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Abstract

In recent years, the advent of Convolutional Neural Networks (CNNs) has opened up new
avenues for advancing Surface Roughness (SR) prediction methodologies, particularly
through the analysis of Scanning Electron Microscope (SEM) images. However, notable
gaps existed in the literature regarding the application of CNNs to SEM images for SR
prediction. This research addresses these existing gaps by employing CNN to analyze SEM
images for SR prediction, particularly focusing on the comparative analysis of different
magnification levels. Three distinct datasets, magnified at 150X, 250X, and 500X, were
utilized, comprising 2097, 2103, and 2102 images respectively. These images undergo
preprocessing techniques to enhance the CNN model's ability to generalize to new images.
Subsequently, a sequential CNN model, comprising 27 layers including convolutional, max
pooling, batch normalization, flatten, and fully connected dense layers, is developed and
trained on the datasets. The study provides detailed comparative analyses of accuracy,
precision, recall, and F1-score across magnification levels. Results indicate that the dataset
magnified at 500X consistently outperforms the others, exhibiting superior accuracy
(75.7%), precision (0.65), recall (0.72), and Fl-score (0.72). This suggests that higher
magnification levels provide finer details and clearer images, enabling the model to discern
subtle features with increased accuracy. Additionally, the 500X dataset exhibits a better
balance between minimizing false positives and false negatives, making it more suitable
for real-world applications requiring detailed analysis of microscopic structures. These
findings underscore the importance of selecting appropriate magnification levels in SEM
imaging for accurate SR prediction.

Keywords: Surface Roughness; Surface Roughness Prediction; Scanning Electron
Microscope (SEM); Convolutional Neural Network (CNN); Magnified SEM Images
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1. Introduction
1.1 Introduction

In contemporary research across various fields, surface roughness (SR) stands as a pivotal
parameter, offering invaluable insights into surface topography and texture [1]. The
applications of SR measurements span a multitude of scientific and engineering domains,
each harnessing its potential to optimize materials, explore biological systems, manufacture
microdevices, and elevate product quality. Notably, in the realm of engineering, SR
assumes critical significance in tribology, where the study of friction, lubrication, and wear
demands meticulous attention [2]. Moreover, materials science and mechanical design are
deeply intertwined with SR considerations, as engineers’ factor in SR when selecting
materials for components that interact with other surfaces, such as bearings and gears. In
the manufacturing landscape, SR plays a pivotal role in ensuring the overall quality and
functionality of end products [3].

The aerospace industry places paramount importance on SR, as it directly influences
aerodynamic performance, durability, and safety in aircraft and spacecraft. SR
measurements are instrumental in guaranteeing that surfaces adhere to stringent
specifications, thereby optimizing performance and ensuring safety standards are met [4].
Furthermore, the structural integrity of aerospace materials hinges on SR assessments, as
minute cracks and defects originating at the surface can culminate in catastrophic failures
over time. Hence, SR measurements serve as a vigilant means of monitoring and controlling
these imperfections, assuring that components align with requisite specifications and
uphold safety standards in aerospace applications [5].

In the domain of nanotechnology, SR assumes a pivotal role in the design and fabrication
of microdevices. Here, SR measurements furnish vital insights into the quality and
uniformity of nanoscale structures, facilitating the fine-tuning of fabrication processes for
utmost precision and control [6]. Beyond this, SR measurements are indispensable in
medical devices and implants, where they certify adherence to safety, reliability, and
performance standards [7]. Notably, in orthopedics, SR measurements facilitate the
exploration of interactions between implants and bone tissue, shedding light on crucial
aspects of implant performance [8]. The field of ophthalmology also leverages SR
measurements to delve into the interplay between contact lenses and the human eye [9].
Given the profound impact of SR on contact lens comfort and safety, its measurement and
control are pivotal for enhancing contact lens performance and safety. Moreover, SR
measurements play a significant role in biosensors, where they illuminate the intricacies of
sensor interactions with biological analytes [10]. These measurements influence the
sensitivity and selectivity of biosensors, underscoring their significance in enhancing
biosensor performance. In summary, the scope of measuring surface roughness is vast, and
it has applications in various prominent industries.

A Scanning Electron Microscope (SEM) represents a specialized microscopy technique
utilized for obtaining high-resolution surface images at the nanoscale. Distinguished from
conventional optical microscopes reliant on light for imaging, SEMs employ a focused
electron beam to scan the surface of a specimen, ultimately generating an image [11]. The
fundamental components integral to the SEM apparatus encompass an electron source, an
array of electromagnetic lenses, a sample chamber, and a detector. Typically, the electron
source incorporates either a heated filament or a cathode, serving as the emitter of electrons.



These emitted electrons undergo acceleration and precise focusing through a sequence of
electromagnetic lenses, directing them towards the specimen of interest. To facilitate
optimal electron emission and mitigate charging effects, the specimen is positioned within
a vacuum chamber. Furthermore, it is customary to apply a thin layer of conductive
material, such as gold or carbon, to the specimen's surface, enhancing electron emission
characteristics. This description encapsulates the key operational aspects of an SEM,
elucidating its role in achieving high-resolution nanoscale surface imaging [12].

1.2 Problem Statement

As already discussed above, SR measurement holds paramount importance across various
industries. Numerous methods have been employed to predict SR, including Taguchi-based
regression models [13], [14], statistical regression models [15], computational modeling
(e.g., the Finite Element Method and Discrete Element Method) [16], and Machine
Learning (ML) methods [17]. However, conventional statistical methods for SR prediction
come with a set of limitations. They tend to lack flexibility, are often time-consuming, incur
high costs, offer limited accuracy, and exhibit restricted applicability [18]. These methods
struggle to account for interactions among process parameters and possess a limited
understanding of the underlying mechanisms [19]. Moreover, traditional SR measurement
techniques face drawbacks related to their intrusive nature [20]. The requirement for
physical contact with the surface being measured can potentially distort the surface, leading
to inaccuracies, especially when dealing with delicate or soft materials. Additionally, these
methods typically allow for offline measurements but lack the crucial capability for real-
time assessment, which is increasingly critical in modern manufacturing settings [21].
Furthermore, these techniques are typically one-dimensional, providing limited insights
into the complex three-dimensional surface topography. Consequently, they may fall short
in capturing fine-scale variations and subtle nuances in SR. The reliance on skilled
operators for data collection and interpretation introduces subjectivity and the potential for
human error, impacting measurement consistency. These limitations underscore the
growing demand for modern SR measurement techniques that are non-contact, online, and
automated, aiming to overcome these challenges and enhance the precision of surface
quality assessment in various industrial applications.

The emergence of Artificial Intelligence (Al) approaches, encompassing both Machine
Learning (ML) and deep learning (DL), has paved the way for addressing these limitations
effectively. Al approaches offer the promise of delivering more precise and adaptable SR
predictions. ML methods have demonstrated exceptional capabilities in deciphering
intricate patterns and relationships within diverse datasets [22], [23]. Their strength lies in
their capacity to capture non-linear interactions among various process parameters, a task
that conventional methods often struggle with. By harnessing extensive datasets and
sophisticated algorithms, ML models can uncover subtle correlations that might otherwise
remain concealed. This not only enhances prediction accuracy but also fosters a profound
understanding of the underlying factors influencing SR. DL, a subset of ML, takes
predictive modeling to the next level [24]. Neural networks (NNs) within DL architectures
automatically extract hierarchical features from raw data, empowering them to capture
intricate patterns with remarkable precision. This capability proves invaluable when
dealing with complex structures and intricate relationships. The depth and complexity of
DL models enable them to unearth nuanced relationships that may elude traditional
methodologies. Recently, researchers have placed significant emphasis ML, DL, and
Convolutional Neural Network (CNN) for SR prediction. However, our extensive review



of the literature in the "Related Work" section has revealed a notable scarcity of research
focusing on the utilization of CNN to analyze SEM images, particularly in the context of
predicting SR. Moreover, previous studies in this domain have predominantly relied on
single datasets, often overlooking variations in magnification levels of the images.
Additionally, there is absence of investigations into the optimal magnification level dataset
for SR prediction. Consequently, a lack of guidance exists regarding whether higher or
lower magnification levels offer better performance. In light of these gaps, this paper
introduces the application of CNN as a novel approach to predict SR based on SEM images.
Thereby this research makes contributions to the advancement of the field of SR
measurement.

1.3 Novelty of the Research

The research introduces a novel approach to SR prediction by harnessing the capabilities
of CNN to analyze SEM images of titanium alloy (Ti-5Al1-2.5Sn). The novelty of this study
lies in its development of a sequential CNN model specifically tailored to classify SR from
SEM images with notable accuracy. To carry out the research, initially we have collected
data from referenced papers [25], [26], [27] with proper permission. The collected images
vary at different magnification levels ranging from 25X to 4000X. In our study, we focus
on three magnification levels of 150X, 250X, and 500X. That means, we utilized three
distinct datasets of three magnification levels for SR prediction, encompassing 2097, 2103,
and 2102 images respectively. After that, we preprocess the images by resizing,
normalizing, and augmenting them to improve ability of our CNN model to generalize to
new images. Such preprocessing simplifies the analysis and interpretation of images,
ultimately enhancing the accuracy of subsequent analyses. We then build a CNN model
which will carry out the SR prediction. Our specified CNN model is composed of 27 layers,
encompassing 4 convolutional layers, 4 max pooling layers, 4 batch normalization layer, 1
flatten layer, and 8 fully connected dense layers with an additional 6 dropout layers. These
integrated layers collaborate to extract and accentuate diverse features present in the surface
texture, including texture patterns and roughness characteristics. The model is then trained
utilizing the training dataset. Following the training phase, we assess the model's
performance on the validation set. Finally, the test set is employed to evaluate the ultimate
performance of the model and analyze any misclassified examples to identify areas for
improvement.

The performance evaluation of our CNN model is done using multiple performance metrics
to get a comprehensive understanding of the model's strengths and weaknesses. In our
study, we utilized three distinct image datasets magnified at 150X, 250X, and 500X levels.
For each of the datasets, we provide a comprehensive analysis of the training, validation,
and testing results. The training and validation results are presented in terms of training and
validation accuracy, as well as training and validation loss. These offers insights into the
model's performance during the training phase and its ability to generalize to unseen data.
Subsequently, the testing results are presents through confusion matrix, accuracy,
precision, recall, and F1-score values. These provides a detailed assessment of the model's
predictive capabilities on the test set. Following the presentation of individual dataset
results, we conduct a comparative analysis across the three datasets to facilitate a deeper
understanding of the performance variations observed. Across the magnification levels, the
500X dataset exhibited the highest accuracy (75.7%), followed by 150X (69.5%) and 250X
(61.9%), indicating superior overall classification performance at higher magnification
levels. On the other hand, the precision varies, with the 150X dataset achieving the highest



precision (0.71), followed by 500X (0.65), and then 250X (0.60). The 150X dataset
demonstrates superior precision, suggesting a better ability to correctly identify positive
instances. While the 250X dataset shows the lowest recall (0.60), the 150X and 500X
datasets exhibit almost similar recall values (0.69 and 0.72, respectively). The 500X dataset
stands out with the highest recall, indicating a better ability to capture all positive values.
Among the three datasets, the highest F1-score is observed in the 500X magnified images
dataset (0.72), while the lowest F1-score is found in the 250X magnified images dataset
(0.60). That means, the 500X dataset demonstrating superior performance in achieving a
balance between precision and recall, while the 250X dataset shows relatively weaker
performance in this aspect. Based on our results, the 500X magnified images dataset
delivers the best results due to its higher accuracy, competitive precision and recall,
balanced F1-score, and suitability for real-world applications requiring detailed analysis of
microscopic structures. Thereby, the impact of measuring SR from SEM image using CNN
is vast, and it has the potential to revolutionize the way we measure SR in various industries
and research fields.

The subsequent sections of this article are structured as follows. Section 2 offers an
overview of previous studies concerning the prediction of SR, encompassing a discussion
on the methodologies employed and the outcomes obtained. In Section 3, we present the
methodology adopted in our study, highlighting the data collection, data pre-processing
techniques, and the implementation of CNN model for SR prediction. The results derived
from our investigation, along with detailed analysis, are presented in Section 4, shedding
light on the performance and efficacy of the CNN model developed. Finally, Section 5
serves as the concluding segment of the article, summarizing key findings and delineating
avenues for future research and exploration in this domain.

2. Related Works and Research Gap

Surface roughness prediction has been a significant area of research due to its impact on
product quality, performance, and aesthetic appeal in manufacturing processes. Recent
advancements in predictive modeling, ML, and data-driven approaches have notably
enhanced the accuracy and efficiency of SR predictions. Below we studied some of these
recent relevant works. After that we presents the research gap of these studies from which
we found the motivation to carry out our research.

2.1 Related Works

At first, we discussed the papers which predicts SR without employing specific ML
techniques. The review work conducted in reference [28] provides a comprehensive
overview of methodologies employed for SR prediction. By categorizing approaches into
those grounded in machining theory, experimental investigation, and designed
experiments, the paper offers a nuanced understanding of the diverse techniques utilized in
this domain. Each approach is meticulously analyzed, delineating its respective advantages
and disadvantages, while also exploring current trends and potential future directions. In
parallel, reference [29] introduces a comparative study focusing on regression methods for
predicting surface roughness across various cutting parameters, such as spindle revolution,
cutting speed, feeding speed, depth of cut (DOC), length of cut (LOC), helix angle, and
nose radius of cut. This study aims to enhance comprehension of SR evolution through an
analytical framework that accounts for multiple influencing factors. The study [30]
emphasized Gaussian Process Regression’s (GRP’s) suitability for predicting SR levels,



based on superior R-squared values compared to other models, marking it as an effective
training method. Authors concluded that GRP is the optimal model for datasets of small to
medium size with numerous variables, owing to its high prediction accuracy and fit. The
work [31] proposed the SPBI method for in-process SR measurement, leveraging the
effects of interference and scattering of He—Ne laser light. The technique effectively utilizes
bright and dark area counts for SR up to Ra = 3 A, presenting a simple yet promising
approach for automated surface measurement. The research [32] proposes a novel SR
prediction model that integrates fused signal features from force and vibration signals
generated during milling operations on P20 die steel. By leveraging variational modal
decomposition and adopting Deep Belief Networks (DBN) for prediction, this research
underscores the importance of feature selection and model optimization in achieving
accurate SR estimation. The paper [33] presents an optimized model for SR prediction in
shop floor machining operations. Through difference analysis augmented with feedback
control mechanisms, this study offers a robust solution capable of adapting to varying
machining conditions and generating reliable predictions. The research outcomes
underscore the efficacy of the proposed methodologies across a spectrum of experimental
scenarios, demonstrating their applicability to both simple and complex datasets with
consistent performance.

Now, we discuss the papers which predicts SR by employing various ML approaches. The
authors [34] investigated SR prediction of Al6061 using ML models including linear
regression (LR), random forest (RF), neural network (NN), and decision tree (DT). The NN
emerged as the most effective, achieving low error metrics (MAE: 0.00279, RMSE:
0.00770). In [35], researchers introduced a genetic algorithm-based EHW chip for
inspecting SR in milling processes. The technique, which preprocesses images to eliminate
noise, showed improved correlation in SR evaluation post-image enhancement with the
EHW system, paving the way for future applications using ANN for prediction based on
image features. The authors [36] developed a non-contact method for measuring SR,
processing surface images of machined materials through ANNs. Despite varying
accuracies across different cutting parameters, the study highlighted the potential for
enhanced outcomes through further experiments and learning algorithm improvements. In
[17], authors demonstrated the predictive power of ANN and classic ML methods (RF, DT,
AdaBoost, SVM) for SR in diamond turning of Ge and Cu. The study underscored the
efficiency of these methods in overcoming the limitations of traditional models, especially
for materials exhibiting brittle behaviour like Ge, thus enhancing predictive accuracy for
SR during machining processes. The study [37] explored the prediction of SR values for
aluminium alloys machined with Wire Electrical Discharge Machining (WEDM) using
ML. The study introduced models including ELM and SVR, highlighting ELM's rapid
training times and SVR's iterative risk minimization training. The models demonstrated
high accuracy, suggesting their applicability in manufacturing industries utilizing WEDM,
with SR values ranging between 2.490 and 3.177. Another similar paper referenced as [38]
introduces novel methods for predicting WEDM SR, leveraging both manufacturing
parameters established pre-production and machining conditions observed during
production. Specifically, the study explores the application of deep neural networks (DNN)
and Markov chains integrated with deep neural networks (MC-DNN). Evaluation of
prediction errors, conducted in terms of Mean Absolute Percentage Error (MAPE),
indicates that the proposed methods exhibit favourable performance compared to existing
approaches. Additionally, the utilization of Long Short-Term Memory (LSTM) in SR
forecasting, as discussed in [39], demonstrates its adaptability to varying data lengths and
ability to capture long-term series features. Meanwhile, the integration of ML with machine



vision, as detailed in [40], presents an innovative approach to predicting machined
component roughness. By utilizing a combination of CNC milling processes, SR
measurements, and machine vision analysis of surface images, the proposed model
showcases promising results in accurately predicting SR values. Furthermore, [41] delves
into the prediction of milled SR using regression models, integrating feature extraction
techniques such as Grey-Level Co-occurrence Matrix (GLCM) and Discrete Wavelet
Transform (DWT). The proposed multiple linear regression model demonstrates promising
accuracy in predicting SR values without requiring actual measurements. Additionally, [42]
investigates the influence of minimum quantity lubrication on SR in turning operations,
employing ML models including LR, RF, and SVM. Notably, RF emerges as the top-
performing model, offering accurate predictions of SR under varying cutting conditions.
The research [43] focuses on predicting lathe-turned SR across different materials and
cooling conditions, employing Gaussian Process Regression (GPR) within MATLAB.
Furthermore, [44] explores SR prediction through multiple regression analysis, utilizing
cutting parameters, tool wear, and statistical parameters extracted from vibration signals.
These efforts underscore the growing significance of ML techniques in enhancing SR
prediction accuracy and efficiency in manufacturing processes.

Finally, we focus our study on the research works which employs CNN to predict SR. The
study [45] introduces a method combining a CNN classification with electrical discharge-
assisted post-processing to enhance the surface quality of metal additive manufacturing
(AM) components. The research demonstrates substantial improvements in surface finish
by polishing under a low-energy regime, with a notable 74% enhancement in surface
quality. The paper [46] proposes a theoretical and deep learning hybrid model for predicting
the SR of diamond-turned polycrystalline materials. The model incorporates a kinematic-
dynamic roughness component and a material-defect roughness component, the latter of
which is predicted using a cascade forward NN. The study successfully enhances prediction
accuracy for SR, achieving a remarkably flat surface finish with Sa 1.314 nm. This model
provides insights into the influence of grain boundaries and processing parameters on the
SR of polycrystalline materials. The research [47] focuses on quality assurance in metal
additive manufacturing by employing an area-scan hyperspectral camera coupled with a
CNN to predict the SR Rz of magnesium alloy WE43. The study sets up an efficient data
acquisition and processing methodology, allowing the network to predict SR within a MAE
of 4.1 um. The research [48] investigates the effects of various machining parameters on
the SR of high-strength carbon fiber composite plates during dry end milling. To achieve
precise SR estimation, the study introduces a hybrid approach combining an ANN and
Genetic Algorithm (GA). The hybrid ANN-GA model demonstrates exceptional
performance, with a high prediction correlation ratio (R = 0.96177) indicating strong
accuracy. In reference [49], a novel approach combining physical knowledge and deep
learning is introduced, termed Physics-Informed Deep Learning (PIDL), aimed at
predicting milling SR while adhering to physical laws. During training, a physically guided
loss function is formulated to steer the model training process with the aid of physical
principles. Leveraging the superior feature extraction capabilities of CNNS and Gated
Recurrent Units (GRUs) across spatial and temporal scales, a CNN-GRU model is adopted
as the primary model for SR predictions. Experimental validation conducted on the open-
source datasets S45C and GAMHE 5.0 demonstrates that the proposed model achieves the
highest prediction accuracy compared to state-of-the-art methods, reducing the mean
absolute percentage error on the test set by an average of 3.029% compared to the best
comparison method. In contrast, reference [50] presents the construction of an "optical
image-surface roughness" dataset and designs SSEResNet, a regression prediction model



for SR utilizing a feature fusion approach. SSEResNet exhibits effective extraction of
detailed features from optical images, with optimization facilitated through the Adam
method. Experimental evaluation, comparing SSEResNet with seven other CNN backbone
networks, highlights its superior performance. These findings collectively contribute to
advancing the field of SR prediction and underscore the significance of integrating physical
principles with CNN techniques for enhanced accuracy and reliability. In research [51],
LineNetl and LineNet2, two deep CNNs, are introduced to address the challenges of
denoising and edge image prediction in low-dose SEM images. To train LineNetl and
LineNet2, supervised learning datasets comprising single-line and multiple-line SEM
images, along with edge positions information, are used. The results of this approach
demonstrate improved edge estimation in multiple-line images and a reduction in memory
requirements for single-line images, all while maintaining accuracy in edge prediction. In
the study [52], authors explored the application of CNNs for classifying SEM images of
pharmaceutical raw material powders to assess their particle morphology. Authors
investigated ten pharmaceutical excipients, each exhibiting distinct particle morphologies.
The findings, obtained through 5-fold cross-validation, revealed that the CNN models
achieved high classification accuracy using either pretrained model, effectively discerning
the type of excipient with accuracy. These results indicate that CNN models possess the
capability to detect nuances in particle morphology, including differences in particle size,
shape, and surface condition.

2.2 Research Gap and our Study’s Solution

The existing literature highlights a scarcity of research focusing on the application of CNN
to analyze SEM images, particularly in the context of predicting surface roughness.
Addressing this gap, our study aims to explore surface roughness prediction using SEM
images and CNNs. Additionally, prior studies in this field have predominantly utilized
single datasets without considering variations in magnification levels. To address this
limitation, we have employed three distinct datasets for SR prediction: a 150X
magnification set comprising 2097 images, a 250X magnification set containing 2103
images, and a 500X magnification set comprising 2102 images. Furthermore, the literature
lacks investigations into the optimal magnification level dataset for SR prediction.
Consequently, there is a lack of guidance regarding whether higher or lower magnification
levels yield better performance. To address this gap, we conducted a comparative study
among the three magnification level datasets (i.e., 150X, 250X, and 500X). Our findings
indicate that higher magnification levels, (i.e., 500X in our research), offer finer details and
clearer images, enabling the model to discern subtle features with increased accuracy. This
leads to more precise classification and improved overall performance.

3. Methodology

This section provides a comprehensive overview of the methodologies adopted throughout
the study. It describes important elements such as dataset details, terminologies, data
collection, data processing methods, model building, training, testing, and the evaluation
parameters of the model performance. At first, we preprocess the images by resizing,
normalizing, and augmenting them to improve ability of the model to generalize to new
examples. We then build a CNN model with multiple convolutional layers, pooling layers,
and fully connected layers. The model is then trained utilizing the training dataset.



Following the training phase, we assess the model's performance on the validation set.
Finally, the test set is employed to evaluate the ultimate performance of the model and
analyze any misclassified examples to identify areas for improvement.

3.1 Workflow of the Methodology

This research is divided into five main parts: collecting data, preparing data, creating a
CNN model, training and testing the model, and evaluating its performance. We follow
each part step by step, breaking down the main parts into smaller steps. The basic steps for
classifying surface roughness are shown in Figure 1, giving a clear picture of how we
approached the study.

Data

preprocess Train and _

test

erformance
evaluation

Create
model

Figure 1: Workflow diagram of the methodology

3.2 Dataset Generation

The initial step in the CNN workflow is acquiring image data, and its quality significantly
influences the performance of the trained models. In this study, surface characteristic
images of a titanium alloy material (Ti-5A1-2.5Sn) were generated using SEM. These
specific images were sourced from the referenced papers [25], [26], [27], with due
permission from relevant authorities. Figure 2 outlines the procedural steps involved in
generating raw image data along with corresponding surface roughness values.
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Figure 2: Raw image generation procedure

3.3 Surface Characteristic Image

Utilizing both positive and negative polarities, along with varying peak currents and pulse
on times for three electrodes (Cu, CuW, Gr), we obtained multiple surface roughness (SR)
values for the Ti-5Al1-2.5Sn alloy. This was achieved through 18 sets of images, each



classified by different parameters applied during image generation. The specific machining
parameters employed in generating all raw images are presented in Table 1.

Table 1: Machining parameters and their corresponding SR values

Discharge

(Peak current Electric Surface
SL No. mA x Pulse on Polarity Electrode Roughness

time ps) (SR) value
229 2x95 Positive Cu 0.9862
230 15%180 Positive Cu 2.7543
241 29%320 Positive Cu 5.9965
239 2x95 Negative Cu 1.0593
231 15%180 Negative Cu 4.728
238 29x320 Negative Cu 6.7334
232 2x95 Positive CuW 0.8315
233 15180 Positive CuW 3.0652
234 29x%320 Positive CuW 6.3067
235 2x95 Negative CuW 1.069
240 15%x180 Negative CuW 4.3732
236 29x%320 Negative CuW 6.7838
244 2x95 Positive Gr 2.0119
242 15%180 Positive Gr 4.553
237 29x%320 Positive Gr 6.1157
243 2x95 Negative Gr 3.4227
245 15%180 Negative Gr 9.9842
246 29x%320 Negative Gr 15.6117

Each set comprises 10 images taken at different magnification levels ranging from 25X to
4000X. For this study, we focused on three specific magnification ranges: 150X, 250X, and
500X. This resulted in a total of 16 sets of images, each containing three magnified
versions, thus yielding 16 X 3 images as our original dataset. The raw images collected



during this phase are stored for subsequent operations. A representative excerpt of an image
within the 150X magnification range is illustrated in Figure 3.
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Figure 3: First nine collected images of 150X magnification
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3.4 Raw Image Pre-processing

Image data preprocessing involves employing a set of techniques to ready digital images
for analysis or other processing. This typically includes removing irrelevant information to
ensure accurate input into the CNN model. Such preprocessing simplifies the analysis and
interpretation of images, ultimately enhancing the accuracy of subsequent analyses. The
process encompasses various steps, such as cropping images, augmenting them, storing the
augmented images, and ultimately splitting all the images. Figure 4 visually represents the
sequential steps involved in our image data preprocessing.
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Figure 4: Image preprocessing steps

Cropping



Cropping is a process of eliminating undesired portions of an image to concentrate on a
particular area of interest. This technique is commonly applied to eliminate backgrounds
or zoom in on specific objects. In this context, our dataset images undergo cropping,
resulting in a dimension change from 724x1024 to 690%1024. This eliminates unnecessary
sections from the image (including SEM parameters), aiding the CNN model in extracting
the most crucial features. The cropping operation for our dataset is visually depicted in
Figure 5.

Augmentation
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Figure 5: Cropping process of an image

Data augmentation involves creating additional images by applying various
transformations, such as rotation, flipping, or shearing, to the original images. This process
aims to expand the dataset and enhance the model's robustness. In our dataset, we augment
images separately at three magnification levels: 150X, 250X, and 500X. This results in a
total of 6,302 augmented images derived from the initial 48 images across the three
magnifications.

To execute data augmentation, we employ the /mage Data Generator class from Keras.
This class facilitates real-time augmentation during the training of our CNN model by
generating batches of image data. The applied properties include:

e Rotation Range: Images are randomly rotated within a range of 180 degrees.

e Width Shift Range and Height Shift Range: Random horizontal and vertical
translation of images within a fraction (0.2) of the total width or height. In our
model, width_shift range is set to 0.2, and height_shift range is set to 0.2.

e Shear Range: Random application of shearing transformations within a range of
0.2.

e Zoom Range: Random application of zooming transformations within a range of
0.1.

e Horizontal Flip and Vertical Flip: Boolean values indicating whether to randomly
flip the images horizontally or vertically. Both are set to "True."

e Fill Mode: To fill the pixel value in augmented images after shifting and flipping,
we set fill_mode to 'reflect' for better results.



e Brightness Range: Random adjustment of brightness within a specified range (0.3,
1.4).

e Rescale: A scaling factor applied to the pixel values of the images. In our model,
rescale is set to 1/255.

e Data Format: The format of the input data, specified as 'channels last' in our model.

A portion of augmented images of our dataset are shown in Figure 6.
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Figure 6: A portion of augmented images
Data Storage and Dataset Frequency

The image datasets at 150X, 250X, and 500X magnifications are divided into training,
validation, and test sets, each comprising seven classes labeled A, B, C, D, E, F, and G.
Class A contains images with SR values ranging from 0 to 0.9, while Classes B to G
encompass images with SR values in the corresponding range from 1 to 6.9. These classes
are defined as keys in a dictionary. Table 2 shows the class corresponding to the SR range
with dictionary values.

Table 2: Classes corresponding to SR value

Class Values Surface roughness value (um)

A 0 0-0.9
B 1 1-1.9
C 2 2-2.9
D 3 3-3.9
E 4 4-4.9




5 5-5.9

G 6 6-6.9

All images, totaling 6,302 augmented images across the three magnification sets, are
categorized into seven classes. The distribution includes 2,097 images in the 150X
magnification set, 2,103 images in the 250X magnification set, and 2,102 images in the
500X magnification set. Figure 7 visually represents the data distribution among the three
magnification sets. The dataset is further utilized in three subsets: the training dataset trains
the model, the validation dataset fine-tunes the model's hyperparameters, and the test
dataset evaluates the model's performance on unseen data. This division ensures a
comprehensive assessment of the model's capabilities across different datasets.
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Figure 7: Graphical representation of dataset frequency

3.5 Convolutional Neural Network for Surface Roughness Prediction

The sequential CNN model for SR classification from image is basically a deep learning
model that is designed to classify different levels of SR from images. Our specified CNN
model for SR is composed of 27 layers, encompassing 4 convolutional layers, 4 max
pooling layers, 4 batch normalization layer, 1 flatten layer, and 8 fully connected dense
layers with an additional 6 dropout layers. These integrated layers collaborate to extract
and accentuate diverse features present in the surface texture, including texture patterns and
roughness characteristics. Figure 8 visually illustrates the architecture of the CNN model,
providing a comprehensive depiction of all layers involved in feature extraction from
images and subsequent output generation. All the layers of the CNN model are briefly
described in bellow.
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Figure 8: Proposed CNN model architecture

Convolutional Layer

This layer executes the convolution operation on the input image, involving the systematic
movement of a small filter (referred to as a kernel) across the input image to extract
distinctive features. In our CNN model, the convolutional layer incorporates 128, 64, 32,
and 16 filters, each with dimensions of (5, 5), (3, 3), (3, 3), and (3, 3), respectively. These
filters traverse the input tensor, generating 128, 64, 32, and 16 output feature maps. The
'valid' padding scheme is employed, implying that no additional padding is applied to the
input image or feature map. Consequently, the size of the output feature maps is dictated
by the dimensions of the input tensor and the filter sizes. The Activation layer introduces a
Rectified Linear Unit (ReLU) activation function to the convolutional layer's output,
incorporating non-linearity into the model.

Pooling Layer

This layer reduces the spatial dimensions of the feature maps by performing a pooling
operation (e.g., max-pooling or average pooling). This helps to reduce the computational
complexity of the model and also helps to make the model more robust to small variations
in the input data. In our CNN model, we feed the input feature map to the MaxPooling2D
layer. The MaxPooling2D layer employs a 2x2 max pooling operation on the input feature
map, thereby reducing its spatial dimensions by a factor of 2 in both height and width
directions. During this max pooling operation, the input feature map is partitioned into non-
overlapping regions of size (2, 2), and the highest value in each region becomes the output
value for that region. This operation effectively trims down the spatial size of the feature
map while preserving the most crucial information.

Batch Normalization Layer



For normalizing the input data to our training, we use batch normalization. Normalization
preprocessed the numerical data and bring them into a common scale without changing the
data shape. The batch normalization processes a mini batch at a time and makes our CNN
more stable and faster. A general formula for batch normalization can be defined as follow;

N — (z—mz) (1)

Sz

where m, = mean of the neurons’ output and s, = the standard deviation of the neurons’
output.

Flatten Layer

A Flatten layer is a type of layer in a NN that flattens the input into a one-dimensional array
or vector. It is commonly used in between convolutional layers and fully connected layers
in a CNN model to convert the output of the convolutional layers into a format that can be
passed to the fully connected layers.

Dropout Layer

The dropout layer is employed to randomly exclude selected neurons during training. This
means that the weights and biases for certain neurons are not updated in the backward pass
because the forward pass momentarily ignores the contribution of neuron activations. In
our CNN model, six dropout layers are incorporated after the dense layers with dropout
rates set at 0.4, 0.3, 0.3, 0.2, 0.2, and 0.2. This means that 40%, 30%, 30%, 20%, 20%, and
20% of neuron activations in the forward pass are temporarily omitted. This regularization
technique helps prevent overfitting during the training of the CNN.

Dense Layer

A Dense layer, also referred to as a fully connected layer, is a type of NN layer where each
neuron in the layer is linked to every neuron in the preceding layer. In a Dense layer, each
neuron receives input from all neurons in the prior layer and produces a singular value
transmitted to each neuron in the subsequent layer. In our CNN model, eight dense layers
are present with a varying number of units: 1792, 896, 448, 224, 112, 56, 28, and 7 neurons.
The first seven dense layers employ the "ReLU" activation function, which eliminates
negative data by providing a direct output if the input is true; otherwise, it yields zero. The
final dense layer constitutes a fully connected layer with 7 neurons and utilizes the
"softmax" activation function for multi-class classification. The unit parameter specifies
the seven classes to be predicted, such as A, B, C, D, E, F, or G.

3.6 Training and Testing
Training

Training a CNN model encompasses several steps, including defining the model
architecture, compiling the model, preparing the training data, fitting the model to the data,
and evaluating its performance. Our designated CNN model was fitted to the training data



for 80 epochs with a batch size of 16. Figure 9 illustrates some training images from various
classes in the 150X magnification set.

Figure 9. Random training images of different class

In the training of our CNN model, the compile method is employed to configure the
learning process. Specifically, it establishes the optimizer, loss function, and evaluation
metrics, which are discussed below.

Optimizer

To enhance the performance of our CNN model, we employ an optimization algorithm that
contribute to reducing the error rate. In this context, the "Adam" optimizer is utilized with
a learning rate of 0.0001. Adam is an extension of stochastic gradient descent (SGD)
designed to update network weights more efficiently than conventional SGD. It
demonstrates computational efficiency and demands less memory than alternative
algorithms. The adaptive learning rate feature allows it to dynamically adjust the learning
rate during training. The weights in Adam optimizer are updated using the following
equation.

~

m

W = Wi — 1) (2)
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where, w = model weights and n = Step size (depend on iteration),
Loss Function and Metrics

To assess the performance of our multiclass classification model, we employ the
"categorical cross-entropy" loss function. In the context of multi-class classification
problems, where an example belongs to only one of several potential categories, categorical
cross-entropy serves as a suitable loss function. This function determines the loss through
a specific equation which is presented below.

CE = =Y t;log (f(s))) 3)



Where, ti and s; = ground truth.

The metrics parameter is set to evaluate the model using the accuracy metric, which gauges
the proportion of correctly classified examples. Throughout training, these metric monitors
progress and guides decisions regarding when to conclude the training process. It provides
both accuracy and validation during the model training phase.

Testing

Testing constitutes a pivotal phase in the development of the CNN model, ensuring its
capacity to generalize effectively to new data and deliver robust performance in real-world
scenarios. In our study, distinct test datasets corresponding to 150X, 250X, and 500X
magnifications are employed, representing the type of data the model is expected to handle
and ensuring the reliability of the evaluation process. Figure 10 showcases some test images
from various classes within the 150X magnification set. To conduct the testing of our CNN
model, we utilize the evaluate method from the model object in Keras. This method takes
input from the test images and their corresponding labels, providing the accuracy of the
model on the test set as the output.

Figure 10 Some test images of different class

3.7 Performance Evaluation Metrices

Evaluating a CNN model's accuracy and efficiency is necessary to determine how well it
performs. Several performance metrices must be used in order to fully comprehend the
capabilities of the model. Furthermore, assessing the effectiveness of the model and
highlighting areas for development is made easier by comparing its performance with that
of other models. Our CNN model's performance was evaluated using a range of widely
used performance metrics. These are described in details below.

Confusion Matrix

A confusion matrix is a table used to evaluate the performance of a classification model,
including CNNs. The table compares the actual values of the target variable (true labels)
with the predicted values generated by the model. The confusion matrix is usually
represented as a table with four entries, as shown in Figure 3.11. True positive (TP)



represents the number of positive samples correctly classified as positive by the model,
false positive (FP) represents the number of negative samples incorrectly classified as
positive by the model, true negative (TN) represents the number of negative samples
correctly classified as negative by the model, and false negative (FN) represents the number
of positive samples incorrectly classified as negative by the model. A confusion matrix
provides a visual representation of the model's performance, showing where the model is
making correct and incorrect predictions. It can be used to calculate various performance
metrics such as accuracy, precision, recall, F1 score, and others.

Accuracy
Predicted Class
Positive Negative
. True False
Positive e .
IS Negative
Actual /
Class
. False True
Negative

Positive  EZV[E TS

Figure 11: Confusion matrix structure

The most used performance factor in DL is accuracy. It is very easy to interpret the
performance of CNNs using accuracy as it gives the percentage value. Accuracy is the ratio
of correct prediction and the total number of classes. It gives better results with the
symmetric dataset, where false positive and false negative are the same. The basic equation
for calculating the accuracy is as follows:

True Positive+True Negative

Accuracy = 4

True positive+True Negative+False Positive+False Negative

Precision

Precision is a performance metric used in classification problems to measure the percentage
of true positive samples out of the total number of positive samples predicted by the model.
In the context of CNNs, precision measures how many of the predicted positive samples
are actually positive. Precision is an important metric when the cost of a false positive is
high. The basic equation for calculating the precision is as follows:

. . True Positive
Precision = — — (%)
True positive+False Positive




Recall

Recall is a performance metric used in classification problems to measure the percentage
of true positive samples out of the total number of actual positive samples in the test dataset.
In the context of CNNs, recall measures how many of the positive samples in the test dataset
the model correctly identifies. It is defined as:

Recall = True Positive (6)

True positive+False Negative

High recall indicates that the model has a low false negative rate, meaning that the model
is correctly identifying positive samples and not missing any positive samples. A low recall
indicates a high false negative rate, meaning that the model is missing positive samples,
and there are many positive samples being classified as negative.

F1 Score

F1 score is a performance metric used in classification problems that combines precision
and recall to provide a balanced measure of the model's performance. F1 score provides a
way to balance the trade-off between precision and recall. In the context of CNNs, F1 score
is the harmonic mean of precision and recall and is defined as:

Precission xRecall
F1score =2 X (7

Precission+Recall

A high F1 score indicates a model with both high precision and high recall, signifying
accurate predictions of positive samples without missing any or falsely categorizing
negative samples. Conversely, a low F1 score suggests either low precision or low recall,
indicating potential issues with missing positive samples or erroneously classifying
negative samples as positive. F1 score is an important metric when the class distribution is
imbalanced, meaning that there are more samples in one class than the other. In such cases,
accuracy alone may not be a good performance metric as a high accuracy could be achieved
by always predicting the majority class. In these instances, the F1 score provides a more
comprehensive measure of the model's performance by considering both precision and
recall for each class.

4. Results and Discussions

In this chapter, our research's results are presented and discussed regarding the aim of the
study, which was able to classify the surface roughness of Ti-5AI-2.5Sn from an image
using a CNN model. We utilized three distinct datasets to predict surface roughness: a 150X
magnification set comprising 2097 images, a 250X magnification set with 2103 images,
and a 500X magnification set containing 2102 images. Here, the classification performance
was assessed separately for each of these datasets, and a comparative analysis of their
performances is provided at the end of the chapter. The performance evaluation of a CNN
model should be done using multiple performance metrics to get a comprehensive
understanding of the model's strengths and weaknesses. Therefore, for performance
evaluation; Accuracy, Confusion Matrix, Precision, Recall, and F1 Score metrices are
considered in our research. The basic of these metrices are already described in the previous
Methodology chapter.



4.1 SR Prediction Results using 150x Magnified Images Dataset

The result analysis of our CNN model involves evaluating the model's performance on the
given image dataset. Specifically, here, we focused on the results of 150X magnified
dataset, comprising 2097 images. This dataset was divided into training (1467), testing
(420), and validation (210) sets, each categorized into seven classes. The following
metrices are used for evaluating the performance of our CNN model for this 150X
magnified dataset.

4.1.1 Training and Validation Result

The training results in classification reflects how well the model has learned to make
accurate predictions on the training data. Here we considered a total of 1467 images for
training and 210 images for validation in 150X magnified dataset. During the training
process, the model is exposed to a set of labeled examples with 150X magnification, and it
learns to map the input features to the output class labels. Figure 12 shows the outputs of
the last five epochs during the training process.

Epoch 76/80
92/92 - 12s - loss: ©.5632 - accuracy: 8.7737 - val_loss: ©.7922 - val_accuracy: ©.7238 - 1lr: 3.1623e-18 - 12s/epoch - 126ms/step
Epoch 77/8@
92/92 - 12s - loss: ©.5515 - accuracy: 0.768% - val loss: 8.7998 - val accuracy: ©.7143 - 1lr: 3.1623e-10 - 12s/epoch - 129ms/step
Epoch 78/80
92/92 - 12s - loss: ©.5277 - accuracy: 0.7866 - val_loss: ©.79@7 - val_accuracy: ©.7198 - 1lr: 3.1623e-10 - 12s/epoch - 125ms/step
Epoch 79/8@
92/92 - 12s - loss: ©.5261 - accuracy: 0.7771 - val_loss: 8.7922 - val accuracy: ©.7198 - 1lr: 1.8000e-10 - 12s/epoch - 126ms/step
Epoch 88/80
92/92 - 12s - loss: ©.5873 - accuracy: 0.8044 - val_loss: ©.79@3 - val_accuracy: ©.7198 - 1lr: 1.8000e-10 - 12s/epoch - 128ms/step

Figure 122: Code Snippet of outputs of the last five epochs of the training process
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Figure 13: Training and validation accuracy for the magnification factor 150X

Accuracy is the most common evaluation metric for classification problems. A high
training accuracy means that the model can fit the training data well. The validation
accuracy is the performance metric that measures how well the model generalizes to new,
unseen data. Figure 13 shows the accuracy graph for both training and validation set. The



graph shows that the validation accuracy starts to grow from the 5™ epoch considerably and
continues to increase until the 15™. After that it maintains a stable value until the 80™ epoch.
After 80" epochs, the training accuracy is 0.8044, and the validation accuracy is 0.7190.
Here, the difference between training accuracy and validation accuracy are lower. This
suggests that the model is generalizing well to new, unseen data and is balanced with the
training data. This situation is desirable as it indicates that the model has learned the
underlying patterns in the data without simply memorizing the training set.

Training and Validation Loss

The training loss measures how well the model fits the training data, while validation loss
measures how well the model generalizes to new, unseen data. Both metrics are essential
in evaluating the performance of our CNN model and preventing overfitting. Figure 14
shows the loss graph for both training and validation. During the training of our 150X
magnified dataset, the loss is 0.5073 at the last epoch, and the validation loss is 0.7903 at
the last epoch. The loss curves for both training and validation are substantially more stable.
Training loss and validation loss are highly correlated. Therefore, there is no overfitting
concern.

3.0 4
— Train Loss

Validation Loss
2.5 1

2.0 1

RN

1.0 4 \\
0.5 1 \WM

0 10 20 30 40 50 60 70 80
Epochs

Loss

Figure 14: Training loss and validation loss curve

4.1.2 Testing Result

After training our model with training set and optimized to minimize the loss function, we
assess its performance on a separate test set containing 420 new images across seven
categories. This evaluation helps us understand how well our CNN model generalizes to
fresh, unseen data, measuring its error rate on the new test dataset. The test set estimates
the model's generalization error, which is the error rate on new data. The test result is
reported using evaluation metrics, like accuracy, confusion matrix, precision, recall, and
F1 score.

Testing Accuracy

Test accuracy measures the percentage of correctly classified instances in the test set. Table
3 shows the testing accuracy and error for 420 images of 7 classes, where each class
contains 60 images for finding testing accuracy. As seen from the table, the overall testing
accuracy for the 150X magnification factor is 69.5%, and the error is 30.47%. That means
the model predicts 69 images accurately out of 100 images.



Table 3: Testing accuracy and error for 150X magnification factor

Class No. of images g:er;iiigg :’Iizzng:;ly Accuracy (%)
A 60 41 19 68.3
B 60 43 17 71.6
C 60 39 21 65.0
D 60 43 17 71.6
E 60 43 17 71.6
F 60 41 19 68.3
G 60 42 18 70.0
Average 420 292 128 69.5

Confusion Matrix

The confusion matrix gives the summary of our prediction results. The accuracy metric
alone may not be able to accurately interpret the actual result for variation in the number of
observations in each class.
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Figure 15: Confusion matrix for 150X magnification



In that case, confusion matrix gives the number of correct and incorrect predictions
together, which helps us to interpret the model more easily. Figure 15 shows the confusion
matrixes for our 150X magnification dataset.

Precision, Recall, and F1 Score

We now examine the precision, recall, and F1 score performances in order to present a
thorough analysis of our test results. These metrics are calculated individually for all seven
classes, and the outcomes are summarized in Table 4, showing the precision, recall, and F1
scores for each class in the 150X magnification dataset.

The weighted average precision, calculated for 420 test images, is 0.71, indicating a high
valid positive rate. This implies that the model accurately identifies negative samples.
However, there are instances where negative samples are incorrectly classified as positive.
The average recall score, determined for 420 test images, stands at 0.69. A high recall score
suggests a low false negative rate, indicating that the model correctly identifies positive
samples, with few instances of misclassifying positive samples as negative. The average
F1-score, computed for 420 test images, is 0.70. This signifies that the model achieves a
balance between precision and recall, effectively predicting positive samples without
significant misses.

Table 4: Precision, recall, and F1 score for 150X magnification

Class Precision Recall F-1 score Test Images
A 0.69 0.68 0.69 60

B 0.67 0.71 0.69 60

C 0.57 0.65 0.60 60

D 0.76 0.71 0.73 60

E 0.72 0.71 0.72 60

F 0.73 0.68 0.70 60

G 0.80 0.70 0.75 60

Average 0.71 0.69 0.70 420

4.2 SR Prediction Results using 250x Magnified Images Dataset

Now, here, we focus on the results of 250X magnified dataset, comprising 2103 images.
This dataset was divided into training (1473), testing (420), and validation (210) sets, each
categorized into seven classes. The following metrices are used for evaluating the
performance of our CNN model for this 250X magnified dataset.



4.2.1 Training and Validation Result

The training results in classification reflects how well the model has learned to make
accurate predictions on the training data. Here we considered a total of 1473 images for
training and 210 images for validation in 250X magnified dataset. During the training
process, the model is exposed to a set of labeled examples with 250X magnification, and it
learns to map the input features to the output class labels. Figure 16 shows the outputs of
the last five epochs during the training process.

93/93 - 11s - loss: ©.4348 - accuracy: 0.7855 - val loss: ©.9981 - val_accuracy: ©.7198 - lr: 1.0000e-089 - 1ls/epoch - 123ms/step

Epoch 76/8@

93/93 - 11s - loss: ©.435@ - accuracy: 0.7889 - val_loss: ©.9894 - val_accuracy: ©.7198 - lr: 1.0088e-09 - 1ls/epoch - 123ms/step

Epoch 77/8@

93/93 - 12s - loss: ©.4347 - accuracy: ©.7923 - val loss: 0.9888 - val accuracy: ©.7198 - lr: 3.1623e-1@ - 12s/epoch - 124ms/step

Epoch 78/8@

93/93 - 12s - loss: ©.4445 - accuracy: ©.7889 - val loss: ©.9898 - val accuracy: ©.7143 - lr: 3.1623e-1@ - 12s/epoch - 125ms/step

Epoch 79/8@

93/93 - 11s - loss: 8.4369 - accuracy: 0.7848 - val_loss: 0.9887 - val_accuracy: 8.7198 - lr: 3.1623e-1@ - 1l1s/epoch - 124ms/step

Epoch 88/8@
93/93 - 11s - loss: ©.4364 - accuracy: 0.7923 - val loss: ©.9892 - val accuracy: ©.7238 - lr: 3.1623e-1@ - 1ls/epoch - 123ms/step

Figure 16: Code Snippet of outputs of the last five epochs of the training process

Training and Validation Accuracy

Figure 17 shows the accuracy graph for both training and validation dataset. The graph
shows that the validation accuracy starts to grow from the 8™ epoch considerably and
continues to increase until the 12", After that it follows a decrease and increase pattern until
the 25" epoch. After that it maintain a stable pattern until the 80 epoch. After 80 epochs,
the training accuracy is 0.7923, and the validation accuracy is 0.7328. Here, the difference
between training accuracy and validation accuracy are lower. This suggests that the model
is generalizing well to new, unseen data and is balanced with the training data. This
situation is desirable as it indicates that the model has learned the underlying patterns in
the data without simply memorizing the training set.
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Figure 17: Train and validation accuracy for 250X magnified dataset

Training and Validation Loss

Figure 18 shows the loss graph for both training and validation. During the training of our
250X magnified dataset, the loss is 0.4364 at the last epoch, and the validation loss is 0.9892
at the last epoch. The loss curves for both training and validation are substantially more



stable. Training loss and validation loss are highly correlated. Therefore, there is no
overfitting concern.
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Figure 18: Train loss and validation loss curve for 250X magnified dataset

4.2.2 Testing Result

After training our model with training set of 250X magnification dataset and optimized to
minimize the loss function, we assess its performance on a separate testing dataset
containing 420 new images across seven categories. This evaluation helps us understand
how well our CNN model generalizes to fresh, unseen data, measuring its error rate on the
new test dataset. The test set estimates the model's generalization error, which is the error
rate on new data. The test result is reported using evaluation metrics, like accuracy,
confusion matrix, precision, recall, and F1 score.

Testing Accuracy

Table 5 shows the testing accuracy and error for 420 images of 7 classes of 250X
magnification dataset, where each class contains 60 images for finding testing accuracy.
As seen from the table, the overall testing accuracy for the 250X magnification factor is
61.90%, and the error is 38.10%. That means the model predicts almost 62 images
accurately out of 100 images.

Table 5: Testing accuracy and error for 250X magnification factor

Class No. of images  Correctly Incorrectly Accuracy (%)
predicted predicted

A 60 37 23 61.66

B 60 37 23 61.66

C 60 34 26 56.67

D 60 43 17 71.60

E 60 39 21 65.00



F 60 33 27 55.00
G 60 37 23 61.66

Average 420 260 160 61.90

Confusion Matrix

The confusion matrix gives the summary of our prediction results. The accuracy metric
alone may not be able to accurately interpret the actual result for variation in the number of
observations in each class. In that case, confusion matrix gives the number of correct and
incorrect predictions together, which helps us to interpret the model more easily. Figure 19
shows the confusion matrixes for our 250X magnification dataset.
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Figure 19: Confusion matrix for 250X magnified dataset

Precision, Recall, and F1 Score

We now examine the precision, recall, and F1 score performances in order to present a
thorough analysis of our test results. These metrics are calculated individually for all seven
classes, and the outcomes are summarized in Table 6, showing the precision, recall, and F1



scores for each class in the 250X magnification dataset. The weighted average precision,
calculated for 420 test images, is 0.60, indicating a high actual positive rate. This implies
that the model accurately identifies negative samples. However, there are instances where
negative samples are incorrectly classified as positive. The average recall score, determined
for 420 test images, stands at 0.60. A high recall score suggests a low false negative rate,
indicating that the model correctly identifies positive samples, with few instances of
misclassifying positive samples as negative. The average F1-score, computed for 420 test
images, is 0.60. This signifies that the model achieves a balance between precision and
recall, effectively predicting positive samples without significant misses. However, all the
precision, recall, and FI1 score values are comparatively much lower than 150X
magnification dataset.

Table 6: Precision, recall, and F1 score for 250X magnification

Class Precision Recall F-1 score support
A 0.63 0.61 0.62 60

B 0.68 0.61 0.64 60

C 0.59 0.56 0.57 60

D 0.66 0.71 0.69 60

E 0.62 0.65 0.63 60

F 0.49 0.55 0.52 60

G 0.59 0.61 0.60 60
Average 0.60 0.60 0.60 420

4.3 SR Prediction Results using 500x Magnified Images Dataset

Now, here, we focus on the results of 500X magnified dataset, comprising 2102 images.
This dataset was divided into training (1472), testing (420), and validation (210) sets, each
categorized into seven classes. The following metrices are used for evaluating the
performance of our CNN model for this 500X magnified dataset. Result analysis for 500X
magnified images is segmented into two parts: training and validation result analysis and
testing result analysis.

4.3.1 Training and Validation Result

The training results in classification reflects how well the model has learned to make
accurate predictions on the training data. Here we considered a total of 1472 images for
training and 210 images for validation in 500X magnified dataset. During the training
process, the model is exposed to a set of labeled examples with 500X magnification, and it



learns to map the input features to the output class labels. Figure 20 shows the outputs of
the last five epochs during the training process.

92/92 - 12s - loss: 8.3667 - accuracy: 0.8764 - val_loss: 8.6882 - val_accuracy: 0.781@ - 1r:
Epoch 76/8@
92/92 - 12s - loss: 8.3749 - accuracy: 0.8770 - val_loss: ©.6883 - val_accuracy: 8.7857 - 1r:
Epoch 77/8@
92/92 - 12s - loss: 8.3619 - accuracy: 0.8764 - val loss: ©.68%7 - val_accuracy: 8.7762 - 1r:
Epoch 78/80
92/92 - 12s - loss: ©.3345 - accuracy: 0.8770 - val loss: ©.6894 - val_accuracy: 8.7762 - lr:
Epoch 79/8@
92/92 - 12s - loss: ©8.3620 - accuracy: 0.8736 - val loss: ©.6886 - val_accuracy: 0.7762 - lr:
Epoch 80/80
92/92 - 12s - loss: 8.339@ - accuracy: 0.8818 - val_loss: 8.6884 - val_accuracy: 0.7762 - 1r:

w

.1623e-89 - 12s/epoch - 128ms/step

w

.1623e-089 - 12s/epoch - 138ms/step

w

.1623e-8% - 12s/epoch - 128ms/step

w

.1623e-89 - 12s/epoch - 125ms/step

=

.B0eBe-89 - 12s/epoch - 127ms/step

[

.B0BPe-09 - 12s/epoch - 126ms/step

Figure 20: Code Snippet of outputs of the last five epochs of the training process

Training and Validation Accuracy

Figure 21 shows the accuracy graph for both training and validation dataset. The graph
shows that the validation accuracy starts to grow from the 5™ epoch considerably and
continues to increase until the 35™. After that it maintains a stable value until the 80™ epoch.
After 80" epochs, the training accuracy is 0.8818, and the validation accuracy is 0.7762.
Here, the difference between training accuracy and validation accuracy are lower. This
suggests that the model is generalizing well to new, unseen data and is balanced with the
training data. This situation is desirable as it indicates that the model has learned the
underlying patterns in the data without simply memorizing the training set.
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Figure 21: Train and validation accuracy for 500X magnified dataset
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Training and Validation Loss

Figure 22 shows the loss graph for both training and validation. During the training of our
500X magnified dataset, the loss is 0.3390 at the last epoch, and the validation loss is 0.6884
at the last epoch. The loss curves for both training and validation are substantially stable.
Training loss and validation loss are highly correlated. Therefore, there is no overfitting
concern.
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Figure 22: Train loss and validation loss curve for 500X magnified dataset

4.3.2 Testing Result

After training our model with training set of 500X magnification dataset and optimized to
minimize the loss function, we assess its performance on a separate testing dataset
containing 420 new images across seven categories. This evaluation helps us understand
how well our CNN model generalizes to fresh, unseen data, measuring its error rate on the
new test dataset. The test set estimates the model's generalization error, which is the error
rate on new data. The test result is reported using evaluation metrics, like accuracy,
confusion matrix, precision, recall, and F1 score.

Testing Accuracy

Table 7 shows the testing accuracy and error for 420 images of 7 classes of 500X
magnification dataset, where each class contains 60 images for finding testing accuracy.
As seen from the table, the overall testing accuracy for the 500X magnification factor is
75.71%, and the error is 24.29%. That means the model predicts almost 75 images
accurately out of 100 images.

Table 7: Testing accuracy and error for 500X magnification factor

Class No. of images s:er;iiigg ;I;cezgteec;ly Accuracy (%)
A 60 44 16 73.33

B 60 47 13 78.33

C 60 44 16 73.33

D 60 45 15 75.0

E 60 51 9 85.0

F 60 43 17 71.66

G 60 44 16 73.33

Average 420 318 102 75.71




Confusion Matrix

The confusion matrix gives the summary of our prediction results. Figure 23 shows the
confusion matrixes for our 500X magnification dataset.
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Figure 23: Confusion matrix for 500X magnified dataset

Precision, Recall, and F1 Score

Table 8 shows the precision, recall, and F1 scores for each class in the 500X magnification
dataset. The weighted average precision, calculated for 420 test images, is 0.65, indicating
a high actual positive rate. This implies that the model accurately identifies negative
samples. However, there are instances where negative samples are incorrectly classified as
positive. The average recall score, determined for 420 test images, stands at 0.72. A high
recall score suggests a low false negative rate, indicating that the model correctly identifies
positive samples, with few instances of misclassifying positive samples as negative. The
average Fl-score, computed for 420 test images, is 0.72. This signifies that the model
achieves a balance between precision and recall, effectively predicting positive samples
without significant misses.



Table 8: Precision, recall and F1 score for 500X magnification factor

Class Precision Recall F-1 score support
A 0.78 0.78 0.78 60

B 0.82 0.80 0.81 60

C 0.77 0.71 0.74 60

D 0.76 0.80 0.78 60

E 0.32 0.75 0.74 60

F 0.65 0.67 0.65 60

G 0.51 0.56 0.54 60
Average 0.65 0.72 0.72 420

4.4 Comparative Analysis among Performance Parameter Scores

Now, we conduct a comparative analysis of our results across three datasets. In our study,
we utilized three distinct image datasets magnified at 150X, 250X, and 500X levels. Figure
24 illustrates the comparative performance, considering training, testing, and validation
accuracy for the three datasets. The X-axis represents the three different datasets, while the
Y-axis depicts the accuracy scores. Upon examining the comparison chart, it becomes
evident that the dataset with images magnified at 500X provides superior accuracy
compared to the 150X and 250X magnified datasets.

Train
m Validation

Test

Percentage of Accuracy

150X 250X 500X
Magnification Factor

Figure 24: Accuracy comparison among three datasets



For a more detailed breakdown of the correctly predicted values and accuracy across all
seven classes, we present Table 9. The accuracy percentages directly reflect the number of
correctly predicted data points for each magnification level. As seen from the table, the
500X magnified images dataset exhibits the highest accuracy (75.7%), followed by 150X
(69.5%) and 250X (61.9%). The higher accuracy in the 500X dataset implies better overall
classification performance at higher magnification levels.

Table 9: Comparison Table of Accuracy and Correctly Predicted Data

For 150X magnified For 250X magnified For 500X magnified

No. of images images images
Class im )
ages Correctly Accuracy Correctly Accuracy Correctly Accuracy

predicted (%) predicted (%) predicted (%)
A 60 41 68.3 37 61.66 44 73.33
B 60 43 71.6 37 61.66 47 78.33
C 60 39 65.0 34 56.67 44 73.33
D 60 43 71.6 43 71.60 45 75.0
E 60 43 71.6 39 65.00 51 85.0
F 60 41 68.3 33 55.00 43 71.66
G 60 42 70.0 37 61.66 44 73.33
Total 420 292 69.5 260 61.9 318 75.7

The Table 10 presents a comparative analysis of precision, recall, and F1-score across three
magnification levels (150X, 250X, and 500X) in image datasets. This comparison allows
for an in-depth evaluation of the model's efficacy at different levels of magnification.
Across the magnification levels, precision varies, with the 150X dataset achieving the
highest precision (0.71), followed by 500X (0.65), and then 250X (0.60). The 150X dataset
demonstrates superior precision, suggesting a better ability to correctly identify positive
instances. While the 250X dataset shows the lowest recall (0.60), the 150X and 500X
datasets exhibit almost similar recall values (0.69 and 0.72, respectively). The 500X dataset
stands out with the highest recall, indicating a better ability to capture all positive instances.
Among the three datasets, the highest F1-score is observed in the 500X magnified images
dataset (0.72), while the lowest F1-score is found in the 250X magnified images dataset
(0.60). That means, the 500X dataset demonstrating superior performance in achieving a
balance between precision and recall, while the 250X dataset shows relatively weaker
performance in this aspect.



Table 10: Comparison Table of Precision, Recall, and F1-Score

Performance 150X  Magnified | 250X  Magnified | 500X  Magnified
Parameter Images Dataset Images Dataset Images Dataset
Average Precision 0.71 0.60 0.65
Average Recall 0.69 0.60 0.72
Average F1-Score 0.70 0.60 0.72

4.5 Optimal Dataset and its Scores

Based on the provided data, the 500X magnified images dataset delivers the best results
among the three magnification levels evaluated. Here's a detailed description of why the
500X dataset stands out.

Higher Accuracy: The 500X magnified images dataset achieves the highest accuracy
percentage of 75.7%. This indicates that the model trained on the 500X dataset correctly
classified the highest proportion of instances compared to the other magnification levels.

Balanced Precision and Recall: Although precision and recall measures may vary across
magnification levels, the 500X dataset demonstrates competitive values. It achieves an
average precision of 0.65 and an average recall of 0.72, suggesting a good balance between
minimizing false positives and false negatives.

Superior F1-Score: The Fl-score, which combines precision and recall into a single
metric, is consistent across the magnification levels. The 500X dataset achieves an average
Fl1-score of 0.72, indicating a robust performance in terms of both precision and recall.

Effective Identification of Features: Higher magnification levels, such as 500X, typically
provide finer details and clearer images, enabling the model to identify subtle features with
greater accuracy. This results in more precise classification and higher overall performance.

Real-world Applicability: In many real-world scenarios, particularly in fields like medical
imaging or materials science, where detailed examination of microscopic structures is
crucial, higher magnification levels are preferred for accurate analysis and diagnosis.
Therefore, a model trained on 500X magnified images is more likely to generalize well and
perform effectively in practical applications.

In summary, the 500X magnified images dataset delivers the best results due to its higher
accuracy, competitive precision and recall, balanced F1-score, and suitability for real-world
applications requiring detailed analysis of microscopic structures.



5. Conclusion and Future Research Scope
5.1 Conclusion

Surface Roughness measurement stands as a pivotal parameter with wide-ranging
implications across numerous industries, encompassing aerospace, materials science, and
medical imaging. This research represents a significant advancement in the field of SR
prediction using CNN applied to SEM images. By addressing the gap in existing literature
regarding the utilization of CNNs for SR prediction and considering the impact of varying
magnification levels, this study provides valuable insights into optimizing surface quality
assessment across diverse industries. The findings underscore the critical importance of
selecting appropriate magnification levels in SEM imaging for accurate SR prediction. The
comparative analysis revealed that the dataset magnified at 500X consistently
outperformed those at 150X and 250X, demonstrating superior accuracy, precision, recall,
and F1-score. This indicates that higher magnification levels offer finer detail and clearer
images, enabling the CNN model to discern subtle features with increased accuracy. The
successful application of CNN in analyzing SEM images for SR prediction represents a
significant step forward in surface quality assessment methodologies. By leveraging CNN
(a DL technique), this research provides a robust framework for enhancing SR
measurement precision and efficiency in various industrial and research domains.

5.2 Limitations and Future Research Scopes

This research has contributed valuable insights into optimizing SR measurement
methodologies. However, as with any scientific endeavor, there are inherent limitations to
consider, along with opportunities for future exploration and advancement. Below, we
outline these aspects to provide a comprehensive understanding of the research landscape
and potential avenues for further investigation.

e Limited Dataset: Despite efforts to collect diverse SEM images, the dataset used
in this research may not fully capture the variability present in real-world scenarios.
For this limited dataset, the accuracy and other performance metrices delivers
comparatively lower scores. Future studies could benefit from larger and more
diverse datasets to improve model generalization.

e Single Material Focus: This research specifically focused on titanium alloy (Ti-
5AIl-2.5Sn), potentially limiting the generalizability of findings to other materials.
Exploring SR prediction across a wider range of materials could provide a more
comprehensive understanding.

e Magnification Levels: While this study investigated three magnification levels,
there may be additional magnification levels or imaging parameters that could
impact SR prediction accuracy. Exploring a wider range of magnifications and
imaging settings could provide further insights.

e Evaluation Metrics: While accuracy, precision, recall, and F1-score were utilized
as performance metrics, other evaluation measures such as mean squared error or
root mean squared error could provide additional insights into model performance.

e Enhanced Model Architectures: Future research could explore more advanced
CNN architectures, such as attention mechanisms or capsule networks, to further
improve SR prediction accuracy and robustness.
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