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ARTICLE INFO  The emission characteristics of a Perkins AD4.248 four-cylinder, four-stroke diesel engine with Diesel Smoke 

Stop (DSS) enhancement were evaluated for several loads. The engine was operated using four parameters, 

including a DSS additive concentration of 3 to 6 ml×l–1 added to diesel fuel, a machine body vibration (MBV) of 

100 to 300 ms–2, an engine speed (ES) of 1500 to 2000 rpm, and an engine operation time (EOT) of 1 to 3 hours. 

To improve engine performance, the effects of engine optimization on engine exhaust gases, including carbon 

monoxide (CO), nitrogen monoxide (NO), and hydrogen sulfide (H2S), were evaluated using Response Surface 

Methodology (RSM). The results showed that adding 3 ml of DSS fuel improver per liter of diesel fuel resulted in 

the lowest overall CO, NO, and H2S emissions. The lowest exhaust gas emissions were achieved at a DSS 

additive concentration of 3 ml×l–1, at an engine speed of 1500 rpm, an engine operating time of 1 hour, and a 

vibration of 100 ms–2. The RSM models demonstrated acceptable performance in predicting each exhaust 

emission with an accuracy of 79.13%, 79.35%, and 79.95% for CO, NO, and H2S, respectively.  
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1. Introduction 
The global community relies on a continuous energy 

supply because it is vital to many critical sectors, including 

manufacturing, transportation, and power generation. Fossil 

fuels, such as natural gas, coal, gasoline, and diesel, remain 

the primary sources of energy to meet today's global energy 

demand. However, concerns about their sustainability have 

led to the use of alternative fuels, which have the potential 

to reduce environmental pollution and decrease dependence 

on depleting, non-renewable fossil fuels [14]. 
As the global community increasingly strives to achieve 

net-zero emissions and sustainable development goals, fuel 

additives have emerged as suitable adjuncts to fossil fuels. 

Fuel improvers are chemical additives added to fuel to 

enhance combustion efficiency, improving engine perfor-

mance and reducing fuel consumption. Their effect on ex-

haust emissions can be positive in many cases, as they 

reduce pollutants resulting from fuel combustion and can 

substantially decrease greenhouse gas emissions. Using 

diesel fuel improvers can help many professions transition 

to a more sustainable, low-carbon society while offering 

social and economic benefits. However, it is essential to 
carefully consider the impacts of diesel fuel additives on 

many aspects, including agricultural operations and agricul-

tural production security, and to ensure that their effects on 

fuel are managed and used sustainably, while accounting 

for the pros and cons of these additives [3, 4]. Fuel addi-

tives mixed with conventional diesel fuels offer several 

benefits over pure fossil fuels, as they are non-toxic and 

environmentally friendly owing to their physicochemical 

properties [1, 4]. 

Alcohols can be blended as improvers with gasoline and 

diesel fuel. Several studies have investigated the effects of 
alcohol-based improvers on petrol and diesel engines. It is 

known that the low cetane number of alcohol fuels provides 

a homogeneous, lean mixture that can reduce NOx emis-

sions and smoke and achieve good thermal efficiency in  
a high-load engine [10]. However, pure alcohol has a very 

low cetane number and cannot be run in diesel engines. 

Therefore, for alcohol to operate without modification in  

a compression ignition (CI) engine's fuel system, it must be 

blended with diesel fuel. Short-chain alcohols, such as 

methanol and ethanol, can be blended with diesel fuel. 

However, longer-chain alcohols, such as butanol, are more 

suitable due to their higher energy content, greater stability 

in the mixture, and lower corrosiveness [17]. Diesel fuel 

additives can significantly reduce exhaust emissions by 

reducing pollutants from fuel combustion, particularly 

particulate matter. Additionally, some additives improve 
combustion, thereby reducing emissions of suspended par-

ticles that can harm both health and the environment. 

Moreover, reducing harmful pollutants and health hazards 

in the atmosphere, such as carbon dioxide, carbon monox-

ide, hydrocarbons, and NOx emissions, and more efficient 

combustion can lead to lower temperatures inside the en-

gine, which reduces the formation of nitrogen oxides and 

other harmful gases. However, it should be noted that the 

effectiveness of improvers depends on the quality of the 

product and its use. It is always advisable to use additives 

approved by the vehicle manufacturer and to follow the 
recommendations in the vehicle manual regarding appro-

priate fuel types and additives [8, 9]. 

Lower loads mean lower temperatures and incomplete 

combustion. This, together with the reduced volatility of 

rapeseed oil with a 20% n-hexane additive, results in inferi-

or fuel evaporation. The higher viscosity relative to diesel 

fuel also adversely affects atomization. As a result, the 

combustion process is less efficient, and CO concentrations 

are higher. This effect is offset by the oxygen content in the 

rapeseed oil-n-hexane mixture with a 20% n-hexane addi-

tion, whereas, unlike diesel fuel, in diesel, the mixture be-

comes richer with increasing load and combustion tempera-
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ture. A decrease in oxygen content leads to an increase in 

CO concentration. The NO2 concentration is higher than 

that of diesel fuel due to the oxidation of NO to NO2 caused 

by the oxygen content of rapeseed oil [18]. 

RSM is a powerful statistical method for designing ex-

periments and optimizing the effects of process variables. It 

has been widely used to improve and optimize processes 

and products across various fields, providing a structured 

approach to solving critical issues. Therefore, RSM is  

a valuable tool in industrial and scientific research settings, 

helping researchers determine relationships between input 
and response variables by systematically varying the input 

variables [6, 11]. 

Veza et al. [38] concluded that RSM has many ad-

vantages for designing, modeling, estimating, and optimiz-

ing biofuels for internal combustion engines with satisfacto-

ry accuracy. With its predictive and optimization capabili-

ties, the response surface methodology has the potential to 

help advance the optimization of biofuel-powered internal 

combustion engines for the transition to sustainable energy. 

Despite RSM's potential to predict and optimize engine 

performance and diesel engine exhaust emissions, compre-
hensive research on RSM for fuel improvers, particularly 

for internal combustion engines, is challenging to find. 

Accurately predicting exhaust gas emissions from internal 

combustion engines remains difficult due to the complex 

nature of engine operation and the various factors that in-

fluence emissions. Existing models are unable to compre-

hensively predict emissions across diverse operating condi-

tions. Many current models are limited by assumptions that 

restrict their applicability to specific types of engines or 

fuels, and they often fail to account for all the dynamic 

interactions within an engine system [13, 41, 43]. One pri-

mary limitation in modeling exhaust emissions is the diffi-
culty of capturing the nonlinear interactions among various 

engine parameters, such as air-fuel ratios, ignition timing, 

and post-combustion treatments. Traditional models often 

rely on simplified linear correlations that may not accurate-

ly reflect these intricate relationships [15]. 

As a review, there is a growing interest in developing 

models that combine empirical data and advanced statistical 

methods to improve prediction accuracy and adapt to vary-

ing engine conditions [25]. While significant progress has 

been made in modeling engine exhaust emissions, gaps 

persist in model accuracy and applicability across different 
scenarios [19]. Bridging these gaps requires more sophisti-

cated approaches that embrace the complexity of engine 

dynamics and leverage advancements in data analytics and 

computational power [33]. Very few studies have been 

conducted on the combustion and emissions characteristics 

of an engine using Diesel Smoke Stop (DSS) fuel improver. 

Therefore, this study uses a DSS mixed with diesel fuel to 

conduct performance and emissions tests on a Perkins 

AD4.248 four-cylinder, four-stroke diesel engine. Further-

more, no experiments in the literature determine the optimal 

concentration level of the improver-diesel mixture, and no 

models predict exhaust gas emissions. Therefore, an RSM 
was used in this study to optimize and parameterize the 

emission parameters of a diesel engine operating on a DSS-

diesel mixture. 

2. Materials and methods 

2.1. Experimental site and machines 

The experiment was conducted in 2022, 2023, and 2024 

in the open fields of Mosul University in Mosul District – 

Nineveh Governorate, Iraq. The site coordinates are 

(E43,07’59.88 – N36.23’08.26) above sea level. The exper-

imental site was abandoned land that had not been cultivat-

ed for 8 years. The area of the experimental field was two 

hectares. The field's topography was flat, and the soil had  
a clay texture (Clay, Silt, and Sand proportions were 48.45, 

26, and 25.55, respectively). 

The experimental work was conducted on a four-

cylinder, four-stroke engine. Table 1 shows the test engine 

specifications. The vibration source for the subsoiler plow 

is a single-armed vibrating wing plow manufactured in 

Turkey by UZEL Company. The wings' vibration is directly 

in contact with the tractor's power take-off shaft. It has the 

following specifications: (1) Maximum working depth of 

60 cm, (2) Vibrating body width of 35.8 cm, (3) Plow 

weight of 260 kg, (4) PTO of 540 rpm, and (5) Required 
traction power of 60 hp.  

 
Table 1. Engine specification 

Parameters  Specification 

Model Perkins AD4.248 diesel 

Description  4-cylinder four-stroke | liquid-cooled 

Rated speed  2500 rpm 

Compression ratio 16:1 

Rated power  44.7 kW 

Bore × stroke  101 × 127 mm 

Displacement 4.1 L 

Electrical system voltage 12 V 

Lubrication system capacity 7.6 L 

Coolant system capacity 10.4 L 

2.2. Fuel test and experimental setup  

The diesel fuel was prepared by blending diesel with 

Diesel Smoke Stop DSS at concentrations of 3–6 ml/l. 

Table 2 lists the properties of DSS, Table 3 lists the proper-

ties of the neat diesel and fuel diesel after blending, and 

Table 4 lists the experimental factors. 

 
Table 2. Characteristics of the DSS enhancer 

Parameters  Qualifications 

Mixture classification 
According to Regulation (EC) (CLP) 

1272/2008 European Commission 

Ingredients  

of the improver 

Isoalkanes, Cyclics, Aromatics n-alkanes 
C10-C13, Ethylhexanoic acid, Iron salt, 

Ethylhexanoic acid 

Hazard and toxicity  

of the mixture 

It may be fatal if swallowed and enters the 

airways, and does not contain any bioaccumu-

lative or toxic substances 

 

The basic chemical mechanism is based on catalysis and 

cleaning during combustion: Catalysis: Contains organome-

tallic compounds (e.g., barium or iron additives) which act 
as combustion catalysts. As the fuel burns, these metallic 

compounds lower the activation energy required for the 

oxidation of carbon molecules. This means that soot burns 

more rapidly and completely, even at lower temperatures, 

and there is less visible black smoke. Cleaning: Ashless 
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polymeric amino detergents to dissolve and prevent carbon 

build-up in fuel injectors. Clean injectors produce a perfect 

high-precision fuel spray and do not create oxygen-

deficient pockets that cause thick smoke. 

 
Table 3. Properties of diesel fuel before and after DSS addition 

Properties Neat 

diesel 

Diesel with DSS 

(3 ml×l
–1

) 

Diesel with 

DSS (6 ml×l
–1

) 

Cetane number 47 48 48 

Density 0.8270 0.8250 0.8241 

Flash point 76 74 73 

Viscosity 2.3 2.0 1.8 

Color 1.5 1.0 0.5 

Sulfur content 0.863 0.854 0.835 

 
Table 4. Factors and ranges used in the experimental design 

Parameters  Values 

FACR, ml×l
–1

 3 to 6 

MBV, ms
–2

 100 to 300 

ES, rpm 1500 to 2000 

EOT, hr  1 to 3 

Total number of tests 80 

 

The experiments involved blending DSS and diesel to 

form three blends and testing their performance and emis-
sions. They were performed at two engine speeds, ranging 

from 1500 to 2000 rpm, with machine body vibration be-

tween 100 and 300 ms–2 under the load of a subsoiler plow 

for 1 to 3 hours of engine operation. The results were aver-

aged across five repeated experiments. Exhaust gas emis-

sions were measured using a Dräger X-am 5000 three-gas 

analyzer that measured CO, NO, and H2S. Technical Data 

of Dräger X-am 5000, operation time > 12 hr, the dimensions 

(W × H × D) 48 × 130 × 44 mm, weight about 250 mg, bat-

tery type of NiMH, and IP 67 degree of protection. The 

Dräger X-am 5000 is shown in Fig. 1. 

   

Fig 1. Dräger X-am 5000 exhaust gas emissions measuring device 

2.3. Developing RSM modeling 

The study aims to build multiple models to predict CO, 

NO, and H2S emissions using FACR, MBV, ES, and EOT. 

The factors have different levels that can be divided, as 

described in Table 4. The steps of developing and building 

multiple models are as follows:  

1. RSM's first goal is to find the relationship between the 

independent variables and the response variable; in this 

study, Design-Expert Version 12 software (Stat-Ease  

 

Inc., Minneapolis, Minnesota, USA) was used to ana-

lyze the Data. Figure 2 shows a schematic diagram of 

the RSM model development process. 

 

Fig. 2. Schematic diagram of the RSM model development process 
 

2. The most appropriate polynomial mathematical models 

were chosen to predict the interactive effects of FACR, 

MBV, ES, and EOT parameters on CO, NO, and H2S 
emissions.  

3. Equation (1)–(6) is used to compute the R2, the adjusted 

correlation coefficient (Adj. R2), predicted correlation 

coefficient (Pred. R2) and Adeq. precision. 

 R2 = 1 − [
SSresidual  

SSresidual+SSmodel  
] (1) 

 Adj. R2 = 1 − [

SSresidual
dfresidual

SSresidual+SSmodel
dfresidual+ dfmodel

] (2) 

 Pred. R2 = 1 − [
PRESS 

SSresidual+SSmodel 
] (3) 

 PRESS = ∑ (e − 1)2 N
I=1  (4) 

 e − 1 =
ei

1−hii
 (5) 

 Adeq Precision =  
(max(predicted values)−min(predicted values))

sqrt(average variance of the predicted values)
 (6) 

4. An analysis of variance table was used to evaluate the 

fitness of each developed model. The fit statistics, pre-

sented in Table 5, allowed the software to suggest the 

best models. 
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Table 5. Models proposed by the program to predict CO, NO, and H2S emissions 

 CO emission 

Source p-value 
Fit  

p-value 

R² 

predicted 
R² -adjusted 

Model status 

Linear model < 0.0001 < 0.0001 0.5812 0.5320  

2FI model 0.0009 < 0.0001 0.7695 0.7235 Suggested 

Quadratic model 0.9128 < 0.0001 0.6543 0.1311  

Cubic model < 0.0001 < 0.0001 0.9138 –5.5535 Aliased 

 NO emission 

Linear model < 0.0001 < 0.0001 0.5872 0.5389  

2FI model 0.0004 < 0.0001 0.7834 0.7361 Suggested 

Quadratic model 0.5261 < 0.0001 0.6798 0.2132  

Cubic model < 0.0001 0.0024 0.334 0.135 Aliased 

 H2S emission 

Linear model < 0.0001 < 0.0001 0.5489 0.5021  

2FI model 0.0028 < 0.0001 0.7857 0.7187 Suggested 

Quadratic model 0.6605 < 0.0001 0.5760 0.1316  

Cubic model < 0.0001 0.0059 0.7862 –1.5213 Aliased 

 
Table 6. ANOVA for CO, NO, and H2S emissions models 

  CO NO H2S  

Source df F-value P-value F-value P-value F-value P-value 
 

Model 10 17.00 < 0.0001 18.06 < 0.0001 12.17 < 0.0001 Sig. 

A-FACR 1 98.09 < 0.0001 111.44 < 0.0001 88.79 < 0.0001 
 

B-MBV 1 32.33 < 0.0001 27.76 < 0.0001 13.95 0.0004 
 

C-ES 1 13.52 0.0005 12.38 0.0008 4.53 0.0369 
 

D-EOT 1 0.0574 0.8114 0.1675 0.6836 1.77 0.1876 
 

AB 1 4.88 0.0305 9.50 0.0030 5.85 0.0182 
 

AC 1 1.49 0.2265 5.77 0.0190 0.2830 0.5965 
 

AD 1 1.46 0.2315 1.68 0.1999 1.59 0.2123 
 

BC 1 12.28 0.0008 7.06 0.0098 1.20 0.2781 
 

BD 1 2.76 0.1013 2.83 0.0969 3.74 0.0574 
 

CD 1 3.18 0.0791 1.97 0.1645 0.0186 0.8920 
 

Residual 69  
 

 
 

 
  

Lack of Fit 14 50.02 < 0.0001 24.23 < 0.0001 7.18 < 0.0001 Sig. 

Pure Error 55  
 

 
 

 
  

Cor Total 79  
 

 
 

 
  

 

3. Results and discussion 

3.1. Analysis of variance (ANOVA) for CO, NO, and 

H2S emissions models  

Table 6 shows the ANOVA models for the CO, NO, and 
H2S emissions by FACR, MBV, and ES. The CO, NO, and 

H2S models are significant, with recorded F-values of 

17.00, 18.06, and 12.17, respectively. There is only a 0.01% 

chance that an F-value of this size caused an effect.  

P-values for the CO, NO, and H2S emissions model of less 

than 0.0500 indicate that most terms of the model are sig-

nificant. In the CO model, cases A, B, C, AB, and BC are 

significant model terms. The A, B, C, AB, AC, and BC are 

significant model terms for NO emission. While the A, B, 

C, and AB are significant model terms for H2S emission. 

The model terms are insignificant when p-values are more 

than 0.1. Values greater than 0.1 indicate the model terms 
are not necessary. If many insignificant model terms are not 

counted, they are not required to support the hierarchy. In 

improved models, excluding these non-significant terms 

improves performance [22]. In the CO, NO, and H2S mod-

els, the Lack of Fit F-values of 50.02, 24.23, and 7.18 indi-

cate significant Lack of fit relative to the pure error, respec-

tively. There is only a 0.01% chance that a Lack of Fit  

F-value this large could occur by chance. 

3.2. Model of CO emissions 

Accurate prediction of CO emissions is crucial for un-

derstanding their real-time dynamics and for formulating 

emission-reduction policies. The model determines whether 

the recommended model is compatible with the test results. 
In the CO emissions model (Table 7), the R² predicted of 

0.7235 is in reasonable agreement with the R² Adjusted of 

0.7695, with the difference being less than 0.2 between R² 

predicted and R² Adjusted. At the same time, Adeq Preci-

sion measures the signal-to-effect ratio, which should be 

greater than four and is desirable [20]. It achieved about 

18.233 on the 2FI model (Table 7). The model in actual 

factor terms can be applied to predict the response for given 

levels of each factor. The value, in the form of adjusted and 

predicted values with a difference of 0.2, ensures the re-

search follows the model and can be used to navigate the 
design space described. The equation in terms of actual 

factors can be used to predict responses for given levels of 

each factor, indicating that the model is highly significant 

and that the responses are accurate. 
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Table 7. 2FI model of CO emissions 

Model of CO 

emissions 

Std. 

Dev. 

C.V. 

% 
R² 

Adjusted 

R² 

Predicted 

R² 

Adeq  

Precision 

1.86 7.25 0.7913 0.7695 0.7235 18.233 

CO = 16.84852 − 0.963252FACR − 0.195023 MBV − 0.013086 ES 
+  +0.012620FACR ∗  MBV + 0.002789 FACR ∗  ES 
− 0.689815FACR ∗  EOT + 0.000120 MBV ∗  ES 
− 0.014236 MBV ∗  EOT − 0.006111 ES ∗  EOT 

3.3. Effect of parameters on CO emissions 
The interaction effect between FACR and the MBV sig-

nificantly influences the engine CO emissions, as illustrated 

in the response plot in Fig. 3a. The figure shows that CO 

emissions increase as the FACR increases. Increasing the 

concentration of a fuel additive may lead to increased car-

bon monoxide (CO) emissions due to incomplete fuel com-

bustion. It occurs when there is insufficient oxygen in the 

combustion process, leading to the formation of CO rather 

than carbon dioxide (CO2). Little air, incomplete combus-

tion, and an unbalanced mixer ratio are all reasons for CO 

emission from the engine exhaust [21]. The widespread 

oxygenation and flammability properties of the Diisopropyl 
ether blend can reduce CO emissions [36]. In addition, 

Figure 3a shows that an increase in MBV due to increased 

load does not improve CO conversion to CO2. The engine 

experiences vibrations due to overload. The fuel may not be 

fully combusted in the engine cylinders, leading to in-

creased carbon monoxide formation, a gas produced by the 

incomplete combustion of carbon [37]. 

The concentration rate of the fuel additive is one of the 

significant influencing parameters in CO emissions. From 

the RSM interaction plots in Fig. 3b, the CO tends to in-

crease as the FACR and ES increase. CO emissions in the 
exhaust vary with ES, but the difference is close to that 

with an increase in ES from 1500 to 2000 rpm. As engine 

speed increases, fuel consumption increases; thus, the 

amount of exhaust gases, including carbon monoxide, in-

creases. Sudrajad et al. [32] found that CO exhaust emis-

sions increase with increasing engine speed. CO is pro-

duced by burning fuel in an excess of oxygen. The ratio of 

carbon that cannot bind to oxygen increases fuel demand, 

thereby reducing thermal efficiency and increasing CO 

emissions. The results of Sekar et al. [27] showed that pure 

diesel fuel has the highest CO emissions, and a 15% blend 
of Diethylene Glycol and Dimethyl ether additives has the 

lowest. 
 

(a)                                                   (b) 

 

Fig. 3. Variation of CO emissions against FACR, MBV, and ES: a) the 

effect of interactions between MBV and FACR on CO emissions; b) the 

 effect of interactions between ES and FACR on CO emissions 

The CO emissions in the exhaust gas indicate incom-

plete combustion, which causes air pollution and reduces 

thermal efficiency. Figure 4a shows that CO emissions 

result from the interaction between EOT and FACR. The 

figure shows that CO emissions increase as EOT and FACR 

increase. CO emissions in the exhaust vary with EOT, but 

the difference is close to that with an increase in EOT from 

1 to 3 hr. CO emissions are relatively low but increase by 

about 50% with increased engine operation time [39]. The 

increased CO emissions were confirmed during the test due 

to the greater chance of incomplete combustion. The lowest 
CO emissions (14 ppm) were achieved when the engine 

was operated at 1 hour and 3 ml×l–1 of FACR was added to 

the fuel. Measuring engine exhaust CO emissions can indi-

cate engine performance. High CO levels indicate incom-

plete fuel combustion, resulting in lost power, increased 

fuel consumption and reduced engine efficiency [24]. Fig-

ure 4b presents a contour plot of the model's interaction 

between ES and MBV, showing CO emissions concentra-

tions for different changes in ES and MBV. The figure 

shows that CO emissions tend to increase as ES and MBV 

increase in all noted speed and vibration conditions. The 
lowest CO emissions were achieved at an interaction be-

tween the engine's speed of 1500 rpm and a vibration rate 

of 100 ms–2. 

 

(a)                                                   (b) 

 

Fig.4. Variation of CO emissions against EOT, FACR, ES, and MBV: 

a) the effect of interactions between EOT and FACR on CO emissions; 

 b) the effect of interactions between ES and MBV on CO emissions 

 

Figure 5a depicts the CO emissions in the exhaust gas 

output from the exchanges between EOT and MBV. The 

curve shows CO emissions increasing as the EOT and 

MBV increase. The emission increase due to increased 

MBV is significantly greater than that due to EOT, because 
EOT causes a higher temperature rise that improves the 

conversion of CO to CO2. Thiagarajan et al. [35] explained 

that CO is converted to CO2 in the presence of oxygen and 

at high temperatures, where oxygen oxidizes CO. Further-

more, the rate of chemical reactions increases with increas-

ing temperature; higher temperatures generated by com-

plete combustion resulted in a higher conversion rate of CO 

to CO2. The interaction effect between EOT and ES signifi-

cantly influences the engine's CO emissions, as illustrated 

in the response plot in Fig. 5b. CO emissions increase as the 

EOT and ES increase; the increase due to increased ES is 
significantly greater than the increase due to EOT. The 
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lowest CO emissions were achieved at an engine speed of 

1500 rpm and an engine operating time of 1 hr. 

 

           (a)                                                   (b)  

 

Fig. 5. Variation of CO emissions against EOT, MBV, and ES: a) the 

effect of interactions between EOT and MBV on CO emissions; b) the 

 impact of interactions between EOT and ES on CO emissions 

3.4. Model of NO emissions 

In the NO emissions in exhaust gases model, the  

R²-prediction was 0.7834, which reasonably agrees with the 

R²-Adjusted of 0.7361. The difference is less than 0.2; at 

the same time, Adeq precision measures the signal-to-effect 

ratio. A ratio greater than 4 is desirable, which means the 
model can be used to navigate the design space. A model 

ratio of 9.33 indicates an adequate signal (Table 8). The 

model (R2 = 0.7935) in actual-factor terms can be used to 

predict the response for given levels of each factor. Predict-

ing nitrogen oxides (NOx) emissions from engine exhaust 

using conventional mathematical and physical methods is 

challenging due to the complex, variable operating condi-

tions of engines. The accuracy of emission predictions 

related to the model optimization [23, 28]. Zhang et al. [42] 

developed a model to predict nitrous oxide emissions, and 

the results showed moderate predictive ability for NOx 
emissions (R2 = 0.779878). However, compared to previous 

models, it has better generalization and higher R2 values. 

RSM is used to predict and optimize the NOx emissions of  

a diesel engine under three experimental conditions. The 

high R-squared values, close to unity, indicate high model 

accuracy [9]. 

 
Table 8. 2FI model of NO emissions 

Model of NO 

emissions 

Std. 

Dev. 

C.V. 

% 

R² Adjusted 

R² 

Predicted 

R² 
Adeq Precision 

2.08 9.33 0.7935 0.7834 0.7361 19.1802 

𝑁𝑂 = 32.09164 − 5.54658 FACR − 0.150099 MBV − 0.019945 ES
+ 12.69598 EOT + 0.015606 FACR ∗  MBV 
+ 0.004867 FACR ∗  ES − 0.655336 FACR ∗  EOT 
+  0.000081MBV ∗  ES − 0.012780 MBV ∗  EOT 
− 0.004268 ES ∗  EOT 

3.5. Effect of parameters on NO emissions 

The interaction effect between MBV and FACR signifi-

cantly influences the engine's NO emissions, as illustrated 

in the response plot in Fig. 6a. The figure shows that NO 

emissions increase as the MBV and FACR increase. How-

ever, the increase in the FACR effect is greater than that 

due to MBV. The lowest NO emission was recorded with  

3 ml×l–1, due to the latent heat of the 3 ml×l–1 additive per-

centage, which is higher than that of diesel with a high 

additive rate. Thus, using the 3 ml×l–1 amount of additives 

decreased the peak temperature in the cylinder. Therefore, 

NOx emissions are reduced with the use of a fuel additive. 

Elkelawy et al. [8] explained that fuel additives significant-

ly reduce emissions in various engine types. Some engine 

additives can increase nitrogen oxide emissions if not used 

properly. Furthermore, diesel blends with appropriate addi-

tives have been shown to reduce nitrogen oxide emissions. 

In general, the application of fuel additives can significantly 

reduce harmful emissions in various engine types if used in 

the correct proportions. In addition, Figure 6a shows that 
increased MBV due to increased load will not improve NO 

emissions. The engine experiences vibrations due to over-

load. The variation in NOx emissions with engine load 

across all test fuels showed that NOx emissions increased 

with increasing engine load. High temperatures are the 

main factor in NOx emissions. The nitrogen molecules react 

with oxygen, producing NOx after the required reaction 

time is reached [30].  

The RSM interaction plots in Fig. 6b show that NO 

tends to increase with increasing ES and FACR. NO emis-

sions in the exhaust vary with ES, but the difference is 
close to that with an increase in ES from 1500 to 2000 rpm. 

As engine speed increases, the amount of NOx emitted 

increases. The combustion temperature inside the engine 

increases with speed, leading to increased NOx formation 

[34]. When the engine runs at higher speed, the number of 

combustion cycles per unit time increases, resulting in 

higher combustion temperatures and increased NOx emis-

sions [7]. 

 

(a)                                                   (b) 

 

Fig. 6. Variation of NO emissions against MBV, ES, and FACR: a) the 

effect of interactions between MBV and FACR on NO emissions; b) the 

 effect of interactions between ES and FACR on NO emissions 

 

NOx is an air pollutant that contributes to smog and acid 

rain and harms human health. When fuel does not burn 

completely, it produces undesirable compounds such as 

NOx. The main reasons for incomplete combustion include 

insufficient oxygen in the fuel mixture, suboptimal combus-

tion temperatures, and inefficient engine design. Practical 
steps to improve combustion efficiency and reduce emis-

sions include adjusting the fuel mixture and adding fuel 

additives [40]. Figure 7a shows that NO emissions result 

from the interaction between EOT and FACR. The figure 

shows that NO emissions increase as EOT and FACR in-

crease. NO emissions in the exhaust vary with EOT, but the 
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difference is close to that with an increase in EOT from 1 to 

3 hr. The lowest NO emissions (12 ppm) were achieved 

when the engine was operated for 1 hour, and 3 ml×l–1 of 

FACR was added to the fuel. NOx is formed when nitrogen 

and oxygen in the air react at very high temperatures, con-

ditions common in engine combustion chambers. The long-

er an engine runs, the greater the chance of these reactions 

occurring and the more NOx will be formed [2]. NO makes 

up the majority of the total NOx produced in internal com-

bustion engines, while NO2 makes up the remaining percent-

age [26].  
 

(a) (b) 

 

Fig. 7. Variation of NO emissions against EOT, FACR, ES, and MBV:  

a) the effect of interactions between EOT and FACR on NO emissions;  

 b) the effect of interactions between ES and MBV on NO emissions 

 

Figure 7b presents a contour plot of the model's interac-

tion between ES and MBV, showing NO emissions concen-

trations for different changes in ES and MBV. The figure 

shows NO increase in emissions as ES and MBV increase 

across all noted speed and vibration conditions. The lowest 

NO emissions were achieved at an interaction between the 

engine's speed of 1500 rpm and a vibration rate of 100 ms–2. 

 

(a)                                                  (b)

 

Fig. 8. Variation of NO emissions against EOT, MBV, and ES: a) the 

effect of interactions between EOT and MBV on NO emissions; b) 

 the effect of interactions between EOT and ES on NO emissions 

 

Figure 8a depicts the NO emissions in the exhaust gas 

output from the interactions between EOT and MBV. The 

response curve shows NO emissions increasing as the EOT 

and MBV increase. The emission increase due to increased 

MBV is significantly greater than that due to EOT because 
EOT causes a higher temperature rise, which improves NO 

conversion. Janulevičius et al. [16] tested the ten Massey 

Ferguson 6499 tractors studied. They showed that most 

tractors (approximately 76%) emitted nitrogen oxides dur-

ing engine loads exceeding 50% of maximum torque, 

21.6% between 30 and 50% of maximum torque, and only 

2.3% at loads up to 30% of maximum torque. The highest 

nitrogen oxide emissions during actual operating cycles 

were recorded at speeds between 700 and 1100 rpm. The 

interaction effect between EOT and ES significantly influ-

ences the engine's NO emissions, as illustrated in the re-

sponse plot in Fig. 8b. The figure shows that NO emissions 

increase with both EOT and ES; the increase due to ES is 

significantly greater than that due to EOT. The lowest NO 
emissions were achieved at an engine speed of 1500 rpm 

and an engine operation time of 1 hr. 

3.6. Model of H2S emissions 

The accuracy of responses predicted by the software's 

experimental model was analyzed using variance analysis. 

The C.V. and R² values were used to determine the best-

fitting model. The best-fitting model had a lower variation 

coefficient and a higher determination coefficient. Its sig-

nificance, or lack thereof, determined the adequacy of the 

model. Meanwhile, the model's lack of fit must be statisti-

cally insignificant (p > 0.05) to fit the data well [5]. The  
R2 value for the H2S emissions model was 0.7857. The  

R²-prediction reasonably agrees with the R²-adjusted, with 

the difference of less than 0.2; at the same time, Adeq pre-

cision measures the signal-to-effect ratio. A ratio greater 

than 4 is desirable, indicating the model can effectively 

navigate the design space. A model ratio of 16.0715 indi-

cates an adequate signal, as shown in Table 9.  

The developed model can be used to navigate the design 

space in the H2S emissions model. The predicted data in all 

models agreed with the experimental data, with R2 values in 

these three designs close to 0.8. As stated by [29], the R2 

value should be at least 0.8 for the model to be adequate. In 
addition, C.V. is the standard error ratio used to predict the 

mean value of the actual response. In other words, C.V. 

could represent the model's repeatability. The model's C.V. 

value was 14.57. Lower values of the coefficient of varia-

tion indicated better precision and reliability of the experi-

ment [19]. The above statistical analysis found that the 2FI 

model performed well in prediction. Furthermore, using the 

optimal model, the R2 value for the predicted response was 

higher than that of most other output models. Data generat-

ed from the experimental model may have lower error than 

the raw data from the experiment. 
 

Table 9. 2FI model of H2S emissions 

Model of H2S 

emissions 

Std. 

Dev. 
C.V. % R² 

Adjusted 

R² 

Predicted 

R² 

Adeq 

Precision 

1.02 14.57 0.7995 0.7857 0.7187 16.0715 

H2S = −3.43126 + 1.27701FACR − 0.015013 MBV + 0.001235ES 
+ 1.44304EOT +  0.003142FACR ∗  MBV 
− 0.000276 FACR ∗  ES − 0.163542 FACR ∗  EOT 
+ 8.52083E − 06 MBV ∗  ES − 0.003766 MBV 
∗  EOT − 0.000106ES ∗  EOT 

3.7. Effect of parameters on H2S emissions 

Diesel fuel contains some sulfur. During fuel combus-

tion, sulfur reacts with oxygen to form sulfur dioxide (SO2). 

Under combustion conditions, some of the SO2 can be con-

verted to hydrogen sulfide (H2S) [5]. H2S is hazardous to 

human health, with concentrations of 100 ppm and above 
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posing a risk if exposure continues for 1 to 4 hours [31]. 

The interaction effect between MBV and FACR significant-

ly influences the engine's H2S emissions, as illustrated in 

the response plot in Fig. 9a. The figure shows that H2S 

emissions increase as the MBV and FACR increase. How-

ever, the increase in the FACR effect is greater than that 

due to MBV. The lowest H2S emission was recorded at  

3 ml×l–1, due to the latent heat of the 3 ml×l–1 additive con-

centration. Thus, using the 3 ml×l–1 amount of additives 

decreased the peak temperature in the cylinder. Fuel addi-

tives may include compounds that reduce the sulfur content 
of diesel fuel, thereby reducing hydrogen sulfide emissions. 

Improving the combustion process also reduces the produc-

tion of harmful gases, including H2S [38]. 

In addition, Fig. 9a shows that increased MBV due to 

increased load will not improve H2S emissions. The engine 

experiences vibrations due to overload. Fayad et al. [12] 

showed that H2S concentrations in the exhaust are funda-

mentally determined by the amount of fuel injected into the 

combustion chamber. As more fuel is injected in these 

cases, H2S concentrations increase with increasing engine 

load or speed. Hydrogen reacts rapidly with sulfur, leading 
to high concentrations of H2S. In the case of constant loads 

and variable engine speeds, H2S decreased by 43.56% with 

additives added to the fuel compared to diesel. However, 

the H2S concentrations did not reach hazardous levels. The 

RSM interaction plots in Figure 9b show that H2S increases 

with increasing ES and FACR. H2S emissions in the ex-

haust vary with ES, but the difference is close to that with 

an increase in ES from 1500 to 2000 rpm. As engine speed 

increases, the amount of H2S emitted increases. 

 

(a)                                                  (b) 

 

Fig. 9. Variation of H2S emissions against FACR, MBV, and ES: a) the 

effect of interactions between MBV and FACR on H2S emissions b) the 

 effect of interactions between ES and FACR on H2S emissions 

 

Figure 10a shows that H2S emissions are due to the in-

teraction between EOT and FACR. The figure shows that 

H2S emissions increase as EOT and FACR increase. H2S 

emissions in the exhaust vary with EOT, but the difference 

is close to that with an increase in EOT from 1 to 3 hr. The 

increased H2S emissions were confirmed during the test due 

to the greater chance of incomplete combustion. The lowest 

H2S emissions were achieved when the engine was operat-

ed at 1 hour, and 3 ml×l–1 of FACR was added to the fuel. 

Measuring engine exhaust H2S emissions can indicate en-
gine performance. Although the H2S emission rate was low, 

its accumulation could have a profound impact on the envi-

ronment and human health. Figure 10b presents a contour 

plot of the model interaction between ES and MBV, show-

ing H2S emission concentrations for different changes in ES 

and MBV. The figure shows H2S emissions increase as ES 

and MBV increase in all noted speed and vibration condi-

tions. The lowest H2S emissions were observed at an inter-

action between an engine speed of 1500 rpm and a vibra-

tion rate of 100 ms–2. 

 

(a)                                                (b) 

 

Fig. 10. Variation of H2S emissions against EOT, FACR, ES, and MBV: 

a) the effect of interactions between EOT and FACR on H2S emissions; 

 b) the effect of interactions between ES and MBV on H2S emissions 

 

Figure 11a depicts the H2S emissions in the exhaust gas 

output from the interactions between EOT and MBV. The 

response curve shows that H2S emissions increase as EOT 

and MBV increase. The increase in emissions due to in-

creased MBV is significantly greater than that due to EOT.  

 

  (a)                                              (b)    

 

Fig. 11. Variation of H2S emissions against EOT, MBV, and ES: a) the 

effect of interactions between EOT and MBV on H2S emissions; b) the 

 effect of interactions between EOT and ES on H2S emissions 

 
The interaction effect between EOT and ES significant-

ly influences the engine's H2S emissions, as illustrated in 

the response plot in Fig. 11b. The figure shows that H2S 

emissions increase as EOT and ES increase; the increase 

due to ES is significantly greater than that due to EOT. For 

the engine exhausts of the fuels tested under both variable-

load and variable-speed conditions, Fayad et al. [12] report-

ed that increasing engine speed from 1250 to 3000 rpm 

increased H2S emissions from 8 to 23 ppm. The results 
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show that the H2S concentrations in the exhaust mainly 

depend on the amount of fuel injected into the combustion 

chamber, load, and variable speed. The lowest H2S emis-

sions (2 ppm) were achieved at an engine speed of 1500 

rpm and an engine operating time of 1 hr. 

4. Conclusion 
The RSM models were established to predict CO, NO, 

and H2S when Diesel Smoke Stop powers an engine. The 

RSM results provided insights into the effects on exhaust 
gas and emission characteristics. Experimental data were 

used to develop the RSM model and study the effect of the 

parameters. The research results and factor impact analysis 

led to the following conclusions: 

1. The results showed that adding a 3 ml DSS fuel improv-

er per liter of diesel fuel recorded the lowest overall CO, 

NO, and H2S emissions.  

2. The DSS additive concentration of 3 ml×l–1 overlapped 

with an engine speed of 1500 rpm, an engine operation 

time of 1 hour, and a vibration of 100 ms
–2, 

which rec-

orded the lowest exhaust gas emissions. 

3. CO, NO, and H2S emissions increased as the Machine 

body vibration increased in all other parameters. 

4. CO, NO, and H2S emissions increased with increased 

engine speed and engine operation time.  

5. CO, NO, and H2S emissions increased with increasing 

fuel additive concentration rate (Diesel Smoke Stop), 

which was higher than for all other parameters.  

6. It can be deduced that RSM models have many ad-

vantages in predicting and investigating emission char-

acteristics. RSM, among other things, provides an ac-

ceptable level of performance in predicting each exhaust 
emission. 

Intriguing research questions for future studies will fo-

cus on machine learning algorithms and computational fluid 

dynamics modeling to improve emissions prediction and 

better understand in-cylinder phenomena, along with 

broader practical and engineering implications for industrial 

and marine engine applications. 
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Nomenclature 

CO carbon monoxide 
DSS diesel Smoke Stop enhancement  

EOT engine operation time  

ES engine speed  

FACR fuel additive concentration rate  

H2S  hydrogen sulfide  
MBV  machine body vibration 

NO nitrogen monoxide 

RSM  response surface methodology  
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