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1. INTRODUCTION

Surface roughness is one of the important quality characteristics of the manufactured parts, and it is
directly related to friction, wear, fatigue strength, sealing, and lubrication. Surface roughness measurement is
an important task in precision manufacturing industries like aerospace and automotive for the dimensional
accuracy and mechanical assembly reliability requirements of the machined parts to meet the design
requirements [1]-[3]. The most commonly used measure of surface roughness, the arithmetic average
roughness (Ra), is defined as the average of the absolute values of the deviations of the surface profile from a
reference line, as shown in Figure 1 for the evaluation length Lm. In industry, Ra is used systematically
because it has a good correlation with functional performance requirements and is simple to work with [4].
The development of surface roughness estimation techniques can be seen in Figure 2, which shows that
surface roughness estimation techniques have evolved from contact-based methods to in-machine methods.

During drilling, the resulting surface roughness depends on several interacting factors, including
cutting speed, feed rate, tool structure, tool wear, and vibration, which prior studies have categorized into
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setup, operational, and process factors [5]. Surface roughness of the drilled components is of importance in
dimensional accuracy, fatigue strength, and general structural behavior under working load [6], [7].
Contact-based stylus profilometers are the standard method for quantifying surface roughness, but they have
notable limitations on internally drilled surfaces: accessibility is restricted by hole diameter and depth,
measurement often requires interrupting the process or destructively sectioning the workpiece, the stylus
can damage the surface, and the method is unsuitable for in-process or real-time monitoring, besides being
time-consuming. These constraints motivate the development of reliable non-contact surface roughness
estimation methods [8]-[10].

Actual surface
Vertical deviations
y }}f;\) | /»447 [ o
Il
o W

WI%LUJV

-t L e

'm

Deviations from nominal surface used in the two definitions of
surface roughness.

Figure 1. Surface roughness as vertical deviations from the nominal surface
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Figure 2. Advancing in surface roughness estimation techniques

To overcome these drawbacks, many studies have been conducted on non-contact surface roughness
measurement, especially optical and vision-based approaches, which can rapidly measure the surface
roughness without destroying the sample and are compatible with automated surface inspection systems such
as laser-based methods, optical coherence tomography (OCT), speckle imaging, and optical surface profiling,
as mentioned in [11]-[13]. Of these, image-based estimation has become a viable alternative because it is
cost-effective and flexible, and is able to analyze the variations in grayscale intensity and the patterns of
texture in the image to obtain the features associated with the roughness. Initial works revealed that some
statistical values like standard deviation, variance, and mean of the pixel intensities are correlated with
surface roughness in the machined surface [14]. These gray-level co-occurrence matrix (GLCM) features has
been used widely for surface texture analysis in turning and milling operations because it captures the spatial
relationships between neighbouring pixels, and have been successfully applied for surface texture analysis in
turning and milling operations [15]. A vision-based approach to estimate surface texture of milled surfaces
based on statistical features of the image [16], [17].

Frequency domain methods have also been explored, such as using the discrete Fourier transform
(DFT), which decomposes the spatial frequency components to detect dominant features related to
roughness. However, frequency domain analysis is not localizable and may not be sufficient to describe
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complex Surface features caused by the dynamics of the machining process. Furthermore, all the existing
image-based non-contact roughness estimation studies [18]—-[20] refer to planar or open surfaces, such as
turned, milled or ground parts.

Machine learning and Al-based methods have also been suggested for surface roughness
prediction [21]-[24] which are generally based on machining parameters or signals from vibrators, acoustic
emission or power consumption sensors. They are effective, but a large training set is necessary, multiple
sensors need to be used and they need to be calibrated for each process, and they do not directly investigate
the surface texture, so they are not directly applicable to other materials and surface finishes. The
wavelet-based analysis is a powerful multi-resolution surface roughness estimation method, which
decomposes an image into sub-bands of different frequency spectrum and orientation, and has been found to
have good correlation with surface roughness parameters in milling, micromachining and electrical discharge
machining (EDM) processes [25], [26]. Wavelet-based image analysis is also limited in its use for the
estimation of surface roughness of internal drilled surfaces, with validation against contact-based
measurements in a systematic approach.

This paper presents a non-contact image-based method to estimate surface roughness of drilled
Al-7075 parts, based on high-resolution images acquired by a custom setup that is designed to be repeatable
under different machining conditions [27] to address this. The proposed system explores and compares three
feature extraction methods from images, namely GLCM, DFT, and DWT in a systematic manner. The texture
and frequency domain features are obtained by these methods and correlated with the values obtained by
surface profiler on a stylus-based contact profiler. The reference value is used as the arithmetic Ra parameter,
and the performance in estimating the Ra is quantitatively measured by standard error metrics.

2. MATERIAL PREPARATION AND DATA COLLECTION
2.1. Materials preparation

Aluminum is a common substantial in aircraft manufacturing. Different grades of aluminum are
used in industry, such as Al-6061 and Al-7075. Al-7075 is the most used material in the industry. Aluminum
is a special material because it creates a metal oxide layer that prevents metal from undergoing rusting.
Al-7075 is an aluminum alloy that mainly consists of aluminum, along with approximately 5.6—6.1% zinc,
2.1-2.5% magnesium, and 1.2—1.6% copper. It also contains trace amounts (less than 0.5%) of elements such
as silicon, iron, manganese, titanium, chromium, and others. The detailed composition is provided in Table 1.

A computer-aided design (CAD) model of drilled Al-7075 plate with dimensions 102x102%25 mm
was developed for the study. Drilling operations were carried out using an 8§ mm diameter carbide-tipped drill
bit. The experiments were performed on an Al-7075 aluminum plate of the same dimensions. Different
machining speeds and feed rates were used, including spindle speeds of 2000, 2500, 3000, 3500, and 4000
revolutions per minute (RPM), and feed rates of 25, 50, 75, 100, 125, and 150 mm/min. For each cutting
speed, different feed rates were applied. Figure 3 illustrates the complete experimental workflow starting
from the computer numerical control (CNC) machine setup used for precision drilling operations, followed
by the CAD model of the Al-7075 plate. It continues with the actual drilling process and concludes with the
final appearance of the drilled aluminum workpiece, which was later analyzed for surface roughness.

Table 1. Chemical composition of Al-7075 alloy

Compositions Percentage of content (%)
Aluminum (Al) 90
Zinc (Zn) 5.6
Manganese (Mg) 2.5
Copper (Cu) 1.6
Chromium (Cr) 0.23
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Figure 3. The sequence of steps in material preparation and drilling of the Al-7075 workpiece
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2.2. Generation and collection of the dataset for surface roughness estimation

A special image acquisition system was designed to collect a comprehensive set of data to estimate
surface roughness. The images required for estimating surface roughness were taken with the help of this
specially designed and constructed device. The collected images were then subjected to analysis for
determining their surface roughness values.

A specially built rotating-stage imaging apparatus, as illustrated in Figure 4, was utilized,
allowing controlled angle measurements at different hole sizes and feed rates. This versatile arrangement
provides reliability and strength under various machining conditions. In the case of through holes, no
artificial light source is required because the specimen holder is transparent, and ambient light can be utilized
for image acquisition.

Figure 4. Image capturing setup to capture drilled surface images

The images captured for different diameter holes at different speeds and feeds without illumination
are shown in Table 2. The roughness value of the sectioned Al-7075 was measured using the contact method.
The device employed for this measurement is the Taylor Hobson surface profiler. It features a stylus tip
connected to a probe, which is linked to a controller that displays the roughness value directly. Additionally,
the device can be connected to a laptop to obtain a more detailed result, including the stylus travel and the
resulting graph. The stylus travels a distance of 4 mm to provide the roughness value. Figure 5 illustrates the
device used for measuring roughness using the Taylor Hobson surface profiler. Surface roughness
measurements obtained using the Taylor Hobson profilometer follow conventional Ra-based assessment
practices consistent with ISO 4287/4288 surface texture evaluation standards. The Ra parameter was selected
because of its widespread industrial acceptance and relevance in machining quality assessment.

[Pnibed Frafie TG L - 1 - A0 25m el OIS Live AP 1 Id
12245 sant - 2 EmmiAdmn/Teyicr Vozeon Taly Sorl 30 AOEOM e

Figure 5. Estimation of surface roughness using a stylus-based Taylor Hobson surface profiler
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Table 2. Sample images captured using a custom-built image-capturing setup

SINo  Feed rate Spindle Speed (rpm)
(mm/min)
1. 25
6.162mm

2 50

3 75

4. 100

5. 125

6. 150

3. METHOD

This work explores three image-texture-based approaches, like GLCM, DFT, and DWT, to estimate
the surface roughness of the drilled surface, as illustrated in Figure 6. The proposed framework demonstrated
stable performance under the selected preprocessing configuration (median filter size = 5 and Daubechies
wavelet (db4)); however, systematic sensitivity analysis for different preprocessing parameters remains part
of future investigation. The methodology is organized into data acquisition, preprocessing, feature extraction,
and evaluation steps.

Gray level co- Pre surface
occurrence matrix roughness R, using contrast
features feature

Compare
predicted
Roughness
values

Prediction of surface
roughness R, using discrete
frequency components

Discrete Wavelet
Transforms

rediction of surface
roughness R, using energy
levels of wavelets

Drilled hole image Discrete Fourier
Transforms

Figure 6. Proposed method workflow diagram
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3.1. Data acquisition and preprocessing

Grayscale images of machined surfaces were captured using a custom-built image-capturing setup.
The images were then processed and resized using the median filter technique with a kernel size of 5 pixels.
Each surface image has a corresponding value of Ra determined using the profilometer, and this serves as the
ground truth value. Fuzzy inference systems may also be considered for handling uncertainties due to varying
light conditions and noise levels in the images.

3.2. Image preprocessing and feature extraction using gray-level co-occurrence matrix

The captured images of holes were subjected to a series of image processing operations in
MATLAB to analyze the surface texture and get an estimate of surface finish. The pipeline starts by
converting an image to grayscale using grayscale conversion and then median filtering the image to prepare
for texture analysis, and then the GLCM is computed to capture the spatial relationship between the
neighboring intensities of the pixels in the image. The statistical parameters obtained from the GLCM are
then correlated with the roughness parameters obtained from the profilometer to get a quantitative
measurement of surface finish. To analyze the drilled surface texture and estimate surface finish, a series of
image processing steps was applied to the captured image using MATLAB.

3.2.1. Image acquisition and grayscale conversion

The input image (4-25.JPG) was first read using the read function. As texture analysis does not rely
on color information, the image was converted from RGB to grayscale using the rgb2gray function, reducing
computational complexity. Median filtering was applied using medfilt2 to reduce image noise while
preserving edges, which is important for accurate texture analysis.

3.2.2. Gray-level co-occurrence matrix computation

GLCM is used to extract the features of the input images, computed by the gray matrix function,
following the vision-based texture characterization approach adopted in prior surface roughness
studies [14]-[16]. GLCMs were generated for two spatial offsets: [2 0] (horizontal) and [0 2] (vertical).
These offsets allow analysis of pixel pair relationships in multiple directions, enhancing texture description.
GLCM estimates the spatial arrangement of image texture by counting the frequency of occurrence of pixels
in a given offset at a specified direction. There are three parameters in GLCM:
—  Distance (d): the separation between two pixels.
—  Angle (8): the direction (0°, 45°, 90°, and 135°) in which pixel pairs are considered.
—  Number of distinct intensity levels (G): the number of grey levels in the image.
The GLCM matrix is an m*n matrix consisting of the frequency of occurrences of neighboring pixel values.
There is one occurrence of the pixel pair (1,1) and two occurrences of pixel pair (1,2), as illustrated in Figure 7.

GLCM
'
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Figure 7. The process used to create the GLCM of the given image

3.2.3. Feature extraction from gray-level co-occurrence matrix

The graycoprops function was used to compute the contrast and correlation features from the
GLCMs. Once the GLCM is generated, various features can be extracted to analyze the texture of the image
surface. In the proposed system, the contrast feature of the GLCM is extracted to analyze the spatial texture
of the surface. The contrast feature indicates the local deviation of pixel distribution in the image. High
contrast signifies a greater distance between neighboring pixels. Contrast is calculated as in (1).

contrast = %,y P, ;(i — j)? M

Where i, j are the indices of GLCM matrix, and GLCM (i, j) signifies the value at position (i, j) in GLCM.

Image-based estimation of surface roughness in Al-7075 drilling (Shilpa M. Karegoudra)
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3.2.4. Surface roughness estimation using gray-level co-occurrence matrix features

In surface roughness estimation, these features quantify how the surface microstructure varies.
Among the extracted features, energy is often used as a proxy for roughness since smoother surfaces tend to
have more uniform textures (higher energy), while rougher surfaces exhibit more texture variations
(lower energy). In this work, energy is directly correlated with the measured surface roughness values
obtained from profilometer readings.

3.3. Estimation of the surface roughness using the discrete Fourier transform

DFT and band-pass filters are employed to analyze the surface profile of the drilled surface. The
DFT is a mathematical technique used to convert spatial data from the time (or spatial) domain into the
frequency domain. For surface roughness analysis, the surface profile, typically a set of height measurements
taken at regular intervals, is transformed to identify the frequency components of the surface texture. DFT is
given by (2).

Lk
X = Xn=o X X €7°TN" @)
DFT comprises only discrete frequency components. The inverse transform is given in (3).
_ 1 onN-1 —iznkn
Xn = TN X x @72 3)

Where X, is the kth frequency element of the DFT with k = 0,1,2... N-1, x,, is the nth sample of the input

sequence, i is the imaginary unit, k is the frequency index, n is the sample count, and N is the total number of

samples in the sequence.

Steps involved in estimating the surface roughness using DFT and a bandpass filter:

i)  Measure the surface profile: use a profilometer to get a series of height measurements.

ii)  Apply DFT: the spatial data is transformed into the frequency domain using DFT.

iii) Analyze the frequency spectrum: the frequency components are identified corresponding to different
roughness scales.

iv) Band-pass filter: a band-pass filter is used to isolate specific frequency components to focus on certain
roughness features.

v) Inverse DFT: the filtered data are converted back to the spatial domain to visualize and analyze the
selected roughness features.

3.4. Wavelet-based surface roughness estimation

Surface roughness reflects the micro-scale variations on a material’s surface, which can be
characterized by analyzing texture patterns in images, as demonstrated for wavelet-based texture descriptors
in machined and micromachined surfaces [25], [26]. The wavelet transform provides a powerful
multi-resolution tool to extract texture features at different scales and orientations, making it highly suitable
for estimating surface roughness from images. Figure 8 describes the steps involved in the procedure.

Wavelet Energy Calculation
Quantifies texture
variations

Discrete Wavelet Transform
Decompose image
into sub-bands

Calibration
Establishes relationship
with known roughness

Image Preprocessing

Simplifies and cleans
images

Final step to predict
surface roughness

Figure 8. Surface roughness estimation procedure using wavelet transform

3.4.1. Image preprocessing

The raw surface images are first converted to grayscale to simplify analysis and reduce
computational complexity. Noise in the images, which can adversely affect feature extraction, is minimized
using median filtering. Median filtering helps preserve edges while removing salt-and-pepper noise, ensuring
more reliable texture representation.

Int J Artif Intell, Vol. 15, No. 4, August 2026: 3492-3504
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3.4.2. Discrete wavelet transforms

The core step involves applying the 2D DWT to the preprocessed grayscale image. The DWT
divides the image into four sub-bands:
—  Approximation coefficients (LL): represent the low-frequency, smooth components of the image.
—  Horizontal details (LH): capture horizontal edge and texture details.
—  Vertical details (HL): capture vertical edge and texture details.
—  Diagonal details (HH): captures diagonal edge and texture details.

The db4 was used as the mother wavelet due to its good localization in both time and frequency
domains, which is advantageous for texture analysis. Mathematically, the DWT of an image I can be
represented as in (4).

DWT(I) = {LL,LH,HL,HH} 4)
Each coefficient matrix represents image information at different frequency bands and orientations.

3.4.3. Wavelet energy calculation

Surface roughness is associated to the amount of texture or “activity” in the image. This can be
quantified by calculating the energy contained in each wavelet sub-band. Energy is computed as the sum of
squared coefficients in (5).

Esubbana = Zx,y(csubband (x' y))z Q)

Where Cgyppana(x,y) are the wavelet coefficients at location (x,y) in each sub-band (LL, LH, HL, HH).
The total wavelet energy is calculated in (6).

Erotar = Epp + Epy + Eyp, + Eyy (6)
Higher energy indicates more texture variations, which generally correspond to higher surface roughness.

3.4.4. Normalization

To make the energy values comparable across images of different sizes, the total energy is
normalized by the number of coefficients in the approximation sub-band LL in (7). Where N;; is the number
of coefficients in the LL sub-band.

ETotal
Enorm = ﬁ @)

3.4.5. Roughness estimation and calibration
The normalized energy E,,,, acts as a feature that correlates with the actual surface roughness

values measured by a profilometer. To establish a quantitative relationship, a calibration step is performed by
fitting a linear regression model between E,,,,, and known roughness values Ra, as in (8).

R=aXEmt+p (®

Where a and f are regression coefficients determined during calibration.

Once calibrated, the model can predict roughness for new images by computing their normalized
wavelet energy and applying the regression equation. Future work may incorporate dimensionality reduction
and feature optimization approaches such as principal component analysis (PCA). Feature attribution
techniques can also be used to identify the most discriminative roughness-related descriptors.

3.5. Error metrics for surface roughness estimation

To quantitatively assess the accuracy of the surface roughness estimation method, the predicted
roughness values are compared with the true roughness values using the following metrics. The mean
absolute error measures the average magnitude of errors between the predicted roughness values and the true
roughness values. It is given in (9).

1
MAE = ﬁZ?:llRiPred - Ritruel (9)

Mean squared error (MSE) is calculated as in (10). Where N is the total number of samples (images), Ripreq
is the predicted roughness value for the ith sample, and R;y is the true roughness value for the ith sample.

1
MSE = EZ?’zo(Ripred - Ril.‘rue)2 (10)
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4. RESULTS AND DISCUSSION

The texture and structure of the finished surface play a significant role in assessing the quality and
reliability of the fabricated product. In the proposed system, the drilled surface is considered to estimate its
texture after performing drilling operations with specified machining parameters and drill hole diameter.
Surface roughness is predicted using image processing techniques.

4.1. Surface roughness values acquired from the Taylor Hobson stylus-based tool

In the existing method, the surface roughness of the drilled surfaces is estimated using the contact
method. The Taylor Hobson stylus-based tool is used to estimate the surface roughness of the drilled holes
used in the proposed system. Figure 9 shows the results of the drilled surface machined at a speed of
2000 RPM and feed = 30, 35, 40, 45 mm/min for a diameter of 4 mm. Experimental observations indicate
that higher feed rates generally increased surface roughness due to increased tool-workpiece interaction,
while higher spindle speeds tended to improve surface finish under stable cutting conditions.

In this study, surface roughness values of drilled hole images were estimated using three different
image processing approaches: GLCM, DFT, and DWT. The performance of each method was quantitatively
evaluated by comparing the estimated Ra values against the benchmark measurements obtained through a
contact stylus profilometer. Figure 10 presents the 3D pseudo profiles and surface topography visualizations
generated from the grayscale images. These visualizations were generated from the grayscale images, as
shown in Figure 10(a). This shows the raw grayscale image of the drilled surface used for texture and
intensity analysis. The central line is used to create the appearance of a profile trace resembling a stylus path.
Figure 10(b) generated using the grayscale value of the pixels on the center line, this profile is used to
represent a surface as per the conventional method for measuring surface roughness. Figure 10(c) shows a 3D
visualization of the surface created using the grayscale pixel value indicating surface height. These profiles
illustrate the spatial variation in pixel intensity, which correlates with the surface’s physical texture. While
the numerical prediction methods (GLCM, DFT, DWT) quantify this deviation using statistical and
frequency-based features, the 3D pseudo-profile provides a visual representation of these deviations at the
pixel level. Peaks and troughs are easily distinguishable in the 3D plots, offering an intuitive understanding
of texture severity and spatial distribution.

Diameter. Spindle speed (rpm) | 2000
(mm) Feed rate (mm/min) Roughness profile and Ra value
4 30 35
Ra=ll.429um | Ra =1.226um|
| | fil W)
; 3R i [
I p j i B ¥ g f i
| I
Ra=0.780pum’ . Ra =1.095pm
bt

Figure 9. HandySurf results of the drilled and machined surface

4.2. Surface roughness values predicted using GLCM, DFT, and wavelet transform

Surface roughness values predicted using the wavelet transform are shown in Figure 11. Figure 12
shows the DFT-based surface roughness estimation: original grayscale image of the drilled surface,
magnitude spectrum of the DFT, and band-pass filtered image highlighting mid-frequency texture features.
Statistical parameters such as mean, standard deviation, and root mean square were extracted from the
filtered image to estimate surface roughness.

Figure 13 presents a comparative analysis of surface roughness values obtained from the contact
method (profilometer) and three non-contact image-based techniques: GLCM, DWT, and DFT. Each bar
group represents a different set of machining parameters. As observed, the wavelet transform consistently
yields values closest to the contact method, reflecting its superior approximation of true surface texture. This
comparison highlights the robustness of wavelet-based approaches in accurately estimating roughness from
image data, aligning well with profilometric measurements.

Int J Artif Intell, Vol. 15, No. 4, August 2026: 3492-3504
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Figure 10. 3D presentation of drilled surface: (a) grayscale image, (b) pseudo surface profile, and
(c) pseudo surface topology 3D
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Figure 11. Results of the wavelet transform method to estimate surface roughness
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Figure 12. Results of DFT to estimate surface roughness
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Comparison of Surface Roughness Estimation Methods
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Figure 13. Comparative analysis of image-based surface roughness estimation methods

The experimental results are interpreted in view of the existing studies on surface
roughness [10], [18]-[20], [23], [27]. Most reported non-contact roughness prediction methods mainly use
machining parameters like spindle speed, feed rate, and tool condition as inputs to learning models, and do
not use direct surface image analysis. Image-based non-contact methods in the literature are primarily
restricted to planar or open surfaces, such as milled and ground components, where illumination and
accessibility of the surface are rather simple. For drilled hole surfaces, several studies have been mainly
conducted in contact-based profilometry or indirect analysis by drilling parameters and tool wear, with very
few works conducted on image-based or machine learning-based non-contact estimation. In this context, the
similarity of the wavelet-based approach with the contact measurements that were observed in this study
implies that it is effective in representing the multi-scale surface features of drilled hole interiors that are not
well represented by spatial or frequency-only features such as GLCM and the DFT. Explainable artificial
intelligence techniques such as Shapley additive explanations (SHAP) and local interpretable model-agnostic
explanations (LIME) can further improve interpretability by identifying dominant image features influencing
roughness prediction.

Although the present study primarily focuses on image-feature correlation with roughness
estimation, the extracted texture and frequency-domain features can also serve as effective inputs to
supervised machine learning models such as support vector machines (SVM), random forests (RF), and
convolutional neural networks (CNNs). Preliminary observations indicate that wavelet-derived features
exhibit strong discriminative capability for data-driven roughness prediction. Integration of intelligent
learning frameworks will be considered in future work for improving prediction robustness and scalability.

5. CONCLUSION

This work provided a non-contact image-based framework for the roughness measurement of
drilled Al-7075 components. It addresses the problems of non-contact methods in the measurement of
internal drilled surfaces through the contact measurement technique. Texture and frequency domain features
were extracted from drilled hole images using GLCM, DFT, and DWT methods, and the calculated
roughness values were compared with stylus-based profilometer measurements. Experimental results showed
that the wavelet-based method gives the best agreement with contact measurement, which has a good
estimation accuracy, more than the GLCM and the DFT methods. The proposed framework is a reliable,
non-destructive alternative for the analysis of surface roughness and is suitable for applications where
accessibility and process interruption are important concerns. Future work will include validation on
additional engineering materials such as Al-6061 and steel alloys to evaluate the generalizability of the
developed framework across different machining environments and larger datasets. Adaptive imaging
systems based on reinforcement learning may further optimize illumination and camera positioning for robust
feature acquisition. The proposed framework can potentially be integrated with CNC machine vision systems
for real-time in-process surface quality monitoring. and further improve it by combining it with real-time
image acquisition and intelligent models for in-line surface quality monitoring in smart manufacturing and
Industry 4.0 environments.
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