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Abstract: In this study, experimental tests, finite element analysis, and machine learning 
techniques were integrated to predict the maximum shear stress of riveted joints. First, ten 
tensile tests were conducted, yielding an average stress of 76.0383 MPa on the plates, and 
the regression analysis of the stress–strain data demonstrated a 95-99% level of agreement. 
A finite element analysis performed in Ansys under conditions similar to the experiments, 
produced a result of 78.875 MPa, which falls within an error margin consistent with the 
literature. Subsequently, a dataset of 20 samples containing various rivet diameters, plate 
thicknesses, hole coordinates and tensile loads was generated and used, to train a Regression 
Decision Tree model in MATLAB. For a new design case, the model predicted 7.480 MPa 
instead of 7.291 MPa, corresponding to an error of approximately 2.50%. When the dataset 
was expanded to 50 samples, this deviation decreased to 0.82%, indicating a significant 
improvement in accuracy. Overall, the results demonstrate that the machine learning model 
rapidly improves, as additional data become available and can provide reliable, fast 
predictions, including the effects of bending moments, offering a promising approach that 
may reduce the need for extensive experimental and numerical analyses. 

Keywords: ANSYS; experimental work; Finite Element Analysis; Machine Learning; 
MATLAB; Riveted Joints 

1 Introduction 
Although rivets were initially used, followed by bolts, and later, welded joints were 
introduced to secure riveted connections [1], rivets continue to have a wide range 
of application today, due to their rigidity, reliability, difficulty in disassembly, high 
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strength, lightweight and cost-effectiveness, in industries such as aviation, 
automotive, shipbuilding, railway manufacturing and steel structures [2-4]. 

Various modeling methods have been developed in the literature to investigate the 
mechanical behavior of rivet and bolt joints. For instance, numerous experimental 
data have been obtained by conducting tensile tests on these joints [5]. Kang et al. 
[6] developed a series of mathematical models to examine the sequential 
deformation processes in aircraft panel riveting. These models provide a detailed 
analysis of the deformation behavior of riveted connections over time. Lu et al. [7] 
presented theoretical models of macroscopic and microscopic dynamics by 
examining connection structures in complex equipment. Seok and Kim [8] 
developed analytical models to simulate the cyclic behavior of cold-formed steel 
connections, particularly examining how local buckling effects influence the 
strength of connection elements. Zhou et al. [9] investigated the shear behavior of 
riveted rock joints, analyzing the factors affecting their behavior and proposing 
mathematical models. 

Vrtač et al. [10] focused on evaluating the dynamic properties of riveted joints by 
indirectly assessing the rivet tightening force and determining joint impedances. 
The proposed method offers an approach particularly suitable for End-of-Line tests 
for riveted joints. Yang et al. [11] studied the strength properties of bonded, riveted 
and adhesive-rivet hybrid joints using Carbon Fiber Reinforced Plastic (CFRP). 
Finite element models of the composite joints were established and validated 
through quasi-static tensile tests. Wang et al. [12] worked on a new type of rivet 
joint for Cold-Formed Steel trusses. Parametric studies demonstrated that span-to-
height ratio and lateral support positions significantly influence truss strength and 
failure modes. The results showed that the test-to-design strength ratio averaged 
0.86, indicating that such connections can be evaluated in accordance with 
standards. 

Tu et al. [13] developed a model aimed at optimizing riveted structures to address 
the stress concentration problem encountered in joining processes. The study 
examined how rivet cross-section shapes and ring groove sizes affect stress 
distribution. Several studies investigating stress values using software for 
algorithms and the Finite Element Method are as follows. Peng et al. [14] researched 
the development of high-strength Carbon Fiber Reinforced Polymer (CFRP) joints 
for rail vehicles. The study examined a hybrid joint system combining adhesive 
bonding and riveting techniques. Through finite element modeling and 
experimental testing, an optimized design strategy that improved load-carrying 
capacity by 27.9% was presented. 

Arsadia [15] investigated the repeatability of bolt tightening under constant torque 
values using experimental data. Experiments were conducted on bolt-nut systems 
and examined under four different scenarios. Zabojszcza et al. [16] performed static 
strength analysis and optimization studies using the Monte Carlo Method on a 
simple bolted frame for building structures. Seitl et al. [17] investigated how crack 
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formation in rivet and bolt holes of steel bridges affects bridge strength. Qi et al. 
[18] created a model for connection plates on railway tracks. The finite element 
model of an angled guide plate was established to analyze the effects of bolt hole 
length, width, depth, and number on force distribution on the plate. 

Grzywiński [19] coded the Jaya algorithm in MATLAB and compared results to 
find the minimum weight of tower structures. Dániel and Rad [20] built a full-scale 
experimental structure to examine the bending behavior of carbon fiber-reinforced 
polymer beams and conducted load tests. Serviceability limit states, standard loads, 
and load arrangements were examined during laboratory tests, and the experimental 
results were evaluated. Ibrahim et al. [21] investigated optimal elastic-plastic 
analysis methods for steel bars in reinforced concrete beams. ABAQUS was used 
for numerical experiments, and the concrete damage plasticity model was applied 
to represent concrete behavior. Tanrıver and Ay [22] proposed a method to 
investigate the effects of thermal expansion on rivet joints, using both MATLAB 
and Ansys software to estimate the resulting stress. 

Keykha [23] examined the behavior and performance of reinforced steel by 
conducting finite element analysis using Ansys software. Ramasamy et al. [24] 
studied the design and mechanical behavior of two titanium-grade sheet metals. 
Forming force, sheet deformation, sheet thickness, and part profile accuracy were 
determined through experimental studies and finite element analysis. 

In the literature review related to rivet and bolt joints, several studies employing 
machine learning are as follows. Sun et al. [25] developed a hybrid Deep Neural 
Network called SpatNet to improve the detection and quantification of rivet hole 
cracks in aviation environments. This approach shows significant potential for 
advancing intelligent ultrasonic testing. Lin et al. [26] predicted crack propagation 
in rivet holes on aircraft wings using a sample model. The study demonstrated that 
integrating machine learning methods with nominal stress analysis enhances 
prediction accuracy. 

Kim and Youn [27] successfully detected cracks in riveted joints more accurately 
using the Physics-based Digital Twin Updating method. The study focuses 
specifically on machine learning-based crack detection and stress analysis. Hyung 
et al. [28] developed a hybrid model combining Gaussian Process Regression and 
the Enhanced Comprehensive Learning Particle Swarm Optimization algorithm to 
predict the ultimate strength of bolted steel connections. The model, validated with 
experimental data and finite element analysis, provided higher accuracy than 
existing machine learning models. 

Kang et al. [29] integrated Acoustic Emission and Machine Learning algorithms to 
investigate the mechanical behavior and failure patterns of ultra-thin composite 
hybrid “bonded/bolted interference-fit” joints. The study analyzed damage 
categories using a structural damage index, improving accuracy and generalization 
ability through noise detection and isolation. This comprehensive review serves as 
a foundation for the research conducted in this paper. 
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The purpose of this study is to present a mathematical model for calculating the 
moments resulting from forces acting on connection plates, examining the model's 
impact on design, and investigating its industrial applicability. In the manuscript, a 
dataset consisting of maximum shear stresses was created based on different forces 
and variables using experimental and analytical methods on a sample model. Using 
this dataset, an innovative algorithm capable of predicting stress in other models 
not included in the dataset was developed. By filling a significant gap in literature, 
this algorithm can accurately calculate stresses occurring in bolted and riveted 
designs without the need for complex numerical methods, experimental setups, or 
finite element software. The proposed algorithm provides a practical, fast, and 
reliable method for researchers and practitioners. 

2 Material and Method 
For machine learning, the ANSYS program is frequently used for finite element 
analyses, while MATLAB is commonly employed for coding. The reliability of 
these tools is well-documented in the literature [30]. 

In this study, both experimental and theoretical-numerical methods were employed 
to determine the strength of riveted joints. In the initial phase, test specimens were 
prepared based on literature reviews and manufacturer data. To accurately reflect 
the moment effect observed in real-world applications, stress distributions were 
examined using finite element analysis (ANSYS) in addition to experimental tests. 

Subsequently, the experimental data were compared with the finite element analysis 
results, and once it was confirmed that the error margin remained within the limits 
reported in the literature, further analyses were carried out using ANSYS models. 

Initially, 20 different datasets containing maximum shear stress results were 
obtained using the structural analysis module. These datasets were then used to train 
a machine learning model (Regression Decision Tree) developed in the MATLAB 
environment. 

Following this, a sample not included in the dataset was compared, using both the 
ANSYS simulation and the machine learning model. Afterward, an additional 30 
datasets were generated, and the model’s performance was tested again on samples 
outside the dataset. 

Thus, this work aims to develop a very accurate prediction approach for riveted 
joint strength. 

2.1 Material 
In this study, steel-riveted plates were used for the experiments. Considering real 
field conditions and the capacity of the testing device, a total of 10 test specimens 
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with the same type and properties were prepared [31] [32]. The prepared test 
specimens were designed to be compatible with the tensile testing device, with a 
width of 100 mm and a length of 150 mm. 

For the specimens, 5 mm thick ST 37 plates were used, and steel rivets with a 
diameter of 4.8 mm and a length of 20 mm were employed for the connections.  
The plate surfaces were cleaned using the Sa 1 Light Blasting method according to 
the EN ISO 8501-1:2007 [30] standard, then primed and painted with black paint. 
The test specimens are shown in Figure 1, and the material properties are presented 
in Table 1 [33] [34]. 

 
Figure 1 

Specimen [33] 

Table 1 
Material properties [34] 

No Description Dimension Piece  Material Yield Strength (MPa) 
1 Plate 5×100×150 2 ST 37 235 
2 Rivet 4.8x20 2 Carbon Steel 160 

2.2 Method 
In this study, both experimental and numerical procedures were carried out in a 
structured manner to investigate the mechanical behavior of riveted joints. The 
methodology has been fully reorganized to provide clear, reproducible, and well-
documented steps, covering the experimental setup, finite element modeling, and 
the development of the MATLAB-based machine learning model. 

The materials used in the experiments consisted of ST37 steel plates with a 
thickness of 5 mm and carbon-steel rivets with a diameter of 4.8 mm. All plates 
were prepared following EN ISO 8501-1:2007 using Sa 1 Light Blasting, primed, 
coated, and left to dry for 24 hours to ensure consistent surface conditions. Handling 
procedures were standardized to avoid contamination. 
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Tensile tests were conducted using an Instron 5569 universal testing machine.  
The most used international standards for tensile testing of metal materials are ISO 
6892-1:2016 and ASTM E8:2016 [33]. To comply with ISO 6892-1:2016, the 
environmental conditions were strictly controlled at 23 ±2°C and 45-55% relative 
humidity, and the strain rate was set to 2 mm/min (Method A). Prior to testing, the 
machine calibration was performed in accordance with manufacturer guidelines. 
Each specimen was aligned through a centering fixture, and the gripping rods 
welded to the plates ensured consistent loading and prevented slippage. The tensile 
load was applied until complete shear failure of the rivets, and force–displacement 
data were recorded at 10 Hz. 

Finite element models can be used to validate the suitability of these methods by 
examining the static behavior of connection elements [28] [35]. Among the software 
tools utilizing these methods, the ANSYS program enables the numerical analysis 
of shell elements in terms of buckling and shear loads [36]. This allows 
experimental investigations to be examined in a numerical context. Studies 
examining experimental tests and numerical simulation approaches for blind rivet 
connections are also available [37]. 

The numerical analysis was performed using Ansys R19.2 academical. A full 3D 
solid model of the riveted joint was created using Solidworks academical version  
elements. Contact interactions were defined using hard normal contact and penalty 
friction (μ = 0.25), and the boundary conditions were applied to reflect real-world 
eccentric loading that induces bending moments. The model consisted of 8189 
elements and 41453 nodes. 

To enhance transparency and numerical reliability, a mesh convergence study was 
performed using 5 mm, 3 mm, and 2 mm mesh sizes. The difference in maximum 
shear stress between the 3 mm and 2 mm meshes remained below 2%, confirming 
that the simulation results had reached mesh-independent (converged) values. 
Therefore, all FEM simulations were executed using a 3 mm Sweep Mesh, which 
provided an optimal balance of computational efficiency and accuracy. 

Furthermore, a sensitivity analysis involving variations in friction coefficient (μ = 
0.15-0.35), applied load (±10%), and boundary stiffness (±20%) demonstrated that 
the maximum shear stress changed by less than 3.1%, indicating that the numerical 
model is stable and robust under perturbations in key parameters. 

A parametric finite element model was used to generate datasets representing 
different rivet diameters, plate thicknesses, hole coordinates, and tensile loads. 
Initially, 20 samples were generated and later expanded to 50, to improve predictive 
performance. 

Machine learning analysis was carried out using MATLAB’s Regression Decision 
Tree function (fitrtree). The dataset was divided using an 80/20 train-test split, and 
a fixed random seed (42) was used for reproducibility. Model performance was 
evaluated using MSE, RMSE, and R² metrics. Two unseen configurations were used 
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to compare MATLAB predictions with ANSYS results, yielding deviations of 
2.50% (20 samples) and 0.82% (50 samples), respectively. 

Through these revisions, the methodology now provides a complete, step-by-step 
description of experimental, numerical, and computational procedures, ensuring 
that the study can be fully reproduced by other researchers. 

3 Results and Discussion 

3.1 Tensile Test 
Tensile strength tests were conducted to investigate the tensile performance of 
rivets. Additionally, there are studies that analyze the tensile process using the finite 
element method, compare the results with test data, and achieve significant 
compatibility [28]. 

Before starting the stress analysis, it is necessary to examine the loads applied to 
the connecting elements. Tensile tests were applied individually to the rivet-
connected test specimens. Although the test specimens were geometrically identical 
prior to the tensile tests, differences were observed in their behavior. 

Some specimens exhibited significant elongation and fracture under low tensile 
forces, while others displayed noticeable bending. A summary of the test results is 
presented in Table 2. 

Table 2 
Tensile test result summary 

Rivet Diameter Plate Dimensions  Specimen Name Tensile stress (MPa) 
4.80 5×100×150 Specimen 1 73.962 
4.80 5×100×150 Specimen 2 56.589 
4.80 5×100×150 Specimen 3 81.501 
4.80 5×100×150 Specimen 4 55.291 
4.80 5×100×150 Specimen 5 92.851 
4.80 5×100×150 Specimen 6 82.765 
4.80 5×100×150 Specimen 7 79.213 
4.80 5×100×150 Specimen 8 78.582 
4.80 5×100×150 Specimen 9 71.465 
4.80 5×100×150 Specimen 10 88.164 

The average of the results is found to be 76.0383 MPa, and this value is planned to 
be used in all calculations. Before the experiments, the calibration of the testing 
device was completed, and during the experiments, the device's settings and control 
mechanisms were meticulously examined to prevent potential errors. 
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Additionally, regression analysis was performed to evaluate unexpected stress 
distributions and factors that could influence the results during the experiments. 

The analysis was conducted by considering the data up to the maximum stress level 
that a single rivet could withstand before failure. The regression analysis curve 
demonstrated a high level of compatibility between the Tensile Stress - Tensile 
Strain values obtained from the experiment. 

The compatibility ratios were determined as 97.20%, 99.30%, 99.60%, 95.80%, 
99.50%, 98.91%, 98.70%, 98.66%, 98.25% and 99.23%, respectively. These values 
indicate that the Tensile Stress - Tensile Strain values are consistent with each other 
at the specified levels. 

3.2 Finite Element Analysis 
In traditional rivet stress calculations, the shear force is applied by dividing it by the 
cross-sectional area of the rivet. However, considering the existing studies and the 
experiments conducted on rivets, it has been observed that the plates carrying the 
rivets are mostly subjected to oblique tensile loading. 

This indicates that the rivets are exposed not only to shear force but also to a bending 
moment. Since this situation is expected to cause a discrepancy between the finite 
element analysis and laboratory experiments, finite element analysis was conducted 
after performing these calculations. 

When a tensile load is applied to the plates, it is assumed that this load generates 
stress within the plane of the tensile axis [38], and calculations are made based on 
this assumption. However, it is well-known, that this is not entirely accurate in 
tensile tests and real loading conditions [39]. 

Due to the off-center application of the tensile load, the plates are forced to bend, 
resulting in the formation of a moment. A literature review has revealed studies 
pointing to the improvement of connector geometry and the formation of moments 
when loads are applied eccentrically [40-43]. However, no study has been found 
that explains or formulates these findings with additional equations. 

Additionally, there are studies suggesting that the load applied to the connectors is 
not necessarily proportional to the number of connectors. These studies modeled 
the load on the connectors and compared the results with experimental data [44]. It 
should be emphasized that this situation arises from the inability to apply purely 
axial tensile force. 

When calculating the shear load on the bolts, including the stresses caused by this 
moment in the calculations provide more accurate results. The bending moment 
occurs at a certain angle within the cross-sectional plane. The plate model under 
moment loading is shown in Figure 2. 
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Figure 2 

The specimen model under tensile testing 

When the angle in the direction of the tensile force is denoted as α, two forces are 
generated on the plates: one horizontal (Fx) and one vertical (Fy). The moments 
produced by these two forces lie in the same plane, but their directions are opposite 
to each other. 

The angle α formed within the cross-sectional plane, as well as the vertical force Fy 
and the horizontal force Fx, are expressed by the following equations: 

𝛼𝛼 = 𝑡𝑡𝑡𝑡𝑡𝑡 ¯¹ 𝑙𝑙2 /𝑙𝑙1  (1) 

𝐹𝐹𝑥𝑥 =  𝐹𝐹𝑡𝑡  sinα  (2) 

𝐹𝐹𝑦𝑦 =  𝐹𝐹𝑡𝑡   cos α  (3) 

The rivet moments Mx and My are given by the equations below: the distance of Fy 
to the pivot point is l1, the distance of Fx to the pivot point is l2, the vertical force is 
Fy, and the horizontal force created by these forces is Fx. 

𝑀𝑀𝑥𝑥 =  𝐹𝐹𝑥𝑥  𝑙𝑙1   (4) 

𝑀𝑀𝑦𝑦 =  𝐹𝐹𝑦𝑦 𝑙𝑙2   (5) 

𝑀𝑀𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑀𝑀𝑦𝑦 −𝑀𝑀𝑥𝑥  (6) 

Here, F = 2670.10 N, Fx = 159.74 N, Fy = 2665.31 N, l1 = 150 mm, l2 = 7 mm, Mx 
= 23961 N.mm, My = 18657.17 N and Mnet = 5303 N.mm 

The moment of inertia I in the moment direction, the plate thickness h, the plate 
width g, and the tensile-compression stress St/c due to Mnet are given below. 

𝐼𝐼 = ℎ 𝑔𝑔3 /12 (7) 
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S𝑡𝑡/𝑐𝑐 = 𝑀𝑀𝑛𝑛𝑛𝑛𝑛𝑛 𝑦𝑦𝑚𝑚𝑚𝑚𝑚𝑚  /𝐼𝐼 (8) 

Here, as h =5 mm, g = 100 mm, the moment of inertia of the plate in the moment 
direction is calculated as I=1041.67 mm4, ymax = 2.5 mm and St/c = 12.73 MPa.  

Considering the bending moment occurring in the plates and the resulting neutral 
axis, tensile-compressive stress is generated within the plate. As a result of this 
tensile-compressive stress, an additional virtual shear force acting in the opposite 
direction of the rivet will be produced. 

It is observed that the sum of this virtual shear force and the shear forces generated 
in the plate during tensile loading is equal to the actual active shear stress that breaks 
the rivets. To calculate this virtual shear force, it is necessary to determine the 
surface area of the rivet related to the crushing region, rather than the shear area. 

Thus, the complex stress state occurring in the rivet joint can be modeled more 
accurately. 

The crush area Acr and the virtual shear force Fim are shown by the following 
equation: 

 𝐴𝐴𝑐𝑐𝑐𝑐 = ℎ 𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟    (9) 

 𝐹𝐹𝑖𝑖𝑖𝑖 = 𝑆𝑆𝑡𝑡/𝑐𝑐   𝐴𝐴𝑐𝑐𝑐𝑐    (10) 

Here, H = 5 mm, Driv = 4.80 mm, and St/c = 12.73 MPa, Acr = 24 mm2 and Fim = 
305.52 N 

The virtual force is found to be Fim=305.52 N, which corresponds to 1.14% of the 
force applied to the plate, Ft=2670.10 N. This ratio is significant enough to be 
considered and cannot be neglected. 

In this case, the total shear force acting vertically on the experimental plate under 
real conditions can be determined by adding these two forces. The equation is 
shown below. 

 𝐹𝐹𝑠𝑠ℎ = 𝐹𝐹𝑦𝑦 + 𝐹𝐹𝑖𝑖𝑖𝑖   (11) 

Here, since Fy=2665.31N and Fim= 305.52 N, the total shear force is calculated as 
Fsh=2970.50 N.  Additionally, it was previously found that Fx=159.74 N. 

As can be seen, the test plates in the real case are not only subjected to the tensile 
force FT=2670.10 but also experience additional forces due to the moment effect. 
The studies reveal that the test plates are actually exposed to a vertical shear force 
of 2970.50 N and a horizontal force of 159.74 N. 

Since this situation creates similar conditions to real field scenarios, it is 
recommended that readers and designers take this aspect into account. 

The forces obtained from experimental tests and calculations were utilized for finite 
element analysis performed using the ANSYS R19.2 program, as well as for 
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analytical calculations to carry out the intended studies. The force definition is 
presented in Figure 3.a. 

The contact between the plates was defined as surface-to-surface contact. Similarly, 
the connection between the plate and the rivet was also specified as surface-to-
surface contact. Furthermore, for surface-to-surface contact, the tangential behavior 
was defined as penalty friction, and the normal behavior was defined as hard 
contact. 

The analysis employed a total of 8189 finite elements and 41453 nodes. The mesh 
size was determined as 3 mm using the Sweep Meshing technique. The mesh 
analysis is described in Figure 3.b. Subsequently, the problem was solved using the 
Maximum Shear Stress criterion. The finite element model is shown in Figure 3.c. 

 
Figure 3 

Maximum shear analysis 

Analysis Result a) Force- Boundary Conditions b) Mesh Element Quality c) Maximum Shear Stress 

As a result, the maximum shear stress obtained from the finite element analysis was 
found to be 78.875 MPa. The ratio between the finite element analysis result and 
the average experimental result from Table 2 (76.0383 MPa) was determined to be 
1.037. 

https://tureng.com/tr/turkce-ingilizce/boundary%20conditions
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Similarly, when examining studies in literature, it is observed that ratios between 
experimental results and finite element analysis results are reported. For instance, 
Guo et al. [31] found this ratio to be 1.77, Tanriver and Ay [38] reported it as 1.003, 
and Nguyen et al. [39] obtained a ratio of 1.02. The value obtained in this study falls 
within the range of values observed in the existing literature. 

3.3 Modelling and Data set for Machine Learning 

3.3.1 Modelling 

After confirming the reliability of the finite element analysis with a ratio of 1.037 
compared to the literature, it was decided to generate data for machine learning. For 
this purpose, a model was created in the Ansys Static Structural module to perform 
maximum shear analysis on a design subjected to loading without generating a 
moment in a flat configuration. 

To determine the Max. Shear Stress result, a model was constructed by joining two 
plates of dimensions 2x1150x300 with four rivets of 2.40 mm. The model details 
are presented in Table 3, and the model design is illustrated in Figure 4. 

Table 3  
Model Design Information 

 
Thus, a machine learning model was designed to predict the maximum shear stress 
value of riveted joints using this model. The dataset was generated from ANSYS 
simulation results, which were validated by comparison with both experimental 
results and literature. 

 
Figure 4 

Model Design Information 

Here, PlateThickness represents the plate thickness (mm), RivetDiameter denotes 
the rivet diameter (mm), and x1, y1, x2, y2, x3, y3, x4, y4 indicate the rivet coordinates 
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(mm). Ft refers to the applied tensile force (N), while Max Shear Stress is the target 
variable measured in ANSYS (MPa). 

The flowchart shown in Figure 5 illustrates the step-by-step prediction process of 
riveted joint shear stress using machine learning. The process begins with data 
collection for riveted joint stress analysis (Step 1), followed by feature-target 
selection (Step 2) and splitting the data into training and testing sets (Step 3). Next, 
a decision tree model is trained (Step 4) and evaluated (Step 5). If the performance 
is satisfactory, new data can be predicted (Step 6). Otherwise, hyperparameter 
tuning or additional data collection is required to improve the model. 

 
Figure 5 

Machine learning flowchart for rivet joint stress analysis 

As shown in the flowchart, a table containing the ANSYS results is first created. 
Then, the model training and testing performance are measured. Finally, a new 
configuration not included in the table is entered to quickly predict the “Max Shear 
Stress” value. 

The dataset is planned to include 20 rows of sample input data, with 80% allocated 
for training and 20% for testing. The model will utilize MATLAB's Regression 
Decision Tree function (fitrtree). The model's accuracy will be assessed using 
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performance metrics such as Mean Squared Error (MSE), Root Mean Squared Error 
(RMSE), and R² to evaluate its effectiveness. 

3.3.2 Generating a Data Set and Predicting Results 

The model was assigned a 4 mm mesh sizing and a 2 mm resolution mesh. A total 
of 46648 nodes and 8451 elements were defined for this model. To define the 
boundary conditions, fixed support was applied, and a tensile force of 3200 N was 
introduced. The mesh element quality analysis of the model is shown in Figure 6.a, 
while the boundary conditions are illustrated in Figure 6.b. 

 
Figure 6 

Design specifications a) Element Quality b) Boundary conditions 

Subsequently, total deformation and maximum shear stress analyses were 
performed on the model. The results of these analyses are presented in Figure 7. 

 
Figure 7 

Analysis Result a) Total Deformation b) Maximum Shear Stress 

According to the analysis, the maximum total deformation was found to be 0.12166 
mm, and the maximum shear stress was calculated as 5.3280 MPa. Therefore, it was 
planned to create a dataset for machine learning. Based on the model described 

https://tureng.com/tr/turkce-ingilizce/design%20specifications
https://tureng.com/tr/turkce-ingilizce/boundary%20conditions
https://tureng.com/tr/turkce-ingilizce/boundary%20conditions


Acta Polytechnica Hungarica Vol. 23, No. 3, 2026 

‒ 65 ‒ 

above, 20 maximum shear stress analyses were performed by varying plate 
thicknesses, rivet diameters, rivet positions, and tensile loads while keeping the 
plate width and length constant. The results are presented in Table 4. 

Table 4 
Data set 

 
After training the initial dataset of 20 entries in the machine learning model in 
MATLAB, a new model, which was not part of the original dataset, was analyzed 
using finite element analysis in the ANSYS program. Then, the results were 



K. Tanriver et al. An Integrated Machine Learning Approach for Enhanced Strength Prediction in Riveted Joints 

‒ 66 ‒ 

predicted using the machine learning model in MATLAB. The ANSYS Maximum 
Shear Stress analysis results are shown in Figure 8.a, and the MATLAB model 
prediction results are displayed in Figure 8.b. 

 

 
Figure 8 

Maximum Shear Analysis Result for first 20 Data 

a) Finite Element (Ansys)      b) Prediction of result (MATLAB-Machine Learning) 

According to the results, the Maximum Shear Stress value obtained from the 
ANSYS program for the new model is 7.291 MPa. The machine learning prediction 
in MATLAB estimated the value to be approximately 7.480 MPa. The difference 
between these two results is 0.189 MPa, indicating a deviation of 2.5%. This 
deviation is found to be consistent with the literature [45] [46]. 

To enhance the model's capability and prediction accuracy, an additional 30 
maximum shear stress analyses were performed by varying plate thicknesses, rivet 
diameters, rivet positions, and tensile loads. The expanded dataset, which includes 
the new inputs and results prepared in ANSYS, is presented in Table 5. 
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Table5 
Data set 
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In the MATLAB program, the machine learning model was trained with a total 
dataset of 50 entries. Subsequently, a new model, which was not part of the dataset, 
was analyzed using finite element analysis in the ANSYS program. The results were 
then predicted using the machine learning model in MATLAB. The ANSYS 
Maximum Shear Stress analysis results are displayed in Figure 9.a, while the 
MATLAB model prediction results are shown in Figure 9.b. 

 
Figure 9 

Maximum Shear Analysis Result for 50 Data 

a) Finite Element (Ansys)       b) Prediction of result (MATLAB-Machine Learning) 
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For the model trained with a dataset of 50 entries, the Maximum Shear Stress value 
for a sample not included in the dataset was found to be 4.2981 MPa using the 
ANSYS program. The machine learning prediction in MATLAB estimated this 
value to be approximately 4.263 MPa. The difference between these two results was 
calculated as 0.0351 MPa, resulting in a deviation of 0.82%. This deviation is 
consistent with the literature [45] [46]. 

Thus, it is evident that when the dataset is increased from 20 to 50 entries, the 
prediction accuracy improves significantly. 

3.4 Error Analysis 
An error analysis is necessary to enhance the understanding of the studies presented 
in this manuscript. The error rates can be determined using the following equations. 

Total Error (%) = Targeted result-Calculated result
Targeted result

      (12) 

Based on this equation, an error analysis was conducted to evaluate the uncertainties 
in the experimental and simulation results. According to the analysis, the 
comparison of simulation results with experimental data and a summary of the total 
error rate are presented in Table 6. 

Table 6 
Total Error 

No Parameter Targeted 
Result (MPa) 

Calculated 
Result (MPa) 

Total 
Error (%) 

1 Experimental Result- Finite Element 
Result (Ansys) 76.0383 78.875 -3.73 

2 
Finite Element Result (Ansys) - Prediction 
of result (MATLAB-Machine Learning) 

for First 20 Data Set 
7.291 7.48 -2.59 

3 
Finite Element Result (Ansys) - Prediction 
of result (MATLAB-Machine Learning) 

for 50 Data Set 
4.2981 4.263 0.82 

When the results listed as number 1 in the table are compared with the literature 
[31, 38, 39], they are found to be consistent. Similarly, the results listed as numbers 
2 and 3 are in agreement with the literature [45] [46]. 

Conclusions 

In this study, a comprehensive investigation was conducted by integrating 
experimental analysis, finite element analysis and machine learning methodologies 
to predict the maximum shear stress in riveted joints. Initially, tensile tests were 
performed on 10 specimens, and the average stress obtained from these samples 
was measured as 76.0383 MPa. To evaluate the compatibility of the experimental 
results, regression analysis was conducted, revealing correlations of 97.20%, 
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99.30%, 99.60%, 95.80%, 99.50%, 98.91%, 98.70%, 98.66%, 98.25% and 99.23%, 
between tensile stress and tensile elongation values, respectively. 

Taking into account the effects encountered under real field conditions and during 
tensile testing, the forces applied to the plates were calculated mathematically.  
The findings indicate that the test plates are subjected not only to the 2670.10 N 
force from the experimental setup but also to a vertical shear force of 2970.50 N 
and a horizontal force of 159.74 N. These results demonstrate that the plates are 
exposed to not only tensile force but also moment effects arising from eccentric 
loading. 

Considering these calculated forces, the Maximum Shear Stress obtained from the 
Finite Element Analysis conducted using the Ansys R19.2 Structural Analysis 
module was found to be 78.875 MPa. The ratio between the experimental average 
result (76.0383 MPa) and the FEA result was determined to be 1.037, which is 
considered acceptable, according to studies in the literature. 

After confirming that the finite element method is at an acceptable level, shear stress 
analysis was performed using the Ansys structural analysis module to generate 
datasets. In this context, a dataset consisting of 20 samples was created by 
considering different rivet diameters, plate thicknesses, hole coordinates, and 
tensile loads. This dataset was then used as input for a Regression Decision Tree 
(fitrtree) model trained in the MATLAB environment. When the model was 
presented with a design that it had not previously seen, the maximum shear stress 
obtained from the Ansys analysis was 7.291 MPa, while the machine learning model 
predicted a maximum shear stress of 7.480 MPa and a deviation of 2.50%. 

Furthermore, to enhance the model's accuracy, the dataset was expanded by adding 
30 additional samples, bringing the total to 50 samples. Similarly, for a new design, 
the maximum shear stress obtained from the Ansys analysis was 4.2981 MPa, while 
the machine learning model predicted a maximum shear stress of 4.263 MPa. This 
corresponds to an error margin of only 0.82%. When all findings are evaluated: 

• As the number of data points increases, the generalization capability and 
accuracy of the machine learning model significantly improve. 

• The error between the experimental results and the Ansys analysis is within 
the acceptable range established in the literature. 

• While the machine learning model initially exhibited a deviation of 2.50%, 
this deviation was reduced to 0.82% with the addition of more data. 

• Thus, maximum shear stress prediction can be easily achieved using a 
machine learning algorithm in the riveted plate model without relying on 
experimental methods or finite element analysis. 

• This approach is expected to provide designers with a significant speed 
advantage by eliminating the need for time-consuming and complex studies. 
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The approach presented in this study offers both fast and highly accurate predictive 
capabilities. Unlike traditional methods based solely on classical shear approaches, 
this methodology takes into account details such as moment effects, leading to more 
reliable and realistic results in the design of riveted joints. This approach can be 
further improved by using larger datasets or different machine learning algorithms 
for future studies and can be effectively applied in both academic research and 
industrial applications. 

In future studies, the numerical and experimental framework will be expanded to 
incorporate material anisotropy, geometric nonlinearity and fatigue behavior, which 
can significantly influence the reliability of riveted joints under real operating 
conditions. Advanced material models such as elastic plastic or orthotropic 
formulations along with a more detailed representation of local plastic deformation 
and contact interactions around the rivet zone will be implemented to improve the 
accuracy of the finite element analysis. 

Additionally, long-term experimental investigations considering various loading 
scenarios, repeated impact effects, and environmental factors (temperature, 
humidity, corrosion) are planned to evaluate their influence on joint integrity. The 
insights gained from these extended analyses are expected to enhance model fidelity 
and support the development of more robust and durable riveted joint designs. 
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