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In this study, we examine the assessment of surface roughness on turned surfaces of Ti 6Al 4V using a 
computer vision system. We utilize the Dual-Tree Complex Wavelet Transform (DTCWT) to break down 
the images of the turned surface into sub-images oriented in directions. Three different methods of 
feature generation have been compared, i.e., the use of Gray-Level Co-Occurrence Matrix (GLCM) and 
DTCWT-based extraction of second-order statistical features, DTCWT Image fusion, and the use of 
GLCM for feature extraction, and DTCWT image fusion using Particle Swarm Optimization (PSO) based 
GLCM features. Principal Component Analysis (PCA) was utilized to identify and select features. The 
model was developed using a Radial Basis Function Neural Network (RBFNN). Accordingly, six models 
were designed based on the three feature generation methods, considering all features and features 
selected using PCA. The RBFNN model, which incorporates DTCWT Image fusion and utilizes PSO with 
PCA features, achieved a training data prediction accuracy of 100% and a test data prediction accuracy 
of 99.13%.
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The primary requirement for customers in the machining method is a prediction of surface roughness that 
affects the components’ efficiency and the production cost. All manufacturing firms remove material from 
workpieces using different production methods. Turning is a widely used metal removal method due to its 
faster metal removal rate and reasonable surface quality compared to other methods. Surface roughness refers 
to the measurement of irregularities that are created during the machining process1. Titanium alloys are still 
considered as hard-to-machine materials2. The poor machinability of titanium makes it difficult for machining. 
It is observed that poor machinability is due to relatively lower thermal conductivity, higher strength even at very 
high temperatures, and increased chemical reactivity, resulting in poor surface finish3.
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Surface roughness can be measured using two approaches: contact and non-contact methods. The contact 
method involves using devices that directly touch the surface being measured. On the other hand, the non-
contact method utilizes convenient devices for automation4. It has several advantages compared with contact 
methods4,5. Therefore, researchers have widely focused their interest in this approach. Using computer vision, 
Lee and Tarng4 predicted surface roughness in turned images of parts. To anticipate the roughness of a surface, 
authors employed a self-organizing model to establish the connection between extracted characteristics and 
the actual surface roughness. Patricia Morala Argüello et al.6 presented a technique to predict the roughness of 
twisted surfaces in their study. The wavelet transform was applied to extract features and subsequently employed 
as input for a propagation neural network to forecast surface roughness.

Several researchers have used image-processing techniques to evaluate turned workpieces surface 
roughness7. The most popular multi-resolution or multichannel analysis method for textural analysis is wavelet 
transform. The wavelet transform is known for its ability to effectively retain the information of signals in both 
the time domain and the frequency domain. Hence, it efficiently extracts meaningful features from the images8. 
Many researchers have used discrete wavelet transform (DWT) and other combined approaches to extract 
meaningful features. Even though DWT is effectively used in image processing, it has disadvantages like lack 
of directionality, shift variance, and aliasing9. DTCWT provides shift invariance and better directionality than 
DWT. Regarding the analysis and synthesis of textural images, DTCWT has proven to perform better than all 
other wavelet transforms10. The relevance of DTCWT in image fusion lies in its advantages11. Typically, the low-
frequency coefficients obtained from decomposition are fused using the fusion rule for image fusion. However, 
this approach often alters the image intensity, diminishing the contrast of the resulting combined image. The 
low-frequency coefficients are fused using region-based image fusion to avoid these disadvantages. Using an 
optimization technique in region-based image fusion can enhance the performance of the image fusion process. 
Many researchers have used PSO to optimize the machining conditions. PSO algorithm has proven its potential 
in chatter recognition through vibration signals with wavelet packet transform during milling operation12. 
PSO-optimized machining parameters resulted in better-machined surfaces for shape memory alloys13 and 
steels14 than other algorithms. PSO is applied to increase the image segmentation efficiency to locate defects in 
printed circuit boards15. PSO-optimized multiple responses produced better efficiency in the electric discharge 
machining process16. PSO method yielded better outcomes in application and objective performance when 
compared to more recent image fusion techniques17,18.

Many researchers have primarily concentrated on extracting characteristics from images of machined 
surfaces. The purpose is to establish a correlation between the extracted features and the roughness of these 
surfaces19. However, when conducting an analysis, it is essential to consider the individual gray-level values 
of image pixels and spatial relationships. The order characteristics are extracted using the GLCM approach. 
The GLCM method involves tabulating the occurrence of combinations of brightness values within an image. 
Gadelmawla20 proposed an approach to surface roughness analysis of captured images of lapped and flat copper 
specimens using GLCM-based imaging techniques.  Bhat et al.21 introduced a method for classifying tool wear 
states using support vector machines (SVM) with a kernel-based approach. They utilized features extracted from 
machined surface images through GLCM analysis.

In machining processes, predictive modeling has proved its worth as a beneficial tool, where the effectiveness 
of input variables can be evaluated concerning the output of the system22. Several researchers have achieved 
favorable results by employing multilayer perceptron networks (MLPNN) and the backpropagation technique 
to forecast surface roughness on twisted surfaces23,24. Tsai et al.25 performed surface roughness classification 
of milled and shaped surfaces using the Fourier Transform and MLPNN model. In their study, Grynal et al.26 
investigated various modelling strategies to forecast the surface roughness of Ti-6Al-4 V speed-turned surfaces. 
The RBFNN model was found to perform better than the BPNN model and the RSM. Garg et al.27 compared drill 
flank wear prediction using RBFNN with the BPNN model, and it was observed that the computational time 
required for RBFNN model is less than the BPNN model.

The DTCWT outperformed traditional surface analysis methods due to their reduced measurement time 
due to lesser environmental and measurement variability, effective noise filtration in a single measurement, 
maintaining actual surface features while filtering out the noise, and improved reliability28,29. Furthermore, 
DTCWT decomposes the signal into low and high-frequency components, enabling target noise filtration 
without affecting the surface parameters30–32. However, DTCWT possesses significant disadvantages, such 
as errors during signal reconstruction when using the universal threshold method for Gaussian noise33,34. 
Integrating DTCWT with PCA mitigates these errors by identifying and reducing the noise, leading to more 
accurate machined surface analysis35. GLCM’s proven their potential to conduct a detailed texture analysis36, 
noise reduction37, improved feature extraction38, and error mitigation in surface analysis. The significant 
advantages of DTCWT, PCA, GLCM and neural network models have led researchers to develop a novel hybrid 
technique for machined surface analysis. Note that very little research has been reported on surface roughness 
prediction using RBFNN modeling in Ti-6Al-4 V machined surfaces. No efforts have been made to use PSO 
to extract optimized GLCM features based on DTCWT image fusion and PCA to minimize Gaussian noise 
for modeling and prediction in machining applications, notably machining titanium-based alloys for surface 
roughness. In current work, an effort has been made to utilize GLCM-based features using DTCWT image 
fusion with PSO for surface roughness evaluation of Ti-6Al-4 V turned surfaces. Figure 1 gives the methodology 
adopted for the current work.

Experimental scheme and procedure
The details and procedures followed for the present work are summarized for carrying out experiments.
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CNC turning centre, cutting tool inserts and workpiece material
Turning experiments were conducted utilizing an HMT-made Stallion 100 SU CNC turning centre under dry 
cutting conditions. The turning centre has a continuously variable spindle drive with a 100–3500 rpm speed 
range. A manufacturer grade 883 with MR4 chip breaker (SECO make) coated carbide tool inserts and tool 
holder PCLNL 2020.

K12 (SECO make) is used for turning experiments. Table 1 provides more information regarding the machine 
equipment and tool inserts utilized. The turning tests utilize Ti-6Al-4 V round bars with a length of 200 mm and 
a diameter of 50 mm. The chemical composition of Ti-6Al-4 V has been presented in Table 2.

Experimental design
The Design of Experiments (DOE) methodology has been carried out using the statistical program MINITAB 
17. The turning experiments have been conducted with 150, 175, and 200 m/min cutting speeds. The feed rates 
have been set at 0.15, 0.20, and 0.25 mm/rev, and the depth of cut (DOC) has been varied between 0.8, 1.0, and 
1.2 mm. The most suitable DOE configuration is a 33 full factorial design with 27 machining tests. Table 3 presents 
the experimental design used in this study and its corresponding response. For measuring the arithmetic surface 
roughness data (Ra), the turned round bar is divided into three regions at 120◦ on the surface of the workpiece. 
The surface roughness is assessed at three distinct positions; the Ra value presented in Table 3 is the mean of 
three Ra measurements. The choice of these machining settings is derived from existing literature sources26 and 
suggestions provided by the insert manufacturer. Hence, the experiments carried out replicate scenarios possible 
in a production environment. For these machining parameters, the range of Ra values varies from a minimum of 
0.3910 to a maximum of 1.3852 μm. From the obtained Ravalues for machining of Ti-6Al-4 V turned surfaces, 
it is established that rough turning operations have been carried out. The experimental setup is shown in Fig. 2.

Computer vision system
A rudimentary computer vision system has been devised to capture various rotated surface images. This system 
comprises a digital camera, a work table, and lighting setups. Round bars were positioned on a V-block fixture 
placed on a work table. An adjustable Tripod stand is to fix the camera; adjustable light stands have been used to 
illuminate it. The image capture process involved the using a Sony DSC H300 digital camera with a resolution 
of 20.1 Megapixels. The photos were acquired to acquire precise data from the images of the rotated surface. 
Image distortion can be rectified using a 35x optical zoom lens. The lens has a focal length range of 25–875 mm. 
A Super HAD CCD 1/2.3 type sensor can capture high-quality images with minimal noise distortion, even in 

Fig. 1.  Methodology adopted in this work.
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low-light conditions. A shutter speed of 1/200 seconds has been set. For the lighting arrangement, PLT Q50T3 
48-watt clear double-ended two halogen bulbs have been used, which are placed approximately at an incidence 
angle of 45◦ concerning the specimen surface, and used in similar work39. Two optical white satin diffusion 
umbrellas have been used for uniform illumination using light. The purpose of maintaining a white background 
during picture acquisition is to minimize any distortion present in the collected images. The distance between 
the camera and the workpiece surface is essential to capture the necessary information about the surface 
topology. The optimal quality of the rotated surface images was achieved when the distance was roughly 25 cm. 
This configuration amplifies the attributes of surface patterns and bears a resemblance to the research conducted 
in25. Figure 3 shows the simple computer vision setup to capture turned surface images. The total experiments 
consisted of 461 machining passes, with each pass being 48 mm in length. For each pass, 3 images were captured 
at an angle of 120◦ on the circumference of the workpiece, resulting in a total of 1383 turned images for analysis.

The turned surface images are captured with 5152 × 3864 pixel resolution using a simple computer vision 
system. Figure 4a gives the actual captured turned surface image for cutting conditions: 200 m/min speed, feed 
0.20 mm/rev and depth of cut 1.2 mm. The image area was selected from the captured images based on the best 
visual quality of the image. The captured images have been cropped to 256 × 256 pixels on the turned surface 
images using Picasa software before using it for image processing. This corresponds to approximately 9.5 × 9.5 
mm2of the specimen surface and has been considered based on similar work in the reference39. Figure 4b shows 
the cropped image to 256 × 256 resolution.

Measurement of surface roughness and tool flank wear
The average arithmetic surface roughness is the predominant surface finish characteristic utilized in industry and 
research6. The present work includes two types of surface roughness measurement: stylus-based measurement 
and computer vision system of measurement. The stylus measurement is regarded as a reference system, while the 
vision system is considered a proposed surface system measurement. A stylus-based Taylor Hobson Form Taly 
Surf 50 was used to measure the surface roughness. The sampling length is determined as per the recommended 
cut-off (ISO 4288-1996). Therefore, the sampling length in this study is 2.5 mm, while the evaluation length is 
12.5 mm. Table 4; Fig. 5 give the specifications and setup for surface roughness measurement, respectively.

The tool flank wear is documented after each turning pass. After the completion of the measurement, the tool 
insert was reattached to the tool holder for additional machining. The process was continued until the tool’s flank 
wear (VBmax) reached a maximum value of 0.4 mm. It is considered one of the input parameters for the RBFNN 
model. The tool wear rate varies for different cutting conditions.

Each cutting pass has been maintained for a constant distance of 48 mm. It is measured using Mitutoyo-made 
TM 505/510, a compact Tool Maker’s Microscope. It has digital micrometer heads on the X and Y axis, which can 

Element Ti Al V C O N H Fe

% By Weight 90 6 4 < 0.10 < 0.20 < 0.05 < 0.0125 < 0.3

Table 2.  Ti-6Al-4V chemical composition.

 

Machine tool (HMT make Stallion 100 SU CNC turning 
centre)

Spindle motor power 5.5 kW

Maximum diameter of the turned shaft 250 mm

Maximum length of the turned shaft 460 mm

Speed range 100–3500 rpm

Number of tool stations 8

CNC system FANUC OTD make

Tool insert (Coated carbide tool inserts 883 with MR4 chip 
breaker)

Material Carbide

Insert Style CNMG

Insert Size 432

Manufacturer’s Grade 883

Chip Breaker MR4

Shape Diamond

Inscribed Circle (mm) 12.7

Corner Radius (mm) 0.8

Coating TiAlN

Insert Holding Method Pin and Clamp

Table 1.  Machine tool and Tool insert specifications.
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Fig. 2.  (a) CNC Turning Centre HMT Stallion 100 SU. (b) Experimental setup.

 

Exp. no. Speed (m/min) Feed (mm/rev) DOC (mm) Measured Ra (µm)

1 150 0.15 0.8 0.8337

2 150 0.20 0.8 1.3688

3 150 0.25 0.8 1.2584

4 175 0.15 0.8 0.5510

5 175 0.20 0.8 0.7025

6 175 0.25 0.8 0.9282

7 200 0.15 0.8 0.4703

8 200 0.20 0.8 1.3688

9 200 0.25 0.8 0.8172

10 150 0.15 1.0 0.6332

11 150 0.20 1.0 0.6407

12 150 0.25 1.0 0.6815

13 175 0.15 1.0 0.6455

14 175 0.20 1.0 0.5958

15 175 0.25 1.0 0.7572

16 200 0.15 1.0 0.3910

17 200 0.20 1.0 0.6224

18 200 0.25 1.0 0.7172

19 150 0.15 1.2 0.5109

20 150 0.20 1.2 0.6822

21 150 0.25 1.2 0.7491

22 175 0.15 1.2 0.4307

23 175 0.20 1.2 1.1371

24 175 0.25 1.2 0.9007

25 200 0.15 1.2 0.5133

26 200 0.20 1.2 1.3305

27 200 0.25 1.2 1.3852

Table 3.  Design of experiment inputs and its response.
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measure a negligible value of 0.005 mm with a total magnification of 30X. Figure 6 shows a typical worn image 
of a coated carbide insert with flank wear (VBmax= 0.4 mm).

Wavelet transform for image processing
Mallat first introduced the use of wavelets for the analysis of textures40. Discrete wavelet transform (DWT) is 
an adequate wavelet transform, widely used in image processing for denoising and extracting textural features. 
However, it has disadvantages like shift variance, lack of directionality, absence of phase information, and aliasing. 
The slight input signal change creates essential changes in the wavelet coefficient’s energy distribution11. To 
overcome these disadvantages, Kingsbury 1998 suggested DTCWT, which estimates the complex transformation 
of a signal into two distinct DWT decompositions. When the filters used in one tree are intended differently 

Fig. 4.  (a) Actual turned image. (b) Cropped image to 256 × 256 resolution.

 

Fig. 3.  A simple computer vision setup for capturing turned images.
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from those used in the other, then it is possible to generate real coefficients for the first DWT, and the second 
DWT can produce imaginary coefficients. Using Eq. (1), DTCWT applied to an image I(x, y) can be decomposed 
into 6 complex functions of scaling and 6 complex coefficients of wavelet as mentioned in41.

	
I (X,Y) =

∑

l∈Z2
Aj0,l∅j0,l (x, y) +

∑
k∈α

jo∑
j=1

∑

l∈Z2
Dk

j,lφ
k
j,l(x, y)� (1)

Where jo is the level of decomposition, Aj0,l and Dk
j,lrepresents coefficients of scaling and wavelets, 

respectively. ∅j0,l (x, y)represent the scaling function and φk
j,l (x, y)represents 6 wavelet coefficients at angles 

of ±15◦, ±45◦, ±75◦. Therefore, it produces 6 directionally selective sub-bands for each scale. Thus, DTCWT 
decomposes the images in 12 directions with 6 real and 6 imaginary coefficients in 2 dimensions42.

DTCWT image fusion
The input images undergo first-level decomposition using the DTCWT with the bior 2.4 as the mother wavelet. 
DTCWT image fusion involves decomposing two input images into high-frequency coefficients H1andH2, as 
well as low-frequency coefficients A1 andA2. The maximum selection fusion rule is a widely used and effective 
method for combining high-frequency coefficients in image fusion43. The high-frequency coefficients of multi-
focus pictures, decomposed using the DTCWT, are fused using the maximum selection fusion rule, as shown 
below:

Fig. 5.  Surface roughness measurement.

 

Specifications of Form Talysurf 50

Make Taylor Hobson

Model Form Talysurf

Speed of traverse 1 mm/s

Gauge range 100 μm

Resolution 0.01 μm

Accuracy 2% of reading

Pickup Inductive type

Parameters measurable Ra/Rz/Rsm

Table 4.  Specifications of surface roughness measurement device.
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HF =

{
H1, abs (H1) ≥ abs (H2)

H2, otherwise � (2)

The coefficients of low frequency are fused usually using pixel based weighted average fusion rule (PBAVE) 
which is represented as follows.

	 LF = W1 × A1 + W2 × A2� (3)

Where, W1 and W2 are the weights, which take values between 0 and 1 and total sum equal to 1. When set to 1 
and 0 individually, Eq. (3) becomes the fusion rule of selection. The weights are usually kept at 0.5. This functions 
suits well with images from the same modality. When it comes to merging multimodal images with different 
dynamic ranges, using PBAVE significantly alters the intensity range of the image. It diminishes the contrast of 
the resulting merged image. These disadvantages can be reduced using region-based image fusion.

DTCWT image fusion technique with PSO
Motivated by birds swarming, PSO was introduced in 2001 by Kennedy and Eberhart44. PSO is a well-known 
bioinspired algorithm used to optimize problems, which essentially involves a machine learning method inspired 
by swarming birds in search of food loosely45. In the context of PSO, the term “particles” is used to represent 
the number of possible solutions. These particles navigate the search space to optimize the given problem. The 
subsequent position of a particle is determined by its current velocity and position. The mathematical model of 
the particle’s velocity and position are given by Eqs. (4) and (5) correspondingly.

	 vpq (i + 1) = w1.vpq (i) + c1.r1q[ypd (i)− xpq (i)] + c2.r2q[ŷd (i)− xpq (i)]� (4)

	 xpq (i + 1) = xpq (i) + vpq (i + 1)� (5)

Here, p represents the pth swarm particle, q gives the qth dimension of particle p. y represents particle p’s best 
location, ŷ is the global best of the entire swarm, i represent a number of iterations, r1 and r2 are random numbers 
between 0 and 1, w1 is weight, and c1 and c2 are learning factors. PSO’s main strength is rapid convergence 
towards the final solution. Consequently, PSO has gained extensive application in optimizing practical issues45.

The input images undergo decomposition into low-frequency and high-frequency coefficients using 
DTCWT. A1 and A2 represent the coefficients of low frequency in two input images. To emphasize the distinctive 
characteristics of the source photos, A1 and A2 are blended using a region-based approach. The images A1 and 
A2 are segmented using spectral segmentation with multiscale graph decomposition, as described by Timothee 
et al.46. {R1,R2, and Rk} refers to segmentation maps, where Rk represent an individual area. Nevertheless, the 
related regions are combined using a fusion algorithm based on weighted averages. The weights are dynamically 
determined using PSO with Piella’s index as the fitness function. The low-frequency coefficients are fused in a 
region-wise manner using a weighted average fusion rule, defined as follows:

	 LF,Rk = wk × A1,Rk + (1− wk)× A2,Rk k = 1, 2, . . .K,� (6) 

LF,Rk represents the fused coefficients of Rk corresponding to A1,Rk and A2,Rk.
The weight valuesw1,w2 . . .wK, for each region are taken between 0 and 1.

Fig. 6.  (a)     Worn image of coated carbide insert. (b) Tool Maker’s Microscope.
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PSO is utilized to determine the ideal contrast setting, denoted dynamically, wo1,wo2, . . . ,woK. Within the 
context of PSO optimization, a solitary particle serves as a potential solution to the given optimization problem. 
A solitary particle denotes the weights of K regions. Thus, every individual particle xi is formulated as:

	 Xi = (Wi,1, . . . ,Wi,k, . . . ,Wi,K)� (7)

Wi,k represents the weight of the kth area for the ith particle. The fitness function is employed to evaluate the 
performance of every individual particle. The fitness function utilized to maximize local contrast in the fused 
findings is Piella’s index QW

47. This index provides a robust measure to ensure the quality of the fusion process 
and effectively guides the optimization of individual particles’ performance. The 8 × 8 block size determines the 
amount of salient information (contrast) displayed on the fused image, as seen below:

	
Qw (I1, I2,F) =

∑
n∈N

c (n) (λ( n)Q0 (I1,F/n) + (1− λ(n ))Q0(I2,F/n))� (8)

	
Where Q0 =

4σxy
−xy

(
−x
2
+

−y
2
)(σ2

x + σ2
y)

� (9)
 

	
and λ (n) =

s(I1/n)
s(I1/n) + s(I2/n)

� (10)

Where, Q0 is image similarity between two images x and y, described with image statistical features (σx,σy are 
variance, σxy covariance, and mean x̄,ȳ) throughout the images for all blocks (n). In Eq.  (8), Q0 (I1,F/n) is Q0, 
which is defined between image I1 and fused image for local window n.

Qw is determined by using λ (n) the local saliency weight and Q0 as given in Eq. (8). λ (n) is estimated with 
s (I1/n) ands (I2/n) using Eq. (10). s (I1/n)gives a few saliencies of image I1 in window n. This study examines the 
concept of contrast as a measure of saliency to accurately estimate the ideal local contrast in the fused outcomes. 
The overall saliency of the window is considered as, c (n) = max

[
s
(

I1
n

)
, s
(

I2
n

)]
  

As per the formulation of the fitness function in Eq. (8), the most critical aspect is to maximize the value of Qw. 
This value represents the significant information included in the input images, successfully preserved in the fused 
images without distortions. The fused image’s optimal local contrast is attained by optimizing the parameterQw. 
Ultimately, the low-frequency coefficients are combined using Eq. (6) with optimized weightswo1,wo2, . . . ,woK. 
Figure 7 illustrates the proposed fusion rule.

PSO parameters: The acceleration coefficients are defined as =2.5, =1.5. After consulting the literature 
review48,49, we conducted a parametric study for PSO parameter optimization. The sensitivity of the PSO 
parameters (inertia weights, swarm size, and iterations) was studied to tune the parameters that could hit the 
global convergence. For the fixed swarm size and iteration of 50 and 50, the inertia weight values are optimized 
by varying between zero and one with 20 different trials. The number of iterations and optimized inertia weight 
values of 50 and 0.5 were fixed, and the swarm size varied between 20 and 100. The optimized swarm size that 

Fig. 7.  Diagram of suggested fusion rule11.
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improves fitness value is equal to 30. Finally, iterations are varied between 50 and 100 after maintaining the 
optimized inertia weight and swarm size. Note the final optimized values that improve the fitness solution with 
inertia weight, swarm size, and iterations maintained at 0.5, 30, and 40, respectively.

GLCM feature extraction
In 1973, Haralick et al.50 implemented GLCM, a widely used and well-known texture analysis technique. A 
GLCM gives an image’s joint gray-level histogram in matrix form. The GLCM matrix Q (X,Y|d, θ) includes the 
statistical features of second order for gray-levels of intensities x and y at a distance d and appropriate angles θ42.

After applying GLCM, 15 features (F1 to F15) were extracted (see Table 5)21,51. The GLCM with distance d=
1 and θ = {0◦, 45◦, 90◦, 135◦} have been considered to extract these features51, which are described in Table 5.

Feature selection using PCA
In 1901, PCA was proposed by Karl Pearson, and later it was evolved as a statistical analysis tool by Hotelling52. 
In image processing, sometimes a greater number of statistical features are extracted than really required. PCA 
helps in reducing the size of the statistical features. The procedure for PCA implementation is explained as 
follows53.

In 1901, Karl Pearson proposed PCA, which later evolved as a statistical analysis tool by Hotelling52. In image 
processing, sometimes a greater number of statistical features are extracted than really required. PCA helps 
reduce the size of the statistical features. The procedure for PCA implementation is explained below53.

	1.	� Consider the entire extracted feature in matrix form 

�Rp,q, p = (1,2, . . . ,m), m represents the number of experiments considered; q = (1,2, . . . , n), n gives ex-
tracted number of features.
�For this work m=number of experiments, n=number of extracted features

	

X =




y1 (1) y1 (2) . . . y1 (n)

y2 (1) y2 (2) . . . y2 (n)

. . . . . .

. . . . . .

ym (1) ym (2) . . . ym (n)




� (11)

Feature Name Equation

 Autocorrelation F1 =
∑K−1

y=0

∑K−1
z=0 (yz)X(y, z)

 Contrast F2 =
∑K−1

y=0 n2
{∑K

y=1

∑K
z=1X(y, z)}, |y − z| = n

 Correlation F3 =
∑

y
∑

z(yz)X(y,z)−µyµz
σyσz

 Cluster prominence F4 =
∑K−1

y=0

∑K−1
z=0 {y + z − µy − µz}4X(y+z)

 Dissimilarity F5 =
∑K−1

y=0

∑K−1
z=0 |y − z|X(y, z)

 Energy or uniformity F6 =
∑K−1

y=0

∑K−1
z=0 {X( y, z )}2

 Entropy F7 = −
∑K−1

y=0

∑K−1
z=0 X (y, z) log (X( y, z ))

 Homogeneity F8 =
∑K−1

y=0

∑K−1
z=0

X(y,z)
1+|y−z|

 Maximum probability F9 = Maxy,zX(y, z)

 Sum of squares F10 =
∑K−1

y=0

∑K−1
z=0 (y − µy)

2X(y, z)

 Sum average F11 =
∑2K−2

y=0 yX(y−z) (y)

 Sum variance F12 =
∑2K

y=2(y − fs)2Xy+z (y)

 Sum entropy F13 =
∑2K

y=2X(y+z) (y) log
{
X(y+z) (y)

}

 Difference variance F14 = VarianceofX(y−z)

 Difference entropy F15 = −
∑K−1

y=0 X(y−z) (y) log
{
X(y−z) (y)

}

Table 5.  GLCM features extracted15,34. where, K gives the gray level values used in X (Y,Z), µ = mean value of 
X (Y,Z), and X (Y,Z)denotes the GLCM element, one having intensity y another having intensity z.
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	2.	� By using Eq. (12), the covariance coefficient is calculated for statistical features of the second order.

	
Rp,q =

[
Cov(Ci (p) ,Ci (q))
σCi (p)σCi (q)

]
� (12)

�where, CovCi (p), CovCi (q) is the covariance of sequences Ci (p), Ci (q); σCi (p), and σCi (q), are the standard 
deviation of sequences Ci (p) and Ci (q) respectively.

	3.	� The Eigen values and Eigen vectors are calculated using covariance coefficients

	 (R − λkIm)Vik = 0� (13)

�Where λk is eigen values, 

	

n∑
k=1

λk = n, k = 1,2 . . . n,� (14)
 

�and Vik[ak1, ak2, . . . ., akm]
T  are eigen vectors corresponding to λk

	4.	� Uncorrelated principal components are determined using

	
Pmk =

n∑
i=1

Rm (i) .Vik� (15)

�Where, Pm1and Pm2, are called first principal and second principal component respectively.

ANN based modeling and prediction
Artificial neural networks are extensive used across various domains of application. ANN, short for Artificial 
Neural Network, is a computational model that emulates human cognition and neurobiology. MLPs, or multi-
layer perceptrons can solve challenging and intricate issues using a widely used supervised training approach 
called back-propagation23–25. In addition to MLPNN, the RBFNN is another commonly used ANN model for 
enhancing approximation. The RBFNN possesses a remarkable capacity to calculate non-linear connections 
between input and output variables. Additionally, the training process of RBFNN is faster than that of a multi-
layer perceptron. It has a simpler network structure, uses faster learning algorithms, and has local tuning and 
better approximation capabilities26,27. Due to all these advantages, RBFNN has been commonly found in various 
scientific and engineering applications.

RBFNN
The RBFNN network comprises three layers: an input layer, a hidden layer consisting of neurons with Gaussian 
activation functions, and an output layer with nonlinear activation functions. The RBFNN consists of a single 
hidden layer. The system does a complex, nonlinear conversion from the input to the hidden layer. RBF units 
have two key variables, namely the center and its width or deviation, represented by µi   and  σj  respectively26. 
T﻿he hidden layer of neurons, described by Eq. (16), employs Gaussian transfer functions.

	
φi (µ) = −

(
∥x − µi∥2

2σj
2

)
� (16)

Let x represent the input variable, µi represent the center variable of the RBF unit, and σj represent the variance 
of the Gaussian function or the breadth of the RBF unit. Equation (17) determines the output of the output layer.

	
Y =

1

1 + e−
∑

wiφ+b � (17)
 

φ represents the activation function of the radial basis units. The weights wi determine the multiplication factor 
for the output of a radial basis function (RBF) unit in the output layer, whereas b represents a bias54. The RBFNN 
employs the Conditional Fuzzy C-Means (CFC-M) method to determine the number of units and the placement 
of their centers in the RBF units.
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RBFNN model development
RBF neural networks have been employed to model and forecast the surface roughness of rotated surface 
pictures. For the current work, 6 RBFNN models have been developed. For RBFNN models 1, 3, and 5, the 
extracted 15 GLCM features from each image processing method, cutting speed, feed rate, depth of cut and tool 
flank wear are given as inputs. For RBFNN models 2, 4, and 6, PCA selected features (10 features) from each 
image processing method and other variables as before are considered inputs. Table 6 shows details of RBFNN 
models.

Result and discussions
The proposed DTCWT image fusion with the PSO, image processing method is used to estimate the surface 
roughness of Ti-6Al-4 V turned surfaces. The proposed image processing method is compared with DTCWT 
image fusion without PSO and with DTCWT (without image fusion). Peak Signal to Noise Ratio (PSNR) and 
Root Mean Square Error (RMSE) are calculated to compare the performance of different image processing 
methods. Further comparisons of these methods have been done using RBFNN models. Due to minor changes 
in lighting during image acquisition, the machined surface photographs show non-uniform illumination; the 
assessment length is 12.5 mm. Therefore, image pre-processing is necessary to ensure consistent brightness in 
all photos of machined surfaces. Image pre-processing involves image cropping, gray-scale conversion, etc. All 
the captured images were cropped to 256 × 256 pixel resolution using Picasa software before using it for image 
processing. The digital image is transformed into a gray-scale, as each pixel’s value represents a single sample, 
conveying intensity information in the resulting gray-image. The image is composed of a range of gray tones, 
from the darkest black to the brightest white. The performance evaluation of three image processing methods 
and model performance are given in the following sections.

Performance evaluation in terms of PSNR and RMSE
Different objective performance evaluation measures have been used to determine the quality of the processed 
images, out of which PSNR and RMSE is essential. PSNR represents the relationship between the processed 
image and the original image. A Higher PSNR value means better quality of the image18. The RMSE metric 
assesses the image’s quality by comparing the original and processed images. A higher RMSE value indicates a 
more significant variance between the original and processed images.

The equation for PSNR is

	
PSNR = 10log

2552

RMSE2
� (18)

where the RMSE is defined using equation 

	
RMSE =

1

MN

M∑
l=1

N∑
k=1

[R (l, k)− F(l, k )]2� (19)

Where F(l, k) is the processed image, R (l, k) is the original image, and M × N is the size of the images. Table 7 
shows the PSNR and RMSE values for a sample of turned image surfaces for three image processing methods. 

Sl no. Performance metric DTCWT method DTCWT image fusion method DTCWT image fusion with PSO method

1
PSNR 26.9423 26.9441 43.3082

RMSE 0.0155 0.0155 0.0025

2
PSNR 22.6628 28.5809 42.0238

RMSE 0.0164 0.0113 0.0019

3
PSNR 21.8979 21.9115 33.4397

RMSE 0.0194 0.0194 0.0085

Table 7.  PSNR and RMSE for sample images of turned surfaces.

 

RBFNN models Details

 Model 1 DTCWT and GLCM image processing method (15 features).

 Model 2 DTCWT and GLCM image processing method (10 PCA selected features).

 Model 3 DTCWT image fusion and GLCM image processing method (15 features).

 Model 4 DTCWT image fusion and GLCM image processing method (10 PCA selected features).

 Model 5 DTCWT image fusion with PSO and GLCM image processing method (15 features).

 Model 6 DTCWT image fusion with PSO and GLCM image processing method (10 PCA selected features).

Table 6.  RBFNN models.
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The proposed DTCWT image fusion with the PSO method has resulted in the highest PSNR values with the 
lowest RMSE. These findings demonstrate that the suggested image processing technique yields photos of 
superior quality.

Performance of RBFNN model 1
GLCM is directly related to image intensity, which may consider information about patterns of mutual 
occurrence. For one set of data, three images are captured; accordingly, the average of three statistical features 
is considered for modelling. Table 8 shows a sample of extracted features for cutting speed 150 m/min, feed rate 
0.20 mm/rev, and depth of cut 0.8 mm.

The RBFNN training process is an iterative method in which the entire training data set is repeatedly given 
to the RBF neural network untill the Mean Square Error (MSE) value converges to a set value. Based on similar 
work26, an MSE value of 0.001 has been considered for determining the prediction accuracy of developed 
models. In this work, the MSE is calculated using Eq. (20).

	
MSE =

1

n

n∑
i=1

(
Xi −

∼
Xi

)2

� (20)

Let Xi represent the ith element of the actual values and 
∼
Xi represent the ith element of the predicted values. n 

represents the total number of data points.
RBFNN uses CFCM to fix the number of units and the center location in the RBF units. The training of 

CFCM was performed with different centers, and the target error was set at 0.001. The width parameter controls 
the refining properties of the interpolating function26. The widths have been kept constant and are selected by 
trial and error to minimize the MSE and maximize the prediction accuracy obtained. The training has been 
carried out for width values of 0.15, 0.20, and 0.25. The network has been trained by varying the RBF units 
between 20 and 50. The model with RBF unit’s results in maximum prediction accuracy and minimum MSE is 
considered. The simulation parameters remained constant, specifically with a learning rate of 0.85, a momentum 
rate of 0.05, and a maximum number of epochs set at 1000. The model with RBF units results in maximum 
prediction accuracy, and minimum MSE is considered. Table 9 shows the obtained results for RBFNN model 1 
for 20 RBF units. It is observed that the prediction accuracy is maximum with minimum MSE for width 0.15. 
However, with a further increase in width, the performance of Model 1 decreases with an increase in MSE. 
However, with a further increase in width, the performance of Model 1 decreases with an increase in MSE.

Table 10 gives the input parameters for surface roughness prediction for RBFNN model 1 (speed rate, feed 
rate, depth of cut, tool flank wear, and 15 GLCM features). It compares surface roughness for 27 experiments 
measured using the direct and image processing methods, along with errors obtained. Each experiment 
consisted of several machining passes (each of 48 mm). This table considers a randomly selected Ra value from 
each machining experiment. The percentage error for the RBFNN model was estimated using Eq. (21), which 
gives the relative error.

	
Re =

∣∣∣∣
(
Vm −Vp

Vm

)∣∣∣∣× 100� (21)
 

Where Re gives relative accuracy of the model, Vm is value of stylus measured and Vp gives the value predicted.
In predictive modeling, especially when dealing with high-dimensional data, PCA can help reduce the 

number of features while retaining the most important information. PCA selects the Eigenvectors with large 
Eigenvalues from higher to lower significance, eliminating the features with lower significance. Table 11 shows 
the Eigenvalues and proportion of principal components. Ten features were selected out of 15 GLCM features, 
and the Autocorrelation feature is the most dominant because of its highest contribution percentage of 60.72%. 
Parameters with a higher percentage contribution are ranked higher regarding the significance of textural 
characteristics.

The inputs for RBFNN model 2 consist of PCA-selected features, including autocorrelation, contrast, 
correlation, cluster prominence, dissimilarity, energy or uniformity, entropy, homogeneity, maximum probability, 
and sum of squares. These features are combined with machining parameters and tool flank wear. The outcomes 
acquired for the second RBFNN model are displayed in Table 12. An increase in prediction accuracy of 0.28% is 
seen for the training data and 1.08% for the test data when using 25 RBF units with a width of 0.15.

Performance of RBFNN model 3 and model 4
The RBFNN models 3 and 4 utilize DTCWT image fusion with GLCM characteristics. An iterative process of 
experimentation sets the breadth of the RBF units. The network attains optimal prediction accuracy utilizing 
25 RBF units during training. For RBFNN model 3, from Table 12, it is observed that for 25 RBF units and 0.15 
width, the prediction accuracy is maximum, and MSE is minimum. Expanding the width further leads to a 
decline in network performance and an increase in MSE. The RBFNN model 4 achieves the highest performance 
with a width of 0.15, with prediction accuracies of 98.91% for training data and 98.84% for test data, along with 
a minimal MSE of 0.0144.

Performance of RBFNN model 5 and model 6
RBFNN models 5 and 6 are based on DTCWT image fusion with PSO for GLCM-based image processing. 
The RBFNN model 5 achieves the highest prediction accuracy for training and test data, with the lowest MSE, 
using a width of 0.15 and 35 RBF units. The training data has a prediction accuracy of 98.84%, and the test data 
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has a prediction accuracy of 97.82%, with a MSE of 0.0148. Table 12 shows an additional improvement in the 
prediction accuracy of the RBFNN model 6. The results indicate that the highest prediction accuracy and lowest 
MSE are achieved by using 35 RBF units with a width of 0.15. The highest achieved prediction accuracy is 100% 
for the training data and 99.13% for the test data, with a minimum MSE of 0.0131.

Comparative performance analysis of RBFNN models
The suggested image processing technique has been compared with two other methods and 6 RBFNN models 
have been built for surface roughness modeling and prediction of turned surface images. Table  13 gives a 
comparative evaluation of the performance of developed RBFNN models for evaluating the different image 
processing methods. The prediction accuracy obtained for model 2 is slightly higher than that of model 1. 
Model 2 utilizes PCA to choose GLCM characteristics as inputs for the RBFNN model. This process eliminates 
irrelevant information and enhances the accuracy of predictions. In the image fusion approach, the high-
frequency coefficients are combined using the maximum selection fusion rule, while the low-frequency 
coefficients are mixed using the pixel-based weighted average fusion rule. The main reason for using multi-focus 
image fusion method is to gather all the required information from the original images, generate no additive 
noise, and prevent edge textures with high contrast55. Enhancing the quality of retrieved GLCM features results 
in a 1.51% increase in prediction accuracy for the training data and a 2.9% increase for the test data in RBFNN 
model 3. For RBFNN model 4, a prediction accuracy of 1.51% can be observed for training data, with a 3.19% 
improvement in prediction accuracy for test data. Many pixels-based multi-focus image fusion methods have 
low spatial resolution and blurring effects55. The adoption of region-based image fusion helps to mitigate these 
constraints. Region-based image fusion uses PSO to compute the ideal contrast setting automatically, resulting 
in an optimal fused image. Enhancing the quality of the merged image subsequently enhances the performance 
of RBFNN model 6.

The RBFNN model 6 gives 100% accuracy for training data and 99.13% for test data with a least MSE of 
0.0131, which is the highest compared to the remaining RBFNN models. This model is based on features 
extracted using DTCWT image fusion with PSO. Thus, RBFNN quantitatively establishes the superiority of this 
image-processing method. It is also observed that DTCWT image fusion results are good compared to DTCWT 
without fusion. Figure 8 compares surface roughness in terms of stylus measured actual Ra and predicted Ra 
using RBFNN model 6 for randomly selected test data ranging from a minimum of 0.3910 to a maximum of 
1.3852 μm. The results indicate a high level of forecast accuracy and consistent measurements, as all repeated 
measurements revealed a difference of less than 4.0%. The projected Ra values closely match the experimental 
readings. Therefore, there is a strong correlation between the measured and projected Ra values. However, 
RBFNN model 6 uses a maximum number of 35 RBF units, making the ANN model less compact.

Validation test
RBFNN model 6, which gives better prediction results, is considered for validation. For validation purposes, 
out of 461 data sets, 23 data sets that were neither used in training nor test sets were considered for analysis. It 
is noticed that, there has been a good agreement between both the actual measured Ra and predicted Rawith a 
minimum error of 1.44% and a 2.48% average prediction error for randomly selected data. Hence, the developed 
image processing method using DTCWT image fusion with PSO can be effectively used for better modeling and 
surface roughness prediction from turned surface images using GLCM-based features and selecting the most 
sensitive features using PCA. Table 14 gives the error obtained for randomly selected data.

Further, to validate the developed model and the outcome of this work, a set of shaping operations was carried 
out on a conventional shaping machine under different cutting conditions. Mild steel specimens have been used 
for machining operations. The computer vision system has successfully captured images of the surfaces. The 
best quality of shaped surface images was obtained at approximately 15 cm distance. For this study, 18 images 
of shaped surfaces were considered. The surface roughness values for shaped surfaces vary from a minimum of 
4.0168 to a maximum of 7.5991 μm. The GLCM features have been extracted from the shaped images using the 
approach described in this paper. The extracted GLCM features have been treated as validation data to check the 
generalization capability of RBFNN model 6. For this experimental data, the maximum prediction accuracy for 
training and test data with minimum MSE is obtained for 0.15 width and 25 RBF units. The prediction accuracy 
for training data is 100%, and 97.12% is for test data, with a minimum MSE of 0.017, as shown in Table 15.

Based on the information presented in Table 16, the errors observed in the selected, shaped image data were 
analysed. It was found that the Ravalues measured by the stylus were very similar to the predicted values. This 
suggests a correlation between the experimental and the predicted Ra values validating the effectiveness of our 
proposed method (RBFNN model 6), in modelling and predicting the surface roughness of Ti-6Al-4 V turned 
images.

Width 0.15 0.20 0.25

 Training data accuracy (%) 97.3988 92.3913 79.7688

 Test data accuracy (%) 95.6522 90.9075 73.9130

 Average MSE 0.0179 0.0313 0.0742

Table 9.  Performance of RBFNN model 1 for 20 RBF units.
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Conclusions
The main objective of this study is to utilize wavelet-based image processing to model and forecast the surface 
roughness of turned surface images of Ti-6Al-4 V. Three methods of wavelet-based image processing techniques 
are analyzed: DTCWT, DTCWT Image fusion, and DTCWT image fusion using PSO. From all 3 methods, 
GLCM-based features were extracted. PCA removes insignificant GLCM extracted features by transforming the 
correlated responses into uncorrelated responses called principal components. RBFNN models were created by 
incorporating GLCM features machining parameters and tool flank wear as input variables. The features selected 
by PCA have been used. Six RBFNN models have been developed and compared regarding prediction accuracy 

Model considered Training data accuracy (%) Test data accuracy (%) MSE No. of hidden neurons

RBFNN model 1 97.3988 95.6522 0.0179 20

RBFNN model 2 98.9130 98.5549 0.0161 25

RBFNN model 3 97.6879 96.7391 0.0164 25

RBFNN model 4 98.9130 98.8439 0.0144 30

RBFNN model 5 98.8439 97.8261 0.0148 35

RBFNN model 6 100 99.1329 0.0131 35

Table 13.  Comparative evaluation of developed RBFNN models.

 

RBFNN model type Width Training data accuracy (%) Test data accuracy (%) Average MSE

 RBFNN model 2 for 25 RBF units

0.15 97.6879 96.7391 0.0162

0.20 97.3988 95.6522 0.0163

0.25 97.6879 95.6522 0.0164

 RBFNN model 3 for 25 RBF units

0.15 98.9130 98.5549 0.0108

0.20 98.5549 97.8261 0.0161

0.25 97.8261 96.5318 0.0420

 RBFNN model 4 for 30 RBF units

0.15 98.9130 98.8439 0.0144

0.20 98.8439 96.7391 0.0222

0.25 96.7391 94.5087 0.0419

 RBFNN model 5 for 35 RBF units

0.15 98.8439 97.8261 0.0148

0.20 98.2659 94.5652 0.0161

0.25 97.6879 95.6522 0.0186

 RBFNN model 6 for 35 RBF units

0.15 100.0000 99.1329 0.0131

0.20 100.0000 98.8439 0.0168

0.25 99.1329 98.9130 0.0173

Table 12.  Performance of RBFNN models 2–6.

 

Principal component Eigen values Variance (%)

Autocorrelation 9.1090 60.7264

Contrast 3.7143 24.7621

Correlation 1.5485 10.3236

Cluster prominence 0.4368 2.9118

Dissimilarity 0.1194 0.7961

Energy or uniformity 0.0296 0.1971

Entropy 0.0193 0.1286

Homogeneity 0.0116 0.0770

Maximum probability 0.0065 0.0431

Sum of squares 0.0025 0.0165

Sum average 0.0012 0.0082

Sum variance 0.0010 0.0065

Sum entropy 0.0004 0.0026

Difference variance 0.0001 0.0004

Difference entropy 0 0

Table 11.  Eigen values and its principal component contributions.
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Sl. no Experimental Ra   Predicted Ra   Error %

1 5.2836 5.1117 3.25

2 7.4298 7.5991 2.28

3 5.4637 5.3261 2.52

4 6.8916 6.7776 1.65

Table 16.  Results obtained for shaped images.

 

Width

Prediction 
accuracy (%)

Average MSETraining Test

0.10 98.91 96.24 0.018

0.15 100 97.12 0.017

0.20 98.91 96.51 0.019

0.25 96.53 94.44 0.018

Table 15.  Validation performance of RBFNN model 6 using data captured in the proposed approach.

 

Sl. no Experimental Ra Predicted Ra Error %

1 0.3808 0.3863 1.44

2 0.3716 0.3823 2.87

3 0.5194 0.5038 3.00

4 0.4406 0.4553 3.33

5 0.4144 0.4070 1.78

Table 14.  Results obtained from validation data.

 

Fig. 8.  Comparison of Ra values between stylus measured and predicted for RBFNN model 6 for randomly 
selected test data.
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on training and test data to compare of DTCWT image processing methods and features extracted using GLCM. 
The following are the significant conclusions which can be made from the presented work:

	1.	� DTCWT image fusion is a novel feature generation technique for extracting GLCM features in turned sur-
face images because of its better directionality and shift invariance properties.

	2.	� The PSO algorithm effectively calculates the weights based on an objective function that represents the edge 
details and contrast of the fused image. This improves the fused image’s clarity and quality.

	3.	� The RBFNN model based on DTCWT Image fusion with PSO based on PCA features (model 6) gives the 
best results with 100% prediction accuracy for training data and 99.13% for test data. From the validation 
test, it is observed that there has been good agreement between the actual stylus measured Ra and predicted 
Ra from the proposed work, with a minimum error of 1.44% for randomly selected data.

	4.	� Validation experiments based on shaping operation provide good prediction accuracy of 100% for training 
data and 97.12% for test data, with an error rate of less than 4% between stylus measured Ra and predicted 
Ra which are affordable in an industrial environment. Further, a comparison of the performance of the pro-
posed method by the authors with the work carried out by the authors earlier and related work, establishes 
the strength of this method in surface roughness modeling and prediction using wavelet transform and 
ANN.

DTCWT image fusion with PSO and GLCM feature extraction can effectively model and predict the surface 
roughness of Ti-6Al-4 V turned images, supporting industry efforts for effective non-contact measurement of 
the surface roughness of machined surfaces.

Data availability
All data generated or analysed during this study are included in this published article.
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