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ABSTRACT

The advancement of diesel engine design has become increasingly reliant on computational
techniques to optimize performance while minimizing fuel consumption, emissions, and heat
transfer losses. This research explores the integration of genetic algorithm (GA) prediction models
and machine learning (ML) techniques to enhance diesel engine efficiency. The study employs
GA to generate optimal engine configurations by simulating various design parameters, selecting
the most efficient solutions based on performance criteria. Machine learning models are then
trained on experimental and simulated data to validate the accuracy of fuel consumption, emission
levels, and thermal characteristics. The combined approach enables real-time optimization by
iteratively refining engine parameters through adaptive learning. By leveraging data-driven
methodologies, this study provides a novel framework for designing high-efficiency diesel engines
with lower environmental impact. The results demonstrate that ML-assisted GA optimization
significantly improves fuel economy and emission compliance while enhancing thermal
performance. This research contributes to the on-going efforts in sustainable engine development,
offering a predictive and adaptable design methodology for future diesel engines. Traditional
methods rely on empirical correlations or computational fluid dynamics (CFD) simulations, which
are computationally expensive and time-consuming. This thesis explores the application of
machine learning (ML) techniques to predict and analyze heat transfer in IC engines. By leveraging
historical engine performance data and modern ML algorithms, we aim to provide an efficient,
accurate, and scalable solution for IC engine heat transfer analysis. The findings demonstrate the
potential of ML approaches to enhance the efficiency of engine development cycles.

Key Words: Design, Analysis, Machine Learning, Genetic Algorithm, Computational Fluid
Dynamics, efficiency, IC engines, Heat Transfer.
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LINTRODUCTION

The advancement of diesel engine technology is crucial for improving fuel efficiency, reducing
emissions, and enhancing thermal performance. Traditional design and optimization methods often
rely on experimental testing and computational simulations, which can be time-consuming and
costly [1-4]. However, with the emergence of artificial intelligence (Al) techniques, particularly
genetic algorithms (GAs) and machine learning (ML), a more efficient and intelligent approach to
diesel engine design has become possible. [4,6]Genetic algorithms, inspired by the principles of
natural selection, are widely used for solving complex optimization problems. By applying GAs,
diesel engine designs can be iteratively improved to achieve optimal performance in terms of fuel
consumption, emissions, and heat transfer characteristics. These algorithms allow engineers to
explore a vast design space, identifying configurations that balance efficiency and environmental
impact. Furthermore, machine learning models can be integrated to predict engine behaviour based
on historical data, simulations, and experimental results [7-9]. By training ML models with
extensive datasets, engineers can accurately estimate fuel consumption, emission levels, and heat
dissipation, enabling faster and more precise design iterations. The synergy between GAs and ML
enhances the optimization process by identifying patterns, refining parameters, and ensuring robust
verification of engine performance. This study explores the application of genetic algorithm
prediction models and machine learning techniques in the creation of a next-generation diesel
engine [10]. By leveraging Al-driven optimization and data-driven validation, this approach aims
to revolutionize diesel engine design, paving the way for more sustainable and energy-efficient
transportation solutions [11, 12].

1.1 Role of Machine Learning in IC Engine Heat Transfer Analysis

a) Surrogate Modelling

e ML serves as a surrogate model to approximate the results of computationally expensive
CFD simulations.

e Surrogate models predict heat transfer characteristics like temperature distribution, heat
flux, and thermal stresses based on input parameters (e.g., engine speed, combustion
temperature, coolant flow rate).

b) Pattern Recognition
e ML identifies patterns and trends in heat transfer data, such as correlations between

combustion parameters and heat losses.
e Insights from ML help in diagnosing inefficiencies and thermal anomalies in engine
systems.

¢) Optimization

e ML algorithms optimize engine design by iteratively learning the impact of design changes
on heat transfer performance.

e Examples include optimizing cooling channel geometries or combustion chamber designs.

d) Real-Time Prediction

e ML models predict heat transfer behavior in real-time, enabling adaptive thermal
management systems.

e These models are valuable for applications requiring fast responses, such as engine control
units (ECUs).
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1.2. Machine Learning Techniques Used

a) Regression Models

e Linear Regression, Polynomial Regression: Model simple relationships between input
parameters and heat transfer outputs.

e Support Vector Regression (SVR): Handles non-linear relationships in heat transfer
phenomena.

e Gaussian Process Regression: Provides uncertainty quantification, useful for surrogate
modeling.

b) Neural Networks

e Deep Neural Networks (DNNs): Capture complex, non-linear relationships in heat transfer
data.

e Convolutional Neural Networks (CNNs): Used for analyzing spatial heat transfer patterns
(e.g., temperature maps).

e Recurrent Neural Networks (RNNs): Handle temporal data in transient heat transfer
scenarios.

¢) Ensemble Methods

¢ Random Forests, Gradient Boosting (e.g., XGBoost): Offer high accuracy and robustness
in predicting heat transfer metrics.

e Useful for feature importance analysis to identify dominant factors affecting heat transfer.

d) Unsupervised Learning

e C(Clustering (e.g., k-Means): Identifies distinct regimes of heat transfer behavior.

e Principal Component Analysis (PCA): Reduces the dimensionality of complex datasets
while retaining essential features.

e) Reinforcement Learning

e Optimizes engine operation and thermal management systems by learning optimal
strategies through interaction with the environment.

1.3. Applications of ML in IC Engine Heat Transfer Analysis

a) Surrogate Models for CFD

e ML models trained on CFD or experimental data predict temperature fields and heat flux
distributions.

e Surrogate models significantly reduce the time required for iterative simulations.

b) Thermal Management Systems

e Real-time prediction of engine component temperatures for adaptive control of cooling and
lubrication systems.

e Minimizes overheating and enhances efficiency.

¢) Combustion Optimization

e ML analyzes the impact of fuel properties, injection timing, and air-fuel ratios on heat
transfer.

¢ Aids in designing combustion systems with minimal heat losses.

d) Material Performance Analysis

e ML predicts thermal stresses and deformation in engine components under varying
operating conditions.

e Enables material selection and design improvements.
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e) e. Emission Control
e ML links heat transfer characteristics to emission levels, guiding strategies to reduce NOx
and particulate matter.

II. METHODOLOGY
2.1 Data Collection
The dataset used in this study includes:

¢ Engine operating parameters (e.g., RPM, load, air-fuel ratio).
e Geometrical parameters (e.g., cylinder bore, stroke length).
e Heat transfer measurements obtained from experiments and simulations.

2.2 Data Pre-processing

e Handling missing values through interpolation.
e Feature scaling using standardization.
e Feature selection to identify key parameters influencing heat transfer.

2.3 Model Development
The following ML algorithms were implemented:

» Linear Regression

» Random Forest Regression

» Gradient Boosting Machines (GBM)
» Artificial Neural Networks (ANN)

2.4 ML Methodologies

This subsection describes the pre-processing of diesel engine data sets. Firstly, a variety of datasets
including engine speed, torque EGR rate and EGR gas temperature were acquired for different
operating conditions, thus, equalizing the inputs and outputs data for modelling. Then, each dataset
was scaled by using defining normalization formulation below. Where, x; 1 and r denote the input
vector, average and standard deviation of input datasets. In this study, four different ML regression
models (the decision tree regression, support vector machine regression, Gaussian processes
regression and ensemble ML regression were implemented and tested to predict the NOx and
BSFC of the diesel engine based on engine speed, torque, EGR rate, exhaust gas temperature
entering the intake manifold. ML regression models are very sensitive to hyper-parameter changes
of the models. After the model is chosen to define relationship between input and output of the
EGR cooling system, it is necessary to tune its parameters to obtain optimal prediction
performance [6]. There are different types and numbers of parameters for each ML model.
Different combinations of hyper parameters can be defined by using an optimization technique
that minimizes the error between the model output and the measurement results for a considered
model type. Therefore, obtaining successful results from the designed ML models depends on the
correct determination of hyper parameters. In this study, the grid search algorithm was used for
the purpose of determining hyper parameters of ML models to design the optimal model.
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Decision tree regression (DTR): Decision tree ML algorithms used for like classification or
regression application were developed by dividing the dataset into smaller and smaller subsets.
This ML method, in which both numerical and categorical data can be processed, consists of
decision and leaf nodes to predict the system response. The hyper parameter of DTR is minimum
leaf size.

Support vector regression (SVR): SVM regression was developed by Cortes and Vapnik. 24 The
inputs of the proposed system are denoted as x = 2N Eng spd; S Eng 1rg; h EGR Rate; TEXh Temp
while the outputs are y = NOx; BSFC S. The transformation function y = ¢ (x) is defined between
y and x. This estimated function represented as follows:

Y(x) =aw-@(x)+h

The C coefficient is defined as the regularization parameter. The nm and nmare slack variables.
Equation can be defined with Lagrange multipliers considering the optimization constraints below
in the explicit form.

W) = (tm — '), ) + b

m

Gaussian process regression (GPR): In this research study, GPR was used as another regression
method that determines the relationship between diesel engine parameters. GPR can be defined for
a given training dataset that contains input and output data. y indicates the Gaussian distribution
of the input x. A GP is a collection of stochastic variables that is determined with mean and
covariance matrix as follows

7' = 'uli_x*} + k(x', x)K J_I. (v — pl(x))

Ensemble ML methods: Bootstrap aggregation (bagging type) and boosting are known as the
ensemble ML method. This technique was used as the ML analysis in this study. The predictors
are randomly created and selected according to their accuracy success rate in the ensemble-based
random forest (RF) algorithm. Using ensemble learning methods to model complex dynamic
systems such as diesel engines are preferred as they perform better than global machine learning
models which create a single model from data set. Random decision trees are created in the RF
technique and are then selected and combined according to their success rate. However, although
the success rate of the boosting ensemble method is high, the bagging ensemble method overcomes
the over-fitting problem and reduces the variance of signal in data-based modelling.

GA and its integration with ML model: The GA is an evolutionary algorithm and widely used
in many engineering optimization problems. The advantage of GA optimization is parallel
operating capacity to solve complex problems at the cost of low computational efficiency. The
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algorithm works iteratively to minimize cost function. An appropriate selection of fitness functions
depends on the determination of GA parameters such as population size and genetic operator rates.
The population of individuals are candidate solutions for a problem that is demonstrated by linear
binary string states known as chromosomes. In GA, the chromosomes start randomly and will be
evaluated with the fitness function. Thereafter, the next generation of chromosomes is created by
implementing genetic operators such as mutation and crossover on the chromosomes. This GA
process is iteratively repeated until the end criterion is fulfilled. In this study, the goal is to find an
appropriate values combination for the proposed EGR cooling system variables so that they could
be utilized as an objective function expressed by the ML model for achieving optimal EGR exhaust
gas temperature and EGR rate values. The objective function obtained by the ML model for the
proposed electromechanical EGR cooling system design is expressed as follows:

]
minimize fyor mwe — Z ES;, ET;, EGRRate;, EGRTemp,
=1

Here, ES; ET; EGRrae and EGRremp represent engine speed, torque, EGR gas rate and exhaust gas
temperature entering the intake manifold. In addition, this optimization model is subjected to the
following constraints:

Min ES < ES <max ES

Min ET < ET <max ET

0 <EGR Rate < 15

55°C <EGR Temp < 130 °C

The above formula as a multi-objective optimization problem for the block diagram of the
designed system with GA is shown in Figure --. As presented in this figure, after the ML model
characterization was realized, as much data on the proposed EGR cooling system as possible to
cover majority of different engine operating conditions was collected. Then, the GA structure was
utilized to estimate the optimal EGR gas temperature and EGR rate by the obtained ML model for
NEDC and WLTP drive cycles.

ITII. RESULTS AND DISCUSSION
3.1 Machine Learning: Importing and Analysing the Data

Finding and loading the dataset into the Python interpreter is the process of data import. All further
investigation is predicated on this first step. Excel formats were the source of the datasets. Making
the data accessible for analysis and preparation is the aim. Importing the required Python libraries,
including Pandas, Numbly, Seaborne, Matplotlib, and Warnings, is the first and most important
step in order to analyze the dataset. For ignoring any warnings that might appear during execution,
the Warnings library is especially helpful. We import the experimental dataset using the Pandas
library. We can tell that the dataset has 13 characteristics and 361 rows by looking at its shape.
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Because manually recorded experimental data may contain errors, pre-processing the complete
dataset is necessary to guarantee correct data for modelling purposes.

The purpose of this pre-processing phase is to align the data and prepare them for processing by
machine learning algorithms. We provide the groundwork for additional analysis and modelling
activities by importing the necessary Python modules and preparing the dataset, which includes
cleaning and converting the data.

3.2 Modelling of system using machine learning

Microsoft Excel is used to store data gathered during physical experiments. Carbon monoxide,
hydrocarbon, smoke, nitrogen oxide, and brake thermal efficiency are thought of as reaction
factors, while load, biogas flow rate, and temperature are thought of as predictor variables.
Approximately 325 independent experiments are conducted with different input parameters, and
the outcomes are documented. A preliminary examination of the data is shown. After pre-
processing and random forest training, the data is used to determine the ideal input feature values.
The methods taken to arrive at the ideal value are shown in Figure-. Since all experimentation
values are manually recorded, they are subject to error. The complete dataset is pre-processed to
align the values appropriate for machine learning algorithms' processing before modelling begins.

Table 1. Analysis of dataset.

Load Intake Nox BT (%)
Temperature
Mean 12.5 68.4 432 26.4
Std 5.8 24.5 340 7.2
Min 4.2 35 10 8.4
25% 8.8 35 134 20
50% 12.6 60 335 30
75% 16.3 80 712 32.2
Max 20 100 1260 35

i i 2 | Prediction  [oammm
*Missing value analysis 'madeilng | '

sCorrelation analysis sMinimizing output gases

+Dividing dataset into sModeling using Random *Maximizing efficiency
training and testing forest Regressor
sNormalization sValidation of Results |

l' Data N o -
reprocessing
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Figure. 1. Modelling methodology.

Each aspect may have a varied range of numbers, and the values are reported on various scales.
Differences in the scales among the input variables could make it more difficult to comprehend
the problem being modelled are outcomes. Since algorithms typically deal with numerical values,
every piece of data is analyzed quantitatively, which will have an effect on the modelling. There
will have a significant effect on the outcomes when each feature's range varies. Therefore, min—
max normalization is used to normalize the data to a range between 0 and 1 in order to prevent
such an anomaly. To lessen anomaly brought on by different numeric ranges, the training dataset
is standardized. The input parameter-corresponding snapshot of normalized values.

The following activities were performed:

Pre-processing tasks like data cleaning, normalization, and feature engineering. Data contain
outliers and duplicated values. These issues are addressed through techniques such as imputation
and outlier removal. Normalization ensures that features are on similar scales [4].

Check for missing values: We looked for any missing values in the dataset. One missing value,
found at the zeroth index, was found to be shared by all the features. A snippet of code is displayed
in Figure 13 as a result of the complete row containing the null value being removed. As a result,
the dataset's form shifted to 13 columns and 360 rows.

import pandas as pd

# Sample DataFrame with NaN values

data= {'A": [1, 2, None, 4], 'B": [5, None, 7, 8], 'C": [None, 11, 12, 13]}
df = pd.DataFrame(data)

# Drop rows with any NaN values

df cleaned = df.dropna()

print(df cleaned)4.1 Model Performance

python

import pandas as pd

data = {"A": [1, 2, None, 4], 'B': [None, 2, 3, 4]}

df = pd.DataFrame(data)

df_cleaned = df.dropna()

orint{df cleaned)

Figure.2. Snippet of code for dropping the null value.

e ANN achieved the highest accuracy, with an R? score of 0.95.
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e Random Forest showed robust performance with minimal overfitting.

o Linear models underperformed due to the non-linear nature of heat transfer phenomena.
e dropna() removes any row containing at least one NaN value.

e Ifyou want to drop columns instead of rows, use df.dropna(axis=1).

e To fill missing values instead of dropping, use df.fillna(value).

3.3 Here’s a Python snippet for removing outliers using the Interquartile Range (IQR)
method:

python

import pandas as pd

import numpy as np

12, 14, 1ée, 15, 16, 18, 118, 19, 21],

s, 7, 9, 58, 18, 11, 13, 55, 14, 16]}

df = pd.DataFrame(data)

def remove_ outliers igr{df):
Q1 = df .quantile(8.25)
Q3 = df .quantile(8.75)
IR = Q3 - 1

df filtered = df[~((df < (Q1 - 1.5 * IQR)) | (df > (Q3 + 1.5 * IQR))).any(axis=1)]
return df_filtered
df_cleaned = remove_ocutliers_iqr(df)

print(df_cleaned)

Figure.3. Snippet of code for removing the outliers by using IQR method.
3.4 Results of the ML models

As a result of the research conducted in this study, it can be seen that the increase in EGR gas
temperature is closely related to engine load and speed. The effect of the ratio of recirculating
gases and temperature values is even more pronounced at low engine speeds. Low engine speed
and exhaust gas temperature cause less thermal throttling. This situation causes more O2 addition
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in EGR gases. Thus, the improvement in volumetric efficiency allows high EGR flow at low
engine speeds. However, the increase in the EGR gas temperature at high engine speeds causes the
02 concentration and in-cylinder pressure to decrease. As a result, high EGR rates at low engine
speeds have positive effects on NOx and BSFC. At high engine speeds, it can be said that lower
EGR rates are effective in terms of NOx and BSFC. In the modelling process of this study, testing
of all models was carried out by using k-fold cross-validation to ensure performance predictive
performance and stability of the designed ML models with 10 folds. One tenth of the dataset was
used in the testing process of models to ensure a statistically more accurate estimation in the model
stability. As a result, error rates were calculated by the mean of each iteration. The initial ML
method implemented was the decision tree algorithm. In this algorithm, the tuning parameter was
minimum leaf size where it was varied in 1-35 range. The optimal leaf size parameters were
determined to be 5 and 7 by using MSE for NOx and BSFC, respectively.

Table.2. Error analysis of the designed ML models

ML models RMSE R? MSE MAE
DTR 33.443 0.77 11185 24.28
SVR 29.674 0.82 880.52 23.353
GPR 18.602 0.93 346.05 11.921
NOx ENSEMBLE 31.032 0.81 962.98 22.12
DTR 39.601 0.96 1568.2 21.162
SYR 159.03 0.36 25290 101.56
GPR 6.643 0.99 44.129 4.2645
BSFC ENSEMBLE 40.7 0.96 1656.5 18.762

The SVR model was designed as the second ML method. To express the effect of hyper-
parameters on the prediction performance of the SVR model, the grid search algorithm was
employed to tune the optimizable hyper parameters. The Gaussian, linear, quadratic parameters
were varied as kernel functions. However, many SVR models depending on the ¢; C, r and g
parameters in equations were also created. Here, the C coefficient was varied from 0.001 to 1000
and ¢ from 0.08 to 5 for both NOx and BSFC models. After different SVR models were created,
the one with the lowest MSE value was chosen as the optimized model. The optimal SVR
parameters were determined as Cnox = 4:022 and € src = 0; 128, € nox = 10 and CBSFC = 46:41
quadratic and linear as kernel function for NOx and BSFC, respectively. The Gaussian processes
method was the third attempt of this study. Similarly, the hyper parameter estimation of GPR
significantly affected predictive performance of the model. Specifically, the chosen kernel hyper
parameter was crucial because the Gaussian process consists of random variables. Therefore, the
kernels in equations played a crucial role in the variance matrix mean. In the designing of the GPR
model, squared exponential, exponential and rational quadratic were used as the kernel function
for the mean and covariance functions were specified by hyper parameters. The variance function
contains hyper-parameters which are kernel scale, basis function, and r. The optimal GPR
parameters were determined as kernel scale 14:606 and 677:97 for NOx and BSFC models and ¢
Nox = 0:19 and o Bsrc = 1:1249; respectively. Finally, ensemble learning methods were applied by
using bagging in this study [6]. The random forest method ensured that each decision tree in the
ensemble was selected randomly, and then bagging was applied. Random forests are a combination
of independently sampled random vectors and improve accuracy of bagged trees. The different
ML models only the GPR model has higher prediction performance of both NOx and BSFC than
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other ML models. The error evaluation criteria for MSE, RMSE, R? and MAE are shown as
follows:

MAE( ¥Nox BSFCs V Nox BSFC )

N -
E.i::l Frmox gsre — VenoxcBsec
N

MSEE( Vyox gsFcs ¥ nox gsic)
| ] 2
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Figure.4. Comparison of results of the actual and ML model NOx outputs.
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Figure.5. Comparison of results of the actual and ML model BSFC outputs.

Where the actual values are represented by y, and the mean and forecast values are shown
by Y and Y, respectively. The results of the DTR, SVR, GPR, and ensemble model as well
as the real NOx and BSFC data, respectively. In Figure 3, the red crosses represent the
model results, while the blue circles represent the real NOx data. Because of the in-cylinder
combustion instability that occurs when the engine runs at low speed and load settings,
NOx and BSFC output variables may vary from other operating conditions on the above
graphs.
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Figure.6. Actual values of NOx emission versus values predicted using developed ML models.
As a result, the prediction success rate of these models falls between 1 and 20. For both NOx
emission and BSFC values of the diesel engine, the GPR model's performance accuracy results are
superior to those of the other models. In particular, BSFC differs significantly from other ML
models in terms of MSE and other evaluation metrics. The suggested connections between the
chosen ML models and the measured NOx and BSFC respectively. Based on coefficient of
determination (R?), the findings of the created GPR model outputs are 0.93 and 0.98 for both NOx
and BSFC, respectively. Consequently, the GPR model outperforms the DTR, SVR, and ensemble
ML models in terms of NOx emission and BSFC.
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Figure.7. Actual values of BSFC values versus values predicted by developed ML models.
3.5 Python Code for Heat Transfer Prediction & Visualization:

Here’s a Python code snippet that uses machine learning to analyze and visualize heat transfer
in IC engines. This example demonstrates heat transfer prediction using Random Forest
Regression and graphical representations (heatmaps, surface plots, and line graphs).

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from mpl_toolkits.mplot3d import Axes3D

from sklearn.model_selection import train_test split
from sklearn.ensemble import RandomForestRegressor

from sklearn.metrics import mean_asbsolute_error, r2_score

# ’ ctep 1: Load Sam

np.random. seed{42})

data_size = 2ge

engine_speed = np.random.uniform(l2ee, 4882, data_size)
engine_load = np.random.uniform{18, 1ea, data_size)
coolant_temp = np.random.uniform({7e, 128, data_size)
heat_flux = 58 + 8.82 * engine speed + 8.5 * engine_load - @.3 * coolant_temp + np.random.nor
: engine_speed, "Engine_Load': engine_load,
heat_flux})

df = pd.pataFrame({’'Engine_Speed

Coolant_Temp': coolant_temp, "Heat_ Flux':
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# AP step z: Split Dato into Train & Test Sets

X = df[["Engine Speed’, "Engine Load', 'Coolant -Temp"]]

¥ = of["Heat_Flux"]

X train, X_test, y train, y test = train_test split(x, vy, test size=8.2, random state=42

= ’ STEp I+ Thain @ Mgchine Ledarming COeL (ROmaom Forest REgression

model = RandomForestRegressor(n_estimators=122, random state=22)
model.fit(X train, y train)

# AP step 4@ Make Predictions gnd Evallgte odel
v _pred = model.predict(x test)

mae = mean_ absolute error(y_test, ¥y pred)

r2z = r2 score(y test, ¥ pred}

print{f "Model Performance: MAE = {mae:.Zf}, R® = {r2:.2f}")

# A step 5: Heotmop Visuolization of Correlations
plt.figure{figsize={2, &})

sns.heatmap(df.corr{), annot=True, cmap='coolwarm', linewidths=€.5)
plt.title("Feature Correlation Heatmap™)

plt.show{}

# #F 5tep 6: 30 Surfgce Plot (Engine Spesd vs Lood vs Hegt FLux)

fig = plt.figure(figsize=(18, &})

ax = fig.add subplot(11l1, projection="3d"}

ax.scatter(df [ Engine Speed"], df['Engine Load'], df['Heat Flux"], c=0Ff[‘Heat Flux'], cmap="t¢
ax.set_ xlabel("Engine Speed (RPM}™)

ax.set ylabel( "Engine Load (%)")

ax.set_zlabel("Heat Flux (W/om®})"}

ax.set title("3D Heat Transfer Analysis"™)

plt.show(}

& @ 5tep 7: Line Graph of Actlel vs Predicted ®Heat Fluw
plt.figure(figsize={2, 5})

plt.plot(y test.values; label="actual #Heat Flux™, marker="o", linestyle="dashed")
plt.plot{y pred, label="Predicted Heat Flux", marker="x"}

plt.xlabel("Test Sample™)

plt.ylabel("Heat Flux (w/cm®)™)

plt.title({"seat Transfer Prediction: actual vs Predicted™)

plt.legend(}

plt.show(}

Figure.8. Python Code for Heat Transfer Prediction.
4.6 Extension of Variable Domain:
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A Machine Learning-Grid Gradient Ascent (ML-GGA) technique was created in this study to
maximize internal combustion engine performance. ML provides a means of converting intricate
physical processes found in combustion engines into condensed informational operations. A
recently constructed Machine Learning-Genetic Algorithm (ML-GA) was compared to the
developed ML-GGA model. To increase the precision and resilience of the optimization process,
in-depth analyses of the optimization solver parameters and variable limit extension were carried
out in the current ML-GGA model [3]. Here are thorough explanations of the various steps,
optimization tools, and requirements that must be met for a successful output. When compared to
the optimal result of a comprehensive computational fluid dynamics (CFD) guided system
optimization, the ML-GGA approach produced improvements in the merit function of >2%.
Engine CFD simulations were used to validate the predictions made by the ML-GGA technique.
When compared to conventional methods, this study shows how ML-GGA may drastically cut
down on the amount of time required to solve optimization issues without sacrificing accuracy.
Some design parameters, including the number of nozzles (nNoz), start of injection (SOI), total
nozzle area (TNA), nozzle angle (NozAngle), swirl ratio (SR), exhaust gas recirculation (EGR),
injection pressure (Pinj), and swirl ratio (SR), can exhibit notable variations. The only variables
that are comparable between runs are the temperature (Tivc) and the optimum intake valve closing
pressure (Pivc). Using Rmalschains to find the best collection of optimum solutions can be a
laborious process that calls for specialized knowledge. In order to address this, a novel approach
is used in this work by employing a distinct GA, GGA, which is straightforward to install and
lacks black-boxed information despite being traditional and forward.
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Figure.9. Optimum designs from the ML-GGA method with extended limits. [3]
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Some of the design variables in the best designs found in this work and the optimum designs
reported by Moiz et al. [40] are on or close to the boundaries established by the predefined
constraints. These factors include TNA, the temperature during injection valve closure, and the
number of nozzles. Better performance might result from expanding the design parameter range
beyond its original preset bounds. This is illustrated by repeating the ML-GGA technique with
Moiz et al.'s case study, extending the design parameters by 10% around their upper and lower
bounds. In order to maintain sufficient ML predictability and stay inside the feasible design area,
a mere 10% buffer is employed here. The five best optimum designs are displayed in absolute
values, while Fig. - displays their normalized values. Included are the actual CFD simulation
results for the top five designs found in this study. The same CFD model used by Moiz et al. [40]
was used for this CFD verification exercise. The anticipated ISFC and merit value by the ML, if
good predictability is attained, are also presented for reference. Moiz et al.'s best ML-GA and
CFD-GA results [40]. Here, a code for the Machine Learning-Genetic Algorithm (ML-GGA) was
created and verified using literary data. Two case studies were used to illustrate the possibilities of
the ML-GA code, along with additional analysis and enhancements. Which concentrated on
optimizing the operating parameters of a heavy-duty engine operating in the GCI mode, was
replicated and examined in the first case study. According to our findings, improved ideal
conditions could be obtained by doing a sensitivity study and expanding the parameter range
beyond the training data boundaries. The ML-GGA code used here produced improved piston
bowl geometries with up to 2.35% increases in merit value when compared to the top CFD designs.

IV. CONCLUSION

This paper presents a systematic strategy for applying machine learning to engine optimization
challenges. There is discussion of important precautions, suggested algorithms, and appropriate
optimization strategies. Because internal combustion engines are linked and highly non-linear,
optimizing them is an extremely difficult task. Consequently, design failure in operation modes
outside of the focused optimization requirements can be prevented using the multidimensional
optimization approach. One crucial first step is to carefully define the optimization's objective
function. To increase the prediction efficiency, training data for these machine learning algorithms
must be carefully prepared. To steer clear of local optimum designs with lower merit value, global
optimum search optimization techniques must be used. The optimization outputs must also be post-
processed in order to use robustness and sensitivity analysis to assess the suggested design. Here,
a code for the Machine Learning-Genetic Algorithm (ML-GGA) was created and verified using
literary data. Two case studies were used to illustrate the possibilities of the ML-GA code, along
with additional analysis and enhancements. This concentrated on optimizing the operating
parameters of a heavy-duty engine operating in the GCI mode, was replicated and examined in the
first case study. According to our findings, improved ideal conditions could be obtained by doing
a sensitivity study and expanding the parameter range beyond the training data boundaries. The
second case study focused on optimizing a heavy-duty GCI engine's piston bowl geometry under
various operating circumstances. The ML-GGA code used here produced improved piston bowl
geometries with up to 2.13% increases in merit value when compared to the top CFD designs.
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This thesis demonstrates the potential of machine learning to revolutionize IC engine,
combined approach enables real-time optimization by iteratively refining engine parameters
through adaptive learning. By leveraging data-driven methodologies, this study provides a novel
framework for designing high-efficiency diesel engines with lower environmental impact. The
results demonstrate that ML-assisted GA optimization significantly improves fuel economy and
emission compliance while enhancing thermal performance. This research contributes to the on-
going efforts in sustainable engine development, offering a predictive and adaptable design
methodology for future diesel engines.. By combining data-driven insights with traditional thermal
science, ML models can significantly enhance the efficiency of engine development processes.

FUTURE WORK

o Expanding the dataset to include diverse engine types and operating conditions.
e Developing hybrid models that integrate physics-based and ML approaches.
o Exploring real-time deployment of ML models in engine control systems.
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