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Predicting Tensile Strength of Spliced and Non-spliced Steel Bars
Using Machine Learning- and Regression-based Methods

Abstract

Mechanical properties of steel reinforcement bars, which have a critical effect in the overall
performance of reinforced concrete (RC) structures, should be reported and assessed before being
used in structural elements. Determining bars’ properties could be time-consuming and expensive
specifically in the case of incorporating splices. Therefore, this study aims to predict tensile
strength of bars using machine learning-based methods including nonlinear regression, ridge
regression and artificial neural network. To this end, a comprehensive dataset including over 200
tests on non-spliced and spliced steel bars by mechanical couplers was collected from the available
peer reviewed international publications. Bar size, splice method, steel grade, temperature and
splice characteristics (length and outer diameter of couplers) were the input parameters considered
for predicting tensile strength. The efficiency of the models was evaluated through Taylor diagram
and common performance metrics namely coefficient of determination (R?), root mean square
error (RMSE), mean absolute error (MAE) and mean absolute percentage error (MAPE). The
results demonstrated that the predicted values agreed well with the actual values reported in the
experimental studies used for collecting the dataset. A parametric study was also conducted in
order to examine the influence of coupler length, coupler outer diameter and temperature on the
tensile strength of spliced bars. Based on the parametric study results, three different equations
were suggested for calculating tensile strength of spliced bars using the mentioned parameters.
The outcomes of this study can assist practitioners to effectively and accurately estimate tensile
strength of spliced steel bars in reinforced concrete structures without the need to carry out
expensive and timely physical tests.

Keywords: steel bars, tensile strength, machine learning, ANN, nonlinear regression, ridge
regression.



1. Introduction

One of the most critical issues in reinforced concrete (RC) elements is bar splicing which could
affect the overall behavior of structures under static and dynamic loads. Splicing methods
introduced and investigated up to now could be categorized in three main groups: mechanical,
welded and lap splices, each of which has advantages and drawbacks [1, 2].

Lap splice methods are known as the simplest splice type and could be classified as contact and
non-contact [2-4]. The drawbacks of this method are: (i) bar congestion in the region of splice, (ii)
being impractical for connecting existing bars and new bars, and (iii) reducing the strength or
displacement capacity when they are located in the regions with inelastic deformations [5, 6].

Due to above-mentioned drawbacks, alternative splicing methods (commonly referred to
mechanical bar splices) are used which could be classified into: shear-screw couplers, headed bar
couplers, grouted sleeve couplers, threaded couplers and swaged couplers [7, 8]. In a mechanically
spliced bar, tensile stress is transferred from one bar to the other one through the coupler and its
components: in the threaded, shear screw, headed bar, swaged and grouted sleeve couplers the
stress is transferred through the threads’ interlock, bar surface-screws friction, male/female steel
parts at the end of bars, bar’s ribs and deformed sleeve friction, and the grout, respectively [9]. The
benefits of incorporating mechanical methods are: fast application, being environmentally
friendly, and acceptable performance. The reliable results of couplers have motivated researchers
to evaluate their influence on the structures’ performance [1, 7, 8, 10-14].

Tensile strength of spliced reinforcement bars should be taken into account for evaluating their
performance [15]. In the grouted sleeve connections, tensile strength capacity of bars, the bond
capacity between the bar and the grout, and the tensile capacity of the threaded connections (if
any) are the most effective parameters for determining tensile strength of the spliced bars [16]. In
the grouted head-splice sleeves the ultimate strength is slightly dependent on the ratio of head
diameter to bar diameter [17]. Sleeve thickness is the other parameter which can affect the stress-
strain behavior of mechanically spliced bars [18]. Based on the results of previous studies, it is
proved that increasing sleeve thickness could improve confinement and bond interaction between
grout and bar in a splice [18, 19]. Other significant parameters which can change the grouted-
sleeve connections could be grout-sleeve bond and configuration of the splice [20]. Parametric
studies have proven that increasing the sleeve length could enhance the performance of RC
elements, however, the length should meet the limitations suggested by researchers [8, 21]. As far
as sleeve dimensions are concerned, the diameter of sleeves should be as small as possible.
Otherwise stated, the smaller the sleeve length is, the higher the tensile capacity will be. This is
due to confinement increase which leads to improvement in bond strength. A range of 6-8 times
of the bar diameter is also recommended for bar embedded length [22]. Several models and



equations have been proposed in experimental and numerical studies for predicting the mechanical
properties of grouted sleeve connections [16, 17, 20, 23, 24].

Length, thickness and rigidity are the parameters which significantly affect the performance of
other coupler types such as threaded, shear-screw and headed bar couplers. The maximum length
of 15 times of the bar diameter is suggested for coupler length. Long couplers could decrease
seismic parameters such as ductility or deformation capacity of RC elements. Briefly, slender and
rigid couplers are not recommended to be incorporated in RC elements due to their inappropriate
influence on seismic performance of structures [8, 25-27].

Splicing steel bars using welding-based methods (i.e., head-to-head, along bars and gas pressure
welding) have also been investigated in several studies. According to the studies’ conclusions,
these types of splices could lead to satisfactory and efficient results in terms of both rebar tensile
strength and seismic performance of RC elements [28-31].

In the last few decades, the application of artificial intelligence (AI) for predicting engineering
parameters has been increasing because of their acceptable ability of prediction [32, 33]. In
structural engineering, as an example, many studies have carried out to (i) predict mechanical
properties of material like concrete and steel [34-40], (ii) predict load capacity or failure mode [31,
33, 41-46], (iii) the performance of structures under fire conditions [47-49], (iv) mechanical
properties of corroded steel elements [50, 51] and (v) monitor structural health [52, 53].

Chou et al. combined a Taguchi Particle Swarm Optimization (TPSO) with a three-layer artificial
neural network (ANN) to model ten mechanical components of steel bars and their relationship to
quality evaluation criteria. Tensile strength and yield point of steel bars were their predicted values
which agreed well with experimental values [54]. The bond strength between GFRP bars and
concrete was predicted using a neuro-fuzzy inference system and ANN by Alizadeh et al. Their
predicted values were compared to the values obtained by the equation available in ACI 440.1R-
15 [55] and CSAS806-12 [56] and it was observed that the proposed model led to more accurate
results in comparison to the values obtained by the above-mentioned equations [38]. According to
the outcomes of Golafshani et al. study on predicting bond-strength of spliced bars in concrete,
ANN method could be slightly more accurate than fuzzy logic (FL). Both of them, however, had
appropriate and reliable prediction capacity with acceptable errors (R’= 99.5% and 99.45% for
ANN and FL, respectively) [57]. Another ANN model was also provided by Koroglu to predict
the flexural bond strength of FRP bars in concrete [58]. Abdalla and Hawileh proposed a model
for predicting fatigue life of steel bars. Based on the parametric study conducted in their research,
stain ratio and maximum strain affect fatigue life of reinforcement bars notably [59-61].

2. Research significant

Mechanical properties of reinforcement bars should be necessarily determined for either real
constructions or laboratory examinations in order to assess their quality. Tensile strength of
reinforcement bars has undoubtedly a critical role in RC structural design because of its undeniable
influence on the response of structures under dynamic loads. The tests carried out for this purpose
(e.g., tensile strength test), however, are sometime time-consuming and costly particularly when



different types of spliced bars are used. As a result, machine learning-based methods could be a
reliable solution for predicting the tensile strength of non-spliced or spliced bars.

To the knowledge of the authors, no researches have been done on determining steel bars’
properties by machine learning (ML) methods so far. Hence, in the present study an attempt has
been made to propose a model for predicting tensile strength of reinforcement steel bars using
three ML-based models: nonlinear regression, ridge regression and ANN. Five input parameters
affecting the tensile strength remarkably were considered for proposing the prediction models: bar
size, splice methods, steel grade, temperature and splice characteristics including length and outer
diameter of a coupler. A parametric study is also conducted in order to realize the relation between
length and outer diameter of a coupler, and temperature on the tensile strength of spliced bars.

3. Collected database

For training and testing purpose of the developed ML-based framework, over 200 experimental
datasets on the tensile strength of steel bars were gathered from the available literature. It is worth
noting that in order to collect a high-accuracy database, internationally peer-reviewed papers and
reports are selected [11, 13, 24, 62-68]. Table 1 gives information about the datasets used in this
study.

Table 1. Summary of the datasets
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[11] | 3 1 00| 0| 0] 2| 0| 60252-643.25
[13] | 3 0|0 0]|0]| 210 653-674
Ray | 1211210 00| 0| 0|0 569-768
[62 | 61 | 16 | 9| 9| 9| 9| 9 | 0 | 555.72-901.14
631|124 6 | O] 0| 0| 0|18 0 480-768
[641 | 18 | 9 | 3 | 3 | 0| 0| 0 | 3 | 646.04-730.84
[65] | 4 21010121000 520-660
[66] | 16 | 2 | O | 14| 0 | 0 | 0 | 0 | 734.29-760.49
[671 | 2 2101010000 655-758
[68] | 84 | 84| 0| 0| 0| 0| 0| 0 559-889.42
Sum. | 227|135 12|26 | 11| 9 | 31| 3 480-901.14

Tensile strength of spliced or non-spliced bars could be measured by a displacement control
examination according to ASTM ES8 [69]. A bar is firstly marked in two pints for measuring its
elongation after tensile test. Then, it is placed in the tensile test machine and incremental
displacement is applied to one end of the bar until the sample fails. This process is depicted in Fig.



1. As reported in Table 1, the range of tensile strength of the collected data is 480-901.14 MPa. It
should be also stated that 135 out of 227 collected datasets are non-spliced (%59) while other tests
(%41) were carried out on spliced bars with different splice methods including headed bar,
grouted, shear-screw, tapper threaded, threaded and swaged couplers. The mentioned methods are
demonstrated in Fig. 2. It is worth explaining that although splice methods incorporated in the
collected database are not the same, they all meet the required criteria of the design Codes (e.g.,
ACI318-19 [70] and UBC1997 [71]) regarding mechanical splice methods: spliced bars, should
provide 1.25f, of a non-spliced bar in tension and compression. The splice technique is not
specified by the Codes and the mentioned provision should be considered for any type of
mechanical splice.

(a) (b)
Figure 1. Tensile test setup of a bar spliced by threaded coupler: (a) before failure, (b) afterJfailurd
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(d) (e) 0]
Figure 2. Different splice methods considered in this study: (a) headed bar, (b) Grouted, (c) shear-screw, (d) Taper threaded, (e)
threaded and (f) Swaged kouplersl
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As noted before, various factors could affect tensile strength of steel bars. In this study, the
parameters which have the highest impact are considered as input variables. In order to consider
the influence of coupler dimensions in the prediction models, their length and outer diameter are
used as two input variables in the ML-based models. Temperature is also claimed to be a
significantly effective parameter on tensile strength of steel bars [63]. Six different temperatures
were considered in the collected dataset for testing steel bars: 20°, 25°, 100°, 300°, 400° and 500°
C. A series of bar sizes in the range of 12-32 mm (bar diameter) were taken into consideration in
the dataset. The reason of choosing the mentioned sizes is that they are known as the most common
sizes utilized in construction. It has been tried to include both spliced and non-spliced type for
each bar size in the selected database. Seven different steel grades were also considered as the
sixth input parameter: ASTM 615 grade 60, ASTM 615 grade 75, DS00E, HBR400, HBR500,
S400 and S500. Overall, the collected test samples are different in terms of coupler type, coupler
length, coupler outer diameter, bar diameter, steel grade and temperature, and they all have met
the Codes requirement regarding mechanical splice methods (providing /.25, of non-spliced bar
in tension and compression).

Table 2 summarizes the above-mentioned explanations regarding the database by providing
statistical parameters including minimum, maximum, mean, variance and standard deviation. The
distribution of the parameters considered as input are also depicted in Fig. 3.

Table 2. Statistical properties of the input and output parameters used for the prediction model.

Min. Manx. Mean Variance STD
Bar size (mm) 12.00 32.00 24.21 54.49 7.38
Coupler length (mm) 40 490.54 | 88.07 | 20096.70 | 141.76
Coupler outer diameter (mm) 7.29 64.00 17.60 535.80 23.15
Temperature 20.00 | 500.00 | 46.28 7429.56 86.19
Tensile strength (MPa) 480.00 | 901.14 | 692.35 7255.71 85.18
20 o “
T par diameter mm) LR emprature @ * Coupter tengt mm)

(a) (b) ©
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In order to figure out the correlations between input and output parameters, the Pearson correlation
matrix is provided in Table 3. It should be mentioned that Pearson correlation coefficient is the
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Figure 3. Distribution of the input parameters: (a)bar diameter, (b) temperature, (c) coupler length, (d) outer diameter of
coupler, (e) splice type and (f) steel grade.
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covariance of the two variables divided by the product of their standard deviations. Large

coefficients show higher linear correlation between two variables, while low coefficients stand for

either less linear correlation or independency of them. As expected, steel grade (0.63) and bar size
(0.60) are the most effective parameters while splicing method (0.08) has the lowest influence on
the output. Coupler characteristics are also effective parameters on tensile strength with correlation

of about 0.3.
Table 3. Correlation matrix of the variable parameters
Input variables Output
B
~
<
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]
Splice method 1.00
5 Steel grade 0.31 1.00
s . -
.§ Bar size (mm) 0.13 0.66 1.00
~ -
§ Coupler length (mm) 0.59 0.54 0.35 | 1.00
~ -
Coupler outer diameter (mm) 0.75 0.63 0.38 | 0.81 | 1.00
Temperature (C) 0.25 | 0.25 | -0.19 | 0.00 | 0.02 | 1.00
Output Tensile strength (MPa) 0.08 | 0.63 | 0.60 | 0.28 | 0.36 | -0.35 1.00

4. ML-based models
In order to propose a model for predicting tensile strength of spliced and non-spliced steel bars

ML- and regression-based methods are used: nonlinear regression, ridge regression and ANN.
These methods are explained in this section.



4.1. Nonlinear regression
Regression methods are mainly classified as linear and nonlinear analysis. Nonlinear regression is
known as a very popular method utilized in mathematics, science and engineering since it provides
more reliable and valid predictions in comparison to linear regression [72, 73]. The most notable
strength of this method is its capacity which allows researchers to select the fixed and adjustable
parameters [74].

In nonlinear regression, data are modeled by a function, f{x,; 8), which is a nonlinear combination
of parameters:

y=f(x0)+ ¢ ey

Where y € R is the response variable, x € R¥ are variables and 6 € RP are parameters and &
refers to error with zero mean and variance o2 When the regression function, f, is nonlinear in O,
the statistical inferential is known as nonlinear regression analysis [72].

4.2. Ridge regression
Predicting the coefficients of a model in linear regression, which uses least square fit method,
relies on the independence of the model parameters. When there are correlations between
parameters the least square estimate will be sensible to random errors in the output. This issue
could be due to a small training dataset. One of the possible addresses for this problem could be
ridge regression method which reduces the sensitivity of the output to the training dataset by
considering a small value of bias [75-77].

The classical way for minimizing the squared loss is the ordinary least square method given in Eq.
2:

YoiBx? @
A
Ridge regression, however, minimizes the cost given in Eq. (3):
118117
IBy= Y o=+ @)
L

Where x; and y; are training datasets, Sis the variance of the estimate and ||.|| is the Euclidean norm
of a vector. The ridge regression decreases the estimate variance by introducing the regression
parameters, p, which controls the trade-of between the bias and estimate variance [77].

4.3. ANN
Artificial neural networks (ANN) method is a data driven supervised machine learning model
which has attracted researchers’ attention because of its abilities to simplify and increase the
accuracy of complicated systems with large inputs. The performance of ANN is inspired by
simplified functioning of the human brain [52, 78].

The architecture of the neural networks depends heavily on the complexity of the problem.
However, they are typically formed by four main parts: (i) input layer: the number of neurons in



this layer are equal to the number of variables in input data, (ii) hidden layers: which are considered
to update weights of the signals obtained from input layer, (iii) output layer: which is the target
parameter which should be predicted and (iv) a bias: which could be connected to hidden and
output neurons. The mathematical description of an ANN is given in Eq. (4) [38, 52, 57, 78]:

Where O; is the model output, wy is associated weight which is updated in each epoch, /; is input
data and b is bias. It should be taken into consideration that the hidden layer and the output neuron
could be processed by feeding in into an activation function, f. A typical architecture of the ANN
is schematically illustrated in Fig. 4.
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Figure 4. Typical architecture of an artificial neural network.

Minimizing the error during training process is one of the most significant parts of ANN models
which is done by updating the weights, w;;.. One of the most effective approaches which can be
used for minimizing the errors is gradient decent with quick performance in minimizing [59]. It
should be also stated that desirable accuracy of an ANN method is obtained by trial-and-error
process to achieve the most appropriate architecture [40, 43].

5. Models

In order to achieve an appropriate prediction model with an acceptable level of accuracy the model
properties (e.g., number of input layers, number of hidden layers, number of neurons, etc.) should
be optimized. Although several suggestions regarding the model optimization have been made,
none of them warranty a high-accurate model. Therefore, trial-and-error process are used to find
out the model architecture with satisfactory results.

R’ coefficient was evaluated to find the most accurate ANN model. It should be mentioned that
higher R? reflects the better match between predicted and actual values. Fig. 5 shows the number
of epochs versus MSE which was used for finding the best number of irritations.
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Figure 5. Optimization cost in terms of MSE

After several trial-and-error process, it was realized that an ANN model with six input layers, four
hidden layers with 19, 17, 15, 15 neurons in the first to fourth layers, respectively and one output
layer could lead to reliable prediction values. The Rectified linear unit (ReLu) function, as
provided in Eq. (5), is used in the proposed ANN method. This function usually results in better
performance and generalization compared to the other activation function. The final architecture
of the ANN model is depicted in Fig. 6.
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Figure 6. Architecture of the final ANN model proposed in this study.

As far as training and testing datasets are concerned, 85% of the datasets was selected for training
while 15% was used for testing the model reliability in all the ML-based methods. It is noteworthy
that training and testing divisions were made randomly in order to prevent any man-selection effect
on training process.

6. Results

The output of the proposed ML-based models for predicting tensile strength of steel bars is
presented in this section. The correlations between predicted and actual values for training and
testing divisions of the databases are shown respectively in Fig. 7 (a) and (b). The fit line is also
illustrated. A comparison between each predicted data with the corresponding actual data is also
made in Fig. 7 (c), (d) for training and testing data, respectively.
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Figure 7. Predicted and actual values of the nonlinear regression model: (a) correlation of training datasets, (b) correlation of
testing datasets, (c) comparison for training datasets and (d) comparison of testing datasets.

The predicted values by ridge regression and ANN models are also presented and compared
graphically in Fig. 8 and Fig. 9, respectively.
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Figure 8. Predicted and actual values of the ridge regression model: (a) correlation of training datasets, (b) correlation of

testing datasets, (c) comparison for training datasets and (d) comparison of testing datasets.

12



850 850
800 800
750 750
w «
0/ v
2 70 2 70
> >
T 650 D 650
g g
S 600 S 600
1 1
a a
550 550
500 500
450 T . . . . . . . 450 r v - T - r - v
450 500 550 600 650 700 750 800 850 450 500 550 €00 650 700 750 800 850
Actual values Actual values
(a) (b)
900 ? ! ' !
T 80 I ”» . i
g g -‘* Y ;| E 4§ ’I'n H i H I i X
s ™ : el LAY . AW Yl 10 AR A O,
B 700 i » \ wh f i ! usied
S o u,' 1 ‘Q‘ 1) ] i .q" \ * niys i k]
8 60 bRty §ot o i WY i 7 ' ¥ ¥ i “'
@ 600 u 3 i ¥ {5 ¢ ?‘ '
2 550 a
T 0| —e- Actual values
g
2 450 -+ Predicted values
w0 0 10 20 30 40 50 60 70 80 90 100 10 120 130 140 150 160 170 180 190
Number of testing sample
©
%0
® 850 —e&- Actual values
£ mo A 2=, -~ —+- Predicted values
H N P AN P T3
£ ;33 AN N // RN / <§\ Y :r;) N TR
> PN e el W\ R\ / N RS}
S 60 w Rl N 7" w7 Y o 7 NN, e
& 00 7 O Y4 ‘::’ E e/ SN
2 ss50 P < N¥L v
e v N
=~ 450
“o [ 2 4 6 8 10 12 1 16 18 20 2 2 % 28 30 2 2
Number of testing sample

(d)
Figure 9. Predicted and actual values of the ANN model: (a) correlation of training datasets, (b) correlation of testing datasets,
(c) comparison for training datasets and (d) comparison of testing datasets.

The close match between predicted and actual values for the training datasets depicted in figures
7(c), 8(c) and 9(c) proves that nonlinear regression, ridge regression and ANN methods have the

capacity to learn the relationships between input variable and output parameter for predicting
tensile strength of sliced and non-spliced steel bars.

According to the comparisons of testing datasets made and presented in Fig. 7(d), Fig. 8(d) and
Fig. 9(d), it could be also claimed that the predicted values obtained by all the three ML- and
regression-based methods match well with the actual values. The nonlinear regression model,
however, has a higher accuracy compared to other models. The quantitative difference between
the models’ accuracy is provided in the next section.

7. Models’ assessment and discussions
In order to evaluate the accuracy of predicted values obtained by the ML- and regression-based

models in this study, the outcomes are discussed in terms of four performance metrics given in Eq.
(6-9) [35, 57]:

1 n 0.5
RMSE =5 Gi=30 | (©)

=1
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RMSE, MAE, MAPE and R’ refers to root mean square error, mean absolute error, mean absolute
percentage error and coefficient of determination, respectively. y is the actual output, ¥ is the
predicted output, n is the number of data records and ¥ is the mean of the dataset. The above-
mentioned metrics are obtained and provided in Table 4.

Table 4. Performance metrics of the proposed prediction models.

RMSE | MAE | MAPE R
(MPa) | (MPa) ) ()
Nonlinear regression | 29.63 23.5 3.51 0.90
Ridge regression 44.12 | 34.47 4.81 0.72
ANN 38.76 | 32.35 5.09 0.81

Model

Taking the data presented in Table 4 into account, it could be claimed that the values predicted by
all the three models match well with the actual values reported in the experimental tests.
Nevertheless, the nonlinear regression model showed the highest R’ coefficient (90%) which
shows the highest accuracy in comparison to other methods. RMSE, MAE and MAPE coefficients
of the nonlinear model are also lower than those obtained by other models. By comparing the
ridge regression model with the ANN model, it could be said that the results of the ANN are more
reliable.

In order to assess the accuracy of the proposed models more precisely, they are compared through
Taylor diagram as displayed in Fig. 10. It is worth mentioning that Taylor diagram is a well-known
diagram widely used for evaluating and comparing the prediction models. The real and predicted
values are positioned in a coordination system by considering standard deviation (vertical and
horizontal axis), RMSE (circular lines) and correlation coefficient (radial lines). The closer to the
real value a model is positioned, the more accurate it will be. As could be obviously seen in Fig.
10, the nonlinear model with RMSE=29.63, R?>=0.90 and standard deviation=83.25 is the closest
model to the real values (red star) and therefore is introduced as the most accurate method for
predicting tensile strength of spliced and non-spliced bars. The ANN model with RMSE, R? and
standard deviation of respectively 38.76, 0.81 and 75.25 is positioned between NL and Ridge
models. The Ridge model, on the other hand, is the farthest model to the real values in comparison
to other proposed models (RMSE=44.12, R?>=0.72 and standard deviation=58.46).
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Figure 10. Comparing the proposed models by Taylor Diagram

8. Parametric investigation

The most accurate prediction model introduced in the previous section is used to figure out the
influence of significant parameters -namely coupler length (I), Coupler outer diameter (OD.) and
temperature- on the tensile strength of spliced bars. To this aim, the results of a tensile test on a 16
mm-diameter bar spliced by a threaded coupler is chosen from the literature [63]. Then, the above-
mentioned parameters are varied as below to generate a database:

e Coupler length: 50-250 mm by the step of 20 mm (samples 2-12 in Table 5)
e Coupler outer diameter: 10-31 mm by the step of 3 mm (samples 13-20 in Table 5)
e Temperature: 20-660 °C by the step of 80 °C (samples 21-29 in Table 5)

It should be explained that the range of the parameters is carefully defined based on the values
reported in the relevant literature. The tensile strength value predicted by the proposed nonlinear
model for each generated sample is reported in Table 5. The variation of tensile strength of spliced
bars is also depicted graphically in Fig. 11.
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Table 5. Tensile strength of a spliced bar with different coupler length, coupler outer diameter and temperature

Sample Coupler Quter Ultimate
No. length | diameter | Temperature strength
(mm) (mm) (MPa)
I 206 25 20 612
2 50 25 20 643.63
3 70 25 20 651.56
4 90 25 20 656.4
5 110 25 20 658.15
6 130 25 20 656.8
7 150 25 20 652.36
8 170 25 20 644.83
9 190 25 20 634.2
10 210 25 20 620.48
11 230 25 20 603.67
12 250 25 20 583.77
13 206 10 20 633.04
14 206 13 20 630.39
15 206 16 20 628.10
16 206 19 20 626.19
17 206 22 20 624.65
18 206 25 20 623.47
19 206 28 20 622.67
20 206 31 20 622.24
21 206 25 20 623.47
22 206 25 100 636.52
23 206 25 180 637.00
24 206 25 260 624.91
25 206 25 340 600.26
26 206 25 420 563.04
27 206 25 500 513.26
28 206 25 580 450.91
29 206 25 660 375.99

*The sample taken from the literature [63].
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8.1. Coupler length (1)

Taking Fig. 11a into account, it could be understood that increasing coupler length up to specific
value (here 110 mm), increases tensile strength of a spliced bar. Then, increasing coupler length
might lead to reduction in bars’ tensile strength. Similar experimental studies have also reported
the same results. Several researchers [8, 25, 26, 79] have claimed that long couplers might result
in reduction in ductility and deformation capacity, earlier failure, and concrete-rebar slip.

The fitting curve shown in Fig.

11a is used to drive Eq. 10 which expresses the relationship

between coupler length (lc, mm) and tensile strength (Ts, MPa):

T, = —0.00391,% + 0.861, + 610
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8.2. Coupler outer diameter (OD.)
As could be clearly observed in Fig. 11b, outer diameter of a coupler (OD.) affects tensile strength
conversely. Otherwise stated, by increasing ODk, tensile strength decreases. This might be due to
the change in coupler’s rigidity which affects spliced bars’ performance remarkably. As also
concluded in experimental investigations, rigid couplers reduce ductility and therefore are not
recommended to be used for splicing bars [8, 26].

According to the diagram demonstrated in Fig. 11b, the logarithmic relationship between outer
diameter of a coupler (OD., mm) and tensile strength (MPa) is obtained and give in Eq. 11:

T, = —9.899In0D, + 655.62  (11)

8.3. Temperature
The curve illustrated in Fig. 11c reveals that increasing temperature up to 180°C, increases tensile
strength of a spliced bar. Higher temperature, however, could reduce tensile strength notably.
These results are in line with the similar experimental studies carried out to investigate the
influence of temperature on couplers’ performance [63]. The relationship between tensile strength
and temperature (Temp, °C) could be suggested as Eq. 12:

T, = —0.001Temp? + 0.28Temp + 618 (12)

9. Summary and conclusions

In the present study, an attempt was made to predict the tensile strength of spliced and non-spliced
steel bars. To this aim, three prediction models were proposed using ML- and regression-based
methods: nonlinear regression, ridge regression and ANN. A dataset containing over 200 samples
collected from peer-reviewed publications were divided into training and testing parts randomly.
The most effective parameters including bar size, splice methods, splice length, splice outer
diameter, temperature and steel grade were considered as input variables for predicting tensile
strength of steel bars (output). The outcomes were assessed and compared by Taylor diagram and
performance metrics including R’, MAE, RMSE and MAPE. A parametric study was also
conducted and equations were provided for predicting tensile strength of spliced bars.

Taking the study results into account, it could be concluded that:

e All of the three models showed an acceptable level of accuracy, however, the prediction
model proposed using nonlinear regression method led to more reliable results in
comparison to ridge regression and ANN methods.

e Moreover, it could be claimed that simple, quick and inexpensive ML- and regression-
based methods could be introduced as a reliable alternative technique for time-consuming
and expensive experimental tests carried out to determine tensile strength of spliced and
non-spliced steel bars.

e According to the results of the parametric investigation, increasing coupler length and
temperature (up to 110 mm and 180°C, respectively) increased tensile strength of a 16 mm-
diameter bar spliced by a coupler. Longer length and higher temperature, reduced tensile
strength significantly. Furthermore, increasing outer diameter of couplers reduced tensile
strength which might be because of the rigidity increase of the coupler.
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It should be stated that this study aimed at predicting tensile strength of spliced and non-
spliced steel bars. Further studies are undoubtedly required in order to predict other
significant parameters of steel bars (e.g., yield strength, yield strain, ultimate strain) which
exhibit the performance of splice methods and affect the structures’ response remarkably.
More importantly, other ML-based methods (e.g., Random Forest, Support Vector
Machine) are recommended to be used and compared for predicting mechanical properties
of steel bars.
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