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ABSTRACT 
dummy 

Prediction of Compressive Strength Experiment Results of Concrete Used in 
Buildings Using Machine Learning Techniques 

 
 

 
Master's Thesis 

 
FIRAT UNIVERSITY 

Graduate School of Natural and Applied Sciences 

Department of Eco-informatics 
      

January 2022,   Pages:  x  + 34 
 

 
Measuring concrete compressive strength takes place in the construction industry as a very important process 

for giving information about the durability of the structure. Performing concrete compressive strength tests 

requires a series of processes and appropriate steps. The most important element in the test stages is the 

addition of the necessary components in the concrete samples taken at the required rate. In addition, in order 

to obtain the best concrete compressive strength, the tests must be carried out within a certain period of time. 

In addition, a serious cost and experts in the field are needed to carry out these experiments. However, 

inaccuracies in obtaining and recording pressure test results may occur due to the workload intensity. 

Since the early 1990s, artificial intelligence algorithms have been actively used in automatic classification 

and regression problems. As time progresses, artificial intelligence algorithms with data types and sizes have 

been developed and these algorithms have achieved great success as decision supporters in object recognition, 

natural language processing, audio, image and video classification tasks. Artificial intelligence algorithms, 

which are used in many fields such as security, energy, metallurgy and medicine, have also been frequently 

used in the field of civil engineering..  

In this thesis study, compressive strength estimations were made with modern artificial intelligence 

algorithms (machine learning). An extensive experimental dataset of 1030 times was used to implement these 

algorithms. This test includes concrete compressive strength results according to the mixing ratios of 8 

different concrete components. Before applying the machine learning algorithms, exploratory data analysis 

was made and the effect of the components on the concrete compressive strength was examined. Then, 

concrete compressive strength estimates were made with 9 different machine learning algorithms. A best and 

reliable estimation result was obtained with the Gradient Boosting algorithm. 

 
Keywords: Concrete compressive strength estimation, Exploratory data analysis, Machine Learning, 

Regression algorithms  
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kg : Kilogram 

 :  

MPa : MegaPascal 

 
 

 

  

 :   
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RMSE  
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UK :   
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YSA : Yapay Sinir  

 

 



 

1. G  

[1, 2]

[3, 4]

[5]

puzolan Puzolan 

[6, 7]

[8]  

[9]

 ve 

[10]

[11]

[12]

-higral 

[13, 14]

miktarda karbondioksit (CO2) emisyonuna neden olur [6, 15, 16]

iyet nedeniyle, 

 

dan labilecek verimli bir 

modellerin probleme  

[17]
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[18]  

 

 

[19]

 

[20]

, 

za

betonun [21]. Khademi vd. [22], normal 

-

-Lineer Regresyon modelini oblem 

-Lineer Regresyon 

yeterince uygu  modellerinin b

[23]

U

[24] YDB'ni

 . Han 

vd. [25]  betonun 

-PSO modelinin sonucunu bir YSA 

[26], bir 

 mo )  i

 ile hibrid  

[27] -YSA modeli 

ile sili   

 ar [28]  modelini bir Su 

t -SD  

Bu tez 

 

i 



 

2. REGRESYON A  

Makine 

mode

 s n problem 

verisini i  gerekir. Regresyon 

Regresyon denklemlerinde, verilerin bir denklem

 

 hava 

 

2.1. Lineer Regresyon 

 bir 

 biliniyorsa 

[29]

da Denklem 

2.1  

 

                                                                                                                    (2.1) 

 

Burada    ve  

cak ve  
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2.1. Lineer Regresyon 

2.2. Multi-Lineer Regresyon 

 

[30]. Multi-Lineer  

 

                                                                                                           (2.2) 

2.3. Polinominal Lineer Regresyon 

[31]. Polinominal lineer regresyon denkleminin 

genel ifadesi Denklem 2.3 er regresyon 

 

 

                                                                                            (2.3) 
 
 

 
2.2 dereceden Polinominal Regresyon  
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2.4.

-EYK) aksine mesafe 

.

erde karar ler ve yaprak 

m [32]. 

2.3. 

1 ve 2) verilm

. 

k

  

kesim 1)

2)

ler 2 kesim 

olursa

Genel

1: .
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 2: M adet  

belirleyin. 

 3: Belirli nitelikle karar  un. 

 4:  alt belirleyici ni ve yapraklar  

un. 

 5: Alt ni un. 

 6:  ; 

  

  

  nitelik yoksa   

 ve yeni verisi ni kullanarak ni ve yapraklar  

un. 

Belirleyici  ve alt  en kritik 

 fonksiyonu ele 

 fonksiy . 

                                                                                                                    (2.4) 

Buradaki , . 

fonksiyonunun  olas .

 fonksiyonu Denklem 2. . 

                                                                                                                                                     (2.5) 

Bu fonksiyonuyla M 

Denklem 2.6 ile  fazlaysa belirleyici karar 

. 

                                                                                                                  (2.6) 

Buradaki ,  ait 

.   

ve  alt der. 
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2.4. D fonksiyonunun    

2.5.  

Rastgele 

algoritmalardan biridir. RD 

getirir ve 

  

   [33]. ekil 

2  

,  

uydurma  ancak rak 

k oy  nir. RD 

 

.  

Veri k esinden  . 

 2:  . 

 3: . 

 4: - - . 

 5: Herhangi bir yeni  

. 
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2.5. D fonksiyonunun

2.6. K- -EYK)

K-EYK ,

k Cover ve Hart [34] 1967 

-

temel

, Denklem 2.7-2.9

Minkowski ve Manhattan gibi uza

                                                                                                                              (2.7)

                                                                                                                        (2.8)

                                                                                                     (2.9)

Minkowski denkl r r
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adet veri ile yeni K

K-EYK 

, K=3 yeni 

Bu nedenle yeni rinin belirlenmesinde K 

K-EYK

d K-EYK algorit

avantaj hesaplama , K-EYK sadece 

ve K tahmin sonucunun

mesi 

2.6. K-

2.7.

Vapnik [35] ,

g

Bir regresyon probleminde -

. X={ xi, yi i xi T1 olursa yi xi ST

olursa yi=- 0 bias 

Denklem 2.10 ve 2.11 . 

                                                                                                                                           (2.10)

                                                                                                                                           (2.11)
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Denklem 2.10 ve 2.11 Denklem 3.48 .

                                                                                                                                                           (2.12)

istenmez. 

her iki taraf

verilen (xi )

                                                                                                                                                        (2.13)

2.7.

xi {-1, +1} Denklem 2.13, De

                                                                                                                                                    (2.14)

Denklem 2.14 ( ) hedeflenirse

Denklem 2.15 .
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                                                                                                                                                      (2.15) 

Buradaki  parametrelerinin  q lerinin 

,   olarak 

 n    

 gereklidir [35]    

 in . 

                                                                                         (2.16) 

Burada   ve 

  ve  

problemlerinde en iyi perfor  

   ve kenar 

paylar ki mesafe  . 

N 

  

r. 

Denklem 2.16  Lagrange kats  elde edilir.  

                                                                            (2.17) 

Bu denklem ile   ile   

  Denklem 2.17    ile  

parametrelerine  

                                                                                                       (2.18) 

                                                                                                      (2.19) 

 . 

                                                                                          (2.20) 

Denklem 2.20    ,    

. 

. 
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2.

destek 

al

lerden bir tanesi ile

bulunan   Destek 

. DVM 

  n

gi biri veya birileri veya eklenmesi

durumunda da algoritma etkilenmez

ilgilendir

bulunduktan son bilir.

%100 

hip

,

uzak [35]

(c) ve (d)

2.8.
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parametreler ile Denklem 2.12  elde edilir.  

                                                                                                                                              (2.21) 

Denklem 2.21   

uygula    ancak 

.  olursa ler 

 ve . Burada 

eri ve  mayan . mayan leri minimum 

  ( ),  Denklem 2.22 e 

. 

                                                                                                                                              (2.22) 

  

 tahminlerde de . Denklem 2.17, eltme 

  Denklem 2.23 . 

                                   (2.23) 

Buradaki ,  d  negatif  Lagrange 

  fonksiyonunun  ve 

durumunda Denklem 2.18 ve 2.19 .  fonksiyonunun  

  Denklem 2.24 .  

                                                                                                                              (2.24) 

 unda,   n lidir. Denklem 2.18, 3.19 ve 2.24 

Denklem 2.23  Denklem 2.25 . 

                                                                                                                (2.25) 

Denklem 2.25   rken ,  ve i ler  

 . Denklem 2.25  tahmin edilen ve kenar 

pay   .  destek vek de, 

  ve   hesapla

 bu  =0 ile  .  leri 

hesapla rken   

  lerinin 
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. Kenar pay    durumu 

.  

 optimizasyon   kadar 

  deste

 . Aksi takdirde destek 

 veya kenar pay  

denilmektedir , Denklem 2.26  

. 

                                                                          (2.26) 

Burada ,  . Tahmin 

verileri

. Yeni boyutlara 

eki gibi belirtilmektedir. 

                                                                                               (2.27) 

Burada s  

. 

                                                                                                                        (2.28) 

Denklem 2.28 ) 1 

 

 eltme  

 

Denklem 2.22 ncak lama 

Denklem 2.29 . 

                                                                                                                          (2.29) 

Denklem 2.29  . 

                                      (2.30) 
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 ve  

Denklem 2.31 ve 3.32  ve   Denklem 

 . 

                                                                                                                        (2.31) 

                                                                                                                           (2.32) 

                                                                                            (2.33) 

Den    ,  ve  

.  

, 

( olarak kullanmaktansa  gibi kernel fonksiyonu olarak eklemesidir. Bu 

durumda Denklem 2.33, Denklem 2.34 .  

                                                                                               (2.34) 

Kernel fonksiyonu Denklem 2.35  

                                                                                                                        (2.35) 

Denklem 2.35  karar fonksiyonu  signum fonksiyonunu 

 Denklem 2.36 elde edilir. 

                                                                                                                    (2.36) 

 

. 
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Tablo 2.1. DVM bilgileri

Lineer

Polinomal

    ( Tanh)

                             (Sigmoid)

Gauss

Laplace

Polinomal fonksiyonda ve 

, olur. Bu fonksiyon ile

2.9.

olarak Gauss 

. 
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2.10.

Gauss fonksiyonundaki s ve s

2.8.

AdaBoost ve Gradient Boosting'dir [36].

2.8.1.

rine biraz daha dikkat etmektir. Bu, zor durumlara giderek daha fazla odaklanan yeni 

AdaBoost

(Karar

[36].

art
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mas

Azaltma 

iler ekleyerek kademeli olarak daha iyi hale getirir. 

setinde Denk  

                                                                                                     (2.37) 

2.38 

 

                                                                                                                          (2.38) 

Denklem 2.39'u  

                                                                                                  

                                                                                      (2.39) 

 

 

 

ve tahmin edici ki gibi 

 

 

              (2.40) 

 

 

Gradyan Gradient Boosting) 

 [36]. Ancak, AdaBoost'un 
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2.9.   

Determinasyon  ) regresyo

[37] a  

 

kullanarak   

                                                                                                 (2.41) 

 

Burada,   regresyon analizinde tahmin edilen 

  

 

                                                                                                     (2.42) 

 bir . RMSE, tahmin 

stand . nin 

yi bir 

  verilerinin hangi 

. 

 olunur. RMSE 

artar. RMSE ,   lerin 

kalkar.



 

3. MATERYAL VE METOT 

 

ektedir.  

 
 

Tablo 3.1.  

Zaman 

 
 

1 16% 

3 40% 

7 65% 

14 90% 

28 99% 

 

Bu 

 

3.1. Laboratuvar Deney 
 

  Bu 

 

  

  

  

 Bir m  

  

  

  

deneyler  elde 
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Tablo 3.2.  

(kg) 

 

 

rufu 

(kg) 

 

(kg) 

Su 

(kg) 

 

(kg) 

 

Agrega 

(kg) 

 

Agrega 

(kg) 

 

Beton  

 

 

(MPa) 

540.0 0.0 0.0 162.0 2.5 1040.0 676.0 28 79.99 

540.0 0.0 0.0 162.0 2.5 1055.0 676.0 28 61.89 

332.5 142.5 0.0 228.0 0.0 932.0 594.0 270 40.27 

332.5 142.5 0.0 228.0 0.0 932.0 594.0 365 41.05 

198.6 132.4 0.0 192.0 0.0 978.4 825.5 360 44.30 

266.0 114.0 0.0 228.0 0.0 932.0 670.0 90 47.03 

380.0 95.0 0.0 228.0 0.0 932.0 594.0 365 43.70 

380.0 95.0 0.0 228.0 0.0 932.0 594.0 28 36.45 

266.0 114.0 0.0 228.0 0.0 932.0 670.0 28 45.85 

475.0 0.0 0.0 228.0 0.0 932.0 594.0 28 39.29 

198.6 132.4 0.0 192.0 0.0 978.4 825.5 90 38.07 

198.6 132.4 0.0 192.0 0.0 978.4 825.5 28 28.02 

427.5 47.5 0.0 228.0 0.0 932.0 594.0 270 43.01 

190.0 190.0 0.0 228.0 0.0 932.0 670.0 90 42.33 

3.2. Metot  

 

 

 

 (Multi-Lineer Regresyon Polinominal Lineer Regresyon  (2. Derece), Polinominal 

-EYK, DVM, Gradyan 

) 

 ve  
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3.1.



 

4. BULGULAR VE T  

Bu ilk 

 

- -

 

4.1.  

Bu  

analizi ile 

 

 

4.1.  

   

.  
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4.2.  

 verilen grafik m3 

 

 

 

 
 

1 
(kg)  

4.3  

-50 kg/m3 ve 75-150 

kg/m3  
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4.4.  

- a su eklenmesi 

 

 
 

 

4.5.  

-12 kg 
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4.6.  

rak 900-

agrega eklenmesi ba  

 
 

 

4.7.   

-

agrega eklenmesi   
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veri setinin k 4.8 . 

4.8. Veri

S

rogramlama

senlerle olan 
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4.9. Veri setinin k
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-4.9 

. 

analizde  

  

do

b  birlikte artar. 

 m3  

 

   

 

 n -150 kg/m3 

m3 
3

  

 S

bulundu 3

en /m3

 ercih 

edilmektedir. 

 10-12 kg/m3  

 

 Artan iri agrega ile beton 

 

 m3 m3

m3' m3'ten az 

 

  inlikle 

 ile /m3

 

4.2.  
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Tablo 4.1. Regresyon anal  

 R2  R2 (Test) 

Multi-Lineer Regresyon 0.619 0.598 

Polinominal Lineer Regresyon  (2. Derece) 0.817 0.780 

Polinominal Lineer Regresyon  (3. Derece) 0.934 0.788 

 0.757 0.619 

AdaBoost 0.831 0.780 

Rastgele Orman 0.831 0.741 

K-EYK 0.902 0.749 

DVM 0.732 0.665 

 0.972 0.904 

  en iyi performans 

 

-

algoritmala   

Bununla birlikte Grad en iyi 

 

 
4.10.  
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modellerinin kulla

 (10.05) Karar A

 (6.48) 

 

 da bahsed

-

. Bununla birlikte, modern yapay zeka da olarak bilinen makine 

 [8,10,12,15,28,38]

eri he

de maliyetlidir. 

 



 

5. S  

Bu tez  teknikleri ile tahmin 

30 adet 

 

agrega)    

erlendiri  

 

 , Multi-Lineer Regresyon, ikinci ve 

DVM, K- algor . 

 Deneysel 

R2  elde 

-Lineer regresy
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