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ABSTRACT

ARTICLE INFO

The prosperous palm oil industry continues to generate increasing amount of palm
oil fuel ash which disposed as environmental polluting waste. Thus, research was
conducted to investigate the effect of ground palm oil fuel ash as partial fine aggre-
gate replacement towards properties of sand cement brick. Series of mixes were pre-
pared with 0%, 5%, 10%, 15%, 20% and 25% ground palm oil fuel ash partially sub-
stituting the river sand. Two types of curing methods were applied namely water and
air curing. The bricks were subjected to compressive strength, flexural strength and
water absorption test at 28 days. The results show that utilization of 15% ground
palm oil fuel ash as fine aggregate replacement increases the brick strength. The poz-
zolanic reaction and filler effect of the finely ground ash makes the concrete internal
structure denser resulting in strength enhancement. The use of ground palm oil fuel
ash in brick production would reduce amount of palm oil waste disposed, save the

Article history:
Received 26 July 2018
Accepted 25 August 2018

Keywords:

Ground palm oil fuel ash
Fine aggregate replacement
Sand cement brick

Air curing

Material properties

use of land for dumping purpose and decrease quantity of river sand mined.

1. Introduction

In Malaysia, both construction trade and palm oil in-
dustry contribute to the development of the country. The
increasing population calls for more construction of fa-
cilities. Sand cement brick is one of the materials which
widely used in building construction. The increasing
brick production also raises the sand mined from the
river. Extreme river sand mining tends to destroy the
river vegetation and disturbs the habitats of fauna. Fi-
nally if the situation continues, it causes reduction of the
aquatic life population threatened to extinction. The ad-
verse effect of river sand mining towards the environ-
ment and topographical of river is pointed out by previ-
ous researchers, Sathiparan and De Zoysa (2018). Thus,
exploration of alternative material to be used as fine ag-
gregate replacement is one of solution to reduce high de-
pendency on natural river sand supply. Converting the
available local waste material to be used as fine aggregate

for construction material production would be benefit-
ting the environment and community surrounding.

At the same time, palm oil industry which continu-
ously expanding generates plentiful waste over the year.
The industry which begins with a small commercial
plantation in Kuala Selangor in 1917 has flourished im-
mensely reaching to a total of 5.81 million hectares plan-
tation area all over the country in 2017 (Khusairi et al,
2018). Along with the increasing production of palm oil,
this industry also generates a large amount of by-prod-
uct which disposed as environmental polluting waste.
One of the wastes is palm oil fuel ash (POFA), a light ash
particles formed during the combustion of palm oil fibre,
empty fruit bunch and shell for energy generation at the
mill. In practice, this waste is thrown at allocated dump-
ing site within the palm oil mill area and it pollutes the en-
vironment. The environmental pollution due to dumping
of this waste was highlighted by previous researchers
Aprianti (2017) and Muthusamy et al (2018). Continuous
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disposal of this material would lead to accumulation of
the waste consuming larger dumping area and more pol-
lution which is unhealthy for surrounding community.
Realizing the need for cleaner and sustainable envi-
ronment, many researchers namely Awal and Hussin
(1997), Chinaprasirt et al. (2007), Ismail et al. (2010),
Zeyad et al. (2013), Megat Johari et al. (2012), Awal and
Shehu (2015), Muthusamy et al. (2015), Ul Islam et al.
(2016), Salami et al. (2018) Al Subari et al (2018) suc-
cessfully integrated POFA as partial cement replacement
owing to its pozzolanic properties and produces con-
crete with enhanced properties. There are few research-
ers Mat Yahaya et al (2016), Wan Ahmad et al (2017)
used POFA as fine aggregate replacement in concrete
production. However, very limited research is available
on the performance of sand cement brick produced us-
ing POFA as mixing ingredient. Thus, the present study
investigates the effect of ground POFA as partial fine ag-
gregate replacement on properties of sand cement brick.

2. Experimental Details

The brick composition mainly consists of three types
of materials namely cement, water and local river sand.
Ordinary Portland cement (OPC) from a single source
was used throughout the experimental work. Tap water
was used for mixing and curing purposes. Palm oil fuel
ash (POFA) was obtained from a palm oil mill located in
East Coast of Peninsula Malaysia. POFA was collected
from an open dumping area at mill as illustrated in Fig.
1. Then, it was oven dried for 24 hours. After ensuring
the ash is free from foreign particles, it was ground to be
fine to enhance it pozzolanic effect before keeping it in a
closed container.

A ORI IR 5 ? # & e

Fig. 1. Palm oil fuel ash disposal space at the mill.

Six types of brick mixes with the dimension size of 210
x 100 x 65 mm were prepared. The control brick specimen
was prepared with 0% palm oil fuel ash (POFA). The rest
four mixes of brick were prepared by replacing the per-
centages of POFA from 5%, 10%, 15%, 20%, and 25% by
the weight of the sand. The brick mixing work were con-
ducted using a mixing machine to ensure a uniform mix.
Then, it is filled in the mould, compacted and left over-
night before demoulded the next day. All specimens
were subjected to air curing as shown in Fig. 2. All of the
specimens were tested for compressive strength, flex-
ural strength and water absorption test. All tests were
conducted in accordance to ASTM C55 (2017).

Fig. 2. Sand cement bricks subjected to air curing.

3. Results and Discussion
3.1. Compressive and flexural strength

Figs. 3 and 4 show the compressive strength and flex-
ural strength result of specimens subjected to different
curing. The strength performance of all specimens con-
tinues to increase as the curing age become longer. This
is attributed to the high humidity condition of the tropical
weather which allows extended time for water retention
in the brick in contrast to exposure in dry weather which
would speed up water evaporation. The moist condition
enables the occurrence of chemical reaction for C-S-H gel
production which is vital for strength enhancement of the
brick. Similar observation has been reported by previous
researcher Shafigh et al. (2013) who used other types of
pozzolanic material as mineral admixture in lightweight
concrete. Looking at the effect of ash content, it is ob-
served that replacement up to 20% POFA successfully en-
hances the brick strength. However, the highest strength
performing brick is the one produced with 15% POFA.
Generally, strength of the specimens increases due to the
pozzolanic reaction and the ability of fine ground POFA to
fill the voids inside the specimen making it more compact
and stronger. However incorporation of 25% POFA
causes reduction in the brick strength. The use of POFA
in higher amount reduces the workability of mix and
makes it difficult to be compacted which produces brick
with higher number of voids and lower strength. Conclu-
sively, the use of ground palm oil fuel ash at suitable per-
centage improves the strength of sand cement brick.
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Fig. 3. Compressive strength results of brick with ground POFA content up to 60 days.
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Fig. 4. Flexural strength result of brick with ground POFA content up to 60 days.

3.2. Water absorption

Fig. 5 illustrates the water absorption of brick con-
taining various ground POFA content. Evidently, use of
POFA affects the water absorption of the brick. The wa-
ter absorption of the bricks reduces when POFA is inte-
grated up to 15%. This is believed to be due to the func-
tion of the ground ash in forming a denser internal struc-
ture of the brick. The positive role of fine POFA in terms
of voids filling capability has been pointed by previous
researcher Abdul Awal, (1998). However, use of higher
content of POFA of 20 and 25% dramatically increases
the water absorption. Therefore, it is recommended that
the use of POFA as fine aggregate replacement in sand
cement brick should be limited not more that 15%.

-

. Conclusions

The following conclusions can be drawn from the results:
With regard to compressive strength and flexural
strength, water cured brick containing 15% ground
palm oil fuel ash as partial fine aggregate replacement
recorded the highest strength of all specimens.
Utilization of ground POFA up to 15% contribute in
reduction of the brick water absorption percentage.
The thermal conductivity and fire resistance perfor-
mance of sand cement brick containing ground POFA
is among the properties that remains to be explored
in future research.

The present research founds that ground POFA could
be a prospective material as a partial sand replace-
ment material for sand cement brick production.
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Fig. 5. Water absorption result with ground POFA content at 28 days.
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ABSTRACT

ARTICLE INFO

Concrete is a highly complex composite construction material and modeling using
computing tools to predict concrete strength is a difficult task. In this work an effort
is made to predict compressive strength of concrete after 28 days of curing, using
Artificial Neural Network (ANN) and Genetic programming (GP). The data for analy-
sis mainly consists of mix design parameters of concrete, coefficient of soft sand and
maximum size of aggregates as input parameters. ANN yields trained weights and
biases as the final model which sometime may impediment in its application at oper-
ational level. GP on other hand yields an equation as its output making its plausible
tool for operational use. Comparison of the prediction results displays the result the
model accuracy of both ANN and GP as satisfactory, giving GP a working advantage
owing to its output in an equation form. A knowledge extraction technique used with
the weights and biases of ANN model to understand the most influencing parameters
to predict the 28 day strength of concrete, promises to prove ANN as grey box rather
than a black box. GP models, in form of explicit equations, show the influencing pa-
rameters with reference to the presence of the relevant parameters in the equations.
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1. Introduction

Concrete is a material with a mix of main constituents
Cement, Aggregates and water. The properties of con-
crete depend on various parameters including the non-
homogeneous nature of their components, different
properties of various materials used and also the contra-
dictory effects of some materials on the overall concrete
performance. The strength of concrete are thus functions
of relative magnitudes of these various concrete mixes.
To ascertain the strength of concrete with use of these
materials need extensive testing and time (28 day being
standard) (Shetty, 2005). A need thus arises to use soft
computing tools in prediction of concrete properties
with acceptable performance which can reduce the con-
sumption of materials and save time. Development of
models using relevant soft computing tools can also help
in designing the appropriate mix proportions for a re-
quired grade of concrete thus leading towards economic
utilization of materials. Many researchers earlier have

made an attempt to predict strength of concrete and
other properties using techniques like Artificial Neural
Network (ANN) (Mukherjee and Sudip, 1997; Meltem et
al, 2008; Ni and Wang, 2000; Ahmet et al, 2006; Gor-
phade et al, 2014), Genetic Programming (GP) (Gan-
domia et al. 2014; Saridemir, 2010), Fuzzy systems etc.
(Khademi etal. 2016; Khademi etal. 2017; Behfarnia and
Khademi, 2017). ANN has been used in predicting the
stress-strain behavior of concrete and ANN understands
the relationship and the performance was superior to
the existing mathematical models (Mukherjee and Sudip,
1997). ANN, Multiple Linear Regression (MLR) and
Abram’s law were used to predict concrete strength with
input parameters as concrete mix proportions, Fresh
Density and 7-days compressive strength, showing that
MLR models are better in strength prediction of concrete
than ANN models for models which include only the con-
stituent materials and fresh concrete data and with early
strength data in two models better prediction of strength
by ANN models was seen (Meltem et al., 2008). ANN
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technique was used to predict the compressive strength
of concrete with input parameters as water cement ratio,
grade of cement, water dosage etc. The study shows that
strength of concrete is direct proportion to the dosage of
cement. Slight influence of sand to aggregate ratio on
strength can be seen. Rules obtained by ANN models are
consistent with those by laboratory work and exhibit
good performance (Ni and Wang 2000). The applicabil-
ity of ANN to predict the CS and slump of high strength
concrete can be seen with ANN model with input param-
eters as water to binder ratio, fine aggregate ratio, water
content, fly ash content etc. ANN shows reasonably good
predictions with Rz values as 99.8% and 99.25% in train-
ing set and 99.93% and 99.34% in test set for CS and
slump, respectively (Ahmet et al., 2006). Prediction of
the strength characteristics and workability and Young’s
modulus of High performance concrete was done using
Genetic Algorithm based neural network models with an
accuracy of about 95% (Gorphade etal. 2014). Linear ge-
netic programming (LGP) technique was used in predict-
ing strength capacity of Reinforced Concrete (RC) beams.
The proposed design equation displays reliable estima-
tions of the strength capacity of RC beams without stir-
rups and is also capable of capturing the underlaying
physis of the same. The LGP model displays better out-
comes than the existing building codes (Gandomia et al.
2014). Saridemir (2010) developed two models using
gene expression programming (GEP) approach for pre-
dicting compressive strength of concretes with rice husk
ash at the various ages from 1 to 90 days. The models in
results for the testing and validation stages shows a good
generalization capacity and low error values (Saridemir,
2010). Fuzzy Interference system and Regression analy-
sis was also used to predict strength of concrete, dis-
placement determination of reinforced building
(Khademi et al., 2016; Khademi et al., 2017; Behfarnia
and Khademi, 2017). Literature review thus signifies
that ANN and GP are used in predicting strength but the
use of properties of materials as additional input param-
eters and knowledge extraction from the weights and bi-
ases of ANN has been seldom done and discussed. The
aim of the present study is thus to develop models pre-
dicting strength of concrete at 28 day with various input
parameters, using soft computing techniques i.e. Artifi-
cial Neural Networks (ANN) and Genetic Programming
(GP) and compare the performance of the same. ANN dis-
plays the output in form of weights and biases and Ge-
netic Programming in form of equations. Knowledge ex-
traction technique from ANN is used further and the in-
fluence of input parameter on output is studied and com-
pared with the domain knowledge. Genetic Program-
ming equations developed are significant in understand-
ing the influence of input parameters.

In the further sections of the current work, basic con-
cepts of artificial neural network, Knowledge extraction
and Genetic Programming are discussed, followed by de-
tails of data used in the current study. Model develop-
ment methodology is then presented followed by results
and discussion. The current work ends with a conclu-
sion.

2. Modeling Techniques
2.1. Artificial neural network (ANN)

ANN is a soft computing technique is inspired by the
biological network of human brain. Similar to working of
biological network, Artificial Neural Network consists of
basic three layers viz. input layer, hidden layer and the
output layer. The input and output layers are connected
to hidden layer by weights, biases and transfer functions.
The error is computed with the difference between out-
put and the target. This error is propagated back and the
weight and biases are adjusted using optimization tech-
nique to minimize the error. The error optimization pro-
cess is repeated for number of iterations till the desired
accuracy is achieved. Once the desired accuracy is
achieved, validation of the developed model is done on
unseen data. Readers are referred to for details of ANN
to Londhe et al. (2009).

2.2. Knowledge extraction from ANN

ANN is said to be a performing tool, however little is
known about what's happening inside it which can be
slightly seen through Hinton diagram, and thus the per-
formance of ANN is questioned many a times (Desh-
pande et al., 2014). It is difficult to monitor the relation
between input and output parameters as the knowledge
may not be extracted from the neural network and thus
knowledge extraction is important. Rule extraction has
three phases: decomposition, pedagogical, and eclectic
(Kahramanli and Allahverdi, 2001). To obtain the influ-
ence of each input variable on the output of a trained
feed-forward multilayer perceptron to estimate monthly
runoff, Garson’s model was used (Phukoetphim et al,
2014). However, it was seen that the magnitude and the
nature of the contribution of the input parameters was
not correctly displayed by Garson’s algorithm. The mod-
els were developed with input parameters as maximum
humidity, sunshine duration, maximum and minimum
temperature and wind speed and pan evaporation
(mm/day) as the output. Thus showing that this method
of knowledge extraction is not applicable at least for
evaporation modelling using ANN (Londhe and Shah,
2016). Thus to extract the knowledge locked up in the
network, a new method was formulated by the authors.
The new method suggests an algebraic sum of the influ-
ences of the inputs, which are obtained at two stages of
the neural network programming. Hence, the method
takes into consideration the signs of the weights ex-
tracted from the neural networks and thus would be able
to give not only the magnitude but also nature of the in-
fluence of each input on the output. The procedure of ob-
taining the influence of inputs at both stages of program-
ming and their summation is given in Appendix A
(Londhe and Shah, 2016).

2.3. Genetic programming (GP)

Genetic programming (GP) was inspired by biological
evolution is a machine learning technique and based on
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principle of survival of fittest, to compute computer pro-
grams/ equations that solve a problem. It uses the prin-
ciple of Darwinian natural selection to evolve a program.
GP operates on parse trees to approximate the equation or
computer program that best displays the output to input

variables. To transfer one population of individuals into
other one natural genetic operations like reproduction,
mutation and cross-over are utilized in GP. The
flowchart of GP is given in Fig. 1 below (Koza, 1992;
Londhe and Dixit, 2012).
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Fig. 1. Flowchart of genetic programming.

For details of the same readers are referred to Londhe
and Dixit (2012). The three genetic operations are as fol-
lows:

Reproduction: An individual is chosen from the first
population and is replicated exactly into the subsequent
generation and the program which does not perform are
removed. Fitness measure, selection, rank selection and
tournament selection are few methods of selection from
which individual are duplicated.

Cross over: Two parent results are selected and parts
of their sub-tree are exchanged such that each function
holds the property ‘closure’ (each tree member can
transform all possible argument values).

Mutation: it provides diversity to the population. The
mutation operator selects a node in the parse tree and
replaces the branch at that node by a randomly gener-
ated branch. Perspective to portray GP as far as the
structures that experiences adaptations are:

1. Initial structure generation

2. Fitness measure test which assesses the structure
3. Operations which change the structure

4. The state (memory) of the framework at each stage
5. The system for terminating the process

The system for designating the output and parame-
ters that control the process. Linear representation of
computer programming is used in linear genetic pro-
gramming (LGP). Each individual (Program) in LGP is
represented by a variable-length sequence of simple C
language instructions, which operate on the registers or
constants from predefined sets. The function set of the
system can be composed of arithmetic operations (+, -,
X, /), conditional branches, and function calls (f {x, xn,
sqrt, ex, sin, cos, tan, log, In}). The readers are further re-
ferred to Phukoetphim et al. (2014) and Londhe and
Dixit (2012).
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3. Modeling Data

A total of 149 data was collected from literature,
which consists of testing the compressive strength of cy-
lindrical samples with a diameter of 15 cm and a height
of 30 cm are used (Kumar and Kumar, 2015; Oner and
Akyuz, 2007; Lee et al,, 2006). In addition, parameters
such as the amount of 3/4 sand, 3/8 sand, cement, silt in
kilograms, maximum sand size in millimeter, coefficient

of fine sand, and water-cement ratio are used to deter-
mine the 28 day strength of concrete. The characteris-
tics of used data have been illustrated in Table 1. The
average mutual information (AMI) i.e. nonlinear rela-
tion of each parameter with the output and correlation
coefficient of input parameter with output is also shown
in Table 1 (Bhattacharya and Solomatine, 2005). The
sample data used in the work is as shown in Table 2 be-
low.

Table 1. Characteristics of Input and output parameters.

Sr.No  Input Parameters Range of Values (min-max) AMI Correlation coefficient Mean
1 Cement Content (C) kg 243-549 5.119 0.725 385.550
2 Water cement ratio (WC) 0.240-0.500 2.637 -0.856 0.430
3 Maximum size of Sand (MA) cm 5.120-50 3.247 0.058 23.890
4 Gravel (SA) kg 559-1050 5.542 -0.495 779.130
5 Sand 3/8 (G1) kg 303-523 4.323 0.085 427.050
6 Sand 34 (G2) kg 365-693 4.358 0.042 563.310
7 Coefficient of soft sand (FM) 2.400-9.200 2.423 -0.017 3.270

Output Parameter in kg/cm?
q 28 day compressive strength of concrete 173 -394 i 279.270
kg/cm? (ST)
Table 2. Sample of data used in the work.
C (ke) e MA(cm)  Gravel (SA) (kg) Sa“dG31/ i Sa“%? ke C"sfﬁifﬂé o szt?":rfgtlioor??gﬁiile‘i
FM kg/cm?2 ST
413 0.4 3.75 617 647 488 3 300
431 0.42 2.5 740 584 439 3.1 352
406 0.56 0.95 863 437 330 2.6 235
371 0.41 5 772 656 495 3.2 319
348 0.48 3.75 794 629 474 3.4 318
354 0.48 5 682 693 523 2.7 331
436 0.41 3.75 648 647 488 2.6 363
494 0.42 1.9 620 584 439 2.8 394
323 0.48 5 812 656 495 3.1 322
420 0.4 1.9 675 583 440 25 282

4. Methodology for Model Development

Four different models were developed in the current
study using ANN and GP with common output as 28t day
compressive strength of cylindrical concrete samples.
The abbreviations used for the models developed are
shown in Table 3. ANN1 and GP1 was developed with
basic mix design parameters as Sand 3/8 (G1) in kg, Sand
3/4 (G2) in kg, Cement content (C) in kg, Gravel (SA) in
kg and water cement ratio (WC) ratio as input parame-
ters. ANN2 and GP2 were the new set of models devel-
oped with additional input parameters of coefficient of
soft sand (FM) and maximum size of aggregate (MA) in
cm as in ANN1 and GP1.

ANN models with 3 layers i.e. input, hidden and output
layer were developed using MATLAB Neural Network
toolbox. Development of ANN model was done with
three layered “Feed forward Back propagation” network
to predict the 28 day compressive strength of concrete
and was trained till a very low performance error (mean
squared error) was achieved. In order to determine the
number of neurons in the hidden layer, the following ex-
perimental formula (Eq. (1)) was used (Bowden et al,,
2005).

NH <2N1+1, (1)
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where NH is the maximum number of nodes in the hid-
den layer and N1 is the number of inputs. With regard to
the fact that the number of obtained effective inputs is
equal to 7, maximum number of nodes in the hidden
layer is 15 (NH < 15). All the networks were trained us-
ing Levernberg-Marquardt algorithm with ‘log-sigmoid
‘transfer functions in between first (input) and second
(hidden) layer and ‘linear’ transfer function between the
second and third layer (output). The data was normal-
ized between 0 and 1. For developing equation using GP,
GPKERNEL software was used. The various parameters
which were decided for the same are as follows:
Population size: 500

Number of children to be produced: 500

Operators: exp(x), pow(x, 2), sqrt(x), (x +y), (x-y), (x *
y), (x/y), pow(x, y).
Objective functions: Coefficient of determination and
Root mean squared error
Maximum Subtree Mutation Size=15
Crossover rate=0.4

The data division was done as follows: 70% of data
was used for training and 30% for testing which remains
same for model development using ANN and GP tech-
niques. The model’s performance were assessed by sta-
tistical measures Normalized root mean squared error
(NRMSE), correlation coefficient (R), Nash-Sutcliffe Effi-
ciency (E) and Average absolute error (AARE) (Legates
and McCabe, 1999; Dias and Pooliyadda, 2001).

Table 3. Abbreviations for the models developed using ANN and GP.

Sr.No Input Parameters ANN Model GP Model
1 G1,G2,C, SA,WC ANN1 GP1
2 FM, G1, G2, C, SA, MA, WC ANN2 GP2

5. Results and Discussion

The current study makes an attempt to explore the
applicability of models developed using ANN and GP for
the prediction of 28 day concrete compressive strength
with input parameters as: Sand 3/8 (G1) in kg Sand 3/4
(G2) in kg, Cement content (C) in kg, Gravel (SA) in kg and
water cement ratio (WC) ratio, coefficient of soft sand (FM)
and maximum size of aggregate (MA).This section presents
the comparative investigation of results obtained from

ANN and GP approaches and quantitative assessment of
the models. An investigation into understanding the in-
fluential parameters in predicting strength of concrete is
done in the later stage. Mix design of concrete typically
consists of calculation of proportions of materials used
in concrete per cubic meter (Shetty, 2005). With the
same view, ANN1 and GP1 model was developed with
mix proportions of concrete as input parameters as
shown in Table 4. The developed models were validated
with 30% of testing data using error measures as shown
in Table 4 below.

Table 4. Details and results of models developed.

Sr.No Input Parameters Model Architecture R NRMSE AARE E
1 G1,G2,C, SA, WC ANN1 5:11:1 0.937 0.078 6.625 0.852
2 G1,G2,C, SA, WC GP1 0.917 0.147 12.816 0.478
3 FM, G1, G2, C, SA, MA, WC ANN2 7:15:1 0.941 0.078 6.674 0.854
4 FM, G1, G2, C, SA, MA, WC GP2 0.894 0.096 7.627 0.780
Table 4 shows that model ANN1 developed with mix ST= :\ G}'f\",I:C'“S.’!'C"HT]I::-:C' 0+0) - (lcsyTEmsm7®) < (e ™) - () (2)

design parameters as input parameters and architecture
of 5:11:1, shows a better performance, with correlation
coefficient R as 0.936, than GP1 model with same input
parameters and R value as 0.917. Lower values of AARE
and NRMSE and higher values of R and E for ANN1 indi-
cate that the model can predict compressive strength of
the mixes with high reliability as compared to GP1. ANN
predicts the output better than GP in the current study
but showcases a limitation of simplified equation which
can be computed easily. Genetic programming (GP) on
the other hand can provide an equation which can be
used by a general user. The GP1 developed is as shown
in Eq. (2):

The next set of models developed were ANN2 and
GP2 with mix design parameters and coefficient of sand
(FM) and Maximum size of aggregate (MA) as additional
input parameters. Coefficient of soft sand i.e. fineness
modulus of sand has an impact over the strength of con-
crete. An increase in fineness modulus of sand implies
the increase coarsens of sand which can result further in
decrease strength of concrete for given conditions
(Shetty, 2005). Similarly maximum size of aggregate
needs to be restricted to gain the required strength of
concrete. With increase in size of aggregate (after a cer-
tain limit) increases the amount of voids in the concrete
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mix which can further lead to decrease in strength of
concrete (Shetty, 2005). ANN2 with architecture of
7:15:1 displays a good performance with correlation co-
efficient as 0.941. The performance is also validated with
other error measures as shown in Table 4.

Weights and bias developed for ANN2 is as shown in
Appendix B.

The equation developed by GP2 is:

st- Ve &) (vve o Vimi carer | (3
v WC

Eq. (3) developed using GP for GP2 shows the pres-
ence of all input parameters considered in the model and
displays a satisfactory performance. Thus it can be said
that ANN and GP models can be developed with accepta-
ble performance when FM and MA are known. The table
4 below shows the sample of predictions done by devel-
oped ANN and GP model.

Thus the above study shows that ANN technique pre-
dicts 28 day strength of cylindrical concrete specimens
better than GP technique in both the models. ANN builds
an approximate function that matches a list of inputs to
the desired outputs. In the process it adjusts the weights
and biases to reach a predefined goal. This process
makes ANN flexible and increases its performance as
compared to GP. GP on other hand is based on evolu-
tionary approach technique in which it does not involve

any transfer function and evolves generations of ‘off-
spring’ based on the ‘fitness criteria’ and genetic opera-
tions. GP approach works with the concept of disregard-
ing input parameters that do not that contribute benefi-
cially to the model and thus based solely on ‘fitness’ cri-
teria. In the process of building programs (through pro-
cesses of mutation, crossover and reproduction), GP
shows predictions which are slightly over predicted as
compared to ANN (Refer Fig. 3 ) and thus GP shows a
performance less as compared to ANN. Addition of ma-
terial properties as Soft coefficient of sand and maxi-
mum size of aggregates as input parameters in devel-
oping ANN and GP models helps in predicting con-
crete strength is slightly better than the models with
input parameters as mix design proportions. Though
GP2 shows a reduction in R value as compared to GP1,
the reduction is not very significant. Thus it can be
said that inclusion of material properties as input pa-
rameters in development of models is beneficial for to
capture the underlying phenomenon of the subject in de-
tail. Figs. 2 and 3 show the scatter plot for ANN1 and GP2
respectively. The scatter plots for ANN1, ANN2 and GP2
do not exhibit an obvious under or over prediction. The
trend of predicting concrete strength by GP1 is as shown
in Fig. 4. Italso shows ANN predicted values to be in tune
with the Observed values but slight over prediction of
strength in GP.

Table 5. Sample predictions and percentage errors for each model developed.

Observed Values of 28 Predictions
day strength in
kg/cm? ANN1 Error (%) GP1 Error (%) ANN2 Error (%) GP2 Error (%)
226 246.287 8.237 283.966 20.413 249.273 9.336 243.822 7.309
211 209.299 -0.813 226.662 6.910 225.757 6.537 193.845 -8.850
279 318.718 12.462 332.281 16.035 325.924 14.397 284.525 1.942
321 295.755 -8.536 324.072 0.948 303.561 -5.745 272.882 -17.633
326 306.208 -6.464 325.658 -0.105 311.104 -4.788 280.927 -16.045
285 281.224 -1.343 329.124 13.407 277.351 -2.758 307.824 7.415
249 239.717 -3.873 272.051 8.473 239.819 -3.828 233.114 -6.815
347 355.604 2.419 358.385 3.177 354.858 2.214 341.444 -1.627
343 348.216 1.498 355.938 3.635 344.578 0.458 327.756 -4.651
231 244.655 5.581 282.097 18.113 242.194 4.622 237.336 2.670

Thus the above study shows that ANN technique pre-
dicts 28 day strength of cylindrical concrete specimens
better than GP technique in both the models. ANN builds
an approximate function that matches a list of inputs to
the desired outputs. In the process it adjusts the weights
and biases to reach a predefined goal. This process makes
ANN flexible and increases its performance as compared
to GP. GP on other hand is based on evolutionary approach
technique in which it does not involve any transfer func-
tion and evolves generations of ‘offspring’ based on the
‘fitness criteria’ and genetic operations. GP approach
works with the concept of disregarding input parameters
that do not that contribute beneficially to the model and
thus based solely on ‘fitness’ criteria. In the process of
building programs (through processes of mutation, cross-
over and reproduction), GP shows predictions which are
slightly over predicted as compared to ANN (Refer Fig. 3 )

and thus GP shows a performance less as compared to
ANN. Addition of material properties as Soft coefficient of
sand and maximum size of aggregates as input parame-
tersin developing ANN and GP models helps in predicting
concrete strength is slightly better than the models with
input parameters as mix design proportions. Though GP2
shows a reduction in R value as compared to GP1, the re-
duction is not very significant. Thus it can be said that in-
clusion of material properties as input parameters in de-
velopment of models is beneficial for to capture the un-
derlying phenomenon of the subject in detail. Figs. 2 and
3 show the scatter plot for ANN1 and GP2 respectively.
The scatter plots for ANN1, ANN2 and GP2 do not exhibit
an obvious under or over prediction. The trend of predict-
ing concrete strength by GP1 is as shown in Fig. 4. It also
shows ANN predicted values to be in tune with the Ob-
served values but slight over prediction of strength in GP.
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5.1. Knowledge extraction

Knowledge extraction as mentioned in the previous
section is done to understand the influence of input pa-
rameter/s on the output. By using the procedure devel-
oped for extraction (Londhe and Shah, 2016), the histo-
grams for model ANN1 and ANN2 were drawn and are
shown in Figs. 5 and 6.
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Fig. 5. Influence of inputs for ANN1.

For given cement content when the water cement ra-
tio increases a decrease in the strength can be seen. This
can be seen through negative influence of WC in ANN2.
ANN1 however shows a direct influence of water to ce-
ment ratio on concrete strength; however the influence

Fig. 5 show higher influence of C followed by SA, G2
and G1 content. A similar influence can also be seen in
ANNZ2. Thus it can be said that inclusion of mix design pa-
rameters in respective proportions is important and its
influence as per the domain knowledge is being calcu-
lated by ANN through judicious allocation of weights and
biases. Strength of concrete is inversely proportional to
water/cement ratio in hardened state (Shetty, 2005).
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NN e . .
Gl G2 C SA i
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Fig. 6. Influence of inputs for ANN2.

seen is of very small magnitude (01.3) as compared to
other parameters. The magnitude of influence for Soft
coefficient of sand (FM) and Maximum size of aggregate
(MA) is also been shown by Fig. 6. Increase in soft coeffi-
cient of sand implies increase in coarseness of sand
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which shows a decrease in strength for a constant water
cement ratio (Shetty, 2005). Also, lower strength of con-
crete is attributed towards the larger MA which gives
lower surface area for developments of gel bonds. More
heterogeneity in the concrete is seen when bigger aggre-
gate size is used, which prevents the uniform distribu-
tion of load when stressed. Also internal bleeding can be
seen and weaker the transition zone due to the develop-
ment of micro cracks. This leads to lower compressive
strength in concrete (Shetty, 2005; Neville, 2012). Thus
it can be said that concrete strength is inversely propor-
tional to the maximum size of aggregate, which can be
seen from magnitude of influence for the said parameter.
Knowledge extraction done by the said method thus can
serve as a guideline towards input selection in develop-
ment of ANN models. Genetic Programming on other
hand evolves an equation or formula relating to the input
and output variables. A major advantage of GP approach
is its automatic ability to select input variables that con-
tribute beneficially to the model and disregard those that
do not. GP can thus reduce substantially the dimension-
ality of the input variables (Bishnoi, 2014). The equa-
tions developed in GP1 and GP2 shows the presence of
all input parameters which are influential in predicting
strength of concrete, which is also in tune with the fun-
damental knowledge of concrete technology. The in-
verse proportionality of WC with strength of concrete is
shown in Egs. (8) and (9).

6. Conclusions

Concrete being a complex material, modelling its be-
haviour is a difficult task. In the current work an attempt
is made to predict strength of concrete using ANN and
GP. Comparative analysis of ANN and GP techniques
show that ANN predicts 28 day strength of concrete with
good accuracy as compared to GP which can be evident
from the higher R values. The performance statistics val-
idated by lower NRMSE, E and RMSE values also show a
good performance of ANN as compared to GP in all the
models. Prediction of concrete strength can be done sat-
isfactorily with the presence of mix design parameters
i.e. mix proportions as input parameter and presence of
material properties as FM and MA show slight increase
the performance of models.

ANN shows the output in the form of weights and bi-
ases in which the knowledge about the problem is
locked. Thus, analyzing the weights and biases in ANN
and extracting the knowledge locked up in them done
was done using the knowledge extraction model. This
show that ANN1 and ANN2 show the influencing param-
eters as C and SA followed by G1 and G2 which is in tune
with the basic domain knowledge. Thus ANN can’t be just
labelled as a black box and can be said as a Grey box. Ge-
netic programming on the other hand displays the influ-
ence of input parameters through the presence of rele-
vant parameters in the equation. Influence of WC ratio is
shown as inverse in ANN1 which is as per the domain
knowledge of concrete technology.

ANN thus predicts strength of concrete better than
GP and can display the output in terms of weights and

biases for a given set of input. ANN however has a limi-
tation of not been able to provide standalone equations
which can be done in GP. GP on the other hand is a pow-
erful tool and can open a new field for efficient explicit
equations of many civil engineering problems.

Appendix A. Knowledge extraction from ANN
A.1. Input to hidden layer
Fig. 7 shows the diagrammatic representation of a

typical three layered feed forward network with 3 input
neurons, 2 hidden neurons and 1 output neuron.

INPUT LAYER HIDDEN LAYER

Wou

OUTPUT LAYER

Wop

Fig. 7. Basic ANN architecture.

It can be seen from Fig. 7 that each hidden neuron in
the hidden layer receives weights from all the inputs in
the network. Thus, each hidden neuron contains a frac-
tion of weight from each input. The fraction of a particu-
lar input can be calculated by taking a ratio of the weight
of that particular input with the total weight from all in-
puts. For example, from Fig. 7, the fraction of first input
in the first hidden neuron can be given by Eq. (4). Simi-
larly, the fraction of each input on each of the hidden
neurons can be calculated.

Fia = Wy /(Wis + Wos +Wgy ). (4)

When the network is trained, a bias (Woa and Wos) is
added to each hidden neuron. This bias can be divided
into parts as per the fraction of weight of each input to
that hidden neuron, thus assigning a part of bias to each
of the input, through each of the hidden neurons. The
bias assigned to the first input through the first hidden
neuron can be calculated by Eq. (5).

Woa1 = Woa XFya. (5)

The total contribution of a particular input, on the hid-
den layer, can then be determined by addition of the frac-
tions of its influence and fraction of the bias through all
the hidden neurons. The total influence of input 1 can be
calculated as given in Eq. (6).

G = (Fia + Woar) + (Fiz + Wog1). (6)
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A.2. Hidden to output layer

Each hidden neuron of the hidden layer is connected
to the output with the layer weights. The layer weight
from one hidden neuron to the output again, consists of
fractions of each of the inputs that were calculated ear-
lier. Thus, the layer weight from a hidden neuron to the
output is again divided into parts as per the fractions of
the influence of inputs in that particular hidden neuron.
The contribution of the first input on the output through
the first hidden neuron can be calculated by Eq. (7). Sim-
ilarly, the contribution of the first input through all the
hidden neurons can be calculated and their sum would
give the total influence of that input on the output
through the layer weights, as seen in Eq. (8). The total

Appendix B. Weights and biases for ANN2

Input layer to hidden layer

Weights

01436 12858 5267 7.6692 52026  -0.2094
0135 12472 52313 7.6697 51958  -0.2515
01321 12315 5217 767 51932  -0.2685
0.1483 13058 5.2858 7.6687 52061  -0.1877
0.142 12808 52623  7.669 52016  -0.2151
0.1381 1.2632 52459 7.6694 51985  -0.2343
0.1457 1.2956 52761 7.6688 5.2042 -0.199

=  -0.1056 0.8213 46288  7.893 5.1426 -0.852
-0.136 0.8283 47946 7.7097 52305  -0.7434
-0.0251 0.8459 4.2365 82921 49021  -1.1892
-0.0633 0.8266 4.3872 81406 5.0034 -1.047
-0.0394 0.8376 4.2867 82415 4.9376 -1.14
01108 09812 5013 7.6632 51757  -0.5143
01164 0943 4986 7.6614 5.1709 -0.553
0.1107 09786 5.0112 7.6627 51756  -0.5169
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ABSTRACT

ARTICLE INFO

Acoustic emissions (AE) released during the compressive fracture of cementitious
materials have been subjected to analysis using ‘AE based b-value’ to study the frac-
ture process. Identification of the ‘AE sources locations’ in three dimension is not al-
ways possible. With a minimum number of AE sensors mounted on the test specimen
and by using the AE based b-value analysis, it is possible to study fracture process
and the damage status in solids. The b-value of AE is calculated using the Gutenberg-
Richter empirical relationship (G-R law), which is available in seismology. The details
related to original G-R relation and it’s suitability for AE testing were discussed. In
this article it has been tried to look into the variations of the AE based b-value in
cementitious test specimens prepared with different cementitious mixture propor-
tions. Effect of (i) coarse aggregate size in cementitious materials (ii) loading rate
during compressive fracture process (iii) age of concrete on b-value variation were
discussed. The trend of variation in AE based b-value during fracture process in con-
crete and mortar was different. It was observed that when the compression tough-
ness of the cementitious material increases, higher b-values were observed. When
the loading rate was high, quick cracking occurred and lower b-values were ob-
served. As the coarse aggregate size in the cementitious material increases, the cu-
mulative AE energy was higher. The reason may be due to the compression tough-
ness of the cementitious material. The AE based b-value is useful to identify the dif-
ferent stages of compressive fracture process in solids.
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1. Introduction

Monitoring of crack development in concrete struc-
tures in-situ is required and also compulsory in case of
some structures. For example, in case of pressure ves-
sels, nuclear power plant structures, monitoring of
crack initiation, coalescence, propagation more or less
required continuously. Because, the potential loss in
concrete strength, cracking that might occur with
time. Therefore, structural health monitoring (SHM)
of concrete structures is necessary. Ageing of concrete
structures (residential buildings, public buildings),
heavy loads on bridges (due to increasing traffic vol-
ume), aggressive environment (acid rains, air-pollution,

and salts) are few causes behind the necessity for the
frequent health monitoring of concrete structures. It
would, therefore, useful to have available non-destruc-
tive testing (NDT) methods for monitoring concrete
structures that is sensitive enough to indicate sufficient
warning of an impending collapse of structures. Also to
know whether cracks are developed or not in concrete
structures under service loads NDT method are useful
(Nair and Cai, 2010; Kalayanasundaram et al., 2007;
Holford, 2000). Based on non-destructive testing ob-
servations repairs could be made before the damage
becomes rigorous.
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1.1. Brief introduction to acoustic emission testing

Acoustic emission (AE) testing is a NDT method to
monitor fracture process in real time and also to assess
the damage status in solids/structures. By using this pas-
sive NDT method the active cracks and their characteris-
tics can be studied. The entire concrete structure can be
monitored for cracks in a single inspection. The real time
progress of fracture process can be studied by mounting
minimum required number of AE sensors on the structure
(Gross and Ohtsu, 2008; Ohtsu, 1998). During fracture
process in solids the strain energy is released in the form

- Duration

— Rise time——>;

AE signal (volts)

/\/\

of elastic waves (or stress waves) and reach to the surface
of the solid/structure. AE refers to the generation of tran-
sient elastic waves during the rapid released of energy
from localized sources within a solid (Kalyanasundaram
et al, 2007). By mounting the required number of PZT
sensors on the test specimen or structure these elastic
waves can be recorded. Subsequently, the PZT sensors
convert the elastic waves into electrical signals. A sche-
matic representation of a typical AE signal and corre-
sponding parameters are shown in Fig. 1. By using these
signals the fracture process occurred in real time can be
studied in solids (RILEM TC-ACD, 2012a; 2012b, 2012c).
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Fig. 1. Schematic representation of an AE signal and corresponding parameters (Datt et al., 2015).

1.2. AE based b-value

Researchers confirmed that there is a close analogy
exists between AE produced during fracture process
in solids and the seismic waves caused due to earth-
quake (Rao and Lakshmi, 2005). Analogous to the oc-
currence of earthquakes, during fracture process in

solids, higher amplitude acoustic emissions (stress
waves caused by internal material fracture or micro
seismic activity) released less in number and lower
amplitude AE more in number as shown in Fig. 2. It
can be observed that AE peak amplitudes greater than
60 dB are less when compared with lower amplitude
AE hits.
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Fig. 2. Distribution of the number of AE hits versus AE peak amplitude.
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Also, AE released during fracture process in solids are
similar to the P-waves that generated during occurrence
of earthquake. Because of similarities between occurrence
of earthquakes and happening of AE events during frac-
ture process in solids, researchers attempted to use Gu-
tenberg-Richter law available in seismology (Gutenberg
and Richter, 1954; Mogi, 1964). However, researchers
modified the Gutenberg-Richter law to study frequency
of occurrence-amplitude distribution of AE released dur-
ing fracture process in solids (Colombo et al., 2003).

log;oN(A) =a —b[32], 1)

In Eq. (1), Ads is the peak amplitude of the AE (hits or
events) in decibels. b is the AE based b-value. N(4) is the
number of AE hits of amplitude greater than A. ‘a’ is con-
stant. The details about Eq. (1) and the theory of “AE
based b-value” are discussed in Appendix-A.

2. Literature Review

The AE based b-value is a parameter to study damage
status and fracture process in solids (Colombo et al,,
2003). This b-value has been used for structure damage
evaluation by several researchers. Colombo et al. (2003)
studied the variation in the AE based b-values for a rein-
forced concrete (RC) beam subjected to incremental cy-
clic loading. The variation in b-values was compared to
the micro-cracking and macro-cracking observed during
the fracture process. It was concluded that, minimum b-
value indicates the formation of macro-cracks and maxi-
mum b-value denotes micro-cracking. The AE based b-
value analysis has been used for structural damage eval-
uation by several researchers Shiotani etal. (2001), Kurz
etal. (2006), Ko and Yu (2009) Schumacher etal. (2011).
Proverbio et al. (2011) assessed damage in post-tension
concrete viaduct using b-value analysis and concluded
that a decrease in b-value could be an indication of an
impending fracture. Schumacher et al. estimated the op-
erating loading on RC highway bridges with b-value
analysis. Carpinteri et al. (2006) observed that the AE
based b-value ranges from 1.5 to 1.0 when the fracture
process progress in the critical state to final collapse.
Vidya Sagar and Rao (2014) investigated the effect of
loading rate on b-values related to fracture processin re-
inforced concrete (RC) flanged beams.

Though, AE based b-value was accepted to be a suita-
ble parameter to characterize various stages of fracture
process in solids, the studies related to the influence of
(i) concrete strength (ii) coarse aggregate size in con-
crete (iii) rate of loading (iv) curing period of concrete
on b-value when concrete is under uniaxial compression
are minimum. Lack of complete understanding of AE
based b-value, when there is a change in cementitious
material mixture proportion, insufficient statistics of ex-
perimental data still keeps the AE based b-value analysis
problem opened for further discussion. The further work
done in this study is that the AE based b-value is used to
study fracture process in cementitious materials under
uniaxial compression and discussed this useful damage
assessment parameter in detail.

3. Research Significance

Characterizing different stages of fracture process in
concrete structures using AE testing provide an early
warning for any probable damage in concrete structures
(Grosse and Ohtsu, 2008; Uchida et al., 2011). [tis known
that concrete structures are no longer maintenance free.
For in-situ monitoring of damage in concrete structures,
the variation in b-values provides useful information re-
lated to micro-cracking and macro-cracking. Since it is
not easy to obtain 3-D source location data of high fre-
quency and low amplitude AE. With a minimum required
number of AE sensors the fracture process in a concrete
structures can be studied using AE based b- value. Con-
crete structures have many structural components asso-
ciated with it and the column is one of the most im-
portant compression members as it supports the whole
structure. In some cases short-columns are required for
construction. Uniaxial compression has been important
in studying behavior of short columns. The results of the
present study lead to understanding of the fracture pro-
cess in concrete subjected to uniaxial compression and
also may be further application of AE testing in struc-
tural health monitoring of concrete structures.

4. Experimental Procedure

Unconfined uniaxial compression tests were con-
ducted and monitored the deformation and failure be-
havior of a set of cement concrete and mortar cylindrical
specimens (150 mm diameter and 300 mm height) in
Structures Laboratory, Department of Civil Engineering,
Indian Institute of Science Bangalore, India. The tests
were carried out under displacement control at a con-
stant rate of 0.005 mm/s and 0.002 mm/s using a servo-
controlled testing machine (1200 kN capacity, MTS ma-
chine) and by recording the released AE simultaneously.
The rate of loading is assumed (not as per any standard)
to test the samples in the laboratory. This kind of MTS
machine is controlled by an electronic closed-loop servo-
hydraulic system. It is therefore possible to perform
tests under load or displacement control.

4.1. Materials

Three different cementitious materials namely, Con-
crete-I, Concrete-II and cement mortar were considered
in this study. Concrete-I consists maximum coarse aggre-
gate size of 20 mm and its mixture proportion per 1 cubic
meter (by mass) was 414:729:1143 (cement: fine aggre-
gates: coarse aggregates). The water/cement (w/c) ratio
was 0.46. Concrete-Il mixture proportion was
450:716:1100 and its w/c ratio was 0.526. For cement
mortar specimens 1343 kg/m3 sand, 285.5 liters water
and 543 kg/m3 cement were used. The difference be-
tween Concrete-I and Concrete-II is not the maximum
grain size of the aggregate alone. water/cement ratio, ce-
ment dosage are also different. However, the aim is to
study the influence of the coarse aggregate on AE peak
amplitude distribution.
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4.2, Test specimens

Eleven specimens were cast using each cementitious
materials namely, Concrete-I, Concrete-II and Cement
mortar (total 31 specimens). Cement mortar specimens
were tested to study the coarse aggregate influence on
AE characteristics of cement concrete. All specimens
were cast in mild steel cylindrical molds with a diameter
of 150 mm and height of 300 mm. One end of the steel
mold was capped to form a cylinder. Concrete was
placed in nearly 100 mm thick layer and immediately
compacted. An internal needle vibrator was used to en-
sure proper compaction of the cementitious mixtures.

w
o

Test specimens were kept in the molds for the first 24
hours, with the top surface covered with a wet gunny
bag. At the age of 24 hours the specimens were removed
from their molds. Specimens were placed in a water tub
until the time of testing. Before testing, the specimens
were taken out from water tub and kept for drying. The
specimens were tested for different curing periods of 7
days, 15 days and 28 days for Concrete-I, 9 days, 17 days
and 28 days for Concrete-1I and 7 days, 15 days and 28
days for cement mortar. The uniaxial compressive
strength of test samples (cylinders) at various curing pe-
riod for Concrete-I, Concrete-II and Cement mortar is
shown in Fig. 3.

Compressive Strength (MPa)
N
S

~ —e— Concrete-I(CA:20 mm)
20 - ~ - & = Concrete-11 (CA:125 mm)
-~ === Cement mortar
(
18 T \ \ \ ‘
5 10 15 20 25 30 35
Age (days)

Fig. 3. Compressive strength (cylinder) variation in the three cementitious materials with age.

4.3. AE recording system

The AE signal parameters were recorded via the AE
monitoring system during the uniaxial compression of
the cementitious materials because the time history of
the AE characteristic parameters reflect how fracture
process occur and evolve. For AE signal detection, two
resonant type differential AE sensors (57 kHz) with pre-
amplifier gain of 40 dB were used. The use of two AE sen-
sors is usual for monitoring the AE parameters in labor-
atory. In this study, recording of AE event locations is not
attempted. The AE monitoring system was manufac-
tured by Physical Acoustic Corporation (PAC) NJ, USA.
AEWIN SAMOS software and R6D resonant sensors were
used. Each AE sensor was attached to the surface of the
specimen at a height of 150 mm from bottom of cylinder
on either sides of the specimen. The sensor surface was
17.5 mm in diameter and 16.25 mm in height. The sur-
face of the test specimen was thoroughly cleaned and
vacuum silicon grease was used as a couplant to both
sensor surface and area of sensor location on the test
specimen. Brown color gum tape was used to attach the
sensor to test specimen and also to apply pressure on
sensor to maintain their contact with specimen’s surface.
A threshold of 40 dB was set to screen out surrounding
noise and the AE activity generated due to friction be-
tween the top and bottom surface of the specimen with

end plates. AE monitoring system parameters, namely,
PDT is 200 ps, HDT is 400 us, HLT is 500 ps and for max-
imum duration 1000 us were set. The AE data acquisi-
tion system was setup to acquire AE signal parameters
namely, hits, peak amplitude, counts, energy, duration,
signal strength, absolute energy, time, average fre-
quency. The experimental setup is shown in Fig. 4(a). In
this study, two AE sensors were mounted on the test
specimen as shown schematically in Fig. 4(b).

Fig. 4(c) indicates the optimal frequency response of
used AE sensor. [t can be observed that at 54.7 kHZ fre-
quency the sensors had highest sensitivityat 77.1 dB am-
plitude. In other words, sensitivity stands for least meas-
urable physical parameter. The AE sensor has a sensitiv-
ity and frequency response over the range of 35 kHz -
100 kHz. The peak load, rate of loading, age of concrete
and AE parameters namely, counts and energy recorded
for all test specimens were shown in Table 1.

5. Procedure to Compute AE based b-value

5.1. AE amplitude distributions related to concrete
under uniaxial compression

Fig. 5 shows cumulative number of AE hits on the Y-axis
(log scale) and amplitude of AE in dB on the X-axis. All the
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AE signals were found to fall in the amplitude range of 40 distribution graph is known as the “AE based b-value”.
dB to 100 dB. A large number of AE hits had smaller ampli- There is a marked change in the trend of the amplitude dis-
tudes and the distribution shows a descending gradient. tribution after the onset of micro cracking in the Concrete-I
The slope of the ‘linear descending branch’ of the cumulative ~ test samples at ~20% failure stress (oy) as shown in Fig. 5.

Table 1. Test specimen details, rate of loading and recorded peak load and AE parameters.

CementiFious Age S Peak load Rate pf loading Total AE Total AE energy Time duration
material (days) (kN) (micron/s) counts (Volt-s) of the test (s)

C1.7A 401.1 5 730

7 C1_7B 438.9 5 542457 3301627 354

C1.7C 424.2 5 874633 6630822 804

C1.15A 435.3 5 383468 2708549 860

15 C1.15B 587.1 5 355480 1870588 708

Concrete-I C1_15C 439.1 5 416198 4379934 804

C1.29A 456.3 5 502290 4877430 460

C1.29B 523.1 5 479272 4612799 780

29 C1.29C 337.3 5 985818 8059748 1265

C1.29D 640.9 5 360657 3359106 540

C1_29E 606.3 5 257030 3221477 470

C2.9A 378.1 5 327670 870482 863

9 C2. 9B 378.6 5 694363 2464721 1112

C2.9C 377.5 5 583085 2934222 954

o C2_11A 385.4 5 599407 3794971 830

Concrete-II C2_11B 471.6 5 348349 3195094 710

. C2_17A 407.1 5 90567 2254411 860

C2_17B 498.7 5 114719 3294762 840

= C2_30A 461.9 2 225574 2385511 2238

C2_30B 452.6 5 89919 1654119 876

M_7A 336.8 5 216273 854441 624

7 M_7B 299.0 5 300999 1178567 714

M_7C 341.3 5 276197 1074503 642

M_15A 408.8 5 395938 2495569 774

15 M_15B 346.75 5 360429 2307427 684

(Ii/[e:r‘i;rt M_15C 367.4 5 378386 2433103 684

M_28A 438.6 2 465076 1932337 1788

M_28B 346.2 2 398123 1192909 2550

28 M_28C 349.9 5 304666 1283757 805

M_28D 406.7 5 348197 1011627 730

M_28E 459.6 5 262887 1370554 790

],

Fig. 4(a). Experimental setup in Structures Laboratory,
Department of Civil Engineering, Indian Institute of Science Bangalore, India.
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Fig. 4(b). Schematic diagram of the test specimen in isometric view (S1&S2 indicates AE sensors).
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Fig. 4(c). Frequency response of the used AE sensor as given by the manufacturer of AE system.
Resonant type AE sensor’s frequency characteristics, maximum amplitude 77.1 dB
recorded at peak frequency 54.7 kHz (PAC, AE WINSAMOS user manual, 2005).
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Fig. 5. AE cumulative frequency of occurrence-amplitude distribution graphs corresponding to different stress ranges.
The graphs were obtained from the AE recorded during deformation and progressive failure of
Concrete-I test specimen under uniaxial compression (Rao and Lakshmi, 2005).
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The change of slope of the line plotted between AE cu-
mulative hits and amplitude (also known as b-value) in-
dicates the occurrence of fracture process in the solid.
From Fig. 5, it can be observed that as the external force
applied on the test specimen increases the slope of the
line changes as observed in lines (a)-(j) in Fig. 5.

5.2. AE magnitude variation with external stress

Plot between AE frequencies of occurrence-amplitude
distributions does not show a single straight line, and
different ranges of amplitude indicated different lines.
This can be observed in Fig. 6, where a three sets of ‘cu-
mulative AE magnitude distribution’ graphs are shown
after applying the necessary correction to convert AE
amplitude to magnitude. In the initial stages of compres-
sive fracture process when the stress range is low (0-

20% of oy) the AE population is less, the cumulative AE
hit-magnitude distribution plot is almost linear.
Whereas in the higher stress ranges, the cumulative AE
hit magnitude distribution graph shows a ‘fairly good lin-
ear relationship’ in the magnitude range from 2.90 to
4.40, although the polynomial fit yields better correla-
tion (Fig. 6). AE frequency of occurrence-magnitude dis-
tribution is linear during early stages of loading and ap-
pears polynomial curve at stresses near failure as shown
in Fig. 6. However, the distribution graph shows a ‘fairly
good linear relationship’ in the magnitude range from
2.7t04.4.

By following Colombo et al. (2003), the AE based b-
value was computed. Using Fig. 7 number of hits for
group was determined. The cumulative frequency of oc-
currence - amplitude distribution graphs have been ob-
tained using a Matlab program.

4 | | | | |
Concrete (maximum C.A 12.5 mm)
354 (a). 20% stress © r
Linear Fit : logEN =-1.8547Tm+8.5241 9th day-specimen b
(b). 30% stress
34 Linear Fit : logEN =-1.5498m+7.6292 -
(€). 100% stress :E% (b)
Linear Fit : logEN =-1.9512m+9.6718 **\g%
25 " L
N
5 @ ¢
W a) g |
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Fig. 6. Cumulative frequency of occurrence-magnitude distribution plots of
AE corresponding to three stress ranges (Rao and Laskhmi, 2005).
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Fig. 7. AE based b-value variation with time. b-value was calculated using (i) group of 80 hits,
(ii) group of 90 hits (iii) group of 100 hits, and (iv) group of 110 hits (Colombo et al, 2003).
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6. Results and Discussion

6.1. AE based b-value variation related to
cement concrete under uniaxial compression

The variation of b-values versus load and time is
shown in Fig. 8. It is observed that a sharp changes in b-
value corresponding to the various stages such as for-
mation and growth of stable cracks, crack coalescence
and unstable cracks during fracture process. During the
early stages of loading (stage-I), AE released due to the
closure and rubbing of pre-existing micro-cracks in the
concrete began to show a high b-value. A sudden dip in
b-value indicates the dominance of AE events of larger
amplitude at that time.

Micro cracks are present in a concrete specimen.
These cracks may be present due to differential temper-
atures from hydration, differential drying, and excessive
bleeding of water near aggregates. Even before the ap-
plication of load on the specimen micro cracks are pre-
sent in the interfacial transition zone (ITZ) between
mortar matrix and coarse aggregate (Neville, 2011; van-
Mier 1997). Cracks in ITZ are formed at boundary of
coarse aggregate and mortar matrix due to flow of soft
matrix around coarse aggregate. Lateral deformation in
matrix is much higher than that in aggregate. This une-
venness causes development of shear stresses on top
and below of coarse aggregates. In stiff aggregates these
stresses lead to formation of shear cones, whose occur-
rence has been confirmed by many researchers. In case
oflight weight aggregates instead of going around the ag-
gregates cracks go through them, so tensile splitting pre-
vails (vanMier, 1998).

According Mehta (2006), in the Ist stage, from start of
the test to till 30% of peak stress (oy) interfacial cracks

remain stable. However, until about 50% of oy, a stable
system of micro cracks appears to exist in the ITZ. This
is Stage -1l and at this stage the matrix cracking is negli-
gible. At 50% to 60% of oy, cracks begin to form in the
cement matrix. With further increase in uniaxial stress
to 75% of gy, not only does the crack in the ITZ becomes
unstable but also the creation and propagation of cracks
in the cement matrix increases, causing the stress-strain
curve to bend considerably toward the horizontal. This
is Stage-III.

At 75% to 80% of oy, the rate of ‘strain energy release’
seems to reach the critical level necessary for crack
growth under sustained stress, and the concrete mate-
rial strains to failure. In short, above 75 % of oy, with in-
creasing stress very high strains are developed. This in-
dicates that the crack is becoming continuous due to the
rapid propagation of cracks in both the cement matrix
and the ITZ. This is the final stage (Stage-1V).

In near peak region the cracks are large and remain
stable only when certain conditions are met. At around
80-90% of oy, there comes a point where the volume of
the specimen becomes minimum. It is because till this
point crack opening in lateral direction is less. Beyond
this point volume starts to increase; lateral cracks open-
ing becomes so large that effect of axial compression is
overcome. Early researchers believed this point of mini-
mum volume as onset of global failure. This is where
cracking becomes unstable and collapse is endemic. At
the ends of specimen a triaxially confined region is de-
veloped due to end platen restraint. For specimen with
height to diameter ratio less than 2 this effect is domi-
nant. For ratio greater than 2 this effect is less. For such
specimen the specimen can fail along inclined shear
crack (high end friction) or through tensile splitting both
(vanMier, 1998).
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Fig. 8. AE based b-value variation with uniaxial compression load (Specimen; C1-29D, Ch-5).

The presence of sudden decrease in variation in b-
value is because of the cracks had started to develop.
There could be higher amplitude events in less number
occurred. From stage 1 to stage-lI, AE based b-value

started to decrease due to high amplitude events oc-
curred at the end of that stage-], inelastic volume change
begins due to the formation of a large number of new mi-
cro-cracks. Ataround 80% of ay, the test specimen’s volume
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is minimum (vanMier, 1998). In other words, the sum of
axial stains and lateral strain will decrease. It is observed
that at ~80% of oy, b-value decreasing sharply to 1.15.
With further increase is stress, the b-value increased
slightly, marking the transition from ‘formation’ to
‘growth’ stage of the newly formed cracks. After 80-90%
of oy, the test specimen dilated and the lateral cracks has
become large that the specimen’s volume started to in-
crease. Then it was followed by the onset of unstable
cracking as a result of which the b-value decreased until
the stress reached a value of 98% failure stress. The coa-
lescence of cracks commenced at this stage. Then the b-
value began to decrease sharply due to crack coalescence

and the accompanying stress relief, and at the final fail-
ure they had fallen to as low. The newly formed cracks
began to grow stably in number and size and the b-value
is decreased further until 100 % failure stress. The vari-
ous stages of compressive fracture and the correspond-
ing b-values are summarized in Table 2. Fig. 9 shows the
variation of AE based b-value at different curing days. It
can be observed that the ‘sudden decrease’ occurred in
b-value at different percentage of peak compressive
stress (oy. By the chosen displacement rate as shown in
Table-1, the specimen failed in a brittle manner, where
the linear branch extends over almost the entire dura-
tion of the test.

Table 2. Various stages of compression fracture process and corresponding b-values.

Stage Stress range Compression fracture process AE based b-value
I 0-30% or Due to short term loading the micro cracks present in ITZ are undisturbed. 1.4
11 30-50% or Micro cracks starts appear in the ITZ, cement-matrix cracking negligible 1.2

Micro cracks begin to form in the cement matrix
- 0,
n Sy The crack system becomes unstable in ITZ. 13
50-75% of
60-75% o7 Cracks in ITZ becomes .unstable, pI‘Ollf'(-‘!I'fitl()l’l and propagation of cracks 17
in cement matrix increases
v 75-80% o Release of strain energy reach critical state and cracks becomes unstable. The stress 17
ocy level equals and greater than 75% oy is called critical stress. ’
Volume of the specimen becomes minimum,
o 0, )
v R o onset of global failure of a test specimen e
VI 90-100% or Stress remains constant and strain starts increasing 0.6
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Fig. 9. AE based b-value variation with time at age: (a) 7 days; (b) 15 days; (c) 28 days
[Concrete-I specimen] (b-value was computed for the total AE data recorded by both channels).

Fig. 10 shows the variation of b-value with time. The
b-values were computed at curing periods of 7 days, 15
days and 28 days respectively. It is observed that b-val-
ues are low for concrete-I at age of 28 days, when com-
pared with b-values of concrete with 7 days age. It can be
observed from Fig. 3, that the compressive strengths (cyl-
inder) range varies from 18 MPa to 22 MPa for cement

mortar, 21 MPa to 25 MPa for concrete-II and 23 MPa to
29 MPa for concrete-1. The rather high variability in com-
pressive strengths may have been due to variations in
the concrete mixture proportions. Therefore, as the
strength of the concrete is increasing high amplitude AE
events are occurred. The number of high amplitudes
events are less, hence the AE based b- values is low.
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6.2. Variation of AE based b-value
with sensor location

It is observed that b-value is varying from channel to
channel as shown in Fig. 11. This is due to different
mechanisms or different degrees of deterioration pre-
sent in the different zones or locations in the test speci-
men. The zone or area with the most advanced deterio-
ration to have the lowest b-values.

6.3. Influence of loading rate on AE based b-value
related to uniaxial compression of cementitious
materials

From Fig.12 itis observed that the AE b-values are low
for the specimen tested with high rate of loading. This
may be due to release of high amplitude AE events.
Higher AE activity such as large number of AE events per
time and higher intensity events are observed around
the peak load. These observations further prove that the
instance of damage initiation is predicted by the lowest
b-value. Low b-value may be due to initiation of micro-
cracks and cracks opening. Rate of loading can accelerate
the micro crack damage which is accompanied by the re-
lease of AE. If the rate of loading is too fast (more than
what is suggested by the ASTM), there can be a surge or
heavy rush of AE. The fluctuations in the b-value varia-
tion is more when the rate of loading is high.

AE signals experience attenuation during fracture
process in concrete structures, and for that matter in any
other imperfect or quasi-brittle materials. Attenuation of
AE may be due to heterogeneity of the material as well
as micro cracking. A change in the volume of the speci-
men causes a change in the propagation path length from
the crack to the AE sensor, which may affect the recorded
AE amplitude. Both the AE amplitude and AE energy as
well as the number of AE would be affected uniformly be
it weak or strong. In this present study authors invaria-

bly use the number as well as AE amplitude for compu-
ting the b-value. Therefore, it should not an issue since
both low amplitude and high amplitude of AE are consid-
ered to study the fracture process.

When the loading rate is faster, quick cracking devel-
opment lead to sudden fluctuations in the b-value at
higher loads. Since the concrete behaves relatively more
brittle at higher loading rates (or at higher strain rates),
the b-values are lower in an average as a few and
stronger cracking AE events are created, in contrast to
more and weaker cracking events for low rate of loading.

6.4. Influence of coarse aggregate size on released AE

Fig. 13 shows the variation of AE based b-value with
time for concrete-Il and cement mortar specimens
cured for 28 days. When compared b-values of concrete
with mortar, low b-values are observed forconcrete.
The reason could be during fracture process in con-
crete, high amplitude events in less number are re-
leased. A decrease in b-value is seen due to material
damage (micro-cracking and macro-cracking) while b-
value show a rising trend due to toughening mecha-
nisms like coarse aggregate interlocking, tortuosity of
crack path. It is known that AE events are related to
cracking. These events are recorded by PZT sensors as
electrical signals. And these signals are decayed sinus-
oidal waves by nature. The number of cycles occurring
in unit time in the signal is known as frequency of AE.
The “frequency range of the source event” is dependent
on its “event duration” (inverse relationship). That is,
the source event has a ‘broadband spectrum’ extending
upwards from zero frequency, and starting to decline at
a frequency that is inversely proportional to its time
duration. This source event duration (te) is different
from the resulting signal duration (tsq). During fracture
process tea could be different in cement mortar com-
pared with concrete.
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XSource event duration (tes) could be on the order of
(=) where ‘X’ is the distance moved by the crackand Ve’
thé velocity with which crack is moving. In case of ce-
mentitious materials, cracks propagate at several meters
per second, giving ample spectral content up from zero
and up through the ordinary AE frequency range. The
documented cases for the velocities of fast-running

cracks are generally for metals, glass (Pollock, 1981). But
given the nature of the stiff and brittle constituent mate-
rials (or coarse aggregates), velocities on this same order
would be the case for cracks in concrete also. To illus-
trate this, curves of cumulative hits versus AE energy
during the compressive fracture process are shown in
Fig. 14a - Fig. 14c respectively.
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Fig. 11. Variation in AE based b-value with time and load

: (a) Ch-5; (b) Ch-6.
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From Fig. 14, it is observed that the number of AE
hits recorded is different in the three cementitious ma-
terials. The energy released also different. As the tough-
ness of the material is increasing the energy released is
decreased. Because the coarse aggregate size in concrete

mightinfluence the AE released as shown in Fig. 14. The
fracture process of coarse aggregate might be different
from cement matrix cracking because of the higher
compressive strength and homogeneity of the aggre-
gate.
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Fig. 15. Variation of AE cumulative energy released with uniaxial compressive load:
(a) Concrete-I; (b) Concrete-II; (c) cement mortar.

Fig. 15, shows the AE energy released during the com-
pressive fracture process in the three different cementi-
tious materials. First observation is a very small AE ac-
tivity occurs before peak load. From Fig. 15, one can ob-
serve that the jump in AE energy release occurs at or
near peakload in Concrete-I. Itindicates the onset of crit-
ical crack growth. Second observation is, AE energy re-
lease rate (the slope of the cumulative AE energy plots of
Fig. 15) is greatest at the peak load, perhaps indicating
that the strain energy released is maximum at this point.
Also there is a taper in the AE energy release rate that
occurs at before the pre-peak. While the mortar exhibits
less, itis very evident in both in concrete-1 and concrete-
II specimens. Perhaps this suggests that the AE source
mechanisms are different between the mortar and the
concretes in the pre-peak region (Landis and Baillon,
2002). The reason might include the mobilization of fric-
tion, bridging, and other energy dissipation mechanisms
in cementitious materials. When observed the ‘AE fre-
quency spectrum’ as opposed to the ‘AE source spec-
trum’, the effects of attenuation come into it. The fre-
quency spectrum of an electrical signal is the distribu-
tion of the amplitudes and phases of each frequency
component against frequency. AE are the transient elas-
tic waves within a material, caused by the release of lo-
calized strain energy. An event source is the phenome-
non which releases elastic energy into the material,
which then propagates as an elastic wave. The spectrum
of the “AE wave energy” change as it propagates, with
‘material absorption’, away from the source. This will
certainly be important when it comes to working up pro-
cedures for using AE testing on large concrete structures
in-situ. Because it assumes that the frequency (f) de-
pendent attenuation will be due to material absorption
and thus proportional to AE signal frequency (f). Consid-
ering the inhomogeneity of cementitious material (ag-
gregate-related), that this proportionality relationship
will apply. Rayleigh scattering may also come into it at
higher frequencies. The relationship between attenua-
tion coefficient and frequency is likely to be different de-
pending on whether the wavelength (A) is greater than
or less than the coarse aggregate size. The relation be-
tween wave frequency and velocity is given in Eq. (2).

V=FfA. 2)

In Eq. (2), Vis the velocity, fis frequency and A is wave
length. Generally AE due to fracture process in cementi-
tious materials is in the range of 100 kHz to 1000 kHz
(Landis and Baillon, 2002). For a typical AE velocity in
concrete of 4,100 m/s, a wavelength of 20 mm would
correspond to a frequency of 205 kHz, which is within
the frequency ranges of AE signals in concrete. For a fre-
quency range of 100-500 kHz, the corresponding wave-
lengths are 40 mm-8 mm, respectively. Thus both con-
crete-1I (coarse aggregate size 12.5 mm] and concrete-I
(coarse aggregate size 20 mm) have aggregates in this
regime of ultrasonic scattering. This ultrasonic scatter-
ing causes additional signal attenuation. Also material
absorption takes place. Therefore reduce the total elastic
wave energy that reaches the AE sensors. Due to the at-
tenuation of AE reaching the AE sensor will be different
in cementitious materials. Because, when compared
with concrete-I, the coarse aggregate size is different in
concrete-II and cement mortar. Hence the material ab-
sorption of the AE is different. Therefore the release of
AE energy is different as shown in Fig. 15.

7. Conclusions

Based on the above experimental results, the given
below major conclusions can be drawn:

e Determination of b-value using the G-R relationship is
useful to study the fracture process in cementitious
materials. The AE based b-value is closely related to
the formation and propagation of cracks in the dam-
age process of concrete and it decreases rapidly be-
fore the test specimen is reaching to peak load.

e AEbased b-value at stresses close to failure clearly indicated
the onset of ‘unstable cracking’ as well as ‘crack coalescence’
leading to dynamic failure of the cementitious materials.

e Since the AE peak amplitudes influences AE based b-
value, it will be useful to examine the link between at-
tenuation, propagation distance, frequency of sensor
and b-value. Such an attempt is required for the stud-
ies on cementitious materials.
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¢ When the compression toughness of the cementitious
material increases, higher b-values are observed.

e Quick cracking occurred and lower b-values were ob-
served, when the loading rate is high.

o As the coarse aggregate size in the cementitious ma-
terial increases, the cumulative AE energy is higher.
This may be due to toughness of the cementitious ma-
terial.

The present study, is related to the influence of the
coarse aggregate size in cementitious materials on AE
peak amplitude distribution. Although water/cementra-
tio and cement quantity are different in the mixtures, the
present study is limited to only coarse aggregate size in-
fluence of AE based b-value. Future work should investi-
gate the variation of AE based b-value for changes in
toughness and ductility of cementitious materials under
uniaxial compression.

Appendix A.
A.1. Gutenberg-Richter (G-R) empirical relation

It is known from the principles of seismology that the
earthquake events of larger magnitude occur less fre-
quently than the events of smaller magnitude. This ob-
servation in seismology is known as the Gutenberg-Rich-
ter (G-R) law (Gutenberg and Richter, 1954).
log;,N(M) =a—bM. (A1)

G-R law given in Eq. (A1) is an empirical relation be-
tween the magnitude and total number of earthquakes
occurred in a given region during a specific time interval.
G-R law represents the cumulative distribution function
(CDF) of seismic events using a frequency-magnitude re-
lation. In Eq. (A1), M is the Richter magnitude of earth-
quakes. Itis the logarithm of the integral of slip along the
fault during an earthquake. N(M) is the total number of
earthquakes of magnitude greater than M.
NM) = [ n(M)dM . (A2)

In other words, N(M) is the number of earthquake
events having a magnitude M occurred during a specific
time interval in a particular region. ‘a’ and ‘b’ are empir-
ical constants. The constant 'a' is dependent on the seis-
micity rate which varies from region to region. The con-
stant 'b' is the b-value. In fact, b-value is the slope of the
amplitude CDF. In Eq. (A1), the b-value is the negative
gradient of the log-linear plot of earthquake occurrences
and the corresponding magnitudes. In Eq. (A2), n(M) is
the number of earthquakes of magnitude M. N(M) can be
found by integrating n(M) with respect to M over a range
of M to <°.

A.2. Analogy between earthquake occurrences and
acoustic emissions released during fracture in solids

Similar to the occurrence of earthquakes, during frac-
ture process in solids, higher amplitude AE events occur
less in number, and lower amplitude AE events occur

more in number. Researchers implemented G-R law to
the AE peak amplitude distribution data to study the
scaling of AE.

A.3. Decibel

Generally, decibel (dB) describes a ratio. The dB is a
logarithmic way of describing a ratio. If the ratio is re-
lated to voltage

2
dB = 10log,, [vv—pf] , (A3)

where V, is the peak signal voltage in micro-volts refer-
eed to the pre-amplifier input. In general, (dB)ac is used
for measurement of AE signal peak amplitude A. From
Eq. (A3) AE peak amplitude in decibels can be written as

Agg = 10 logy, [‘X“f]z (A4)
Agp = 200Gy, [‘X‘r‘:] . (A5)

A.4. Earthquake magnitude and amplitude

From Eq. (A1) one can write

M = 200D, (A6)

From Eq. (A6) and Eq. (A2), it can be observed that the
earthquake magnitude is proportional to the logarithm
of the maximum amplitude. Because Richter magnitude
scale assigns a magnitude number to quantify the size of
an earthquake. Therefore earthquake magnitude (M) is
determined by measuring the amplitude of the largest
wave (Amax) recorded on the seismogram. Hence

M gc loglOAmax ’ (A7)

where c refers to the time constant of the transducer and
the associated circuitry. Substituting Eq. (A7) into Eq.
(A1). Here earthquake magnitude M is analogous to AE
signal peak amplitude, Amax. AE magnitude, which has no
units is computed using the amplitude data (units: dB or
volts).

log;o N(M) = a — bpg[20 log oAmax]  [Are=1]. (A8)

A.5. Comparison of M and amplitude of AE event

Comparing M values both in case of earthquake phe-
nomenon and acoustic emission phenomenon.

In case of earthquakes, M value for Eq. (A1) is given in
Eq. (A7).In case of acoustic emission: M value is given in
Eqg. (A8).

From Eq. (A1) and Eq. (A8).

2
20 baglogipAmax = b 3 clogioAmax » (A9)
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Considering AE transducer is a velocity transducer
(Colombo et al., 2003) and assuming ‘c’ is equal to 1.5.
Eq. (A9) becomes

20bss = b=c, (A10)
b

bAE = %, (All)

log;oN(A) = a —bpg[Agg] . (A12)

Therefore, G-R law given in Eq. (A1) is modified to im-
plement for AE testing is given below.
log;oN(A) =a— b [222]. (A13)
where Agpis the peak amplitude of the AE hits (or events)
in decibels. b is the AE-based b-value. N(A) is the number
of AE hits of amplitude greater than or equal to A. ‘@’ is
constant. The constant 'a’ is determined mostly based on
surrounding noise of the test area. Therefore to use the
same G-R law given in Eq. (A1), one should divide ac-
quired AE peak amplitudes by 20. Because AE peak am-
plitude recorded is in dB units and Richter magnitude of

earthquakes defined in terms of logarithm of maximum
amplitude.
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