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Study on the shear bearing capacity of RC shear walls

using artificial neural networks
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(School of Civil and Transportation Engineering; Civil Engineering Technology Research Center of Hebei Province,
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Abstract: In various areas of civil engineering, the artificial neural network (ANN) model is used to solve
complex problems. In this study, ANN models were used to predict the shear bearing capacity of RC shear
walls. Based on the results of 160 experiments, a database was constructed that included the performance
of RC shear walls under cyclic loading. One hundred and forty samples were chosen to train the ANN
models, and 20 were used for validation. There were fourteen inputs parameters: concrete compressive
strength, aspect ratio, axial compression ratio, vertical bar yield strength, horizontal bar yield strength,
web vertical reinforcement ratio, web horizontal reinforcement ratio, boundary region vertical
reinforcement ratio, boundary region horizontal reinforcement ratio, sectional area ratio, sectional height
thickness ratio, total section area, wall height, and section shape. ANNI1 and ANN2 were normalized in
intervals of [0, 1] and [0.1, 0. 9], respectively. The shear force of the RC shear walls was the output data
for both models. The predictions by the ANN models and the code methods from GB 50011 and ACI 318
were compared. The results reveal that the developed models exhibit better prediction and generalization
capacity for RC shear walls than the code methods.
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1 Introduction

Reinforced concrete (RC)shear walls are often
used in building structures due to their capacity to
resist lateral loads under seismic action'”. The
concrete strength, aspect ratio, axial compression
ratio, vertical or horizontal web reinforcement
ratio, and vertical or horizontal boundary region
reinforcement ratio are critical design parameters
that govern the lateral load resistance capacity of

RC shear walls??™,

and foreign codes to calculate the shear bearing

The formula used in domestic

capacity is an empirical formula determined by
statistical analysis, that reflects the main physical
and geometric parameters and considers the factors
that influence the reliability. Differences in the
calculation model and calculation method are
incorporated in current codes, such as GB 50011,
ACI 318, and EC2. Furthermore, the strength of
the concrete used in the formula for calculating the
shear bearing capacity is also different. Generally,
most existing methods of calculating the shear
bearing capacity of RC shear walls are based on
models with limited experimental data, such as
shear walls wusing high-strength steel bars.
Therefore, further research on more reliable and
effcient structural assessement is needed.

ANNSs have been used for simulating engineering

6) To predict the axial bearing capacity, Du

problems
et al.'™ suggested two ANN models of rectangular
concrete-filled steel tubular columns. Kotsovou et
al. '*) established an ANN model to predict the load
bearing capacity of beam-column joints. However,

the ANN models
In this study,

and experimental data are

limited. shear bearing capacity
predictions of RC shear walls were developed using

artificial neural networks. The developed ANN

X ERHS:2096-6717(2021)01-0137-08

model provides a reference for prefabricated

concrete shear walls, the seismic performance of

which are equivalent to cast-in-place RC walls" 2,

2 Data collection

As shown in Fig. 1, test results for 160 RC
shear walls with rectangular or barbell sections was
found in the literature [ 2-3, 13-29]. The test
information included all parameters that may have
an impact on the behavior of the RC shear walls.
The test

ability. The parameters for all samples were

samples exhibited good deformation

consistent,
The size parameters of the wall (b, h, and
H )7 the

reinforcements f,, the

yield strength of the horizontal

concrete compressive
strength f., the aspect ratio A, the axial
compression ratio p, and the shear force V are
included to train and test the ANN models.
Finally, 160 test samples were obtained and are

summarized in Table 1.

4= Cyclic loading
A 1A ——
Rectangular
—~Specimen
Barbell
Section A—A

L

Fig. 1 Typical test setup under cyclic loading

and section for RC shear walls

3 Artificial neural networks

3.1 Background information

ANN is an operational model that mimics the
neural network of the human brain from the
perspective of information processing. ANN is an
artificial intelligence technology that can solve

complex problems based on input parameters. The
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Table 1 Test data of RC shear walls
Number b/mm h/mm H/mm fy/MPa fe/MPa A P Source
11 102-152 1905 4572 429-464 21.8-51.8 2.4 0-0. 134 Oesterle et al. [13]
20 70 750 825 470 23.8-42.3 1.1-2.1  0-0.171 Lefas et al. [14]
6 60 600 1200 540 31.8-45. 8 2 0 Pilakoutas et al. [15]
11 100 1200 1 200-1 800 585 21.6-27.5 1-1.5 0-0. 07 Salonikios et al. [16]
10 150 1 200-1 300 2 500 422-540 28-40 1.9-2.1  0-0.083 Riva et al. [17]
26 80-120 1 000-1 700 525-1 000 314-471 15.7-24. 2 0.4-1 0 Hidalgo et al. [18]
6 150 2 000 4 520-4 560 547-601 38.3-45.6 2.3 0.05-0.13 Dazio et al. [19]
8 76 1016 2 540 420-448 38.9-130. 8 2.5 0. 03-0. 09 Liu et al. [20]
5 152 1219 1 829-2 438 A72-477 47.1-57.5 1.52  0.02-0.08 Tran et al, (21
3 100 700 1750 469 27.4 2.5 0. 15-0. 35 Alarcon et al. [22]
6 75-100 700 1 330-1 750 446-469 27.4 1.9-2.5 0.15 Hube et al. [23]
6 51 254 1067 552 30. 3-36. 5 4.2 0 Wang et al. [24]
8 200 1500 1750 617-653 46.1-70. 3 1.2 0. 07 Park et al. [2]
5 203 2 032 2 032 450-770 38-44 1 0 Min et al. [3]
7 100 1000 1 200-2 200 630 93.5-110.7  1.1-1.2 0.05 Teng et al. [25]
4 100 1000 2 350 341-640 41. 6 2.25 0.3 Guo et al, [26]
9 85-100 1 600 1750 446-632 28.9 1.1 0 Hube et al. [27]
5 100 1200 1 000-1 600 479-638 38.7-53.9 1-1.5  0.13-0.2 Chen et al. [28]
4 200 1000 2 000 472-641 34.9 2 0.1 Liu et al. [29]
effects of these parameters are not explicitly w \ L
. e . - n=3 w5+, n=g=e( 3, w;x+6)
illustrated or quantified. ANNs have the ability to j=t VR j=1

learn, summarize, classify, and predict, and it

have been achieved remarkable results in many

practical applications over the past years. In this

study, ANNs are used to predict the shear bearing

capacity of RC shear walls.

This study uses a back-propagation (BP)

algorithm, as shown in Fig. 2. A typical artificial
neuron is shown in Fig. 3. Three layers are
included in the ANNSs: input layer, hidden layer,
and output layer. Each layer comprises £ neurons,

three neurons, and two neurons, respectively.

Fig.2 A typical ANN

Fig.3 A typical artificial neuron

The connections between interrelated neurons
with a set specific weight are multiplied by the input
data produced by the neuron. The values obtained in a
particular layer are passed through the link and
summed up with the bias (refer to Fig. 2)F¥. A
predefined activation is used to represent the
relationship between the inputs and the outputs, as

shown in the following

k
yi = g(v) = g( X wya; +0,) (D

i=1
where y; is the output of the ANN, wj; is the
weight coefficients of the j™ neuron, x; is the input
data, 0; is the bias of the neuron, and g( * ) is the
activation function. In this study, input and hidden

layers used sigmoid activation functions, and the

output layer used the tan-sigmoid activation

function.
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3.2 Input and output data

The input parameters were selected based on
the dominant effect of the parameters on the
behavior of the RC shear wall, and included the
concrete compressive strength ( f.), the aspect
ratio (1), the axial compression ratio (u), the
vertical reinforcement yield strength (f,..), the
horizontal reinforcement yield strength ( i) the

the

horizontal reinforcement web ratio (pu )s the

vertical reinforcement web ratio (., )

vertical reinforcement boundary region ratio (p..)
the horizontal reinforcement boundary region ratio

(pne )s the sectional area ratio of the boundary

the RC shear walls. Some parameters are weakly
correlated while others are strongly correlated. For
example, the correlation coefficient between the £, /¢,
and A,/A, was — 0. 763, which indicates a strong
The

between the H and A was 0. 449, which indicates a

negative relationship. correlation  coefficient

weak positive relationship. The sequence of the
correlation for the input parameters from strong to
weak were Ags Ows Pns fos Ay/Ays section shape,
Sy s Sroow s Hs s sAs 0o s 25 and L, /1.

Table 2 Maximum and minimum values of the input

and output data

Parameters/targets ~ Min. value Max, value Units
region to the total cross-section area (A,/A,), the fe 15.7 130. 8 MPa
sectional height thickness ratio (/,/t,), the total A 0.4 4.2
section area (A.), the wall height (H), and the © 0 0.3
section shape (the rectangular section is “0” and Sy o o VP

Shovw 314 806 MPa
the barbell section is “17). e 0 0,025
Since the performance of the RC shear walls . 0 0.024 5
specified in the code is determined by the limit of Oue 0 0. 097
the shear load capacity, we take the maximum Ohe 0 0.062 4
shear (V.. ) as the target parameter. The Ao/ Ay 0. 188 0. 77
. .. . Ly/tw 4. 98 21. 25
maximum and minimum values of the input and ,
Ag 19 355 412 902 mm?
output data are listed in Table 2. Table 3 shows H 595 4572 .
the correlation between the input parameters used Section 0 1
for the prediction of the shear bearing capacity of Vinax 15. 35 2579 kN
Table 3 Correlation matrix for input parameters
Parameters/ Section
. A 2 Syow  Show Ovw Ohw Ove ohe  Av/Ay  Le/tw Aq H
targets shape
e 1.000 0.249 0.090 0.312 0.249 0.135 0.463 0.576 0.489 0.603 —0.374 0.270 0. 268 0.570
A 0.249 1.000 0.006 0.312 0.284 0.279 0.354 0.227 0.016 0.547 —0.731 —0.124 0. 449 0. 487
P 0.090 0.006 1.000 0.017 —0.031 —0.055 —0.019 0.179 —0.054 0.092 —0.085 0.045 0.038  —0.101
Syovw 0.312 0.312 0.017 1.000 0.611 0.155 0.159 0.432 0.422 0.318 —0.482 0.156 0.158 0. 187
Jhoww 0.249 0.284 —0.031 0.611 1.000 0.129 0.068 0.301 0.359 0.211 —0.300 0.115 0.151 0.121
Ovw 0.135 0.279 —0.055 0.155 0.129 1.000 0.602 0.281 0.116 0.255—0.274 —0.383 —0.099 —0.002
Ohw 0.463 0.354 —0.019 0.159 0.068 0.602 1.000 0.387 0.289 0.571 —0.475 0.018 0.245 0. 402
Ove 0.576 0.227 0.179 0.432 0.301 0.281 0.387 1.000 0.450 0.514 —0.505 0.306 0.183 0. 333
Ohe 0.489 0.016 —0.054 0.422 0.359 0.116 0.289 0.450 1.000 0.308 —0.219 0.367 0.204 0. 397
An/Ag 0.603 0.547 0.092 0.318 0.211 0.255 0.571 0.514 0.308 1.000—0.763 0.135 0.339 0.492
L/t —0.374 —0.731 —0.085 —0. 482 —0. 300 —0. 274 —0. 475 —0. 505 —0. 219 —0. 763 1. 000 —0. 104 —0. 344 —0. 468
Ag 0.270 —0.124 0.045 0.156 0.115—0.383 0.018 0.306 0.367 0.135—0.104 1.000 0.662 0.197
H 0.268 0.449 0.038 0.158 0.151 —0.099 0.245 0.183 0.204 0.339 —0.344 0.662 1.000 0. 367
Section
0.570 0.487 —0.101 0.187 0.121 —0.002 0.402 0.333 0.397 0.492 —0.468 0.197 0. 367 1. 000

shape
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To minimize the deviation of the ANN and low
convergence rates, the values of the input and
output data are normalized using Eq. (2).

7 X Tnin
X, — .
Lmax Lnin

3.3 Training and testing of the ANNs

9f0ri:1927...971. (2)

In this study, the network was built using the
ANN toolbox in MATLAB. The BP network with
15 hidden layers was used to build the model of RC
shear walls., The 160 experimental samples were
randomly divided into two groups, 140 samples for
training, and 20 samples for testing. In order to
verify the effect of normalization equation on the
ANNs prediction, the two control groups ANNI
and ANN2 were normalized in the range [0, 1] and
[0.1, 0.9].

The training process of the neural network
involves adjusting the network’s weights and
deviations (initially randomly assigned) to optimize
the network’s performance in the iterative process.
The error performance index of the forward
network is MSE, which is the mean square error
between the network output and the target. The
neural network would modify the network node
weight, according to MSE. At the same time, in
order to reduce the error in each iteration, ANN
used the back-error propagation algorithm. After
the error was calculated, the weights and bias were
readjusted.

The calibration procedure of the ANN model is
shown in Fig. 4. This was repeated until one of the
following conditions was met: 1) After 500
training sessions, the algorithm will stop the
training process. 2) The error-index reaches 107°.
3) The validation check occurs 10 times.

The ANN values ( ANN-output) and test
values (targets) are illustrated in Fig. 5. The
ANNs

experimental values with good deformation ability,

indicating that the ANNI and ANN2 models

predicted values were close to the

successfully learned the relationship between input

and output data. In addition, the predicted values

and test values that were closer to each other in
different normalized ranges were in the range

[0, 1] rather than the range [0.1, 0.9].

Collect database

[Select input and output data]

[ Establish ANN networks |

| Initialize weights and bias |

I Select training and test datal

1
—-| Compute ANNs outputs |

eet the error
requirements?

No

Satisfying the
stop criterion?.

o
| Readjust weights and bias |

Fig. 4 Calibration procedure of the ANN model

2000~
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=3
S
S

—=— ANN2-output
—a— Target

1500

1000

Shear bearing capacity/kN
"
S
T

A A . \
5 10 15 20
Sample number

(b)
Fig.5 ANN predicted values and test values

The ratio of output to target OTR, mean value

MYV, and standard deviation SD are used to
evaluate the behavior of the model.
B i n Q
MV = - 2} 7 o))
SD = %Z (1—OTR)? 5)

i=1

Where O; and T, are the prediction values of the
ANN models and the maximum shear of the
experimental samples, respectively. n is the total

sample number.
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Curves of OTR and sample number for
ANNI1, ANN2, GB 50011, and ACI 318 are
presented in Fig. 6. Two predicted values in the
ANNI model exhibited the errors of 8. 1% and
8.7%, which were overestimated. Two predicted
values in the ANN2 model exceeded the error of
8.0%. One was underestimated and the other was
overestimated. The SD was 0. 036 1 in ANNI and
0.041 2 in ANN2 (refer to Table 4). Therefore,
the ANNI1 model was superior to the ANN2 model
in calculating the shear bearing capacity of RC

shear walls.

OTR

—=— ANN1 ——ANN2 ——GB50011 —+-AC1318

5 10 15 20
Sample number

Fig. 6 OTRs-sample numbers curves for ANN1, ANN2,
GB 50011, and ACI 318

Table 4 MYVs and SDs with testing data

Variables ANNI1 ANN2 GB 50011 ACI 318
MV 1.010 9 1.002 2 0.954 4 0.825 6
SD 0.036 1 0.041 2 0.189 7 0.2236

4 Comparative studies of ANN models
and design codes

The methods proposed by GB 50011 and ACI

318 are presented as follows

. 1 "h Ash
Vi = 1o 0.4l 0. BN + 1, B,
6)
V.= ¢V 4V @
V. = min{0.27 /7 ohd + 52,
Lloavriroz)] |
Lh
0.05./F + - (8)
M, L J
V.o 2
v, =2l ©

S2
The outputs of the RC shear walls are the results
calculated by the formulas Eqgs. (6) to (9).

Fig. 6 shows the OTRs calculated by ANNI,
ANN2, GB 50011, and ACI 318. Table 4 lists
MVs and SDs using the testing data for ANNI,
ANN2, GB 50011, and ACI 318.

Results predicted by the ANNI and ANN2
models matched those calculated by GB 50011 and
ACI 318 very well.

The results predicted by the ANN1 and ANN2
models matched those calculated by GB 50011 and
ACI 318 very well. There were two outputs with
an error of over 8% for both ANNI1 and ANN2,
but they did not exceed 10%. Two out of twenty in
ANNI were overestimated. One was overestimated
in ANN2, and the other was underestimated.
These results show that the ANN model exhibited
a significant improvement compared to the standard
GB 50011 and ACI 318.
experimental data, fourteen results predicted by
GB 50011 exceed 10% difference based on the
OTRs. There were sixteen predicted results with
errors exceeding 10% in ACI 318. The SDs of
ANNI1 and ANN2 were 0. 036 1 and 0. 041 2, much
lower than those of GB 50011 and ACI 318 (refer
to Table 3). Compared with GB 50011 and ACI
318, the ANNs exhibited better performance on

Compared with the

predicting the shear bearing capacity of RC shear
walls,
results with

There were thirteen

exceeding 10% in GB 50011 and three in ACI 318
were underestimated. The MVs of the results
predicted by GB 50011 and ACI 318 were 0. 954 4
and 0. 825 6, respectively. ANN models exhibited
higher MVs than GB 50011 and ACI 318,
indicating that the formulas were conservative in
GB 50011 and ACI 318 due to the usage of high
strength materials. The SD of GB 50011 and ACI
318 reached 0. 189 7 and 0. 223 6, which were
larger than the ANN models.

The ANN1 and ANN2 models had the two
largest MVs, while ANNI1 and ANN2 exhibited
smaller SDs. Thus, ANN models can accurately

errors

predict the shear bearing capacity of RC shear
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walls. Compared with the design codes, ANN

models may be safer,

5 Conclusions

Two ANN models

parameters were developed, based on experimental

with fourteen input
data. An efficient learning model based on ANNs
was proposed to evaluate the load bearing capacity
of RC shear walls. The prediction results show
that ANN models predict the load bearing capacity
favorably using parameters such as the aspect
ratio, the axial compression ratio, the concrete and
reinforcement strength, the boundary region and
web reinforcement ratio, and the sectional ratio and
size, thus accurate predictions can be provided.
The ANNI and ANN2 models exhibit a better
correlation with the experimental results than the
codes GB 50011 and ACI 318. The ANN models
exhibit

generalization capacity. The BP algorithm can be

better accuracy in prediction and
effectively adopted in the shear strength prediction
of RC shear walls.

Application of developed ANNs

extended by further experimental tests including

can be

other shaped sections as input data. More studies
on RC shear walls including high strength concrete
and high strength reinforcements are valuable for

the structures adopting RC shear walls,
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