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Acetone–Butanol–Ethanol (ABE) fuels and Artificial Neural Network (ANN) 
models have gained increasing attention. ABE–diesel blends are now being 
studied using ANN models. The application of ANN enables accurate prediction 
of diesel engine performance and emissions behavior fueled with ABE-diesel 
blends, showing the potential of ABE-based fuels for efficient and cleaner 
combustion with ANN. However, the dependence of traditional diesel fuels on 
fossil-derived sources continues to contribute significantly to particulate matter 
(PM) and nitrogen oxides (NOx) emissions. This challenge has motivated the use 
of bio-derived oxygenated fuels as practical drop-in solutions. Among these, 
ABE stands out as a promising candidate because of its favorable miscibility 
with diesel, established fermentation pathways, and inherent oxygen content 
that promotes cleaner and more efficient combustion. Yet, evidence regarding 
in-cylinder behavior and emission trade-offs at low blend ratios remains 
fragmented. This study experimentally investigates ABE–diesel blends at 5% 
(ABE5) and 10% (ABE10) by volume in a single-cylinder diesel engine operating 
at 1,200 rpm under five staged load conditions. In-cylinder pressure data and 
regulated emissions were measured to evaluate performance, combustion, and 
emission responses. These datasets were then used to train Cascade ANN and 
Elman ANN to predict brake specific fuel consumption (BSFC), brake thermal 
efficiency (BTE), and emissions (CO, CO2, NOx, HC) from several inputs. The 
results demonstrate that ABE5 consistently improved efficiency at light-to-
medium loads, achieving up to 14.5% reduction in BSFC at 1 Nm and 17.5% 
increase in BTE compared to diesel. At higher loads (5 Nm), ABE5 converged 
with diesel, showing only a marginal penalty of −2.8% in BTE. In contrast, ABE10 
showed mixed outcomes, with occasional gains at moderate loads but efficiency 
penalties at high loads (BSFC +6.5% vs. diesel at 5 Nm). Emission analysis 
revealed that ABE5 reduced CO by up to 48%, CO2 by 37% at low load and ∼16% 
at full load, NOx by up to 32% at full load, and HC by up to 22%, while ABE10 
tended to increase HC at low-to-medium loads. ANN predictions achieved good
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accuracy, with correlation coefficients above 0.93 for all outputs. The Elman 
ANN captured nonlinear performance-emission dynamics effectively, while the 
Cascade ANN model provided slightly higher precision for efficiency metrics. 
Error metrics remained consistently low, with mean absolute percentage error 
below 1%. Overall, this study shows that low-level ABE blending (5%) offers a 
practical pathway to reduce fossil diesel consumption while improving efficiency 
and mitigating emissions.

KEYWORDS

acetone–butanol–ethanol biofuel, ABE-diesel blends, performance, combustion, 
emission, neural network prediction of engine testing, Cascade ANN, Elman ANN 

Highlights

• Demonstrated up to 14.5% BSFC reduction and 17.5% BTE 
improvement with ABE5.

• Showed ABE5 reduced CO (48%), CO2 (37%), NOx (32%), 
and HC (22%) at engine loads.

• Identified ABE10 caused mixed efficiency gains and emission 
penalties at high load.

• Developed Cascade ANN and Elman ANN for ABE-diesel 
blends in diesel engine.

• Established reproducible framework linking ABE experiments 
to predictive ANN modeling.

1 Introduction: ABE as a promising 
biofuel and artificial intelligence

Diesel engines continue to play a pivotal role in transportation, 
agriculture, and stationary power generation because of their 
durability, high efficiency, and adaptability (Elkelawy et al., 
2025). However, their extensive reliance on fossil-derived fuels 
has made them a major contributor to greenhouse gas (GHG) 
emissions, particulate matter (PM), and nitrogen oxides (NOx) 
(Oberschelp et al., 2023). These pollutants not only exacerbate 
climate change but also pose significant challenges for air 
quality and public health. With global commitments to net-zero 
emissions intensifying, there is a pressing need for near-term 
decarbonization strategies that can reduce the environmental 
footprint of compression ignition (CI) engines while preserving 
their cost-effectiveness and operational reliability (Setiawan and 
Setiyo, 2022; Setiyo, 2022; Yuvenda et al., 2022).

One of the most accessible approaches to lowering the carbon 
intensity of diesel engines is the introduction of bio-derived 
oxygenated fuels through co-firing or blending (Masi, 2021; 
Rahayu et al., 2022). Oxygenated fuels provide additional in-
cylinder oxygen that improves premixing quality and mitigates 
soot precursor formation (Shao et al., 2024). They have the 
potential to reduce PM, carbon monoxide (CO), and unburned 
hydrocarbons (HC), while at the same time influencing ignition 
delay and heat release characteristics (Tripathi and Krishnasamy, 
2024; Abdullah et al., 2021). Among the different oxygenated 
options, Acetone–Butanol–Ethanol (ABE) blends have gained 
particular attention (Rahaju et al., 2022; Aguado-Deblas et al., 
2022; Kumar et al., 2023). ABE is produced via well-established 

fermentation processes and offers several attractive features: good 
miscibility with diesel, moderate energy density, and favorable 
oxygen content (Voß, 2024). These attributes enable ABE to 
act as a cleaner additive while maintaining acceptable ignition 
quality when blended at modest fractions. Recent advances 
in separation and purification technologies, such as integrated 
fermentation–distillation systems, have further improved the 
production outlook of ABE, reducing energy intensity and 
enhancing cost-competitiveness, thereby supporting the feasibility 
of large-scale deployment (Shanmugam et al., 2023).

On the engine side, prior studies have shown that oxygenated 
fuel blends can substantially alter combustion behavior (Fayad et al., 
2022; Atelge et al., 2023; Xiao et al., 2022). Specifically, they can 
extend ignition delay, restructure the heat release profile, and 
reduce smoke emissions. The impact on NOx, however, is often 
more nuanced (Pirouzfar et al., 2024; Vellaiyan, 2025; Jacob and 
Ashok, 2022; Mao et al., 2024; Ds et al., 2025), depending on local 
in-cylinder temperature history, dilution levels, and blend ratio. 
While multiple investigations have reported promising reductions in 
particulate and gaseous emissions with ABE–diesel blends (Aguado-
Deblas et al., 2022; Han et al., 2021; Hespel et al., 2023; Veza et al., 
2019), the majority of these works focus on high or intermediate 
blend levels, controlled ignition modes, or single operational 
conditions. Comprehensive insights into low-fraction ABE blends 
(≤10%) under constant speed with staged load conditions remain 
sparse. This regime is of high practical importance, particularly for 
generator sets and urban duty cycles, where engines typically operate 
at near-constant speeds but varying loads.

In parallel with experimental studies, artificial intelligence 
and machine learning approaches have gained momentum in 
engine modeling (Shateri et al., 2024; Bhattacharya and Majumdar, 
2024; Ineza Havugimana et al., 2023). Artificial neural networks 
(ANNs) have emerged as robust surrogates capable of capturing 
nonlinear and multidimensional interactions in combustion and 
emission processes from relatively small but high-quality datasets 
(Wilk-Jakubowski et al., 2025; U¨stu¨n, 2025; Li et al., 2021; 
Fu et al., 2022). They have been successfully applied to both 
steady-state and transient conditions, often outperforming empirical 
correlations. In particular, the Cascade forward neural network 
provides efficient direct input–output mapping (Gündoğdu and 
Elbir, 2021; Thakkar and Chaoui, 2022; Rahaju et al., 2023), while the 
Elman recurrent neural network is well suited to capture temporal 
and sequence-dependent combustion dynamics. When applied 
to biofuel datasets, these architectures can offer complementary 
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predictive strengths, enabling both accurate forecasting and deeper 
mechanistic understanding.

Despite these advances, there remains a clear research 
gap. Existing studies have not systematically combined 
experimental analysis of low-level ABE–diesel blends with 
predictive modeling frameworks capable of generalization 
across multiple operating points. The lack of generalized 
predictive tools limits the scalability of current findings and 
hinders the development of optimization strategies for practical
adoption.

For that reason, the present study aims to close these gaps 
by integrating experimental evaluation with machine learning 
prediction. A single-cylinder diesel research engine operating 
at 1,200 rpm under systematically varied load conditions was 
employed to investigate diesel, ABE5, and ABE10 blends. High-
resolution in-cylinder pressure traces and detailed exhaust 
emission measurements formed the empirical foundation, which 
was subsequently used to train and validate Cascade and 
Elman neural networks under a transparent and reproducible 
workflow. This dual approach not only quantifies the impact 
of ABE addition on engine performance, combustion, and 
emissions, but also establishes robust predictive models with low
error margins.

By explicitly coupling experimental analysis with advanced 
machine learning architectures, this work contributes 
both practical insights for the near-term adoption of 
ABE–diesel blends and methodological advances for predictive 
biofuel research. The outcomes are expected to guide 
stakeholders in energy, transportation, and policy sectors 
by offering empirical validation, predictive capability, and a 
reproducible framework that links fuel properties to real-world
engine outcomes. 

2 Novelty of study: contribution of 
machine learning as prediction tools 
to predict ABE-diesel engine 
performance, combustion and 
emission

The novelty of this study can be summarized in two main 
contributions. First, it delivers a focused investigation of low-
ratio ABE–diesel blends at 5% and 10% under fixed-speed 
operation with load variation, addressing an under-reported regime 
that is particularly relevant for generator sets and urban duty 
cycles. Second, it introduces a dual-model strategy that combines 
Cascade forward networks, which excel in direct input–output 
mapping, with Elman recurrent networks, which capture sequence-
dependent combustion dynamics. This complementary use of neural 
architectures strengthens predictive accuracy and provides deeper 
insights into the nonlinear behavior of ABE–diesel blends. Figure 1 
illustrates the contribution of the study.

3 Methodology: diesel engine and 
ANN set-up

3.1 Engine set-up for diesel engine fueled 
with ABE-diesel blends

The experiments were carried out on a single-cylinder diesel 
engine, with its specifications summarized in Figure 2. The 
schematic arrangement illustrated in Figure 3. An eddy-current 
brake dynamometer was employed to vary and control the applied 
engine load, while the intake air flow rate was measured through 
an airbox. Fuel consumption was determined using a calibrated 
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FIGURE 1
Novelty and contribution of the present study (ABE-diesel blends with ANN).

glass burette. Three different fuels were prepared and tested (one 
pure diesel and two ABE–diesel blend ratios i.e., ABE5 and ABE10). 
Here, ABE10 refers to a mixture of 10% ABE with 90% diesel fuel. 
The engine speed was maintained constant at 1,200 rpm, whereas 
the applied load was varied to cover a broad range of operating 
conditions. Emission measurements, including CO, CO2, NOx, and 
HC were recorded using a gas analyzer.

Figure 3 illustrates the experimental configuration employed for 
evaluating ABE–diesel blends in a compression ignition engine. 
The intake air enters through an airbox equipped with a digital 
manometer to measure pressure. Fuel from the fuel tank is injected 
into the cylinder, and combustion gases are released through the 
exhaust line, where an exhaust gas temperature sensor and an 
emission analyzer record CO, CO2, NOx, and HC. The engine shaft is 
connected to an eddy-current brake dynamometer that controls load 
and torque. A TDC sensor and encoder are installed to synchronize 
combustion measurements. This arrangement allowed systematic 
variation of engine load at a fixed speed of 1,200 rpm while 
monitoring performance, combustion, and emission characteristics. 

3.2 ANN set-up for diesel engine fueled 
with ABE-diesel blends

The total dataset was divided into 70% for training, 15% 
for validation, and 15% for testing to ensure independent model 
assessment. The developed neural network comprises three layers: 
an input layer, a hidden layer, and an output layer. The input layer 

consists of ten variables representing fuel properties, blending ratio 
and engine operating conditions. The fuel properties of diesel and 
ABE blends (5% and 10% by volume) are summarized in Table 1. 
The reported cetane index represents an estimated value based on 
empirical correlation, not a direct experimental measurement. The 
calculation was performed following the ASTM D976 method.

Diesel shows the highest gross calorific value (45.91 MJ/kg), 
while ABE5 and ABE10 show slightly reduced values of 45.50 MJ/kg 
and 44.38 MJ/kg, respectively, indicating that the energy content 
decreases as the proportion of ABE increases. The densities of the 
fuels follow a similar trend, with diesel at 847.40 kg/m3 and ABE 
blends showing slightly lower values (845.00 kg/m3 for ABE5 and 
843.40 kg/m3 for ABE10). Specific gravity values remained nearly 
constant (0.84–0.85), consistent with the small density variation. The 
API increased slightly with higher ABE content (35.27 for diesel vs. 
36.11 for ABE10), reflecting the lower density of the blends.

Viscosity analysis shows that both kinematic and dynamic 
viscosities decrease with ABE addition. Diesel has a kinematic 
viscosity of 3.32 cSt and a dynamic viscosity of 2.80 cP, while ABE10 
records the lowest values (3.14 cSt and 2.65 cP). This reduction 
enhances fuel atomization during injection but may also affect 
lubrication. The cetane index, an indicator of ignition quality, 
decreases significantly with ABE addition, from 55.69 for diesel to 
53.44 for ABE5 and 48.37 for ABE10. The lower cetane index of ABE 
blends may lead to longer ignition delays and altered combustion 
phasing, which can influence engine performance and emissions.

Overall, the addition of ABE reduces fuel energy content, 
density, viscosity, and cetane index while slightly increasing oAPI. 
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FIGURE 2
Engine specifications for ABE-diesel blends.

FIGURE 3
Experimental setup of the diesel engine test rig for ABE-diesel blends.
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TABLE 1  Fuel properties of diesel and ABE blends (5% and 10% by 
volume) (Veza et al., 2021a; Veza et al., 2024).

Property Diesel ABE5 ABE10

Gross calorific value, MJ/kg 45.91 45.50 44.38

Density at 15 °C, kg/m3 847.40 845.00 843.40

Specific gravity 0.85 0.85 0.84

oAPI 35.27 35.80 36.11

Kinematic viscosity at 40 °C, cSt 3.320 3.304 3.136

Dynamic viscosity at 40 °C, cP 2.800 2.792 2.645

Cetane index 55.69 53.44 48.37

These changes suggest that while ABE blends can improve fuel 
atomization and contribute oxygen for cleaner combustion, they 
may also affect ignition quality and engine power output. Detailed 
results on ABE physico-chemical properties can be found in 
(Veza et al., 2021a; Veza et al., 2024). 

3.2.1 Cascade ANN
The Cascade ANN architecture consists of three layers: an input 

layer, a hidden layer, and an output layer. The input layer receives 
ten variables that represent the experimental parameters. These 
inputs are processed through a hidden layer containing ten neurons, 
where each neuron computes a weighted sum of the inputs (W), 
adds a bias term (b), and passes the result through an activation 
function (f) (Figure 4). The hidden layer output is then connected 
to the output layer, which contains a single neuron. The output 
neuron applies another weighted summation and activation process 
to generate the final prediction. Feedback connections are also 
incorporated to improve the learning process. This configuration 
enables the network to capture nonlinear relationships between 
input parameters and the output response.

3.2.2 Elman neural networks
In Elman neural networks, the inputs are processed in the 

hidden layer containing 10 neurons, where each neuron performs 
a weighted summation of the inputs (W), adds a bias term (b), 
and applies a nonlinear activation function (Figure 5). The hidden 
layer also incorporates bias nodes (labeled 0 and 1) to improve 
flexibility in model fitting. The processed signals are then passed to 
the output layer, which contains a single neuron that generates the 
final predicted value. Feedback connections are integrated within 
the structure to enhance learning efficiency and stability. This 
architecture enables accurate mapping of nonlinear relationships 
between experimental parameters and the output response.

3.2.3 Performance accuracy
The prediction accuracy of the models was assessed using 

six statistical indicators: Correlation Coefficient (R), Coefficient 
of Determination (R2), Mean Absolute Deviation (MAD), Mean 
Squared Error (MSE), Root Mean Squared Error (RMSE), and 

Mean Absolute Percentage Error (MAPE). Each of these indicators 
provides a different perspective on model performance.

A high value of R and an R2 close to 1 signify a strong agreement 
between predicted and experimental values, with 1 representing a 
perfect match. Conversely, lower values of MAD, MSE, RMSE, and 
MAPE reflect higher predictive accuracy. Although achieving exact 
zeros in error-based metrics is practically impossible, models that 
yield values approaching zero, while simultaneously maintaining 
high R and R2 values, are regarded as more reliable and accurate.

The Correlation Coefficient (R) measures the strength and 
direction of the linear relationship between predicted values (Mi) 
and actual values (Pi). The Coefficient of Determination (R2) 
quantifies the proportion of variance in the actual data explained 
by the model. The MAD represents the mean of the absolute 
differences between predictions and observations, while the MSE 
calculates the average of squared differences. RMSE, being the 
square root of MSE, expresses the error in the same units as 
the original data, making it more interpretable. Finally, MAPE 
provides the error in percentage terms, obtained by dividing the 
absolute difference between predictions and observations by the 
actual value and multiplying by 100. Together, these metrics deliver 
valuable insights into the accuracy, consistency, and robustness of 
the models, enabling a comprehensive evaluation of their predictive 
capability. Detailed equation to determine the performance matrix 
can be found in (Veza et al., 2021b). 

4 Results and discussion: diesel 
engine performance, combustion and 
emission characteristics

4.1 Experimental results of ABE-diesel 
blends

4.1.1 Performance characteristics of ABE-diesel 
blends
4.1.1.1 Brake specific fuel consumption (BSFC): fuel 
economy performance of ABE-diesel blends

Figure 6 presents the Brake Specific Fuel Consumption or BSFC 
of diesel, ABE5, and ABE10 across engine loads from 1 to 5 Nm. 
BSFC quantifies the fuel required to generate a unit of brake 
power, serving as a direct metric of engine efficiency (Wang et al., 
2021). BSFC is defined as the mass of fuel consumed per unit 
of brake power output, where a lower BSFC value indicates 
higher thermal efficiency. The results show a clear decreasing 
trend in BSFC with increasing load for all fuels. At 1 Nm, diesel 
recorded 1525.37 g/kWh, while ABE5 and ABE10 were lower at 
1304.78 g/kWh (−14.5%) and 1498.51 g/kWh (−1.8%) respectively. 
At 2 Nm, ABE5 and ABE10 maintained lower BSFC values than 
diesel, with reductions of 4.8% and −1.1% respectively. At 3 Nm, 
ABE5 again reduced BSFC by 4.1% compared to diesel, while ABE10 
was slightly higher (+10.3%). At 4 Nm, ABE5 was nearly identical 
to diesel (−0.8%), while ABE10 increased BSFC by 5.6%. At the 
highest load (5 Nm), both ABE5 and ABE10 showed higher BSFC 
than diesel, with increases of 3.4% and 6.5% respectively. Overall, 
ABE5 consistently delivered lower or comparable BSFC to diesel at 
low-to-medium loads, whereas ABE10 showed efficiency penalties 
at medium-to-high loads.
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FIGURE 4
Architecture of the Cascade ANN model used for ABE-diesel blends prediction.

FIGURE 5
Structure of the Elman ANN network applied for ABE-diesel blends prediction.

FIGURE 6
BSFC versus load for diesel, ABE5, and ABE10.

The results suggests that ABE5 is a promising candidate for 
partial diesel substitution, offering up to 15% BSFC improvement at 
light load and stable efficiency at medium loads. However, ABE10 
presents challenges due to higher BSFC at high loads, implying 
that its lower heating value outweighs the combustion benefits. For 

industrial adoption, this means that low-level ABE blends (≤5%) 
are feasible without compromising efficiency, especially under 
conditions where engines operate at light-to-medium loads. 

4.1.1.2 Brake thermal efficiency (BTE): combustion 
efficiency of ABE-diesel blends

Figure 7 presents the Brake Thermal Efficiency or BTE of diesel, 
ABE5, and ABE10 blends at engine loads from 1 to 5 Nm. BTE 
reflects the proportion of chemical energy in the fuel converted 
into useful brake power (Sanjeevannavar et al., 2022), where higher 
values signify superior combustion efficiency and fuel utilization. 
BTE is defined as the ratio of brake power to the energy input 
from fuel, strongly influenced by fuel heating value, combustion 
characteristics, and oxygen content. The results reveal a steady 
increase in BTE with rising load for all tested fuels. At 1 Nm, diesel 
achieved 5.16%, while ABE5 and ABE10 recorded 6.06% (+17.5%) 
and 5.41% (+4.9%), respectively, highlighting efficiency benefits 
from ABE oxygenation at light load. At 2 Nm, ABE5 and ABE10 
both surpassed diesel, showing 9.39% (+5.7%) and 9.09% (+2.3%) 
improvements. At 3 Nm, ABE5 again outperformed diesel at 13.18% 
versus 12.58% (+4.8%), whereas ABE10 lagged slightly at 11.76% 
(−6.5%). At 4 Nm, ABE5 marginally exceeded diesel with 14.67% 
vs. 14.47% (+1.4%), while ABE10 trailed slightly at 14.13% (−2.3%). 
At the highest load (5 Nm), diesel led with 16.50%, while ABE5 
(16.04%) and ABE10 (15.98%) were marginally lower by −2.8% 
and −3.2%. Overall, ABE5 consistently enhanced BTE at light-to-
medium loads (up to +17.5%), while both ABE blends converged 
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FIGURE 7
BTE versus load for diesel, ABE5, and ABE10.

with diesel at higher loads, suggesting a diminishing advantage as 
the calorific value deficit became more dominant.

These outcomes highlight the potential of ABE as a partial 
diesel substitute. ABE5, in particular, enhances thermal efficiency 
at practical engine loads without major efficiency penalties at high 
loads. This demonstrates its feasibility as a low-level blend biofuel 
capable of improving engine efficiency under urban driving cycles 
and light-load operations. Although ABE10 shows slight reductions 
at higher loads, its near-equivalent efficiency suggests technical 
viability with minor optimization. For industrial application, these 
results imply that ABE5 can be integrated into existing diesel 
infrastructure with measurable efficiency gains. It is important to 
note that the improvement at low load may come from cleaner 
combustion and reduced heat losses, not necessarily from higher 
peak pressure. 

4.1.1.3 Brake power and brake mean effective pressure: 
engine load response (BP and BMEP) of ABE-diesel blends

Figure 8 shows the variation of brake power (BP) and brake 
mean effective pressure (BMEP) across engine loads from 1 to 
5 Nm. Brake power represents the actual output power delivered 
by the engine shaft, while BMEP is a normalized measure of 
engine load, independent of displacement, that reflects the mean 
pressure acting on the piston to generate brake work (Bhatt, 
2025). Brake power is proportional to the product of torque and 
rotational speed, whereas BMEP provides a load-based performance 
metric that facilitates comparison between fuels and engines 
of different sizes. As expected, both BP and BMEP increased 
proportionally with engine load. BP rose from 0.1268 kW at 1 Nm 
to 0.6284 kW at 5 Nm, marking a fivefold increase (+400%), while 
BMEP increased from 0.3928 bar to 1.9638 bar (+400%). This 
linear progression reflects the direct correlation between torque and 
effective mean pressure within the cylinder. The results validate 
the reliability of the test engine setup and confirm that load 
increments translate consistently into higher shaft power and mean 

FIGURE 8
Brake power and BMEP versus load.

pressure, forming the baseline for evaluating BSFC and BTE trends 
under different fuel conditions. These values show the mechanical 
responsiveness of the test engine and provide essential reference 
points for interpreting subsequent combustion and efficiency
parameters.

4.1.2 Combustion characteristics of ABE-diesel 
blends
4.1.2.1 Indicated mean effective pressure (IMEP): cylinder 
pressure-based performance of ABE-diesel blends

Figure 9 illustrates the variation of Indicated Mean Effective 
Pressure (IMEP) with engine load for diesel, ABE5, and ABE10 
fuels. IMEP is a key thermodynamic parameter that quantifies 
the average pressure acting on the piston during the power 
stroke, directly reflecting the engine’s capacity to produce work 
per cycle (Greencorn et al., 2022). As engine load increased from 
1 to 5 Nm, IMEP rose steadily across all fuels, highlighting the 
expected proportional relationship between torque demand and 
in-cylinder pressure development. Diesel recorded the highest 
IMEP values, increasing from 1.22 bar at 1 Nm to 2.82 bar at 
5 Nm, while ABE5 showed the lowest increase (0.31–1.53 bar), 
and ABE10 maintained intermediate performance (1.27–2.00 bar). 
The lower IMEP of ABE5 (73%–80% lower than diesel across 
loads) and ABE10 (20%–30% lower than diesel) indicates reduced 
energy release efficiency, attributed to the oxygenated nature of 
ABE blends which lowers heating value. However, the smoother 
rise in IMEP for ABE10 compared to ABE5 suggests better 
combustion stability when a higher fraction of ABE is used. Please 
note that IMEP differences could arise from varying combustion 
characteristics and oxygen content of ABE blends rather than 
simple mechanical work differences. These findings imply that while 
ABE blends reduce absolute pressure output, they may contribute 
to more controlled combustion, potentially reducing emissions at
partial loads.
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FIGURE 9
Variation of IMEP with engine load for diesel and ABE blends (ABE5 
and ABE10).

4.1.2.2 Coefficient of variation of mean effective pressure 
(IMEP): combustion stability of ABE-diesel blends

Figure 10 presents the coefficient of variation of indicated 
mean effective pressure (COVIMEP) as a function of engine 
load at 1,200 rpm for diesel and ABE blends. The COVIMEP, 
a key indicator of combustion cyclic stability (Batool et al., 
2021), should remain below 10% for smooth engine operation. 
At low load (1 Nm), ABE5 exhibits a unstable combustion 
with COVIMEP of 47.3%, nearly 4.5 times higher than diesel 
(10.6%) and 3.5 times higher than ABE10 (10.5%), indicating 
severe cycle-to-cycle fluctuations due to poor ignition quality 
under lean conditions. As load increases, COVIMEP for ABE5 
decreases substantially to 15.9% at 5 Nm, a 66% reduction 
compared to its value at 1 Nm, although still higher than diesel 
(6.3%). In contrast, ABE10 maintains relatively stable operation 
between 1 and 4 Nm (6.9%–10.5%) but shows a sharp increase to 
64.4% at 5 Nm.

This abrupt instability at high load can be explained by the 
combined effects of evaporation of the more volatile acetone 
and ethanol components, uneven mixture distribution, and the 
lower cetane index of ABE10, which extends ignition delay 
and intensifies pressure oscillation once combustion starts. 
Furthermore, the limitation of the single-cylinder engine and 
its conventional injection system used in this study may have 
contributed to this behavior. The test setup lacks advanced 
control over injection pressure and atomization quality, which 
are crucial for maintaining consistent fuel–air mixing at elevated 
loads. As a result, localized over-rich zones and delayed 
ignition events could have magnified the cyclic variation of 
in-cylinder pressure. Overall, while diesel maintains superior 
stability, ABE5 shows improving stability with increasing 
load but remains less favorable, and ABE10 demonstrates 
good stability at moderate loads before deteriorating under 
maximum load due to both fuel property effects and equipment 
constraints. 

FIGURE 10
COVIMEP with engine load at 1,200 rpm for diesel and ABE blends.

4.1.3 Emission characteristics of ABE-diesel 
blends
4.1.3.1 Carbon monoxide (CO) emissions: combustion 
incompleteness of ABE-diesel blends

Figure 11 shows the variation of carbon monoxide (CO) 
emissions for diesel, ABE5, and ABE10 at 1,200 rpm across 
engine loads from 1 to 5 Nm. CO emissions are an indicator 
of incomplete combustion and typically decline when oxygenated 
fuels are introduced, since the inherent oxygen content promotes 
more complete oxidation of the fuel-air mixture (Thiagarajan et al., 
2025). At low loads (1–2 Nm), all fuels produced nearly similar CO 
levels. Diesel and ABE5 recorded 0.10%, while ABE10 was slightly 
higher at 0.12%–0.13%. At medium load (3 Nm), CO emissions 
rose slightly, with diesel at 0.11%, ABE5 at 0.12%, and ABE10 at 
0.13%. A clearer distinction emerged at higher loads. At 4 Nm, 
diesel produced 0.13%, while both ABE5 and ABE10 registered 
lower values at 0.12%, reflecting about an 8% reduction. At full 
load (5 Nm), diesel and ABE10 recorded the highest emission at 
0.15%, compared to 0.13% for ABE5. Notably, ABE5 consistently 
maintained lower emissions than diesel across loads, while ABE10 
showed mixed performance: slightly higher at light loads but 
aligning more closely to diesel at full load. Overall, the results show 
that blending ABE improves combustion efficiency, especially at 
higher engine loads. The reduction achieved by ABE5 highlights its 
strong potential as a diesel additive to curb CO emissions. Although 
ABE10 exhibited marginal increases at light loads, the presence of 
oxygenated components still contributed to comparable or reduced 
emissions at higher loads. These findings suggest that moderate ABE 
blending (5%) is optimal for minimizing CO emissions without 
compromising engine operation.

4.1.3.2 Carbon dioxide (CO2) emissions: greenhouse gas 
indicator of ABE-diesel blends

Figure 12 shows CO2 emissions versus engine load for 
diesel, ABE5, and ABE10. CO2 is the final product of complete 
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FIGURE 11
CO emissions versus load for diesel and ABE5.

combustion (Ditl and Šulc, 2024), with higher concentrations 
generally reflecting more efficient oxidation of carbon in the fuel. 
CO2 formation is directly proportional to the degree of combustion 
completeness, influenced by oxygen availability, fuel carbon content, 
and combustion temperature. CO2 emissions increased with load 
for all fuels, from 1.9% (diesel), 1.2% (ABE5), and 1.8% (ABE10) 
at 1 Nm to 3.2%, 2.7%, and 3.07% respectively at 5 Nm. Across 
all loads, ABE5 consistently showed lower CO2 than diesel, with 
reductions of 36.8% at 1 Nm, 18.2% at 2 Nm, and 15.6% at 5 Nm. 
ABE10 closely followed diesel, with small differences: −5.3% at 
1 Nm, −4.0% at 2 Nm, and −4.0% at 3 Nm, but converging at 
high load (only −4.2% at 5 Nm). These results indicate that ABE5 
reduces carbon intensity, while ABE10 maintains CO2 values close 
to diesel due to its higher blend ratio. The findings suggest that low-
level ABE blending (5%) can reduce CO2 emissions significantly, 
supporting climate mitigation targets without penalizing engine 
efficiency. Meanwhile, ABE10’s near-equivalent CO2 levels highlight 
its viability as a partial diesel replacement fuel, although its carbon 
savings are less pronounced.

The CO2 results indicate that ABE5 reduces carbon intensity, 
while ABE10 maintains values close to diesel due to its higher 
blend ratio. This behavior can be explained by the combined effects 
of fuel chemistry and combustion characteristics. ABE5 contains 
sufficient oxygen to promote more complete oxidation of carbon 
within the combustion chamber, leading to lower CO2 formation 
per unit of energy released. In addition, its relatively higher cetane 
index compared to ABE10 ensures shorter ignition delay and 
more efficient combustion phasing, which minimizes unburned 
carbon and improves overall efficiency. In contrast, ABE10, despite 
containing more oxygen, possesses a lower heating value and a 
significantly lower cetane index. These properties can cause delayed 
ignition and incomplete oxidation under certain load conditions, 
offsetting the benefit of its higher oxygen content (Veza et al., 2019). 
As a result, CO2 emissions from ABE10 become nearly close to 
diesel. This shows a balance between enhanced oxygenation and 
reduced combustion efficiency. 

FIGURE 12
CO2 emissions versus load for diesel, ABE5, and ABE10.

4.1.3.3 Nitrogen oxides (NOx) emissions: NOx formation 
characteristics of ABE-diesel blends

Figure 13 shows NOx emissions versus engine load for diesel, 
ABE5, and ABE10. NOx formation is strongly influenced by 
combustion temperature (Meng et al., 2023), oxygen availability, and 
in-cylinder residence time. According to the Zeldovich mechanism, 
NOx emissions rise with higher in-cylinder temperature and 
oxygen concentration, making them sensitive to both load and 
oxygenated fuel properties. NOx increased with load for all fuels. 
At 1 Nm, diesel emitted 64 ppm, while ABE5 was slightly lower at 
57 ppm (−10.4%) and ABE10 slightly higher at 66 ppm (+2.6%). 
At 2 Nm, diesel produced 104 ppm, while ABE5 reduced it to 
80 ppm (−22.5%) and ABE10 to 94 ppm (−9.3%). At 3 Nm, ABE5 
achieved the largest reduction, 126 ppm vs. 154 ppm (−18.3%), 
while ABE10 was also lower at 132 ppm (−14.5%). At 4 Nm, diesel 
recorded 201 ppm, ABE5 reduced it to 156 ppm (−22.4%), and 
ABE10 to 177 ppm (−12%). At full load (5 Nm), diesel peaked 
at 279 ppm, while ABE5 and ABE10 emitted 189 ppm (−32.3%) 
and 227 ppm (−18.6%) respectively. These reductions confirm 
that ABE blends, especially ABE5, mitigate NOx formation by 
moderating combustion temperature and altering ignition delay. The 
results show that blending ABE substantially lowers NOx emissions 
across all loads, with up to 32% reduction at full load for ABE5. 
This highlights the potential of low-level ABE blends in meeting 
stringent NOx emission standards without compromising engine 
performance.

The observed reduction in NOx emissions for ABE5 and 
ABE10 can be explained by the combined thermophysical and 
combustion characteristics of ABE components. Although ABE 
blends contain additional oxygen, which could theoretically increase 
local flame temperature, their high latent heat of vaporization 
promotes significant charge cooling during the fuel–air mixing 
stage. This cooling effect, along with the lower heating value 
and slower combustion rate of ABE fuels, moderates the in-
cylinder temperature rise and limits thermal NOx formation. 
Furthermore, the extended ignition delay associated with the 
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FIGURE 13
NOx emissions versus load for diesel, ABE5, and ABE10.

lower cetane index of ABE blends spreads the heat release 
over a longer crank angle, reducing peak flame temperature 
while maintaining efficient oxidation. These combined effects 
result in lower NOx emissions. This demonstrates that oxygen 
enrichment alone does not always lead to higher NOx formation 
when accompanied by strong evaporative and thermal-dilution
effects. 

4.1.3.4 Hydrocarbon (HC) emissions: Unburned 
hydrocarbon of ABE-diesel blends

Figure 14 presents hydrocarbon (HC) emissions versus load 
for diesel, ABE5, and ABE10. HC is a product of incomplete 
combustion, typically arising from poor fuel–air mixing, quenching 
near chamber walls, or short combustion duration (Iodice and 
Cardone, 2021). HC emissions decrease with more complete 
combustion, and oxygenated fuels such as ABE blends can reduce 
HC formation by promoting oxidation of unburned hydrocarbons. 
HC emissions rose with engine load for all fuels. At 1 Nm, diesel 
emitted 26 ppm, while ABE5 was lower at 22 ppm (−16.5%), and 
ABE10 was higher at 37 ppm (+39%). At 3 Nm, diesel produced 
31 ppm, ABE5 reduced this to 28 ppm (−9.4%), whereas ABE10 
rose to 44 ppm (+42%). At 5 Nm, diesel reached 48 ppm, ABE5 
reduced emissions to 37 ppm (−22.4%), while ABE10 remained 
close at 46 ppm (−4.2%). Overall, ABE5 consistently reduced HC 
across loads, with the largest reduction at full load (−22%), whereas 
ABE10 generally showed higher or comparable values due to 
incomplete combustion linked to its lower volatility and higher 
butanol fraction. This shows that ABE5 enhances combustion 
quality, reducing HC emissions across all load conditions. In 
contrast, ABE10 exhibited unstable combustion, with higher HC 
at light-to-medium loads, indicating blending ratio is critical 
for optimizing emissions. These results suggest that small ABE 
additions are more beneficial for hydrocarbon reduction than
higher blends.

FIGURE 14
HC emissions versus load for diesel, ABE5, and ABE10.

4.2 ANN prediction results

4.2.1 Elman ANN
The performance metrics of the Elman ANN model 

for predicting engine performance and emissions are 
summarized in Table 2. The results demonstrate predictive 
capability across all parameters, with correlation coefficients 
(R) exceeding 0.95 for CO, HC, and other variables, and 
approaching unity for BSFC, BTE, CO2, and NOx. The coefficient of 
determination (R2) values confirm this high accuracy, particularly 
for BTE (0.9975), CO2 (0.9969), and NOx (0.9970). The error 
indicators, including MAD, MSE, RMSE, and MAPE, remain 
consistently low, with CO (MAD = 0.0029, MAPE = 2.51%) and 
CO2 (MAD = 0.0163, MAPE = 0.90%) showing especially precise 
predictions. Although slightly higher errors are observed for NOx 
and HC compared to other outputs, their performance remains 
within acceptable predictive limits. These results validate the 
application of the Elman ANN in capturing the nonlinear behavior 
of combustion and emissions, thus establishing it as a reliable tool 
for modeling engine performance with oxygenated fuels.

Figure 15a presents the comparison of actual and forecast values 
of brake specific fuel consumption (BSFC) across 15 test cases for 
Elman neural networks. The results demonstrate that the forecasting 
model effectively tracks the overall trend of BSFC, with close 
agreement to experimental values. At high BSFC levels (test cases 
1–3), the forecast aligns well with the actual data, showing only 
minor deviations (e.g., 1525.37 vs. 1525.42 g/kWh; 1498.51 vs. 
1505.33 g/kWh). In the mid-range cases (4–10), the predicted values 
follow the decreasing pattern of actual BSFC, with negligible errors 
such as 885.31 vs. 885.34 g/kWh. Although some discrepancies are 
observed, particularly at test cases 11, 14, and 15 where the forecast 
slightly under- or overestimates actual values (e.g., 539.39 vs. 
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TABLE 2  Performance evaluation metrics of the Elman neural network for BSFC, BTE, and exhaust emissions (CO, CO2, NOx, HC).

Metric BSFC BTE CO CO2 NOx HC

R 0.9970 0.9988 0.9554 0.9985 0.9985 0.9835

R2 0.9940 0.9975 0.9128 0.9969 0.9970 0.9672

MAD 15.2879 0.0982 0.0029 0.0163 1.5488 0.4632

MSE 735.9738 0.0391 0.0163 0.0009 18.1997 2.1820

RMSE 27.1288 0.1976 0.1275 0.0307 4.2661 1.4771

MAPE 2.4572 0.7568 2.5075 0.9036 0.8030 1.0550

617.08 g/kWh), the overall predictive performance remains robust. 
This consistency across varying operating conditions highlights 
the model’s capability to capture the nonlinear variations in fuel 
consumption and confirms its applicability for reliable BSFC 
prediction in engine performance studies.

Figure 15b illustrates the comparison between actual and 
forecast brake thermal efficiency. The predicted values closely 
replicate the experimental data, demonstrating the model’s ability 
to capture both low- and high-efficiency regimes with minimal 
deviation. At low efficiency conditions (test cases 1–3), the 
forecasts (5.20%–6.06%) were nearly identical to actual values 
(5.16%–6.07%). As the load increased, the model successfully 
tracked the rising trend in BTE, with values such as 12.58% predicted 
versus 12.58% measured at test case 7. Minor deviations were 
observed at higher efficiencies, for example, at test case 10 (forecast 
15.05% vs. actual 14.47%) and test case 11 (14.96% vs. 14.67%), 
yet the overall agreement remained strong. At peak conditions (test 
cases 13–15), the model aligned almost perfectly, predicting 16.49%, 
16.05%, and 15.98% against actual values of 16.50%, 16.05%, and 
15.98%, respectively.

Figure 15c displays the comparison of actual and forecast carbon 
monoxide (CO) emissions. The model successfully reproduces the 
observed emission trend, with both datasets following a consistent 
upward pattern as test cases progress. At the lower range (cases 
1–3), the forecast values of 0.101%–0.120% were nearly identical to 
the actual values of 0.100%–0.120%. Mid-range cases also exhibited 
close correspondence, such as 0.130% actual versus 0.132% forecast 
at case 10. Minor deviations were noted in specific points, for 
example, at case 5 (0.120% actual vs. 0.109% forecast) and case 13 
(0.135% actual vs. 0.144% forecast), but the differences remained 
within a small margin. At the peak condition (case 15), the 
model predicted 0.153% CO, exactly matching the experimental 
measurement. Overall, the forecast captured both the magnitude 
and fluctuation of CO emissions with high fidelity.

Figure 15d presents the comparison between actual and 
forecast carbon dioxide (CO2) emissions. The predictive model 
demonstrates excellent agreement with the experimental data, with 
both datasets showing a clear upward trend as the test case number 
increases. At the lower range, the differences were negligible, such as 
1.90% actual versus 1.90% forecast in case 1, while a slightly larger 
deviation occurred at case 2 (1.20% actual vs. 1.28% forecast). Across 
mid-range conditions, the forecast values closely tracked the actual 
ones, for instance, 2.50% actual against 2.49% forecast at case 7% 

and 2.80% actual versus 2.81% forecast at case 10. At higher levels, 
the alignment remained robust, as seen at case 15 where both actual 
and predicted values reached 3.07%. Although small fluctuations 
exist, the overall predictive accuracy is very strong, confirming the 
model’s effectiveness in capturing CO2 emission dynamics across 
varying operating conditions.

Figure 15e illustrates the comparison of actual and forecast 
nitrogen oxides (NOx) emissions. The results reveal that the 
forecasting model successfully captured the progressive rise in NOx 
levels with increasing test cases, maintaining strong alignment 
with the measured data. At low-emission points, such as case 
1 (64.0 ppm actual vs. 63.7 ppm forecast) and case 2 (57.3 ppm 
actual vs. 57.4 ppm forecast), the deviation was negligible. Mid-
range predictions also followed the experimental trend closely, for 
example, 154.3 ppm actual compared to 153.5 ppm forecast at case 
7. The most noticeable discrepancy occurred at case 13, where 
the forecast slightly underestimated the peak value (262.8 ppm 
vs. 279.0 ppm actual). Nevertheless, the general fluctuation and 
magnitude of NOx emissions were consistently reproduced, with 
cases 14 and 15 again showing excellent agreement (189.0 vs. 
189.0 ppm; 227.3 vs. 227.2 ppm).

Figure 15f shows the comparison of actual and forecast 
hydrocarbon (HC) emissions. The model predictions demonstrated 
very close agreement with the experimental data, particularly 
in the low- and mid-range cases where the differences were 
practically negligible. For instance, at cases 1–5, the predicted 
values (21.9–36.7 ppm) were almost identical to the actual readings 
(22.0–36.7 ppm). The model also successfully tracked variations 
in the higher emission zones, such as case 9, where both 
actual and forecast values aligned perfectly at 43.7 ppm. Small 
discrepancies appeared at certain points, most notably at case 10 
(39.8 ppm forecast vs. 38.7 ppm actual) and case 15 (40.1 ppm 
forecast vs. 45.7 ppm actual), but these remained within acceptable 
error margins. 

4.2.2 Cascade ANN
The performance evaluation of the Cascade ANN model for 

predicting engine performance and emissions is shown in Table 3. 
The model achieved good predictive accuracy, with correlation 
coefficients (R) above 0.93 for all parameters, reaching as high 
as 0.9998 for BTE and 0.9996 for BSFC. Similarly, the coefficient 
of determination (R2) values confirm the strong fit, with BSFC 
and BTE exceeding 0.999, while slightly lower but still acceptable 
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FIGURE 15
Comparison of actual and forecast (a) BSFC, (b) BTE, (c) CO, (d) CO2, (e) NOx and (f) HC emission across the test cases for Elman neural networks.

accuracy was observed for CO (R2 = 0.8769). Error metrics including 
MAD, MSE, RMSE, and MAPE further reinforce the robustness 
of the Cascade model, with particularly low errors for BTE (MAD 
= 0.0433, MAPE = 0.47%) and CO2 (MAD = 0.0226, MAPE 
= 0.95%). Although NOx and HC presented relatively higher 
RMSE values (5.22 and 0.60, respectively), their predictive accuracy 
remains within practical limits for combustion and emission 
modeling. Overall, the Cascade network demonstrates a highly 
reliable performance, making it a suitable approach for capturing the 
nonlinear dynamics of engine behavior under different fuel blends.

Figure 16a depicts the comparison of actual and forecast 
brake specific fuel consumption (BSFC) across 15 test cases for 
Cascade neural networks. The forecast model reproduced the overall 
decreasing trend of BSFC as the test case number increased, with 
values showing very close agreement to the experimental data. For 

example, at higher BSFC levels in test cases 1–3, the predictions 
were within a narrow range of the measured values (1562.2 g/kWh 
forecast vs. 1525.4 g/kWh actual at case 1, and 1495.1 g/kWh 
forecast vs. 1498.5 g/kWh actual at case 3). At mid-range operating 
conditions, the model continued to track the actual trend accurately, 
such as case 7 (628.3 g/kWh forecast vs. 625.7 g/kWh actual) and 
case 9 (676.8 g/kWh forecast vs. 690.0 g/kWh actual). Toward 
the lower BSFC region (cases 13–15), the forecast remained 
highly consistent, with differences of less than 2 g/kWh in some 
instances. Although minor deviations were observed, such as in 
case 6 where the forecast slightly overpredicted (902.6 g/kWh vs. 
892.4 g/kWh actual), the overall predictive accuracy was strong. 
These results indicate that the forecasting model reliably captures 
both magnitude and trend of BSFC under different engine operating
conditions.
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TABLE 3  Performance evaluation metrics of the Cascade neural network for BSFC, BTE, and exhaust emissions (CO, CO2, NOx, HC).

Metric BSFC BTE CO CO2 NOx HC

R 0.9996 0.9998 0.9364 0.9981 0.9981 0.9975

R2 0.9992 0.9996 0.8769 0.9961 0.9962 0.9950

MAD 7.0864 0.0433 0.0034 0.0226 2.1741 0.4399

MSE 128.7558 0.0090 0.0000 0.0011 27.2919 0.3597

RMSE 11.3471 0.0947 0.0057 0.0338 5.2242 0.5997

MAPE 0.8741 0.4673 2.8563 0.9545 1.1999 1.2101

FIGURE 16
Comparison of actual and forecast (a) BSFC, (b) BTE, (c) CO, (d) CO2, (e) NOx and (f) HC emission across the test cases for Cascade neural networks.
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Figure 16b presents the comparison of actual and forecast 
brake thermal efficiency (BTE). The results indicate that the model 
reproduced the increasing efficiency trend with high fidelity, with 
forecast values closely matching the experimental data across 
low, medium, and high operating conditions. At the lower range, 
predictions were nearly identical, such as case 2 (6.065% forecast 
vs. 6.065% actual) and case 3 (5.44% forecast vs. 5.41% actual). 
In the mid-range cases, the agreement was similarly strong, for 
example, at case 7, where both actual and predicted values were 
12.58%. At higher efficiencies, the model maintained accuracy 
with minor variations, such as at case 13 (16.66% forecast vs. 
16.50% actual) and case 15 (16.24% forecast vs. 15.98% actual). 
Although small deviations occurred at case 1, where the model 
slightly underpredicted (4.96% vs. 5.16%), the general performance 
demonstrated excellent consistency.

Figure 16c compares actual and forecast carbon monoxide 
(CO) emissions. The predictive model consistently followed the 
experimental trend, with values aligning closely across the full range 
of operating conditions. At low emission levels, such as cases 1–3, the 
forecast values (0.101%–0.120%) nearly overlapped with the actual 
data (0.100%–0.120%). Mid-range points also exhibited strong 
agreement, for instance case 6 where both actual and forecasted 
CO were 0.130%. Slight overestimations appeared in certain cases, 
notably case 12 (0.132% forecast vs. 0.120% actual) and case 13 
(0.149% forecast vs. 0.135% actual), but the deviations remained 
within a small margin. The peak condition at case 15 showed 
excellent alignment, with the model exactly replicating the measured 
value of 0.153%.

Figure 16d illustrates the comparison between actual and 
forecast carbon dioxide (CO2) emissions. The predictive 
model demonstrated excellent performance in reproducing the 
experimental trend, with forecast values consistently following the 
measured data across all operating points. At the lower end, case 
2 showed perfect agreement at 1.20%, while case 1 displayed a 
slight overestimation (1.97% forecast vs. 1.90% actual). In the mid-
range, the alignment was strong, such as case 7 (2.50% forecast 
vs. 2.50% actual) and case 10 (2.80% forecast vs. 2.80% actual), 
where the forecast values matched exactly. Toward the higher 
emission region, the model maintained high accuracy with minimal 
deviations, for example, at case 13 where the forecast (3.12%) slightly 
underestimated the actual (3.20%). The peak condition at case 15 
was captured almost perfectly, with 3.07% forecast compared to 
3.07% actual.

Figure 16e presents the comparison of actual and forecast 
nitrogen oxides (NOx) emissions. The model showed a strong ability 
to reproduce the experimental pattern, with very close agreement 
at both low and mid-range operating points. For instance, cases 
2, 5, and 8 showed perfect matches between forecast and actual 
values (57.33 ppm, 94.00 ppm, and 126.00 ppm, respectively). At 
higher loads, the forecasts remained accurate, as in case 10 (201 ppm 
forecast vs. 201 ppm actual) and case 12 (177 ppm forecast vs. 
177 ppm actual). Slight underestimations appeared in the peak 
regions, most notably at case 13 where the forecast predicted 
265.7 ppm compared to the actual 279 ppm, and at case 15 with 
212.6 ppm forecast versus 227.3 ppm actual. Despite these small 
deviations, the overall error margin remained narrow, and the 
general rising and falling trends were well captured.

Figure 16f shows the comparison of actual and forecast 
hydrocarbon (HC) emissions. The predictive model followed the 
experimental data with high consistency, capturing both the 
magnitude and oscillating trend of HC variations. At lower emission 
levels, the agreement was very close, such as case 2 (21.99 ppm 
forecast vs. 22.00 ppm actual) and case 4 (28.04 ppm forecast 
vs. 28.00 ppm actual). In the mid-range, the model tracked the 
fluctuations effectively, for instance at case 7 where 31.24 ppm 
was predicted against 30.67 ppm actual. At higher HC levels, 
small deviations were observed, as in case 9 where the forecast 
(42.65 ppm) slightly underestimated the actual (43.67 ppm), and 
case 15 where the forecast (44.61 ppm) was marginally below 
the actual (45.67 ppm). Nonetheless, these discrepancies remained 
within acceptable tolerance, and the overall emission pattern was 
accurately reproduced. The results confirm that the forecasting 
model is reliable in simulating HC emissions, demonstrating 
capability in handling the nonlinear variability associated with 
incomplete combustion. 

5 Conclusion of ABE fuel for diesel 
engine

This study used a single-cylinder direct injection diesel engine 
at 1,200 rpm to evaluate the impact of ABE–diesel blends (ABE5 
and ABE10) compared with baseline diesel across five loads. 
Performance, combustion and emission parameters were assessed, 
while machine learning prediction using Cascade ANN and Elman 
ANN provided deeper insights into nonlinear interactions and 
predictive reliability.

• Performance 

○ ABE5 consistently enhanced brake specific fuel 
consumption (BSFC) and brake thermal efficiency 
(BTE) at light-to-medium loads, achieving up to 
15% BSFC reduction and 17.5% BTE improvement 
compared to diesel.
○ At higher loads, ABE5 come together with diesel 

performance, confirming stable efficiency without major 
penalties.
○ ABE10 showed mixed outcomes: occasional efficiency 

improvements at moderate loads but penalties at high 
loads due to reduced heating value and cetane index.

• Combustion Stability 

○ Indicated mean effective pressure (IMEP) was lower for 
both ABE blends, with ABE10 offering smoother stability 
than ABE5 at partial loads.
○ Coefficient of variation of IMEP (COVIMEP) highlighted 

that ABE5 stabilizes with increasing load, while ABE10 
remained stable at medium loads but deteriorated 
at full load.

• Emissions 

○ CO emissions. ABE5 consistently reduced CO compared 
to diesel, especially at higher loads, indicating more 
complete combustion.

Frontiers in Energy Research 15 frontiersin.org

https://doi.org/10.3389/fenrg.2025.1707341
https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org


Ngesti Rahaju et al. 10.3389/fenrg.2025.1707341

○ CO2 emissions. ABE5 achieved up to 37% reduction at 
light loads and ∼16% reduction at high load, lowering 
carbon intensity.
○ NOx emissions. ABE5 reduced NOx by up to 32% at 

full load, highlighting its effectiveness in moderating 
combustion temperature.
○ HC emissions. ABE5 reduced HC by up to 22%, while 

ABE10 tended to increase HC at light-to-medium loads 
due to incomplete combustion.

• Machine Learning Prediction 

○ Both Cascade and Elman neural networks achieved high 
accuracy (R > 0.93, R2 close to unity).
○ The Elman network captured nonlinear combustion-

emission dynamics effectively, while the Cascade model 
demonstrated slightly higher precision in predicting 
efficiency metrics.
○ Error metrics (MAD, MSE, RMSE, MAPE) were 

consistently low.

6 Limitation of the study

This study has several limitations related to both the 
experimental setup and the ANN modeling. The experiments 
were performed using a single-cylinder diesel engine with a 
conventional injection system, which restricts precise control of 
injection pressure, atomization quality, and in-cylinder mixture 
formation. These hardware constraints may have contributed to 
the observed combustion instability, particularly at high loads 
with ABE10. Furthermore, the high COVIMEP values observed at 
certain load points indicate unstable combustion behavior that 
would be operationally unacceptable in real-world engines. While 
these conditions were included in the experimental discussion to 
illustrate the limits of stable operation, they are not part of the ANN 
models. Also, the CO2 values are analyzer concentrations. They do 
not represent mass-specific emissions. A full carbon balance using 
exhaust flow, CO, CO2, and HC would be needed to determine CO2
in g per kWh.

On the modeling side, the artificial neural network (ANN) 
was developed from a relatively small dataset obtained under 
steady-state conditions at 1,200 rpm. Although the dataset 
size was limited, it was the result of hundreds of preliminary 
training and optimization trials. During early trials, the model 
exhibited very low correlation (R) and determination (R2) 
values. The predictive accuracy improved substantially only 
after additional operating parameters and fuel blend variations 
were introduced as input variables. This iterative process 
demonstrated that ANN performance can still be enhanced 
through careful input selection and tuning, even with limited
experimental data.

Having said that, future studies should address these limitations 
by expanding the dataset to include transient, multi-speed, and 
multi-cylinder operating conditions, improving injection control, 
and implementing advanced data acquisition systems. These 
efforts will enhance combustion stability, data consistency, and 
the generalization capability of the ANN model for practical 
diesel–biofuel applications. 

7 Implications and future research 
directions on ABE-diesel blends

The findings of this study show several important implications. 
From a technical standpoint, ABE5 emerges as a viable low-
level blend that can be directly used in compression ignition 
engines without requiring hardware modification, offering tangible 
efficiency gains and emission reductions under practical duty 
cycles. On the industrial side, the adoption of low-percentage 
ABE blending (5%) provides a short-term solution for reducing 
reliance on fossil diesel in both transport and stationary power 
applications, particularly in generator sets and urban driving 
cycles where efficiency and emissions are critical. Environmentally, 
the significant reductions in NOx, CO, and CO2 emissions 
observed with ABE5 support national and global efforts toward 
climate mitigation and improved air quality, aligning with 
international decarbonization targets. In terms of modeling and 
optimization, the ANN frameworks highlights their potential 
as reliable predictive tools that can serve as the foundation 
for optimization strategies in biofuel blend design and engine
performance.

A number of future directions are recommended. Broader 
validation requires expanding testing to multi-cylinder engines and 
transient operating conditions to capture real-world applicability. 
Integrating optimization frameworks with ANN models offers 
opportunities for real-time engine control and adaptive fuel 
management strategies. Furthermore, conducting techno-
economic assessments and lifecycle analyses will be essential to 
quantify carbon savings, environmental benefits, and the cost 
competitiveness of ABE biofuel at larger scales. Finally, comparative 
studies involving other oxygenated fuels such as butanol, ethanol, 
and biodiesel are encouraged to develop a broader predictive 
model database that supports more comprehensive biofuel
strategies.
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Nomenclature

ABE Acetone–Butanol–Ethanol

ANN Artificial Neural Network

BMEP Brake Mean Effective Pressure (bar)

BP Brake Power (kW)

BSFC Brake Specific Fuel Consumption (g/kWh)

BTE Brake Thermal Efficiency (%)

CI Compression Ignition

CO Carbon Monoxide

CO2 Carbon Dioxide

COVIMEP Coefficient of Variation of Indicated Mean Effective 

Pressure (%)

HC Hydrocarbon

HRR Heat Release Rate (J/°CA)

IMEP Indicated Mean Effective Pressure (bar)

MAE Mean Absolute Error

MAD Mean Absolute Deviation

MAPE Mean Absolute Percentage Error (%)

MSE Mean Squared Error

NOx Nitrogen Oxides

PM Particulate Matter

R Correlation Coefficient

R2 Coefficient of Determination

RMSE Root Mean Squared Error

rpm Revolutions Per Minute

TDC Top Dead Center

Symbols

W Weight matrix in ANN model

b Bias term in ANN model

(f) Activation function

Nm Newton meter (engine load)

Abbreviations

HiCOE Higher Institution Centre of Excellence

MOHE Ministry of Higher Education

R&D Research and Development
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