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A R T I C L E  I N F O
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A B S T R A C T

In striving for sustainable alternatives to gasoline, Oxyhydrogen (HHO) has emerged as a 
promising substitute for Internal Combustion Engines (ICEs). HHO blends not only improve en
gine efficiency but also reduce harmful emissions. On-site, HHO utilization in the engine, erad
icates low energy density and storage challenges. The current study combined cutting-edge 
machine learning (ML) techniques like Artificial Neural Network (ANN) and Gradient-based 
optimization to effectively utilize HHO with gasoline. Experimentation involved a single- 
cylinder spark ignition (SI) engine fueled by varying HHO-gasoline blends across different 
loads and speeds. Iterative tuning of the loss function led to the identification of the optimal 
architecture, denoted as 2HL-10N (2 hidden layers with 10 neurons each), with impressive cor
relation coefficients (0.99481 for training, 0.9781 for validation, 0.96914 for testing, and overall, 
0.98819). Subsequently, ANN led Gradient-based optimization unveiled key performance metrics 
along with emissions. Upon implementing optimized conditions (HHO: 3.78 l/m, load: 100 %, 
and 3465 rpm), notable enhancements were observed. The torque and efficiency increased by 
11.8 %, and 7.1 %, respectively. Furthermore, brake-specific fuel consumption, carbon monoxide, 
and hydrocarbon emissions showed a reduction of 11.5 %, 27.1 %, and 36.6 %, respectively. ANN 
based optimal engine operation revealed HHO as a potential replacement for conventional 
gasoline.

1. Introduction

Modern transportation heavily relies on ICEs. Over 99.9 % of global vehicles, including 1.4 billion cars and 380 million commercial 
vehicles, utilize ICEs, with further growth anticipated [1]. ICEs utilizing fossil fuels account for 25 % of the world’s power and, as a 
consequence, generate about 10 % of the world’s greenhouse gas (GHG) emissions [2]. Industrial expansion and rapid population 
growth accelerate the use of conventional fuels, threatening the environment, energy security, and economic stability [3,4]. The shift 
to new technologies is promising, but the intricate shift requires consideration of infrastructure, economy, and society’s complexities.

United Nations, in 2015, developed sustainable development goals (SDGs) to tackle such complexities [5]. Consequently, the 
significance of ICEs powered by alternative fuels such as hydrogen grows exponentially [6–8]. Various studies focused on different 
SDGs for better operation of the engines. The various projects linked to SDG 7 were performed to enable access to sustainable, reliable, 
affordable, and modern energy for all. Furthermore, the impact of energy utilization on the environment was also studied to take action 
against climate change and to promote environment-friendly technologies for global climate action (SDG 13) [9,10].

Hydrogen usage in traditional gasoline engines improves engine power and torque. Additionally, it decreases the harmful exhaust 
gases [11]. However, the inherent drawbacks of hydrogen like low energy density and high flame temperature, cause a reduction in the 
engine power along with higher levels of oxides of nitrogen (NOx). Challenges like distribution networks, and costly production and 
storage of hydrogen, hindered widespread hydrogen engine adoption [12,13].

Comparatively, hydrogen-blended conventional engines improve combustion duration and reduce emissions over mono-fuel en
gines by utilizing surrogate energy sources like methanol, ethanol, and methane [14]. Furthermore, Hydrogen’s quicker flame and 
ample oxygen requirement boost engine efficiency [15]. Researchers are directing their efforts toward addressing the challenges of 
introducing HHO gas, an alternative manifestation of hydrogen. HHO acts as both a fuel carrier for hydrogen and a combustor that 
assists with oxygen. Due to its wide range of flammability, it can be used in ICEs as a gaseous fuel similar to hydrogen. In addition, it 

Table 1 
Nomenclature.

Parameters Abbreviation

AAD Average Absolute Deviation
ANN Artificial neural networks
BP Brake Power
BSFC Brake Specific Fuel Consumption
BTE Thermal Efficiency
CO2 Carbon dioxide
CO Carbon monoxide
HC Hydrocarbons
HHO Oxyhydrogen
ICE Internal Combustion Engine
MAE Mean Average Error
NOx Nitrogen Oxide
RMSE Root Mean-Square-Error
R2 Coefficient of Determination
RSM Response Surface Methodology
SEP Standard Error of Prediction
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can be used in a variety of air-fuel ratios due to its versatility [16]. HHO gas remarkable diffusivity promotes homogeneous fuel-air 
amalgamation and diffuses leaks quickly to prevent or mitigate dangers [16–18]. Oxyhydrogen can be prepared in number of 
ways, including electrolysis, thermolysis, steam methane reforming (SMR), etc. [19–21]. Among these, electrolysis is preferred the 
most because of its simplicity, low energy consumption, cutting-edge cost, reliability, durability, safety, and the potential to yield 
99.98 % pure hydrogen [22,23].

However, low HHO density affects energy and fuel efficiency by increasing the demand for storage. High backfire risk due to short 
quenching distance can be reduced with a flame arrester. The presence of hydrogen content in HHO raises flame speed, demanding 
safer use in ICEs (see Table 1). Wang et al. examined SI engine performance using a gasoline and HHO mixture. The study concluded 
that raising HHO concentration enhanced brake thermal efficiency (BTE) by 6.9 %. Also, NOx emissions increased due to elevated 
combustion chamber temperature [24]. El-Kassaby et al. [25] found that adding HHO gas to the air/fuel mixture in an SI gasoline 
engine enhanced BTE by 10 %, cutting fuel consumption by up to 34 %. Additionally, emissions of carbon monoxide (CO), and hy
drocarbons (HC) decreased by 18 %, and 14 %, respectively. Falahat et al. [26] enhanced gasoline engine efficiency with hydrogen 
enrichment, achieving a remarkable 23 % peak improvement in BTE. Torque and brake power (BP) also surged by 12.6 %, while 
brake-specific fuel consumption (BSFC) reduced by 16.9 %. Moreover, higher HHO gas flow rates led to decreased CO emissions. 
Krishna et al. [27] demonstrated a 14.8 % decrease in BSFC and a remarkable 17.5 % improvement in BTE using gasoline and hydroxy 
gas. In addition, HC and CO emissions declined by 31 % and 13 %, respectively. In another study, Shinagawa et al. [28] discussed how 
electrolytes directly take part in the reaction and affect electrode stability. Then, it was declared that the properly chosen electrolyte 
was a key factor in determining gas purity and crucial for the stability and activity of the electrocatalysts [29].

Table 2 summarizes prior studies by different researchers who utilized HHO in SI engines, aiming to enhance operational pa
rameters. Conventional approaches to enhance hydrogen-blended ICEs, targeting emissions and performance issues, required 
expensive, time-intensive experimentation. Therefore, finding alternative strategies is crucial for sustainable practices. Table 2
highlights a noticeable gap in the research, as the existing studies have not yet harnessed the potential of Artificial Intelligence (AI) 
driven modeling techniques.

Several practices involving artificial neural networks (ANN), support vector regression, random forest, and gradient regression 
tress are used for optimization and prediction [46]. However, computational modeling, like ANN and Gradient-based optimization has 
risen to predict and optimize ICE features (combustion, emissions, and performance) via diverse input settings to mitigate the need for 
resource-intensive experimentation. Fu et al. [47] employed an ANN algorithm to predict the efficiency of an SI engine powered with 
gasoline. Comparisons between actual data and predictions revealed a well-trained network’s accurate forecasts with minimal RMSE. 
Moreover, a study conducted by Liu et al. [48] suggested that ANNs had better learning capability than support vector regression. 
Similarly, a study conducted by Liu et al. [49] utilized ANN to forecast the performance, combustion phasing, and emissions of a 
natural gas-powered SI engine. Huang et al. [50] used ANN to accurately predict various engine responses and proved ANN a suitable 
tool for engine analysis. Sun et al. [51] created ANN based models using Levenberg-Marquardt, Bayesian regularization, and scaled 
conjugate gradient algorithms to forecast torque, NOx, CO, HC, and particulate number (PN). The models exhibited excellent fitting 
and prediction, with a correlation coefficient of 0.99. Samuel et al. [52] used ANNs to model and predict the production of biofuel from 

Table 2 
An overview of the impact of hydroxy gas utilization in spark ignition engines.

Author(s) Fuel(s) used BP BSFC BTE CO CO2 HC NOx ANN

Nabil & Khairat [30] Gasoline + HHO ↑ ↓ ↑ ↓ × ↓ × ×

Wang et al. [31] Gasoline + 2 % and 4 % of HHO as the total intake mixture. × × ↑ ↓ × ↓ ↑ ×

Falahat et al. [26] Gasoline + HHO ↑ × ↑ ↓ × × ↓ ×

Al-Rousan [32] Gasoline + HHO as Supplementary Fuel × ↓ ↑ × × × × ×

Patil et al. [33] Gasoline + HHO × ↓ ↑ × × × × ×

Wang et al. [24] Gasoline + HHO as Supplementary Fuel ↑ ↓ ↑ ↓ × ↓ ↑ ×

Sa’ed & Al-Rousan [34] Gasoline + HHO was introduced before the carburetor’s downstream × ↓ × ↓ × × ↓ ×

Krishna et al. [35] Gasoline + HHO × × ↑ ↓ × ↓ ↓ ×

Karagöz et al. [36] (a) 3.75 % (2.5 % H2 + 1.25 % O2) 
(b) 7.5 % (5 % H2 + 2.5 % O2)

↑ ↓ ↑ ↓ × ↓ ↑ ×

Mohan et al. [26] Gasoline + HHO × × ↑ ↓ × ↓ ↑ ×

Al-Rousan & Musmar 
[37]

Gasoline + HHO through Air Injection ↑ ↓ ↑ ↓ × ↓ ↑ ×

Krishna [38] Gasoline + HHO ↑ ↓ ↑ ↓ × × ↓ ×

Wang et al. [39] Gasoline + H2 and O2 are introduced separately to the engine. ↑ ↓ ↑ ↓ × ↓ ↑ ×

Al-Rousan et al. [40] Gasoline + HHO was introduced before the carburetor’s downstream × × × ↓ ↓ × ↓ ×

Zhao et al. [41] a) Gasoline port injection + HHO 
b) Gasoline direct injection + HHO

↑ ↓ ↑ ↓ × ↓ ↑ ×

Karagöz et al. [42] Gasoline + HHO ↑ ↓ ↑ ↓ × ↓ ↑ ×

Le Anh et al. [43] The injection of gasoline and HHO downstream of the carburetor via 
an injector.

↑ ↓ ↑ ↑ ↑ ↑ ↑ ×

El-Kassaby et al. [44] Gasoline + HHO ↑ ↓ ↑ ↓ × ↓ ↓ ×

Gutarevych et al. [45] Gasoline + HHO was introduced before the carburetor’s downstream ↑ ↓ ↑ × × × × ×

Aminy et al. [46] Gasoline + HHO introduced into the intake manifold as supplementary 
fuel

↑ × × ↓ × ↓ × ×

“ ↑” indicates an increase, “↓” denotes a decrease, and “×” indicates that the parameter wasn’t studied.
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tobacco seed oil. The studies conducted earlier revealed the performance improvement of engines when used with HHO in blended 
form due to oxygen content and calorific value [53–55].

Table 2 highlights the absence of AI-oriented approaches in the domain of modernization of research methodologies in line with the 
advancements of the AI era. ANN aptitude to understand complicated arrangements and interactions of data, delivers viable solutions 
in automation and decision making. This research introduces an innovative solution for tackling the issues related to hydrogen-blended 
ICEs by employing the capabilities of AI, which is an uncharted domain. A viable and novel strategy is presented for enhancing engine 
efficiency, curbing emissions, and addressing worldwide climate challenges sustainably by integrating two sophisticated ML tech
niques (ANN and Gradient-based optimization). A grounding path opens up that has the potential to transform the field of sustainable 
transportation by synergizing AI-driven techniques with ICEs. The study aims to achieve the targets of two sustainable development 
goals (7 and 13), which highlight the significance of clean energy and climate action. The integration of two cutting-edge ML tech
niques contributes significantly to global environmental preservation, and energy conservation efforts by reducing resource-intensive 
experimentation. Also, this work frames as an encouragement for greener paths of the transition phase of automotive industry.

2. Materials and methods

2.1. Experimental setup and test plan

A small cell electrolyzer composed of stainless-steel plates (SS316L) was created to develop HHO from distilled water. The spec
ifications of HHO generator are shown in Table 3. Potassium Hydroxide (KOH) was used as the catalyst together with distilled water at 
a concentration of 6 g/L (mass by volume) owing to its enhancement in conductivity and inhibition of corrosion. The low-cost structure 
of the cell in comparison to that of the wet cells makes it ideal for power and automobile usage. Additionally, the cell possesses good 
electrical conductivity, good corrosion resistance, high melting point, low weight and excellent thermal conductivity. SS316L is used 
as the cell’s electrode, thereby helping to increase electrolysis efficiency. A reservoir or separation tank supplied electrolyte (water and 
KOH) to the cell ensuring continuous HHO production. A ball valve adds catalyst-containing distilled water. Generated HHO along 
with water droplets return to the tank’s top. Hoses manage water inflow and HHO gas outflow from the cell. HHO gas is then sent to the 
carburetor upstream. Eqs. (1)–(3) [56] demonstrate HHO production process of the electrolyzer. 

At cathode : 4H2O(l)+ 4e− → 2 H2(g) + 4OH− (aq) (1) 

At anode : 4OH− (aq) → O2 +2H2O(l) + 4e− (2) 

Overall reaction : 2H2O(l) → 2H2(g) + O2(g) (3) 

An air-cooled, single-cylinder, four-stroke, spark-ignition HONDA GP160 engine was employed without any alteration in the study 
for testing purposes. The technical aspects of the test engine are detailed in Table 4. A Dynomite seven-inch water brake dynamometer 
was utilized for performance testing. A water pump and a system of pipes were used to manage the hydraulic load. The control panel of 
the Dynomite recorded speed, torque, and BP. Gasoline consumption was measured using a flowmeter. The hydroxy gas flow rate was 
measured using a gas rotameter in standard cubic feet per hour (SCFH). Brake specific fuel consumption (BSFC) and BTE were 

Table 3 
Specification of HHO generator.

Specification Details

Plate Material SS 316-L
Size (cm) 16.5 × 0.1 × 16.5
No. of plates 24
Electrodes Anode plates at centre (2), Cathode plates on ends (2)
Plates space (mm) 2
Input (A, V) 0–60, 35
Catalyst KOH in distilled water
HHO generation (SCFH) 0–10

Table 4 
Technical aspects of the test engine.

Specification Value

Bore x stroke 68 × 45 mm
Displacement 163 cm3

Compression ratio 8.5:1
Number of valves 2
Fuel tank capacity 3.1 L
Lubricating oil storage 0.6 L
Power 3.6 kW
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determined based on density and heating values. The emissions were quantified using EMS-5002 exhaust analyzer.
Fig. 1 illustrates the experimental setup. HHO was used with gasoline in concentrations of 0, 2, 4, 6, and 8 standard cubic feet per 

hour (SCFH), equivalent to 0, 0.94, 1.89, 2.83, and 3.78 l/min. The gas was supplied to the system by connecting the HHO cell to the 
upstream of the carburetor. The fuel mixtures were labeled as H0, H2, H3, H4, H6, and H8. The engine’s rotational speed was sys
tematically enhanced from 1300 to 3700 revolution per minute in enlargements of 300 rpm. Two different load conditions of 50 % and 
100 % were also applied. Measurements were taken when the engine reached a stable operating state. H0 concentrations were used as a 
baseline for comparison with the other fuel blends. To ensure accuracy, each test was conducted three times, and the average outcomes 
were recorded. Due to the high combustibility of HHO gas, safety precautions are essential. A flashback arrester was installed as a 
precaution to stop gas from going back into the generator and igniting it. The HHO unit was operated only when the engine was 
running. The leakages were eliminated by careful examination of the hose connections.

Fig. 1. Schematic of experimental set up.

Fig. 2. Flow chart for ANN integrated optimization model.
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2.2. Development of ANN prediction model

Utilizing AI-based engine modeling presents a promising avenue for swiftly constructing adaptive models of intricate systems [57,
58]. These models showcase a remarkable capacity to handle data uncertainty while maintaining computational efficiency [59]. As a 
result, these models are well-suited for real-time prediction and interpolation tasks in control scenarios. Specifically, ANN possesses 
inherent adaptability, allowing for the creation of robust models that authentically replicate engine behavior across diverse studied 
variables. ANN’s are inspired by biological neural systems and widely adapted. They are computational and mathematical tools 
employed to predict the performance and emission characteristics of engines [60]. ANNs typically consist of 3 layers: input, hidden, 
and output. Data is processed in the hidden layer, and predictions are made in the output (Fig. 2). The model undergoes training, 
testing, and validation. Metrics like regression coefficient, MRE, and RMSE assess the model’s validation. Table 5 encompasses the 
formulas for the calculations of MSE, RMSE, and R2 [61,62]. In the current work, MATLAB software was utilized for the development of 
the ANN prediction model. A total of 11 parameters were under examination. Among these, three variables, namely, HHO concen
tration, load, and RPM, were selected as input factors for the model. Meanwhile, the remaining eight parameters, including BP, BSFC, 
BTE, CO, CO2, HC, and NOx, were designated as the model’s output variables. To balance input features, promoting effective weight 
adjustments and faster learning in the ANN model, the ’zscore’ normalization was employed. Weights serve as a long-term memory 
mechanism. The process of learning in an ANN involves iterative adjustment of these weights [63]. The study utilized 90 data sets each 
consisting of 3 input nodes and 8 corresponding outputs, resulting in a total neural data point for the output in the neural network. The 
’divideind’ function was used to split the data into three sets: 70 % for training, 15 % for validation, and 15 % for testing. This allowed 
for the randomized sampling of data points. To ensure a fair assessment of the model’s functioning and generalizability, the data must 

Table 5 
Formulas to check the correctness of models.

Parameter Mathematical Formulas

MSE 1
n
∑n

i=1
(Yobserved − YPredicted)

2

RMSE ̅̅̅̅̅̅̅̅̅̅
MSE

√

R2

1 −

∑
(Ytrue − YPridicted)

2

∑
(Ytrue − y)2

Fig. 3. Random distribution of data: (a) BTE; (b) CO.

Table 6 
Design parameters of ANN models.

Specifications Description

Software MATLAB
Normalization Function Zscore
Training Function Trainlm
Training Algorithm Levenberg-Marquardt
Activation Function ReLU
Epochs 1000
In-Training Performance Error histograms and regression plot
Post-training performance R, MRE, and RMSE
Data 70 % (63/90) for training, 15 % (13/90) for testing, and 15 % (13/90) for validation
Stopping Criteria Minimization of MSE
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be systematically dissented into sets.
Fig. 3 shows the random distribution of torque and CO2 data set. The training process utilized the ’trainlm’ function, which 

involved the application of the Levenberg-Marquardt algorithm. This algorithm proves advantageous in managing non-linear chal
lenges and achieving swift convergence, as it combines the strengths of both the Gauss-Newton and gradient descent techniques. The 
activation function chosen was Rectified Linear Unit (ReLU), although sigmoid and tanh functions are likewise frequently employed 
for analogous tasks [47,64]. To quantify the prediction error, the loss function was engaged. Subsequently, the error was transmitted in 
reverse via the system using backpropagation algorithm, leading to the adjustment of weights and biases. The adjustments were 
determined by evaluating the gradient of the loss function regarding the considerations. The modified weights and biases were 
subsequently revised in each iteration through the utilization of the ’Adam’ optimization algorithm. The RMS prop method is also 
widely recognized in this context [65]. The network architecture was chosen, and iterations of the ANN model were executed based on 
the loss function and termination criteria outlined in Table 6 using the dataset.

The MSE criterion was adopted as the loss function to minimize during the search for the architecture. To prevent overfitting, the 
training of the network was stopped when the validation error began to rise. The evaluation of performance metrics, including R, MSE, 
and RMSE, facilitated the measurement of the models’ stability and accuracy.

2.3. Development of gradient-based optimization model

The optimization is carried out using the ’fmincon’ function, which is a gradient-based optimization technique capable of handling 
constrained nonlinear optimization problems. The optimization options are configured to display the iterative process and utilize the 
Sequential Quadratic Programming (SQP) algorithm for efficiency. The goal of the study was to optimize engine operation by adjusting 
the HHO concentration, load, and speed parameters (see Fig. 2) while considering constraints related to emissions (CO, CO2, HC, NOx). 
An initial feasible point was determined by performing an optimization with a zero objective function while considering the con
straints. The feasible point was then utilized as the initial point for the main optimization task. The objective function to be minimized 
was defined as a weighted sum of various predicted engine performance metrics, including Torque, BSFC, BTE, BP, CO2, CO, NOx, and 
HC. The weights assigned to each metric are modifiable based on their priorities, allowing for customization according to specific 
optimization goals. Then, the assigned weights were chosen to balance engine performance metrics prioritizing torque, BP, BTE, 
maximization while minimizing emissions (see Table 7). The engine performance metrics were normalized using the ‘Z-Score’ method 
to ensure fair comparison across different scales. The normalized metrics were then combined using the predefined weights to calculate 
a weighted sum for each data point. The final optimization objective was to minimize the average weighted sum across all data points, 
thereby optimizing the engine’s performance while taking into account the specified constraints. The constraints were defined using 
specific values for CO, CO2, HC, and NOx emissions. In addition, the constraints were used to guide the optimization process and ensure 
that the resultant engine operation aligned with environmental regulations [66].

2.4. Uncertainty analysis

The analysis of uncertainties directs the correctness of recorded variables along with the extent of error related to the experimental 
data. Table 8 presents the range, accuracy and uncertainty associated with the recorded variables. Moreover, the total uncertainty was 
calculated using Eq. (4) [67]. The performance of the system was found to be accurate as the total uncertainty was 2.35 %. 

Total Uncertainty=
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(UBP)
2
+
(
USpeed

)2
+ (UNOx)

2
+ (UFC)

2
+ (UHC)

2
+ (UCO2 )

2
+ (UCO)

2
√

(4) 

Table 7 
Objective weights for engine performance optimization.

Variable Torque BP BSFC BTE CO CO2 HC NOx

Weight 1 1 − 1 1 − 1 − 1 − 1 − 1
Objective Maximize Maximize Minimize Maximize Minimize Minimize Minimize Minimize

Table 8 
Range and accuracy for recorded variables.

Measured parameters Range Accuracy Uncertainty (%)

BP 0–50 kW ±0.05 kW ±1
Speed 0–8000 rpm ±5 rpm ±0.5
NOx 0–5000 ppm ±1 ppm ±1
Fuel consumption 0–500 mL ±0.1 mL ±0.5
HC 0–5000 ppm ±1 ppm ±1
CO2 0–18 % ±0.1 % ±1
CO 0–18 % ±0.01 % ±1
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Total Uncertainty=
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(1)2
+ (0.5)2

+ (1)2
+ (0.5)2

+ (1)2
+ (1)2

+ (1)2
√

Total Uncertainty=2.35% 

Fig. 4. Effect of HHO concentrations and engine speeds on output parameters: (a) torque; (b) BP.

Fig. 5. Effect of HHO concentrations and engine speeds on output parameters: (a) BSFC; (b) BTE.

Fig. 6. Effect of HHO concentrations and engine speeds on output parameters: (a) CO; (b) CO2.
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3. Results and discussion

3.1. Performance and emissions

The relationship between torque and engine speed is presented in Fig. 4(a) for different HHO concentrations, encompassing both 
50 % and 100 % load conditions. The study conducted by Falahat et al. [26] suggested 12.6 % increase in both torque and BP as 
hydrogen concentration raised, compared to the engine’s performance when operating on H0. The torque increased by 2.8 %, 12.2 %, 
17.4 %, and 19.6 % at a 50 % load condition and by 6.3 %, 7.8 %, 8.2 %, and 11.3 % at a 100 % load for H2, H4, H6, and H8 mixtures, 
respectively. Fig. 4(b) also indicates that a gradual increase in hydrogen significantly improved the BP of the engine. The average 
increase of 4.2 %, 9.5 %, 12.5 %, and 15.1 % were observed for the mixtures H2, H4, H6, and H8, respectively. The flame speed of 
general fuels like gasoline, CNG, and CNG-HHO blend are 0.5, 0.41 and 1.85, respectively [53]. However, the exponential rise in 
HHO’s heating value, owing to two hydrogen atoms per unit, demands more combustion energy. Higher HHO concentration intensifies 
energy release due to hydrogen’s flammability, lessening the need for additional combustion. Elevated pressure generation in the 
engine cylinder enhances torque output across the speed range [26,36].

Fig. 7. Effect of HHO concentrations and engine speeds on output parameters: (a) HC; (b) NOx.

Fig. 8. The architecture of 2HL-10N prediction model.
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It is clear from Fig. 5(a) that BSFC continually reduces as the concentration of HHO rises, which can be ascertained from the 
literature [26,35], showing 14.8 % and 16.9 % decline, respectively. Average BSFC declined by 2.4 %, 9.8 %, 14.9 %, 17.7 % at 50 % 
load and 7.0 %, 10.8 %, 11.9 %, 15.2 % at 100 % load conditions for H2, H4, H6, and H8 blends, respectively. It is credited to the 
quicker burning of hydrogen which follows a constant volume process. Consequently, higher power is generated from the energy 

Fig. 9. Regression plot of 2HL-10N model.

Fig. 10. Learning Curve of 2HL-10N model.
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delivered to the engine. Furthermore, the addition of oxygen to the mixture enhances burning process [22]. In Fig. 5(b), the increase in 
the BTE can be observed for H2, H4, H6, and H8 as 4.2 %, 11.9 %, 17.3 %, 19.5 % at 50 % load and 7.8 %, 8.6 %, 9.6, 13.9 % for 100 % 
load condition, respectively. The literature revealed up to 17.5 % increase in BTE of the engine [24,26,27]. The stable hydrogen 
addition yields quicker, efficient combustion with a denser mixture, promoting lean burn. Oxygen improves combustion and increases 
engine thermal efficiency [54,55].

The addition of hydrogen in the engine reduces the overall carbon percentage and improves the hydrogen ratio which leads to 
smoother and lean combustion with better flame propagation and combustion velocities. The decrease in the carbon values signifi
cantly improves the emissions of the engine as most of the engine emissions are carbon oxides and unburnt hydrocarbons. The impacts 
of hydrogen addition on CO emissions are presented in Fig. 6(a), which are within the range as mentioned in the literature (31 % 
decline) [25,27]. The addition of hydrogen reduces CO emissions which could be apprehended by quick and complete oxygen con
sumption. CO emissions decreased by 7.1 %, 13 %, 18.4 %, and 22.8 % on average for H2, H4, H6, and H8 fuel blends, respectively. 
Similarly, emissions of CO2 also declined by 3.7 %, 7.1 %, 12.5 %, and 16 % at 50 % load and 5.7 %, 9.3 %, 12 %, and 14.9 % at 100 % 
load for H2, H4, H6, and H8 blends respectively (Fig. 6(b)).

Table 9 
Performance metrics of the 2HL-10N model for each output (training set).

Parameter R MRE RMSE

Torque 0.99792 − 0.2208 0.0633
BP 0.99881 − 0.0004 0.0484
BSFC 0.98896 − 0.7270 0.1427
BTE 0.99002 − 0.0291 0.1359
CO 0.99776 − 0.0372 0.0675
CO2 0.99708 0.0463 0.0778
HC 0.99474 0.1253 0.1055
NOx 0.99233 0.0424 0.1223

Fig. 11. Comparative analysis of various data sets: (a) torque with data point index; (b) actual and predicted torque; (c) BP with data point index; d) 
actual and predicted BP.

M.N. Bashir et al.                                                                                                                                                                                                      Case Studies in Thermal Engineering 64 (2024) 105562 

11 



Fig. 7(a) depicts that for all combinations of fuel, HHO addition pointedly mitigated the HC emissions. The decrease in HC 
emissions was found to be 3.6 %, 6.4 %, 9.9 %, and 12.5 % at 50 % load and 4 %, 8.3 %, 12.5 %, and 16 % at 100 % load for H2, H4, H6, 
and H8 respectively. The unburnt HC was produced due to delayed flame development and propagation. The addition of hydrogen 
rectifies the mentioned problem by producing a denser mixture and reducing the flame propagation time, thus in return marginally 
decreasing the HC emissions [25,27]. The introduction of HHO produced a significant exception to the various other tailpipe emissions 
in the form of increased NOx emissions. It can be observed from Fig. 7(b) that NOx emission increases with the addition of HHO gas. 
The increments in NOx emissions were 4 %, 9.2 %, 14.5 %, and 20.3 % for blends of H2, H4, H6, and H8, respectively, which 
complimented the results of the study conducted by Wang et al. [24]. The emission of nitrogen oxides increases with the increase in the 
exhaust temperature as the tendency of nitrogen to form compounds is relatively high at elevated temperatures. The increased NOx 
emission with hydroxy gas blend is subjected to increased flame production and complete burning of fuel [39,41].

3.2. Effectiveness of ANN built prediction model

The neural network went through several iterations guided by the loss function and stopping criteria outlined in Table 6. The 
multilayer diagram (Fig. 8) of ANN involves fuel ratio, engine speed and load as three variables for input layer and BP, torque, BTE, 
BSFC, CO2, HC, CO, and NOx as output with eight layers for performance and emissions characteristics of the engine. As a result, the 
optimized architecture for the ANN model was found to be 2 hidden layers with 11 neurons (2HL-11N).

The ANN network detected the forecast. The regression plot in Fig. 9 reveals that data points tend to group closely near a diagonal 
line. Notably, 2HL-10N model demonstrated robust performance with superior R values of 0.99481 for training, 0.9781 for validation, 
0.96914 for testing, and an overall R-value of 0.98819.

Fig. 10 displays the learning curves, illustrating a noticeable initial training and validation loss. With the number of training and 
validation instances increased, the loss consistently decreased and levelled off. An effectively fitted model characterized by training 
and validation losses being close, with validation slightly higher. The result highlighted the importance of finding correct equilibrium 
concerning model intricacy and ability to extract patterns from data in a generalized manner. This balance helped avoid overfitting and 
underfitting, ultimately leading to improved performance. Table 9 shows the performance metrics of 2HL-10N model. The R, MRE and 

Fig. 12. Comparative analysis of various data sets: (a) BSFC with data point index; (b) actual and predicted BSFC; (c) BTE with data point index; d) 
actual and predicted BTE.
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RMSE values of all the outputs (brake power, torque, brake specific fuel consumption, brake thermal efficiency, carbon monoxide, 
carbon dioxide, unburnt hydrocarbon and oxides of nitrogen) used in training revealed acceptable performance of ANN network.

The model’s performance and accuracy were comprehensively evaluated by plotting the predicted outputs against the experimental 
values. Fig. 11(a) reveals performance of variable torque, focusing on the alignment between predicted and experimental values at 
each data point index. These indices represent the sequence of data points in the dataset, each corresponding to a distinct experimental 
condition. Notably, Fig. 11(b) showcases the proximity of predicted and experimental torque values for each data point index, 
providing graphical validation of 2HL-10N model’s performance metrics. Furthermore, Fig. 11(b) illustrates that the entire torque 
dataset forms a clustered distribution along a diagonal line at 45◦. Similarly, Fig. 11(c) and (d) demonstrate analogous trends for BP. 
The evaluation of BSFC, BTE (Fig. 12), CO, CO2 (Fig. 13), HC and NOx (Fig. 14) emissions depicted that the data was clustered around 
the line bisecting abscissa and ordinate axes at 45◦. The predictive model captured trends and overall behavior quite well. The ANNs 
model found accurate in predicting various parameters of engines, including performance and emission. The model portrayed a strong 
alignment among predicted and experimental data for torque, BSFC, BTE, BP, along with CO2, HC, CO, and NOx emissions. This 
consistent performance across different metrics highlights the model’s reliability in forecasting both engine efficiency and emissions, 
reinforcing the model’s effectiveness.

The model’s robustness was comprehensively evaluated by plotting the test sets against the experimental values [67,68]. The 
coefficient correlation (R), and RMSE can be seen in Table 10. Most of the values revealed the higher effectiveness of the developed 
network.

Fig. 15 portrays a comparative analysis of tested and experimental torque. The R value for the torque is 0.97299 that implies 
significant alignment between the experimental and predicted outcomes. Subsequently, the developed model is appropriate for the 
estimation of engine torque. Accordingly, the predicted data ascertained from the developed model was compared with the experi
mental data for comparative analyses of BP (Fig. 16), CO (Fig. 17), and NOx (Fig. 18). The correlation coefficient (0.98451 and 
0.95638 for BP and NOx respectively) and RMSE (0.11321 and 0.06149 for BP and NOx respectively) signify reliability of 2HL-10N 
Artificial Neural Network. The experimental and estimated values found in vicinity, revealing the superior effectiveness of the 
network. The case is not the same for CO as it has a lower correlation coefficient of 0.81927 but one can argue that it still has a 
predictive capability. Other parameters in the study have a low Mean Relative Error (MRE) except for BP which has a relatively high 

Fig. 13. Comparative analysis of various data sets: (a) CO with data point index; (b) actual and predicted CO; (c) CO2 with data point index; d) 
actual and predicted CO2.
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mean of 0.2422 showing how scattered values are within BP. The low RMSE values all further support the credibility of the model in 
making accurate and precise forecasts for practical applications in predicting engine behaviors.

3.3. Gradient-based optimization of engine

The optimal engine operational parameters were determined using gradient-based optimization in the context of artificial intel
ligence. These included a load configuration of 100 %, an HHO concentration of 8 SCFH, and an engine speed of 3465 rpm. After that, 
the trained ANN model was used to forecast output. The optimized outputs are listed in Table 11. An experimental verification was 
performed through a confirmation test to confirm the optimized results. The findings are also summarized in Table 11.

Running the engine using the identified parameters produced the most favorable outcomes, which were in line with the study’s 
goals. Table 12 presents a comparison of the engine outputs when operating at 3465 rpm, 100 % load, and 8 SCFH HHO concentration. 
The same speed and load conditions were considered for the gasoline-fueled engine. Positive values in the table signify a percentage 
increase, while negative values indicate a percentage reduction.

Fig. 14. Comparative analysis of various data sets: (a) HC with data point index; (b) actual and predicted HC; (c) NOx with data point index; d) 
actual and predicted NOx.

Table 10 
Robustness metrics of model for the output (test set).

Parameters R RMSE

Torque 0.97299 0.054272
BP 0.98451 0.11321
CO 0.81927 0.10286
NOx 0.95638 0.061499
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Fig. 15. Comparative analysis of tested and experimental torque.

Fig. 16. Comparative analysis of tested and experimental BP.

Fig. 17. Comparative analysis of tested and experimental CO.
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4. Conclusion

Numerous investigations on hydrogen utilization with gasoline are available in the literature. The storage issue to supply hydrogen 
at the inlet of engine can be resolved via on board HHO gas production and utilization. The current work combined ANN and Gradient- 
based ML techniques to predict and optimize engine operation when fueled with gasoline and HHO blends. The work directly aligns 
with SDGs 7 and 13, contributing to the development of sustainable energy while simultaneously addressing climate change. The novel 
study revealed that with the increase in HHO concentration, BP, BTE and torque were increased. Furthermore, BSFC, CO, HC and CO2 
showed a visible decline. Subsequently, in case of prediction modeling, the optimal 2HL-10N architecture provided high R values 
(0.99481 training, 0.9781 validation, 0.96914 testing, 0.98819 overall). The model maintained low RMSE and MSE values and 
predicted accurately. Afterward, Gradient-based optimization revealed the optimal condition for engine operation using HHO along 
with gasoline. The optimization yielded optimal conditions as 3.7 l/m HHO volume flow rate, 3700 rpm, and 100 % load. BP, and BTE 
improved by 11.4 %, and 7.1 % at the optimized input variables as compared to gasoline, respectively. BSFC, CO, CO2, and HC 
emissions decreased by 11.5 %, 27.1 %, 7.6 %, and 36.6 % respectively. Enhanced hydrogen and oxygen quantity within induction 
charge managed better combustion and boosted heat along with discharge gas temperature. Consequently, an increment of 22.8 % in 
NOx emission content was recorded. A close alignment between test and optimized results validated the prediction and optimization 
using ANN and Gradient-based optimization. The very combination of ML techniques supports ethical production, sustainable oper
ation, and informed decisions for enhanced engine efficiency and reduced emissions when fueled with gasoline and HHO mixture.

The current work has assessed the effect of renewable fuel on performance and emissions along with successful predication and 
optimization by utilizing ANN and Gradient-based optimization. However, the impact of hydrogen on the lubricating oil of engine by 
employing various speeds and operating hours may be considered for future work. Moreover, various optimization techniques and 
ANN models with diverse algorithms and training functions may also be applied for the optimization and predictions of thermal 
systems. Consequently, a good percentage of time and cost associated with lubricating oil testing will be saved. Combination of 
optimization and prediction with other techniques like transfer and reinforcement learning can establish a broader future of AI by 
developing systems that are more capable, responsive and adaptive. Also, investigating the economic feasibility and scalability of HHO 

Fig. 18. Comparative analysis of tested and experimental NOx.

Table 11 
Comparative evaluation of optimized outcomes and verification test results.

Torque (Nm) BP (W) BSFC (Kg/kWh) BTE (%) CO (% V) CO2 (% V) HC (ppm) NOx (ppm)

Predicted- optimized values 6.35 2253 0.337 22.12 3.293 6.841 90.88 561.241
Experimental values 6.60 2334 0.353 23.07 3.469 7.166 95.45 592.009
% Error 3.8 3.6 4.5 4.1 5 4.5 4.8 5.2

Table 12 
Comparative analysis of H8 blend and gasoline at optimal operating conditions.

HHO (SCFH) Load (%) RPM Torque (Nm) BP (kW) BSFC (Kg/kWh) BTE (%) CO (% V) CO2 (% V) HC (ppm) NOx (ppm)

8 100 3465 6.35 2.25 0.337 22.1 3.29 6.84 90.88 561.2
0 100 3400 5.678 2.02 0.381 20.6 4.52 7.4 142 457
Percentage difference 11.8 11.4 − 11.5 7.1 − 27.1 − 7.6 − 36.0 22.8
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production, storage, and distribution, alongside improved electrolysis and storage technologies, can offer insight into broader 
hydrogen fuel adoption.
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[36] Y. Karagöz, L. Yüksek, T. Sandalcı, A.S. Dalkılıç, An experimental investigation on the performance characteristics of a hydroxygen enriched gasoline engine 

with water injection, Int. J. Hydrogen Energy 40 (1) (2015) 692–702.
[37] A.A. Al-Rousan, S.A. Musmar, Effect of anodes-cathodes inter-distances of HHO fuel cell on gasoline engine performance operating by a blend of HHO, Int. J. 

Hydrogen Energy 43 (41) (2018) 19213–19221.
[38] V.M. Krishna, Emissions control and performance evaluation of spark ignition engine with oxy-hydrogen blending, International Journal of Heat and 

Technology 36 (1) (2018) 118–124.
[39] S. Wang, J. Changwei, Z. Jian, Z. Bo, Comparison of the performance of a spark-ignited gasoline engine blended with hydrogen and hydrogen–oxygen mixtures, 

Energy 36 (10) (2011) 5832–5837.
[40] A.A. Al-Rousan, S. Alkheder, S.A. Musmar, Urban traffic pollution reduction for sedan cars using petrol engines by hydro-oxide gas inclusion, J. Air Waste 

Manag. Assoc. 65 (12) (2015) 1456–1460.
[41] Z. Zhao, H. Yan, Y. Xiumin, L. Ming, Z. Zhihong, G. Zezhou, W. Tianqi, L. Decheng, Comparative study on combustion and emission of SI engine blended with 

HHO by different injection modes of gasoline, Int. J. Hydrogen Energy 47 (80) (2022) 34273–34290.
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