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Abstract: Artificial Neural Networks (ANNs) are the most adopted approach in
modeling of engineering problems. In this paper, we have developed ANN-based a
novel modeling approach for asphalt mixtures. The Flow, Stability and MQ of the
mixtures have been modeled and predicted by the introduced ANN-based
approach. The legibility, comprehensibility, consistency, estimation performance,
standard deviation etc. of the presented approach has been compared the
literature. The experimental studies have shown that the proposed approach
provides robustness, stability and a high accuracy ratio for estimation the Flow,
Stability and MQ. While this paper has presented a novel approach to modeling the
asphalt mixtures, it has also verified the results of literature. Thus, powerful,
efficient and alternative approaches were presented to the literature for modeling

the asphalt mixtures.

1. Introduction

The major properties to be incorporated in
bituminous paving mixtures are stability, durability,
flexibility and skid resistance (in the case of wearing
surface). Traditional mix design methods are
established to determine the optimum asphalt
content that would perform satisfactorily,
particularly with respect to stability and durability.
There are many mix design methods used throughout
the world e.g. Marshall mix design method, Hubbard-
field mix design method, Hveem mix design method,
Asphalt Institute Triaxial method of mix design, etc.
Out of these only two are widely accepted, namely
Marshall Mix design method and Hveem mix design
method [1]. Marshall mixture design procedure
(ASTM D 1559) is used for designing the asphalt
concrete mixes in Turkey. Two properties are
determined from the Marshall test [2]. These are:

(a) The maximum load the specimen will carry before
failure, which is known as the Marshall stability.

(b) The amount of deformation of the specimen
before failure occurred, which is known as the
Marshall flow.

Stability of asphalt concrete determines the
performance of the highway pavement. Low stability
in asphalt concrete may lead to various types of
distress in asphalt pavements. Cracking, especially
fatigue cracking, due to repeated loading has been
recognized as an important distress problem in
asphalt concrete pavements. The stability of asphalt
concrete pavements depends on the stiffness of the
mix, bitumen content, softening point of bitumen,
viscosity of asphalt cement, grading of aggregate,
construction practice, traffic, and climate conditions

(3].

Flow is the ability of an HMA pavement to adjust to
gradual settlements and movements in the subgrade
without cracking. The flow may be regarded as an
opposite property to the stability, determining the
reversible behavior of the wearing course under
traffic loads and affecting plastic and elastic
properties of the asphalt concrete [4, 5].

The ratio of the Marshall stability to Marshall flow is
termed the Marshall Quotient (MQ) and is an
indication of stiffness of the mix and the resistance
against the deformation of the asphalt concrete. MQ

1
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values are calculated to evaluate the resistance of the
deformation of the modified specimens. A higher
value of MQ indicates a stiffer mixture and, hence,
indicates that the mixture is likely more resistant [4-
9].

The testing procedure in order to determine the
Marshall stability, Marshall flow, and MQ is very time
consuming and needs skilled workmanship. Due to
this, if these values can be obtained for a standard
mix by the help of another method as computer-aided
data mining approaches, prepared specimens can be
used for other mechanic test method.

Several alternative computer-aided data mining
approaches have recently been developed. An
instance is pattern recognition systems. These
systems learn adaptively from experience and extract
various discriminators. Artificial neural networks
(ANNs) are one of the most widely used pattern
recognition methods [10]. Detailed information about
the applications of artificial neural networks in
pavement engineering area can be found in the
literature [11-18]. The relevant literature is
summarized in detail [19]. It doesn’t need for present
the studies engaged in paper again and again.

Genetic programming (GP) is another alternative
approach for the analysis of the rutting potential [20,
21]. GP may generally be defined as a supervised
machine learning technique that searches a program
space instead of a data space. Many researchers have
employed GP and its variants to find out any complex
relationships between the experimental data [22-25].

Recently, Aksoy et al. [26] introduced a novel
approach for modeling stability test data. In the
proposed model, the Intuitive k-Nearest Neighbor
Estimator (IKE) based on genetic algorithm and k-
nearest neighbor algorithm was used for
understanding Marshall Parameters. The stability,
flow and MQ values were interrogated with measured
and predicted values. Using the genetic approach, the
flow number, stability and MQ can accurately be
estimated without carrying out sophisticated and
time-consuming laboratory tests with any other
testing equipment. Weighted features have a primary
role in the value estimation of target parameters.
Moreover, the proposed model successfully explores
the effects of different features on the target
parameters and predicts the real values of the
parameters with a high accuracy rate. According to
the experimental results, applying of IKE provides a
high accuracy for the asphalt mixtures problem [26].
The IKE algorithm has been also applied to weight
the parameters of synchronous motor and predict the
excitation current of it. Please see the reference
studies for detailed information about the IKE
algorithm [26, 27].

Although the IKE model has been used in asphalt
pavements area, it has not been compared the most
frequently used model such as artificial neural
networks (ANNs). The purpose of this study is to
compare the performances of IKE and ANN for
Marshall Test parameters and the MQ approach.
Moreover, validity of IKE is researched on new
samples prepared in laboratory at same parameters.

2. Materials and Method
2.1. Mixture design

Used aggregate combination was obtained from the
Catak rock quarry in Trabzon province. Various
engineering properties of coarse and fine aggregate
were given in Table 1 and Table 2 and the gradation
curve is shown in Figure 1. Asphalt cement with 50-
70 penetration grades was used. Test results for
bituminous binder supplied from Kirikkale oil
refinery are given in Table 3. Design parameters were
obtained with the ASTM D1559 Marshall method and
optimum mixture parameters were presented in
Table 4.

It was studied with 126 briquettes produced in the
laboratory with the optimum asphalt cement content.
63 samples prepared with same parameters
previously had been used IKE algorithm. Seven
groups with nine samples had been created
depending upon compaction energies. Seven samples
had been used in the IKE for the training set and two
samples had been used for the test set from each
group [26].

Table 1. Properties of the used aggregate

Properties Test Method Value
L.A. Abrasion (%) ASTM C-131 12.4
Flakiness (%) BS 812 (Part 105) 14.3
Stripping resistance (%) ASTM D-1664 30-35
Water absorption (%) ASTM C-127 0.8
Soundness in NaSO4 (%) ASTM C-88 1.1
Polished stone value BS 812 (Part114) 0.60
Plasticity index for TS 1900 non-
sandy aggregate plastic

Table 2. Aggregate specific gravities (g/cm?3)

Grain-size fraction ?}?&iﬁ?;iingravi ty gB:;l‘; t;peaflc
Coarse aggregate  2.782 2.723

Fine Aggregate 2.800 2.703

Filler aggregate 2.885 -

Aggregate mixture 2.795 2.705
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Figure 1. Aggregate distribution on gradation chart
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In this research, 63 samples else produced with same
parameters in addition to first paper. Also ANN was
applied to samples apart from IKE. Same training set
(49 samples) was used. Remained 77 Marshall
briquettes were used for test set. Weights of IKE
model were not changed and validity of model was
investigated on new samples that are not introduced
model before. Results of ANN which is the most used
program in literature with results of IKE were
compared. Properties of the samples used in the
experimental stages are illustrated in Tables A1l and
Table A2. Table A1l shows the training set sample
properties while Table A2 gives test set properties.

Table 3. The results of tests performed on asphalt
cement (AC 50-70)

Properties Test Method Unit Value
Specific gravity (25°C) ASTM D-70  gr/cm3 1.027
Softening point (°C) ASTM D36-76 °C 52
Flash point (Cleveland) ASTM D-92  °C 210
Penetration (25°C) ASTM D-5 0.1mm 65

Ductility (25°C) ASTM D-113 cm 100+
Table 4. Marshall Design test results
Board in

. Turkey
Design parameters Values Min. Max.
Bulk specific gravity, Gmb 2.438 - -
Marshall stability, kg 1570 900 -
Air voids, Pa, % 4 3 5
Void filled with asphalt, Vf, % 71.5 75 85
Flow, F, 1/100 in. 33 2 4
Filler/bitumen 1.22 - 1.5
Asphalt cement, Wa 5.25

2.2. The Intuitive k-nearest neighbor estimator
(IKE method)

The IKE is an instance-based heuristic searching and
prediction algorithm. It consists of genetic algorithm-
based weight-tuning unit, similarity measurement
unit and nearest-neighbor-based estimation unit. It
heuristically explores the effectiveness and
importance of input parameters/features on output
parameters/target values of a problem. This process
is called weighting. It is very useful for modeling the
parameters of system and reveals the hidden states.
Weighting of input parameters of a problem also
improves the classification and prediction
performance of nearest-neighbor-based algorithms.
Flow chart of IKE algorithm was given in Figure 2.

IKE-BASED DECISION
SUPPORT SYSTEM

¥

A\

DATASET

(HMA) data

Modeling and representation of asphalt mixture

J

v

N )

WEIGHT TUNING UNIT
Generating of population to explore the best
weight values of input parameters in HMA

~

¥

SIMILARITY MEASUREMENT UNIT
Using of distance metrics to determine nearest-

L neighbors of a test sample

v

Ve

k-NN ALGORITHM
Finding k nearest neighbors for test sample

J

ESTIMATION UNIT
Estimation of Flow, Stability and
MQ with the root average sum of

Figure 2. Steps for weighting the parameters of
asphalt mixtures and predicting the flow, stability
and MQ in IKE algorithm [26, 27]

e Dataset: In the IKE algorithm as is the case with
most instance-based algorithms, a training and
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test dataset is prepared. The datasets are used to
represent a sample space of observations belong
to a problem, to model the relationships between
the features and target values of the instances and
to verify the training achievement of algorithm. In
the previous study, we used 49 sample
observations to create the training dataset and 14
sample observations to create the test dataset for
asphalt mixture problem.

e Weight-tuning unit: It heuristically searches the
optimal weight values of each input parameter or
feature on the target parameter(s) of observation
belong to a problem. The weighting of features
changes the results of distance measurements
among the observations. Depending on these
changes the nearest neighbors of a test
observation can be changed. Consequently, in the
nearest neighbor-based approaches the decision
of algorithms also changes. According to the
literature [28-30], the usage of weighted features
in the distance metrics improves the similarity
measurements and the performance of nearest
neighbor-based algorithms. The optimal weight
values are explored by the heuristic methods. One
of the popular heuristic searching methods is the
GA. In the previous study, we used the GA-based
weighting method and explored the best weight
values of features for the “Flow”, “Stability” and
“MQ” in asphalt mixtures. Please see the reference
study for detailed information about the weight-
tuning method and the optimal weight values of
features in asphalt mixtures [26].

e Similarity measurement unit: It is used to
measure the distances among a test observation
and training (sample) observations. It creates n-
dimensional (n is the number of training
observations) distance array. The array is used to
determine the nearest neighbors of test
observation in the k-NN algorithm.

e Kk-NN algorithm: It determines the nearest
neighbors of test observation(s) depending on the
distance measurements.

e Estimation unit: It estimates the values of Flow,
Stability and MQ for test observation depending
on the k-nearest neighbors of it. The root average
sum of squares method was used to estimate the
target values in the previous study. Please see the
previous study for more information [26].

2.3. Artificial neural network model

Engineering community is always looking for higher
accuracy, speed and reliability while evaluating any
engineering process. Neural networks have emerged
as successful computational tools for studying a
majority of pavement engineering problems [12].
Increasingly, modern pattern recognition techniques
such as neural network are being considered to
develop models from data to their ability to learn and

recognize trends in the data pattern [31].

Artificial neural networks (ANNs) are proposed on
the research about modern neurobiology and human
information processing by cognitive science, and they
can achieve a variety of complex information
processing functions by simulation of the neurons in
the network structure and characteristics. ANN has
the capability of establishing a functional relationship
between two data spaces during a learning process
and reproduce/generalize these data during a recall
process. In other words, in one of their basic
applications and after successful training, they can
provide the correlating mathematical relationship
between multi-dimensional input/output data sets
[32].

Their inherited abilities such as nonlinear learning
and noise tolerance make them particularly useful in
situations where the problem is likely to change. ANN
are especially useful at solving problems that cannot
be clearly represented with a procedure, i.e.
expressed as a series of steps, such as recognizing
patterns, classification, series prediction and data
mining [33].

The development of artificial neural network (ANN)
models significantly depends on the experimental
results. In the present work, blows, sample
height (mm), density (g/cm3), void (%), VMA (%),
and VFA (%) were considered as the prime
processing variables. The proposed ANN model was
designed by software developed using the MATLAB
Neural Network Toolbox. The data were obtained
from previous study [26] and new samples were
produced in laboratory. Among these data, 49
samples were selected for ANN training process,
while the remaining 77 samples were used to verify
the generalization capability of ANN. The data sets
used in the prediction model are shown in Tables Al
and A2.

The ANN models, which have different network
structures and parameters were constituted, and
ANNs training processes were performed with
MATLAB package software to determine weight and
bias values and to minimize the mean square error. In
order to determine the performance of networks, the
models were tested using a set of data (namely test
data) containing input-output pairs which were not
utilized for training processes. Thus the most
sensitive (appropriate) ANN result was targeted.

The obtained predicted values as a result of the
testing process were compared with the real
(measured) values. The model providing the best
prediction values with respect to the root mean-
square error (RMSE) ratio, calculated with Eq. 1, and
the mean absolute percentage error (MAPE) ratio,
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calculated with Eq.2, was chosen as the prediction
model.

RMSE = . Eq.1

1/ [1t; — td;
MAPE = = Z “—” X 100 oo oo s EQ. 2
N\

In Egs. 1 and 2, t; is the actual output values, td; is the
neural network predicted values, and N is the number
of objects. In Tables A1 and A2, the values calculated
by utilizing this prediction model for the training and
test data, real values, and predicted values are
indicated.

Figures 3 and 4 show the ANN models containing 1
input layer, 2 hidden layers and 1 output layer. The
selected ANN model represents the prediction model
that produced the closest values to the measured
values for the flow and stability. The blows, sample
height (mm), density (g/cm3), void (%), VMA (%),
and VFA (%) were used as the input variables, while
the flow and stability values were used as the output
variables in the ANN models. The processing element
numbers (neurons) of the two hidden layers were
chosen as 4 and 3 for the flow model in Figure 3, and
4 and 4 for the stability model in Figure 4
respectively.

inputs  weights

neurons

outputs

density (g/cm3) a
ow
void (%)
VMA (% /bias
VFA (%

input layer ~ hidden layer output layer

Figure 3. The ANN architecture selected as the
prediction model for the flow

inputs  weights
neurons
blow:

sample height (mm
density (g/cm3)
void (%)

VMA (%

VFA (%)

input layer

Figure 4. The ANN architecture selected as the
prediction model for the stability

hidden layer output layer

A feed forward and back propagation multilayer ANN
was used for solving problems, and the network
training and testing was carried out using the
MATLAB software package. In this study, the
hyperbolic tangent sigmoid function (tansig) and the
linear transfer function (purelin) were used as the
activation  transfer functions, the levenber
gmarquardt algorithm (trainlm) waglyised as the
training algorithm, the gradient descent with a
momentum back propagation algorithm (traingdm)
was used as the learning rule, and the mean square
error (MSE) was used as the performaiés function.
The mean square error (MSE) was calculated using
Eq. 3.

N

1

i=1

Where, ti is the actual output (targeted
values), td; is the neural network output (predicted
values), and N is the total number of training
patterns.

To ensure an equal contribution of each parameter in
the model, the training and test datasets were
normalized (-1, 1 range) due to the use of the
hyperbolic tangent sigmoid function in the model and
network, which allowed the data to be translated into
the original value, with a reverse normalizing process
for the interpretation of the results. The
normalization (scaling) operations were carried out
using Eq. 4.

X — Xpni
Xporm = 2 X 0—————"— et ieee e oo EQL4

Xmax - Xmin

In this equation, Xnorm is the normalized value of a
variable X (real value of the variable), and Xmax and
Xmin are the maximum and minimum values of X,
respectively.

It was decided that the 0.001 targeted MSE values
would be sufficient for the training of the artificial
neural networks. When MSE of ANN training process
reached 0.001, the training was terminated and
change of flow and stability were modeled with
obtained network parameters.

The amounts of error variation depending on
iteration of the selected artificial neural networks are
shown in Fig. 5, for flow (Fig. 5a), stability (Fig. 5b).
The number of epochs after which the training
models were stopped is 47 and 8.
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Figure 5. A plot of error variation depending on iteration of the ANN

3. Results and Evaluation

One of the most important properties of IKE model is
that effect of input parameters on the target
parameters can be determined. Modeling of data can
be performed with classical system via this
correspondence. From the point of repeatability of
research, all details included used data were given
clearly. Thus, opportunity of comparison with other
models is created to researchers. Weighting effects of
input parameters on the target for flow, stability and
MQ are presented in Table 5.

It was seen that the compaction energy was the most
effectual parameter on Marshall Quotient from Table
5. The other input parameters (sample height,
density, air void, VMA, and VFA) were more effectual
on stability values than MQ and flow. Air void level
was found direct relation with flow according to IKE.

77 samples were used in both IKE and ANN model as
test set. Real test results and predicted values form
models were presented in Figure 6 - Figure 8. Both
measured and predicted stability, flow and MQ values
were observed in compatible with each others.

Table 5. Effects of input parameters on the target parameters for flow, stability and MQ [26]

Degree of Compaction Sample Density Air Void VMA VFA
correspondence energy height
Flow 1.53008 0.36826 0.04971 0.24003 0.64961 0.42475 0.00162
Stability 0.01542 0.54533 0.81421 098152 0.5802 0.90526 0.85213
Marshall 0.00969 0.81859  0.57302 0.80202 0.45871 0.34327 0.19848
quotient
5.00
x Real test results <
450 11 A |KE predict ;@59’8%%%58
_.4.00 +{ o ANN Predict 5
= X iiii igxx‘
£350 o Hnqmpiantin
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Figure 6. Comparison of predicted values of IKE and ANN with real flow values
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Figure 7. Comparison of predicted values of IKE and ANN with real stability values
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Figure 8. Comparison of predicted values of IKE and ANN with real MQ values

The coefficient of determination (R2), the root mean
squared error (RMSE), and mean absolute % error
(MAPE) were calculated on the back of flow, stability,
and MQ values were predicted. R2 was used to
provide a measure of the goodness of fit of the model.
RMSE, a frequently-used measure of the differences
between values predicted by a model and the values
actually observed from the test. And MAPE was used
to determine the error rate between real and
predicted flow, stability and MQ values. MAPE and
RMSE were calculated with Eq. 1, Eq. 2 and related
data was shown in Table 6.

Table 6. Comparison parameters for IKE and ANN

models
IKE ANN
Flow Stability MQ  Flow Stability MQ
MAPE 3.078 0.427 3.234 3.014 0.361 3.086
RMSE 0.113 7.993 21.53 0.122 6.7871 21.07

Rz 0983 0.998 0.944 0.981 0.999 0.947

From the Table 6, it can be inferred that IKE and ANN
approaches can be applied to Marshall test
parameters. MAPE value of ANN model for specimens
are 3.014, 0.361, and 3.086 for flow, stability and MQ
respectively. These values lower than IKE ones. R?
values are considerable close. These values indicate
that the ANN is slightly effective to predict the flow,
stability and MQ.

Comparison of error rate distribution of two models
was illustrated in Figure 9 - Figure 11. According to
the figures, it can be say that in generally, predict
ability of two methods for this problem is similar.
Thus, from sample to sample increasing or decreasing
of error amount is similar. Although error ratio
increases to 9% for flow, it is not to exceed 1.6% for
stability. Detailed list was prepared and given in
Table A2.
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Figure 11. Distribution of error rates obtained from IKE and ANN for MQ

The IKE was applied to Marshall Test parameters. 49
samples were used for training set and 12 samples
were used for test set. Blows, sample height, density,
void, VMA, and VFA were selected as input
parameters and flow stability, and MQ were selected
as target parameters. The IKE predicted the real
values of the parameters with a high accuracy rate.
MAPE values were determined as 1.849, 0.361, and

1.568 for flow, stability, and MQ respectively. Also
high level of R2 was calculated between predicted and
real test results [26]. In this study, test set samples
increased to 77 samples. The same algorithm and
degree of correspondence were used. Test results
showed that new MAPE values changed as 3.078,
0.427, and 3.234.It was understand that although
new data set was not introduced to algorithm,
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observed error ratios for flow, stability, and MQ are
at acceptable levels.

Applications of IKE to asphalt pavement tasks are
quite new. In this research, genetic algorithm was
applied to Marshall test parameters. It is understand
that a practical solution is possible with the IKE
method for understanding Marshall test parameters
and in some measure, in context with the permanent
deformation with the MQ method or flow comment.

Neural networks (NNs) were applied for the
prediction of Marshall test results for polypropylene
(PP) modified asphalt mixtures. Marshall stability
and flow tests were carried out on specimens
fabricated with different type of PP fibers and also
waste PP at optimum bitumen content. The proposed
NN model uses the physical properties of standard
Marshall specimens such as PP type, PP percentage,
bitumen percentage, specimen height, unit weight,
voids in mineral aggregate, voids filled with asphalt
and air voids in order to predict the Marshall
stability, flow and Marshall Quotient values obtained
at the end of mechanical tests. The proposed neural
network models for stability, flow and Marshall
Quotient have shown good agreement with
experimental results (R2=0.97, R2= 0.81, Rz= 0.87).
The proposed neural network model and formulation
of the available stability, flow and Marshall Quotient
of asphalt samples is quite accurate, fast and practical
for use by other researchers studying in this field [2].
In this study, used NN model gives high accuracy
results. It was obtained averagely 96.986%, 99.639%,
and 96.914% accuracy results for flow, stability and
MQ. Marshal test parameters predicted by IKE and
ANN were compared with real test results. ANN gives
slightly more accuracy results than IKE. The reader
must not forget that the obtained results at the end of
this study are valid only for this problem.

4. Conclusions

An intuitive k-NN estimator has been used for
modeling the features and outputs of asphalt
mixtures. Relationships between features and target
parameters of the problem have been chosen same as
previous study [26]. Dataset of asphalt mixture has
been extended and larger test set has been prepared
and tested with the algorithm. Validity of IKE on new
data has been researched. Also, ANN model has been
established and the performance of IKE and ANN
models has been compared. Below considerations
can be drawn from this investigation.

The results generally show small differences between
the predicted and measured flow, stability, and MQ
values of the mixtures. ANN model reveals slightly
lower MAPE values than IKE. Error ratios (MAPE) of
ANN are 3.014, 0.361, and 3.086 for flow, stability

and MQ. IKE gives slightly high values (3.078, 0.427,
and 3.234). Generally, high R? value and low RMSE
value achieved from both model. As a result, the
developed ANN models have a slightly better
prediction rate than the IKE model since the ANN
model have a higher R2? value and lower RMSE and
MAPE values in comparison with the IKE model.

Although new data set consist of 77 samples (it was
not introduced to model previously) was tested with
IKE, error ratio (MAPE) increased to 3.078, 0.427,
and 3.234 from 1.849, 0.361, and 1.568 for flow,
stability and MQ. The values are in acceptable level of
correctness. It is concluded that validity of Intuitive
k-NN estimator continues on new data too.

Both IKE and ANN model can estimate accurately the
flow number, stability and MQ without carrying out
sophisticated and time-consuming laboratory tests
with any other testing equipment. Using the methods
can provide convenience to the laboratory working.
Samples prepared for determined the flow and
stability values can be used for other test method.
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APPENDIX

Please see Table A1 and Table A2.

Table Al. Properties of the training set samples

Sample Sample Density Void VMA  VFA Flow Stability = MQ
ID Blows Height (mm) (gr/cm3) (%) (%) (%) (mm) (kg) (kg/mm)
1 45 61.60 2362 7.221 17.611 58996 1.70 1154 679
2 45 62.80 2360 7.320 17.698 58.643 1.65 1140 691
3 45 62.30 2369 6.939 17.360 60.030 1.70 1148 675
4 45 63.20 2357 7.443 17.808 58.205 1.65 1131 685
5 45 62.00 2353 7.589 17.938 57.692 1.75 1152 658
6 45 62.40 2362 7.242 17.630 58919 1.60 1149 718
7 45 63.10 2365 7.117 17.518 59.376 1.80 1141 634
8 50 63.90 2372 6.840 17.273 60.398 2.45 1361 556
9 50 63.50 2379 6.552 17.017 61.497 2.50 1350 540
10 50 63.90 2372 6.833 17.266 60.426 2.40 1346 561
11 50 64.10 2368 6.996 17.411 59.818 2.40 1349 562
12 50 63.00 2372 6.828 17.262 60.443 2.30 1362 592
13 50 62.60 2366 7.068 17.475 59.553 2.35 1361 579
14 50 62.00 2370 6.914 17.338 60.123 2.40 1355 565
15 55 63.03 2382 6.444 16.921 61916 3.00 1514 505
16 55 63.97 2.386 6.291 16.785 62.522 3.10 1507 486
17 55 62.27 2.388 6.203 16.707 62.870 3.10 1522 491
18 55 61.53 2.375 6.702 17.150 60.920 3.00 1522 507
19 55 61.77 2.384 6.372 16.857 62.199 3.20 1518 474
20 55 62.07 2.378 6.599 17.058 61.316 3.20 1511 472
21 55 63.00 2.387 6.255 16.753 62.665 3.30 1509 457
22 60 63.37 2390 6.136 16.647 63.141 3.80 1655 436
23 60 62.53 2.383 6.403 16.885 62.077 3.70 1689 456
24 60 63.03 2.386  6.277 16.772 62.578 3.90 1673 429
25 60 63.57 2.395 5926 16.461 64.000 3.80 1662 437
26 60 63.37 2.384 6.358 16.844 62.255 3.70 1663 449
27 60 62.63 2.388 6.202 16.706 62.874 3.70 1682 455
28 60 62.47 2.394 5965 16.496 63.838 3.60 1681 467
29 65 64.67 2402 5.664 16.228 65.098 4.40 1702 387
30 65 62.17 2.390 6.124 16.636 63.191 4.50 1704 379
31 65 61.67 2.398 5814 16.361 64.464 4.60 1700 370
32 65 62.60 2.404 5582 16.155 65.447 4.30 1703 396
33 65 61.47 2401 5.695 16.256 64.965 4.40 1706 388
34 65 62.27 2.393 6.016 16.541 63.630 4.50 1689 375
35 65 61.93 2.394 5970 16.500 63.820 4.50 1693 376
36 70 63.50 2413 5221 15.835 67.027 3.50 1630 466
37 70 63.03 2.417 5.061 15.693 67.747 3.70 1631 441
38 70 63.03 2406 5501 16.083 65.797 3.60 1636 454
39 70 63.23 2410 5.349 15.949 66.459 3.70 1633 441
40 70 63.07 2403 5.623 16.191 65.274 3.50 1626 465
41 70 62.87 2412 5272 15.880 66.801 3.70 1639 443
42 70 62.23 2409 5.378 15.974 66.334 3.60 1637 455
43 75 62.97 2.443 4.037 14.784 72.690 3.30 1558 472
44 75 62.27 2455 3.565 14.364 75.182 3.40 1566 461
45 75 62.13 2.449 3.814 14.585 73.851 3.45 1563 453
46 75 61.93 2.457 3.497 14.304 75.552 3.20 1572 491
47 75 61.90 2.449 3.814 14.586 73.848 3.20 1560 488
48 75 62.47 2.454 3.609 14.403 74.945 3.30 1557 472
49 75 62.70 2460 3.383 14.202 76.182 3.30 1546 468
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Table A2. Test set samples and Marshall test parameters

Blows S]—?enig}ite Density Void VMA  VFA Test I‘e.Sl.lltS IKE pre'd.icted ANN prfefiicted
(mm) (g/cm3) (%) (%) (%)  Flow Stability MQ Flow Stability MQ Flow Stability MQ
1 45 62.23 2359 7.347 17.722 58546 1.70 1154 679 1.70074 1145.232029 673.375 1.68422 1150.201767 682.929
2 45 62.00 2364 7.140 17.539 59.290 1.65 1152 698 1.70074 1146.411968 674.068 1.68892 1151.942453 682.058
3 45 63.47 2368 6992 17.407 59.834 1.80 1143 635 1.70074 1141.818462 671.368 1.70253 1147.861729 674.208
4 45 63.23 2354 7.538 17.892 57.870 1.80 1144 636 1.70074 1142.62391 671.841 1.69248 1140.338472 673.766
5 45 6183 2353 7.582 17931 57.717 1.85 1147 620 1.70074 1145.232029 673.375 1.68734 1159.769031 687.336
6 45 62.03 2363 7.204 17.596 59.057 1.60 1152 720 1.70074 1147.214191 674.540 1.69473 1151.458601 679.435
7 45 63.67 2361 7.250 17.637 58.891 1.60 1149 718 1.70074 1143.027471 672.078 1.68014 1141.153198 679.200
8 45 63.30 2365 7.114 17.515 59.387 1.80 1151 639 1.70074 1141.818462 671.368 1.69119 1144.456667 676.717
9 45 63.60 2363 7.191 17.584 59.106 1.70 1148 675 1.70074 1143.027471 672.078 1.68879 1142.426738 676.478
10 45 63.00 2367 7.038 17.448 59.665 1.60 1155 722 1.75071 1146.411968 654.825 1.70470 1146.537333 672.574
11 45 62.00 2364 7.137 17.536 59.300 1.70 1152 678 1.75071 1146.411968 654.825 1.68771 1151.974571 682.567
12 50 6290 2368 6988 17.404 59.849 250 1356 542 2.37513 1357.609075 571.593 2.36768 1356.451311 572.902
13 50 6183 2371 6.878 17306 60.258 2.30 1358 590 2.37513 1357.013412 571.342 2.37695 1365.526500 574.487
14 50 62.47 2373 6.797 17.234 60.563 2.30 1348 586 2.37513 1357.013412 571.342 2.39441 1361.845347 568.760
15 50 62.57 2371 6875 17303 60.270 240 1350 563 2.37513 1357.013412 571.342 2.37302 1360.104828 573.154
16 50 61.47 2377 6.637 17.092 61.170 245 1369 559 2.37513 1354.814083 570.416 2.44961 1370.921713 559.649
17 50 61.73 2369 6949 17369 59.994 2.60 1360 523 2.37513 1357.609075 571.593 2.35050 1366.035740 581.168
18 50 62.83 2373 6.799 17.236 60.552 2.50 1351 540 2.32513 1357.013412 583.628 2.38993 1359.526284 568.855
19 50 64.00 2364 7.162 17.558 59.210 2.50 1354 541 2.37513 1355.817318 570.839 2.42525 1346.944067 555.383
20 50 63.83 2368 6990 17.406 59.841 240 1355 565 2.37513 1355.817318 570.839 2.38496 1350.826211 566.394
21 50 64.03 2377 6.633 17.088 61.187 240 1345 560 2.45051 1353.616046 552.381 2.40890 1354.487216 562.285
22 50 63.63 2373 6.790 17.228 60.589 240 1357 565 2.42513 1353.616046 558.163 2.37231 1355.084212 571.210
23 55 63.43 2372 6826 17.260 60.451 3.00 1499 500 3.10161 1484.44562 478.604 3.10355 1508.324169 485.999
24 55 6237 2376 6.679 17.130 61.008 3.10 1516 489 3.10161 1517.406274 489.231 3.08504 1516.908194 491.699
25 55 64.17 2379 6559 17.023 61.470 290 1489 514 3.10161 1512.60907 487.685 3.10421 1499.660673 483.105
26 55 64.57 2370 6916 17.340 60.116 3.00 1498 499 3.10161 1482.069567 477.838 3.13594 1497.846147 477.638
27 55 62.10 2374 6.759 17.200 60.706 290 1516 523 3.10161 1517.406274 489.231 3.08360 1518.682887 492.503
28 55 62.77 2382 6438 16915 61942 3.00 1512 504 3.10161 1514.807314 488.393 3.10533 1513.277939 487.316
29 55 63.67 2374 6754 17.196 60.722 3.10 1493 481 3.10161 1512.60907 487.685 3.10675 1505.785068 484.682
30 55 62.53 2377 6.646 17.100 61.136 3.10 1507 486 3.10161 1514.807314 488.393 3.09086 1515.529176 490.326
31 55 62.37 2385 6324 16.814 62.390 3.00 1501 500 3.10161 1514.807314 488.393 3.19320 1516.752035 474.995
32 55 63.37 2379 6569 17.032 61.432 3.20 1502 469 3.10161 1512.60907 487.685 3.10100 1507.665149 486.187
33 55 63.57 2372 6818 17.253 60.481 3.10 1487 480 3.10161 1481.523945 477.662 3.10038 1507.206704 486.136
34 60 63.83 2397 5852 16.395 64.308 390 1653 424 3.70000 1666.825006 450.493 3.75398 1659.364169 442.028
35 60 62.53 2393 6.005 16.531 63.674 3.70 1671 452 3.70000 1670.633592 451.523 3.70453 1675.244638 452.216
36 60 6297 2389 6.170 16.677 63.004 3.70 1682 454 3.70000 1672.445395 452.012 3.72898 1671.622272 448.279
37 60 61.87 2390 6.132 16.644 63.156 3.80 1685 443 3.70000 1676.040572 452.984 3.66648 1681.322032 458.565
38 60 63.03 2386 6.294 16.787 62.509 3.80 1684 443 3.70000 1672.445395 452.012 3.75562 1671.630487 445.101
39 60 62.37 2397 5850 16.393 64314 3.70 1676 453 3.70000 1670.633592 451.523 3.52642 1675.908970 475.244
40 60 6247 2384 6356 16.843 62.262 3.80 1671 440 3.70000 1672.445395 452.012 3.73019 1677.528654 449.716
41 60 62.73 2389 6.164 16.672 63.028 390 1678 430 3.70000 1672.445395 452.012 3.71396 1674.130296 450.767
42 60 62.27 2396 5892 16431 64.139 390 1684 432 3.70000 1670.633592 451.523 3.62129 1677.009200 463.097
43 60 62.23 2382 6437 16915 61943 390 1673 429 3.70000 1672.445395 452.012 3.73071 1679.701890 450.237
44 60 63.67 2387 6243 16.743 62.710 3.80 1667 439 3.80132 1667.026754 438.539 3.78540 1664.628074 439.749
45 65 62.37 2406 5502 16.084 65.792 430 1696 394 4.50000 1698.211706 377.380 3.94155 1696.600988 430.440
46 65 64.27 2400 5736 16.292 64.792 440 1705 388 4.50000 1700.01000 377.780 4.39769 1697.500344 385.998
47 65 6247 2397 5851 16394 64310 430 1702 396 4.50000 1697.81006 377.291 4.53128 1697.798574 374.684
48 65 63.87 2403 5.608 16.178 65.339 4.40 1703 387 4.50000 1700.01000 377.780 4.43621 1697.253903 382.591
49 65 62.27 2403 5.608 16.178 65.337 4.60 1694 368 4.50000 1698.211706 377.380 4.32704 1696.728083 392.122
50 65 64.57 2406 5491 16.074 65.843 4.60 1703 370 4.45028 1700.01000 382.001 4.35881 1696.763771 389.272
51 65 6243 2394 5979 16.508 63.779 4.60 1701 370 4.50000 1697.81006 377.291 4.50610 1698.415985 376.915
52 65 61.87 2399 5780 16.331 64.607 4.60 1700 370 4.50000 1698.412317 377.425 4.54046 1697.221599 373.799
53 65 64.67 2408 5422 16.013 66.141 4.50 1698 377 4.45028 1700.01000 382.001 4.26808 1696.646800 397.520
54 65 63.27 2392 6.043 16.564 63.521 4.50 1698 377 4.50000 1697.81006 377.291 4.39163 1698.663642 386.796
55 65 64.37 2399 5775 16.326 64.630 4.40 1702 387 4.50111 1700.01000 377.687 4.37344 1697.537200 388.147
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Table A2. Test set samples and Marshall test parameters (continue)

Blows S};;\enil;)ﬁte Density Void VMA  VFA Test results IKE predicted ANN predicted
(mm) (g/cm3) (%) (%) (%) Flow Stability MQ Flow Stability MQ Flow Stability MQ
56 70 6297 2401 5.689 16.251 64991 3.70 1641 444 3.55035 1634.206291 460.294 3.61279 1631.348581 451.548
57 70 62.57 2411 5303 15908 66.662 3.50 1632 466 3.55035 1635.003058 460.519 3.61678 1634.950178 452.045
58 70 62.77 2416 5.114 15740 67.507 3.50 1629 465 3.55035 1634.003672 460.237 3.60991 1634.834791 452.874
59 70 64.17 2402 5652 16.218 65.148 3.60 1622 451 3.55035 1632.404974 459.787 3.61073 1621.175882 448.989
60 70 63.57 2407 5453 16.041 66.006 3.50 1627 465 3.55035 1632.404974 459.787 3.61355 1627.827165 450.478
61 70 63.70 2410 5340 15940 66.502 3.70 1627 440 3.55035 1635.003058 460.519 3.61422 1627.382138 450.272
62 70 64.10 2403 5.620 16.189 65285 3.60 1635 454 3.55035 1632.404974 459.787 3.61107 1622.129755 449.211
63 70 63.87 2408 5421 16.012 66.146 3.80 1634 430 3.55035 1632.404974 459.787 3.61314 1625.450527 449.872
64 70 63.80 2412 5264 15873 66.838 3.70 1629 440 3.55035 1635.003058 460.519 3.61441 1626.968012 450.134
65 70 63.30 2402 5.657 16.222 65.126 3.60 1628 452 3.55035 1634.206291 460.294 3.61234 1629.157203 450.998
66 70 63.57 2409 5385 15980 66303 3.60 1632 453 3.65034 1635.003058 447.904 3.61418 1628.240202 450.514
67 75 63.07 2441 4116 14.853 72291 342 1548 453 3.27510 1564.008824 477.546 3.34963 1556.205236 464.590
68 75 62.73 2447 3.896 14.658 73.420 3.35 1559 465 3.27510 1564.008824 477.546 3.34607 1559.791106 466.156
69 75 6297 2453 3.643 14.434 74.759 3.35 1555 464 3.27510 1563.807725 477.485 3.35680 1555.831145 463.487
70 75 63.87 2449 3.817 14.588 73.833 340 1549 456 3.27510 1564.008824 477.546 3.34919 1545.968704 461.595
71 75 63.47 2456 3.530 14.333 75.372 3.20 1555 486 3.27510 1561.42403 476.757 3.36456 1549.288423 460.473
72 75 62.27 2442 4.084 14.825 72450 3.20 1571 491 3.27510 1564.008824 477.546 3.33552 1566.306423 469.583
73 75 63.17 2438 4242 14965 71.657 3.45 1554 451 3.27510 1564.008824 477.546 3.37818 1555.139169 460.348
74 75 6297 2444 4014 14763 72812 3.40 1556 458 3.27510 1564.008824 477.546 3.34600 1557.078149 465.354
75 75 63.67 2449 3.801 14.573 73921 3.25 1559 480 3.27510 1564.008824 477.546 3.35078 1548.180176 462.036
76 75 6197 2451 3.741 14.520 74.238 3.30 1573 477 3.32735 1566.808093 470.888 3.28592 1568.954143 477.478
77 75 62.07 2446 3928 14.690 73.250 3.25 1573 484 3.30151 1561.42403 472.942 3.31843 1568.344156 472.616
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Abstract: In this study, a task-based programming learning environment with
simple syntax was developed. Existing environments are applications that are
mostly programming with visual components, are difficult to develop and
contribute to the transition to real programming languages. Within the developed
environment, a new programming language has been defined, which is close to the
actual programming languages. The programming learning environment has been
developed as open source using computer science and engineering techniques, and
is a framework for researchers seeking to develop such an environment. The
language in the programming learning environment is verified by lexical and syntax
analysis steps. Finite state machines control the success of the task. Regular
expressions allow users to parse the code written by the user and make the

necessary analysis on the code.

1. Introduction

Programming learning improves cognitive skills as
well as teaching computer science concepts. Providing
this improvement depends on the success of
programming learning. While learning programming
with real programming languages, individuals face
syntax difficulties. Solving these difficulties takes
longer than programming. This problem has revealed
programming learning environments. In
programming learning environments, programming is
usually done using visual components [1]. However,
programming with visual components leads to
difficulties for individuals in transition to real
programming languages. This leads to the need for a
learning  environment that resembles real
programming languages.

In the Scratch environment where tasks are
performed with visual components, puzzle
components that can take values are used [2]. By
assigning values to certain fields with the correct
parts, assignments, operations, conditions and loops
can be performed. In Vimap [3] consisting of
multidimensional blocks in which programming
instructions are represented by drag and drop, certain

values are written into blocks. Greenfoot, which is
Java-based and supports object-oriented
programming, has been developed for young people
[4]. RoBlock is a web based visual programming
language consisting of eight modules. The user learns
programming by performing tasks in each mode [5].

In this study, a programming learning environment
which is simple syntax, task-based, motivates users
with  intelligent feedback, motivation with
gamification is developed. Within the developed
environment, a new programming language has been
defined, which is close to the actual programming
languages. Lexical and syntax analysis steps verify the
language developed in the programming learning
environment. Finite automats control the success
status of task. Regular expressions allow users to
parse the code written by the user and make the
necessary analysis on the code.

In the second part of the work, the method and the
used tools, in the third part system architecture, in the
last part the results are given.

* Corresponding Author: sefaaras@ktu.edu.tr ORCID: 0000-0002-4043-3754
9 ORCID: 0000-0002-7212-5457
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2. Method

[tis stated in the literature that programming learning
environments developed with visual components
improve cognitive skills and reduce syntax difficulty
[6-8]. However, it is difficult for individuals who learn
programming using visual components to switch to
real programming languages [9, 10]. Therefore, the
language wused in the programming learning
environment developed is very close to the real
programming languages and the better learning
process is aimed with the intelligent feedbacks.

2.1. The Tools Used

The programming learning environment has been
developed on the web because it does not require
installation according to the desktop and mobile
applications. The JavaScript programming language,
which can work without the need for plugins, is
preferred for playing animations. Intellij as editor,
Apache Server for presentation and Mozilla Firefox as
browser. In the developed programming learning
environment, compiler techniques have been realized
by using regular expressions and finite state machines.

2.2. Compiler Techniques

Compilers for each programming language have been
developed to make programs written in different
programming languages workable on different
machines. The compilers convert the source code to
the target program [11]. The compilers perform this
process in several stages. In theory, these stages are
followed in sequence, but in practice this sequence is
not always followed, and sometimes the stages can be
combined [12]. The operation diagram of compiler is
given in Figure 1.

e Postfix

{otatior
_ [ Execute
— Code

Figure 1. Compiler operation diagram

&

Context Free
Gramer

| Symbol Table

A basic compiler usually consists of four stages [13]:

Table 1. Token Table

Source Code Token
text ID
“text” STR
number INT
H END
s BR
+ ADD
SUB
MUL
/ DIV
( LBT
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RBT

LCB

RCB

LBB

RBB

ID EQU EXP

ID EQU EXP ADD EXP
ID EQUINT SUB INT
ID EQUINT MUL INT
ID EQUINT DIV INT

o —

text = expression
text = expression + expression
text = expression - expression
text = expression * expression
text = expression / expression
expression (logical operators)

. EXP LOG EXP
expression
eger (logical expression) { IF LBT LEXP RBT LCB
code } CODE RCB
degilse eger (logical ELIF LBT LEXP RBT LCB
expression) { code } CODE RCB
degilse { code } ELSE LCB CODE RCB
FOR LBT INT RBT LCB
tekraret (number) { code } CODE RCB
oldugu surece(logical WHL LBT LEXP RBT
expression) { code } LCB CODE RCB

[] text = number LBB RBB ID EQU INT
ID LBB INT RBB EQU
EXP
MAIN LCB CODE RCB
FUNC LBT EXP RBT LCB

CODE RCB

text[number] = expression
program { code }

text(expression) { code }

1. Lexical Analysis: In the lexical analysis phase, first
white characters (space character, tab, new line, etc.)
are filtered out. Then the characters in the source code
are separated by symbols called tokens. Lexical
analysis is also called the stage of preparation for the
phase of syntactic analysis [11-13].

The tokens and their equivalents for the programming
language developed within the programming learning
environment are given in Table 1. The programming
language is fully covered by creating tokens for each
command and symbol. The expression in the source
code; variable (ID), text (STR), or number (INT).
Logical operators only generate conditional
expressions. Logical expressions are formed by
comparing two expressions with each other. The end
of logical statements can be true or false.

a=10%*(5+10) (1)
An example calculation is given in (1). With the
developed programming language, this calculation is
performed as follows:

e sayi=10*(5+20);
In the calculation process of equation 1 is given in the

state of Figure 2 was parsed into tokens by the
compiler.

INT MUL LBT INT ADD
10 * ( 5 +

INT RBT END
20 ) ;

ID EQU
sayi =

Figure 2. Token of equation 1
The main purpose of the lexical analysis phase is to

facilitate work in the next phase of syntax analysis.
Simple systems perform lexical analysis and syntax
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analysis together. However, the separation of these
stages has advantages such as efficiency and
modularity [12].

2. Syntax Analysis: The syntax analysis phase parse the
token list created during the lexical analysis phase into
a tree structure called a syntax tree. For this reason,
this stage is also called parsing. If the code is not
accepted at this stage, it is indicated as a syntax error
together with the corresponding error message. [11-
13].

The finite automata in Figure 3 control the tokens
given in Figure 2 during the syntax analysis phase. The
finite automata changes state according to the token
list. The expected tokens(s) for each case vary. An
unexpected token in the current situation causes a
syntax error. The finite automata is that the encoder
accepts the appropriately coded computation.
Examining Figure 3, the finite state machine accepts
infinite number of left parentheses in case number 2,
infinite right parentheses in number 3 case. However,
for each left bracket, a right bracket must appear.
Parentheses are checked with regular expressions
before the computation is verified by the finite
automata. Controlling the parentheses first provides
ease of operation. If there is an error in the
parentheses, a parenthesis error is given without
checking at the codes.

Figure 3. Proposed finite automata for the operations

3. Type Checking: An expression in the code block can
be variable, text, or number. When assigning and
operator operations are performed, the data type
must be decided. Variables (ID) always begin with a
character, followed by a number or character. Texts
(STR) only accept characters, numbers (INT) only
accept numbers [12].

8 2AZ) [a-zA-Z0-9]
O—0

Figure 4. Variable name definition

The finite automata in Fig. 4 is used to verify the
variable name. Lowercase letters are represented [a-
z], uppercase letters are represented [A-Z] and
numbers are represented by [0-9].

4. Code Generation: The ultimate goal of a compiler is
to translate code written in a high-level programming
language into programs that can run on a computer.
The codes written in this context should be
transformed into a programming language that can
understand the environment in which the work
should be performed [13]. This language can be
scripting languages for the browser while being
machine codes for the computer.

The developed programming learning environment is
working on browsers. The code written in the
environment needs to be converted into JavaScript,
which is a scripting language. The code written in the
learning environment is prepared to work in the
browser because of the successful passage of the
analysis steps. The written code is converted into
JavaScript programming language using regular
expressions and executed in the browser.

The insertion sorting algorithm function written in the
developed programming language is given in Figure 5.
This function is tokenize by parsing the lexical and
syntax analysis steps into the final tokens. These
tokens are converted into JavaScript programming
language using regular expressions. The sorting
algorithm in the JavaScript programming language is
given in Figure 6.

sirala(]] dizi, n)

{

1

2

3 oldugu siirece(i < n)
4

5 anahtar= dizi[i];

6 j=1i-1;

7 oldugu siirece(j >= 0 && dizi[j] > anahtar)
8 {

9 dizilj + 1]= dizi[j];

10 =i- L

11

12 dizi[j + 1]= anahtar;

13}
14}
Figure 5. Insertion sort algorithm

1 function sirala(dizi, n)
2 {

3 while(i < n)
¢ |

5 anahtar= dizi[i];
6 j=1-1;

7 while(j >= 0 && dizi[j] > anahtar)

8 {

9 dizi[j + 1]= dizi[j];

10 ji=j- L

11 }

12 dizi[j + 1]= anahtar;

13}

14}

Figure 6. Insertion sort algorithm in Javascript
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3. System Architecture

The general code notations of the developed
environment are given in Table 1. The environment
needs to verify these codes in the analysis phase. In the
analysis phase, the code written before is parsed into
symbols called tokens. The finite automata given in
Figures 7-9 in terms of the writing rules verify obtain
tokens.

Figure 7. Proposed finite automata for the functions

Function and program (main) blocks are being
verified by shown the automata in Figure 7. Functions
can take variable(s) as parameters, the program block
does not accept parameters. The automata given in
Figure 3 verify once the function and program blocks
are appropriately generated, the code blocks.

Figure 8. Proposed finite automata for the loops

The automata given in Fig. 8 confirms the loops. Loops;
It consists of “tekraret” (for) and “oldugu surece”
(while) codes. The for command executes the code in
the blocks specified number times, the while
command executes the code in the block as long as the
given condition is correct.

Figure 9. Proposed finite automata for the conditions

The automata given in Fig. 9 checks the conditions.
Conditions; “eger” (if), “degilse eger” (else if) and
“degilse” (else). Else if and else commands are not
accepted by the automata without if command. The
else command can come only once, and only at the end,
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while an unlimited number of else if command can
come after if command arrives.

3.1. Task System

In the developed learning environment, the user is
progressing successfully by fulfilling the tasks given in
the predefined scenarios. In Figure 10, an example
task is given.

1 [] dizi= 5;
2 sayag= l;

3 tekraret(5)
{

£

5 dizi[sayag] = sayac;
6  sayac= saya¢ + 1;
7}

Figure 10. Example task code

The automata given in Figs. 11 and 12 control the
example given in Fig. 10.

LBB RBE ID EQU INT END ID EQU INT END 1D EQU INT END FOR LBT INT RBT LCB CODE RCB

Figure 11. Task Controller

The automata given in Figure 11 control the general
structure. The status does not change except for the
codes given in the figure. Loop is being verified by
shown the automata in Figure 12.

ID'LEB ID RBE EQU INT END ID EQU 1D ADD INT END

Figure 12. Loop Controller for Task

4. Conclusions

In this study, it was tried to develop an open source
programming learning environment using compiler
techniques. The developed environment provides a
framework for future environments and expected to
allow the user to proceed faster to use real
programming languages. Through the developed
framework, subsequent learning can determine the
user's learning ability and deficiencies. Algorithms can
provide information on how to develop logic skills. A
comprehensive new language can be created with the
existing infrastructure.
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Anahtar Kelimeler Ozet: Kolemanit % 0, % 1, % 2, % 3, % 4 ve % 5 oranlarinda ¢imentoya ikame

Beton edilmis ve hazirlanan beton tiirleri farkh kiir kosullarinda bekletilmistir. Farklh kiir

Kir Kosullari kosullarinda bekletilen beton tiirleri tizerinde 90. giinde ultrases gegis hizi ve basing

Kolemanit dayanimi deneyleri gerceklestirilmistir. Sonug olarak biitiin kiir kosullarinda en
ylksek dayanim % 3 kolemanit ikamesi ile elde edilirken, en diisiik dayanim ise %
5 kolemanit ikamesi olan beton tiiriinde meydana gelmistir.

The Effect of Different Curing Conditions on Strength of Concrete Substituted
Colemanite

Keywords Abstract: Colemanite 0 %, 1 %, 2 %, 3 %, 4 % and 5 % of the cement were replaced

Concrete and prepared concrete types were kept under different curing conditions. On the 90

Curing Conditions th day, ultrasound pulse velocity and compressive strength tests were performed on

Colemanite the concrete types which were kept under different curing conditions. As a result,
the highest strength was obtained with 3% colemanite substitution in all curing
conditions while the lowest strength was in the concrete type with 5 % colemanite
substitution.

1. Giris calismalar bulunmakta ve c¢alismalara devam

edilmektedir [2, 3, 4].
Tirkiye maden kaynaklarinin gesitliligi acisindan

onemli bir potansiyele sahiptir. Maden kaynaklarinin Kolemanit mineralinin beton tiretiminde kullanilmasi

tilke ekonomisine katki saglamasi icin ise rezerv
miktarinin yeterli miktarda olmasi o6nemli bir
husustur. Diinyadaki énemli bor yataklar1 Tiirkiye,
Rusya ve  Amerika  Birlesik  Devletlerinde
bulunmaktadir. Bu baglamda Tiirkiye ise diinyadaki
toplam bor rezervinin % 72.8'ine sahiptir. Rezerv
acisindan  Tiirkiye'’de en ¢ok bulunan bor
cevherlerinden birisi de kolemanit
(2Ca0.3B203.5H20) mineralleridir [1]. Kolemanit
minerali giiniimiizde kullanilmakta ve gelecekte
kullanimi muhtemel alanlarda calismalar
yapilmaktadir. Diinyada en ¢ok kullanilan yapi
malzemelerinden birisi olan beton {retiminde
kolemanitin  kullanilabilirligi ~ iizerine  yapilan

ile yapisinda bulunan bor oksitin (B203) betonun
sertlesme siiresini uzattigl ve erken yaslarda basing
dayanimini diisiirdiigii bilinmektedir [5, 6]. Kolemanit
minerali ile iretilen betonlarin basing dayanimi
zamanla artis  gostermektedir [7].  Uretimi
gerceklestirilen betonlarin dayanim kazanimina kadar
gecen siire icerisinde bulundugu kiir kosullar
betonun dayanimini  etkilemektedir. Betonun
dayaniminin gelisiminde kiir kosullarinin etkisinin
belirlenmesi amaciyla bir¢cok ¢alisma yapilmis ve
betonun yeterli dayanim kazanincaya kadar kiir
edilmesinin 6nemli oldugu belirtilmektedir [8, 9].

Bu calismada kolemanit mineralinin kullanimi ile ge¢
dayanim kazanan betonlarin farkhi kosullarda kiir

*ilgili yazar: cumakara@artvin.edu.tr ORCID: 0000-0003-2905-4515
9 ORCID: 0000-0003-1747-9946
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edilmesinin basing dayanimina etkilerinin
belirlenmesi hedeflenmistir. Beton {iretiminde
kolemanit minerali % 0, % 1, % 2, % 3, % 4 ve % 5
oranlarinda ¢imentoya ikame edilerek betonlar farklh
kiir kosullarinda bekletilmistir. Beton numuneler
lizerinde ultrases gecis hizi ve basing dayanimi
deneyleri yapilmistir.

2. Materyal ve Metot

Beton karisimlarinda kullanilan malzemeler CEM I
42.5 R cimentosu, kolemanit, kirmatas agrega, siiper
akigkanlastirict  (SA) katki maddesi ve sebeke
suyundan olusmaktadir. Cimentoya ait fiziksel ve
kimyasal 6zellikler Tablo 1'de verilmistir.

Tablo 1. Cimentoya ait fiziksel ve kimyasal 6zellikler.

100 ~
90 - - -* - Deneysel egri
X 80 -
= 70 - —a— A
S 60 -
50 { — > B
=)
3 40 ~ C
< 30 =
m 20 A
10 { 8
0 L E=
o™ n mn mn i N < [ee] e} < mn
S o o < N
S © ©  Elekgozackhg, mm N

Sekil 1. Graniilometri egrisi

Kirmatas agregalarin yogunluk ve su emme degerleri
belirlenmis ve Tablo 3'te gosterilmistir [13].

Tablo 3. Kirmatas agregalara ait fiziksel 6zellikler.

Analiz Deneyler Degerler Deneyler Agrega boyutu Degerler
'Yogunluk, gr/cm? 3.12 0-5, mm 2.63,g/cm3
= Ozgiil yiizey, cm2/g 3362 Yogunluk 5-12, mm 2.70,g/cm3
2 45 pm elek kalintisi, % 3.0 12-25, mm 2.72,g/cm3
:E Priz bas. siir., dk 155 0-5, mm 2.30, %
Priz bit. siir., dk 215 Su emme 5-12, mm 1.65,%
Hacim sabitligi, mm 1.50 12-25, mm 1.20,%
OKksitler %
Si02 19.00 Kolemanit minerali % 0, % 1, % 2, % 3, % 4 ve % 5
_ Al203 4.52 oranlarinda ¢cimentoya ikame olarak kullanilmis olup,
g Fg;83 6323664 betonlarin karisim hesaplar standartlara uygun
E MgO 2.;98 olarak belirlenmistir [14, 15]. % 0 (K0), % 1 (K1), % 2
iz O3 3.03 (K2), % 3 (K3), % 4 (K4) ve % 5 (K5) olmak iizere alt1
Kizdirma kaybi 3.03 tir beton karisimi hazirlanmig ve taze betonlar
Coziinmez kalinti 0.29 100x100x400 mm prizmatik boyuttaki kaliplara her
Tayin edilemeyen 1.14 seriden 9’ar adet toplamda ise 54 adet olmak iizere

Calismada kullanilan 6gitiilmiis kolemanit minerali,
Eti Maden isletmeleri Genel Miidiirligii Bigadi¢ Bor
Isletme Miidiirliigii maden ocagindan temin edilmistir.
Ogiitiilmiis kolemanit mineralinin minimum % 82’si
75 pm elek alti olup kimyasal 6zellikleri Tablo 2’de
gorilmektedir [10].

Tablo 2. Kolemanite ait kimyasal 6zellikler [10].

Analiz Oksit %
B203 40.00+£0.50
Ca0 27.00+£1.00
_ Si02 4.00-6.50
§ S04 Maks. 0.60
E» Fe203 Maks. 0.08
i Al203 Maks. 0.40
MgO Maks. 3.00
SrO Maks. 1.50
Na20 Maks. 0.50
Nem Maks. 1.00

Kirmatas agregalarin tane dagilimi standartlarda
belirtilen esaslara gore belirlenmis olup agregalara ait
deneysel graniilometri egrisi Sekil 1'de verilmistir [11,
12].
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numune {Uretimi gerceklestirilmistir. Kolemanit
ikamesiz (KO0) beton karisimina giren 1 m3¥lik
malzeme miktarlari1 Tablo 4’te verilmistir.

Tablo 4. KO beton tiiriiniin 1 m3’liik malzeme miktari.

Malzemeler Miktarlar
Cimento, kg 350
Su, It 157.5
SA, kg 2.8
0-5 kirma kum, mm 925
5-12 kirmatas, mm 409
12-25 kirmatas, mm 589

KO, K1, K2, K3, K4 ve K5 olarak kodlama yapilan her
bir beton tiiriinden 3’er adet olmak lizere numuneler
ti¢ farkl sekilde kiir kosullarina maruz birakilmistir:

e Birinci grup (G1) beton numuneleri 7 giin suda kiir
edilerek 90. giine kadar laboratuvar ortaminda
bekletilmistir.

e ikinci grup (G2) beton numuneleri 28 giin suda kiir

edildikten sonra 90. giine kadar laboratuvar
ortaminda bekletilmistir.
Ugiincii grup (G3) betonlar numuneleri ise 90 giin
boyunca su kiirine maruz birakilmistir. Beton
numunelere uygulanan kiir kosullar1 ve siiresi
Tablo 5’te goriilmektedir.
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Tablo 5. Kiir kosulu ve siiresi.

Gruplar Su kiirii Laboratuvar ortami
stiresi suresi
G1 7 glin 83 glin
G2 28 glin 62 glin
G3 90 gilin 0 gilin

Kiir uygulamalarinin ardindan 100x100x400 mm
boyutundaki numuneler basing dayanimi deneyi i¢in
tas kesme makinasi ile 100x100x100 mm boyutlara
getirilmistir. Elde edilen kiip beton numunelerin
ultrases gecis hiz1 ve basing dayanimi belirlenmistir
[16,17].

3. Bulgular

KO0, K1, K2, K3, K4 ve K5 beton tiirlerine ait numuneler
farkli kiir kosullarina maruz birakilmis ve 90. giin
sonunda ultrases gecis hiz1 degerleri belirlenmistir.
Elde edilen ultrases gecis hizi degerleri Sekil 2’de
goriilmektedir. G1  kiir kosulundaki  beton
numunelerin ultrases gecis hizlar1 4.60 km/s - 4.70
km/s, G2 kiir kosulunda 4.65 km/s - 4.77 km/s, G3 kiir
kosulunda ise 4.66 km/s - 4.82 km/s araliginda
Olcismustir. Butin kir kosullarinda en disiik
ultrases gecis hiz1 K5, en yiiksek ultrases gecis hizi ise
K3 beton numunesine aittir.

5
w
~
E4
5 BG1
=3
o
O
g)oz BG2
3
g1 WG3
5

o

KO K1 K2 K3

Beton Tiirleri

K4

K5

Sekil 2. Ultrases gecis hiz1 degerleri

Farkli kir kosullarinin beton tiiriine bagh olarak
uilltrases gecis hiz1 {lzerindeki etkisini gormek
amaciyla kolemanit ikamesi (K1, K2, K3, K4 ve K5) ile
elde edilen betonlarin ultrases gecis hizlarinin
kolemanit ikamesiz (K0) betonun ultrases gecis hizina
gore yiizdelikleri hesaplanmistir. K1, K2, K3, K4 ve K5
beton tiirlerinin KO beton numunesine gore
hesaplanan ultrases gecis hizi yiizdelik degerleri Tablo
6’da verilmistir.

Tablo 6. Ultrases gecis hizi ylizdelik degerler.

Kiir kosullari

Beton tiirleri

G1 G2 G3
KO 100.00 100.00 100.00
K1 99.92 100.44 99.40
K2 101.49 101.33 100.59
K3 102.15 102.31 102.05
K4 100.86 100.34 99.63
K5 99.92 99.57 98.59

Kolemanit mineralinin ¢imentoya ikame edilmesi ile
farkl kiir kosullarinda dayanim gelisimi i¢in yapilan
calismada 100x100x100 mm kiip beton 6rneklerinin
90. giin sonunda basin¢g dayanim tek eksenli basing
dayanimi deneyi ile belirlenmistir. Bulunan basing
dayanimi degerleri Sekil 3’te goriilmektedir. G1 kiir
kosulundaki beton numunelerin basing dayanimi
45.11 MPa - 48.64 MPa, G2 kiiriinde 46.88 MPa - 51.26
MPa, G3 kiir kosulunda ise 47.55 MPa - 52.30 MPa

araliginda bulunmustur.
60
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BEG1

BG2

= N W Ul
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Sekil 3. Basing dayanimi degerleri

K4

K5

Farkl kiir kosullarinda ayni tiir betonlarin elde edilen
basing dayanimi sonuglarina gore en yiiksek degerler
en uzun su kiirii olan G3 kiir kosullarinda, en diisiik
basing dayanimi sonuglariise G1 kiir kosullarinda elde
edilmistir. K1, K2, K3, K4 ve K5 beton tiirlerinin KO
beton numunesine gore hesaplanan basing dayanimi
yuzdelik degerleri Tablo 7’de verilmistir.

Tablo 7. Basing dayanimi ytizdelik degerler.

Kiir kosullari

Beton tiirleri

G1 G2 G3
KO 100.00 100.00 100.00
K1 100.16 103.06 101.37
K2 102.03 105.09 102.70
K3 103.96 105.74 104.07
K4 100.97 101.63 100.01
K5 99.42 96.70 94.62
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Tablo 7 incelendiginde goriilmektedir ki kolemanit
ikamesinin % 4’ e kadar kullanilmasi ile biitiin kiir
kosullarinda dayanim degerleri kolemanit ikamesiz
betondan  yiiksek  sonug¢lanmistir.  Kolemanit
ikamesinin % 5 oldugu K5 beton tiiriinde ise dayanim
KO beton tiirtine gore dayanimi diistirmistir. K3
beton tiirii ise G1, G2 ve G3 kiir kosullarinda KO beton
tliriine gore en yliksek basing dayanimini saglamistir.

4. Tartisma ve Sonug

Ultrases gecis hizi bilinen beton numunelerin beton
kalitesi hakkinda yaklasik bir tahmin
yapilabilmektedir [18]. Ultrases gecis hiz1 degerleri ile
beton kalitesi arasindaki iliskide ise ultrases gecis hizi
degerinin 4.5 km/s’den biiyliik olmasi durumunda
betonun kalitesi “cok iyi” olarak nitelendirilmektedir
[19]. Calismada G1, G2 ve G3 kiir kosullarinda
bekletilen biitiin beton tiirlerinde elde edilen ultrases
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gecis hiz1 degerleri 4.60 km/s ile 4.82 km/s araliginda
Olctilmiistiir. Ultrases gecis hizi sonuglarina gore farkl
kiir kosullarinda bekletilen beton tiirlerinin kalitesi
“cok iyi” olarak nitelendirilebilir.

Sekil 3 ile Tablo 7 incelendiginde kolemanitin % 1, %
2, % 3, % 4 ve % 5 oranlarinda cimento ikame
edilmesiyle elde edilen beton tiirlerinde kolemanitin
% 5 ikame edilmesi tiim kir kosullarinda basing
dayaniminmi diistirmiistiir. Kolemanit ikamesi ile G1
kiir kosulunda K1, K2, K3 ve K4 beton tiirleri KO beton
tlirtine gore sirasiyla % 0.16, % 2.03, % 3.96 ve % 0.97
basing dayanimini arttirirken K5 beton tiirii ise % 3.58
basing dayanimini diisiirmiistiir. G2 kiir kosulunda K5
beton tiiriinde % 3.30 dayanim kaybi, K1, K2, K3 ve K4
beton tiirlerinde ise % 3.06, % 5.09, % 5.74 ve % 1.63
dayanim artisi meydana gelmistir. G3 kiiriinde ise
dayanim artisi sirasiyla % 1.37, % 2.70, % 4.07 ve %
0.01 olarak K1, K2, K3 ve K4 beton tiirlerinde dayanim
kayb1 ise % 5.38 ile K5 beton tiiriinde oldugu
belirlenmistir. Literatiirde bor minerallerinin B203
iceriginden dolay1 yiiksek oranlarda kullanilmasinin
dayanim degerlerini diisirdigi % 5’e kadar
kullanilmasi énerilmektedir [5]. Yapilan bir calismada
ise en iyi dayanim sonuglarinin % 3 ve % 5 kolemanit
ikame edilmesi ile elde edildigi belirtilmektedir [20].
Elde edilen basing dayanimi degerleri sonucunda
kolemanit ikamesi ile en yiiksek dayanim % 3
kolemanit ikamesi ile elde edilmesine ragmen % 4
kolemanit ikamesi kolemanit ikamesiz betonun
dayanim degerinden yiiksek degerler vermistir. % 5
kolemanit ikamesiise G1, G2 ve G3 kiir kosullarinda %
330 ile % 5.38 arasinda dayanim kaybi
olusturmaktadir.

G1, G2 ve G3 kiir kosullarinda bekleyen KO0, K1, K2, K3,
K4 ve K5 tirlerinin en yiiksek basing dayanimi
sonuglart G3 kiir kosulunda, en diisiik dayanim
degerleri ise G1 kir kosulunda meydana gelmistir.
Beton numunelerin su kiirii sitiresi artikca dayanim
artist da artmistur.

Sonug olarak biitiin kiir kosullarinda ultrases gegis hiz1
ve basing dayanimi en disiik K5 beton numunesinde
en yiksek basing dayanimi ise K3 beton numunesinde
goriilmiistiir. Beton numunelerin su kiiriine maruz
kalma stiresi arttikca ultrases gecis hizi ve basing
dayanimi artmistir. Elde edilen sonuglara gore
betonlara uygulanan su kirii siiresinin artmasi,
betonun dayanimini olumlu yonde etkilemektedir.

Tesekkiir

Yazarlar calismada kullanilan kolemanit mineralini
tedarik eden Eti Maden Isletmeleri Genel
Midirligilne tesekkiir eder.
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Ozet: Bu calismada, laboratuvarda iiretilen kiip numunelerin, basing dayammlari
belirlenmis, ultrasonik dalga iletim hiz1 6l¢iimleri, Schmidt gekiciyle sigrama sayisi
Olctimleri yapilmis ve tartimla bosluk oranlari belirlenmistir. Ultrason testinden
elde edilen dalga iletim hizi, Schmidt gekiciyle belirlenen sigrama sayisi ve tartim
yoluyla hesaplanan bosluk orani arasinda bir regresyon iliskisi kurarak bu iliski
yardimiyla beton dayanimini tahmin etmek amaglanmaktadir. Deneylerden elde
edilen verilerin regresyon fonksiyonlarina Ogretme-6grenme tabanh optimizasyon
algoritmas1 (TLBO) ve JAYA algoritmalari uygulanmistir. Giris parametreleri,
ultrason ol¢timleri, Schmidt cekiciyle elde edilen sicrama sayisi ve tartimla
hesaplanan bosluk orani sonucu elde edilen ortalama dalga iletim hizidir. Ogretme-
O0grenme tabanli optimizasyon algoritmasi (TLBO) ve JAYA algoritmalarinin
karsilastirilmasi icin, algoritmalar; karesel, tistel, dogrusal, S fonksiyonu, Ters, Ln
fonksiyonu ve iis adlariyla anilan yedi farkli regresyon formuna uygulanmistir.
Modellerin basarimim1 degerlendirmek igin; ortalama karesel hata, ortalama
karesel hatanin karekoki, ortalama mutlak hata, ortalama mutlak hata orani ve
belirleme katsayisi gibi bes istatistiksel endeks kullanilmistir.

Modelling Compressive Strength of Concrete via Teaching-Learning Based

Optimization and JAYA Algorithms

Keywords

Concrete
Compressive Strength
JAYA Algorithm

TLBO Algorithm

Abstract: In this study, compressive strength tests, ultrasonic wave transmission
speed measurements, Schmidt rebound test hammer measurements were made on
the cube samples and void ratios were determined by weighing. It is aimed to
estimate the concrete strength with these measurements by establishing a
regression relation between the wave transmission speed obtained from the
ultrasound test, rebound values from Schmidt rebound hammer and void ratio
calculated by weighting. Teaching-learning-based optimization (TLBO) and JAYA
algorithms were applied to regression functions of the data from the tests. The
input parameters are the average wave transmission speed obtained as a result of
ultrasound measurements, rebound values from Schmidt rebound hammer and
void ratio calculated by weighting. The accuracy of TLBO method is compared with
those of the JAYA algorithm. These methods are applied to seven different
regression forms: quadratic, exponential, linear, S function, Inverse, Ln function
and power. To evaluate the performance of the models, five statistical indices, i.e.,
sum square error, root mean square error, mean absolute error, average relative
error, and determination coefficient, are used.
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1. Giris

Beton dayaniminin tahmin edilebilmesi, o6zellikle
mevcut yapilarin dayanimlarinin belirlenmesinde
onem arz etmektedir. Teknik literatiirdeki
calismalarin bir kismi beton birlesimine giren
malzemeleri ve ¢okme degerini kullanmak suretiyle
betonun basing dayamminin tahmini {izerinde
calismislardir [1-5]. Bu c¢alismada ise beton
birlesimine giren malzemelerin bilinmedigi, mevcut
bir yapi lizerinde yapilabilecek tahribatsiz deneylerle
beton dayaniminin belirlenebilmesi incelenmektedir.
Burada yapidan alinacak karot numuneler {izerinde
yapilacak modelleme c¢alismasiyla elde edilen
regresyon ifadesi sayesinde diger bir deyisle modelin
kalibre edilmesiyle yapinin farkli yerlerinde yapilan
tahribatsiz ol¢limlerle gelistirilen modeli kullanmak
suretiyle beton dayanimi tahminini yapilabilmesi
saglanmaktadir. Calismada ultrasonik test yontemiyle
elde edilen dalga gecis hizi, test ¢ekiciyle elde edilen
geri sekme sayis1 ve porozite gibi parametrelerin
kullanilmasi durumlari arastirilarak daha diisiik hata
oraniyla tahmin yapabilmeyi saglayan parametrelerin
belirlenmesine ¢calisiimistir.

Veriler KTU Of Teknoloji Fakiiltesi Insaat
Miihendisligi Bolimii Yapi Laboratuvarinda lretilen
kiip numunelerden alinan 6l¢iimler sonucunda elde
edilmistir (Sekil 1).

Teknik literatiirde sezgisel algoritmalar kullanilarak
en uygun regresyon denklemlerinin belirlenmesine

yonelik  cesitli ¢alismalar bulunmaktadir. Bu
calismalarin baslhcalarinda; Bir dizi laboratuvar
deneyi  verileri yardimiyla tahkimat yapisi

geometrisinin belirlenmesinde Yapay Ari Koloni ve
Ogretme-Ogrenme Tabanh Optimizasyon Algoritmasi
[6], Cd(II)’'nin igme suyu aritma tesisi atitk camuru
izerine adsorpsiyonunun modellenmesinde Yapay
Ar1 Koloni Algoritmas1 [7], bir derede c¢o6ziinmiis
halde bulunan oksijen konsantrasyonunu tahmininde
Ogretme-Ogrenme Tabanh Optimizasyon Algoritmasi
[8], taskin debilerinin tahmininde Yapay Ar1 Koloni
ve Ogretme-Ogrenme  Tabanh  Optimizasyon
Algoritmasi [9] kullanilmstir.

Tablo 1. Verilere iliskin istatistiki bilgiler

Sekil 1. Laboratuvarda yapilan ¢alismalardan
goriiniimler

Bu calismada porozite degeri, dlglilen ultrases hizi,
test cekiciyle elde edilen sigrama sayisi ve beton
basing dayanimi gibi parametreler kullanilarak
modelleme yapabilmek icin ¢esitli regresyon
denklemleri icindeki katsayilar optimize
edilmektedir. Teknik literatiirdeki yontemlerden
farkli olarak bu c¢alismada kullanilan regresyon
bagintilarinin  minimum hatay1 (ortalama karesel
hata) verecek sekilde diizenlenerek katsayilarinin
optimizasyonunda  sezgisel algoritmalar olan
Ogretme-Ogrenme Tabanli Optimizasyon (TLBO) ve
JAYA algoritmalar kullanilmistir.

2. Yontem

Calismada numunenin porozite degeri, Olciilen
ultrases hizi ve test cekiciyle elde edilen sigrama
sayisi bagimsiz degiskenler, beton basing dayanimi
ise bagimh degisken olarak dikkate alinmistir.
Laboratuvarimizda yapilan deneylere iliskin verilerin
istatistiksel bilgileri Tablo 1’de goriilmektedir.

En kl}(;uk En Bl}yuk Ortalama Standart  Varyasyon Korelasyon
Deger Deger Sapma Katsayisi
Bosluk Orani 0.008 0.079 0.17 0.046 58.362 -0.838
Dalga Hiz1 (m/s) 3625 4284.636 5017 342.35 7.99 0.826
Sigrama Sayisi 16.5 26.823 37 4.476 16.688 0.859
Basin¢ Dayanimi (MPa) 26.89 38.319 51.53 5.744 14.99 1
Bagimsiz  degiskenlerle,  bagimli  degiskenin Vdogrusal = Wo T WiXq + WoXy + WiXxs (1)
modellenmesinde kullanilan regresyon denklemleri Wi wy  ws
sirasiyla; dogrusal, iis, iistel, karesel, s, ters ve Ln Yius = Wo Xy " Xy " X3 (2)
fonksiyonlar1 lic bagimsiz degisken icin asagida Vastor = Wo + exp(W; + Wyxy + WXy +W,xs) (3)

verilmektedir.
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= ( +W1+W2+W3>
Ys = €Xp\Wo X, X, X3 (4)

Wy W,  Ws
yters=W0+_+_+x_3 (5)

X1 X3
Yin = Wo + Wi Ln(x;) + woLn(x,) + wsln(xs)  (6)

Ykareset = Wo T W1 X1 + WrX; + WXz + WiX1 X,

()

+WsX X3 + WeXpX3 + Wy X2 + WeXZ + wox2

Calismada yukaridaki denklemlerin Kkatsayilarinin
algoritmalarla  belirlenmesi  siirecinde  amag
fonksiyonu olarak ortalama karesel hatanin (MSE)
minimizasyonu olarak sec¢ilmistir. Ortalama karesel
hata, D deneysel sonucu, T ise bagintiyla tahmin
edilen sonucu gostermek iizere:

1 N
AME=NZ;E—QV ()

ifadesiyle hesaplanmaktadir. Bununla birlikte dikkate
alinan veriler i¢in ortalama karesel hatanin karekokii

(RMSE):
1
N 2
RMSE = %Z(Ti —D;)? (9)
i=1
ortalama mutlak hata (I\;[VAE):
MAE =%;IT1' =Dyl (10)

ortalama mutlak hata oranm1 (MAPE):
N
N D; (11)
i=1
ve belirleme katsayisi (R%) degerleri:
N
Z i=1(Ti - Di)z
N —
% (T —T)?

bagintilar1 kullanilmak suretiyle hesaplanmis ve
bulgular kisminda ¢izelge halinde sunulmustur.

R?=1- (12)

Verilerin  %80’i katsayilarin  optimizasyonunda
kullanilmistir. Geri kalan %20’si optimizasyon
stirecinde kullanilmayip, gelistirilen modelin test
edilmesinde kullanilmaktadir. Boylece
optimizasyonda kullanilmayip disaridan girilen
veriler icin modelin basarimi denetlenmistir.

2.1. Jaya Algoritmasi

JAYA Algoritmasi en iyi ¢6ziime ulasarak zafer
kazanmaya calisan bu 6zelligiyle Sanskritcede zafer
anlamina gelen bir kelime olan JAYA ile adlandirilan
bir algoritmadir. Algoritma basariya ulasmak igin
strekli iyi ¢oziimlere yaklasmaya, basarisizliktan
uzaklasmak icin ise kotii ¢dziimlerden uzaklasmaya
calismaktadir. S6zkonusu algoritmaya iliskin ayrintil

bilgiye = kaynak [10]'dan  ulasilabilir.  JAYA
algoritmasina iliskin akis diyagrami Sekil 2’'de
verilmektedir.

Populasyon sayisi, durdurma o6lgiitii ve tasarim
degiskenlerinin tanimlanmasi

Y
En iyi ve en kotii bireyi belirle

Y

Bireyleri, en iyi ve en kotii bireye gore glincelle

Xyenizxeski"'rl (Xeniyi_ |Xeski |)-I‘2 (Xenkétﬁ' |Xeski |)

Y
Hayr Giincellenen birey eski bireyden Evet
iyi mi? é
Eski bireyle devam et Yeni bireyle devam et
Hayr Durdurma 6l¢iti saglandi mi1? Evft

Sonucu Raporla

Sekil 1. JAYA algoritmasi akis diyagrami
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2.2. Ogretme-Ogrenme Tabanhh Optimizasyon
Algoritmasi

Ogretme-Ogrenme Tabanl Optimizasyon Algoritmasi,
O0gretmenin siniftaki 6grenciler lizerindeki etkisini
taklit eden sezgisel bir algoritma oldugu

bilinmektedir. S6zkonusu algoritmaya iliskin ayrintili
bilgiye kaynak [11-12]'den ulasilabilir. Ogretme-
Ogrenme Tabanh Optimizasyon Algoritmasina iliskin
akis diyagrami Sekil 3’de verilmektedir.

Populasyon sayisi, durdurma élciitii ve tasarim
degiskenlerinin tamimlanmasi

Y

+ Herbir tasarim degiskeninin ortalamasi hesaplamr‘

{

‘ En iyi birey belirlenir ‘

Y
L

\ Diger bireyler en iyi bireye gore giincellenir. ‘

Hayr - “Giincellenen

birey eski bireydéﬁ
- iyi mi?

. Evet
N

~ Y

Eski bireyle devam et

¢

 Yeni bireyle devam et

‘ Rastgele iki birey sec (X, ve Xg)

i

Hayr

-:__’:JXA, Xp'den daha iyi bir birey ml'/‘\/

Evet

X eni=Xa+1(Xp-X,y)

X o= Ka+r(Xp-Xp)

veni

r —[0,1]

Y

r—[0,1]

Hayir -

N

_ Yeni birey eski bireyden iyi mi? /

.

- Evet
NI

Y

Eski bireyle devam et |

¢

[ Yeni hirejle devam et‘

Hayir - 4

.

-~ ..\\“
< Durdurma oél¢iti saglandimm? >

Evet

— '

‘ Sonucu Raporla ‘

Sekil 3. Ogretme-Ogrenme Tabanh Optimizasyon Algoritmasi Akis Diyagrami

3. Bulgular

Yazilim MATLAB programlama dilinde kodlanmistir.
Fonksiyonlarda optimize edilecek tasarim degiskeni
sayist farkli oldugundan herbiri icin tasarim
degiskeni sayisina gore maksimum iterasyon sayisi
belirlenmistir. Ayrica JAYA algoritmasi herbir
iterasyonda 1 amag¢ fonksiyonu degerlendirmesi
yaparken, Ogretme-Ogrenme Tabanli Optimizasyon
Algoritmasi iki adet amag fonksiyonu
degerlendirmesi yapmaktadir. Durum bdyle olunca
Jaya algoritmasinin iterasyon sayis1 iki katina
cikarilmistir. Her bir tasarim degiskeni icin 20000
amac¢ fonsiyonu degerlendirilmesi baz alinarak
iterasyon sayilan belirlenmistir. Her iki algoritmada
da popiilasyon boyutu 20 alinmistir. Buna gore
fonksiyon tiplerine gore algoritmalarin iterasyon
sayilar1 Tablo 3’de verilmektedir.

Tablo 3. Fonksiyon tiplerine gore algoritmalarin
iterasyon sayilari

[terasyon Sayisi

Fonksiyon Tiiri JAYA TLBO
Algoritmasi Algoritmasi

Dogrusal 4000 2000

Us 4000 2000

Ustel 5000 2500

Karesel 10000 5000

S fonksiyonu 4000 2000

Ters Fonk. 4000 2000

Ln Fonksiyonu 4000 2000
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Algoritmalarla herbir fonksiyon tirii i¢in 20 ser
bagimsiz kosum gerceklestirilmis ve bu bagimsiz
kosullardan elde edilen en iyi sonuglar Jaya
Algoritmasi icin Tablo 4.de, Ogretme-Ogrenme
Tabanli Optimizasyon Algoritmasi icin Tablo 5.de
verilmektedir.
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Tablo 4. Jaya Algoritmasiyla elde edilen en iyi hata degerleri

Optimizasyon Veri Seti

Test Veri Seti

Jaya Algoritmasi

MSE RMSE MAE MAPE R2 MSE MAPE R2

Dogrusal 3.6848 1.9196 1,5930 0,0417 0,8930 8.6069 0.0663 0.6681
Us 36151 19013 1,5628 0,0413 0,8950 8,4647  0,0697 0,6736
Ustel 3,4474 18567 1,5528 0,0411 0,8999 8,0762  0,0659 0,6886
Karesel 3.4208 1.8495 1.5168 0.0396 0.9007 8.3076  0.0657 0.6797
S fonksiyonu 48163 2.1946 1.8129 0.0483 0.8602  9.3452  0.0720 0.6397
Ters Fonk. 54921 23435 19101 0.0503 0.8406 9.6914  0.0741 0.6263
Ln Function 4.1431 2.0355 1.7176 0.0454 0.8797 8.4212 0.0674 0.6753

Tablo 5. Ogretme-Ogrenme Tabanh Optimizasyon Algoritmasiyla elde edilen en iyi hata degerleri

Optimizasyon Veri Seti Test Veri Seti
Ogretme-Ogrenme Tabanh Optimizasyon Algoritmasi
MSE RMSE MAE MAPE R2 MSE MAPE R2
Dogrusal 3.6847 19196  1.5930 0,0417 0.8930  8.6046  0.0663 0.6682
Us 3.6150 19013  1.5637 0.0413 0.8950  8.4592  0.0697 0.6738
Ustel 3.4325  1.8527 1.5420 0.0407 0.9003  8.1880  0.0661 0.6843
Karesel 3.2965  1.8156  1.4848 0.0391 0.9043  8.0925  0.0654 0.6880
S fonksiyonu 4.8145  2.1942 1.8126 0.0483 0.8602  9.3219  0.0719 0.6406
Ters Fonk. 54921 23435  1.9100 0.0503 0.8406  9.6838  0.0741 0.6266
Ln Function 41431 2.0355  1.7176 0.0454 0.8797  8.4170  0.0673 0.6755
Tablo 6. Karesel fonksiyon icin Ogretme-Ogrenme
Tabanli Optimizasyon Algoritmasiyla elde edilen
Elde edilen sonuglar incelendiginde her iki optimum Kkatsayilar

algoritmayla elde edilen en kii¢iik ortalama karesel
hata degerinin de karesel fonksiyon kullanilarak
bulundugu anlasilmaktadir. Durum bdyle olunca s6z
konusu verileri temsil eden en iyi modelin karesel
fonksiyon oldugu goriilmektedir. Ayrica belirleme
katsayilari incelendiginde de karesel fonksiyonun en
yliksek degere sahip oldugu goriillmektedir.

Diger  taraftan  Ogrenme-Ogretme  Tabanh
Optimizasyon Algoritmasiyla elde edilen ortalama
karesel hata degerinin, Jaya Algoritmasiyla elde
edilenden kiiciik bir miktar daha diisiik oldugu
goriilmektedir. Karesel fonksiyonda, Ogrenme-
Ogretme  Tabanh  Optimizasyon  Algoritmasi
kullanilarak gerceklestirilen 20 bagimsiz kosumun en
kiiciik ortalama karesel hatayr veren kosum icin
belirlenen  katsayilar1 asagidaki Tablo 6.da
verilmektedir. Bu tabloda xi1 porozite degerini, x2
ultrasonik test yontemiyle elde edilen dalga gecis hizi,
x3 test gekiciyle elde edilen sigrama sayisini temsil
etmektedir.

Karesel fonksiyon icin, Ogrenme-Ogretme Tabanh
Optimizasyon Algoritmasi kullanilarak
gerceklestirilen 20 bagimsiz kosumun ortalama
yakinsama grafigi Sekil 4."de goriilmektedir.

Fonksiyon
Ykaresel = Wo T W1 X1 + WXy + WaXs + WyX1 X,

FWexX1 X3 + WeXpXs + Wox? + Wex + wox2

Katsayilar
Wy 0.32199964 We 0.01875103
w;y -0.43909813 We -1
w, 0.31796247 w, 0.21323478
Ws 0.25089190 Wg 0.52411896
Wy -0.19248456 Wo 0.60092705
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Ortalama Yakinsama Grafigi

+ -

Ortalama Karesel Hata (MSE)
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Amag Fonsiyonu Degerlendirme Sayisi

Sekil 4. Ortalama Yakinsama Grafigi
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Ogretme-Ogrenme Tabanli Optimizasyon Algoritmasi
kullanilarak karesel fonksiyon modelliyle tahmin
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edilen dayanimlarla gercek degerlerin karsilastirma
grafigi Sekil 5."de verilmektedir.

BETON BASINC DAYANIMI (MPa)
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Tahmin Degeri
Sekil 5. Karesel fonksiyon modelliyle tahmin edilen
dayanimlarla gercek degerlerin karsilastirma grafigi

4. Sonug¢

Elde edilen bulgular degerlendirildiginde kullanilan
regresyon denklemlerinden en Kkiiciik ortalama
karesel hata degeri karesel fonksiyon ile elde
edilmistir. En kotl hata degeri ise ters fonksiyon i¢in
belirlenmistir. Durum bdyle olunca séz konusu
verileri temsil eden en iyi modelin karesel fonksiyon
oldugu gorilmektedir. Ayrica belirleme katsayilari
incelendiginde de karesel fonksiyonun en yiiksek
degere sahip oldugu gorilmektedir. Belirleme
katsayisinin elde edilen 0.9043 degeri gelistirilen
modelin bagh degisken ile bagimsiz degiskenler
arasinda yeterli gecerlilikte bir iliski kurabildigini
gostermektedir. Ogretme-Ogrenme Tabanl
Optimizasyon Algoritmasi ve JAYA Algoritmasi
karsilastirldiginda bu iki algoritmadan Ogretme-
Ogrenme Tabanli Optimizasyon Algoritmasinin daha
diisik hata degerine ve daha yiliksek belirleme
katsayisina (R2) ulasabildigi goriilmektedir.
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Keywords Abstract: There are many causes of damage for damage to buildings in our
Damage Detection country. The most important of these is the earthquake loads used during the
Causes of Damage project phase of the buildings. In addition, the mistakes made in the manufacturing
Modal Analysis

process, the concessions given to the building safety to gain from the usage area
constitute a significant part of the causes of the building damage. In addition, the
selection of the structural system of buildings, different settlements on the ground,
fire, freeze-thaw, impact and blasting effects are also damage causes. In this study,
causes of damage in reinforced concrete buildings and damage detection methods
are investigated. Determining the damage and determining the cause of the
damage play an important role in taking precautions against future cases and
repairing existing damages.

Betonarme Binalarda Hasar Tespiti ve Hasar Belirleme Yontemleri

Anahtar Kelimeler
Hasar Tespiti

Hasar Sebepleri
Modal Analiz

Ozet: Ulkemizde yapilan binalarda olusan hasarlarin bircok nedeni bulunmaktadir.
Bunlarin basinda, yapilarin projelendirilme asamasinda kullanilan ve o6nemli
Olciide dikkate alinan deprem yikleri gelmektedir. Bunun disinda imalat
asamasinda yapilan hatalar, kullanim alanindan kazanmak i¢in yap1 giivenliginden
verilen tavizler yapi hasar sebeplerinin dnemli bir kismini olusturmaktadir. Ayrica
binalarin tasiyici sisteminin secimi, zeminde olusan farkli oturmalari, yangin,
donma-¢6ziinme, ¢carpma ve patlatma etkileri de hasar sebeplerindendir. Bu
calismada, betonarme binalarda olusan hasarlarin sebepleri ve hasar belirleme
yontemleri tlizerinde inceleme yapilmistir. Hasarlarin belirlenmesi ve hangi
nedenlerden dolayr meydana geldiginin tespit edilmesi ileride olusabilecek
vakalara kars1 6nlem alinmasinda ve mevcut hasarlarin onarilmasinda son derece
o6nemli rol oynamaktadir.

1. Giris

Biiyiikk bir bolimii deprem kusaginda yer alan
tilkemizde, ilk deprem yonetmeligi 1947 yilinda
yayimlanmis, bunu 1953, 1961, 1968, 1975, 1998 ve
2007 yonetmelikleri izlemistir. Biitiin iyi niyetli
¢abalara ragmen depremin olusturabilecegi etkiler iyi
anlasilamamis ve meydana gelen depremlerde
binlerce kisi hayatin1 kaybetmistir. Deprem afetine
yeterli Onemin verilmemesi, Tirkiye'yi depreme
dayaniksiz bir yap1 stogu ile kars1 karsiya birakmustir.
Yapilarin hasar tespitlerinin yapilmasi ve gerek
gorildiigii durumlarda da gii¢lendirilme g¢alismalari,

1997 yilinda meydana gelen Adana-Ceyhan ve 1998
yiinda meydana gelen Kocaeli ve Diizce
depremlerinden sonra Onem kazanmistir. Bu
depremlerden elde edilen deneyim ve bilimsel
gelismeler dikkate alinarak Tiirkiye Bina Deprem
Yonetmeligi son olarak revize edilerek 18 Mart 2018
tarihli Resmi Gazete’de yayimlanmistir. Yonetmeligin
yururlige giris tarihi 1 Ocak 2019 olarak
belirlenmistir. Mevcut yap1 stogunun o©nemli bir
kisminin deprem dayaniminin yetersiz olusu, kentsel
doniisim adi altinda yapilan c¢alismalar, gelisen
teknolojiye bagl olarak yap1 modellerinin ve

*ilgili Yazar: gonckamber@ktu.edu.tr. ORCID: 0000-0002-6894-6076
90RCID: 0000-0002-5487-5254
bORCID: 0000-0001-5632-693X
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malzeme c¢esitliliginin artmas1 gibi
yonetmelikte giincellemeye gidilmistir [1].

sebeplerle

Yapida deprem sirasinda olusan hasar sekillerine
bakildiginda; zemin 6zellikleri, yapi- zemin etkilesimi,
tasiyicl sistem elemanlarinin malzeme ve iscilik
kalitesi, boyutu ve konumlandirilmasi, hatta tasiyici
olmayan sistem durumunun yapinin deprem
sirasindaki davramist  lizerinde etkili oldugu
goriilmektedir. Bu etkenlerden biri veya birkaginin
yetersiz veya yanlis olmasina bagl olarak deprem
sirasinda binada ciddi hasarlar meydana gelmektedir.
Bu hasarlarin giderilmesi ve yapiy1 yeniden gilivenli
bir hale getirmek icin giiclendirmeye gidilmesi sarttir.
Donati yerlestirme hatalari, hatali yapilmis konsollar
ve ¢ikmalar, kullanim alanindan kazanmak i¢in yapi
glivenliginden  verilen tavizler yapt  hasar
sebeplerinin 6nemli bir kismini olusturmaktadir. Bu
calismada betonarme binalarda olusan hasarlarin
sebepleri, tiirleri ve hasar belirleme yontemleri
derlenerek sunulmustur.

2. Betonarme Binalarda Hasar Sebepleri

Betonarme binalarda olusan hasarlarin biiyiik
¢ogunlugu; imalatta yapilan hatalar, tasiyici sistem
seciminden kaynakli sebepler, zemin hareketleri,
deprem, yangin ve donma, ¢carpma, patlatma ve asir1
ylikleme sonucu olusmaktadir.

2.1. imalat Kusurlar:

Yapinin ya da yapi elemanlarinin imalati sirasinda
olusan ve yapinin istenilenden farkli bir davrans
gostermesine neden olan etkilerdir. Bir yapinin
iskeleti anlamina gelen tasiyici sistemi hatasiz
olmaldir. Yapimin tasiyict  sistemi  yapinin
fonksiyonuna uygun, statik ve dinamik ytikiine, cevre
etkilerine ve en Onemlisi deprem etkilerine Kkarsi
mukavemetli olmalidir. Bunun icin yap1 imalatinda
malzeme se¢iminin, tasariminin, uygulamasinin ve
denetiminin 6nemi biytktir.

Betonarme yapilarda beton karisimina giren
malzemelerin Kkaliteli ve istenilen standartta olmasi
gerekir. Deprem ve afet bolgelerindeki can ve mal
kaybinin, biiylik c¢ogunlugu yapt malzemesi
kalitesinin diisiik olmasindan kaynaklanmaktadir.
Yapt malzemelerinin  kendilerinden  beklenen
ozelliklere sahip olmamalar1 sonucu yapilarda ¢cok
biiyiik hasarlar meydana gelir. Bu nedenle yapi
malzeme  kalitesinin mimarlar, miuhendisler,
uygulamacilar ve yap1 sahipleri tarafindan iyi
bilinmesi gerekmektedir.

Genel olarak binalarda olusan hasar sebepleri;

e Yanls malzeme se¢imi kullanilmasi
(korozyonlu alanlarda yapilacak binalarda
uygun ¢cimento sinifinin secilmemesi),

¢ Temel altina grobeton dokiilmemesi,

31

e Yanlis ve yetersiz donat1 detaylari,
e Etriye siklastirmasinin yapilmamasi,
e Donat filiz boylarinin az birakilmas;,
e Yapim asamasinda denetim eksikligi,
e Beton kiiriiniin yapilmamasi

olarak siralanabilmektedir.

2.2. Tasiyia Sistem Seciminden Kaynaklanan
Sebepler

2.2.1. Yumusak Kat Olusumu

Birbirine dik iki deprem dogrultusunun herhangi biri
icin, bodrum Kkatlar disinda, herhangi bir kattaki
ortalama goreli kat otelemesi oraninin bir {ist veya
bir alt kattaki ortalama goreli kat dtelemesi oranina
boliinmesi ile tammlanan rijitlik diizensizligi
katsayisimn 2.0’den fazla olmasi durumudur. Diger
bir deyisle komsu katlar arasi rijitlik diizensizligidir

[2].

2.2.2. Zayif Kat Olusumu

Betonarme binalarda, birbirine dik iki deprem
dogrultusunun herhangi birinde, herhangi bir kattaki
toplam etkili kesme alaninin, bir iist kattaki toplam
etkili kesme alanina orani olarak tanimlanan dayanim
dizensizligi katsayisinin 0.80’den kii¢iik olmasi
durumudur. Diger bir deyisle komsu katlar arasi
dayanim diizensizligidir [2].

2.2.3. Zayif Kolon Giiglii Kiris Olusumu

Sadece cercevelerden veya perde ve cercevelerin
birlesiminden olusan tasiyici sistemlerde, her bir
kolon-kiris diigiim noktasina birlesen kolonlarin
tasima gilici momentlerinin toplami, o digim
noktasina Dbirlesen Kkirislerin kolon ytziindeki
kesitlerindeki tasima gilicii momentleri toplamindan
en az %20 daha biiyiikk olmaldir [2]. Eger bu
saglanmazsa plastik mafsallar Kkirislerde degil
kolonlarda olusur.

2.3.Zemin Hareketleri

2.3.1.Zemin Sivilasmasi

Yeralt1 su seviyesi altindaki tabakalarin gecici olarak
mukavemetlerini kaybederek, kati yerine viskoz sivi
gibi davranmalarina zemin sivilasmasi denilmektedir.
Zeminin sivilasmasinin kendisi hasara sebep olan bir
olay degildir. Ancak, bu olayin biyik yer
degistirmelere sebep olmasi, biylik hasarlar
doguran temel gocmelerine sebep olur. Deprem
hareketi ile olusan zemin sivilasmasi, biiyiik kiitleler
halinde sev akmalarina sebep olabilir [3].
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2.3.2. Zeminde Olusan Farkli Oturmalar

Uzerindeki yiikiin etkisi ile kohezyonlu zeminlerin
zamanla sikilasarak ¢okmesine oturma denir. Bu
sikisma zemin go6zenekleri icinde bulunan suyun
uzaklasmasi sonucu olusur. Yapt hasarinda etkin
konumda olan oturma, elastik (ani) ve konsolidasyon
oturmasi olarak ikiye ayrilmaktadir. Bu iki elemanin

toplami olan oturma yapida yapisal hasar
olusturmaktadir. Bu nedenle her iki oturma
bileseninin  biyiikliigiiniin ~ saptanmasi  6nem

tasimaktadir [4].
2.4.Deprem

Deprem genel anlamda, yer kabugunda beklenmedik
bir anda ortaya ¢ikan enerji sonucunda meydana
gelen sismik dalgalanmalar ve bu dalgalarin
yeryuzini sarsmasl olayidir. Depremlerde
betonarme yapilarin hasara ugramasi, betonda kalici
sekil degistirmeler ortaya ¢ikmasi dogal bir
durumdur. Betonarme depreme Kkalici sekil
degistirmeler yaparak karsi koyar. Bu hasar yapida
can ve mal kaybina yol agmayan, yapinin onarimi ile
tekrar kullanilmasina izin verebilen boyuttadir. Bu
hasar diizeyinin lizerindeki hasarlar ise depreme
dayanikli yapilar i¢cin normal kabul edilemez. Bir
yapinin 6mri boyunca niteliklerini kaybetmeden
hizmet gorebilmesi icin zemin, proje, malzeme,
uygulama (iscilik) ve denetim gibi yap1 stireglerinin
kaliteli yasanmasi gereklidir [5].

2.5. Yangin ve Donma

Yangin, maddenin 1s1 ve oksijenle birlesmesi sonucu
olusan yanma reaksiyonlarinin neden oldugu dogal
afettir. Yanginda zarar gérme derecesine bagl olarak
beton sari, pembe, gri renk degisimlerine ugrar.
Malzeme 1sinarak suyunu kaybettikce 1siya bagh
olarak i¢ gerilmeler ve catlaklar artar, dagilma etkisi
yaratir. Yanginin celik iizerinde de yikicl etkileri
olmaktadir. Isman celik uzar, birlestigi noktalarda
degismeler meydana getirir ve bazen biitiin yapiy1
yikabilecek  giic  olusturur. Celigin  sicaklig
yiikseldikce tasima giicii kaybolur [6].

Donma olay1 cisimlerin hacimlerinde bir degisime
neden olur. Tekrarli olmasi durumunda ise betonun
catlamasi sonucu dayanim kaybina neden olmaktadir.

2.6. Carpma, Patlatma ve Asir1 Yiikleme

Carpma ve patlatma dis etkiler sonucu ani gelisen
olaylardir. Betonarme binalar sabit, hareketli, riizgar,
deprem, kar yiikiiniin etkisi altindadir. Bu yiikler ve
birlesimlerinin binanin tasima kapasitesinin tizerinde
olmamasi istenir.
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3. Hasar Belirleme Yontemleri

Hasarli, onarilacak ya da giiclendirilecek bir yap1 tipki
doktorunun 6ntine gelmis bir hasta gibidir. Hastanin
durumunun belirlenmesi i¢in muayene, tibbi
incelemeler, rontgen, ultrason gibi 6l¢gme yontemleri
uygulaniyorsa yapi i¢cin de benzer bir sekilde
incelemelerin yapilmasi ve bir teshis koyulmasi
gerekir.

Yapinin hasar durumlar degerlendirilirken birgok
yontem kullanilabilmektedir. Bu yo6ntemlerden
bazilar1 yapinin sadece belli bir bélgesi hakkinda fikir
saglarken bazilann yapinin biitiinii hakkinda fikir
vermektedir. Gerek yerel incelemeler olsun gerek
genel incelemeler olsun alinan numuneler ya da yap1
tzerinde  gerceklestirilen  incelemeler  statik
yuklemeler ve dinamik yuklemelerle
gerceklestirilmektedir. incelemelerden elde edilen
sonuglar benzer numuneler ya da yapilar lizerinde
deneysel veya analitik olarak gerceklestirilen
incelemelerden elde edilen sonuglarla karsilastirilir.
Yap1 ya da yapi elemanlar: tizerinde gercgeklestirilen
deneysel incelemelerde yap1 ya da yapi elemanina
hasar verilerek ya da hasar verilmeksizin inceleme
yapilabilir [7].

3.1. Yerine (incelenen Alana) Gore

Incelen alana gore hasar belirleme yontemleri yerel
(lokal) ve genel(global) yontemler olmak tizere ikiye
ayrilmaktadir.

3.1.1. Yerel (Lokal) Yontemler

Hasar tespitinde yerel degerlendirme yapmay1
saglayan yontemler karot alma, donati tespiti,
ultrases cihaziyla inceleme, Schmidt g¢ekici 6l¢iimleri
ve radarla tarama olarak siniflandirilabilir.

3.1.1.1. Karot Alma

Yapimnin  belirli  bolgelerinden  alinan  belirli
ozelliklerdeki beton oOrnekleri yardimiyla yapinin
insasinda kullanilan betonun gerekli sartlar1 saglayip
saglamadig veya dis etkilere maruz betonun bozulup
bozulmadig1 tespit edilebilir. Karot alma islemiyle
malzemenin basing dayanimi, elastisite modiili,
poisson orany, kiitle yogunlugu belirlenebilir [8].

3.1.1.2. Donat1 Tespiti

Yapida gerekli miktarda donatinin uygun diizende
yerlestirilip  yerlestirilmediginin  belirlenmesinde
kullanilmaktadir. Donati tespiti, yiiksek frekansh
manyetik dalgalar {reten cihazlarin betonarme
eleman ylizeyinde hareket ettirilmesiyle
gerceklestirilmektedir. Donati belirlenen bolgede


http://tr.wikipedia.org/wiki/Madde
http://tr.wikipedia.org/wiki/Is%C4%B1
http://tr.wikipedia.org/wiki/Oksijen
http://tr.wikipedia.org/wiki/Yanma_reaksiyonlar%C4%B1
http://tr.wikipedia.org/wiki/Do%C4%9Fal_afet
http://tr.wikipedia.org/wiki/Do%C4%9Fal_afet
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cihazin sabitlenmesiyle donati ¢capi ve ylizeyden olan
derinligi belirlenmektedir [7].

3.1.1.3. Ultrases incelemesi
Beton yiizeyine tutulan ve biri verici digeri ise alici

olarak adlandirilan iki adet cihaz yardimiyla beton
elemana sinyal gonderilmesine dayanan inceleme

yontemidir. Bu inceleme yodntemiyle betona
gonderilen sinyalin hizina bagh olarak beton
dayanimi ve elastisite degeri hakkinda bilgi

edinilebilmektedir. Bu sekilde elde edilen veriler
analitik modellerin kalibrasyonu ve yapilarin
gliclendirilmesinde kullanilabilmektedir [7].

3.1.1.4. Schmidt Cekici

Beton yiizeyine Schmidt ¢ekici olarak adlandirilan
0zel bir cihazla vurulmasi ve geri tepme degerlerinin
belirlenmesi islemidir. Bu ol¢iimlerde betonun
ylzeyine darbe uygulanma yeri ve yoéni oldukca
o6nemlidir. Bu yodntem beton dayanimini vermez,
betonun ytlizey sertligini verir. Betonun yasina gore
degisim olabilecegi unutulmamaldir.

3.1.2. Genel (Global) Yontemler

Yapinin biitiiniiniin davranisi hakkinda bilgi saglayan
yontemlerdir. Bu ydntemlerden en yaygin olarak
kullanilani, yapisal titresimlerin goézlemlendigi ve
yaplya ait dinamik karakteristiklerin belirlendigi
Deneysel Modal Analiz yontemidir.

Yapr dinamik karakteristiklerinin belirlenmesinde
deneysel modal analiz yontemlerinin etkin sonug
verdigi ve oOlcim yapilan yapilarda hasar
olusturulmamasi nedeniyle tercih edildigi ve kabul

gordiigii  bilinmektedir. Bu yontem, olglimlerde
kullanilan titresim etkisinin bilinip bilinmemesine
bagli olarak Operasyonal Modal Analiz ve Geleneksel
Deneysel Modal Analiz yontemleri olmak iizere kendi
icerisinde ikiye ayrilir [7].

3.1.2.1. Operasyonal Modal Analiz Yéntemi

Operasyonal Modal Analiz yontemi yapilarda deprem,
rizgar gibi cevresel etkilerden olusan titresimleri
dikkate alarak yapilarin dinamik karakteristiklerinin
deneysel olarak belirlenmesinde kullanilan bir
yontemdir. Yapiya ait dinamik karakteristikler yapi
tizerinden Olgtilen tepki verilerinin zaman ve frekans
tanim alanlarinda islenmesiyle elde edilmektedir.

Bu yo6ntemin yeterince anlasilabilmesi icin temel
titresim bicimlerinin ve rezonans etkisinin bilinmesi
gerekmektedir. Titresim, baslangic sartlar1 veya
uygulanan dis yiikler altinda yapilarin gostermis
oldugu tepkilerdir. Temel olarak, serbest titresim ve
zorlanmis titresim olmak tizere iki farkl titresim tiirt
soz konusudur. Serbest titresimde yapi, uygulanan
baslangi¢ sartlar1 altinda titresir. Bu tiir titresimde,
en kigik dogal frekans yapida en etkili olan
frekanstir. Bu tiir titresim, belirli bir siire sonra
yapidaki soniimiin etkisiyle sona erer. Zorlanmis
titresim ise, yapinin uygulanan bir dis yiik altindaki
titresimidir. Bu tilir titresim, yiikk yapiya etkidigi
sirece devam eder. Bir yap1 dis yiikten dolay:
titrestirildiginde, yapinmin dogal frekansi ile dis yiikiin
frekansinin ayni oldugu bir duruma gelinebilir. Bu
durumda yap1 oldukga biiyiik genlikte titresim yapar
ve rezonans durumu olarak adlandirilir. Operasyonal
Modal Analiz yonteminde yapilarin dinamik

karakteristiklerinin nasil belirlendigi Sekil 1-2’de
gosterilmistir [9].
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Olciimden elde edilen sinyaller sinyal isleme
stirecinden gecirildikten sonra Operasyonal Modal
Analiz programina aktarilir. Operasyonal modal
analiz programinda frekans ortaminda ayrisim (FOA)
ve stokastik altalan belirleme (SAB) yo6ntemleri
kullanilarak binaya ait modal parametreler elde

Sekil 2. Olgiimde kullanilan veri toplama iinitesi

edilir. Frekans ortaminda ayrisim (FOA) yontemi
kullanilarak elde edilen spektral yogunluk fonksiyonu
Sekil 3’te, stokastik altalan belirleme (SAB) yontemi
kullanilarak elde edilen kararlilik fonksiyonu ise Sekil
4’te verilmektedir [9].

g2 =2
£

Sekil 3. Binaya ait spektral yogunluk fonksiyonu

e s

5 ¥ ¥ 8 8 ®B ¥ 8%

o e

R e,
: e

e S T e

O
Freans (HI

Sekil 4. Binaya ait kararlilik fonksiyonu

3.1.2.2. Geleneksel Deneysel Modal Analiz
Yontemi

Deneysel modal analizde, yapiya bilinen (6l¢iilen) bir
kuvvet verilmekte ve yapimin bu kuvvete tepkisi
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olciilmektedir. Sekil 5'te goriildigii gibi bu islemde
yapiya kuvvet uygulamak icin ¢ekic, yapinin tepkisini
olcmek icin ivmedlger ve verileri degerlendirmek icin
bir sinyal analizor kullanilir [10].
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Zaman
Ortami

=

Frekans
Ortami

3.2. Yiikkleme Durumuna Gore

3.2.1. Statik Yontemler

Yapidan alinan numuneler ya da imkan varsa yapi
tizerinde gergeklestirilen statik yiiklemeler altinda
elde edilen degerlere baghh olarak yapinin hasar
durumunun degerlendirilmesine dayanan
yontemlerdir. Bu yontemler hasarli veya hasarsiz
yontemler olabilir. Hasarli inceleme yo6ntemine
yapidan alinan karot numuneler o6rnek olarak
verilebilir. Hasarsiz incelemelerde ise sistemin elastik
bolgede kalacak sekilde statik yiik altinda test
edilmesi gerekmektedir [9].

3.2.2. Dinamik Yontemler

En yaygin olarak bilinen ve kullanilan yontem yapisal
titresimlerin 6l¢iilmesi ve analiz edilmesine dayanan
deneysel modal analiz yontemidir.

3.3. Yonteme Gore

3.3.1. Teorik Yontemler

Analitik model giincellemeye dayali hasar tespit
yonteminde, analitik model iizerinde yapilan rijitlik,
kiitle ve soniim gibi mekanik 6zellikleri degistirilerek
deneysel olarak oOlciilen statik veya dinamik
davranisin elde edilmesine ¢alisilmaktadir.

3.3.1.1. Baslangic Analitik Model

Yapimin projesinden ya da yap1 lzerinde
gerceklestirilen rolevelerden elde edilen kesit
ozellikleri ve malzeme o6zellikleri dikkate alinarak
olusturulan analitik modeldir.

3.3.1.2. Kalibre Edilmis Analitik Model

Baslangic analitik modelin malzeme 6zellikleri ve
simir sartlart dikkate alinarak Kkalibre edilmesi
sonucunda elde edilen ve yapimin hasarsiz
durumunun temsil ettigi varsayilan analitik modeldir.

ik

Sekil 5. Deneysel modal analizde éenel bir 6l¢iim diizenegi
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3.3.1.3. Giincellenmis Analitik Model

Yapiya ani bir etki sonrasinda yapi {lzerindeki
6lciimlerden elde edilen sonuglar baz alinarak kalibre
edilmis analitik modelde, kesit o6zellikleri (atalet
momenti, kalinlik) degisken olarak dikkate alinarak
deneysel ve analitik sonuglar arasindaki farkin
minimize edilmesi islemidir.

3.3.2. Deneysel Yontemler

Deneysel yontemler hasarli ve hasarsiz yontemler
olmak tizere ikiye ayrilmaktadir. Hasarsiz deneysel
yontemlere ornek olarak deneysel modal analiz
yontemi  o6rnek verilebilir. Hasarli  deneysel
yontemlere ornek olarak beton basing dayanimi
deneyi drnek verilebilir.

3.4. Zemin incelemesi

Zemin incelemesinde, numune alinmasi ve jeofizik
yontemler kullanilmaktadir [11].

4. Sonuglar

Giliniimiizde yapilar farklh amaglar icin insa
edilmektedir. Bunlarin basinda barinma ihtiyacimizi
gideren binalar gelmektedir. Bu yapilar zaman zaman
ya da zaman gectikce cesitli yiik, kuvvet vb. etkilere
maruz kalmakta ve bu etkiler sonucunda da yapilan
binalarda hasarlar meydana gelmektedir. Binalarda
hasar olusturan baslica sebep projelendirme
asamasinda da c¢ogunlukla etkin bir faktore sahip
olan deprem yiikleri gelmektedir. Depremden
kaynaklanan hasar etkisi yapinin projelendirme
asamasindan sonraki yani insa edilme esnasinda
yapilan hatalarla daha da artmaktadir. Bu etkilerin
disinda baska etmenler de bulunmaktadir. Binalarin
tasiyicl sisteminin se¢imi, zeminde olusan farkh
oturmalari, yangin, donma-¢dzlinme, c¢arpma ve
patlatma etkileri de hasar sebeplerindendir. Hatalar
sonucunda binalar hasar gérmektedir. Bu ¢alismada,
betonarme binalarda olusan hasarlarin sebepleri ve
hasar belirleme yontemleri tzerinde incelemeler
gerceklestirilmistir.  Yapinin  hasar  durumlan
degerlendirilirken yapinin sadece belli bir bélgesi
hakkinda fikir veren karot alma, ultrases ve Schmidt
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cekici gibi yontemler ve yapinin biitiinii hakkinda
fikir saglayan Operasyonal ve Geleneksel Modal
Analiz yontemleri incelenmistir. Bu yontemlerle
olusan hasarlar belirlenmeye calisiimistir. Hasarlari
olusturan etkilerin dogru bir sekilde belirlenmesi can
ve mal kaybinin azaltilmasinda ve mevcut hasarlarin
onarilmasinda dikkate alinmasinin oldukc¢a 6nemli
oldugu gorilmiistiir.
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