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Abstract 

For the past decades, computational fluid dynamics (CFD) simulations have been shown as a 

promising approach for understanding the complex flow behavior of concrete. However, their 

application is often limited due to the computationally heavy analysis. In this study, two artificial 

neural networks, multi-layer perceptron and radial basis function, are trained by results of a CFD 

model that simulates the cement flow in the FlowCyl equipment. Both models were investigated 

for predicting single values of volume loss over a predetermined duration as well as the full volume 

loss vs. time curves. The results show that after training the neural networks can accurately 

substitute the predictions of the CFD model for both single values and the full curves. For the 

multi-layer perceptron, accurate predicts are even obtained after substantial reducing the training 

data, which illustrates that a coupling between a CFD model and a neural network can significantly 

decrease the overall calculation time.   
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1. Introduction 

The complex nature of concrete rheology has for decades been extensively studied as it is a key 

parameter for obtaining proper concrete structures. These studies include development of low- [1]  

and high-tech [2] equipment for rheological quantification as well as the determination of flow 

behaviours during transport [3], pumping [4], and placement [5]. In recent years, computational 

fluid dynamics (CFD) has been increasingly applied to understand concrete rheology as it provides 

a virtual window into the material and process [6]. CFD models have been used to study concrete 

flow phenomena such as the effect of lubrication layers on velocity profiles inside pumping pipes 

[7] as well as the flow behaviour in reinforced areas of large-scale laboratory castings [8-10]. In 

addition, CFD models have been used to predict local variations in aggregate volume fractions 

[11-13] and orientation of fibers [14, 15]. In other studies, these models have been used to 

understand the flow behavior of cementitious material in equipment utilized to measure its 

rheological behavior e.g. inside the ConTec BML Viscometer 3 [16] or in the FlowCyl [17], which 

is a modified version of the March Cone. The challenge for CFD models is that they often require 

a dedicated experimental setup to be validated [18] and that they can be computationally heavy 

and thus takes a long time to run [19]. The latter becomes even more pronounced when the models 

are exploited to investigate a large parameter space or when coupled with an optimization 

algorithm [20]. Consequently, CFD models are used infrequently in the concrete industry despite 

their great potential. Researchers are continuously trying to find solutions that can speed-up CFD 

simulations. One such solution is to manipulate the governing equations (i.e. the mass and 

momentum conservation equations) in order to reduce the number of unknowns (e.g. the 

streamfunction formulation for two-dimensional problems [21, 22]). Another solution is to couple 

the CFD model with an artificial neural network (ANN) that learns from the simulations and 

eventually predicts the flow patterns with good accuracy, but substantially faster. A typical ANN 

is composed of an arbitrary number of elements named neurons connected to each other by 

weighted vectors that are arranged in the input, output, and hidden layers [23, 24]. The number of 

input and output neurons is equal to the number of input and output variables, respectively, while 

the number of hidden neurons is chosen depending on the problem at hand. The performance of a 

neural network critically depends on its architecture. If a network is not complicated enough it 

would underfit to the training set, while a network that concentrates too much on detailed 

information would overfit the training set [25]. In both cases, the neural network would have a 

poor generalization performance on unseen data [26]. Evolutionary algorithms such as genetic 

algorithms (GA) [27, 28] have been widely used to optimize the neural network architecture in 

different applications. Previous studies show that GAs outperform random search and trial and 

error methods [29], because GAs find the optimal solution using the evolutionary process, which 

follows the idea of survival of solutions with better quality evolve from previous generations [30] 

; whereas, random search methods generate and utilize random solutions to find a better solution, 

and trial and error methods find a better solution among a number of solutions generated using 

different configuration parameter tuning by the user. With this setup, the ANN imitates the 

learning and reasoning ability of the human brain. The coupling between CFD models and ANNs 

is a relatively unexploired research topic. One such study was recently exemplified in an 
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aerodynamics related problem, where the non-uniform steady laminar velocity field was predicted 

around an objective that changed geometry [31]. This enabled a calculation speed-up of two and 

four orders of magnitude as compared to a Graphics Processing Unit (GPU)- and Central 

Processing Unit (CPU)-based CFD solver, respectively. In another investigation, a similar 

coupling was used to carry out real-time simulations of a three-dimensional smoke plume, and in 

this case, the calculation time was also substantially reduced [32]. Although CFD models and 

ANNs previously have been coupled, there exist no literature where such coupling is used to 

analyze the rheological behaviour of fluids. Therefore, in this study, two artificial neural network 

models in different structures are exploited to predict the CFD simulated rheological response of 

cement pastes in the FlowCyl equipment. The objectives of the study are to investigate the 

accuracy of the predictions as well as to study how few of the time-consuming CFD simulations 

the ANNs require for training without reducing its predictive capabilities. The rest of the paper is 

divided into four sections. Firstly, a brief introduction to the FlowCyl measurements is provided. 

This is followed by an overview of the applied methodology. Subsequently, the results of the study 

are presented and discussed, and finally, conclusive remarks are summarized. 

 

2. Experimental measurements and computational fluid dynamic model 

The FlowCyl equipment (see Fig 1a) is designed to characterize the rheological behavior of cement 

pastes. The test is carried out by filling up the FlowCyl to a height of 360 mm. Subsequently, the 

mass flow out of the equipment is recorded as a function of time (see Fig 1b) from which a single 

parameter (viz. the flow resistance ratio) describing the flowability of the cement paste can be 

deduced [33, 34]. In addition, for each cement paste composition the rheological parameters, shear 

stress (τ) and plastic viscosity (µ), were measured using a rheometer. In a recent study [17], the 

FlowCyl was simulated with a CFD model, and it was illustrated that the model was able to predict 

the mass flow vs. time (and thus the flow resistance ratio) based on the yield stress and plastic 

viscosity, which were measured experimentally, Fig 1b. A total number of 51 simulations were 

performed in this study, and each simulation took approximately 12 hours.  
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Fig 1. a) Schematic of FlowCyl equipment and rheological measurements, b) computational fluid 

dynamic model using experimental inputs. 

 

3. Methodology 

An overview of the methodology used in this study is shown in Fig 2. As illustrated, several ANNs 

were set up to predict the CFD simulated rheological response of the cementitious material inside 

the FlowCyl from [17]. All the ANNs were set up using the neural network Toolbox of MATLAB 

version 9.4(R2018a). The details of each step of the methodology and the different ANNs are 

described in this section. 
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  Fig 2. An overview of the methodology used in this study. 

 

3.1 Dataset 

The input parameters in all the ANNs were the two rheological parameters: τ and µ. These two 

parameters were obtained experimentally in the previous study for 51 mix compositions and used 

as the key parameters in the CFD modeling of cement paste [17]. Of all mixes [17], one mix was 

excluded from the current study (τ = 75.05 Pa and µ = 3.36 Pas), since no flow was observed 

experimentally. The target variables were obtained from the CFD simulations and the ANNs used 

them for training. The target variables are described in more detail in the following subsections. 

The ANNs used 70 and 30 % of the dataset for training and testing, respectively. 

 

3.2 Preprocessing 

The data preprocessing involved normalization of the input and target variables in order to improve 

solver stability and modeling performance [35]. To this end, all input and target values were scaled 

to the range between 0.1 and 0.9 by the following Eq. 1 [36]: 

𝑁𝑖 = 0.8 (
𝑋𝑖−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
) + 0.1     (1)    

where 𝑋𝑖 is the original data, 𝑋𝑚𝑖𝑛  and  𝑋𝑚𝑎𝑥 are the minimum and maximum value of the original 

data set, respectively, and 𝑁𝑖 is the normalized value.  
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3.3 Applied methods 

Two methods were employed in order to predict the simulated flow behavior of the cementitious 

material inside the FlowCyl: 

1. The single point method (SPM) where the target of the ANNs was a single value describing 

the volume of the cementitious material leaving the FlowCyl in the time interval 5 and 25 

sec, see Fig 3a.  

2. The full curve method (FCM) where the target was a curve describing the volume loss as a 

function of time, see Fig 3a. In this method, the ANNs were designed to predict the curve 

by a quadratic equation with coefficients a, b, and c. The latter was forced to be zero to 

ensure no mass flow at t = 0. The advantage of this model is to achieve volume loss at any 

desired time, while it is not applicable for SPM. Notably, in the applied methods the 

volume losses are simulated, which can be directly compared to the mass losses obtained 

by the FlowCyl by multiplying with the density of each considered matrix. 

 

3.4 Structure 

The performance of three different ANN structures was investigated, see Fig 3b-d. In all cases, the 

ANNs had two inputs (µ and τ). One structure was setup using the SPM (i.e. the target was the 

volume loss between 5-25 s). While two structures were applied for the FCM: 1) one ANN with 

two targets (a and b); and 2) two ANNs with each one target.  

 

Fig 3. a) CFD-simulation of the typical volume loss through the FlowCyl as a function of time; 

b) schematic ANN structure for SPM; c) first FCM structure - one ANN with two targets; 

d) Second FCM structure - two ANNs with each one target. 
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3.5 Artificial neural network models 

Two different neural network models were tested and compared in this study: 

1. The multilayer perceptron (MLP) model is fully connected; meaning that all input neurons are 

linked to each of the neurons of the hidden layer and similarly they are connected to each of 

the targets. Mathematically, the relationship between each hidden neuron and the input 

variables is expressed as: 

ℎ𝑖=  σ (𝑤𝑖
𝑇x)                                                                      (2)                                                                                                                                                                                                                                                                               

where, x=[x1,…,xp]T is the vector of p input variables, wi =[wi, 1,…, wi, p]T are the weights 

corresponding to each input variables, and σ is a nonlinear activation function. The sigmoid 

function is used as the activation function of the network: 

σ (𝑤𝑖
𝑇x) = 

1

1+𝑒−𝑤𝑖
𝑇𝑥

                                                             (3)                                                                                                                                                                      

The predicted target �̂� is related to the hidden neurons h, 

�̂� = g (βTh)                                                                        (4)                                                                                                                                                                                                            

where, h=[h1,…,hk]T is the vector of hidden neuron values and β=[β1,…, βk]T is the weight 

matrix between the hidden neurons and target neurons.  Fig 4a shows a schematic of a typical 

MLP model with four input variables, a hidden layer with three hidden neurons, and a single 

target. Here, the NEWFF function in MATLAB was used with Levenberg-Marquardt, trainlm, 

as training function to build the network, as Eq. 5: 

net=newff(P,T,S)                                                              (5)                                                                                                        

where P,T and S are the input vector, target vector and hidden layer size, respectively. There 

is a possibility to increase the number of hidden layers when the data is complex in nature. 

The effects of the number of hidden layers is investigated. The number of hidden layer neurons 

is tuned by MATLAB GA Toolbox via coefficients and associated weights in order to increase 

the speed and efficiency of the system. The number of hidden layer neurons was tuned in the 

interval 1-20.  

 

2. The radial basis function (RBF) model also captures interactions among input and target 

variables via a hidden layer that consist of RBF neurons. Each jth RBF neuron maintains 

spread (𝜎𝑗) and basis function ∅𝑗 with 𝑐𝑗 center. The nonlinear basis functions ∅𝑗 are the radial 

distance functions of the input from the center of the jth RBF neuron. In this work, the most 

commonly used Gaussian basis function was employed as: 

∅𝑗(𝑥) = 𝑒
−

||𝑥−𝑐𝑗||2

2𝜎𝑗
2

                                                              (6)                                                         
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where || x-𝑐𝑗|| represents the distance between the input vector and the center of jth RBF 

neuron. The parameter 𝜎𝑗 is known as spread of the radial basis function and used for the 

corresponding width of the jth hidden neuron representing the scale of the density distribution. 

Having the input variable of P, and the RBF neuron number of h, the ith output 𝑦𝑖(𝑥) of the 

RBF neural network is: 

𝑦𝑖(𝑥) = ∑ ∅𝑗(𝑥) × 𝑤𝑖,𝑗
ℎ
𝑗=1                                                   (7) 

where 𝑤𝑖,𝑗 is the connection weight between the jth RBF neuron and the ith target neuron. A 

schematic of the RBF network is described in Fig 4b.  In this study, the RBF neural network 

was trained and implemented by the NEWRB function in MATLAB and it is given by: 

net=newrb(P, T, GOAL, SPREAD, MN)                                  (8) 

where P, T, GOAL, SPREAD, and MN are the input vector, target vector, error goal, spread value, 

and number of neurons, respectively.  Here, the number of hidden layer neurons and the value of 

spread is tuned by the MATLAB GA Toolbox in the interval 1-20 and 0-1, respectively.

 

Fig 4. A schematic of a typical a) MLP and b) RBF models.3.7 Performance indexes 

The ANNs accuracy was evaluated based on the coefficient of determination (𝑅2): 

𝑅2 = 1 −
∑ (𝑦𝐶𝐹𝐷 𝑣𝑎𝑙𝑢𝑒𝑠,𝑖−𝑦𝐴𝑁𝑁 𝑣𝑎𝑙𝑢𝑒𝑠,𝑖)2𝑛

𝑖=1

∑ (𝑦𝐶𝐹𝐷 𝑣𝑎𝑙𝑢𝑒𝑠,𝑖−�̅�𝐶𝐹𝐷 𝑣𝑎𝑙𝑢𝑒𝑠)2𝑛
𝑖=1

                                         (9) 

 

Where subscript ‘ANN values’ refers to the predictions made by the ANN, while subscript ‘CFD 

values’ refers to the CFD results or in the case of the FCM, the best fit to the CFD results. 

 

4. Results and discussion 

4.1 Predicting the volume loss between 5-25 s using SPM 

Table 1 shows the effects of one, two and three MLP hidden layers for the prediction of the volume 

loss between 5-25 s using SPM. As observed, all architectures perform similarly. Thus, to reduce 

the computational cost of the network, one hidden layer with three neurons is selected for the rest 

of analysis. The best performance for the RBF model is obtained with fourteen neurons with the 
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spread of 0.7 in the hidden layer. The error goal for both MLP and RBF was set to 0.1 mean-

squared-error (MSE) as an absolute zero value may cause overfitting. 

Table 1. R2 at the test stage for the two ANN models using the SPM.  
Model Parameters R-squared at the test stage 

MLP 

1 hidden layer with 3 neurons 0.999 

2 hidden layers with 4 and 5 neurons each 0.998 

3 hidden layers with 4, 3, and 5 neurons each 0.998 

RBF 1 hidden layer with 14 neurons and spread value of 0.7 0.998 

 

In Fig 5, the CFD results and ANN predictions of the volume loss vs. yield stress and plastic 

viscosity are shown. Both ANN models are in good agreement with the simulation results. The R2-

value is 99.9 % for both models, which indicate that the predictions are highly accurate. In [17], it 

was found that the plastic viscosity of the cement paste is dominating the rheological response in 

the FlowCyl. The relationship between the plastic viscosity and volume loss has a non-complex 

polynomial behavior and this might be the reason for the MLP model obtaining such high accuracy 

with only one hidden layer and few neurons, because the MLP model is good at approximating 

regions of the solution space with a linear description. On the other hand, this non-complex 

polynomial behavior has an opposite effect on the number of required neurons used by the RBF 

model. This type of ANN model uses the Euclidean distances between inputs and weights in 

combination with the Gaussian kernel activation function, which makes the RBF neurons perform 

well locally (i.e., when the weights are close to the inputs), but less good when having to 

extrapolate. Thus, relatively many neurons are needed to minimize extrapolation when having to 

cover the polynomial behavior of the plastic viscosity vs. volume loss relationship. In contrast, if 

the yield stress would have dominated the volume loss, a lower number of RBF neurons might 

have been sufficient, as this relationship has a more clustered behavior as compared to the plastic 

viscosity vs. volume loss relationship. 
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Fig 5. CFD results and ANN predictions of the volume loss as a function of a) τ, and b) µ. 

 

4.2 Predicting the volume loss as a function of time, FCM 

An example of a typical volume loss vs. time curve predicted by the ANN models is shown in Fig 

6. The prediction of the MLP and RBF model is more or less identical for the selected example 

and they both accurately predict the rheological response of the cement paste in the FlowCyl 

equipment. In Table 2, the R2-values at the test stage for the a and b coefficients of the quadratic 

equation are shown for the MLP and RBF model using both one and two ANNs. Similar to the 

SPM, no improvement was observed with deeper MLPs. Thus, the MLP model with one hidden 

layer and a number of neurons that are fewer than that of RBF is selected. All R2-values are above 

99 %, again indicating that both models provide highly accurate predictions. The results in the 

table also illustrate that there is not a substantial improvement by utilizing two ANNs instead of 

one. Therefore, in the rest of this paper, only a structure of one ANN is used for the FCM. 
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Fig 6. CFD results and ANN predictions of the volume loss vs. time curve for a selected case (τ 

= 23.98 and µ = 1.4). 

 

Table 2. The optimum number of neurons and R2-values at the test stage for the MLP and RBF 

models using both one and two ANNs to predict the volume loss vs. time curve. 

Structure model Target Parameters R-squared at the test stage 

One ANN 

MLP 

a 
1 hidden layer with 9 neurons 

0.995 

b 0.997 

a 
2 hidden layer with 7 and 10 neurons 

0.994 

b 0.997 

a 
3 hidden layer with 5, 5, and 5 neurons 

0.995 

b 0.998 

RBF 
a 

1 hidden layer with 14 neurons and spread value of 0.9 
0.993 

b 0.995 

Two ANNs 

MLP 

a 

1 hidden layer with 3 neurons 0.998 

2 hidden layers with  10 and  4 neurons each 0.996 

3 hidden layers with  7, 5, and 2 neurons each 0.998 

b 

1 hidden layer with 10 neurons 0.988 

2 hidden layers with 7 and 7 neurons 0.988 

3 hidden layers with 8,5, and 6 neurons 0.991 

RBF 
a 1 hidden layer with 13 neurons and spread value of 0.8 0.992 

b  1 hidden layer with 14 neurons and spread value of 1  0.996 

 

In order to further evaluate the performance of the FCM results, the determined quadratic equations 

are used to estimate the volume loss between 5 – 25 sec. Figure 7 shows the predicted values for 
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the fitted CFD data. Since a curve fitting is the prerequisite of the FCM model to obtain the 

quadratic equation parameters, there is an inevitably small difference between the CFD and fitted 

CFD results. The error is as a result of rounding the quadratic equation parameters and this 

influence the ANN models.  Based on these results, R2-values at test stage are found and compared 

with the SPM results, see Table 3. For simplicity, the R2-values of FCM are given as the mean of 

R2 for the targets a and b. The FCM based R2-values are slightly lower than those of the SPM, 

which is expected, as this evaluation is carried out on a sub time interval of the curve predicted by 

the FCM. Nevertheless, the R2-values at the test stage of the FCM are still ~99 %, thereby 

providing accurate predictions. 

 

 
Fig 7. A comparison between SPM and FCM method in prediction of volume loss between 5 and 

25 second by MLP and RBF models. 

 

Table 3. R2-values at the test stage for the SPM and FCM in predicting the volume loss between 

5-25 sec by using both the MLP and RBF model. 
Method   ANN model  

SPM FCM  MLP RBF R2 

X   X  0.999 

X    X 0.998 

 X  X  0.992 

 X   X 0.989 

 

4.3 Influence of training data on the accuracy of predictions 

As previously mentioned, it is of interest to reduce the training data for the ANNs, since it is 

generated through the time-consuming CFD simulations, but only as long as this reduction does 

not lead to a substantial loss in accuracy of the predictions. In order to make such investigation, 

the training data is reduced in intervals of 5 input data from 35 (i.e. 70 % of the full dataset that 

was used in the previous investigations) to 10. For each value, the ANN models are executed 
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twenty times with randomly chosen training data to get a sound statistical basis for the evaluation. 

In Fig 8, the R2-values at the test stage for the two ANN models using the SPM is shown for 

different numbers of training data. As expected, both ANNs predictive capability reduces with a 

reduced number of training data, but the reduction is minimal for the MLP model. When utilizing 

10 input data (i.e. a reduction of ~70 %) for training in the MLP model, the averaged R2-value is 

above 95 %, indicating that the predictions are still accurate. Furthermore, the standard deviation 

at 10 input data is only 1 %, which illustrates that the chosen input data only has little effect on the 

precision of the MLP model. Consequently, this analysis demonstrates that the rheological 

response of the investigated cement pastes in the FlowCyl could have been accurately predicted 

with a substantially reduced CFD simulation effort, if the CFD model had been coupled with an 

MLP based ANN. This reduction in computational effort, of course, needs to be evaluated against 

the overhead in time required to set up the ANN and finding the appropriate model. In comparison 

to the performance of the MLP model, the averaged R2-value at the test stage of the RBF model 

reduces to less than 80 % when using 25 input data, which clearly illustrates that the RBF model 

is not ideal when utilized to reduce the number of CFD simulations. The reason for the quicker 

reduction in R2-value for the RBF model is due to its limited ability to extrapolate. A property that 

becomes increasingly important when removing a part of the training data. The R2-values at the 

test stage for the FCM at different numbers of training data is shown in Fig 9. Comparing the MLP 

and RBF model provides a similar picture as for the SPM. Thereby, again illustrating that the MLP 

model with greater advance can be used to reduce the CFD simulation effort while providing 

accurate predictions of the volume loss vs. time curve. 

 

Fig 8.  Influence of sample size on R2-values at the test stage when predicting the volume loss 

between 5-25 s by the MLP and RBF model using the SPM. 
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Fig 9. Influence of sample size on R2-values at the test stage when predicting the volume by the 

MLP and RBF model using the FCM. 

 

5. Limitation  

Although, the ANN can predict the process in less computational time than CFD, it has three major 

limitations; first, ANN models need a numerical or experimental database to be trained by, since 

they are not able to produce their own database. Second, the ANNs are not able to predict the 

values which are outside of the network training domain, therefore the range of training data should 

be illustrative of the whole performing range of the system [37, 38]. Third, the training outcome 

depends significantly on the choice of initial parameters such as the number of hidden layers, the 

number of hidden neurons, and type of activation functions.  

 

6. Conclusion 

This study demonstrates the first important step of utilizing predictive machine learning models 

within the field of computational concrete rheology. Two artificial neural networks, MLP and 

RBF, were trained by the outputs of a CFD model that simulated cement flow in the FlowCyl 

equipment. Both models were investigated for predicting single values of volume loss between 5 

and 25 sec as well as the full volume loss vs. time curves using a novel method, called FCM 

method. The results showed that both MLP and RBF model were able to predict the simulated 

rheological response of cement paste, if the majority of the dataset was used for training. In fact, 
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the two models were both able to predict the volume loss between 5 and 25 sec as well as the full 

volume loss vs. time curve with R2-values at the test stage above 99 %. When the training data 

was reduced, it was shown that the RBF model quickly lost its precision, while in the case of the 

MLP model, it was possible to reduce the training data with 70 % and still have an R2-value at the 

test stage above 95 %. This exemplifies that it is possible to substantially reduce the number of 

required flow simulations of cementitious materials in a study if the CFD model is coupled with 

the appropriate ANN. Consequently, this is a step in the right direction to reduce CFD simulations 

in a parametric study, which is paramount if CFD should be more widely used in the concrete 

industry.  In this study, however, the presented numerical experiments worked well with standard 

neural network structures, activation- and error-functions. The use of more advanced activation 

functions for MLP, such as, SPOCU [39], might lead to a more successfully trained network and 

could assist in the reduction of the computational effort especially for a big data scenario [40]. 

These could be the topic of future research. 
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