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1. Introduction

In recent years, roller compacted concrete (RCC) has been 

increasingly used in the construction of dams and pavements 

because it is technically advantageous and low-cost (Chhorn et 

al., 2018). Indeed, it offers a fast preparation and longer service 

life compared to the conventional concrete (Calis and Yıldızel, 

2019). RCC dams, which are made with a granular mixture of 

sand and gravel of various sizes up to 100 mm in diameter, are 

also characterized by a low cement content to minimize the 

thermal shrinkage cracking, which represent a huge problem for 

the durability of dams (Zhang et al., 2020). Fillers are added to 

increase the compactness of the granular mixture, which can be 

either pozzolanic or inert such as limestone fillers, being widely 

used as a result of their availability. In Algeria, there are more 

than 1,000 limestone aggregate production units, with a total 

capacity of about 68 million tons annually (Kitouni and Houari, 

2013). This production generates a huge amount of fillers 

causing environmental damage. Besides the environmental 

benefit of using this material as a concrete addition, its incorporation

results in significant improvements in the physical and mechanical

properties of concrete, especially RCC (de Larrard, 1999b; Caré 

et al., 2000; Cyr et al., 2006; Michel et al., 2007). An experimental

study showed the improvement of mechanical properties and 

durability of RCC mixes when cement was substituted by 15% 

of ground limestone (Yildizel et al., 2020).

The mechanical strength of the RCC remains a parameter of 

great importance when designing dams. It is used to meet the 

requirements of structural calculations and as a good indicator of 

resistance and durability (ACI Committee 207, 1999; Godoi et 

al., 2019; Sukontasukkul et al., 2019). Therefore, the engineer 

often needs an effective tool to predict the compressive strength 

“Fc” for two reasons: predicting “Fc” for the purpose of making 

structural calculations as well as using the prediction model as an 

optimization tool in studying the formulation of the RCC itself. 

The compressive strength of RCC depends on many important 
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parameters: the water rate, the cement rate, the type and properties 

of fillers and finally aggregate quality. However, the influence 

of cement rate “Dc” and the water/cement “W/C” ratio remain 

among the most significant parameters (de Larrard, 1999a). 

Rahmani et al. (2020b) showed in their experimental study that 

the variation of the “W/C” ratio (from 0.55 to 0.3) and the 

cement rate (from 12 to 17%) influence significantly the VEBE 

time of RCC. This study also showed that the increase of the 

cement rate, according to the decrease of the “W/C” ratio 

improves the physical and mechanical properties of the pavement 

RCC. The same authors, in another experimental study carried 

out on different RCC mixes, proved the important influence of 

the W/C ratio variation on the flexural, tensile and compressive 

strengths and also on the modulus of elasticity of RCC 

(Rahmani et al., 2020a).

As for the conventional concrete, several models are available 

for to predict the “Fc”, such as the ACI (ACI Committee 209.2R-

08, 2008) and CEB (International Federation for Structural Concrete, 

2010). In contrast, only few models to predict mechanical strength

of RCC have been developed. It is worth noting that many 

methods of formulation are used to optimize the mechanical 

strength of RCC. These processes are often based on huge 

experimental programs with a large number of trial mixes varying 

the different parameters of influence (Gautier and Marchand, 

2017). The report issued by the ACI Committee on dam RCC 

(ACI Committee 207, 1999), suggests some empirical links 

showing the variation of “Fc” varies according to C and the W/C 

ratio for some types of aggregates, while there is no mention of a 

global prediction model involving a set of parameters impacting

resistance. Other effective methods are based on more theoretical 

approaches, using empirical formulas or well-established theoretical 

models, but involving a restrictive experimental characterization 

of the different RCC materials. In this context, the method 

developed by LCPC (Laboratoire Central des ponts et chausses 

“Central Laboratory for Roads and Bridges”) (de Larrard, 

1999a) proposes the prediction of “Fc” by taking into account a 

very wide range of parameters. This model was developed for 

the use of conventional concretes but can be adapted to the use of 

RCC relying on several hypotheses and a many tests in the lab 

(de Larrard and Sedran, 2009). In this approach, the mineral 

additions are considered as fillers with a proposed correction 

depending on the pozzolanic activity. Traditional methods of 

formulation are money and time consuming, therefore the use of 

numerical methods of prediction is necessary. 

Currently, the use of artificial intelligence has developed in 

various fields of research in mechanical (Sankar et al., 2019), 

medicine (Belić et al., 2019) and civil engineering (Tan et al., 

2019). Artificial neural networks (ANN), based on human brain 

functioning, are among the most developed and widely used for 

prediction and optimization problems (Elsheikh et al., 2019). An 

ANN is composed of a set of elements (Artificial Neurons), 

linked by weighted links (weight and bias). The neurons are 

adjusted in the learning phase to create a model that faithfully 

reproduces the results of a physical experience. ANN are used to 

solve problems in several fields, including civil engineering 

(Yeh, 2006). In fact, neural networks are widely used in the 

prediction of several parameters of concrete such as workability 

(Bai et al., 2003), compressive strength (Hammoudi et al., 2019), 

parameters of formulation (Amlashi et al., 2019) and even the 

degree of hydration of the cement paste (Park et al., 2005). 

Recently, artificial intelligence algorithms “metaheuristics” such 

as genetic algorithms (GA), ant colonies (ACO) or particle swarm 

optimization algorithms (PSO) are increasingly used for the 

optimization of ANN neural network parameters. These kinds of 

algorithms combination lead to develop of hybrid models. These 

metaheuristics are known for their ability to minimize the time of 

computation (Boussaid, 2014). PSO algorithms are very successful 

in various engineering applications (Gopalakrishnan, 2013). Recent 

papers in the literature proposed hybrid ANN models to predict 

some physical properties and strength parameters (Qi et al., 2018). 

Compared to conventional Back-Propagation Neural Networks 

BP-ANN, the hybrid evolutionary algorithm-based ANN models 

are more accurate due to their ability to overcome the slow rate 

of learning and local minima problems (Momeni et al., 2015). 

Several evolutionary algorithms have been used to enhance the 

performance of ANN-based predictive models such as genetic 

algorithms (GA), particle swarm optimization (PSO) and 

imperialist competitive algorithm (ICA). A comparative study 

between these hybrid algorithms was performed by Ebdali et al. 

(2020). This study, among others, showed that the performance 

prediction of the PSO-ANN is superior to other hybrid models. 

The use of a powerful optimization algorithm such as PSO 

improves significantly the robustness and the stability of the 

predictive model by avoiding local minima and converging to 

the true global optimal ANN parameters rapidly and accurately 

(Cai et al., 2020). However, the best performance of the PSO-

ANN model can be achieved only if its parameters (number of 

particles and coefficients of velocity) have been selected adequately. 

Unfortunately, there is no theoretical analysis to find the optimum 

values of these parameters which is the biggest disadvantage of 

the PSO-ANN method (Han et al., 2019). For this reason, it is 

common to use trial and error approach or conduct sensitivity 

analysis in order to obtain best results.

Although the development of hybrid models in civil engineering

applications remains limited, some recent studies (Akkurt et al., 

2003; Qi et al., 2018; Ali Jallal et al., 2019; Boukhatem et al., 

2019) were able to develop successfully ANN models combined 

with GA or PSO. 

Our research focuses on the development of a metaheuristic 

model capable of predicting the compressive strength of limestone

fillers RCC to be used to build dams. An experimental database 

of RCC formulations was taken from lab activity reports about 

four Algerian dams and based on this data, an ANN model and 

another PSO-ANN hybrid model were developed. Therefore, an 

experimental program on RCC in the laboratory was carried out 

to validate the models.



3010 Y. Chakali et al.
2. Optimization Method

2.1 Artificial Neural Network (ANN)
The ANN is a system inspired by the human brain functioning. 

This system type “black box” is able to weave relationships 

between the neurons that compose it in order to solve problems 

of optimization, prediction and classification (Dan et al., 2002). 

It is composed of elements named artificial neurons connected to 

each other by connections weighted with weights “W” and biases 

“b” associated with each neuron (Borne et al., 2007). In 1943, a first 

mathematical model was proposed to understand and mimic 

human brain function (Mcculloch and Pitts, 1943). Since, several 

types of ANN are developed (Ghaderi et al., 2019) In the present 

study, we considered the backpropagation multilayer perceptron 

(BPMLP) which is the most used in the field. The structure of the 

ANN is constituted of three layers: input layer, hidden layer and 

output layer (Siddique and Adeli, 2013). The data considered 

allowed to create a function between inputs and outputs by 

means of a learning algorithm.

Figure 1. displays the overall scheme of an ANN network 

functioning. The neurons of the input layer receive the data 

attributed for each neuron (X1, X2...Xi). Thereafter, the data of 

the input layer will be transferred to the neurons of the hidden 

layer by links weighted by weights (W1, W2 .... Wi). The state of 

the hidden layer neurons is determined by an activation function 

“f(x)”' generally chosen from the sigmoid form Eq. (1). The 

values of the neurons in the hidden layer will then be combined 

and passed in the same way to the output layer, which calculates 

the final result.

(1)

2.2 Particle Swarm Optimization (PSO)
The PSO is a simulation algorithm inspired by the social 

behaviour of different populations of animal species developed 

by Kennedy and Eberhart (1997). Its effectiveness proves solving 

global optimisation problems in several scientific fields such as 

in hydraulics (Patil et al., 2020), civil engineering (Perampalam 

et al., 2019) and ambient energy (Maleki, 2019). The operation 

of the PSO is described in Eqs. (2) and (3) and represented by 

Fig. 2:

, (2)

, (3)

where w is the inertia of the particle; ,  and  

represent respectively velocities (current and new) and positions 

(current and new); C1 and C2 are acceleration factors; r1 and r2
are arbitrary values between 0 and 1;  is the best location 

for particle I and  is the best location obtained by the 

group.

2.3 Hybrid Model (PSO-ANN) 
The effectiveness of ANN is based on the optimization of the 

network parameters (weight and bias), done by learning algorithms 

that are limited in case of complex problems and make the 

learning process relatively slow (Rebouh et al., 2017). In order to 

best optimize the ANN model, a hybrid PSO-ANN system has 

been developed where the PSO works to optimize the weights 

(W) and biases (b) of the ANN.

Figure 3. explains the operation steps of the proposed model. 

Each set of ANN weights and biases is considered as a particle of the 

PSO swarm. Initially, the particles will be initialized randomly, each 

particle is represented by a given position Xi in the particle search 

domain. Then, for each new generation, the positions and velocity 

will be updated. According to the fitness function of the ANN, the 

parameters Pbest and Gbest are corrected and the final positions of 

the particles will be obtained by updating Eqs. (2) and (3) until the 

optimal values of the parameters of ANN are obtained.

3. Development of the Prediction Model

3.1 Database
The database is built from RCC formulations taken from lab 
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Fig. 1. Architecture of a Multilayer Perceptron Neural Network

Fig. 2. Search Mechanism of Particle Swarm Optimization
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activity reports drawn up for the construction of four (04) Algerian

dams: Koudiat-Acerdoun, Tabellout, Ouljet-Mellegue and 

Boussiaba. We were sent the data by the ANBT Algerian agency 

“Agence Nationale des Barrages et Transfères” which is the 

project owner. The reports contain information about all the RCC 

formulations (Characteristics of materials, rates and properties of 

RCC) used in the construction of the dams. According to these 

reports, the type of cement used is CEM II/A 42.5 with an 

average compressive strength of 44 MPa. The cement proposed 

contains 15 to 20% of limestone addition. The granular mixtures 

of the RCC used are made up of limestone fillers (CaCO3 > 

85%), coarse sand 0/5 as well as class A or B gravel according to 

standard NF EN 12620 (2003) (Gravel 5/20 and ballast of 20/40, 

20/50 or 20/63 according to the dam project). For all granular 

mixtures, the proportions of the aggregates used were determined to 

meet the requirements of a referential particle size distribution 

(Fig. 4).

Of the 04 reports exploited, 600 raw data vectors were collected 

and after analysis, 500 vectors which proved to be richer were 

selected. Each vector consisted of important parameters having a 

direct impact on the RCC compressive strength: the maximum 

diameter of the aggregates (Dmax), the compactness of the dry 

granular mixture (C), the cement rate (Dc), the limestone filler 

rate (Df), the Water/Cement ratio (W/C) and the RCC age (A). 

Table 1 shows some examples of the collected information in 

Fig. 3. Flowchart of the PSO-ANN Model

Fig. 4. Particle Size Distribution of Reference

Table 1. Examples and Limit Values of RCC Formulations from the Database

Parameters
Dmax

(mm)
Compactness C

Cement rate Dc 

(Kg/m3)

Filler rate Df

(Kg/m3)
W/C ratio

Age A

(Day)

Compressive 

strength Fc (MPa)

1 40 0.84 140 133 0.75 28 15.35

2 50 0.85 110 140 1.05 90 14

3 63 0.85 120 145 0.7 28 14.4

Min. value 40 0.80 70 60 0.58 28 4.9

Max. value 63 0.90 170 170 1.14 90 24.1
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addition to the minimal and maximal values of each parameter.

3.2 ANN and PSO-ANN Models
Based on the parameters of the RCC composition selected 

(Dmax, C, Dc, Df, W/C and A), the input layer composed of six 

neurons. The neuron of the output layer represents the RCC 

compressive strength “Fc model” which will be predicted. To 

choose the best architecture of the hidden layer, a series of 

simulations were carried out using the Levenberg-Marquardt 

learning algorithm. The database was divided into three parts: 

70% for learning, 15% for testing and 15% for validation. The 

neural network of the highest performance has eight neurons in 

the hidden layer. This architecture (06 input neurons, 08 hidden 

neurons and 01 output neuron), represented by Fig. 5, will be 

taken in to consideration in the rest of our study.

In order to improve the performance of the proposed ANN, a 

PSO algorithm was used for learning (determination of optimal 

weights and biases). According to Alam et al. (2015), The PSO 

algorithm parameters C1 and C2 yield the best results when 

ranging from 1 to 2.5 and 2 to 3 respectively. By varying these 

two acceleration coefficients within the recommended ranges, 

the best results were achieved when the values C1 = 1.5 and C2 = 

2.5 were applied. Thus, the different parameters of the PSO-

ANN model proposed to predict the compressive strength are 

presented in Table 2. The variation of the root mean square error 

“RMSE”, shown in Fig. 6, is a function of the iteration number 

for the swarm size. The first fifty iterations were enlarged to 

show the influence of the swarm size PSO on the prediction error 

of the model. The best compressive strength prediction model 

was obtained when the swarm size is 400.

The regression results between the experimental values and 

those predicted by the ANN model and the PSO-ANN model are 

shown in Figs. 7 and 8, respectively. Each figure shows the 

regression of the 15% of the data set reserved for the test, as well 

as the regression of the all data.

The reliability of the proposed models was analyzed using 

two performance indices: the root mean square error “RMSE” 

Fig. 5. Architecture of Model (ANN) of the Compressive Strength 
Prediction

Table 2. PSO-ANN Parameters Considered

ANN PSO

Input

layer

Hidden

layer

Output

layer
Iteration C1 C2 Swarm

6 8 1 2,000 1.5 2.5 400

Fig. 6. Variation of the Quadratic Error as a Function of the Number of 
Iterations

Fig. 7. Regression Results from the ANN Model: (a) Validation Data, (b) All Data
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Eq. (4) and the coefficient of determination “R2” which explains 

the degree of connection between the experimental values (yi) 

and those predicted by the model ( ) Eq. (5). The performances 

of the two models proposed in this study are shown in Table 3. 

RMSE = , (4)

R2 = 1− , (5)

where N is the number of measurements and  is the average 

value of these measurements.

Based on these results, parameters of the PSO-ANN model 

are significantly better than those of the ANN model. In fact, 

compared to the ANN model, the RMSE of the PSO-ANN model 

decreased approximately by 8.5% and its factor R2 increased by 

8.5%. The latter indicates a better efficiency of the PSO-ANN 

model, and therefore the efficiency of the PSO to optimize the 

ANN parameters (weight and bias) in comparison with the 

Levenberg-Marquardt algorithm has been validated. After the PSO-

ANN model has proven its accuracy in predicting the RCC 

compressive strength compared to the ANN model, only the PSO-

ANN model will be taken into account in the rest of the study. 

3.3 Influence of Cement Strength
As previously discussed, the models developed (ANN and PSO-

ANN) to predict the RCC compressive strength relying on six 

(06) input parameters (Dmax, C, Dc, Df, W/C and A), without 

regardless of the variation of the cement compressive strength 

for 28 days “Fc28”, which has a considerable influence on the 

concrete strength (Dupain et al., 2004). In fact, all methods of 

concrete formulation take into consideration the cement strength. 

The LCPC method, which is applicable to RCC, proposes a 

formula to predict the strength of concrete according to Fc28 Eq. 

(7), and is itself based on the Féret equation (de Larrard, 1999b). 

Similarly, as for conventional concrete, basically all known 

methods (Bolomey, Dreux Gorisse or Walz), offer similar equations 

(Dupain et al., 2004). All these equations indicate a linear 

variation between the concrete compressive strength and the 

cement strength, with the same concrete composition. Based on 

this and considering an average value of the cement strength (Fc28 = 

44 MPa) used in the preparation of the database RCC (according to 

the lab activity reports), a corrective relation Eq. (6) was proposed. 

This equation proposes to correct the RCC compressive strength 

predicted by the model, if the cement strength is different to 44 MPa. 

Indeed, if the cement strength is equal to 44 MPa, the Eq. (6) is used 

without correction. This equation, which only applies in our case, is 

integrated into the global RCC strength prediction model, shown in 

Fig. 9. Therefore, the final value of the compressive strength  of 

the RCC is calculated after correcting . 
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Fig. 8. Regression Results from the PSO-ANN Model: (a) Validation Data, (b) All Data

Table 3. Performance Parameters for the Models Studied 

Model RMSE R2

ANN 1.342 0.82

PSO-ANN 1.227 0.89

Fig. 9. Global Model for Prediction the Strength of RCC
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with

: Final compressive strength 

: Model predicted compressive strength.

4. Experimental Validation

4.1 Experimental Study
In order to test the efficiency of the PSO-ANN model, an 

experimental tests were conducted on 20 RCC formulations. 

As for the granular mixtures of the RCC, a limestone filler was 

used (0/1 mm with an 80 µm sieve pass of about 85%) whose 

physical and chemical properties are presented in Table 4. In 

addition to that, sand 0/5 mm, limestone gravel (3/8, 8/15, 15/

25) and 25/40 or 25/50 ballast were used. Their main properties 

are described in Table 5. Proportions of the different aggregates 

(Table 7) were determined to obtain granular mixtures whose 

curves are included in the referential particle size distribution 

(Fig. 4). Fig. 10 shows an example of the granular mixtures 

used in the experiment.

A Portland cement type CEM II/42.5 is used with a compressive 

strength of 50.1 MPa in 28 days and a fineness of 4,156 g/cm², 

containing 17% limestone addition obtained from a local cement 

plant. Its chemical composition is presented in Table 6. Furthermore, 

about 1% (in cement weight) of a modified polycarboxylates-based 

superplasticizer is used to achieve the desired consistency of the 

mixtures.

The 20 formulations of RCC, which presented in Table 7, 

were obtained by varying the main input parameters used in the 

prediction model (Dmax, C, Dc, Df, and W/C). these parameters 

were selected to best reflect their variations in the database used. 

Firstly, the compactness “C” of the various dry granular mixtures 

were measured according to NF EN 13286-5 standard (2003) in 

the lab. After mixing the RCC, their consistency was measured 

with the VEBE test according to the ASTM C1170-91 (1998).

The VEBE time was maintained between 18 and 22s. Thus, 

for each formulation, six (06) cylindrical moulds 160 mm 

(diam.) × 320 mm were set up with compaction under mass and 

vibration according to ASTM C1176-92 (1998). After 24 hours, 

the samples were demoulded and conserved under water at a 

temperature of 20 ± 2°C until the testing time. After 28 and 90 

days, the compressive strength were measured according to NF 

EN 12390-3 (2012). Fig. 13 shows some photos of the 

experimental tests carried-out. 

Fcf

Fcmodel

Table 4. Physico-Chemical Characteristics of Limestone Fillers 0/1

Chemical characteristics Physical characteristics

CaCO3

(%)

CaO

(%)

SiO2

(%)

Specific weight

 (t/m3)

Apparent 

density

Refractive 

index

98 55.18 0.06 2.7 1.31 1.71

Table 5. Physical and Mechanical Characteristics of the Aggregates 
Used

Aggregate
Los angeles 

coefficient 

Flattening 

coefficient 

Absorption 

(%)

Specific 

gravity  

Sand 0/5 - - 0.27 2.72

Gravel 3/8 22 23 0.66 2.71

Gravel 8/15 17 0.73 2.69

Gravel 15/25 13 0.7 2.68

Ballast 25/50 21 5 - 2.69

Fig. 10. Particle Size Curves of Granular Mixtures

Table 6. Chemical Composition of Cement

Composants SiO2 Al2O3 FeO3 CaO MgO SO3

Rate (%) 17.19 4.17 3.06 62.17 1.72 2.33
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4.2 Results and Discussion 
In order to validate the results of the PSO-ANN model developed to 

predict of the RCC compressive strength, a comparative study is 

carried out for this. The results of prediction obtained from the final 

PSO-ANN model were compared with those of the experimental 

validation study. On the other hand, another comparison was made 

between the results of the experimental study and those obtained 

from the method developed by LCPC (Zdiri et al., 2008). The LCPC 

method is based on a global empirical equation (Eq. (7)) to predict 

compressive strength. This equation takes into consideration several 

parameters such as the constant Kg, related to the granular mix used, 

the 28-day cement strength “Rc28”, the concrete age parameter d(t), 

the EMP factor calculated by Eq. (8) according to Dmax, g* and g 

(compactness parameters of the granular mix). Moreover, the global 

prediction equation takes into account the volume of cement Vc, the 

volume of water Ve and the volume of entrapped air Va.

(7)

EMP = Dmax  (8)

Figures 11 and 12 show a comparison of the experimental 

strengths with those predicted by the PSO-ANN model and the 

LCPC method, respectively. The performance indices R² and 

RMSE of the two correlations are presented in Table 8.

Based on Fig. 11, the LCPC method was not very accurate in 

predicting strength of the studied RCC. In fact, a low coefficient 

of determination R2 in order of 0.47 was obtained with an RMSE 

of 2.70. However, the PSO-ANN model (Fig. 12), showed a 

significant correlation with a coefficient of determination R2 in 

order of 0.85 and an RMSE value of 1.45. In comparison with 

the results of the LCPC method, an 80% improvement in the 

factor of determination as well as a 45% decrease in the root 

mean square error, were all observed. This fact confirms the 

efficiency of the PSO-ANN model. However, the strength 

values predicted by the PSO-ANN model are slightly underestimated 

compared to the experimental values. This underestimation of 

around 6% on average (estimated by comparing the regression 

fc t( ) KgRc28 d t( )
VC

VC Ve Va+ +
---------------------------⎝ ⎠
⎛ ⎞

2 85,

+ EMP
0.13–

=

g*

g
------3 1–⎝ ⎠

⎛ ⎞

Table 7. RCC Compositions Studied

Designation
Aggregate D max 

(mm)

Limestone filler 

(Kg/m3)

Cement 

(Kg/m3)
W/C ratio

Sand 

(Kg/m3)

Gravels

(Kg/m3)

Ballast

Kg/m3)

RCC(40)1 40 120.75 145 0.70 906.83 796.80 407.52

RCC(40)2 120.75 145 0.80 906.83 796.80 407.52

RCC(40)3 120.75 145 0.85 906.83 796.80 407.52

RCC(40)4 138.24 130 0.70 911.47 810.89 410.16

RCC(40)5 138.24 130 0.80 911.47 810.89 410.16

RCC(40)6 138.24 130 0.85 911.47 810.89 410.16

RCC(40)7 150.72 115 0.65 920.70 807.55 414.32

RCC(40)8 150.72 115 0.70 920.70 807.55 414.32

RCC(40)9 150.72 115 0.75 920.70 807.55 414.32

RCC(40)10 150.72 115 0.80 920.70 807.55 414.32

RCC(50)1 50 123.65 145 0.70 928.62 815.95 417.31

RCC(50)2 123.65 145 0.80 928.62 815.95 417.31

RCC(50)3 123.65 145 0.85 928.62 815.95 417.31

RCC(50)4 138.81 130 0.70 915.21 814.22 411.85

RCC(50)5 138.81 130 0.80 915.21 814.22 411.85

RCC(50)6 138.81 130 0.85 915.21 814.22 411.85

RCC(50)7 150.06 115 0.70 916.65 803.99 412.49

RCC(50)8 146.03 115 0.75 905.38 796.38 407.42

RCC(50)9 150.06 115 0.80 916.65 803.99 412.49

RCC(50)10 150.06 115 0.85 916.65 803.99 412.49

Fig. 11. Linear Regression between Experimental Results and Those 
Simulated by the LCPC Method
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line with the line Y = X), remains nevertheless insignificant 

and can be explained by the few minor differences in terms of 

materials and implementation, which are not considered as 

input parameters in the model, such as the compaction mode of 

concrete or the type and superplasticizer dosage. Didouche et 

al. (2018), found a strength variation from 8.5 to 10 MPa by 

varying the content from 0.6 to 1.5% of two superplasticizers 

(melamine resin and polycarboxylate). In our case, the content 

of superplasticizer is not very variable but the type was not the 

same as the concretes in the database and those in the experimental

validation study. Furthermore, the database concrete specimens 

were compacted using a percussion hammer according to 

ASTM C1435-99 (1999), whereas in our experimental study, 

ASTM C1176-92 (1998) was adopted where a vibrating table 

was used. Even if both compaction methods are normalized, 

they still remain different. Liu et al. (2015), noted that the 

implementation of concrete specimens directly influences the 

compressive strength. Şengün et al. (2019), demonstrated that 

the presence of 5% voids in concrete due to incomplete 

compaction could lead to a loss of strength of up to 30%.

However, the error of prediction identified by the PSO-ANN 

model remains minimal, especially that the method for measuring 

the compressive strength (according to NF EN 12390-3, 2012) itself 

tolerates an error value of 11.7%, under a tests reproducibility 

conditions.

4.3 Development of a User Interface Based on the Fc 

Prediction Model
In order to make the task easier for users, a visual interface based 

on the final prediction model was developed (Fig. 14), end done 

using the “app designer” functionality of Matlab 2019 software. 

The user has to puts in the values of the different input parameters, 

namely: maximum diameter of aggregate (Dmax), compactness 

of the dry granular mix (C), cement rate (Dc) and its strength 

(Fc28), limestone filler rate (Df), water/cement ratio (W/C) and 

the age of the (RCC) (28 or 90 days). By pressing the “Calculate” 

button, the predicted compressive strength value is dispelled.

5. Conclusions

In this study, a hybrid intelligent prediction system was developed,

combining two metaheuristics (ANN and PSO). This hybridization

shows its efficiency compared to the classical ANN system 

optimized with a Levenberg-Marquardt algorithm. The richness 

of the database that was used (500 vectors) as well as the wide 

ranges of variations of the different formulation parameters (inputs) 

or strength (output), gave the system a good learning curve, and 

therefore more credibility. 

Fig. 12. Linear Regression between Experimental Results and PSO-
ANN Predicted Results

Table 8. Statistical Parameters of the Regressions

Model RMSE R2

ANN-PSO

LCPC

1.45

2.70

0.849

0.473

Fig. 13. Photos of the Experimental Study: (a) Verification of No Slump 
and Calculation of the VEBE Time, (b) RCC Specimens, 
(c) Conditioning of Specimens before Testing, (d) Compressive 
Strength Test

Fig. 14. PSO-ANN Interactive Graphical User Interface
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The model was experimentally validated in the lab and compared 

with the LCPC method. Even with few differences in the materials 

and in the way the concrete was casted, the system developed 

(PSO-ANN) showed very good predictive capability of the RCC 

strength tested with a high value of the coefficient of determination 

(R2 = 0.85). The obtained results by the LCPC method were not 

very accurate because of a low value of the coefficient of 

determination R2 = 0.47.

Ultimately, through this system, an effective tool is developed 

to predict the compressive strength of the limestone fillers concrete 

that is used to build dams. Moreover, in order to make the model 

easy to use, a visual user-friendly interface was set up.
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