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ABSTRACT
Application of group method of data handling (GMDH) to
predict the
capacity of
reinforced concrete
beams
strengthened with CFRP laminate has been investigated in
this paper. The proposed model considers nine parameters
including concrete compressive strength, width of beam,
effective depth, area of tension reinforcement, area of
compression reinforcement, yield strength of steel, modulus
of elasticity of steel, width of CFRP sheet, length of CFRP
sheet. There are fourteen second order polynomials in three
middle layers and an output layer. The coefficients of these
polynomials are determined based on a collection of
experimental laboratory tests, which were collected from the
literature. In addition, 66 datasets were used to estimate
unknown coefficients of the polynomials. To validate the
model, 17 datasets were considered from the collected
database. The results of the proposed GMDH showed that it
can use as a predictive model for determining the ultimate
flexural capacity of reinforced concrete beams strengthened
with CFRP laminates.
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1. Introduction
One of the most important issues in civil engineering is retrofitting of existing structures to
increase their capacity. In this regard, FRP materials are one of the first choices for concrete
structures, because of their strength (Fig. 1). In recent years, the design and analysis of
strengthened elements with FRP [1,2] as well as laboratory studies has been widely investigated
by researchers due to the importance of performance and assurance of the ability of this type of
material for desired purposes. Despite the ability of analytical methods such as finite element,
there are some problems that occur during the analysis of complex elements in these methods [3]
and therefore, it is necessary to another methods that require no complex analysis and calculation
for determining the final capacity of structural elements.

Fig. 1. Stress-Strain diagrams for several types of FRP materials [4].

Despite the high performance of methods such as conventional neural networks or fuzzy systems
in civil engineering[5–18] they cannot consider as the first choice due to the lack of access to a
simple mathematical structure. In this article, Group method of data handling (GMDH) is used to
estimate the ultimate flexural capacity in reinforced concrete beams strengthened with CFRP
laminates. This method is a mathematical model based on second order polynomials that can
determines the optimal output by combining two variables in a few steps [19]. The final equation
can use for the considered prediction and for this purpose, the model is presented in details.

2. Definition of the parameters
In this paper, a collection of the experimental results of RC beams strengthened with FRP is
considered which is published in several researches [20,21,30–36,22–29]. This database includes
83 data that has been used in two groups of 66 and 17 for training and also testing the model.
Table 1 and also Fig. 2 show the details and description of the considered database, inputs of the
model and also the output. It should be noted that these inputs are selected based on try and error
method to find the best structure for the proposed GMDH model.
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Fig. 2. Histograms of the selected variables.

To decrease the interval of the using parameters, the authors use Eq.1 to convert each of
considered variables to a value between 0 to 1.

X1 =

x1 -18
x -100
x -100
x - 71
x - 28
, X2 = 2
, X3 = 3
, X4 = 4
, X5 = 5
37.2
400
400
2342
1581
(1)

X6 =

x6 - 335
x -165
x - 25
x -1200
, X7 = 7
, X8 = 8
, X9 = 9
255
36
455
3600

Table 1
Details of the considered parameters for the proposed model.
Variable

Description

Minimum

Maximum

𝑥1

Concrete compressive strength, MPa

18

55.2

𝑥2

Width of beam, mm

100

500

𝑥3

Effective depth, mm

50.8

419

𝑥4

Area of tension reinforcement, mm2

71

2413

𝑥5

Area of compression reinforcement, mm2

28

1609

𝑥6

Yield strength of steel, MPa

335

590

𝑥7

Modulus of elasticity of steel, GPa

165

201

𝑥8

Width of CFRP sheet, mm

25

480

𝑥9

Length of CFRP sheet, mm

1200

4800

𝑌

Ultimate flexural load, kN

16.1

669.3
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3. Definition of the proposed GMDH model
The proposed GMDH in this paper have five layers (Fig. 3), including input layer, three middle
layer and also one output layer. There are nine nodes in the first layer as inputs. In the second
layer, a combination of each of two inputs makes a node. This layer has seven nodes that are
Eq.2 to Eq.8.

Fig. 3. GMDH structure of the proposed model.

P1 = 0.046 + 0.9118X4 - 0.2235X6 - 0.2927X42 + 0.2956X62 + 0.2317X4 X6

(2)

P2 = -0.007 - 0.0865X3 + 0.2598X8 + 0.3943X32 - 0.2251X82 + 0.6439X3 X8

(3)

P3 = -0.219 +1.1019X4 + 0.8382X7 - 0.3705X42 - 0.6177X72 + 0.1131X4 X7

(4)

P4 = 0.060 + 0.084X3 - 0.2544X9 + 0.2519X42 + 0.2084X92 + 0.1822X3 X9

(5)

P5 = 0.050 +1.2622X2 - 0.5804X6 -1.1992X22 + 0.6732X62 + 0.1461X2 X6

(6)

P6 = -0.036 +1.2767X4 + 0.6731X5 - 3.7431X42 - 5.7456X52 + 7.9044X4 X5

(7)

P7 = -0.108 + 0.1759X1 + 2.1544X2 + 0.0509X12 -1.2811X22 -1.7019X1 X2

(8)

In the third layer, there are four nodes, which are P8,…,P11 (Eq.9 to Eq.12). Each of these four
nodes are a second order polynomial and with two variables, which are determined in the
previous layer.

P8 = -0.014 + 0.3026P1 + 0.7883P2 -1.3212P12 -1.9347P22 + 3.5150P1P2

(9)
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P9 = 0.042 - 0.6569P4 + 0.9389P6 + 2.2137P42 - 0.3087P62 + 0.001P4 P6

(10)

P10 = 0.031+ 0.6130P3 - 0.3945P5 - 0.4186P32 +1.8087P52 +1.1369P3P5

(11)

P11 = -0.029 +1.1590P2 - 0.0388P7 + 0.1120P22 +1.3956P72 -1.4039P2 P7

(12)

There are two nodes in the fourth layer including P12 and P13, which are determined by Eq.13
and Eq.14. The combination of these two nodes creates the last node of the output layer, P.

P12 = 0.003+ 0.9125P8 + 0.0036P9 - 0.3124P82 + 0.9767P92 - 0.4322P8 P9

(13)

P13 = -0.001+ 0.2167P10 + 0.7570P11 + 0.1125P102 -1.4966P112 +1.5521P10 P11

(14)

P = -0.005 + 0.1216P12 + 0.9537P13 - 0.7366P122 - 3.1273P132 + 3.7229P12 P13

(15)

Based on the proposed structure for GMDH, which is showed in Fig. 2, a set of second order
polynomials containing seven, four, two and finally one polynomial for each of three middle
layers as well as the output layer were used. In the last step, the amount of obtained P from the
GMDH should return to its corresponding value as the final output, because this output is the
normal value of the target (between 0 to 1). To do this, the amount of minimum and maximum
values reported in Table 1 are used. The proposed equation as the predictive model of this paper
is Eq.16:

V(kN) = 653.2 P -16.1

(16)

4. Comparison results
A comparison study on the obtained results based on the laboratory datasets, for the considered
database is presented in this section. The error for the 66 training data as well as for 17 testing
data are shown in Fig. 4. According to this figure, the maximum error reported for the proposed
model is 100 kN, which appears to be a reasonable number in comparison with the amount of
whole interval of the output (669.3-16.1=653.2 kN).
For better comparison, Fig. 5 and Fig. 6 are presented for the test and train data. Error mean
(Mean) for train data is 20.64% with standard deviation equal to 22.07 for 66 datasets. Also, it
can be seen from the Fig. 5 that the Mean value for the test data was 25.13% with standard
deviation equal to 30.76 for 17 datasets.
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Fig. 4. Errors for the GMDH model.

Fig. 5. Histogram of errors for the train data.
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Fig. 6. Histogram of errors for the test data.

Plot regressions for the train, test and also all data are illustrated in Fig. 7 to Fig. 9. Also, the
results are compared with the ACI 440. It can be seen from the figures that GMDH had better
results than ACI in many cases. This result showed that the presented equations of this research
can be used as predictive system.

Fig. 7. Regression plot for the train data.
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Fig. 8. Regression plot for the test data.

Fig. 9. Regression plot for all data.

Fig.10 shows the performance of the proposed model against the results of laboratory data as
well as ACI 440. The proposed model seems to have worked very well in some cases, but there
are also more errors than the code in some points. This issue relates to the number of using
laboratory data. In fact, because of the structure of the GMDH which is such that its coefficients
determine based on laboratory data, the higher number of data increase the accuracy of the
model. Also, the high number of parameters considered in this paper for estimating output has
affected on this issue. However, it may be a benefit because the proposed model considers the
more variables than regulations.
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5. Conclusion
The application of group method of data handling (GMDH) is studied in this paper with the aim
of prediction the ultimate flexural capacity of reinforced concrete beams strengthened with
CFRP laminates. Nine inputs including concrete compressive strength, width of beam, effective
depth, area of tension reinforcement, area of compression reinforcement, yield strength of steel,
modulus of elasticity of steel, width of CFRP sheet, length of CFRP sheet were considered to
estimate the output. The proposed GMDH model consists of fourteen second order polynomials
in three middle layer. the obtained results of the proposed GMDH structure indicated that this
model, can be used as a predictive model. The results also compared with ACI 440 and it was
showed that GMDH had suitable output in many cases.

Fig. 10. Comparison between GMDH, ACI 440 and experimental results.
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