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Abstract 

It has become very important in the field of concrete technology to develop intelligent models to reduce overdependence 

on laboratory studies prior to concrete infrastructure designs. In order to achieve this, a database representing the global 

behavior and performance of concrete mixes is collected and prepared for use. In this research work, an extensive literature 

search was used to collect 112 concrete mixes corresponding to fly ash and binder ratios (FA/B), coarse aggregate and 

binder ratios (CAg/B), fine aggregate and binder ratios (FAg/B), 28-day concrete compressive strength (Fc28), and the 

environmental impact point (P) estimated as a life cycle assessment of greenhouse gas emissions from fly ash- and cement-

based concrete. Statistical analysis, linear regression (LNR), and artificial intelligence (AI) studies were conducted on the 

collected database. The material binder ratios were deployed as input variables to predict Fc28 and P as the response 

variables. From the collected concrete mix data, it was observed that mixes with a higher cement content produce higher 

compressive strengths and a higher carbon footprint impact compared to mixes with a lower amount of FA. The results of 

the LNR and AI modeling showed that LNR performed lower than the AI techniques, with an R2 (SSE) of 48.1% (26.5) 

for Fc and 91.2% (7.9) for P. But ANN, with performance indices of 95.5% (9.4) and 99.1% (2.6) for Fc and P, respectively, 

outclassed EPR with 90.3% (13.9) and 97.7% (4.2) performance indices for Fc and P, respectively. Taylor’s and variance 

diagrams were also used to study the behavior of the models for Fc28 and P compared to the measured values. The results 

show that the ANN and EPR models for Fc28 lie within the RMSE envelop of less than 0.5% and a standard deviation of 

between 15 MPa and 20 MPa, while the coefficient of determination sector lies between 95% and 99% except for LNR, 

which lies in the region of less than 80%. In the case of the P models, all the predicted models lie within the RMSE envelop 

of between 0.5% and 1.0%, a coefficient of determination sector of 95% and above, and a standard deviation between 2.0 

and 3.0 points of impact. The variance between measured and modeled values shows that ANN has the best distribution, 

which agrees with the performance accuracy and fits. Lastly, the ANN learning ability was used to develop a mix design 

tool used to design sustainable concrete Fc28 based on environmental impact considerations. 
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1. Introduction 

Approximately 25 billion cubic meters of concrete are used globally as a construction material each year [1]. One of 

the most crucial concrete constituents is binder material, like ordinary Portland cement (OPC), which has an essential 

role in hydration in the concrete microstructure [2]. The cement industry is confronted with a number of challenges, 

including dwindling raw materials, steep increases in demand for concrete, the depletion of non-renewable resources, 

and environmental degradation. 

Concerning greenhouse gas emissions, Portland cement production worldwide contributes about 1.35 billion tons 

per year, or roughly 7% of all greenhouse gas emissions in the earth's atmosphere [3]. More specifically, OPC production 

releases approximately 1.5 billion tons of CO2 annually, about 9% of overall global CO2 emissions [4]. As sustainability 

concerns within the construction industry have increased, it has become increasingly common to produce concrete with 

cement replaced with supplementary cementitious materials (SCMs). Originally, SCMs were created from waste 

materials or by-products generated by industries [5]. Silica fume (SF), granulated blast furnace slag (GBFS), and rice 

husk ash (RHA) can be used in concrete as SCMs in addition to fly ash (FA). The availability of these materials is 

somewhat limited in comparison to the FA. They are utilized in a wide variety of products, including blended cement 

[6–9], concrete batching [10–17], and concrete products [18, 19]. Consequently, sustainable construction materials are 

highly desired. 

Fly ash (FA) is a kind of industrial waste or by-product of coal burning made up of fine fuel particles found in flue 

gases and coal-fired boilers [20]. FA can be classified either as Class F or Class C, according to ASTM C618 [21], 

depending on the amount of alumina, silica, and iron it contains: Class F if it has at least 70% of the mentioned materials 

and Class C if it contains 50% but less than 70%. The use of FA as a SCM in concrete could significantly lower the 

pollution caused by cement production by reducing CO2 emissions [20]. Approximately 544 million tons of FA are 

produced worldwide annually, and 80% of them are disposed of in landfills [1, 22]. When recycled and reused, it is not 

discarded in landfills; therefore, it has fewer negative impacts on the environment. In order of priority, the top five 

applications of FA are (I) concrete and cement, (II) embankments, ash dykes, and rising roads, (III) lowland area retrieval 

and land-filling, (IV) bricks and blocks, and (V) mine-filling and tiles [1, 22]. The economic impact is another crucial 

component of sustainability, especially in mass production. Considering transportation, fly ash is generally more cost-

effective than OPC and modifies the properties of concrete in both the fresh and hardened. Thus, the use of FA in place 

of plain concrete would be beneficial for concrete mixtures for less cost [23]. 

The Life Cycle Assessment (LCA) is a methodology for assessing the environmental impact of products (e.g., fly 

ash) and industrial processes defined by ISO 14040-14044 [24]. A sustainable solution for using fly ash in construction 

will require comparable performance with other commonly used building materials [25]. Seto et al. [26] developed LCA 

models for concrete that contain 10, 25, and 50% FA as cement replacement. FA demonstrated lower environmental 

impact (i.e., the Global Warming Potential Index) by up to 43% through different LCA allocation scenarios and 

weighting schemes. A study by Tosun-Felekoğlu et al. [27] examined the sustainability of both types of FA, Class C 

and Class F, for engineering cementitious composites made from high-tenacity polypropylene. Comparatively to 

conventional Polyvinyl Alcohol Fiber reinforced engineered cementitious composites, class F significantly reduced 

costs and CO2 emissions (45% and 55%, respectively). Fly ash also has excellent potential for improving air quality 

[28]. Studies in recent years have shown that using FA as a SCM in infrastructure could reduce CO2 and other pollutants, 

as quantified by a life cycle assessment [29–31]. It is interesting to note that Ahmaruzzaman and Gupta demonstrated 

that fly ash can be used as a sorbent alternative to carbon to remove gases such as NOx, SOx, and mercury [32]. 

The compressive strength (CS) of concrete is an important mechanical property that is regarded as an essential 

component of construction. Several factors influence the compressive strength of concrete containing FA, including the 

amount of FA, the water to binder ratio, and the properties of the mixture's constituents [33–35]. In addition, due to the 

slow rate at which FA reacts with liquid, the initial compressive strength of concrete is low; however, over time, the 

strength increases [36, 37]. Typically, employing fly ash in concrete varies around 15–30 percent of the cementitious 

binder, although to control concrete temperature rise, higher replacement levels, 30%-50%, have been utilized for large 

structures (e.g., foundations and dams) [25]. 

As an alternative, estimating the compressive strength of concrete using machine-learning predictive models can be 

used to select the fly ash based on the parameters mentioned earlier in an optimal way. This can be helpful in terms of 

time and monetary issues while also providing valuable information for scheduling activities. Pala et al. [38] investigated 

the influence of SF and FA replacement on concrete's strength using neural networks (NNs), demonstrating NNs as a 

reliable tool for assessing cementitious material's impact on concrete's CS. Chopra et al. [39] compared the Genetic 

Programming (GP) and Artificial Neural Network (ANN) techniques to predict concrete compressive strength without 

or with FA. Therefore, it can be concluded that the ANN model is the most reliable. Yuan et al. [40] found that when 

using Genetic Algorithms-Artificial Neural Network (GA-ANN) hybrid models to predict the compressive strength of 

concrete mixtures with additives like GBFS and FA, there is no need to carry out time-consuming and sophisticated 

laboratory tests. Also, it is more accurate and readily applicable to replace the conventional regression models and 

traditional Back Propagation-Artificial Neural Network (BP-ANN) models in real engineering practices. 
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In this study, at first, the LCA evaluation is conducted using the collected database to evaluate the concrete's 

environmental impact. Each concrete mixture will be evaluated for its performance, accuracy, and sensitivity using the 

LCA method. Second, the predictive models will be used to provide closed-form equations for 28-day compressive 

strength (Fc28) and environmental impact index (P), with the other parameters serving as predictors (e.g., cement, fly 

ash, aggregates, water, and W/B). The model techniques being considered are the traditional linear regression (TLR or 

LNR), the artificial neural network (ANN), and the evolutionary polynomial regression (EPR). 

2. Methodology 

2.1. Experimental Data Collection 

An extensive literature search (experimental data, data arrangement, and tabulation), which has been conducted in 

this research work to collect the amount of concrete mix materials corresponding to the compressive strength at 28 days 

(Fc28) and the environmental impact, which has been evaluated by the method of life cycle assessment (LCA), has 

revealed the influence of fly ash (FA) proportion by partial or total replacement in the production of a more sustainable 

and eco-friendly concrete. During this first phase of the present research work, previous relevant research papers were 

reviewed [41–52] and data points relevant to this modeling and optimization exercise were collected and tabulated. 

Figure 1 shows the theoretical framework of the activities of this research work. In the second phase, statistical analysis, 

including Pearson’s correlation and histogram charts of the variables, was conducted and presented to show the general 

statistical behavior and consistency between the input variables and the outputs. The third phase was focused on the 

general analysis of the collected data, a regression study, and AI modeling, which employed the learning abilities of the 

ANN and EPR. While the ANN and EPR were deployed in predicting the FA-admixed concrete compressive strength 

at 28 days (Fc28) and the impact of the concrete mix materials with particular emphasis on the binders (cement and FA) 

in the fourth phase, the smart ability of the ANN was deployed to develop a mix design tool using the same technique 

mentioned in Pérez-Acebo et al. [53]. The tool formulates mix designs that meet the strength and environmental impact 

conditions of sustainable and green concrete. 

 

Figure 1. Theoretical framework for the 28 days concrete Fc and P data collection, modeling and AI mix design tool development 

2.2. Collected Database and Statistical Analysis 

At the end of an extensive literature search, 112 records were collected from experimental tested concrete mixtures 

admixed with FA with different components’ ratios arranged and tabulated in the appendix I. Each record contains the 

following data: 

Experimental data Data arrangement Data tabulation

LCA evaluation (P)

Literature search

Statistical analysis Pearson correlation Histogram presentation

Statistical study

General data analysis Linear regression AI modeling

EPR ANN

Concrete properties

Fc28 P

Mix design 

aid
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 Fly Ash to binder ratio (FA/B), 

 Fine aggregates (Sand) to binder ratio (Fag/B), 

 Coarse aggregates to binder ratio (Cag/B), 

 28 days cylinder compressive strength of concrete (Fc28) MPa, 

 Environmental impact factor (P), 

where, (B) is binder content (Cement content + Fly ash content). The collected records were divided into training set 

(90 records) and validation set (22 records). Tables 1 and 2 summarize their statistical characteristics and the Pearson 

correlation matrix, respectively. Finally, Figure 2 shows the histograms for both inputs and outputs. 

Table 1. Statistical analysis of collected database 

Item FA/B FAg/B CAg/B Fcu (MPa) P 

Mean 0.2925 1.3654 1.8540 32.1875 7.2777 

Median 0.3000 1.0600 1.4600 35.5500 7.7000 

Mode 0.13 0.83 1.98 33.00 4.00 

Std. Deviation 0.15332 0.79654 0.94457 13.68721 2.03203 

Variance 0.024 0.634 0.892 187.340 4.129 

Skewness 0.596 0.784 0.864 -0.365 -0.213 

Kurtosis -0.681 -0.659 -0.458 -0.741 -1.145 

Range 0.60 3.05 3.27 60.70 7.40 

Minimum 0.10 0.45 0.57 5.80 3.80 

Maximum 0.70 3.50 3.84 66.50 11.20 

Table 2. Pearson correlation matrix of input and output variables 

 FA/B FAg/B CAg/B Fc28 P 

FA/B 1.00     

FAg/B 0.30 1.00    

CAg/B 0.53 0.40 1.00   

Fc28 -0.55 -0.66 -0.59 1.00  

P -0.46 -0.87 -0.72 0.68 1.00 
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Figure 2. Distribution histograms for inputs (in blue) and outputs (in green) 

2.3. Research Modelling Plan 

Three different models were used to predict the compressive strength and environmental impact factor of concrete 

mix using the gathered dataset. The implemented techniques are “traditional linear regression (TLR)” or “linear 

regression (LNR)”, “artificial neural network (ANN)” and “evolutionary polynomial regression (EPR)” as presented in 

the last phase of the theoretical framework (Figure 1). All these techniques were used to predict 28 days compressive 

strength (Fc28, MPa) and the environmental impact factor (P) using only three parameters, fly Ash to binder ratio 

(FA/B), fine aggregates (Sand) to binder ratio (FAg/B) and coarse aggregates to binder ratio (CAg/B). 

Each implemented technique is based on different approach mimicking human brain for ANN, optimization of 

mathematical regression for EPR and simulating evolution of natural creatures for GP. However, for all techniques, their 

accuracies were evaluated in terms of “sum of squared errors (SSE)”, “root of mean of squared errors (RMSE)” and 

“determination coefficient (R2)”. The next sections present the results of each technique and its accuracy metrics. 

3. Results and Analysis 

3.1. General Remarks on Collected Concrete Mix Data and the Environmental Impact 

Fly ash admixed concrete is characterized by its low greenhouses gas emission (GGE) potential, high workability 

potential, high reactivity, and reduced rheological behaviour but with high long-term strength development beyond 28 

days curing period. However, the importance of utilizing little or no chemical cement like ordinary Portland cement 

(OPC) is emphasized in this research paper. In Figure 3 (also see Table 1), the compressive strength at 28 days curing 

and the environmental impact index (P) behaviour of FA admixed concrete corresponding to fly ash and binder ratio 

(FA/B; B = C+FA), fine aggregate and binder ratio (FAg/B) and coarse aggregate and binder ratio (CAg/B) is presented 

(see Figures 3-a to 3-f, respectively). It can be observed that the concrete mixes with high amount of cement produce 

high strength but with a compromised environment with high environmental impact (P) compared with the mixes with 

high FA and reduced cement, which produce low concrete strength (Fc28) but a more eco-friendly and eco-efficient 

environment with low impact (P) from the production and utilization of the concrete, which agrees with the studies [28-

32, 41-53], which studied the sorbent effect of increased FA in concrete. By implication, this shows that high FA/B ratio 

produce low strength compared to low FA/B as presented in Figures 3-a and 3-b. This further means that high FA/B 

ratio implies that the FA amount is high compared to the amount of cement while low FA/B implies that the amount of 

FA has been compromised over the amount of cement.  

Similarly, low FAg/B ratio produces high strength of concrete compared to high FAg/B ratio which produces 

relatively low concrete strength as presented in Figures 3-c and 3-d. This implies that while FAg amount is maintained, 

cement amount is required to be reduced more than the amount of FA in order to achieve improved strength of FA-based 

concrete for a healthier environment. In the case of CAg/B ratio as presented in Figures 3-e and 3-f, the effect of CAg 

amount is not actually of remarkable influence as research results have shown the less influence of CAg/B ratio over 

concrete strength and impact on the environment. It is important to note from examples taken from Figure 3 and Table 

1 that the mix with the least amount of environmental impact of 3.8 produced a concrete strength as low as 9.6MPa with 

CAg/B ratio of 3.75, FAg/B ratio of 2.72 and FA/B ratio of 0.34. Conversely, the concrete mix with the highest 

compressive strength of 50.5MPa produced an impact point (P) of 7.4 with mix proportions of CAg/B ratio of 2.08, 

FAg/B ratio of 0.84 and FA/B ratio of 0.3. The emphasis of this exercise is on the FA/B ratio at almost the same value 

but produced strength difference of 40.9MPa (81% difference index). Greater percentage of the concrete mixes with 

considerably high amount of FA produce concrete with over 20.7MPa, which is the minimum required according to 

design standard for traditional concrete walls and columns [54, 55]. A good number of the mixes with good impact (P) 

according to ISO 14067 standard [56] produced strength (Fc28) above 27.6MPa, which is the minimum required for 

concrete pavements and a good number has strengths above 34.5MPa, which is the minimum required for concrete 
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structures in colder climate to withstand freeze and thaw cycles [54, 55]. Since a reduction in FA/B produces increased 

concrete strength, which implies either a reduction in FA amount or an increase in cement amount, the proposed models 

will become the tools to be deployed to maximize FA and minimize cement amount as to achieve optimal strength and 

minimal environmental impact. 

  

(a) (b) 

  
(c) (d) 

  

(e) (f) 

Figure 3. Compressive strength at 28 days (Fc28) and environmental impact point (P) behavior with respect to mix ratios of 

FA admixed concrete 
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3.2. Prediction of Compressive Strength and Environmental Impact of FA Admixed Concrete 

3.2.1. Model (1) – Using TLR or LNR Technique 

Linear regression (LNR) is a parallel approach for modeling the relationship between scalar responses and 

explanatory parameters, which are also known as dependent variables. It is a baseline regression technique employed as 

reference models in statistical analysis. This traditional technique, traditional linear regression (TLR), was used as a 

reference to evaluate the performance of the other (AI) techniques in the present research exercise, where FA/B, FAg/B, 

and CAg/B ratios are the independent (input) variables in a fly ash-admixed concrete mix production. Equations 1 and 

2 present the output linear formulas for Fc28 and P, respectively, while Figures 8-a and 8-b show their fitness. The 

average error % of the total dataset is 26.5% and 7.9%, while the R2 values are 0.481 and 0.912 in that order for Fc28 

and P. This agrees with the performance of previous studies [57–60]. 

Fc28 = 57.2 − 25 (
𝐹𝐴

𝐵
) − 8.1 (

𝐹𝐴𝑔

𝐵
) − 3.58 (

𝐶𝐴𝑔

𝐵
)  (1) 

𝑃 = 11.47 − 0.31 (
𝐹𝐴

𝐵
) − 1.76 (

𝐹𝐴𝑔

𝐵
) − 0.92 (

𝐶𝐴𝑔

𝐵
)  (2) 

3.2.2. Model (2) – Using ANN Technique 

Two separate models were developed using ANN technique, one with layout of 3:6:1 to predict Fc28 and the other 

with layout of 3:2:1 to predict P. All the models used the traditional “Back Propagation (BP)” training algorithm, 

standardization method (Var/SD) and activation function (Hyper Tan). 

The used networks layout for Fc28 is illustrated in Figure 4 and the relative importance of input parameters for Fc28 

is presented in Figure 5 while the weight matrixes of the model is shown in Table 3. The used networks layout for P is 

illustrated in Figure 6 and the relative importance of input parameters for P is presented in Figure 7 while the weight 

matrixes of the model is shown in Table 4. The average errors in % of total dataset are 9.4% and 2.6% and the R2 values 

are 0.955 and 0.991 for Fc28 and P, respectively. This agrees with a previous study [57] in terms of performance. The 

relative importance values for each input parameter for Fc28 and P indicates that Fc28 is almost equally affected by all 

inputs while P is mostly affected by the both aggregate percentages. The relations between calculated and predicted 

values are shown in Figure 8-c and Figure 8-d. 

 

Figure 4. Architecture layout for the developed ANN for Fc28 
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Figure 5. Relative importance of input parameters for Fc28 

Table 3. Weights matrix for the developed ANN for Fc28 

 Hidden Layer  

  H(1:1) H(1:2) H(1:3) H(1:4) H(1:5) H(1:6)  

Input Layer 

(Bias) -0.05 -0.13 0.32 -12.18 -10.51 -1.83  

FA/B 0.18 -0.19 0.35 -0.22 -0.07 3.46  

FAg/B 0.30 0.79 -1.11 -12.91 -11.33 -1.24  

CAg/B 0.34 1.84 -2.20 -5.91 -4.80 -15.62  

 Hidden Layer 

  H(1:1) H(1:2) H(1:3) H(1:4) H(1:5) H(1:6) (Bias) 

Fc28  -2.70 5.84 4.32 -3.84 3.52 0.59 -0.43 

 

Figure 6. Architecture layout for the developed ANN for P 

 

Figure 7. Relative importance of input parameters for P 
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Table 4. Weights matrix for the developed ANN for P 

  Hidden Layer  

  H(1:1) H(1:2)  

Input Layer 

(Bias) -0.25 4.91  

FA/B -0.03 0.18  

FAg/B 0.18 2.97  

CAg/B 0.15 1.22  

 Hidden Layer 

  H(1:1) H(1:2) (Bias) 

P  -2.66 -2.01 1.14 

 

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 8. Relation between predicted and calculated values; a) LNR Fc28, b) LNR P, c) ANN Fc28, d) ANN P, e) EPR Fc28 

and f) EPR P using the developed models 
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3.2.3 Model (3) – Using EPR Technique 

Finally, the developed EPR model was limited to quadrilateral level for (Fc28) and quadratic level for (P), for three 

inputs, there are 35 possible terms (15+10+6+3+1=35) for (Fc28) and only (10) teams for (P) as follows: 

∑ ∑ ∑ ∑ 𝑋𝑖 . 𝑋𝑗 . 𝑋𝑘 . 𝑋𝑙
𝑙=3
𝑙=1

𝑘=3
𝑘=1

𝑗=3
𝑗=1

𝑖=3
𝑖=1 + ∑ ∑ ∑ 𝑋𝑖 . 𝑋𝑗. 𝑋𝑘

𝑘=3
𝑘=1

𝑗=3
𝑗=1

𝑖=3
𝑖=1 +∑ ∑ 𝑋𝑖

𝑗=3
𝑗=1

𝑖=3
𝑖=1 . 𝑋𝑗 +∑ 𝑋𝑖

𝑖=3
𝑖=1 + 𝐶  (3) 

The GA technique was applied to this polynomial to select the most effective 28 terms to predict Fc28 and 5 teams 

to predict P. The outputs are illustrated in Equations 4 and 5, and their fitness is shown in Figures 8-e and 8-f. The 

average error% and R2 values are 13.9% and 0.903 and 4.2% and 0.977 for Fc28 and P, respectively. The results of all 

developed models are summarized in Table 5. Generally, Figures 9 and 10 show the Taylor’s and variance diagrams, 

which illustrate the behavior of the models for Fc28 and P compared to the measured values. In Figure 9-a, it can be 

observed that the ANN and EPR models for Fc28 lie within the RMSE envelop of less than 0.5% and the standard 

deviation of between 15 MPa and 20 MPa, while the coefficient of determination sector lies between 95% and 99% 

except for LNR, which lies in the region of less than 80%. This agrees with a previous study [57] in terms of 

performance. In the case of the P models, all the predicted models lie within the RMSE envelop of between 0.5% and 

1.0%, a coefficient of determination sector of 95% and above, and a standard deviation between 2.0 and 3.0 points of 

impact. This performance agrees with the previous performance published in literature [58–61]. In Figure 10, the 

variance between measured and modeled values is illustrated. It can be observed that ANN has the best distribution 

variance in Figures 10a and 10b for Fc28 and P models, respectively, which agrees with the performance accuracy and 

fits presented in Figure 8 and Table 5. 

Fc28 = (
FA

B
)
2

[61.6 (
CAg

B
) − 157 (

FAg

B
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B

FAg
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CAg
) − 26.3] + (

CAg

B
)
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B
) +
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FAg
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FA
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B

FAg
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B
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B
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CAg
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) − 6.8 (

B
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B

FA
) (

FAg

B
) [25.6 − 8.0 (

CAg

B
) −

9.6 (
B

CAg
)] + (

CAg

B
) [25.5 (

B

FA
) − 149 (

FA

B
) − 72.3 (

FAg

B
) + 293] + (

B

FA
) [45.0 (

B

CAg
) − 82.6] +

358 (
FA

B
) (

B

CAg
) − 178  

(4) 

P = 14.2 − 4.1 (
FAg

B
) + 0.62 (

FAg

B
) (

CAg

B
) + 0.35 (

FAg

B
)
2

− 2.15 (
GAg

B
)  (5) 

 

  

(a) (b) 

Figure 9. Comparison between developed models; a) Fc28 and b) P using Taylor diagram 
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(a) Fc28 

 
(b) P 

Figure 10. Comparison between developed models; a) Fc28 and b) P using Variance diagrams 



Civil Engineering Journal         Vol. 9, Special Issue, 2023 

38 

 

Table 5. Performance accuracies of developed models 

Item Technique Model SSE Avg. Error % R2 

Fc28 

LNR Eq. 1 8141 26.5 0.481 

ANN Fig. 2, Table 3 1023 9.4 0.955 

EPR Eq. 3 2234 13.9 0.903 

P 

LNR Eq. 2 37 7.9 0.912 

ANN Fig. 4, Table 4 4 2.6 0.991 

EPR Eq.4 11 4.2 0.977 

3.3. The ANN Developed Mix Design Aid 

Although the predictive models developed for Fc28 using ANN and EPR are accurate enough, but they are still hard 

to implement in practical mix designs especially for manual calculations. Hence, a concrete mix design tool was 

developed by substituting in the developed ANN model with different combinations of input parameters values varied 

with constant intervals. Then the calculated Fc28 values, while Figure 11 presents the corresponding binder content (B) 

and water-binder ratio (W/B) for each input parameter combination, were plotted on the contour charts shown in Figure 

12. The key chart indicates the changes in mix design when moving toward each corner of the design chart, where 

moving on the diagonal (top left – bottom right) changes the fine-coarse aggregate ratio with constant binder content 

and water-binder ratio, while moving along the other diagonal inversely changes the binder content and water-binder 

ratio. Using this mix design tool is very simple with only the desired (Fc28) and fly ash-binder ratio (FA/B) taken into 

knowledge. Just select the correct chart in Figure 12 based on FA/B value, then locate the required Fc28 on the selected 

chart to determine both (FAg/B) and (CAg/B). From the corresponding cells in Figure 11, both binder content (B) 

(ton/m3) and water-binder ratio (W/B) could be determined. Finally, the absolute values of water, fly ash, fine and coarse 

aggregates could be calculated by multiplying their ratios by the binder content. 

 

Figure 11. Concrete mix design aid, key chat, corresponding binder content (B) and water-binder ratio (W/B) for diffident 

combinations of (FA/B), (Fag/B) & (Cag/B) 
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Figure 12. Concrete mix design aid, (Fc28) for diffident combinations of (FA/B), (Fag/B) and (Cag/B) 

For example, to design a concrete mix with Fc28 = 40 MPa and FA/B = 20%, the lower left chart in Figure 12 will 

be used, (FAg/B) is 1.5 and (CAg/B) lies between 2.4 and 2.7 (almost 2.55 by interpolation). From Figure 11, the binder 

content lays between 0.43 and 0.45 t/m3 (almost 0.44 t/m3 by interpolation) and (W/B) lays also between 43% and 45% 

(almost 0.44 % by interpolation principle). Hence, 1.0 m3 of this mix contains 350 kg of cement (C), 90 kg of fly ash 
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(FA), 194 liters of water (W), 660 kg of fine aggregate (sand) (FAg), and 1125 kg of coarse aggregate (CAg). On the 

environmental impact considerations with respect to the mix design tool, there exists a straight-line relationship between 

the concrete strength at 28 days (Fc28) and the fly ash content (FA). This shows that in considering the optimization of 

strength (maximal value) and environmental impact index at minimal value, there must be an optimized value of FA 

required at any point to achieve optimal Fc with the corresponding W/B, FAg, and CAg values. With this achieved, a 

concrete mix with less or no negative impact from greenhouse gas emissions is designed for more sustainable and 

greener infrastructure. 

4. Conclusions 

This research presents three models using three techniques (LNR, ANN, and EPR) to predict both the 28-day 

compressive strength (Fc28) and the environmental impact factor (P) using only three parameters: fly ash to binder ratio 

(FA/B), fine aggregates (sand) to binder ratio (Fag/B), and coarse aggregates to binder ratio (Cag/B). Also, the research 

presented a concrete mix design tool developed based on the ANN predictive model. 

The results of comparing the accuracies of the developed models could be concluded in the following points: 

 The traditional linear regression technique was used as a reference to evaluate the performance of the other 

models. It showed the worst accuracy for both Fc28 and P of 73.5% and 92.1%, respectively. 

 (ANN) models showed the best accuracy of 91.6% and 97.4% for Fc28 and P, respectively. In spite of its high 

accuracy, it is still too difficult to implement manually. The newly developed mix design tool provides a quick 

and easy alternative to the long and complicated calculations of ANN. 

 Finally, the EPR model presents a less complicated and also less accurate alternative to the ANN, where its 

accuracies are 86.1% and 95.8% for both Fc28 and P, respectively. 

 The summation of the absolute weights of each neuron in the input layer of the developed ANN model indicates 

that Fc28 is almost equally affected by all input values, while P is mainly affected by aggregate-binder ratios. 

This conclusion is confirmed by EPR models, where the formula P includes only aggregate ratios. 

 The EPR-GA technique successfully reduced the 35 and 10 terms of the conventional polynomial regression 

quadrilateral formula to only 28 and 5 terms for Fc28 and P, respectively, without having a significant impact on 

its accuracy. 

 Like any other regression technique, the generated formulas are valid within the considered range of parameter 

values; beyond this range, the prediction accuracy should be verified. 

 Like any other regression technique, the generated formulas are valid within the considered range of parameter 

values; beyond this range, the prediction accuracy should be verified: 

 This tool (charts) is limited to the following ranges: 

o Binder content, 330 to 590 kg/m3 

o Water-binder ratio, 35% to 55% 

o Fly ash – binder ratio, 0.0% to 50% 

o Fine aggregate – binder ratio, 0.6 to 2.1 

o Coarse aggregate – binder ratio, 2.1 to 3.6 

o Fc28, 10 to 63 MPa 

 Generally, increasing the fly ash-binder ratio decreases the Fc28. 

 Decreasing both of the aggregate-binder ratios together increases the Fc28 due to increasing the binder content 

and reduces the water-binder ratio, and vice versa (moving along the top right – bottom left diagonal). 

 Increasing the coarse aggregate ratio and decreasing the fine aggregate ratio with constant binder content and 

water-binder ratio increases the Fc28 value (moving along the bottom right-top left diagonal). 

Further studies may be carried out to predict other properties of fresh and hardened concrete, such as workability, 

tensile strength, and elastic modulus. 
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Appendix I 

Table A- 1. Utilized computed database 

FA/B FAg/B CAg/B Fc28 (MPa) P 

Training set 

0.30 1.36 2.93 34.5 5.3 

0.13 0.62 1.35 42.5 9.5 

0.13 2.83 1.30 27.1 4.9 

0.37 1.48 0.68 33.6 8.3 

0.13 0.70 1.07 36.9 9.8 

0.50 2.67 3.71 8.5 4.0 

0.13 0.59 1.54 41.1 9.0 

0.47 1.13 2.79 25.4 6.0 

0.25 0.87 1.82 41.7 7.9 

0.30 0.84 2.08 53.0 7.4 

0.50 1.13 2.68 33.0 6.1 

0.37 1.24 0.57 39.5 9.4 

0.58 1.52 3.48 13.4 5.0 

0.50 0.71 1.84 48.0 8.5 

0.20 2.53 1.16 29.2 5.5 

0.20 0.45 1.98 27.7 8.8 

0.13 0.59 0.89 42.0 11.0 

0.61 1.64 3.67 10.5 4.7 

0.25 2.93 1.34 22.9 4.9 

0.30 1.09 2.39 45.5 6.4 

0.10 0.45 1.98 38.2 8.5 

0.50 0.83 1.24 20.9 8.8 

0.30 1.09 2.39 47.0 6.4 

0.34 2.73 3.77 11.9 3.8 

0.30 1.36 2.93 33.5 5.3 

0.24 1.38 1.72 43.7 6.9 

0.13 3.50 1.60 21.3 4.2 

0.15 0.83 1.24 19.9 8.0 

0.15 0.95 2.24 50.0 6.7 

0.13 0.67 1.44 40.7 9.0 

0.13 0.62 1.41 43.6 9.3 

0.43 2.67 3.66 7.4 4.0 

0.50 2.67 3.68 5.8 4.0 

0.25 1.61 0.73 42.5 7.8 

0.45 0.83 1.82 35.6 8.6 

0.15 0.83 1.31 32.0 8.3 

0.13 0.69 1.48 38.9 8.8 

0.54 1.39 3.24 17.1 5.3 

0.13 0.57 1.06 43.9 10.5 

0.33 1.98 0.91 28.5 6.7 

0.37 2.34 1.07 20.0 5.9 

0.34 2.72 3.74 8.8 3.9 

0.20 2.09 0.96 35.6 6.3 

0.55 0.81 1.82 24.0 8.9 

0.13 0.57 1.26 48.4 10.0 

0.50 0.83 1.32 38.8 9.0 

0.13 0.51 0.96 47.9 11.2 

0.13 0.68 1.05 37.7 9.9 

0.13 0.68 1.46 40.3 8.9 

0.30 1.45 0.66 42.7 8.4 

0.30 0.45 1.98 22.5 9.0 

0.25 0.83 1.29 30.3 8.4 

0.30 1.73 0.79 36.5 7.4 

0.50 0.83 1.16 16.6 8.6 
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0.13 0.53 1.41 46.1 9.7 

0.60 1.67 2.60 10.1 5.8 

0.13 0.63 0.99 40.3 10.4 

0.43 2.68 3.71 10.4 3.9 

0.64 1.75 3.84 8.4 4.5 

0.33 1.34 0.61 41.2 8.9 

0.33 1.61 0.74 35.5 7.8 

0.20 3.15 1.44 22.4 4.6 

0.50 0.92 2.11 41.5 7.4 

0.13 0.53 1.41 47.3 9.7 

0.33 2.50 1.14 21.4 5.6 

0.37 1.84 0.84 26.9 7.1 

0.13 0.74 1.57 37.2 8.4 

0.35 0.83 1.35 45.0 8.8 

0.30 0.84 2.08 50.5 7.4 

0.13 0.63 1.15 39.9 9.9 

0.13 0.62 1.35 43.1 9.5 

0.14 1.95 0.89 39.3 6.6 

0.35 0.83 1.19 19.9 8.3 

0.60 1.67 2.60 9.6 5.8 

0.13 2.35 1.08 33.0 5.7 

0.13 0.75 1.14 35.2 9.3 

0.30 2.68 1.23 22.7 5.3 

0.15 1.53 3.15 33.0 4.8 

0.29 2.15 0.99 29.8 6.3 

0.25 2.33 1.06 29.6 5.9 

0.34 2.72 3.75 9.6 3.8 

0.13 0.57 1.26 47.3 10.0 

0.15 0.83 1.39 47.4 8.5 

0.30 0.84 2.08 50.5 7.4 

0.50 2.67 3.68 6.1 4.0 

0.13 0.60 1.55 39.0 8.9 

0.43 2.65 3.66 7.9 4.0 

0.25 0.83 1.22 21.0 8.2 

0.13 0.69 1.48 38.4 8.8 

0.20 1.75 0.80 41.4 7.3 

Validation set 

0.30 1.09 2.39 49.5 6.4 

0.34 2.73 3.77 12.5 3.8 

0.13 0.58 1.07 43.2 10.5 

0.30 1.36 2.93 33.5 5.3 

0.70 0.93 1.98 30.6 8.2 

0.15 0.89 1.82 48.9 7.6 

0.25 1.90 0.87 36.2 6.9 

0.51 1.88 2.83 13.1 5.2 

0.35 0.83 1.27 32.7 8.6 

0.51 1.88 2.83 11.2 5.2 

0.22 2.25 2.38 23.2 4.7 

0.13 0.68 1.46 39.6 8.9 

0.13 0.64 1.41 44.0 9.2 

0.43 2.68 3.71 9.0 4.0 

0.50 0.93 1.98 66.5 8.0 

0.13 0.53 1.41 45.1 9.6 

0.13 0.64 1.17 38.9 9.8 

0.33 1.03 1.58 54.3 8.1 

0.50 2.67 3.71 7.3 4.0 

0.25 0.83 1.37 43.2 8.6 

0.40 0.45 1.98 21.6 9.3 

0.15 1.24 2.55 44.5 5.8 

 


