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Abstract 

 
The quality inspection of high-strength concrete construction sites consists of a compressive 

strength test that is considered the most important, but this can be confirmed through a 

compressive strength test after 28 days of high-strength concrete application. Therefore, it is of 

paramount importance to ship high-quality products to ready-mixed concrete factories by 

increasing the reliability of the mixed design that affects high-strength concrete production. In 

addition, there is a need to develop an efficient management system for mixed design that 

determines high-strength concrete quality by measuring the mixing ratio of materials in the 

ready-mixed concrete factory production stage. This study used matrix laboratory(MATLAB) 

using Deep learning, a language that performs mathematics and engineering calculations based 

on matrices, and presented a mixed design model by adjusting the strength through input and 

output variables, learning data collection, model structure determination, learning error, and 

repetition results. The predicted mean value of 40 MPa was measured at 40.75 MPa, showing 

a difference of 0.75 MPa and 40 MPa, and the error rate was confirmed to be 4.13%. And the 

predicted mean value of 55 MPa was measured as 55.55 MPa, showing a difference between 

55 MPa and 0.55 MPa, and the error rate was confirmed to be 1.73%. Through this study, the 

reliability of high-strength concrete quality management is secured by applying a high-strength 

concrete mixed design system using artificial intelligence(AI) and adjusting it in connection 

with all fields of the production process. 
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Introduction 

 

In the construction industry, the development of smart construction will greatly help to 

improve the productivity and quality of construction companies. Smart construction refers 

to a system that manages the entire construction process in real time by using mobile, 
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wearable by introducing the Internet of Things(IoT). However, in the field of high-strength 

concrete mixing design, efficient and economical mixing design development through data 

management is needed due to difficulties in applying the Internet of Things. 

 

In high-strength concrete, high strength can reduce the size of the cross section of the 

structure, and because strength development rate is fast, form removal time is also greatly 

reduced, it can greatly contribute to air reduction by reducing cycle time. From this 

perspective, advanced countries are making huge investments to develop high-strength 

concrete manufacturing technologies and mixing design models. 

 

More than 80~100MPa of high-strength concrete is already used to domestic and foreign 

skyscrapers that is being built recently, while 78 of 125 - 62.4% skyscrapers over 300m are 

used for geographically close China. In the near future, Saudi Arabia plans to invest 1.3 

trillion won to build a 1,000-meter-high skyscraper, The Dubai Albus Project in the United 

Arab Emirates is 1,200 meters long and the Mubarak Tower in Kuwait is 1001 meters long, 

with construction of a skyscraper that is more than 1,000 meters long. In order for South 

Korea to survive in the global construction market, it must take the lead over China in 

architectural battles in Middle Eastern countries that cannot control oil money. 

 

Looking at the process of manufacturing high-strength concrete in Korea, major binders 

such as aggregate types and hybrid materials are determined, and various types of 

combinations are tested while changing the amount of use, followed by 6 to 10 experiments. 

This non-scientific approach is highly likely to cause quality management errors in deriving 

a mixed design of high-strength concrete, and even if the desired compressive strength is 

obtained, it is difficult to say that it is an optimized procedure in terms of manufacturing 

cost, material use, hydration heat, and unit volume weight.  

 

In particular, according to the "performance-oriented specification" regulations to be 

applied in the future, in the case of buildings with high durability (including civil 

engineering structures), prior approval for high-strength concrete mixed design is required 

before actual construction is carried out. However, since the time to complete the mixed 

design is insufficient with the current trial and error method, it is highly likely that an 

economical and over-designed mixed design will be used. 

 

Therefore, the high-strength concrete blending design model using artificial intelligence to 

be developed in this study aims to secure the reliability of high-strength concrete quality 

management through smart blending design as shown in Figure 1. 
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Fig. 1  Need for Smart Mixing Design 

 

The application of homogeneous high-strength concrete has been a problem due to the 

inefficient system between the ready-mixed concrete factory that produces high-strength 

concrete and the construction site that uses it.  

 

 

Fig. 2 AI-based smart ready-mixed concrete factory production  

process expected picture 
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The quality inspection of high-strength concrete construction sites consists of compression 

strength tests that are considered the most important. However, this can be confirmed 

through a compressive strength test after 28 days of high-strength concrete application. 

 

It is of paramount importance to ship high-quality products to ready-mixed concrete 

factories by increasing the reliability of the mixed design that affects high-strength concrete 

production. In addition, there is a need to develop an efficient management system for 

mixed design that determines high-strength concrete quality by measuring the mixing ratio 

of materials in the ready-mixed concrete factory production stage. 

 

Therefore, as shown in Figure 2 it is possible to supply excellent products from ready-mixed 

concrete factories that produce high-strength concrete by controlling all fields from raw 

materials such as cement, aggregate, and mixed materials in the production process. 

Efficient mixed design leads to standardization of the metering and production process, 

which enables efficient management of materials, saving raw material costs and production 

time due to the accuracy of inventory. 

 

Figure 3 shows a mathematical model of the intelligent form represented by the human 

brain.These neural network theories have recently been used as useful decision-making 

tools in many fields as an alternative way to overcome the shortcomings of statistical 

analysis techniques since McCulloch, Pitts proposed a logical task performance model 

imitating the human brain in 1943. So far, the majority of research on high-strength concrete 

mixing design have applied statistical analysis as an important mathematical analysis 

methodology. However, if the number of experimental data is small, such as high-intensity 

high-strength concrete, and the physical performance varies significantly depending on the 

material and combination variables, the accuracy of the prediction is reduced. 

 

Therefore, obtaining more accurate optimization procedures for mixing designs requires the 

presentation of formalized analysis methods and models based on neural network models 

that are not sensitive to singular value(outlier) and number of data by reducing prediction 

error through a certain number of data through repeated learning(learning by samples).  

 

The main content of building neural network models is to train neural network models using 

data corresponding to the input layer as shown. At this time, the data corresponding to the 

input layer use the experimental value of 2.1 and limit the input variable to 6 to 7 such as 

w/b ratio, coarse aggregate amount, fine aggregate amount, fine aggregate type, mixture 

amount, high-performance sensitizer mixture. 
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Then, the corresponding value of the output layer must be determined. This is allowed the 

construction of a model that is subdivided by type of dependent variable, such as a slump 

flow, air volume, and compression strength of 28 days. In addition, various output values 

shall be planned to be obtained by utilizing compression strength by age. In addition, Table 

1 shows the Analysis conditions of the Algorithm applied in this study. 

 

 

         Fig.3 High-strength concrete Mixing Design Model Using Neural Network Theory 

 

Table I. Development Items and Target Achievement Rate 

Main Algorithms Deep Neural Network (DNN) 

Training Algorithm MATLAB (matrix laboratory) 

Hidden Layer 
Learning a total of 10 models, divided into  

2, 4, 6, 8, 10, 12, 14, 16, 18, and 20. 

The number of repetitions. 100,000 times 

Loss Function 0.001 (Learning error) 

Learning Rate 0.3 
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Methods 

 

Deep learning is defined as a machine learning algorithm that generalizes high-level 

predictive models through a combination of several nonlinear analysis techniques, and 

basically means advanced algorithms based on deep neural networks (DNN). A deep neural 

network is an advanced form of an artificial neural network composed of several hidden 

layers between an input layer and an output layer, and is generally used to model complex 

nonlinear relationships. Finally, after deriving the result from the output layer, the error is 

derived through the error function according to the input information.  

 

Figure 4 shows a schematic diagram of a deep neural network and an activation function. 

The difference from machine learning is that in the case of machine learning, a human must 

intervene in the process of extracting features from the input data for the machine to learn, 

but in deep learning, the entire input data is used as it is to determine the part where the 

human should intervene. It is determined and applied. 

 

 

Fig. 4 Diagram of DNN 

 

A methodology for developing an artificial intelligence-based compressive strength 

prediction system. Compressive strength was predicted by training a deep neural network 

with compounding data collected from papers published in the last 10 years in 4 domestic 

societies. Among the parameters applied to the construction of the prediction system, the 
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prediction performance according to the adjustment of the batch size and learning rate was 

analyzed, and a compression strength prediction system was developed by additionally 

applying a regularization algorithm that can supplement the results.  

 
 

 

Fig. 5 Methodology of Development for Predictive System of  

Compressive Strength of High-strength concrete 
 

However, since the result and the parameter condition of the algorithm itself to be applied 

change depending on the input data and the result to be predicted, a development 

methodology that the user can apply in the future is presented. Figure 5 shows the 

methodology suggested and the methodology is data collection, data analysis (data amount, 

ratio, coefficient of determination), prediction system construction, and prediction system 

learning (Training, Validation, Testing), application of complementary algorithm for 

generalization (normalization, standardization), overfitting review, and selection of the 

optimal prediction system.  

 

In this study, we intend to develop high-strength concrete by applying a variable 

optimization technique using artificial intelligence and present an optimal combination 

design model for manufacturing it. This blending design model includes mixing procedures 

and limitations of major variables, and when the blending variables are set, the reliability 
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of concrete quality management is secured by automatically presenting the results of 

optimizing the remaining major variables. 

 

Therefore, the research process of the high-strength concrete blending design model using 

artificial intelligence automatically presents the results of optimizing the remaining major 

variables when the high-strength concrete compression strength required by the user is set 

as a blending variable. The detailed research process can be expressed as shown in Figure 

6. 

 

 

Fig. 6 High Strength concrete Mixing Design Model Using AI 
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Results 

 

As shown in Figure 7, the construction of a concrete mixed design model using neural 

network theory is repeated 100,000 times to learn. Then, adjusting the connection strength 

to minimize the error of the model results in an optimal combination design model. 

 

 

 
 

Fig. 7 Optimal learning rate and number of hidden layer nodes by learning rate 
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To verify the utility and accuracy of the proposed blended design model as illustrated in 

Figure 8, an arbitrary mixed design plan is extracted through the model, and then the 

model's validity is evaluated by comparing the error between the predicted and 

experimental values through verification experiments. 

 

 
Fig.8 Comparison of Compression Strength Measured Value and Target  

Value by test piece 

 

A detailed manual shall be prepared so that the model can be utilized without difficulty 

even if it is first used by establishing a user-centered environment. To build neural network 

models, this development technique used MATLAB(Matrix Laboratory), a language that 

performs mathematical and engineering computations based on matrices, and went through 

a five-step process. 

 

Step 1 determines the input and output variables for neural network modeling, and Step 2 

collects data for learning neural network models. Step 3 determines the neural network 

model structure, and Step 4 determines the learning error and the number of learning 

iterations. Step 5 then adjusts the connection strength of the model based on the error of 

desired value and forecast value. And finally present a model for the design of the 

combination. 
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Developing a mixing design model around the characteristics of compression strength 

requires input data and output data for neural network model learning. Input variables and 

output variables were targeted at a ternary system high-strength concrete mixture design 

held by ready-mixed concrete companies located in Gyeongsang Province. Slag cement and 

fly ash, which are commonly used in high-strength concrete, were selected for the used 

mixture as shown in Figure 9. 

 

The input variables were water, cement, slag cement, fly ash, fine aggregate 1, fine 

aggregate 2, coarse aggregate admixture, which affects the compressive strength. And the 

output variable was compressive strength at the age of 28 days old. 

 

 

Fig. 9 Compressive Strength Characteristics Center Ternary System  

High-strength concrete Mixing Design 

 

 

For the learning of neural network models, the input variables collected data of water, 

cement, slag cement, fly ash, fine aggregate 1, fine aggregate 2, and coarse aggregate, and 

the output variables collected data of compressive strength at 28 days of age. It was targeted 

at 70 a ternary system high-strength concrete mix designs owned by ready-mixed concrete 

companies located in Gyeongsang Province. 

 

In this study, we aim to develop high-strength concrete by applying variable optimization 

techniques utilizing AI and present an optimal mixing design model for manufacturing it. 

This mixing design model includes mixing procedures and limitations of key variables, and 
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setting up the mixing variables automatically reduces the enormous effort, time, and cost 

of obtaining a mixture of high-strength concrete by presenting automatically results that 

optimize the remaining key variables. 

Table Ⅱ. Development Items and Target Achievement Rate 

 

 

 

 

 

 

 

 

 

 

 

 

After securing data on various combination designs from ready-mixed concrete companies 

located in Gangwon-do, South Korea, data on slumps, air volume, and compressive strength 

on the 28th of the age were obtained as shown in Table 3. 

 

Table Ⅲ. Compression strength output value for 28 days by  

unit volume of high-strength concrete 

Unit Volume Of High-strength concrete (㎏/㎥) 
Output 

Value Age 

28 Days 

Compressio

n Strength 

Water 
Ceme

nt 

Slag 

Cement 

Fly 

Ash 

Fine 

Aggrega

te1 

Fine 

Aggreg

ate2 

Coarse 

Aggrega

te 

Admi

xture 

158 240 300 60 447 308 872 6.60 67.2 

163 248 310 62 438 302 855 6.82 74.1 

163 292 146 49 471 325 920 5.50 58.1 

163 292 146 49 398 398 910 5.50 59.9 

163 292 146 49 392 397 919 5.50 58.9 

163 292 146 49 498 337 868 5.50 60.1 

163 365 73 49 330 507 886 5.50 53.1 

160 280 140 47 486 336 920 5.13 54.1 

160 280 139 47 429 429 871 5.13 55.8 

Development  Category  

(Perfirmance Indicators) 

Specifications 

/Units 

Development 

Objectives 

Specific  

Gravity 

1. Slump Flow Experiment Results mm 600±100 5% 

2. Air Flow Experiment Results % 3.5±1.5 5% 

3. 
Prediction of High-strength 

concrete Compression Strength 
MPa 40, 55 70% 

4. Creating a manual % 100 20% 
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160 280 140 47 405 409 918 5.13 55.7 

160 280 140 47 512 347 870 5.13 50.1 

160 350 70 47 341 524 884 5.13 47.8 

165 241 302 60 302 457 848 6.03 67.0 

165 362 181 60 303 458 850 6.03 64.8 

163 242 302 60 303 460 854 6.64 68.7 

163 363 181 60 304 461 856 6.64 65.4 

165 241 301 60 382 387 820 6.65 77.0 

165 361 181 60 383 387 821 6.65 71.9 

163 218 273 54 316 478 870 5.45 54.0 

163 327 164 54 317 479 871 5.45 53.0 

163 217 273 55 316 480 873 6.00 62.2 

163 326 164 55 317 481 875 6.00 62.3 

163 218 273 55 399 404 840 6.04 71.8 

163 327 164 55 400 405 841 6.04 61.3 

162 255 204 51 495 328 871 5.10 63.6 

162 327 163 51 466 311 900 5.44 62.3 

165 252 201 50 467 310 890 5.03 60.6 

163 0 549 61 376 375 835 6.10 75.1 

163 305 244 61 360 370 830 6.10 74.6 

163 305 244 61 386 385 823 6.10 71.8 

163 305 244 61 372 367 832 6.10 76.5 

163 0 549 61 370 374 834 6.10 77.4 

163 0 549 61 355 355 871 6.10 73.9 

163 0 549 61 373 373 835 6.10 76.4 

163 0 549 61 367 370 821 6.10 75.5 

163 0 506 56 390 389 849 5.63 62.8 

163 282 225 56 374 384 846 5.62 63.7 

163 281 225 56 401 400 839 5.62 61.9 

163 281 225 56 387 381 847 5.62 64.3 

163 0 506 56 384 389 848 5.62 63.3 

163 0 506 56 373 373 878 5.62 62.7 

163 0 506 56 387 387 849 5.62 64.8 

163 0 506 56 381 384 836 5.62 61.5 

170 165 207 41 437 437 848 3.72 42.6 

170 165 207 41 423 428 872 3.72 40.9 

170 165 207 41 522 354 846 3.72 40.8 

170 268 103 41 345 529 879 3.72 38.7 

170 165 207 41 443 455 860 3.72 40.2 
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172 180 225 45 520 359 815 4.05 44.6 

172 180 225 45 422 422 840 4.05 46.5 

172 180 225 45 420 425 841 4.05 46.5 

172 180 225 45 505 342 837 4.05 44.9 

172 293 113 45 331 508 876 4.05 43.8 

172 180 225 45 425 437 859 4.05 44.5 

160 0 320 80 523 361 871 3.6 42.4 

165 0 320 80 519 358 864 3.6 39.8 

168 0 340 85 505 349 858 3.2 38.7 

170 0 298 75 528 364 861 3.36 33.2 

180 0 281 70 531 367 849 2.98 32.3 

168 305 131 0 810 0 934 4.36 43.4 

170 298 127 0 808 0 921 4.25 37.4 

168 323 138 0 787 0 936 4.61 49.8 

172 321 138 0 784 0 922 4.56 47.7 

170 224 112 37 455 468 867 3.36 36.4 

170 224 112 37 548 378 842 3.36 35.8 

170 224 112 37 452 452 854 3.36 36.6 

170 224 112 37 443 449 868 3.36 35.7 

170 224 113 37 551 373 834 3.36 35.9 

170 280 56 37 358 549 883 3.36 35.2 

170 165 207 41 537 370 824 3.72 38.3 

 

Discussion 

 

For neural network modeling, it is first necessary to optimize the model structure through 

learning of data. Optimization work means minimizing learning errors within the set error 

limit, and is to adapt to the characteristics of the target model with as few repetitions as 

possible. In order to optimize the neural network model, input variables, output variables, 

number of learning repetitions, learning rates, and number of nodes in the hidden layer must 

be set. 

 

In order to select the optimal neural network model structure, the learning rate was set to 

0.3, and as shown in Figure 10, the number of nodes in the hidden layer was divided into 2, 

4, 6, 8, 10, 12, 14, 16, 18, and 20, and a total of 10 models were learned. As with the results 

of several studies, the number of hidden layers was fixed and used as one optimal number 

of hidden layers, and the number of learning repetitions was set to 100,000 times and the 

learning error was set to 0.001. When the number of nodes in the hidden layer was 16, the 



Webology, Volume 19, Number 1, January, 2022 

4282                                                      http://www.webology.org 

error rate was the lowest, so it was fixed at 16. Table 4 shows the verification data of the 

hidden class. 

 

 

Fig. 10 Learning for Model Structure Optimization Selection 

 

Table Ⅳ. Compression strength output 

 

 

 

 

 

With the aforementioned designed neural network model, we specify the target compressive 

strength of 40, 55 MPa to predict the level of the combination factors. Using neural network 

theory, the predicted combination design is shown in Table 5. 

 

Hidden  

Layer 
Training Validation Test All Data 

2 0.85 0.85 0.87 0.85 

4 0.87 0.85 0.80 0.86 

6 0.97 0.94 0.91 0.95 

8 0.94 0.89 0.91 0.93 

10 0.93 0.92 0.94 0.93 

12 0.96 0.95 0.92 0.95 

14 0.94 0.93 0.92 0.93 

16 0.99 0.96 0.90 0.97 

18 0.96 0.94 0.97 0.96 

20 0.97 0.92 0.91 0.95 
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Table Ⅴ. Prediction Unit Material Volume by fck  

Input Predicted Unit Material Volume (㎏/㎥) 

fck 

 

Water Cement 

 

Slag 

Cement 

 

Fly 

Ash 

Fine 

Aggregat

e1 

Fine 

Aggregat

e2 

Coarse 

Aggreg

ate 

 

Admixt

ure 

40 170 143 318 52 461 390 871 4.06 

55 164 211 220 45 412 408 895 4.88 

 

Age 28 Days compression strength measurements were conducted through experiments to 

verify the predicted combination design, such as Table4. The results for this are shown in 

Table 6. The average value of the predicted 40MPa was measured at 40.75MPa, showing a 

difference of 40MPa and 0.75MPa, with an error rate of 4.13%. The predicted average value 

of 55MPa was measured at 55.55MPa, showing a difference of 55MPa and 0.55MPa, with 

an error rate of 1.73%.  

 

There is a slight difference in the experimental value of the same age for each combination. 

It is believed that this was caused by the difference between the deviation generated during 

the fabrication of the test specimen and the pressurization speed of the U.T.M. As a result 

of this, mixing design of high-strength concrete showed a slight difference the experimental 

value and the result value, but overall, it shows a very similar tendency to the experimental 

result, indicating that the reliability of the proposed combination design is high. 

 

Table Ⅵ.  Mixing Design Experimental Strength and Error Rate  

  

Unit Volume of Material (㎏/㎥) 
Output Value 

Age 28 Days 

Compression 

Strength 

(MPa) 

Error rate Wa

ter 

Cem

ent 

Slag 

Cem

ent 

Fly 

Ash 

Fine 

Agg

regat

e1 

Fine 

Agg

regat

e2 

Coar

se 

Agg

regat

e 

Ad

mi

xtu

re 

40 170 143 318 52 461 390 
87

1 

39.1 40.7

5 

2.25% 4.13

% 
42.4 6.00% 

55 164 211 220 45 412 408 
89

5 

54.6 
55.5

5 

0.73% 
1.73

% 
56.5 2.73% 
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Conclusion 

 

In order to build a neural network model, this study used matrix laboratory (MATLAB) 

using Deep learning, a language that performs mathematics and engineering calculations 

based on a matrix, and went through a five-step process. 

 

Step 1 determines input/output variables for neural network modeling, and step 2 collects 

data for learning neural network models. Step 3 determines the neural network model 

structure, and step 4 determines the learning error and the number of learning iterations. In 

step 5, the connection strength of the model was adjusted based on the error between the 

target value and the predicted value. And finally, a combination design model was 

presented. 

 

In order to verify the blending design, compression strength measurement was performed 

on the 28th of the age through an experiment. The predicted average value of 40 MPa was 

measured at 40.75 MPa, showing a difference of 0.75 MPa and 40 MPa, and the error rate 

was confirmed to be 4.13%. And the predicted mean value of 55 MPa was measured as 

55.55 MPa, showing a difference between 55 MPa and 0.55 MPa, and the error rate was 

confirmed to be 1.73%. Through this study, it will be possible to supply excellent products 

from ready-mixed concrete factories that produce high-strength concrete by applying a 

concrete combination design system using artificial intelligence to control all fields from 

raw materials such as cement, aggregates, and hybrid materials in the production process. 

 

In the future, the system of this study should be tested and applied to the ready-mixed 

concrete factory to check the operation of the system at each stage of the production process. 

In addition, it is necessary to feedback this to confirm the occurrence of quality errors with 

artificial intelligence-based blending designs. 
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