Abstract 

The paper presents the case study of using the artificial neural network to predict the main 

propulsion marine engine load. Mentioned load of the engine is important parameter to assess the 

emission level of toxic compounds into the atmosphere according to ISO standard and MARPOL 

convention. The engine load depends on the ship speed, rotational speed of the engine, propeller 

blades settings, the direction and the speed of wind, the condition of sea and the direction and the 

speed of sea currents and construction parameters of the ship. The realization of the aim of the work 

requires the direct measurement of presented parameters and measurement of exhaust gas 

composition. The experiment was carried out onboard STS “Pogoria”. Obtained results are enough 

to use the ANN to predict engine load to measure the emission level of toxic compounds.   
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1. Introduction 
 

The introduction of Annex VI to the MARPOL Convention entails certification of marine diesel 

engines due to emissions of nitrogen oxides (NOx). Mentioned certification is connected with the 

necessity of the periodic check of the NOx emission using generally understood analysis of technical 

parameters of the engine or, in extreme cases, direct measurements. Obtaining the NOx emission, 

normatively expressed in g/kWh, imposes the necessity to define i.e. the engine power during 

measurements of the composition of exhaust gas. This task is technically problematic for ship 

operators due to the lack of appropriate measuring devices on board installed. Systems of 

measurement of the engine output torque i.e. the ETNP-10 system manufactured by Enamor, are 

unpopular and relatively expensive. For this reason, there is a need to determine the main propulsion 

engine load. However, it is possible to measure this parameter indirectly, basis on current weather and 

motion of the ship parameters. We may make an assumption, that the main propulsion engine load is 

proportional to the ship speed, rotational speed of the engine, propeller blades settings, the direction 
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and the speed of wind, the condition of sea and the direction and the speed of sea currents. All 

mentioned parameters are measured by the standard ship equipment. For this reason presented data 

and parameters comes from the ship construction could be useful to determine actual the engine load. 

It should be remembered that detailed calculation algorithm of the presented problem is not 

completely known. According to this situation convenient tool to solve this problem should be an 

artificial neural network (ANN). ANN is simple tool to approximation complex determined 

algorithms. Oladsine et al. [1] and Hafner et al. [2] use ANN to control piston engines and Stephan et 

al. [3] use ANN to control the combustion process in the power plant furnace. Yang et al. [4] and 

Ramadhas et al. [5] use ANN to predict cetane number in fuel mixtures and Lee et al. [6] use ANN to 

predict fuel injection range to the combustion chamber in the engine. ANN is useful to estimate the 

specific fuel consumption [7], [8] temperature of the combustion process in the engine [9], the air/fuel 

excess ratio [10], the NOx emission approximation [11] and faults of piston engines [12]. 

Presented works tend to conclude that it is possible to effectively use the ANN to assess the 

marine engine load. The main target of the work is presentation of the case study about possibility of 

the ANN use to predict the main propulsion engine load to direct measurements of the emission of 

toxic compounds. 

 

2. Measurement procedure 
 

Measurements were taken on the sailing vessel STS ”Pogoria”. She is a barkentine, about 48 

meters of length and the deadweight of 340 tons. Mentioned ship is equipped with main propulsion 

engine, which through a reduction gear drives the controllable biplane propeller with nominal speed 

356 rpm. Detailed parameters of the engine are presented in Tab.1. 

 

Tab.1. Main engine technical data 

Engine designation: VOLVO PENTA TAMD103A 

No. Name of parameter Value 

1. Method of operation 4-stroke, direct-injected, turbocharged diesel engine  

2. No. of cylinders and configuration 6 cylinders, in-line 

3. Bore 120.65 mm 

4. Stroke 140 mm 

5. Displacement 9.6 dm
3 

6. Compression ratio 17.0 

7. Minimal shaft rotatin speed   530 rpm 

8. Nominal crankshaft rotatin speed  1800 rpm 

9. Nominal power torque  1353 Nm (at 1800 rpm) 

10. Maximal torque  1580 Nm (at 1250 rpm) 

11. Specific fuel consumption 212 g/kWh 

 

The exhaust gas composition has been measured by TESTO350XL exhaust gas analyser with 

ranges and accuracy presented in [13]. The procedure of measurement needs an information about fuel 

consumption and actual the engine load.  

The fuel consumption has been measured by volumetric methodology, and the engine load was 

calculated by properly learned ANN. 

 

 

 

 



3. Artificial neural network usage 
 

As mentioned earlier the power output of the engine was calculated by the ANN. The input data of 

the ANN were the rotational speed of the engine, pitch propeller settings and the nautical and the 

meteorological data. Presented ANN was prepared in Matlab Neural Toolbox.  The multi-layer 

perceptron with 7 neurons in the input layer, 2 hidden layers and 1 neuron in the output layer was 

used. The ANN input data are presented in Tab.2.  

Tab. 2.  Input variables of the ANN 

Variable name 
Unit Recording method 

fuel consumption [dm
3
/h] Direct measurement 

wind speed [knots] 
Weather Station PB150 made by Airmar, 

installed on the vessel. 

wind direction  [
o
] 

Weather Station PB150 made by Airmar, 

installed on the vessel. 

sea current speed [knots] tide tables and GPS 

sea current direction [
o
] tide tables and GPS 

sea state [
o
 of 

 
Douglas] Douglas scale 

rotational speed of the engine [rpm] Main engine speed indicator 

propeller pitch setting [pitch scale] Scale of pitch propeller setting lever 

 

 

 
 

Fig.1. Screenshots from Matlab Neural Network Toolbox 
 

Backpropagation algorithm was used to learn the ANN. There are many variations of the 

backpropagation algorithm. In this study the Gradient Descent with Momentum algorithm was 

implemented. Fig.1 presents the screen capture of the learning results summary. Detailed description 

of the ANN model is presented in [19], [20]. On the fig.1 target shows normalized torque at 



crankshaft. According to presented results the mean square error value (R) for all considered results is 

over 0.98. It means that the ANN model well-fits the measured data.  

 

4. Obtained results 
 

The use of ANN allows to direct measurement of the gaseous emission from the main propulsion 

engine of STS „POGORIA” ship. According to this, the direct measurement of exhaust gas 

composition with fuel consumption and parameters of the surrounding air was measured. The required 

information about the engine load was taken from proper learned ANN. 

 

 

Fig.2. Obtained power output from the main propulsion engine and specific fuel consumption 

 

Left side of Fig.2 presents the calculated power output of the main propulsion engine obtained 

from the ANN for all considered points of measurements. According to presented results, despite 

identic settings of values of both the engine speed and propeller’s blades the value of obtained power 

output is different. Observed results are expected due to changes in values and the direction of wind 

and sea waves. Right side of Fig.2 presents the specific fuel consumption (SFC) calculated for all 

considered loads of the engine. Presented calculation results are based on measured fuel consumption 

and obtained from ANN results of power output. According to results presented in Tab.1 the SFC for 

nominal power output of the engine equals 212g/kWh. The obtained minimal value of SFC for the 

maximum power output equals 233g/kWh. Naturally, value of the SFC increases with the decrease of 

the power output. The maximum value of the SFC was obtained for idle load of the engine and it 

equals 643g/kWh. 

Fig.3 presents results of the direct measurement of exhaust gas composition. Obtained results are 

qualitatively convergent to results presented in literature for similar constructions of marine engines 

[14], [15], [16]. The increase of the power output causes the decrease of oxygen (O2) in exhaust gas 

and the increase of the carbon dioxide (CO2). Presented results are expected. The increase of the 

power output and the increase of the fuel consumption in the same quantity of combustion volume 

cause the increase of the CO2 in exhaust gas. Largest differences between measurements are observed 

in the case of the carbon monoxide (CO) content in exhaust gas. The result difference for 88% of the 

maximum power output for the CO equals 14% for two measurement points. The cause of this 

phenomenon wasn’t recognized due to the lack of additional information, but the difference in the 

humidity of air and parameters of the engine cooling process may be suspected. According to 

presented results the increase of the power output causes the increase of both the CO and the NOx 

composition in exhaust gas. Observed dependences are expected. The increase of the power output 

causes the increase of combustion temperature and the acceleration of the nitrogen oxidation 

according to the Zeldovich thermal mechanism. 

 



 

 

Fig.3. Measured composition of exhaust gas for all considered loads of the engine 

 

Fig.4 presents results of the NOx and the CO emissions for all considered loads of the engine. 

Presented emissions are obtained with use of the engine power output, calculated by presented ANN. 

According to presented results, the increase of the engine power output causes the decrease of the CO 

and the NOx emissions. It should be noted that the increase of the power output of the marine engine 

causes the increase of its efficiency. According to this observed decrease of the CO emission is 

expected [17].  

 

 

Fig.4. Emission of CO and NOx in exhaust gas for all considered loads of the engine 

It should be noted that the increase of the engine speed causes the decrease of the CO and the NOx 

emissions. According to mentioned Zeldovich mechanism the quantity of nitrogen oxidation depends 

on temperature but time of combustion also. 

 



 

Fig.5. NOx emission levels for the E2, D2 and C1 cycle and the NOx emission limit according           

to Tier I of the MARPOL convention. 

 

Calculated results of the NOx emission was used to the NOx emission presentation according to 

ISO8178 standard regulations. Obtained results may be used to the NOx calculation according to E2, 

D2 and C1 cycle of measurements. The E2 cycle is used for measurement the emission for marine 

engines operated as main propulsion marine engines operated at constant speed. D2 and C1 cycles are 

useful for marine engines operated as an auxiliary propulsion. Obtained results are presented in Fig.5. 

Fig.5 presents the limit of the NOx emission according to Tier I of MARPOL convention [18] 

also. According to presented results, used type of cycle for the engine testing during the direct 

measurement of the NOx emission level, influences on obtained results. Differences between obtained 

results equal 34%. It should be noted that observed engine, according to the manufacturer declaration, 

should be used as either the main propulsion engine or the auxiliary propulsion onboard. 

  

5. Conclusions 

 

The paper presents the case study of possibility the ANN use to the engine load approximation 

during direct onboard measurements of the exhaust gas emission. The rotational speed of the engine as 

well as the fuel consumption and parameters of wind and sea state were used to properly learning the 

ANN. Calculated by ANN load of the engine has been used to NOx emission calculation according to 

ISO8178 standard regulation. Prepared observations allow to express the following conclusions. 

– obtained ANN calculates the power output of the engine with accuracy not exceeded  2% , 

– the increase of the engine power output causes the decrease of the CO and the NOx emissions. 

Presented results are expected because the increase of the power output of the marine engine 

causes the increase of its efficiency, 

– the increase of the engine speed causes the decrease of the CO and the NOx emissions, 

– used type of cycle for the engine testing during the direct measurement of the NOx emission 

level, influences on obtained results. Differences between obtained results equal 34% for 

different types of measurement cycle. 
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