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Abstract

This study investigated the dynamic behavior of AA7075 plates joined by Friction Stir
Welding (FSW), focusing on the influence of key process parameters, rotation, and traverse
speeds, on the resulting dynamic characteristics. Experimental Modal Analysis (EMA)
was performed under free boundary conditions to determine resonance frequencies, mode
shapes, and damping ratios, revealing that an increase in traverse speed consistently led to a
decrease in natural frequencies across most modes, thereby indicating reduced joint stiffness
attributed to insufficient heat input. Furthermore, localized weld defects caused significant
damping variations, particularly in low-order modes. To complement the experimental
findings and enable simultaneous, multi-output prediction of these coupled dynamic
parameters, a Co-Active Neuro-Fuzzy Inference System (CANFIS) model was developed.
The CANFIS architecture utilized spindle speed and feed rate as inputs to predict natural
frequency and damping ratio for multiple vibration modes as tightly coupled outputs.
The trained model demonstrated strong agreement and high predictive accuracy against
the EMA experimental data, with convergence analysis confirming its stable learning
and excellent generalization capability. The successful integration of EMA and CANFIS
establishes a robust hybrid framework for both physical interpretation and intelligent,
coupled prediction of the dynamic behavior of FSW-welded AA7075 plates.

Keywords: friction stir welding; experimental modal analysis; natural frequency; damping
ratio; co-active neuro fuzzy inference system

1. Introduction
The contemporary engineering and manufacturing sectors, driven by the need to

achieve ambitious net-zero emission targets and develop sustainable practices, are in-
creasingly reliant on advanced joining technologies. Among these, Friction Stir Welding
(FSW) has emerged as a particularly promising solid-state technique, vital for industries
such as automotive and aerospace that demand lightweight, high-strength materials like
AA7075, as well as various copper, magnesium, and titanium alloys, and even steels
(Mishra and Ma [1], Singh et al. [2], Küçüköğeroğlu et al. [3], Çam et al. [4], İpekoğlu and
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Çam [5] and Ahmed et al. [6]). Unlike traditional fusion methods, FSW successfully bonds
these materials without melting the base metal. The process utilizes a non-consumable,
rotating tool whose frictional heat softens the material, enabling the specialized pin to phys-
ically stir and mix the components across the joint line, resulting in a strong, continuous
bond (Sami and Sahin [7] and Chen et al. [8]). While FSW offers significant advantages,
including the avoidance of solidification defects, a minimal heat-affected zone, and high
energy efficiency, its widespread industrial adoption is still hindered by specific weld flaws
like keyhole defects, kiss joints, and weld thinning. The quality and mechanical properties
of the final joint are critically dependent on the tool pin’s geometry, as this design directly
dictates the localized heat generation and material flow within the weld zone. Extensive
research is therefore focused on optimizing tool pin designs to facilitate FSW’s transition to
a foundational commercial manufacturing technology (Zhao et al. [9], Sabry et al. [10] and
Sabry [11]).

The successful implementation of FSW in critical engineering systems requires a
detailed understanding of the joint’s performance under dynamic loads. Consequently,
characterizing the fatigue characteristics and, more fundamentally, the dynamic proper-
ties of these components is essential (Haagersen et al. [12], Dickersen and Przydatek [13]
and Chen et al. [14]). Dynamic characteristics such as natural frequencies and vibration
mode shapes are critical for ensuring stable and safe operation, as excitation near a natu-
ral frequency can trigger resonance, potentially leading to catastrophic structural failure
(Kosturek [15], Czechowski [16] and Edwards and Ramulu [17]). The dynamic behavior of
FSW joints is inherently influenced by the intricate interplay between the welding operation
parameters and the residual thermal stress induced during the process. Numerical tech-
niques, such as FEM model updating, provide powerful predictive tools, yet they struggle
to accurately predict the damping ratio, a crucial dynamic property (Abdelmoulo [18],
Zahari et al. [19], Zahari et al. [20] and Nazri et al. [21]).

This limitation, coupled with the time and expense associated with experimental
characterization, has driven a significant shift toward data-driven machine learning
(ML) approaches (Zaparoli [22]). ML models, such as the Adaptive Neuro-Fuzzy In-
ference System (ANFIS), have demonstrated high accuracy in predicting FSW outcomes
(Dewan et al. [23], Shehabeldeen et al. [24], Das [25], Ashok and Ponni [26],
Djouider et al. [27] and Rao et al. [28]). However, existing ANFIS models are typically
Single-Input-Single-Output (SISO) or Multiple-Input-Single-Output (MISO), insufficient
for the simultaneous, coupled prediction of dynamic properties, as natural frequency and
damping ratio are physically coupled. The Co-active Neuro-Fuzzy Inference System (CAN-
FIS) addresses this architectural limitation by providing a Multiple-Input-Multiple-Output
(MIMO) framework, utilizing parallel, interacting inference modules to capture critical
cross-coupling effects (Van Niekerk et al. [29], Zapata et al. [30], Muradova et al. [31],
Zong et al. [32], Krishnamurthy and Rakkiyannan [33] and Ambekar and Kittur [34]).

This study provides a detailed investigation into the dynamic behavior of AA7075
plates joined by FSW, a method crucial for critical engineering applications. Recognizing
that FSW process parameters like rotation and traverse speeds directly influence the final
weld microstructure, the primary objective of this work was twofold: first, to determine
the effect of these varying speeds on the dynamic characteristics of the resulting weld
joints experimentally; and second, to develop an advanced machine learning model for
prediction. To achieve the first objective, Experimental Modal Analysis (EMA) was utilized
as a non-destructive technique to experimentally determine the dynamic properties (natural
frequencies, anti-resonance frequencies, vibration damping ratios, and vibration mode
shapes) of the structures. These experimental results, which established a direct relation-
ship between FSW process parameters and dynamic performance, were then leveraged
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to develop a Co-active Neuro-Fuzzy Inference System (CANFIS) model. This CANFIS
architecture was strategically implemented to overcome the limitations of standard ANFIS
by enabling the simultaneous and coupled prediction of the dynamic properties of the FSW
joints. The successful development of this CANFIS model, utilizing the robust data yielded
from EMA, yields critical data and a powerful predictive tool essential for ensuring the safe
and stable operation of engineering systems.

2. Materials and Methods
2.1. Friction Stir Welding of AA7075 Plates

In the present experimental design, tool geometry, tilt angle, plunge depth, and
other process-related parameters were kept constant for all welding conditions. There-
fore, rotational speed and traverse speed were selected as the primary input variables,
as they represent the dominant controllable parameters governing heat generation and
material flow, while the effects of other parameters are implicitly embedded in the
experimental response.

The Friction Stir Welding (FSW) process was conducted on a CNC milling machine
under three distinct rotational speeds (1800, 2000, and 2200 rpm) and four different traverse
speeds (15, 20, 25 and 30 mm/min). An illustration of the FSW process setup is provided
in Figure 1.

 

Figure 1. FSW process images: (a) Thermal camera for temperature measurement, (b) coordinate
system, (c) axial and tangential forces.

The thrust force (normal force) and feed force (tangential force) were measured using a
two-axis dynamometer. Prior to the measurements, the dynamometer was calibrated and its
repeatability was assessed. The thrust force was generated by providing a vertical plunge
depth after the processing pin was zeroed on the workpiece. The resulting force-time
graphs for a single specimen are shown in Figure 2.

The temperature distributions on the samples during the joining processes were
determined via thermal imaging (Figure 1a). To quantitatively analyze these data, the
temperature variation along the y-axis was examined on a line located 5 mm behind the
tool center (Figure 3a). The resulting temperature variation trends captured by the thermal
camera for one of the samples are shown in Figure 3b.
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Figure 2. Force graphs (ω: 1800 rpm, v: 25 mm/min).

(a) (b) 

Figure 3. (a) Coordinate systems and (b) temperature distribution plots of the Friction Stir Welding
(FSW) process.

Higher rotational speeds of the pin tip generate higher temperatures. The maximum
temperature of the welding pin shown in Figure 3b is 421.9 ◦C, which corresponds to
88.45% of the solidification temperature of the AA7075 alloy. For faster welding, the weld
temperature must be appropriately increased. When the temperature is insufficient, the
temperature distribution in the weld stir zone will not meet the thermal requirements at
high welding speeds. Due to an extended preheating time, the preheating zone maintains a
higher temperature at the start of welding. However, as the welding process continues the
temperature of this preheating zone gradually decreases.

The taper cylindrical pinned stirring tool used during the FSW process was manufac-
tured from stainless steel. The geometry and an image of the tool are presented in Figure 4.

 

Figure 4. Stirring tool and its geometry used in the FSW process.

2.2. Dynamic Analysis of Friction Stir-Welded AA7075 Plates

This study uses EMA to investigate the dynamic properties of friction stir-welded
AA7075 plates. Unlike theoretical methods, EMA is a data-driven approach that measures a
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physical structure’s response to an applied excitation force, typically from a modal hammer
or shaker. The core of this process is the collection of paired excitation and response data,
which is then used to compute Frequency Response Functions (FRFs). Acting as a dynamic
fingerprint, each FRF is the frequency-domain ratio of the system’s output to its input,
capturing crucial information about the structure’s behavior under dynamic loads.

In the EMA process, the initial step is to perform experimental planning to determine
the response and excitation points on the samples to be analyzed. Examples of the samples
prepared for EMA, showing the response and excitation points, are provided in Figure 5.
The samples in this study were obtained by joining 150 × 150 × 8 mm plates via FSW. This
was conducted under various operational parameters, specifically rotational speeds of 1800,
2000, and 2200 rpm, and welding speeds of 15, 20, 25 and 30 mm/min.

(a) (b) (c) 

Figure 5. EMA nodal planning, (a) FSWed plate, (b) measurement and excitation coordinates (red
line corresponds the weld line), (c) portioned plate.

For the EMA studies, the analysis of the samples was conducted under free-boundary
conditions. To achieve this, very small holes were drilled into two corners of each sample,
which were then suspended from a test stand using thin thread. A single-axis accelerometer
(Dytran-3097A2/2373-Dytran Instruments Inc., Chatsworth, SC, USA) was positioned
at the bottom corner of the samples (coordinate 1) to capture all vibration modes. The
accelerometer was placed at this point because it is mobile in all mode shapes and does not
coincide with any nodal points. This ensures that all data acquired from the accelerometer
is meaningful. Subsequently, the plates were excited with a modal hammer (Kistler-
9724A200/SN2069942-Kistler Group, Winterthur, Switzerland) by applying three impacts
at each coordinate, sequentially from coordinate 1 to 45. In this context, it is crucial to avoid
the double-hit effect when using the modal hammer and to strike the designated coordinate
points accurately. To achieve this, each excitation point was struck three times with the
modal hammer, taking care to avoid any double hits. The resulting excitation force and
acceleration response data were then recorded. During the vibration tests, the sampling
frequency was set to at least twice the maximum vibration frequency to satisfy the Nyquist
criterion, considering the predetermined frequency band for the samples. Prior to the main
experiments, standard Linearity, Reciprocity, and Repeatability checks were conducted on
the experimental setup. The EMA test setup with FFT analyzer (OROS Group, Montbonnot
Saint Martin, France) is shown schematically in Figure 6.
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Figure 6. EMA test setup schematic illustration.

An exemplary excitation and response time signal for one sample is shown in Figure 7,
while a visual of the EMA process is provided in Figure 8.

Figure 7. An example of excitation and response signals in the time domain.
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Figure 8. EMA test setup.

The acquired time-domain data were converted to the frequency domain by per-
forming a Fast Fourier Transform (FFT), and Frequency Response Functions (FRFs) of the
accelerance type were obtained from the ratio of the response to the excitation. This data
can also be integrated to be converted into mobility and receptance. Some of the FRFs for
one of the samples are presented in Figure 9.

Figure 9. All obtained FRFs of a FSWed plate sample.

The Modal Indication Function, derived from the obtained FRFs, was then processed
over a selected frequency band (0–3500 Hz) to extract the first 11 resonance frequencies of
the sample. Based on this analysis, Modal Indication Function and Stabilization Chart were
generated (Figures 10 and 11).

The distinct peaks in the Modal Indication Function (MIF) and Stabilization Chart
plots, shown in Figures 10 and 11, respectively, represent the structure’s resonance points,
which are its natural frequencies. These peaks indicate the frequencies where the amplitude
of an externally applied vibration reaches its maximum, pointing to the modes where
the structure stores the highest amount of energy. Therefore, the peaks obtained from
these plots allow us to accurately determine the structure’s vibration modes and their
corresponding natural frequency values.
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Figure 10. Modal Indication Function belongs to one of the samples.

Figure 11. Stabilization Chart belongs to one of the samples.

The vibration mode shapes obtained from different samples were compared using the
Modal Assurance Criterion (MAC) (Equation (1)).

MAC =

∣∣{ϕA}T
i {ϕB }j

∣∣2
({ϕB}T

j {ϕB}j)({ϕA}T
i {ϕA}i)

(1)

In Equation (1), ϕA and ϕB represent the mode shape vectors to be compared. The
subscripts i and j denote the corresponding modes. Accordingly, if a linear relationship
exists between the two mode shape vectors, the MAC value will approach 1, whereas it
will approach 0 if no linear relationship exists. The degree of the MAC value therefore
represents the similarity ratio between the mode shape vectors.

The damping ratios (ζ) were determined from the natural frequencies by applying
the Half-Power Bandwidth Method. This involved calculating the ratios via Equation (2)
(Treszkai et al. [35]), based on the analysis of the frequency spectrum’s half-power peaks
(Figure 12).

ζ =
ω2 − ω1

2ωn
(2)
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Figure 12. Half-Power Bandwidth Method for determining damping ratios (Treszkai et al. [35]).

3. Experimental Results
The resonance frequency and damping values obtained from the experimental modal

analysis of the joined samples are summarized in Tables 1–3.

Table 1. Natural Frequencies and damping ratios (1800 rpm).

Mode

Natural Frequencies and Damping Ratios

15 mm/min 20 mm/min 25 mm/min 30 mm/min

(Hz) (%) (Hz) (%) (Hz) (%) (Hz) (%)

1 480.75 0.09 474.11 0.07 462.58 0.07 445.75 0.04

2 564.09 0.19 558.79 0.26 551.21 0.21 520.97 0.18

3 1101.36 5.06 1076.06 1.23 1094.88 3.93 1072.83 0.19

4 1255.19 2.51 1250.68 1.93 1239.32 2.24 1198.83 2.80

5 1401.81 0.09 1386.18 0.12 1357.25 0.13 1312.07 0.14

6 1933.74 0.43 1919.02 0.39 1936.40 0.51 1913.49 0.61

7 2199.93 0.61 2180.45 0.68 2157.13 0.61 2088.65 0.66

8 2292.92 0.37 2275.48 0.31 2270.35 0.51 2232.96 0.66

9 2666.07 0.39 2634.31 0.28 2586.32 0.35 2514.11 0.54

10 3069.40 0.54 3047.04 0.59 3033.53 0.74 2986.85 0.84

11 3470.51 0.46 3423.95 0.37 3399.44 0.56 3314.75 0.46

Table 2. Natural Frequencies and damping ratios (2000 rpm).

Mode

Natural Frequencies and Damping Ratios

15 mm/min 20 mm/min 25 mm/min 30 mm/min

(Hz) (%) (Hz) (%) (Hz) (%) (Hz) (%)

1 481.05 0.33 477.14 0.13 461.22 0.10 447.52 0.14
2 562.89 1.02 559.52 0.18 553.10 0.24 527.20 0.20
3 1109.31 3.22 1071.27 1.02 1070.42 2.88 1065.65 0.18
4 1257.24 2.12 1252.40 2.04 1244.36 2.02 1188.32 2.42
5 1403.32 0.39 1389.21 0.21 1352.65 0.22 1317.47 0.18
6 1937.24 0.30 1923.32 0.44 1938.35 0.42 1923.52 0.64
7 2194.91 0.77 2184.75 0.57 2159.10 0.48 2084.23 0.48
8 2282.02 0.60 2271.30 0.40 2265.66 0.50 2248.32 0.46
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Table 2. Cont.

Mode

Natural Frequencies and Damping Ratios

15 mm/min 20 mm/min 25 mm/min 30 mm/min

(Hz) (%) (Hz) (%) (Hz) (%) (Hz) (%)

9 2654.12 0.39 2628.25 0.32 2568.30 0.41 2527.18 0.62
10 3075.49 0.41 3053.64 0.52 3041.20 0.68 2998.71 0.73
11 3442.21 0.48 3425.25 0.28 3392.47 0.52 3371.20 0.50

Table 3. Natural Frequencies and damping ratios (2200 rpm).

Mode

Natural Frequencies and Damping Ratios

15 mm/min 20 mm/min 25 mm/min 30 mm/min

(Hz) (%) (Hz) (%) (Hz) (%) (Hz) (%)

1 483.33 0.18 479.35 0.20 473.32 0.28 449.44 0.22
2 567.32 0.22 561.87 0.21 557.02 0.19 533.70 0.32
3 1099.25 4.20 1077.26 1.41 1063.28 2.12 1069.24 0.18
4 1261.82 2.05 1261.44 2.12 1254.90 2.00 1190.04 2.05
5 1415.22 0.19 1397.53 0.36 1360.35 0.19 1323.22 0.22
6 1952.32 0.28 1924.32 0.38 1934.14 0.33 1921.41 0.66
7 2203.75 0.82 2194.35 0.52 2167.25 0.41 2088.24 0.54
8 2284.33 0.54 2275.52 0.48 2285.50 0.48 2249.74 0.42
9 2677.85 0.44 2638.23 0.30 2574.33 0.35 2533.21 0.74

10 3077.26 0.46 3054.23 0.61 3047.73 0.56 3001.58 0.70
11 3464.31 0.52 3432.32 0.33 3382.50 0.47 3387.63 0.42

An analysis of the natural frequency values (Tables 1–3 and Figures 13–17) reveals
a consistent decreasing trend with increasing traverse speed across the examined modes.
This global reduction is primarily attributed to the decreased heat input per unit length,
which hinders adequate material plasticization and promotes the formation of volumetric
defects (e.g., tunnel voids, kissing bonds), thereby degrading global stiffness. Notably,
this stiffness degradation manifests nonlinearly; while a gradual frequency decline in the
15–25 mm/min range suggests minor microstructural evolution (e.g., precipitate disso-
lution), the abrupt drop observed at 30 mm/min (particularly evident in modes such as
2 and 4) indicates a critical thermal threshold where severe geometric defects compromise
the structural integrity.
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The damping ratios corresponding to the natural frequencies obtained for each mode
examined were determined. The damping ratios obtained for different rotational and
traverse speeds are presented using comparative bar charts in Figures 18–22.
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Figure 21. Damping ratios under different traverse and rotational speeds for mode 7 and mode 8.
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Figure 22. Damping ratios under different traverse and rotational speeds for mode 9 and mode 10.

An examination of the comparative damping ratio charts presented in Figures 18–22
reveals significant fluctuations in the damping ratios for certain modes (modes 1–3). In
contrast, the damping ratio fluctuations observed in the other modes are remain consid-
erably lower. This situation is closely related to the vibration characteristic and energy
dissipation within the welded structures. Damping is a measure of how quickly a system
dissipates energy, and this dissipation mechanism depends on the mode, frequency, and
the location of defects in the structure. Low-order modes (particularly the first, second,
and third bending/torsional modes) are the most sensitive to the overall stiffness and
boundary conditions of the structure. These modes can distribute a large portion of the
vibrational energy across the entire structure, including the weld region. Since the weld
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region is where the stiffness is most affected, these modes are subjected to the highest stress
and deformation here. Furthermore, low-order modes can dissipate energy more rapidly
through mechanisms such as micro-slip, friction at crack tips, or unbonded/poorly bonded
surfaces within the weld region. As process parameters (speed, temperature) change, these
friction and energy dissipation mechanisms also change significantly, leading to major
fluctuations in the damping ratios.

Additionally, as the traverse speed changes, the size and geometry of defects, such
as voids or incomplete bonding (kissing bonds), formed at the weld trailing edge can also
change. The coincidence of the high strain energy or large displacements of the low-order
modes with the regions where these defects are located can cause a sudden and significant
increase in the damping ratio. Conversely, higher-order modes exhibit greater tolerance
toward defect locations due to their larger number of vibration nodal points. If a defect is
located near a nodal point, its effect on damping is minimized, which tends to keep the
overall damping fluctuation at a lower level.

Each vibration mode responds with a different sensitivity to the stiffness variations
within the welded structure. For instance, modes that induce large displacements in the
weld region (where stiffness change is most pronounced) are more susceptible to weld
defects and the discontinuities they create. Consequently, the effect of these defects on
the natural frequencies is more significant and clearly observable in these specific modes.
Vibration mode shapes for one of the FSW-welded plate samples are shown in Table 4.

Table 4. Vibration mode shapes for the first 11 modes obtained for one of the FSW-welded plate samples.

 

 
Mode 1

 
Mode 2

 
Mode 3

 
Mode 4

 
Mode 5

Mode 6
 

Mode 7

 
Mode 8

 
Mode 9

 
Mode 10

 
Mode 11

MAC comparisons were conducted for the mode shapes obtained from each sample,
some of which are presented in Tables 5 and 6. An examination of the MAC comparison
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tables reveals that the lowest similarity value corresponds to the third vibration mode. This
result demonstrates that the effect of stiffness irregularities in the weld seam region is more
pronounced on the torsional vibrations.

Table 5. MAC Comparison: Samples obtained under 15–30 mm/min traverse speeds and 1800 rpm
rotational speed.

 

MAC 1 2 3 4 5 6 7 8 9 10 11

1 99.1 0.1 6.3 0.6 0.0 0.2 0.1 0.1 2.4 6.9 0.9

2 0.9 99.7 0.7 0.1 0.0 0.0 4.6 1.1 0.3 0.7 0.0

3 0.7 2.8 90.5 78.0 0.9 2.4 1.6 1.1 0.2 2.5 4.8

4 0.0 0.1 76.4 98.5 1.0 0.5 0.3 0.2 0.4 0.1 5.5

5 0.0 0.0 1.1 1.3 99.3 0.0 0.1 0.1 0.1 0.0 0.2

6 0.1 0.0 0.8 0.3 0.0 99.4 0.7 0.6 0.0 1.6 0.2

7 0.0 3.7 0.8 0.3 0.1 0.9 96.9 3.2 0.6 0.1 0.1

8 0.0 1.0 0.5 0.1 0.1 0.2 4.0 97.8 0.0 0.1 0.0

9 5.3 0.3 2.4 0.1 0.0 0.5 0.7 0.0 95.5 0.7 2.5

10 10.1 0.2 0.8 0.3 0.0 3.2 0.8 0.1 0.2 96.8 0.7

11 0.1 0.0 7.0 7.2 0.1 0.3 0.1 0.0 0.3 2.0 95.6

Table 6. MAC Comparison: Samples obtained under 1800–2000 rpm rotational speeds and
20 mm/min traverse speed.

 

MAC 1 2 3 4 5 6 7 8 9 10 11

1 99.2 0.7 1.0 0.0 0.0 0.0 0.0 0.0 5.4 9.8 0.1

2 0.0 99.8 2.9 0.2 0.0 0.0 3.7 1.2 0.3 0.2 0.0

3 0.5 16.3 90.1 65.8 0.3 1.2 4.4 1.2 0.1 0.4 3.9

4 0.0 0.1 76.1 98.8 2.3 0.3 0.2 0.1 0.4 0.1 7.3

5 0.0 0.0 1.2 0.8 98.8 0.0 0.1 0.2 0.0 0.0 0.0

6 0.1 0.0 2.1 0.4 0.0 99.6 0.4 0.2 0.2 2.8 0.3

7 0.0 3.6 1.0 0.3 0.1 0.6 99.5 1.4 0.4 0.5 0.0

8 0.1 1.1 0.4 0.1 0.3 0.3 1.5 99.5 0.0 0.4 0.1

9 4.2 0.3 0.3 0.0 0.0 0.0 0.2 0.0 94.5 0.1 0.1

10 10.0 0.7 1.6 0.1 0.1 2.3 0.1 0.1 0.1 98.7 0.4

11 0.1 0.3 4.5 5.2 0.4 0.2 0.0 0.0 0.5 0.5 96.3

4. CANFIS Model
Adaptive Neuro-Fuzzy Inference Systems (ANFISs) have been widely employed in

friction stir welding studies for predicting individual process responses, owing to their
capability to combine fuzzy reasoning with adaptive learning. However, conventional
ANFIS implementations are typically formulated for single-output prediction, and extend-
ing them to problems involving multiple correlated outputs generally requires the use of
multiple independent ANFIS models trained separately for each response variable. Such
an approach neglects the shared inference structure and common process dependencies
among different output quantities.

In the present study, the dynamic characterization of friction stir-welded AA7075
plates requires the simultaneous prediction of multiple modal parameters, namely natural
frequencies and damping ratios associated with different vibration modes, using a common
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set of welding parameters. To address this multi-input–multi-output (MIMO) require-
ment within a unified modeling framework, a Co-Active Neuro-Fuzzy Inference System
(CANFIS) was adopted. Unlike multiple independent ANFIS models, CANFIS employs a
shared fuzzy rule base and common premise parameters while allowing multiple output
nodes to be estimated concurrently. This structure enables consistent and simultaneous
prediction of multiple physically related dynamic responses and provides a more coherent
representation of the underlying process–response relationships. Therefore, the use of
CANFIS in this study is not intended as a direct performance comparison with classical
ANFIS-based models, but as a methodological extension suitable for coupled multi-output
prediction in vibration-based analysis of friction stir-welded structures.

In this context, a CANFIS model was employed to predict the dynamic response char-
acteristics of the system in terms of natural frequencies and damping ratios. The CANFIS
approach was selected due to its proven capability in modeling highly nonlinear relation-
ships and its effective multi-output prediction performance demonstrated in the previous
studies. The developed CANFIS structure is formulated as a two-input and two-output
prediction model. The input parameters consist of spindle speed, defined at three discrete
levels, and feed rate, defined at four discrete levels, which together represent the dominant
operational variables of the system. For each experimental condition, two output parame-
ters, namely natural frequency and damping ratio, were estimated simultaneously for the
first ten vibration modes, resulting in a total of twenty dynamic response outputs consid-
ered in the modeling framework. It should be noted that the CANFIS model employed in
this study is not intended to function as a large-scale data-driven machine learning predic-
tor. Instead, it is used as a compact and interpretable neuro-fuzzy framework specifically
suited for small experimental datasets. The primary objective of the CANFIS implementa-
tion is to capture the coupled and localized nonlinear relationships between the friction stir
welding parameters and the corresponding modal characteristics within the experimentally
investigated parameter space. The five-layer CANFIS architecture developed in this study
is illustrated in Figure 23.

Figure 23. CANFIS architecture employed for the prediction of natural frequencies and damping
ratios based on spindle speed and feed rate inputs.

From an interpretability perspective, the five-layer CANFIS architecture illustrated
in Figure 22 provides clear insight into how the input parameters influence the predicted
modal responses. In Layer 1 (Fuzzification Layer), the spindle speed and feed rate inputs
are transformed into overlapping fuzzy regions through membership functions, allowing
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smooth transitions between different operating conditions. Layer 2 (Rule Layer) combines
these fuzzy inputs to generate rule activations, where each rule represents a localized dy-
namic relationship between the operational parameters and the modal responses. In Layer 3
(Normalization Layer), the firing strengths of all activated rules are proportionally scaled
to ensure balanced contributions and to prevent the dominance of any single rule. Layer 4
(Consequent Layer) computes local linear outputs associated with each rule, enabling
the model to capture subtle variations in natural frequencies and damping ratios across
different vibration modes. Finally, in Layer 5 (Output Layer), all rule-based contributions
are aggregated to produce the final crisp predictions of the modal parameters. This layered
and rule-based reasoning mechanism allows the CANFIS model to function not only as
a powerful predictive tool but also as an interpretable framework for understanding the
dynamic behavior of the system under varying operational conditions.

A MATLAB (R 2015a) code was developed using the theoretical framework based
on the CANFIS architecture given in Figure 23. The program first reads the measured
input–output data from an external Excel file, arranges them in matrix form, and separates
the samples into training and testing subsets. Due to the limited number of experimental
samples, a controlled hold-out strategy was adopted instead of random data splitting. The
testing samples were deterministically selected from distinct parameter combinations and
were excluded from the training process to avoid data leakage. The testing phase is therefore
intended as a consistency and stability evaluation within the investigated parameter space
rather than a statistical generalization test. This preprocessing step ensures that the learning
algorithm works on properly structured data and that the predictive performance of the
model can be assessed on unseen samples. After data loading, the CANFIS structure is
defined in terms of the number of inputs and outputs, the type and number of membership
functions assigned to each input, and the resulting fuzzy rule base. To mitigate model
complexity and reduce the risk of overfitting under small-sample conditions, the number
of membership functions assigned to each input variable was intentionally limited to
three. Simple Gaussian membership functions were adopted, resulting in a compact rule
base and a reduced number of trainable premise and consequent parameters. Once the
network architecture is specified, initial values are assigned to the premise parameters
(membership function centers and spreads) and to the consequent parameters of the first-
order Takagi–Sugeno functions associated with each rule. These initial values provide a
starting point for the adaptive optimization process. During training, the MATLAB code
performs a forward computation for each sample by successively executing the five layers
of the CANFIS architecture: fuzzification of the crisp inputs, computation of rule firing
strengths, normalization of these firing strengths, evaluation of the local Takagi–Sugeno
consequents, and aggregation of all rule contributions to obtain the model outputs. The
predicted outputs are then compared with the corresponding experimental values, and an
error measure (typically based on the squared difference) is computed and accumulated
over the training set. This error information is used in the parameter update step, where
the consequent parameters are adjusted using a least-squares or gradient-based scheme,
and the premise parameters may be refined through a backpropagation-type adaptation.
The training loop continues until a stopping criterion such as a target mean-squared error,
negligible improvement between iterations, or a maximum number of epochs is satisfied.
At the end of this process, the optimized CANFIS model, including updated membership
functions and rule consequents, is stored and subsequently used to predict and evaluate
the output responses for both training and testing datasets.

The learning dynamics and internal rule-based behavior of the CANFIS model are
evaluated through two complementary graphical representations. As shown in Figure 24,
the evolution of the RMSE values over the training iterations demonstrates the convergence
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characteristics of the model. In parallel, the distribution of normalized firing strengths
for all fuzzy rules across the training dataset is illustrated in Figure 25, providing a clear
interpretation of how different rules are activated under varying input conditions and how
their relative contributions shape the overall model response.

Figure 24. RMSE-based convergence of the CANFIS model during training.

 

Figure 25. Distribution of normalized firing strengths (ωk) for the CANFIS rule base over the
training dataset.

The RMSE-based convergence curves presented in Figure 24 clearly demonstrate that
the CANFIS model exhibits a stable learning behavior for both the natural frequency (ωn)
and damping ratio (ζ) predictions. For both output parameters, the RMSE values decrease
progressively with increasing training epochs and eventually reach a steady plateau, in-
dicating that the process successfully converges and that further iterations do not lead to
significant improvements in prediction accuracy. This behavior confirms the numerical sta-
bility and effective learning capability of the proposed CANFIS structure. Complementary
to this, Figure 25 illustrates the distribution of normalized firing strengths of the CANFIS
rule base over the training dataset. The colourmap reveals that different fuzzy rules are
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activated with varying dominance for different training samples, highlighting the adaptive
and region-specific reasoning mechanism of the model. The presence of strongly activated
rules in distinct regions of the input space confirms that the CANFIS model effectively
captures the nonlinear input–output relationships through localized rule contributions.

The predictive capability of the proposed CANFIS model was evaluated using
both training and testing datasets through a series of graphical analyses. As presented
in Figure 26, the agreement between the experimental (target) values and the CANFIS
predictions for natural frequency and damping ratio is illustrated for both datasets. The
corresponding prediction errors in the test set are further analyzed through the residual
distributions shown in Figure 27. Finally, the correlation between the actual and predicted
values is assessed using the scatter plots given in Figure 27, providing a comprehensive
evaluation of the model accuracy and generalization performance.

Figure 26. Comparison of target (experimental) values and CANFIS predictions for training and
testing datasets.

Figure 27. Residuals of the CANFIS predictions for natural frequency (ωn) and damping ratio (ζ) in
the test dataset.

Figures 26–28 collectively demonstrate that the proposed CANFIS model provides
accurate and physically consistent predictions for both natural frequency and damping ratio
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across the training and testing datasets within the experimentally investigated parameter
space. As observed in Figure 26, the CANFIS predictions closely follow the experimental
target values for both output parameters, indicating that the model effectively captures
the underlying dynamic behavior of the system. The test residuals presented in Figure 26
are generally small and symmetrically distributed around zero, confirming the absence
of systematic bias and showing that the prediction errors remain within acceptable limits
for both natural frequency and damping ratio. Furthermore, the actual–predicted scatter
plots shown in Figure 28 exhibit a strong alignment along the 1:1 reference line for both
training and testing cases, demonstrating a high level of consistency between predicted
and measured values. Accordingly, the performance of the CANFIS model is evaluated
in terms of convergence behavior, consistency with experimental trends, and physical
plausibility of the predicted modal parameters, rather than statistical generalization to
operating conditions beyond the tested parameter range. Overall, these results verify that
the proposed CANFIS framework provides reliable and stable multi-output predictions for
modal parameters under varying operational conditions.

Figure 28. Actual and predicted values for the CANFIS model in training and testing datasets.

5. Conclusions
This study comprehensively investigated the dynamic behavior of AA7075 plates

joined by FSW. It was emphasized that key FSW parameters, such as rotational and traverse
speeds, directly influence heat generation, material flow, and the resulting microstructure
in the weld zone. The primary objective of the research was to determine the impact of
these varying parameters on the dynamic properties of the resulting welded joints. Using a
non-destructive technique such as EMA, the unique dynamic characteristics of the welded
structures were experimentally identified. This approach enabled a precise evaluation of
the permanent changes induced in the plates by the FSW process (e.g., in the weld and
heat-affected zones) and their subsequent effects on dynamic performance. The study
established a direct relationship between FSW process parameters and dynamic behavior,
revealing significant variations in natural frequencies, anti-resonance frequencies, vibration
damping ratios, and vibration mode shapes of the structures. Specifically, by systematically
adjusting the welding parameters, a high degree of correlation was achieved between
numerical dynamic analysis results and experimental EMA findings.

Some key findings can be concluded as follows.
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• A primary finding was the consistent decrease in natural frequencies with increasing
traverse speed across almost all modes. This indicates a proportional reduction in overall
joint stiffness attributed to decreased heat input and subsequent material deficiencies.

• The analysis of frequency reduction rates revealed non-uniform behavior, character-
ized by slow and abrupt transitions. This demonstrates that increasing the traverse
speed beyond a critical threshold causes the process to shift abruptly from a mi-
crostructurally sound regime to a defect-ridden regime. This shift is marked by the
formation of severe volumetric defects (e.g., tunnels and voids), which result in a
sharp and significant loss of structural stiffness and, consequently, a steep drop in
natural frequencies.

• Significant damping fluctuations were concentrated in the low-order modes (1–3). This
is because these global modes are the most sensitive to localized stiffness variations
and high strain energy concentrations in the defect-prone weld region. Changes in
welding parameters strongly influence the energy dissipation mechanisms (such as
micro-slip and friction at internal discontinuities), causing major damping variations.
In contrast, higher-order modes exhibited more stable damping behavior due to their
greater number of nodal points, offering increased tolerance to defect locations.

• The MAC comparison further validated the effect of localized defects, showing the
lowest mode shape similarity in the third (torsional) mode. This confirms that stiff-
ness irregularities within the weld seam have the most pronounced impact on the
structure’s torsional vibrational response.

• Beyond the experimental characterization, a Co-Active Neuro-Fuzzy Inference Sys-
tem (CANFIS) model was successfully implemented to predict the coupled dynamic
responses in terms of natural frequency and damping ratio. By employing spindle
speed and feed rate as input parameters, the CANFIS model achieved highly accurate
multi-output predictions for multiple vibration modes. The RMSE-based convergence
characteristics confirmed stable learning behavior, while residual analyses and actual–
predicted correlation plots demonstrated excellent agreement between experimental
and predicted results for both training and testing datasets. Although the available
dataset is limited in size, the present results demonstrate that the CANFIS framework
can effectively model coupled natural frequency and damping ratio responses under
small-sample conditions when a compact architecture with a limited number of mem-
bership functions is employed. These findings verify that CANFIS offers a powerful
and reliable tool for intelligent prediction of coupled dynamic properties in friction
stir-welded structures.

• It should be emphasized that the CANFIS model is not introduced as a replacement
for physics-based or deterministic models governing structural dynamics. Instead, it is
employed as a surrogate and complementary framework that operates on experimen-
tally identified modal parameters. This perspective ensures that CANFIS supports,
rather than contradicts, the underlying physical principles of structural dynamics,
while enabling the implicit effects of weld-induced heterogeneity, localized defects,
and residual stresses features that are difficult to model explicitly to be captured
without additional physical assumptions.

• Although the global dynamic behavior of plates can be described using classical phys-
ical parameters, the presence of friction stir-welded joints introduces strong local
heterogeneity, defect-induced stiffness degradation, and complex damping mecha-
nisms concentrated in the weld and heat-affected zones. Such localized and coupled
effects cannot be adequately represented using simplified physics-based formula-
tions or conventional regression models relying on global or averaged parameters.
Therefore, the CANFIS framework is employed to capture these implicit and coupled
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relationships directly from experimentally identified modal data, without requiring
explicit modeling of the weld zone microstructure.

• Overall, the integrated EMA–CANFIS framework presented in this study provides
both physical insight and predictive capability for the dynamic behavior of FSW
AA7075 plates. The established relationships between process parameters and modal
responses offer critical guidance for optimizing welding conditions, avoiding reso-
nance, and ensuring vibration-safe operational regimes. Although the available dataset
is limited in size, the present results demonstrate that the CANFIS framework can effec-
tively model coupled natural frequency and damping ratio responses under small-sample
conditions, providing a practical and physically interpretable alternative to data-intensive
machine learning approaches. The proposed methodology is directly applicable to ad-
vanced structural design, process optimization, and intelligent monitoring of friction
stir-welded components in aerospace and automotive applications.

• Consequently, this study demonstrates that dynamic analysis serves as a robust macro-
scopic Non-Destructive Testing (NDT) tool, capturing the integrated effect of vol-
umetric defects along the entire weld length which might be missed by localized
cross-sectional metallography. The experimental reduction in natural frequencies
provided direct physical validation of global stiffness degradation in accordance with

fundamental vibration theory (ωn =
√

k
m ), independent of microstructural imag-

ing. Accordingly, the proposed CANFIS model successfully mapped the process
parameters to these global mechanical responses, proving its efficacy in predicting
structural integrity.

The established direct relationship between the FSW process parameters and the dy-
namic performance of AA7075 plates provides critical quantitative insight into the stiffness
and damping characteristics of the welded structures. When coupled with the CANFIS-
based multi-output prediction framework developed in this study, this relationship not
only enables accurate estimation of natural frequencies and damping ratios under varying
welding conditions but also offers a powerful predictive and decision-support capability.
This combined experimental–artificial intelligence approach is essential for optimizing
welding procedures and allows engineers to strategically define safe operational envelopes
by avoiding resonance conditions and mitigating the risks of undesirable vibration, noise,
and stress accumulation in critical FSW-jointed structural systems. Consequently, the
proposed EMA–CANFIS-integrated framework represents a robust and practical tool for
vibration-aware design, process optimization, and reliability-oriented engineering of ad-
vanced welded components.
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