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Abstract: The phenomenon of swelling is one of the more complicated geotechnical problems that
the engineer have to deal with. However, its quantification is essential for the design of structures
and various methods can be applied to the identification of this phenomenon. Some, such as
mineralogical identification and direct measurements of swelling, are more or less long and require
very specific equipment. However, there are other methods that offer the advantage of being
relatively fast and lesser expensive: they are based on soil mechanics parameters. Using these
parameters, several authors have introduced soil swelling prediction models, mostly in the form of
classifications and empirical formulas. This work concerns in the first part the identification and
classification of the swelling potential of two clays located in north-western Algeria. Followed by a
statistical analysis carried out to test the reliability of the observations for the estimation of the
pressure and the swelling amplitude using a multiple linear regression.

A second part is devoted to the development of a prediction method by artificial neural networks
allowing the estimation of swelling parameters (pressure and amplitude) by minimizing the
difference between the experimental measurements and the numerical results. Modeling by artificial
neural networks is of great interest in the field of prediction. The application of two networks makes
it possible to obtain good forecasts of the swelling parameters.

Keywords: swelling; pressure-amplitude; estimation; multiple linear regression; neural networks

1. Introduction

Swelling parameters such as pressure and amplitude are the most important soil parameters that
are used for design in geotechnical engineering work. Having the ability to prevent the swelling
of the soil during the reconnaissance campaign would greatly assist the engineers in their choice
of foundation type.

However, estimating the behaviour of expansive soils is very complex. To overcome with these
complications, several approaches have been developed by researchers. Apart from the long and
expensive direct methods of identification, statistical methods have been characterized by swelling
soils since the 1960s.

A review of the literature reveals a significant number of empirical approaches developed for
identifying and characterizing the swelling phenomenon.

The most used are: Altmeyer [1]; Seed et al. [2]; Ranganatliam and Satyanarayana [3]; Komornik
and David [4]; Vijayvergiya and Ghazzaly [5]; Dakshanamurthy and Raman [6]; Williams and
Donaldson [7]; the Building Research Establishment [8]; Snethen [9]; Chen [10]. Other
researchers have tried to provide additional information on the behavior of swelling soils by
establishing new models, Basma A.A [11]; Al-Shayea N.A [12]; Isik Yilmaz [13] and Djedid A.
et al. [14]; Omiir C. et al. [15].

These models could allow us to estimate the behaviour of swelling soils according to
physicochemical identification parameters that are simple to implement, such as Atterberg limits
and particle size.

The development or adjustment of such models requires a prior knowledge of the nature of the
relationships between the data whose behaviour depends on many external factors of composition



12

and environment. The interactions of these factors are difficult to establish solely by traditional
statistics methods because of their interdependence.

Given the complexity of the phenomenon, the process to follow becomes a little more complex,
modelling through powerful numerical techniques of this phenomenon is a good approach to solve
this problem and obtain better results.

One of these techniques is the artificial neural network (ANNs), which presents a form of artificial
intelligence; it is a simplified mathematical model of the biological nervous system. ANNs learn
examples of data presented to them to capture the subtle functional relationships between the data
and allow to integrate the nonlinear behaviour of materials in the analysis of soil systems that
present extreme variability. ANNSs are therefore well suited to modelling the complex behaviour
of the swelling phenomenon.

The use of ANNSs in recent years has been increased in all science and technology disciplines.
Also, ANNs have been successfully applied to many geotechnical engineering applications.

Many researchers have used ANNs for modelling the behaviour and solve problems related to
swelling soils. Najjar YM and Basheer IA [16-17] used ANNs to model swelling and concluded
that the ANNSs technique performed better than multivariate regression analysis. Basma AA et
al. [18], model the amplitude of swelling of a clay as a function of time using ANNs. Meisina
C and Najjar Y [19], used ANNSs to estimate the shrinkage-swelling of an Italian clay, and the
results were better than traditional mathematical modelling, showing the effectiveness of the
ANNSs technique. Moosavi M et al. [20], modelled the cyclic swelling pressure of sludge rock,
using ANNSs. Erzin, Y. [21] investigated the behaviour of swelling pressure as a function of soil
suction, using artificial neural networks. Doris JJ et al. [22] used ANNs for the prediction of
vertical surface movement of soils due to shrinkage-swelling. Bekkouche A [23], Ashayeri I et
al. [24] and Aissa Mamoune SM [25] estimated the amplitude and swelling pressure of
unsaturated clays using ANNs. Banu Ikizler S ef al. [26], also estimated the swelling pressure
of expansive soils with ANNS.

The growing interest of geotechnical engineers in neural networks is due to their excellent
ability to model nonlinear problems with multiple variable. Neural networks can capture non-
linear interactions between variables and produce reasonably accurate forecasts. Compared to
other conventional methods, this has the advantage of being immediately updated as new results
are accumulated.

This article consists of two parts. The objective of the first part is to estimate the swelling
parameters, using statistical analysis, in particular multiple linear regression analysis. This study
presents the application of a method of multiple analysis for the estimation of the swelling of two
clays located in north-western Algeria from physicochemical identification parameters determined
in the laboratory. Correlation equations obtained from multiple regression analyses have been
shown to be reliable in practical situations.

In the second part, Artificial Neural Networks (ANNs) are used to predict the pressure and the
swelling amplitude of the two clays from two different sites in north-western Algeria. To do this,
two ANNs models have been developed to predict swelling parameters using experimental
geotechnical identification results. It has been found that the predicted values are quite close to the
calculated values. In addition, two performance indices such as the coefficient of determination
and the mean squared error were calculated to check the prediction capacity and accuracy of the
developed ANNs models. Built ANNs models have shown high predictive performance and
indicate that there are strong correlations between soil properties and swelling parameters. The
results demonstrate that the developed ANNs models can be used at the preliminary design stage.
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2. Geographical and geological situation of the studied soils

Our study was carried out on two clays of north-western Algeria, the first is from Mascara (north-
west of Algeria) (Fig. 1) in an active area of swelling. It comes from the site of the project of
realization of penetrating, connecting SIG with the east-west highway. The second clay is located
in the group Chetouane Mansourah Tlemcen (extreme northwest of Algeria). The two soils are
made of the marly clays of the Miocene basin.
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Fig. 1 - Geographical situation of the studied soils

3. Identification of the swelling of the studied soils

In the preliminary reconnaissance phase, the identification of the swelling potential of a given soil
is essential; it will enable the engineer to choose the foundation type to be adopted and guides him
towards the tests to be carried out during the thorough reconnaissance.

In Algeria, several authors have tested methods to estimate the swelling potential at several local
sites [14, 27-30]. The application of these methods generally confirms the qualitative prediction
of swelling.

3.1 Qualitative identification of swelling

In order to identify the swelling potential of soils, several authors have linked it to one or more
elementary geotechnical identification parameters, as proposed by Seed et al. [2]; Snethen [9]; the
Building Research Establishment [8] and Chen [10]; and as shown in Table 1, These classifications
are based on the percentage of the clay fraction, the liquid limit and the plasticity index.

Table 1
Empirical approaches between physicochemical characteristics and swelling
Seed, Woodward and Lungreen (1962) Snethen (1980)
Swelling Potential Sp (%) PI (%) Swelling Potential PI (%)
Low 0-15 0-10 Vegi;hlgh =2
Medium 1.5-5 10 -20 Medium 22-32
High 5-25 20-35 Low <18
BRE (1980) Chen (1988)
Swelling .
PI (%) C(%)<2um | Swelling Potential | C(%)<74um | LL (%) | Pressure | SWelling
(bars) Potential
>35 > 95 Very High > 95 > 60 10 Very High
22-35 60 -95 High 60 - 95 40 - 60 25-5 High
18 -22 30-60 Medium 30-60 30-40 1.5-25 Medium
<18 <30 Low <30 <30 <0.5 Low
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Other authors use abacus to classify swelling soils.

Seed et al (1962), Williams et Donaldson (1980), proposed a method for estimating the swelling
by reference to soil clay content and activity. Vijayvergiya and Ghazzaly, Dakshanamurphy and
Raman (1973), use the Casagrande diagram. On this abacus are placed the representative points of
the soil samples of Mascara and Tlemcen. (Fig. 2).
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Fig. 2 - Determination of the swelling potential using the different classifications

These classifications were applied to our clays, and according to the available geotechnical
identification parameters, these indirect estimations all revealed the existence of the risk of
swelling for the studied soils.

The Table 2 summarizes the results of the various estimation methods used to classify the swelling
potential of the studied clays.
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Table 2

Swelling potential of soils examined by different classifications

Seed, o e -
Woodward The Building Dakshanamurphy Williams
and Snethen Research Chen and Raman and
Establishment Donaldson
Lungreen
Clays of High and Medium
Mascara | medium to u . . Medium Medium
and high to High High High to High to High
Tlemcen

3.2 Quantitative estimation of soil swelling parameters

From the same geotechnical parameters used in the classification of swelling soils, an estimation
of the swelling parameters (Pressure and Amplitude) is possible by using the empirical correlations

proposed in the literature.

To appreciate the reliability of these models, they were applied to clays of Tlemcen and Mascara.

A large discrepancy between the estimation results obtained is noted (Table 3). As a result, these
prediction models are inapplicable for estimating the swelling parameters of the studied soils. Even
adjusted, the difference between the estimated values and those measured remains very high.

Results of adjusted swelling models

Table 3

Mathematical R? (Between 5 .
Models Expressions estimated and measured R® (Adjusted models)
Seed et al. (1962) [2] Sp =2.16x1073x P[*#* 0.077 0.081
Sp=09+21xPI 0.081 0.081
Komornik and David
(1969) [4] Log Ps = -2.132 + 0.077 0,086
0.0208 x ) ’
1.45
Sp = 2.29)([0_2)(7 PI X 0.089 0.092
C/W + 6.39
Nayak and Christensen
(1971) [31] Ps =3.5817x107x

112 2 2 0.004 0.067

Pl xC/W +3.7912
Log Sp :5((5)'2“2“ W 0.016 0.016

Vijayvergiya and 3)
Ghazali (1973) [5] _ )

Log b= 3(06')4/’;ZLL W= 0.085 0.025

- (0.9xPI/W-
Weston D.J (1980) [32] | P =27 ’ffg 0.048 0.095

_ 0.08381 x
Chen F.H (1988) [10] | P = 02338 x(© 0.067 0.080

Sp = 6.4x10%x PI "3 x
Basma A.A (1993) [11] 147 0.080 0.082
Al-Shayea N.A (2001) [12]|  Sp = 0.55x C- 8.25 0.031 0.031
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4. Multiple linear regression (MLR)
In order to better estimate the swelling character of the two clays, a regression analysis was carried

out to search for more significant parameters and develop new swelling prediction models specific
to the studied clays, which will be more reliable with the minimum of errors.

The general form of the theoretical model of multiple linear regression is written as follows [33]:

Y:A0+A1X1+A2X2+. . .+Aan+8 (1)
with:

Y - Dependent variable (explained);

X1,...Xn - Independent variable (predictor);

Ao,...An - Model parameters estimated using the least squares method;
€ - Residue.

The quality of fit is assessed using the correlation coefficient R.
4.1 Statistical analysis of geotechnical data

For a good estimation of the pressure and the amplitude of swelling of the studied clays, a proper
choice of factors is necessary; for that, the elaboration of a data base including the elementary
parameters relating to the studied soils was made.

Then a statistical analysis on the available data was carried out in order to test the
representativeness by variable to look for specific models to these soils.

The following Table 4 represents the global population studied, where Z, C, W, LL, PI, A and VY4
respectively represent the depth (in m), the clay content (in%), the natural water content (in%), the
liquid limit (in%), the plasticity index (in%), the activity, the dry density (in kN/m?), the swelling
pressure (in bars) and the swelling amplitude (in %).

Table 4
Statistical analysis of Geotechnical data of the studied soils
Log Log
Z C W LL PI1 A Ya Ps Ps Sp Sp
Nbr q 90 90 90 90 90 90 90 90 90 65 65
Observations

Minimum | 1.00 |28.00 | 12.09 | 34.50 { 22.00 | 0.39 [ 1.29 | 0.6 | -0.22 | 0.15 | -0.10
Maximum | 11.80 | 79.00 | 34.17 | 90.40 | 60.36 | 1.58 | 2.05 | 8.88 | 0.95 | 15.2 | 1.18
Mean 4.66 | 59.34 | 21.09 | 64.27 | 39.33 | 0.72 | 1.71 | 2.79 | 036 | 5.52 | 0.63

Stal.ldz.lrd 309 [13.36| 5.13 [ 12.16 | 892 | 0.20 | 0.15 | 1.69 0.27 391 | 0.35
deviation
VaCr;):tfi-on 66.42%23.72%(24.34%|18.92%22.68%|28.79%9.19%60.61%)|74.23% (70.78%55.70%

The analysis of this table gives us an idea about the dispersion of the studied parameters. The
pressure and the amplitude of swelling are the parameters which vary the most with high
coefficients of variation (60.61% and 70.78% respectively). Some parameters are more or less
scattered such as: the clay fraction (coefficients of variation: 23.72%), the activity (28.79%) and
the natural water content (24.34%), which explains the difficulty of determining the swelling
parameters compared to other identification parameters.

Besides, we note that the average percentage of fines is 59.34% (> 50%), which indicates a
significant presence of clay in the studied soils.
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Based on the statistical analysis and according to the R-adjusted graphs (Figs. 3 and 5), the models
given below have been developed; they are considered best appropriate for the prediction of
swelling pressure (Table 5) and amplitude swelling (Table 6) of studied clays.

4.2 Proposed models for swelling pressure
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Fig. 3 - R-squared Variations depending on the number of Variables for the swelling pressure

The R? adjusted pressure and amplitude graphs give the number of coefficients to be used for
model development based on the R-adjusted. In our case, we note that for the two parameters of
swelling (pressure and amplitude), the use of at least four coefficients would be enough to obtain
better correlations (Figs. 3 and 5).

Table 5
Proposed models for the swelling pressure
N° MLR Models Results
Ps=-5599-0.153xZ+0.034xC+0.145x W + 1_ o
1 2.374x Y R*=41.81 %.
2 Log Ps =-0.520-0.023xZ+ 0.023 x W+ 0.010 x PI R = 52.46 %

-0.384x A+ 0.214x Va

For the swelling pressure, the two models developed give remarkable differences between
measurements and calculations with R?= 41.81% for Ps and R?= 52.46% for Log Ps (Table 5),
(Figs. 4 (1)-(2)).

Similarly, for amplitude, the R? varies from 58.04 % to 57.78 % for Sp and Log Sp respectively
(Table 6), (Figs. 6 (1)-(2)).

The reason is that the model estimates the pressure for two different clays at the same time. This
makes modelling more complex, as well as other parameters not considered in the calculations,
such as the grain size of the soil [34], the nature of clay minerals, the shape of the particles, and
their structural arrangement, which can significantly affect soil swelling.
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Fig. 4 - The cross-correlation between predicted and measured values of swelling pressure



4.3 Proposed models for swelling amplitude
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Fig. 5 - R-squared Variations depending on the number of Variables for the swelling amplitude

Table 6
Proposed models for the swelling amplitude
Ne MLR Models Results
= - + - +
1 Sp 3.978 0.775x§1609.i8;;C 0.258x W R = 58.04 %
= _ - —+ - +
2 Log Sp 0.493 0.0265);3Zx y06.1017x C-0026xW R2=57.78 %
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Fig. 6 - The cross-correlation between predicted and measured values of swelling amplitude

The multiple regression modelling of the forecast model coefficients allowed a slight improvement
in the computational results.

Given the observed discrepancies between the observed swellings and the results of the statistical
calculations, and because of the complexity of the swelling phenomenon, non-linear regression
analysis was performed using artificial neural networks to better adjust the models to the studied
clays. This analysis aimed to find new prediction models with optimal values of correlation
coefficients between measurements and calculations.

5. Artificial neural networks

Artificial neural networks are mathematical models composed of strongly connected nodes. They
develop a complex input model with a complex output model [35-36]. The power of neural
calculus comes from the massive intercommunication of neurons and the adaptive nature of the
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weights that connect all neurons. These have proved very useful in learning complex relationships
between multidimensional data.

There are several types of networks, the latter differ essentially in the architecture and rules of
learning and organization. The most commonly used networks are multilayer perceptrons qualified
by inverse propagation algorithms. These are simple, robust and very powerful in identifying the
model and classification.

5.1 The artificial neuron

The architecture of a neural network and the structure of an artificial neuron are represented in
Fig. 7. The input values (x1, X2, ..., Xn) and the weights associated with the inputs (wj1, wjz, ..., Win)
are the variables of the activation function that determines the activation value of the neuron. This
activation value is then passed as an argument to the output function, which determines the output
value of the neuron, yj. The additional input (y) is used to indicate to the neuron the expected
output value so that the neuron can correct its weight to approach this value.

. ZQQ\(IL)
X,

- ; Wy v

2 r:>© 7 \O=>__v, X, __\,:2\‘
X, = O KD : wEigms/' ?\ I-’ ﬂlj) ¥; =AL)

’ : O/O:.b-"n ;;/' 1,=8,+ gwﬁ’k \y
- ‘.:boé/ Somis " Processing element

Hidden yer

Input Layer
Layer

Fig. 7 - Typical structure and operation of ANNs [37]

The result of this combined summation is passed through a transfer function (e.g. logistic sigmoid
or hyperbolic tangent) to produce the output of the processing element. For node j, this process is
summarized in Equation 2 as illustrated in Fig. 7.

n

Ij= ej+z Wii Xj @)
i=1

where

Ij - the activation level of node j;

Wii - the connection weight between nodes j and i;

X - the input fromnode 1,1=0, 1, ..., n;

0j - the bias or threshold for node j;

Yj - the output of node j; and

f(Ij) - the transfer function.

In this work, we use the Levenberg-Marquardt error backpropagation algorithm with networks of
3 to 8 layers of neurons. The transfer function applied is of sigmoid type (Equation 3).

1
JA)=—75 3)

] +€_a([./)
where: o is a constant used to control the slope of the semi-linear region. This function transforms
the interval [—o0; +oo] to [—-1; +1].
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5.2 Training of developed models

Two prediction models were developed ANN 1 to predict swelling pressure, ANN 2 for swelling
amplitude. To develop these models, we presented to the input networks the values of seven
calculated geotechnical identification parameters of the two clays, these parameters are, the depth,
the percentage of the clay fraction, the natural water content, the limit of liquidity, the plasticity
index, the activity and dry density. The pressure and the swelling amplitude represent the output
parameters.

A first step is to test the models developed with the learning data, then to validate these models,
we introduce in the model samples that were not considered during the learning process. In this
work 90 sets of data from both Mascara and Tlemcen clays were used for the swelling pressure
and 65 for the swelling amplitude, 70% of the data were chosen for training and the remaining
30% were selected as a validation and testing set. The network structure is optimized to obtain a
good forecasting capacity (Table 7).

During training, an evaluation of network performance is done as they try to find the optimal
weight set. The mean square errors (MSE) (Equation 4) and the correlation coefficient (R)
(Equation 5) are calculated.

Mean Squared Error is the average squared difference between outputs and targets. Lower values
are better. Zero means no error.

Regression R Values measure the correlation between outputs and targets. An R coefficient value
close to 1, means a better estimation.

1 N
MSE= 2 (V-Y,F @)
o DD )

o ey
Where
Y, Yj - denote the observed values and predicted values by ANN;

Y, Y; - are the mean of Y, Yj respectively;

N - represents the number of data.

Table 7
Parameters of the various developed models by ANN
Networks Number of INPUTS Hidden Layer g%?'l’;‘gT"sf
ANN 1 (Ps) 7x90 8 1x90
ANN 2 (Log Sp) 7 x 65 3 1 x 65

The results of the two models ANN 1, ANN 2 are plotted in Figs. 8 - 10 respectively, where the
measurements are plotted on the abscissa and the estimated values by the different models on the
ordinate.

The errors results between targets and outputs by ANN’s models are given in figures 9 and 11 for
swelling pressure and swelling amplitude respectively.

In the training phase, a better correlation between measured and estimated swelling parameters
has been obtained (Table 8). For the swelling pressure, the ANN 1 estimates a high correlation
coefficient (R) of 0.96 with a low mean square error (MSE) of 4.79. For swelling amplitude, the
ANN 2 estimates a correlation coefficient (R) of 0.95 with an MSE of 0.018.
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Table 8

ANN 1 (Swelling pressure) ANN 2 (Swelling amplitude)
Networks
Training | Validation | Testing | Training | Validation | Testing
R 0.96 0.93 0.88 0.95 0.92 0.85
MSE 4.79 3.84 6.95 0.018 0.035 0.064

5.3 Validation and test of developed models

For the data used for the validation and testing steps of the two developed models, the obtained
results are almost perfect for both swelling parameters.

For swelling pressure, the values coefficient of correlation (R) and mean square error (MSE) from
validation and testing set in ANN 1 were found as 0.93, 3.84 and 0.88, 6.95 respectively as seen
in figure 8. For swelling amplitude, the ANN 2 estimates a correlation coefficient (R) and mean
square error (MSE) of 0.92 and 0.035 for validation and of 0.85 and 0.064 for testing (Fig.10).

Validation: R=0.8373

Training: R=0.96725

Test: R=0.88301
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The resulting model is written as in equation 6:

Output=Y =b2 + LW x tanh (b1+ IW x X);

Where:
- = ~ ™
bl =net.b{l} 12035
-1.2436
1.9756
-0.6244
-0.2664
0.7882
-0.4898
1.8043
- _/
b2 =net.b{2}= [ -0.5591]
(
1.0899 0.7595 1.2295
0.3928 -0.4123 0.4403
1.5864 2.2928 -0.9620
IW=net.IW{l,1}= 1.3283 0.8099 -0.4464
-0.1246 0.0693 -1.3103
-0.9090 -1.1711 -0.1005
-0.2867 -0.5950 0.2577
1.1026 -0.6123 1.0680
-

-0.0204
0.7275
-0.8038
0.6659
0.1370
0.7263
1.5141
0.3120

1.6390 0.2143
1.1471 -1.1596
0.2992 -1.9316
-0.2023 0.9781
1.3769 -0.6902
-0.2349  0.5652
1.1440 0.1505
0.0449 -0.4476

LW =net.LW{2,1}=[ 0.5626 -1.4009 0.6497 -0.3230 -0.9761 -0.7114

-0.9365
1.0033

-0.1817
0.3683
0.7584
-0.8565
1.9128
0.3157

1.3490
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Fig. 10 - Training, Validation and Test of the ANN 2 model for estimating the swelling amplitude
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The resulting model is written as follows:

Output=Y = b2 + LW x tanh (b1+IW x X) ;

where :
1.7314
bl =net.b{1}= -1.3623
-0.6479

b2 = netb{2}= [0.8212]

-0.9548 -0.8313 1.1447 0.3502 1.1063 0.0097 -0.5818
IW =net.IW{l1,1} = 1.1075 0.2075 -0.9515 -1.4053 0.2928 0.2123 -0.5234
0.5426 -0.4923 0.4791 0.1872 1.1964 -0.1515 1.1180

LW =netLW{2,1} = [0.7278 0.8342 0.2733]

6. Results

The results obtained by prediction models using artificial neural networks give the following
observations:

The first model ANN 1 is highly representative; the values obtained are quite close to those
measured with a global correlation coefficient equal to 92.91%.

For the ANN 2 model, the results are also reliable (R = 91.25%) with only small discrepancies
observed between the direct measurements and the calculations.

The use of ANN significantly improved the estimation of swelling parameters relative to multiple
linear regression with an increase in prediction quality of 51.10% for pressure and 33.47% for
amplitude.

The efficacy of the developed models by ANN in this study for predicting swelling parameters of
expansive soils is much better than those developed by MLR. This performance has been
demonstrated by many geotechnical researches for the estimation of swelling parameters [25, 26]
and by other civil and environmental engineering works for the estimation of various parameters
[38-45].

The models obtained by ANN can be used to obtain approximate values of the swelling parameters
of sites with similar physical properties.

7. Conclusion

Empirical models are indirect techniques for predicting the swelling potential of a soil. These
techniques are used for the identification and classification of swelling soils.

The development of multiple linear regression models for estimating the swelling parameters of
the two clays of north-western Algeria (Mascara and Tlemcen) was made.

The results showed that prediction models based on statistical analysis can be used satisfactorily
to obtain the swelling pressure and swelling amplitude of the studied soils and can reduce the
number of direct swelling tests to be performed during the extended reconnaissance phase.
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Artificial neural networks are methods of approximating complex systems, particularly useful
when these systems are difficult to model, using conventional statistical methods.

The existence of a model able to consider all the aspects of the behaviour of a soil would be very
complex.

However, the applicability of neural networks has been studied for the prediction of swelling
parameters using the measured data of our clays. The predictive ability of these models has been
tested. The results obtained show a great interest in the use of neural networks for estimating
swelling parameters. Thus, their use can help solve complex problems and reduce the number of
laboratory tests so that cost and time are saved.
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