IJE TRANSACTIONS A: Basics Vol. 32, No. 7, (July 2019) 908-914

International Journal of Engineering
Journal Homepage: www.ije.ir

Estimation of Punching Shear Capacity of Concrete Slabs Using Data Mining
Techniques
Y. Aggarwal, P. Aggarwal*, P. Sihag, M. Pal, A. Kumar
Department of Civil Engineering, National Institute of Technology, Kurukshetra, Haryana, India

PAPER INFO

A B S T R A C T

Paper history:

Punching shear capacity is a key factor for governing the collapsed form of slabs. This fragile failure
that occurs at the slab-column connection is called punching shear failure and has been of concern for
the engineers. The most common practice in evaluating the punching strength of the concrete slabs is to
use the empirical expressions available in different building design codes. T he estimation of punching
loads involves experimental setup which is time-consuming, uneconomical and also, more manpower
and materials are required. T he present study demonstrates the use of data mining techniques as a
substitute of former to predict the punching loads on the variation of various parameters. In this study,
various type of data mining techniques including Adaptive Neuro-fuzzy Inference System (ANFIS),
Artificial Neural Network (ANN) and Generalized Neural Network (GRNN) were applied to model and
estimate the punching load of reinforced concrete slab–column connections. For the study, a data set
consisting of 89 observations from available literature was analysed and randomly selected 62
observations were used for model development whereas the rest 27 were used to test the developed
models. While the outcomes of ANN and GRNN model provides suitable estimation performance, the
Gaussian membership based ANFIS model performed best in the determination of coefficient of
correlation (Cc). Sensitivity study indicates that the parameter effective depth of slab (d) is the most
influencing one for the estimation of punching load of reinforced concrete slab–column connections for
this data set.
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1. INTRODUCTION1
Punching shear capacity is an important factor for
governing the collapsed form of slabs. In the link of slabcolumn, high shear stresses are the main reason for
punching shear failure. The failure mode of punching is
fragile in nature and diagonal cracks chase the surface of
a truncated cone around the column. The failure that
occurs at the connection between the slab and the
column, called punching shear failure has been of
concern for the designers and engineers [1, 2]. The most
common practice in evaluating the punching strength of
the concrete slabs is to use the empirical expressions
available in different building design codes for
calculating punching loads. The empirical expressions
given in design codes are based on experimental results
on specimens of a column and a portion of the slab [3].
*Corresponding Author Email:
Aggarwal)

The estimation of punching loads involves experiment al
setup which is time-consuming and also, a lot of labor
and materials are required. The experimental part is also
not economical and can be easily substituted by using
data mining techniques to predict the punching loads on
the variation of various parameters. Some of the
parameters influencing the punching strength of slabs
are: the cylinder strength of concrete (fc), yield strength
of steel (fy ), effective depth of slab (d), radius of a column
or loaded area (ro ) and geometrical ratio of reinforcement
(ρ) can be considered for the development of the model.
The present treatments of codes of practices (e.g. ACI
[4], BS8110 [5]) for the problem of punching shear in
reinforced concrete slabs consist mainly of empirical
formulations derived from tests on specimens of a
column and a portion of slab within the elastic line of
contra flexure. Existing theoretical approaches by
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Kinnunen and Nylander [6, 7], Nielsen et al. [8] and
Andra [9] for punching are still complicated and have
features making their acceptance difficult.
A more realistic rational model was previously proposed by Shehta [10] and Shehta and Regan [11]. It
involves a more detailed analysis of the slab as a whole
and of the concrete under stress concentration near the
column face. This model gives a good account of both
slab behaviour and the parameters affecting the punching
strength, but in its present state it is considered to be too
complicated to be handled by designers and adopted by
current codes. Reinforced concrete flat slabs are widely
employed in structural systems. The location of the slabcolumn connection is the most sensitive part of the flat
slab [12]. Although, several theoretical models are
proposed in the literature to compute the punching
strength of the reinforced concrete slabs [13] and only a
few research projects have been conducted on the
punching shear strength of concrete slabs. Theoretical
approaches proposed by few researchers [6, 8] are quite
complicated. Different approaches like Truss Analogy
[14], Fracture Analysis [15], Finite Element Analysis
[16, 17] and the modified mechanical model [18] have
also been proposed. Eas ier methods were proposed [19,
20] for calculating the punching resistance of simple and
high strength concrete slabs respectively.
Conventional modeling techniques are based on
empirical relationships developed from the experiment al
data. Within last few year, researchers have explored the
capabilities of artificial intelligence techniques such as
ANN [20–25], Support Vector Machines (SVM), Fuzzy
Logic, M5 model tree, GRNN, ANFIS [25–33] for
various problems in the field of civil engineering. A need
to derive a simpler method to compete with the simplicit y
of empirical formula can be use of data mining
techniques. The use of data mining technique can very
well reduce the formulations and calculations required
with best model to estimate the punching shear capacity
of the slab-column connections, with optimu m
parameters. The modelling techniques are used where
failure of classical and empirical equations occurs to
predict the punching shear capacity. The modelling
techniques, if properly optimised with various
parameters, can estimate the strength very close to actual
strengths and thus, can be used for the simulation of
results, instead of time consuming experiment al
processes or may be finite element simulations. Most of
the studies are focussing only on Artificial Neural
Network (ANN), with few studies on use of Adaptive
Neuro-fuzzy Inference System (ANFIS), and Generalized
Neural Network (GRNN) and their comparison here
forth. The objective of the paper is to examine the
capability of ANN, GRNN, and ANFIS for estimating
punching shear capacity of slab-column connections, so
as to reduce the experimental work in the laboratory and
onsite; also the cost of casting of specimens.
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2. MODELING APPROACHES
2. 1. Generalized Regression Neural Network
(GRNN)
The GRNN was proposed by Specht [36],
to perform linear and non-linear regressions. The GRNN
structure contains four layers: the input units are in the
initial layer, the second layer has the pattern units, the
outcomes of these layers are passed on to the summation
units in the third layer, and the last layer covers the target
units. The initial layer is linked to the second layer, where
each unit represents a training pattern and its target is to
measure the distance of the input from the stored patterns.
The optimal value of a primary parameter called spread
(s) is found experimentally. For more information about
GRNN readers are referred to Specht [34] and
Wasserman [35].
2. 2. Artificial Neural Networks (ANN)
The ANN
is an artificial intelligence based approach generally used
for the exact forecast of civil engineering problems [36,
37]. ANN is a parallel knowledge processing system
containing a set of layered neurons. It contains an input
layer, hidden layer and at last a target layer. The target
layer is the ultimate processing part. The neurons are
linked by a weight in each layer to the neurons in a
successive layer during the learning process. For further
information, readers are referred to Haykin [38]. In the
current study, one hidden layer with 9 neurons is used in
ANN model.
2. 3. Adaptive Neuro-fuzzy Inference System
(ANFIS)
The ANFIS is a combination of Sugeno
fuzzy inference model with ANN. ANFIS approach is
based on adaptive and non-adaptive nodes in different
layers. Figure 1 shows the structure of ANFIS model
(first-order Sugeno fuzzy model) having 2 inputs (a and
b), 4 rules and one target (c). The first order Sugeno type
is implemented to develop two if-then rules as follows:
i. Rule 1 If a is X1 and b is Y1, then c1 = m1 a + n1
b + p1,
ii. Rule 2 If a is X2 and b is Y2, then c2 = m2 a + n2
b + p2,
The structure of ANFIS model has five layers. Every
layer executes special role; explained as following in
Figure 1.

Figure 1. Structural plan of first-order Sugeno fuzzy model
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Sugeno type ANFIS model is used in this paper to
model the punching load of slabs. Four types of
Membership functions (MFs) named trapezoidal,
triangular, generalized bell-shaped and Gaussian
functions are used in this paper.
3. MODEL PERFORMANCE EVALUATION CRITERIA
Estimating the performance of various techniques in
estimation of the punching load of slab, various
performance evaluation parameters were selected such as
Coefficient Of Correlation (Cc), Bias, Mean Square Erro r
(MSE), Root Mean Square Error (RMSE) and NashSutcliffe Model Efficiency(NSE).
𝐶𝑐 =

𝑛 ∑𝑋1𝑋2− (∑⟦𝑋1⟧ ∑⟦𝑋2⟧)

4. DATA SET
The data set for ANFIS, GRNN, and ANN was collected
from published journal (Shehata, 1990). Data were
collected for the cylinder strength of concrete (fc ), yield
strength of steel (fy ), ratio of effective span to the
effective depth of slab (d), radius of a column or loaded
area (r0 ), the geometrical ratio of reinforcement (  ),
the effective depth of slab (d), and column diameter (D).
The total dataset consists of 89 observations in which
randomly selected 70% observations were implemented
for the learning model and rest 30% were selected to
validate the models. Punching shear load (P) was
considered as a target for this study. Table 1 gives the
features of the training and testing data set.

(1)

√𝑛( ∑⟦𝑋12 ⟧−∑⟦𝑋1⟧2)√𝑛(∑⟦𝑋22 ⟧−∑⟦𝑋2⟧2)

5. MODEL DEVELOPMENT

∑ 𝑛𝑖=1(𝑋1 − 𝑋2 )

(2)

∑ 𝑛𝑖=1(𝑋1 − 𝑋2 )2

(3)

1
(
)2
𝑛(∑𝑛
𝑖=1 𝑋1−𝑋2 )

(4)

∑𝑛 (𝑋1−𝑋2)2

𝑁𝑆𝐸 = 1 − ∑𝑖=1
𝑛 ( 𝑋1−𝑋1
̅̅̅̅)2

(5)

𝑖=1

where,
X1 = observed values
X2 = predicted values
̅̅̅̅
𝑋1 = mean of observed values
n = number of observations

Preparation of ANN, GRNN, and ANFIS include
choosing the primary number such as the number of
neurons, number and shape of MFs, hidden layers, and
spreads. In the starting of the design process, a small
number of primary parameters are considered. Then the
model is trained and developed. The outcomes of the
model are assessed. If the outcomes are not found
satisfactory, increase the number of primary parameters
successively. For assessing the model accuracy, the
outcomes of the model are compared with the actual data.
6. RESULTS AND DISCUSSIONS
6. 1. Result of GRNN Model

Developing the GRNN

TABLE 1. Features of the data set
Training Data
Variables

Units
2

Min.

Max.

Mean

St Dev.

Kurtosis

Skewne ss

fc

N/mm

9.500

50.600

28.182

7.780

1.042

0.063

fy

N/mm 2

322.000

725.000

471.000

116.847

-0.284

0.587

d

mm

47.000

201.000

114.194

37.193

1.010

0.605

ro

mm

40.000

227.000

122.339

51.311

-0.975

0.115



%

0.340

3.700

1.222

0.823

2.653

1.770

P

KN

45.000

825.000

344.306

175.254

-0.322

0.360

fc

N/mm 2

20.300

44.000

28.796

5.213

1.493

0.972

fy

N/mm

2

322.000

720.000

450.296

119.084

0.705

1.005

d

mm

54.000

201.000

109.778

27.055

4.766

0.737

ro

mm

40.000

227.000

123.926

47.237

-0.852

-0.115

Testing Data



P

%

0.350

3.700

1.246

0.849

3.810

1.972

KN

63.000

581.000

344.111

146.721

-0.820

-0.206
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model is a trial and error method. Development of GRNN
is also based on the data set listed in Table 1 which was
divided into two parts of learning and testing.The
selection of learning and testing datasets were based on
randomization. For developing GRNN model, spread (s)
need to be selected. In this study, the optimum value of
spread was achieved at 0.2. During the GRNN training,
obtained Cc was 1.0, RMSE was 31.887 and NSE was
0.966 and when testing the model, Cc was 0.868; RMSE
was 71.887 and NSE was 0.751. Figure 2 shows the
aggrement plot using GRNN model during testing stage.
6. 2. Result of ANN Model
ANN model
development is also trial and error process such as GRNN
model development. The ANN model consists only
single hidden layer. Hidden layer contains nine neurons
with iteration =1500, momentum =0.2, and learning rate
= 0.1. As revealed from Table 2 and Figure 3, the
precision of the ANN model is more than GRNN based
model for prediction of Punching Shear load.

Figure 2. Evaluation of GRNN model
TABLE 2. Performance evaluation Parameters
Training Data set
Approaches

Cc

Bias

MSE

RMSE

NSE

GRNN

1.000

0.002

1016.796

31.887

0.966

ANN

0.951

-10.249 2989.138

54.673

0.901

ANFIS_trimf

0.983

0.002

31.538

0.967

ANFIS_trap

0.592

0.001

994.651

18500.380 136.016 0.388

ANFIS_gbell_mf 0.981

-0.003 18298.881 135.273 0.395

ANFIS_gaussian 0.983

-0.001

58.866

7.672

0.998

5167.779

71.887

0.751

Figure 3. Evaluation of ANN model

6. 3. Result of ANFIS Model
Developing the
Sugeno fuzzy rule-based ANFIS models is as similar as
ANN and GRNN process. Designing of ANFIS model
includes defining the number of hidden layer(s),
Neurons, number and shape of member functions. Four
shapes (Triangular, Gaussian, Trapezoidal and
Generalized bell) of the membership functions were
chosen for developing the models. Results of the ANFIS
model to predict the Punching load is shown in Figure 4.
From Table 2, it can be inferred that Gaussian-based
ANFIS model works better as compared to triangular,
trapezoidal and generalized bell shape MFs based ANFIS
models with CC=0.963, and RMSE = 11.242. Overall, as
shown in Figure 4, the Gaussian MFs based ANFIS
model is most suitable for predicting the values of
punching load for the slab.
Comparison of data mining techniques based models
(Table 2 and Figure 5) indicates that Gaussian based
ANFIS models work better than GRNN and ANN based
models. To evaluate the estimating capability of ANFIS,
GRNN and ANN models, agreement, were plotted in
Figure 5 for both training and testing stages. It is
incidental from the plots that the predicted values
produced by Gaussian MF based ANFIS are extremely
close to the actual punching load values.
6. 4. Sensitivity Analysis
A sensitivity study was
performed to find the significant input parameter in the
estimation of punching load in the concrete slab. The
most effective parameters for estimation of Punching

Testing Dataset
GRNN

0.868

3.678

ANN

0.936

-14.446 5038.999

70.986

0.757

ANFIS_trimf

0.960

12.542

42.063

0.915

ANFIS_trap

0.649

-12.103 10204.225 101.016 0.508

1769.297

ANFIS_gbell_mf 0.956

12.223

9260.653

96.232

0.553

ANFIS_gaussian 0.963

1.104

126.377

11.242

0.994

* Highlighted values shows the best performance model
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Figure 4. Evaluation of ANFIS model
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7. CONCLUSION
Based on obtained results, the ANFIS model with the
Gaussian membership functions has a suitable capability
to estimate the Punching shear load. The ANFIS model
also provides better performance than the ANN and
GRNN models. Another major conclusion was that ANN
model works better than GRNN model. Sensitivity
results suggest that the effective depth of slab (d) is the
most significant factor when ANFIS Gaussian
membership function based model is implemented for the
forecast of punching shear strength. Sensitivity
investigation concludes that effective depth of slab (d) is
the most effective parameter in the estimation of
punching load for this data set.
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ظرفیت برش پانچ یک عامل کلیدی برای کنترل شکل سقوط اسلب است .این تنش شکننده که در اتصال ستون اتفاق می
افتد ،برش پانچ نامیده می شود که برای مهندسان جای نگرانی دارد .شایعترین روش در ارزیابی قدرت پانچینگ اسلب های
بتنی ،استفاده از اصطالحات تجربی موجود در کدهای طراحی ساختمان های مختلف است .برآورد بارهای پانچ شامل راه
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اندازی تجربی است که وقت گیر ،غیراقتصادی و همچنین نیاز به نیروی انسانی و مواد دیگر دارد .مطالعه حاضر ،استفاده از
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تکنیکهای داده کاوی را به عنوان جایگزین سابق برای پیشبینی بارهای پانچ در تنوع پارامترهای مختلف نشان میدهد .در
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Artificial Neural Network
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Punching Load

این مطالعه به منظور مدل سازی و برآورد بار مشت زدن اتصاالت ستون های بتونی بتن مسلح ،از روش های مختلف استخراج
اطالعات از جمله سیستم استنتاج نوری فازی ( ،) ANFISشبکه عصبی مصنوعی ( ) ANNو شبکه عصبی مصنوعی () GRNN
برای مطالعه ،یک مجموعه داده شامل  89مشاهدات از ادبیات موجود مورد تجزیه و تحلیل قرار گرفته و به طور تصادفی
انتخاب شده برای توسعه مدل  62مشاهدات استفاده گردید ،در حالی که  27مورد برای آزمون مدل های توسعه یافته مورد
استفاده قرار گرفت .در حالی که نتایج مدل  ANNو  GRNNعملکرد برآورد مناسب را فراهم میکند ،مدل  ANFISبر
اساس عضویت در گاوسی بهترین روش برای تعیین ضریب همبستگی ) )Ccاست .مطالعه حساسیت نشان میدهد که پارامتر
عمق اسلب ) ) dتاثیر بیشتری برای برآورد بار مشت زدن اتصاالت ستون های بتونی بتن مسلح برای این مجموعه داده دارد.
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