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ARTICLE INFO  This article presents the next stage of research aimed at identifying the impact of input parameters, defined as 

changes in the design parameters of a marine diesel engine, on selected output parameters treated as diagnostic 

indicators derived from the rapidly varying exhaust gas temperature signal. In relation to earlier analyses of the 

individual and simultaneous impact of design parameters and engine load, the novelty of this study lies in 

assessing and quantifying the effects of interaction between these input factors using the interaction coefficient 

of significance. Three design parameters were analyzed: the active section area of the intake air duct, Ain; the 

injector opening pressure, pinj; and the compression ratio, ε. Based on the rapidly varying exhaust gas tempera-

ture, three diagnostic indicators were defined for a single operating cycle of a four-stroke engine: hav, ΔTav and 

(ΔT/Δτ↑)av. The statistical analysis revealed that the strongest coupled interaction occurs between engine load P 

and intake air duct area Ain for the average specific enthalpy hav, reaching a positive interaction coefficient of 

ΔFi = +39.40. In contrast, dynamic indicators (ΔTav and (ΔT/Δτ↑)av) exhibited additive behavior for intake area 

changes (ΔFi = –1.124). However, significant positive interactions with injector pressure pinj (ΔFi = +4.12 for 

ΔTav) and compression ratio ε (ΔFi = +2.28 for both dynamic metrics). The results enabled the formulation of 

conclusions and a criterion for selecting an appropriate diagnostic indicator, depending on the functional 

system under analysis in the diesel engine. 
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1. Introduction 
Reliable identification of fault-related changes in marine 

diesel engines requires quantitative evaluation of how struc-

tural parameters affect diagnostic signals. In recent years, 

researchers have extensively investigated exhaust gas tem-

perature analysis as a non-invasive tool for assessing the 

thermal and operational condition of internal combustion 

engines. For instance, Zhou et al. [22] demonstrated that 

exhaust gas temperature profiles exhibit strong nonlinear 

behavior across varying engine operating regimes, under-

scoring the need for advanced dynamic signal processing. 

Similarly, Li et al. [11] used thermodynamic simulation 

models coupled with data-driven algorithms to evaluate the 

effects of localized defects in combustion chamber compo-

nents on downstream thermal parameters. While these stud-

ies highlight the high diagnostic value of exhaust gas tem-

perature [23], most available approaches focus either on 

steady-state thermal parameters or isolated fault conditions, 

often neglecting the complex cross-factor interactions that 

occur in real-world marine operation.  

In earlier work, this problem was addressed using a sin-

gle-factor statistical analysis of diagnostic indicators de-

rived from rapidly varying exhaust-gas temperature signals 

[18]. This stage enabled the identification of statistically 

insignificant variables and the reduction of the dataset un-

der analysis. It was found that a decrease in injector open-

ing pressure pinj did not produce a statistically significant 

effect on the average specific enthalpy of exhaust gas hav 

under selected operating conditions.  

Subsequent studies extended the analytical framework 

to a two-factor approach, allowing simultaneous evaluation 

of structural parameters under varying engine load condi-

tions [17]. This approach made it possible to determine 

both the combined influence of input variables and the 

relative importance of each parameter.  

The present study focuses on the analysis of interaction 

effects between input parameters. Interaction occurs when 

the response of a diagnostic indicator to one input parameter 

depends on the level of another parameter. Identification of 

such relationships is essential in complex thermodynamic 

systems, where multiple factors simultaneously influence the 

observed output. The applied statistical tools allow detection 

and quantitative evaluation of interaction effects [1].  

The analysis was based on the same experimental sig-

nals obtained during earlier investigations carried out at the 

same laboratory test stand. Diagnostic indicators were de-

termined for a single operating cycle of a four-stroke ma-

rine engine and included: the average specific enthalpy hav, 

the average interpeak value ΔTav, and the average rate of 

temperature change (ΔT/Δτ↑)av of the rapidly varying ex-

haust gas temperature signal. 

Interaction between variables represents a non-additive 

relationship in which the level of one variable influences 

the effect of another input parameter on a dependent varia-

ble. In such cases, independent analysis of individual varia-

bles is insufficient to describe system behavior fully. The 

combined influence of interacting parameters differs from 

the sum of their individual effects, a characteristic of com-

plex processes in internal combustion engines. 

The primary novelty and main contribution of this work 

lie in the transition from decoupled single- and dual-factor 

evaluations to a comprehensive quantification of the signif-

icance of cross-factor interactions using the interaction 

coefficient ΔFi. By isolating pure structural fault responses 
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from load-induced signal modulation, this study provides  

a novel, practical selection criterion for dynamic diagnostic 

indicators, establishing a robust framework for real-time 

diagnostics and condition-based maintenance in marine 

energy systems. 

2. The importance of rapidly varying exhaust gas 

temperature in the parametric diagnostics 
Parametric diagnostics of marine engines play a key role 

in ensuring reliable and safe operation, especially under 

long-term operation and variable loads. It enables early 

detection of malfunctions in the engine's functional systems 

by analyzing changes in measured operating parameters 

before damage occurs [7, 8]. Parametric diagnostics are 

also essential for meeting classification society require-

ments and protecting the marine environment.  

Exhaust gas temperature measurement is one of the data 

sources in parametric diagnostics of marine engines, alt-

hough average values are usually analyzed. Changes in the 

rapidly varying exhaust gas temperature within a single 

operating cycle reflect processes occurring in the cylinder, 

particularly the quality of combustion and the condition of 

the engine's functional systems. Exhaust gas temperature 

analysis, especially in its dynamic form, enables the detec-

tion of deviations from nominal operating conditions and 

early signs of wear or damage to engine components.  

However, due to the high dynamics of exhaust gas tem-

perature changes, direct interpretation of the signal is diffi-

cult. To obtain the maximum amount of diagnostic infor-

mation, the rapidly varying signal must be appropriately 

processed using mathematical and statistical tools [18]. 

Therefore, appropriate tools are being sought that are tai-

lored to the rapidly varying signals produced by diagnostic 

tests. One of them is the F-statistic from the Fisher-

Snedecor distribution in variance analysis, which provides  

a lot of information [2]. 

3. F-statistic as a tool to determine interactions 

between factors 
In the analysis performed, the statistical significance of 

both main effects and interaction terms was evaluated using 

a two-factor F-statistic. Particular attention was given to 

interaction terms, which indicate non-additive relationships 

between input variables. The presence of an interaction 

effect indicates that the influence of one input factor on the 

dependent variable depends on the level of another input 

factor. Consequently, the combined effect of the factors 

cannot be interpreted solely based on their individual ef-

fects. In the analyzed system, interaction is identified when 

the response of a dependent variable to one input factor 

varies with the level of another input factor [2, 13]. The 

validity of the applied F-test was based on the assumptions 

of independence of observations, homogeneity of variances, 

and approximate normality of residuals. The value of the 

statistic for the interaction between the input variables con-

sidered in the two-factor statistical analysis Fcal_interaction 

(Fcali) was calculated as the ratio of the variance of the in-

teractions to the within-group variance (error component), 

according to the following relationship: 

 

 

 Fcal_interaction = Fcali =
SIN

SR
⋅
(p−1)⋅(q−1)

p⋅q⋅(r−1)
  (1) 

where r – number of groups. 

The interaction mean square was determined using the 

interaction degrees of freedom equal to (p−1)(q−1) and the 

calculated sums of squares associated with the interaction 

effect and the residual error SR [17]. If several measure-

ments are available in each group (at each intersection of  

a row and a column), the intergroup sum of squares of de-

viations is determined from the following relationship: 

 SM = ∑ ∑ ∑ hijk
2r

k=1 −
q

j=1

p

i=1 p ⋅ q ⋅ h̄
2
         (2) 

where k – measurement number in the group. 

Then, the interactive sum of squares of deviations in the 

analysis of variance of double classification is understood 

as the relationship: 

 SIN = SM − SI − SII                         (3) 

The presence of interaction between the input factors 

was evaluated using the calculated F-statistic for the inter-

action effect (Fcal). The obtained value was compared with 

the critical value (Fcri) corresponding to the adopted signifi-

cance level and the appropriate degrees of freedom. If Fcal 

exceeded Fcri, the interaction effect was considered statisti-

cally significant, indicating that the influence of one input 

factor depended on the level of the other factor. In such  

a case, the combined effect of the factors differed from the 

sum of their individual effects. 

Conversely, when Fcal was lower than or equal to Fcri, no 

statistically significant interaction was identified, and the 

factors were considered additive. This implies that each 

factor affected the response variable independently, without 

altering the other factor's effect. 

A statistically significant interaction indicates that the 

response observed at a given level of one factor depends on 

the level of the second factor. In contrast, in the absence of 

a significant interaction effect, the influence of each factor 

can be interpreted independently [2, 13].  

Additionally, the value of the interaction coefficient of 

significance ΔFi was determined as the difference between 

the calculated value of the statistic for the Fcali interaction 

and the critical value read from the Fcri tables, according to 

the following relationship: 

 ΔFi = Fcali − Fcri                               (4) 

To obtain the value of the Fcal statistic and the confi-

dence coefficient ΔF, and thus answer the key question 

concerning the significance of the impact of selected input 

factors – engine structure parameters – on defined diagnos-

tic indicators, it was necessary to follow the developed 

statistical testing scheme shown in Fig. 1 [19]. It must be 

explicitly emphasized that the rapidly varying exhaust-gas 

temperature stream is the primary diagnostic signal in this 

analytical framework. Initial diagnostic signal conditioning 

involved mathematical processing to filter out measure-

ment-system noise and anomalies.  
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Fig. 1. Flowchart of the statistical procedure for evaluating interaction effects and selecting diagnostic indicators based on rapidly varying exhaust gas 

 temperature measurements  

 

High-frequency measurement noise was attenuated us-

ing a polynomial smoothing filter based on the least squares 

method (Savitzky-Golay approach) applied to cycle-by-

cycle temperature profiles.  

Outliers and operational anomalies were identified using 

statistical criteria (evaluating residuals exceeding 3 stand-

ard deviations (±3σ) from the group mean) as well as phys-

ical boundaries dictated by the thermodynamic limits of the 

single-cylinder test engine. A critical phase in evaluating 

the thermocouple’s dynamic characteristics requires deter-

mining its specific response to sinusoidal thermal excitation 

generated within the CI test engine stream. This procedure 

quantifies both the phase shift and the thermal amplitude 

attenuation captured by the sensor relative to the actual, 

induced fluctuations in the exhaust gas temperature [19]. 

Diagnostic indicators were determined from the waveform 

obtained for the actual, interference-free rapidly varying 

exhaust gas temperature. The randomized complete block 

design was employed to reduce the influence of nuisance 

variables and improve the precision of the estimated effects 

[18]. The process continues with the evaluation of main 

effects, which involves calculating the test statistics to 

determine the individual impact of the engine load and 

design parameters. To explore how these variables influ-

ence each other, a cross-factor interaction test statistic is 

computed by analyzing the ratio of interaction variance to 

the internal experimental error, with the degrees of freedom 

specified. This calculated interaction value is then validated 

by comparing it with the theoretical critical value from the 

Fisher-Snedecor distribution at the 0.05 significance level. 

This comparison provides the basis for assessing the statisti-

cal significance of the interaction effect. Ultimately, the 
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obtained statistical criteria support the selection of the most 

appropriate diagnostic indicator. 

4. Research data for statistical analysis 
In the first step, the impact of changes in design pa-

rameters was analyzed using the DIESEL-RK program on 

selected engine operating parameters to identify and ana-

lyze diagnostic parameters at no cost [10, 16]. An extensive 

literature review was also conducted on the most common 

conditions of functional engine system failure [21]. On this 

basis, the functional systems considered most unreliable in 

a marine IC engine were selected for testing: the fuel sup-

ply system [6, 20], the air intake duct [9, 12], and the struc-

tural elements that limit the combustion chamber [3, 15, 

19]. The tests were then conducted in accordance with the 

data in Table 1 and the regulatory characteristics of engine 

operation [4]. Empirical testing was conducted on a special-

ized laboratory installation equipped with a Farymann Die-

sel D10 marine engine operating in a generator configura-

tion to supply an electric heating load. The primary tech-

nical specifications of the tested engine are as follows: 

 Engine type: four-stroke, single-cylinder, naturally 

aspirated, indirect injection with a vortex pre-combus-

tion chamber 

 Nominal power: 6 kW at a nominal rotational speed of 

1500 min–1 

 Nominal torque: 38 Nm 

 Cylinder bore/piston stroke: 90/120 mm 

 Connecting rod length: 225 mm 

 Displacement volume: 765 cm3 

 Nominal injector opening pressure: 12 MPa. 

Transient thermal monitoring of the exhaust stream used 

an Inconel-sheathed, grounded Type K thermocouple with  

a 0.5 mm outer-diameter junction. This sensor configuration 

possessed a characteristic time constant of 65 ms, with the 

underlying data acquisition system operating at a sampling 

frequency of approximately 7000 Hz. According to IEC 

60584-2 Class 1 standards, the Type K thermocouple fea-

tures an intrinsic measurement accuracy of ±1.5oC across the 

operating temperature range. Accounting for the entire signal 

acquisition channel (including signal-conditioning modules 

and A/D conversion), the expanded measurement uncertainty 

for the exhaust gas temperature was evaluated as U(t) = 

±2.1°C at a 95% confidence level (k = 2). 

5. Diagnostic interaction analysis using dynamic 

exhaust gas temperature indicators 

Methodological foundations and interactive hypotheses 

To clarify, the rapidly varying exhaust gas temperature 

texh(τ) is the primary physical signal measured on the en-

gine. The average specific enthalpy hav is a derived thermo-

dynamic indicator calculated directly from this temperature 

signal and the temperature-dependent specific heat of the 

exhaust gas over one operating cycle. Together with ΔTav 

and (ΔT/Δτ↑)av, it forms a set of three diagnostic indicators 

calculated from the same temperature waveform. 

A preliminary single-factor statistical verification clear-

ly demonstrated that the injector opening pressure pinj exerts 

no meaningful influence on the average specific enthalpy 

hav under engine operating loads 1 and 2 according to the 

specified control characteristics. Under operating load con-

dition 3, however, the statistical impact of this structural 

parameter proved significant. Yet, it remained lower (ΔF = 

9.06) than its concurrent influence on the other two diag-

nostic indicators, where the computed confidence coeffi-

cients reached orders of magnitude in the dozens or even 

hundreds. For this reason, it was found that the injector 

opening pressure pinj would be excluded as a variable influ-

encing the average specific enthalpy hav during subsequent 

multi-parameter evaluation phases [17, 18]. 

Two-factor statistical analysis was applied to the collect-

ed data. This approach enabled the identification of the main 

effects associated with each input parameter. Additionally, it 

enabled verification of statistically significant interactions 

between variables. This capability is achieved by verifying, 

alongside the baseline single-variable criteria, an additional 

interactive null hypothesis: 

H0: There is no interaction between the engine  

operating load and the tested structural parameter 

Research questions: 

1. Does the structural configuration parameter (active 

section area of the intake air duct Ain, injector opening 

pressure pinj, or compression ratio ε) actively determine 

the defined diagnostic indicators (average specific en-

thalpy hav, average interpeak value ΔTav or the average 

rate of temperature change (ΔT/Δτ↑)av, independently of 

the engine operating load? 

2. Does the engine operating load P significantly alter the 

designated diagnostic parameters, independently of the 

structural design modifications? 

3. Do the selected structural design variable and the engine 

operating load affect the values of the determined diag-

nostic indicators? 

4. If the interactive null hypothesis H0 cannot be rejected - 

meaning the statistical evaluation provides a negative 

response to the third question – the independent varia-

bles are mathematically confirmed to be additive. Under 

an additive configuration, the input components do not 

jointly determine the variance of the diagnostic signal 

but instead independently modulate the mean of the tar-

get output factor. 

 
Table 1. Engine load values and design parameters, which are input factors in diagnostic tests [18] 

Structural parameter (input factor) Symbol Unit Reference value Related changes 

Engine load P W 
1200 

(0.2 PNOM) 

768 (0.64PREF) 

432 (0.36PREF) 

Active section area of the intake air duct Ain 

mm2 

(%) 

804 

(100%) 

603 (0.75AREF) 

401 (0.5AREF) 

Injector opening pressure pinj MPa 12 10 

Compression ratio  – 22:1 21:1 
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The two-factor analysis of variance was executed using 

a fully balanced experimental design with equal sample 

sizes across all factor combinations. This balanced structure 

provides inherent robustness to mild departures from strict 

parametric assumptions, ensuring reliable hypothesis test-

ing for temperature measurements acquired under stabilized 

engine operating conditions. 

Evaluation of empirical outputs and factor interactions 

To develop a comprehensive understanding of these op-

erational dependencies across the multi-variable testing 

matrix, a systematic evaluation was executed based on the 

empirical results consolidated in the single, unified Table 2. 

Measurements were recorded continuously at a sampling 

frequency of 7000 Hz under stabilized engine operating 

points defined by discrete combinations of engine load and 

structural parameter variations. From these continuous, 

rapid temperature waveforms, dynamic diagnostic indica-

tors were evaluated for discrete operating cycles. To main-

tain a concise analytical focus and avoid redundant signal-

plot depictions, the raw dynamic waveforms were pro-

cessed into representative averaged indicators across N = 

18 (or N = 8) independent test cycles per group, serving as 

the empirical input for the Snedecor-Fisher evaluation. 

The first analytical block isolates the cross-effects gen-

erated between the engine operating load P and the active 

section area of the intake air duct Ain. For the mathematical 

model evaluating the average specific enthalpy hav, the 

interaction term had 4 degrees of freedom, with both inde-

pendent variables operating at the same number of variabil-

ity levels (p = q = 3). Analyzing 18 distinct measurement 

samples within each factor group established an overall 

total number of degrees of freedom of 53, leaving 45 de-

grees of freedom assigned to the within-group error matrix. 

Under these statistical constraints and at a pre-defined sig-

nificance level of α = 0.05, the theoretical critical threshold 

extracted from the statistical distribution tables was  

Fcr(0.05; 4; 45) = 2.57874 for a right-sided critical region [5]. 

The results summarized in Table 2 demonstrate that en-

gine operating load P is the dominant factor influencing the 

average specific enthalpy hav (ΔFI = 1011.55). This effect 

significantly exceeds the contribution of the remaining 

variables. Concurrently, the active section area of the intake 

air duct Ain also exhibits a statistically meaningful influence 

on this dynamic metric, yielding a confidence factor of ΔFII 

= 559.8. A statistically significant interaction between the 

analyzed factors was observed, indicated by a positive in-

teraction coefficient with a significance level of ΔFi = 39.4. 

The calculated interaction significance metric reflects 

both the statistical validity and the relative strength of the 

impact of the coupled factors. All factor pairings evaluated 

as statistically interactive exceeded the theoretical critical 

threshold at the predefined significance level, and the rela-

tive magnitudes of the test statistics indicated the overall 

effect size within the testing matrix. 

A separate analytical pattern emerges when shifting the 

focus to the other two rapidly varying diagnostic indicators: 

the average interpeak value ΔTav of rapidly varying exhaust 

gas temperature and the average rate of temperature change 

(ΔT/Δτ↑)av. Because these parameters use the same 

underlying experimental dataset, all initial statistical 

assumptions, group sizes, and degrees of freedom remain 

identical to those in the previous calculations. However, as 

detailed in Table 2, the interaction analysis mathematically 

excludes any significant coupled dependency between the 

engine operating load P and the active section area of the 

intake air duct Ain for these specific time-varying features. 

The computed interaction coefficient of significance, ΔFi, is 

negative and equals –1.124. This negative value confirms 

that for both the average interpeak value and the average 

rate of temperature change, the input variables exhibit an 

additive character, meaning a simultaneous cross-factor 

impact on these dependent diagnostic measures is 

statistically rejected. 

 
Table 2. Consolidated test statistics of the Snedecor-Fisher distribution and interaction significance coefficients (ΔFi) for diagnostic indicators derived 

 from rapidly varying exhaust gas temperature signals 

Input factor pair 

(engine load P × structural 

parameter) 

Evaluated diagnostic 

indicator 

Test statistic 

FcalI 

(engine load 

effect) 

Test statistic 

FcalII 

(structural 

effect) 

Interaction test 

statistic Fcali 

Interaction coefficient 

of significance ΔFi 

Type of 

relationship 

Engine load (P) × intake 

air duct area (Ain) 

Fcri = 2.58 

hav 1014.76 563.01 41.98 +39.40 
Interactive 

(strong) 

ΔTav 0.014 56.77 1.456 –1.123 Additive 

(ΔT/Δτ↑)av 0.014 56.78 1.455 –1.124 Additive 

Engine load (P) × injec-

tion pressure (pinj) 

Fcri = 3.55 

ΔTav 16.367 491.07 7.67 +4.12 Interactive 

(ΔT/Δτ↑)av 5.203 314.14 3.47 –0.084 Additive 

Engine load (P) × com-

pression ratio (ε) 

Fcri = 3.55 

hav 436.08 70.24 0.74 –2.814 Additive 

ΔTav 12.31 278.25 5.84 +2.28 Interactive 

(ΔT/Δτ↑)av 12.31 278.71 5.84 +2.28 Interactive 
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Subsequently, the analytical procedure was extended to 

evaluate the cross-effects between the engine operating load 

P and the remaining structural parameters, namely the in-

jector opening pressure pinj and the compression ratio ε, 

following the specific algorithmic framework detailed in 

[17, 18]. For these specific factor pairings, the statistical 

parameters were configured with an interactive degrees-of-

freedom count of 2, reflecting individual factor variability 

levels of p = 3 and q = 2. Based on a sample size of 8 inde-

pendent measurements per group, the total number of de-

grees of freedom was 23, with 18 degrees of freedom re-

maining within the error matrix. These conditions yielded  

a theoretical critical threshold value of Fcr(0.05;2;18) = 3.55456 

under an identical right-sided critical zone definition at α = 

0.05. 

Regarding the pairing of engine operating load P and in-

jector opening pressure pinj, the results summarized in Table 

2 indicate that pinj influences the average interpeak value 

ΔTav of rapidly varying exhaust gas temperature, with  

a confidence factor of ΔFII = 486.66. Shifting the engine 

operating load P also produces a statistically valid, though 

markedly smaller, alteration in this indicator (ΔFI = 12.81). 

Furthermore, the mathematical verification confirms a gen-

uine coupled dependency between the engine operating 

load P and the injector opening pressure pinj, tracking  

a positive interaction coefficient of significance of ΔFi = 4.12. 

When observing the average rate of temperature change 

(ΔT/Δτ↑)av, the injector opening pressure pinj retains its 

strong statistical dominance with a confidence factor of ΔFII 

= 309.73. In contrast, the engine operating load P shows  

a minimal but still significant contribution (ΔFI = 1.65).  
 

However, no coupled dependency is detected for this dy-

namic diagnostic indicator, as the interaction coefficient of 

significance, ΔFi, drops to –0.08. For the average specific 

enthalpy hav, a two-factor verification indicates that, while 

both independent inputs significantly affect the metric, they 

do not interact and follow a purely additive model. Regard-

ing the role of the injector opening pressure, single-factor 

verification showed that its impact on the average specific 

enthalpy remains minor across the operating range. While 

dynamic temperature indicators show extreme sensitivity to 

injection pressure drops, the cycle-average specific enthal-

py is primarily governed by engine load and intake air-flow 

restrictions, making injection pressure diagnostically sec-

ondary in enthalpy-based evaluations. 

Finally, the joint actions of the engine operating load P 

and the compression ratio ε reveal distinct diagnostic be-

havior across all target variables in Table 2. For the average 

specific enthalpy hav, the engine operating load P is the 

dominant source of variance (ΔFI = 432.53), while the 

compression ratio ε has a secondary but significant impact 

(ΔFII = 65.83). The cross-factor interaction between P and ε 

on the average specific enthalpy hav is statistically excluded, 

as the interaction coefficient of significance, ΔFi equals –

2.814. 

In contrast, evaluating the average interpeak value ΔTav 

and the average rate of temperature change (ΔT/Δτ↑)av 

reveals a clear reversal in the dominance of factors. Here, 

the structural configuration parameter – the compression 

ratio ε – governs the signal variance, yielding high confi-

dence coefficients of ΔFII = 273.84 and ΔFII = 274.3, re-

spectively, compared to the minor contributions from the 
 

 

Fig. 2. Interactive matrix for diagnostic indicator selection based on interaction significance coefficient (ΔFi)
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engine operating load P (ΔFI = 8.75). Crucially, the mathe-

matical model confirms a valid cross-factor interaction for 

both dynamic metrics, with the interaction coefficient of 

significance, ΔFi, reaching a positive value of 2.28 in both 

cases. 

Comparative assessment of structural and operational 

interactions 

Based on the values of the interaction coefficient of sig-

nificance ΔFi summarized in Fig. 2, the strongest interac-

tion occurs when the active section area of the intake air 

duct Ain and the engine operating load P influence the aver-

age specific enthalpy hav (ΔFi = 39.4). This high positive 

value clearly indicates that these two parameters are strong-

ly correlated, meaning that the diagnostic sensitivity of the 

intake air system varies with engine load. 

Statistical analysis also confirms weaker, but still signif-

icant, interactions for the pair of P and ε (influencing both 

the average rate of temperature change (ΔT/Δτ↑)av and the 

average interpeak value ΔTav), as well as for the pair of P 

and pinj (influencing ΔTav). For these factor pairs, the posi-

tive ΔFi coefficients range from 2.28 to 4.12, meaning that 

their simultaneous impact on the diagnostic indicators is 

statistically important. In all other analyzed cases, the inter-

action coefficients are negative (ΔFi < 0). This indicates 

that no statistically significant interaction was detected 

between these parameters under the evaluated operating 

conditions, supporting an additive response model. 

6. Summary and future research directions 
The primary objective of this study was to evaluate the 

rapidly varying exhaust gas temperature stream as an ad-

vanced diagnostic signal and to resolve the problem of 

load-induced symptom masking through cross-factor inter-

action analysis. The most significant scientific and practical 

achievements of this work are as follows: 

1. Identification of primary diagnostic metrics: Established 

that cycle-average specific enthalpy hav is the most sen-

sitive metric for detecting intake duct flow restrictions, 

whereas dynamic indicators – the average interpeak 

value ΔTav and average rate of temperature rise 

(ΔT/Δτ↑)av – precisely detect injector pressure drops and 

compression ratio reductions. 

2. Resolution of engine load interference: Quantified for 

the first time, the cross-factor interaction between en-

gine load P and key structural faults. Provided a strong 

positive interaction (ΔFi = 39.4) for intake duct re-

strictions (meaning sensitivity varies with load) and 

confirmed an additive relationship (ΔFi < 0) for injec-

tion and compression faults, proving these dynamic 

metrics remain stable regardless of load fluctuations. 

3. Establishment of a non-invasive diagnostic key: Devel-

oped a minimal-sensor diagnostic matrix that enables 

accurate fault isolation and technical condition assess-

ment of marine IC engine subsystems without requiring 

complex multi-sensor installations. 

It should be emphasized that while single-cylinder la-

boratory experiments were crucial for isolating fundamental 

thermal dependencies without inter-cylinder gas-dynamic 

interference, practical application to commercial marine 

power plants requires careful consideration of scale effects 

and multi-cylinder manifold dynamics. 

This investigation marks a major progression in a long-

term research program, evolving from baseline single-factor 

evaluations [17] and dual-factor methods [18] to full cross-

factor interaction modeling. By isolating load dependen-

cies, the methodology provides a clear diagnostic key that 

connects advanced dynamic temperature signal processing 

with practical marine engineering needs. 

Looking forward, the methodology developed in this se-

ries of papers can be integrated into next-generation marine 

IC engine condition monitoring systems across three prima-

ry directions: 

1. Development of a Digital Twin of the engine: The 

obtained experimental results and the mathematically 

determined interaction coefficient of significance pro-

vide the database necessary to create a digital twin of  

a marine IC engine. Such a virtual model, supplied with 

actual, rapidly varying exhaust-gas temperature signals, 

would enable continuous comparison between the pa-

rameters of the actual operating machine and its ideal 

mathematical baseline [14]. This would enable the de-

tection of the smallest deviations from the nominal state 

at a very early stage, before they lead to a serious failure 

in the ship's engine room. 

2. Transition to Condition-Based Maintenance: The 

mathematical signal-processing algorithms presented in 

this work can be implemented in marine monitoring sys-

tems to enable real-time parameter analysis [7]. Contin-

uous calculation of the average specific enthalpy of ex-

haust gas hav and the dynamic indicators (ΔTav and 

(ΔT/Δτ↑)av) from cycle to cycle will allow ship opera-

tors to move away from rigid, calendar-based periodic 

engine overhauls. Instead, decisions regarding repairs to 

the injection or intake systems will be made based on 

their actual wear, significantly reducing ship operating 

costs and increasing navigation safety. 

3. Scaling the method to multi-cylinder engines: All 

studies described in this paper were conducted on a sin-

gle-cylinder test stand to eliminate gas-dynamic inter-

ference between cylinders [17, 18]. The next logical re-

search step is to verify this method on full-scale, multi-

cylinder main propulsion engines or auxiliary generator 

sets. This requires expanding the algorithms to include 

signal decomposition procedures that precisely isolate 

and assign the thermal contributions of individual cylin-

ders discharging into a single shared exhaust manifold. 

In conclusion, the proposed methodology extends the 

application of rapidly varying exhaust gas temperature 

analysis from laboratory conditions towards engineering 

practice. The developed parameter selection matrix effec-

tively bridges advanced mathematical analysis and the 

practical needs of shipyard diagnostics, providing a practi-

cal tool to improve the reliability of marine energy systems. 
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Nomenclature 

Ain intake air duct area 

Fcal computational statistic 

h specific enthalpy 

IC internal combustion 

P load 

pinj opening pressure of injector 

ΔFi interaction coefficient of significance 

ΔT interpeak value 

ΔT/Δτ  rate of temperature change 

ε compression ratio 
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