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A B S T R A C T   

Manufactured sand is increasingly used in concrete and predicting the rheology of such suspensions based on 
their composition are necessary. In this study, emphasis is on cement pastes with manufactured sand and silica 
fume. An artificial neural network, namely multilayer perceptron, is compared with nine suspension models: two 
liquid thickness models, the relative concentration of solids and six relative viscosity models based on the relative 
concentration of solids. Measurements on 107 mixes with filler (0–125 µm) from manufactured sand are con-
ducted, acquiring yield stress, plastic viscosity, flow resistance ratio and mini slump flow. None of the suspension 
models offer good correlations to the measured parameters for all mixes, but an increase in prediction accuracy is 
seen for subsets of materials, especially mixes without silica fume. The artificial neural network outperforms the 
suspension models, providing a coefficient of determination between 0.84 and 0.91 for all mixes, thus illumi-
nating a new pathway for cement paste rheology modelling.   

1. Introduction 

Global depletion of good quality construction sand leads to increased 
use of manufactured sand in concrete, which in contrast to natural sand 
contains a large number of particles less than 125 µm in diameter [1]. 
Unless the particle size distribution is improved by suitable technology 
such as air classification or “wind sieving”, the high number of fines 
significantly increases the specific surface area of manufactured sand 
[2], which has a major impact on the rheology of cementitious materials 
[1,3–4]. In a study of micro-mortars by Westerholm et al. [5], the 
increased volume concentration of fines from manufactured sand was 
found to increase both yield stress and plastic viscosity. 3D concrete 
printing is an emerging technology today, being one of the reasons why 
methods for controlling concrete rheology are becoming increasingly 
important [6,7]. In [7] the concrete rheology is controlled actively by 
vibration, while Jones et. al [8] add limestone with different median 

particle sizes to control rheology of 3D printable cement pastes. The high 
global interest of ultra-high-performance concrete is also contributing to 
the increasing need for tailoring rheological properties. Khayat et. al [9] 
state that the most efficient way to control rheological properties of such 
concretes is by optimization of the proportioning during the material 
selection, in combination with controlled particle packing density, 
specific surface area, chemical admixtures, water absorption during 
hydration and temperature of the mix. Accurately determining the 
rheological properties of concrete requires a large amount of materials 
and labor. Ferraris et al. [10] stated that measuring rheological prop-
erties on cement pastes is a promising approach to predict the rheology 
of equivalent concrete mixes, and thus this study will focus on cement 
paste rheology. There is a need for industrially applicable suspension 
models that are exploiting the fundamental usefulness of studying paste 
rheology. Such efforts to bridge over from paste studies to concrete 
proportioning practice have been proposed in the particle – matrix (PM) 

* Corresponding author at: Department of structural Engineering, NTNU, Richard Birkelands vei 1a, 7491 Trondheim, Norway. 
E-mail addresses: Elisabeth.l.skare@ntnu.no (E.L. Skare), Shoshei@mek.dtu.dk (S. Sheiati), Rolands.cepuritis@ntnu.no (R. Cepuritis), Ernst.mortsell@norbetong. 

no (E. Mørtsell), Sverre.smeplass@skanska.no (S. Smeplass), Josp@mek.dtu.dk (J. Spangenberg), Stefan.jacobsen@ntnu.no (S. Jacobsen).  

Contents lists available at ScienceDirect 

Construction and Building Materials 

journal homepage: www.elsevier.com/locate/conbuildmat 

https://doi.org/10.1016/j.conbuildmat.2021.126114 
Received 19 March 2021; Received in revised form 6 December 2021; Accepted 13 December 2021   

mailto:Elisabeth.l.skare@ntnu.no
mailto:Shoshei@mek.dtu.dk
mailto:Rolands.cepuritis@ntnu.no
mailto:Ernst.mortsell@norbetong.no
mailto:Ernst.mortsell@norbetong.no
mailto:Sverre.smeplass@skanska.no
mailto:Josp@mek.dtu.dk
mailto:Stefan.jacobsen@ntnu.no
www.sciencedirect.com/science/journal/09500618
https://www.elsevier.com/locate/conbuildmat
https://doi.org/10.1016/j.conbuildmat.2021.126114
https://doi.org/10.1016/j.conbuildmat.2021.126114
https://doi.org/10.1016/j.conbuildmat.2021.126114
http://crossmark.crossref.org/dialog/?doi=10.1016/j.conbuildmat.2021.126114&domain=pdf


Construction and Building Materials 317 (2022) 126114

2

model [1,11–13]. In the PM-model, the concrete is considered a two 
phase-system: The particle phase includes all particles larger than 0.125 
mm in diameter, and the matrix phase includes water, cement, pozzo-
lanas, admixtures, as well as all particles less than 0.125 mm in diam-
eter. The rheology of the concrete is described by the properties of the 
two phases and their volumetric relation [11]. Several authors have 
presented approaches to predict cement paste rheology based on part 
materials properties and proportions. Krieger and Dougherty [14] 
developed an equation for the relative suspension viscosity that was 
shown to have good correlation to measured viscosities on latex and 
polymer systems. Similar models were proposed by Mooney, Eilers, 
Robinson, Chong et al. and Quemada [15–19]. Powers [20] suggested 
the lubricating liquid thickness around all particles for modelling sus-
pension rheology, and the method was successfully related to rheology 
for cement paste and concrete [4,21–22]. An effort to clarify the effect of 
water reducers in water layer models on fine mortars was investigated 
by Midorikawa et al. [23], where a flocculation number-approach was 
proposed to replace particles with flocks in the thickness calculation. 
Though, the thickness was not empirically quantified to rheology [23]. 
In [24] a yield stress prediction model is proposed by adopting the 
excess paste theory, where the thickness is assumed constant for 
different aggregate particle sizes. This is contrary to the observations in 
[25], where the matrix thickness was found to be proportional to the 
particle sizes. The relative concentration of solids, i.e. the ratio between 
volume fraction of solids and maximum packing fraction, has also been 
found to correlate well with concrete rheology [26]. The maximum 
packing was calculated numerically, and the relation between packing 
and rheology was seemingly unaffected by admixture dosage variations. 
Cepuritis et al. [12] showed that the volumetric specific surface area 
(VSSA) of manufactured sand per unit volume of matrix correlated lin-
early to measured rheological parameters of cement pastes. Skare et al. 
[13] found that the volume weighted average VSSA of all ingoing matrix 
powders, denoted VSSAmatrix in this paper, correlated well to rheological 
properties for cement pastes with widely varying mix compositions. 
Furthermore, the cement type was found to have a large effect on 
rheology producing two groups of VSSA-rheology plots [13]. In [27] a 
generalized viscosity model for cement pastes is proposed, evaluating 
the steady-state and relaxation responses of the paste by considering the 
thixotropic behavior, the viscosity-structural relation and the paste 
microstructure. Numerous other suspension models have been presented 
in the literature [28–34], but to limit the scope of this study, the focus of 
the paper is on models where the packing fraction and/or VSSA are 
central parameters. These models work well for many suspensions, but 
lack validation of the predictive capabilities for cement paste with 
manufactured sand and silica fume. The latter is an effective pozzolana 
frequently used in concrete because of its positive effect on properties as 
durability and stability [35]. 

Another approach to model cement paste rheology is by artificial 
intelligence. Computational techniques are frequently used for predic-
tion of material properties, eschewing the costs and labor from labora-
tory research [36]. Recently, Zeeshan et al. [37] showed that machine 
learning techniques can be exploited to predict cement paste with 
nanoclay. Artificial neural network (ANN) is one example of such 
technique, and several studies show that ANNs can predict experimental 
rheological results [38,39,40]. However, the literature on the applica-
bility of these techniques in terms of cement paste rheology is still very 
sparse. In a recent study by Sheiati et al. [41] two types of ANNs, i.e. 
multilayer perceptron (MLP) and radial basis function (RBF), were 
investigated for prediction of computational fluid dynamics (CFD) re-
sults on cement paste rheology. It was found that MLP provided high 
prediction accuracy even for a sparse training data set, while the accu-
racy of the RBF reduced significantly for reduced training data. In [42] 
the predicted viscosity of honey yielded the highest accuracy for MLP, 
compared to three other investigated ANNs; probabilistic neural 
network (PNN), recurrent neural network (RNN) and modular neural 
network (MNN). Hence, it is chosen to investigate cement paste rheology 

by MLP in this study. 
To advance in the development of more effective and precise models 

and tools for proportioning of fresh concrete properties, the objective of 
this paper is to investigate the predictive capabilities of nine semi- 
empirical suspension models as well as an artificial neural network 
model, for predicting the rheology of cement pastes with manufactured 
sand, varying superplasticizer (SP)-dosages, different cement types and 
with/without pozzolana. The rest of the paper is subdivided into five 
sections. Section 2 briefly reviews the models, Section 3 introduces the 
experimental methodology and materials, while the results are pre-
sented and analyzed in Section 4. A feature selection of the MLP model is 
presented in Section 5, and finally, the conclusions are summarized in 
Section 6. 

2. Models 

2.1. Lubricating liquid thickness 

Kwan et al. [22] stated that the fresh properties of cement pastes 
mainly are governed by water content, packing density and solid surface 
area, and showed that the rheological effect of these parameters may be 
evaluated in terms of the lubricating liquid thickness. They used a wet 
packing procedure to determine the maximum packing fraction and 
defined the lubricating liquid thickness as the ratio between the excess 
fluid volume (EF) and the VSSA. The excess fluid was defined as the fluid 
in excess to fill up the voids between particles, very similar to what 
Powers [20] proposed, and in line with [23] and [43]. A larger volume 
of excess liquid means longer distance between the particles, leading to 
higher workability [22]. The VSSA is defined as specific surface area per 
volume of a material. In this study, the VSSA is calculated from the 
particle size distribution (PSD) obtained from the SediGraph, under the 
assumption of spherical particles. The combined VSSA for all dry ma-
terials in the matrix, VSSAmatrix, is calculated as the sum of the surface 
area multiplied by its volume percentage for each dry material, and this 
value is used for calculating the liquid thicknesses. Detailed procedures 
for obtaining the PSD and the VSSA are given in [1,44], and later 
rendered by Skare et al. in [13]. Two different models describing the 
lubricating liquid thickness (LT) are investigated here: LT1 where the 
void filling fluid (VFF) between the particles at maximum packing is 
considered as a part of the lubricating liquid, eqn. (1), and LT2 where the 
VFF is excluded, eqn. (2). The solid concentration, ϕ, is calculated as the 
volume of all dry materials divided by the total volume of the mix. The 
cement paste is considered a three-phase component, consisting of VFF, 
EF and ϕ. 

LT1 =
1 − ϕ

VSSAmatrix
=

VFF + EF
VSSAmatrix

(1)  

LT2 =
1 − ϕ − VFF

VSSAmatrix
=

EF
VSSAmatrix

(2) 

Note that paste in concrete normally contains a certain percentage of 
air voids, meaning that eqn. (1) and (2) should include the air void 
content in the numerator [35,45]. However, in this study, the air voids 
are neglected, as the air void content in the cement paste typically is 
very low as compared to in paste of concrete, where air voids are 
captured in between aggregate particles. 

2.2. Relative concentration of solids 

The relative concentration of solids ( ϕ
ϕm

) correlates well with the 
rheology of suspensions [26] and forms the basis of many predictive 
models that describe the relative viscosity of suspensions. Chong et al. 
[18] found that the relative viscosity of a monodispersed system 
correlated remarkably well to ϕ

ϕm
, independent of the particle size and 

temperature. Ferraris and de Larrard [26] showed that the correlation 
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between the plastic viscosity, μ, and ϕ
ϕm 

is independent of use of high- 
range-water reducing admixtures and silica fume. Several other 
similar studies have been made, substantiating the correlation between 
ϕ

ϕm 
and rheology [44–46]. The yield stress model by Flatt and Bowen [28] 

is also a function of ϕ
ϕm

, but was excluded in this study due to the un-
certain parameters for surface forces and percolation, in spite of recent 
efforts to apply the model to manufactured sand by Zhu et al [47]. In 
addition, there is at least one more yield stress model based on ϕ

ϕm 
[48]. 

Hence, the relative concentration of solids seems to be a central 
parameter for suspension rheology despite that it does not include VSSA. 
The relative viscosity models in Table 1 are all functions of the relative 
concentration of solids and were investigated in this study. 

The intrinsic viscosities used in this paper were obtained by curve 
fitting to achieve the best fit between measured and estimated values for 
each model. The literature on intrinsic viscosities of cement pastes is 
limited, and it is not a trivial task to evaluate which value that is most 
representative for the investigated matrices. Russel and Sperry [49] 
stated that for the Krieger-Dougherty equation, a value of [η]ϕm = 2 
often suffices for a good fit. In this study, that would correspond to 
values in order of [η] = 3.26 – 4.26, as the measured maximum packing 
ranges between 0.47 and 0.62. Struble and Sun [50] calculated the 
intrinsic viscosity of different cement pastes, yielding intrinsic viscos-
ities in the range [η] = 4.5–6.0. For spherical particles, on the other 
hand, the intrinsic viscosity equals 2.5 [50]. The curve fitting method 
used in this study was previously used by Justnes and Vikan [51]. They 
investigated the Krieger-Dougherty equation on cement slurries and 
obtained values of the intrinsic viscosity around 5, though values up to 
9.583 were seen for low shear rates in the rheometer. Note that the 
intrinsic viscosities used in this study are obtained solely to provide the 
best fit for each investigated model and varies little within each of the 
four suspension models applying intrinsic viscosity. However, the 
resulting values for the four different models are in the range 0.53–7.18, 
provided in Appendix A. 

2.3. Multilayer perceptron neural networks 

A multilayer perceptron based artificial neural network (ANN) is a 
mathematical technique where interconnected layers of neurons are 
used to determine the relationship between input and output variables 
without requiring the explicit physics behind the studied phenomenon. 
The links between the neurons are weighted to relate the importance of 
input variables to the output variables. The input layer neurons are 

variables that can be altered to optimize a problem and the output layer 
neurons are quantifications of desired outcomes for a given problem 
[52]. In this study, the input arguments of the MLP models are the SP/ 
cement-ratio, the silica fume/binder-ratio, the VSSAmatrix, as well as the 
volume fractions of water, cement, filler and fly ash. For example, the 
input arguments for mix 1a-1 are: SP/c = 0.75, silica fume/binder =
0.00, VSSAmatrix = 394 mm2/mm3, and the volume fractions of water, 
cement, filler and fly ash which are 0.48, 0.40, 0.11 and 0.00, respec-
tively. The outputs are the Bingham yield stresses and -plastic viscos-
ities, the flow resistance ratios and the mini slump flows. The 
experimental data was randomly divided into training data (80%) and 
testing data (20%), as this is a frequently used split between training and 
testing data for MLP-models in literature [53–56]. The MLP models were 
developed from the training data, and their performance was verified on 
the testing data. All data samples were normalized between 0.1 and 0.9. 
In addition to the layers of input neurons and output neurons, the MLP 
models consist of a number of hidden layers of neurons, being the 
activation functions linking the input neurons to the output neurons 
[57]. Here, the NEWFF function with trainlm training function in 
MATLAB was used to build the network: 

net = newff (P,T, S) (3) 

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

The number of hidden layers and the number of neurons in each 
hidden layer were tuned by MATLAB GA Toolbox to increase the speed 
and efficiency of the neural network [57]. The tuning interval for the 
number of hidden layers and number of neurons in each layer were 
defined as 1–2 and 1–20, respectively. To compare the predictive per-
formance and selecting appropriate and robust models, the coefficient of 
determination, R2, was used [58]. 

3. Experiments 

3.1. Materials data and mix design 

The experimental test program consists of 107 cement pastes with 
manufactured sand, hereinafter referred to as matrices. Originally, 125 
mixes were designed, but 8 of the mixes were too viscous to perform 
testing on, and 10 mixes were without manufactured sand, and hence 
outside the scope of this paper. Out of the resulting 107 matrices, 41 
contained silica fume. Table 2 outlines the main variables of the test 
series. 

Five different fillers were used: Three crushed granitic aggregate 
fillers from Velde Pukk AS with density 2.65 g/cm3, denoted fine, in-
termediate and coarse; a Vertical Shaft Impactor (VSI) crushed 0/2mm 
filler from Feiring Bruk with the density 2.75 g/cm3, denoted VSI filler; 
and lastly, an industrial biotite (mica) GW-MB-A230 with the density 
2.84 g/cm3 from Great Wall Mineral [59]. The fillers from Velde Pukk 
AS differ from each other by being extracted at different cut-sizes in the 
crusher, where fine, intermediate and coarse is extracted at 63 µm, 125 
µm and 500 µm, respectively [1]. The VSI filler was crushed from gneiss 
and granite and extracted at cut size 2 mm. The fillers from Velde Pukk 
AS and Feiring Bruk were mechanically sieved at 125 µm. 

Two different cement types were used in the mix program: The 
Norwegian Standard FA cement (Std FA) from Norcem AS, CEM II/B-M 
42.5 R, with particle density 3.00 g/cm3, and the Norwegian Industry 

Table 1 
Relative suspension viscosity models, based on the relative concentration of 
solids.  

Authors Equation 

Krieger and Dougherty [14] ηr =

(

1 −
ϕ

ϕm

)
− [η]φm  

Mooney [15] 

ηr = exp

⎛

⎜
⎜
⎝

[η]ϕ

1 −
ϕ
ϕm

⎞

⎟
⎟
⎠

Eilers [16] 

ηr =

⎛

⎜
⎜
⎝1 + 0.5[η]

⎛

⎜
⎜
⎝

ϕ

1 −
ϕ
ϕm

⎞

⎟
⎟
⎠

⎞

⎟
⎟
⎠

2  

Robinson [17] 

ηr = 1 + [η]

⎛

⎜
⎜
⎝

ϕ

1 −
ϕ
ϕm

⎞

⎟
⎟
⎠

Chong et al. [18] 

ηr =

⎛

⎜
⎜
⎝1 + 0.75

⎛

⎜
⎜
⎝

ϕ
ϕm

1 −
ϕ
ϕm

⎞

⎟
⎟
⎠

⎞

⎟
⎟
⎠

2  

Quemada [19] ηr =

(

1 −
ϕ

ϕm

)
− 2  

ηr = relative viscosity, [η]= intrinsic viscosity, ϕ= packing fraction, ϕm =

maximum packing fraction 

Table 2 
Outline of the different test series.  

Series 1a 1b 2a 2b 

No. of mixes 55 14 11 27 
Description Standard 

FA 
Standard FA  

+ Silica fume 

Industry 
cement 

Industry 
cement 
+ Silica fume  
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cement from Norcem AS, CEM I 52,5 R, with particle density 3.13 g/m3. 
The Std FA cement contains 18% fly ash and 4% limestone, and has a 
modest heat and strength development, while the Industry cement is a 
rapid hardening Portland cement with rapid heat and strength devel-
opment [35]. Information about the chemical composition, particle size 
distributions, fineness and the setting time of the cements is found in 
Appendix B. Fly ash from Norcem AS and undensified Elkem Microsilica, 
940-U, were also included in some of the matrices. The polycarboxylate 
ether-based superplasticizer Dynamon SR-N from Mapei, with dry solids 
content of 19.5 %, was used in all the matrices. 

The matrices were divided into two main series: Series 1 that consists 
of Standard FA cement matrices, and Series 2 that consists of Industry 
cement matrices. Each series was further divided into two subseries, a 
and b, representing matrices without and with silica fume, respectively, 
see Table 2. The mix designs were chosen to map a wide span of rheo-
logical parameters. Therefore, both matrices within and outside the 
practical range used in ready mix concrete production appeared in the 
test program. Appendix C provides detailed information about the mix 
compositions for all matrices. 

3.2. Volumetric specific surface area 

The PSD analysis was performed with the SediGraph III Plus for all 
dry powders except silica fume. The dispersing liquid Micromeritics 
Sedisperse A-12 was used, as this was successfully used to study settling 
of fly ash, filler and cement with a maximum diameter 125 µm by Sosa in 
[44]. 

The measured PSDs and the calculated VSSAs are presented in Fig. 1. 
A PSD analysis of the silica fume was not performed, due to its small 
grain sizes. Like in [13], a volumetric specific surface area of 60 000 
mm2/mm3 was used for the silica fume in this study, based on the 
assumption of spherical particles with a mean diameter of 0.05 µm and 
particle density 2200 kg/m3 [35]. 

3.3. Mixing and rheology measurements 

All matrices were produced in volumes of 2.0 L and mixed according 
to the procedure by Ng. et al. [60]. Details about the chosen mixing 
equipment is described in [13]. Later, replica mixes of all matrices were 
made for packing and fluid viscosity measurements with centrifuge and 
capillary glass viscometer. For these matrices, the high shear mixing 
procedure described in [61] was used. The volume of each matrix was 
chosen to get enough volume of the excess fluid. In [62] it was found 

that a volume of 0.4 l was necessary for the matrices with w/c less than 
0.5, while 0.2 l was sufficient for the matrices with w/c greater than 0.5. 
All dry materials were premixed by hand for 10 s, followed by wet- 
mixing by a hand-blender, Phillips ProMix model no. HR 1673, with 
800 W power rating. The wet mixing was performed at maximum speed 
in 30 s, followed by 5 min rest, and then 60 s of maximum speed mixing 
again. Directly after mixing, the matrices were evenly distributed into an 
even number of falcon tubes with volume of 45 ml and centrifuged at 
4000 rpm for 5 min [63]. After centrifugation, the excess fluid was 
extracted from the matrix, and used to calculate the maximum packing 
fraction of the matrix according to eqn. (4) – (6) in [62]. Lastly, the 
kinematic viscosity of the excess fluid was measured. 

3.4. Rheology measurements on matrix 

Directly after mixing of the 2.0 L matrices, the Anton Paar Physica 
MCR 300 rheometer and the FlowCyl tests were performed, followed by 
the mini slump test. A detailed procedure for these tests is described in 
[12]. The FlowCyl is a vertical pipe with a cone in its end, and the 
matrices flow through a narrow opening in the cone under gravity. The 
mass as a function of time is logged and forms the basis for calculating 
the flow resistance ratio [12]. The flow resistance ratio, λq, ranges from 
0.0 to 1.0, where 0.0 represents an “ideal fluid” with no internal resis-
tance or external friction and 1.0 represents an extremely viscous fluid 
that are too viscous to flow through the FlowCyl [35]. The flow resis-
tance ratio is defined as the average ratio between the flow loss of the 
measured fluid and the theoretical fluid flow of the ideal fluid [35]. 
Clearly, no such ideal fluid exists, and the authors considers the extremal 
case of λq = 0.0 a fluid where the viscosity approaches zero. Mørtsell 
[11] stated that the theoretical flow rate of an ideal fluid is only gov-
erned by the gravity and the geometry of the FlowCyl. Hence, there 
would be no friction between the fluid and the walls of the FlowCyl and 
no internal friction in the fluid, and the flow resistance ratio would by 
definition be equal to zero. In this study, the lowest measured λq equaled 
0.33, corresponding to a measured plastic viscosity of 0.05 Pas, and the 
highest measured λq equaled 0.99, corresponding to a plastic viscosity of 
2.17 Pas. Due to a limited amount of matrix in the current study, the 
matrices were reused in the mini slump cone after the FlowCyl test was 
performed. The mini slump – cone had a top diameter of 39 mm, bottom 
diameter of 89 mm and height of 70 mm. The cone was filled with matrix 
and lifted vertically so the matrix started flowing. When the matrix 
stopped flowing, its diameter was measured in two perpendicular di-
rections, and the average value was used. 

Fig. 1. PSDs and VSSAs of all dry materials except silica fume.  
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The yield stress, τ0, and plastic viscosity, μ, were calculated ac-
cording to the Bingham model using the flow curve (shear stress vs shear 
rate) obtained by the rheometer [64]. The rheometer was installed with 
bob-in-a-cup geometry, and the geometry of the bob was as described in 
[12]. Such equipment has successfully been used for rheology quanti-
fication of cementitious materials in previous studies [65–67]. The 
matrices were sheared at a shear rate of 60 s− 1 for 30 s, then at rest for 
30 s, followed by linearly increasing shear rates from 1 s− 1 to 60 s− 1 over 
a period of 3 min (30 steps of 6 s). Thereafter, the shear rate decreased in 
steps from 60 s− 1 to 1 s− 1 for 3 min. The plastic viscosity was calculated 
as the slope of the down-curve (linearly decreasing shear rate) and the 
yield stress as the intercept at zero shear rate of the down-curve [64]. 
Fig. 2 illustrates typical down-curves obtained from the rheometer for 
cement pastes from the experimental study with both low and high 
Bingham parameters, i.e., mix 1a-46 and 1a-3, respectively. The cement 
paste presented in Fig. 2 (a) yields τ0 = 0.57 Pa and μ = 0.14 Pas, while 
the cement paste in Fig. 2 (b) measures τ0 = 23.98 Pa and μ = 1.40 Pas. 

The repeatability of the measurements was determined by repeated 
mixing and testing of mix 1a-2. Table 3 summarizes the repeatability 
results. 

3.5. Maximum packing fraction and the relative concentration of solids 

The maximum packing fraction,ϕm, was measured on the replica 
mixes by centrifugation of a known volume of matrix [63]. During 
centrifugation, the excess fluid expelled from the matrix, forming a 
liquid layer on top of the compacted matrix in the tube. The volume of 
the excess fluid was found by weighing the fluid after pouring it off from 
the tubes. It was assumed that in addition to water, the liquid consisted 
of some solid particles from the matrix. This solid content was found by 
evaporating the excess fluid at 40 ◦C. The density of the fluid was ob-
tained by the simple assumption that the solid particles were composed 
by 50% fines and 50% solid content from the polymers, resulting in an 
average solid density of 1.85 g/cm3 [62,68]. The maximum packing 
fraction was calculated from eqn. (4), where the total solid fraction of 
the matrix , ϕ, was calculated from the mix proportions and the indi-
vidual powder particle densities: 

ϕm =
ϕ

VFF + Φ
=

ϕ
1 − EF

(4) 

The accuracy of the maximum packing measurements was estimated 
based on repeated measurement of four matrices. The maximum error 
equaled 5.8%, while the average error for the four matrices equaled 
1.68%. 

3.6. Viscosity of interstitial pore solution - ηfluid 

The kinematic viscosity measurements of the interstitial pore solu-
tion were performed using two different glass viscometers, ASTM D2515 
size no. 50 with a capillary diameter 0.44 mm, and ASTM D2515 size no. 

75 with a capillary diameter of 0.54 mm. It was necessary to use two 
different viscometer sizes due to the variation in the expelled excess 
fluids ability to flow through the capillary of the glass viscometer. An 
overview of which viscometer that was used for each matrix is found in 
Appendix C. The excess fluids of the matrices that were tested with the 
viscometer size no. 50 were filtered after centrifugation, using a cellu-
lose filter with mesh size 0.45 µm. The excess fluids of the other matrices 
were unfiltered. For all matrices, the test setup and sample preparation 
were done according to the ASTM D2515-66 Standard [69]. Three vis-
cosity measurements were performed for each matrix [62,68]. The 
maximum coefficient of variation between similar matrices was 8.2%. 
However, out of all matrices, a coefficient of variation of more than 
0.88% was only seen twice. 

4. Results and discussion 

Firstly, the correlations between the predicted and measured 
rheology values for all mixes are investigated. The correlations are 
described by their R2-values, listed in Table 4. As the models in Table 1 

Fig. 2. Typical down-curves of cement pastes tested in the rheometer. The straight lines and the corresponding equations represent the linear regressions applied on 
the data to extract the Bingham parameters. The illustration includes flow curves of cement pastes yielding both (a) low Bingham parameters and (b) high Bing-
ham parameters. 

Table 3 
Repeatability of the rheology measurments.  

Repeatability test no. τ0[Pa]  μ 
[Pas] 

Mini slump flow 
[mm] 

λq 

[-] 

1  14.65  1.31  15.5  0.92 
2  12.02  1.24  16.2  0.93 
3  15.49  1.23  16.0  0.92 
4  13.75  1.29  15.3  0.94 
5  15.45  1.24  15.2  0.92 
Mean  14.27  1.26  15.64  0.92 
Standard deviation, σ  1.45  0.04  0.44  0.01 
Coefficient of variation, CV 

[%]  
10.1  2.9  2.8  0.9  

Table 4 
Coefficients of determination, R2, for predicted and measured values for all 
matrices.   

R2  

μ τ0  λq Mini slump flow  

All matrices All matrices All matrices All matrices 
LT1 0.05 0.52 0.05 0.39 
LT2 0.36 0.46 0.39 0.44 
Φ/Φmax 0.55 0.01 0.60 0.07 
K-D 0.59 – – – 
Mooney 0.56 – – – 
Eilers 0.57 – – – 
Robinson 0.55 – – – 
Chong 0.56 – – – 
Quemada 0.56 – – – 
MLP 0.91 ± 0.07 0.84 ± 0.10 0.88 ± 0.09 0.87 ± 0.09 

K-D = Krieger and Dougherty 
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are developed for viscosity prediction, they are only compared with the 
plastic viscosity. The R2-values for all models except the MLP model, are 
obtained from regression analysis in Excel, using the Solver function to 
obtain the minimum sum of squares. The exponential, linear, logarith-
mic and power law function fits are compared, and the equation 
providing the highest R2 is chosen. For the MLP model, the prediction 
accuracy is calculated as the average accuracy of 100 randomly selected 
training datasets for the considered case. 

Table 4 shows that the MLP model provides far better correlations to 
all the four rheology parameters, than the other models. The coefficient 
of determination for the MLP model is in the range of 0.84 – 0.91, while 
the best coefficient of determination for the nine other models is 0.60. 
The best correlation for the MLP model is found for the plastic viscosity, 
with an R2 = 0.91. 

It is clear that the nine suspension models are not suitable for 
rheology prediction of all matrices in the presented test program. As two 
different cement types are used in the test program, it is of interest to 
investigate whether the models improve when considering matrices 
with each of the cement types, individually. Note that all mix designs 
contain either Standard FA or Industry cement, not a combination of 
both cement types. As described in section 3.1, Standard FA cement has 
a modest heat and strength development, while Industry cement is rapid 
hardening, meaning faster loss of workability. Table 5 provides the R2- 
values for Series 1 (matrices with Standard FA cement) and 2 (matrices 
with Industry cement). 

Table 5 shows that when considering Series 1 and 2 individually, the 
MLP model is the only model that can predict the rheology of matrices 
with Standard FA cement (Series 1). However, the maximum coefficient 
of determination for matrices with Industry cement (Series 2) is 0.76, 
which at best can be said to give values in the same order of magnitude 
as the measured values. Hence, none of the investigated models can 
predict the rheological behavior of the matrices in Series 2. Even the 
MLP model that provides quite good correlations to all matrices (Series 
1 + 2) is not suited for prediction of Series 2 alone. This can be a result of 
either a material effect or sample size effect, as Series 2 has fewer 
matrices than Series 1 (38 and 69 matrices, respectively). These effects 
were investigated by performing the MLP analysis for an equal number 
of random selected samples from each series, see Fig. 3. The difference 
between the Standard FA and Industry cement matrices with equal 
number of samples indicate that the prediction accuracy of the dataset is 
affected by both sample size and material effects, but with a slight 
dominance of the latter. 

When it comes to the material effect, the observed difference be-
tween matrices with Standard FA and Industry cement might be 
attributed to a different SP interaction with the cements. Justnes and Ng 
[69] showed that plasticizers interact more strongly with C3A (alumi-
nate) than other clinker phases. Bogue calculations [35] based on the 
oxide compositions in Appendix B, show that the Standard FA cement 
contains approximately 13.8 % C3A, while Industry cement contains 

approximately 8.7 % C3A. This shows that the SP interacts more strongly 
with Standard FA cement than Industry cement. Another possible reason 
for the observed difference between the cement types is that the VSSA of 
Industry cement is higher than that of Standard FA cement. In [13], the 
two cement types were found to have the clearest effect in the relation 
rheology as function of VSSA, after silica fume, compared to the other 
dry materials. Maeyama et al. [43] showed that powders with high 
specific surface area are more prone to flocculation. Hence, a possible 
consequence of the high VSSA of Industry cement is higher degree of 
flocculation. Though SP was added in all mixes, not all mixes reached 
SP-saturation in terms of complete surface adsorption. This was dis-
cussed in [70], where it was shown that variations in yield stress clearly 
related to SP-dosage. Hence, we think that there are differences in 
dispersion due to this effect. A third reason, which is investigated in 
detail below, is that in contrast to the Standard FA matrices, most of the 
Industry matrices contain silica fume. 

To investigate whether addition of silica fume affects the prediction 
accuracy, individual analyses of each subseries were done. The R2 values 
for the subseries 1a, 1b, 2a and 2b are listed in Table 6, where a indicates 
mixes without silica fume, and b mixes with silica fume. The relative 
viscosity models are all functions of ϕ

ϕm
, and show approximately the 

same correlation to the estimated values as ϕ
ϕm 

alone, and are therefore 
not included in the table. The MLP analysis is not performed for each 
subseries due to too few matrices in each series. Instead, a total analysis 
for all matrices without silica fume, i.e. Series 1a and 2a, and all matrices 
with silica fume, i.e. Series 1b and 2b, is performed, and these results are 
listed to the right in Table 6. 

Table 6 shows that ϕ
ϕm 

does not provide a good fit for any of the 
rheological parameters. Both liquid thickness models provide a better fit 
for the flow resistance ratio and plastic viscosity than the yield stress and 
mini slump flow, which is in line with [13], where it was found that the 
correlation between the VSSAmatrix and yield stress or mini slump flow is 
weaker than for VSSAmatrix and plastic viscosity or flow resistance ratio. 
However, the liquid thickness models break down when adding silica 
fume, which is attributed to its very high VSSA. The liquid thickness is 
inversely proportional to the VSSAmatrix, thus the matrices with silica 
fume obtain a significantly lower calculated liquid thickness than 
matrices without silica fume. The authors are aware that an assumed 
VSSA of silica fume of 60 000 m2/kg is higher than normally seen in 
literature, which is typically 13 000 – 30 000 m2/kg [71]. However, 
independent of which value that is chosen, the VSSA of silica fume 
would be an order of magnitude higher than the other dry materials, 
hence it is not believed that this assumption would affect the main re-
sults from this study. 

Another possible reason that the models struggle to predict matrices 
with silica fume, is that the energy needed to disperse particles is 
decreasing when silica fume is introduced [72–73]. In addition, as silica 
fume particles are spherical, the “ball bearing effect” could also play a 

Table 5 
Coefficients of determination, R2, for predicted and measured values for Series 1 and 2.   

R2  

μ τ0  λq Mini slump flow 
Series 1 2 1 2 1 2 1 2 

LT1 0.02 0.17 0.50 0.40 0.01 0.27 0.29 0.40 
LT2 0.35 0.42 0.53 0.31 0.33 0.53 0.43 0.44 
Φ/Φmax 0.68 0.57 0.06 0.05 0.74 0.61 0.14 0.22 
K-D 0.71 0.54 – – – – – – 
Mooney 0.66 0.47 – – – – – – 
Eilers 0.68 0.53 – – – – – – 
Robinson 0.64 0.53 – – – – – – 
Chong 0.66 0.52 – – – – – – 
Quemada 0.66 0.52 – – – – – – 
MLP 0.91 ± 0.09 0.76 ± 0.21 0.91 ± 0.09 0.76 ± 0.18 0.94 ± 0.05 0.75 ± 0.18 0.90 ± 0.12 0.74 ± 0.20 

K-D = Krieger and Dougherty 
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role. These two effects can contribute to a less viscous matrix, which is 
not explicitly accounted for in any of the models. 

The best correlation from Table 6 is seen between liquid thickness 
model 1 and the flow resistance ratio for Series 1a. The correlation is 
surprisingly good, particularly considered the varying SP-dosage in the 
series. Varying dispersion between the individual matrices is expected to 
affect the lubricating effect of the liquid around the particles, but 
apparently, the interpretation of the mode of action of the lubricating 
liquid layer is not straightforward and needs to be investigated more. 

Overall, the MLP models provide the best predictions. However, they 
also start to struggle when adding silica fume (Series 1b and 2b). The 
best correlation for these matrices is found for the MLP model vs flow 
resistance ratio, yielding an R2 = 0.79. The results in Table 6 also 
illustrate that the predictions of the MLP models do not diminish when 
including Industry cement. The reason why the MLP model could not 
accurately predict Series 2 (i.e. the matrices with Industry cement) in 
Table 5 was that more than 50% of the matrices also included silica 
fume. In this regard, it should be noted that a part of the decrease in 
model accuracy when adding silica fume, see Table 6, is attributed to the 
reduced sample size, similar as was seen in the analysis of the two 
cement types in Fig. 3. However, the advantage of the MLP model is that 
it is based on experience and can continuously be improved as the 
experimental dataset increases. In addition, it is a flexible model that can 
be fitted to many different datasets, meaning that it easily can be 
expanded to account for new materials. On the other hand, the 

shortcoming of this model is that the physical aspects of the other 
models are lost. Also, as the model is tailor-made for a given dataset, the 
model will break down for matrices outside the considered dataset, 
unless the model gets updated. In general, the ANN prediction has three 
limitations. Firstly, the models cannot produce their own database, 
hence requiring an experimental or numerical database for training 
[41]. Secondly, ANNs can only predict values within the network 
training domain, demanding training data over the whole performance 
range of the system [41]. Lastly, the choice of initial parameters has a 
major impact on the training outcome [41]. 

5. Feature selection 

Neighborhood Component Feature Selection (NCFS) was conducted 
to map the importance of the input variables for prediction with MLP. 
NCFS solves a multi-objective optimization problem to obtain the opti-
mum weights that minimize the mean loss of the neighborhood 
component analysis (NCA) regression model, eqn. (5). The optimum 
weights provide information regarding the importance of the input 
variables [74]. 

min
w

1
n
∑N

p=1
Lp +Γ

∑n

i=1
w2

i (5) 

where n is the number of input variables, N is the number of data, wi 
is the weight of the NCA regression model for the ith input variable, Lp is 

Fig. 3. A comparison between the Standard FA (Std FA) and Industry (IND) cement matrices to investigate the impact of sample size.  

Table 6 
Coefficient of determination for measured and estimated values for Series 1a 1b, 2a and 2b. (1a + 2a: Without silica fume, 1b + 2b: With silica fume).   

Series No. of matrices R2   R2  

LT1 LT2 Φ/Φm Series No. of matrices MLP 

μ 1a 55  0.91  0.83  0.75 1a + 2a 73 0.89 ± 0.14 
1b 14  0.04  0.01  0.30   
2a 18  0.77  0.67  0.62 1b + 2b 34 0.76 ± 0.20 
2b 20  0.01  0.02  0.15   

τ0  1a 55  0.52  0.38  0.32 1a + 2a 73 0.84 ± 0.15 
1b 14  0.74  0.39  0.30   
2a 18  0.08  0.09  0.06 1b + 2b 34 0.78 ± 0.19 
2b 20  0.09  0.00  0.32   

λq 1a 55  0.94  0.89  0.84 1a + 2a 73 0.92 ± 0.08 
1b 14  0.06  0.01  0.34   
2a 18  0.81  0.73  0.69 1b + 2b 34 0.79 ± 0.20 
2b 20  0.04  0.01  0.06   

Mini slump flow 1a 55  0.59  0.44  0.36 1a + 2a 73 0.91 ± 0.10 
1b 14  0.65  0.34  0.35 
2a 18  0.46  0.33  0.27 1b + 2b 34 0.62 ± 0.23 
2b 20  0.13  0.03  0.14  
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the loss of the NCA regression model for the pth data, and Γ is a 
parameter determined by the user. Note that Lp is the expected value of 
the difference between the pth output data and the predicted output data 
for the pth input data using the NCA regression model. Fig. 4 shows the 
inputs rank according to their importance by NCFS, where the weight of 
non-relevant inputs is zero. However, it should be noted that the 
robustness of NCFS can be reduced by sampling uncertainty. Therefore, 
the importance of input variables varies depending on the sampled 
dataset. 

Fig. 4 shows that the importance of the input parameters varies for 

the four analyses, but common for all is the importance of water and 
superplasticizer. This is not surprising, as it is common knowledge 
within the field of concrete technology that water and superplasticizer 
affect rheology strongly. Also, these two parameters are the only ones 
that are included in all the presented mix designs. For the dry materials, 
on the other hand, no general trend is found for all output variables. This 
is probably partly because none of the dry materials are constituents in 
all mixes, and partly due to the fact that the input parameters are 
affected by each other, and their effect on the output parameters are 
dependent on their volumetric relations. 

Fig. 4. Importance of the input variables for the prediction of the four rheology parameters with MLP. Input weight = wi in eqn. (5).  
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6. Conclusion 

In this study, the ability of ten different models to predict rheology of 
cement pastes with manufactured sand and silica fume was investigated. 
The investigated models were two different liquid thickness models, the 
relative concentration of solids, six different viscosity models by Krieger 
and Dougherty, Mooney, Eilers, Robinson, Chong and Quemada, and 
lastly an MLP model. The predicted parameters were compared with the 
Bingham yield stress and plastic viscosity, the flow resistance ratio and 
the mini slump flow, obtained by laboratory testing. The MLP model was 
clearly better than the other models in predicting the behavior of all 
matrices, with a coefficient of determination of R2 = 0.84 – 0.91 for the 
four investigated rheological parameters. The nine suspension models 
provided at best an R2 = 0.60 for all matrices. When considering each 
cement type individually, the correlations improved for matrices with 
Standard FA cement, as opposed to matrices with Industry cement, with 
the exception of predictions from the liquid thickness models and the 
correlation between the relative concentration of solids and mini slump 
flow. Although the MLP model provided high prediction accuracy for all 
mixes, it only obtained an R2 = 0.76 for mixes with Industry cement, 
which is partly due to smaller sample size and partly due to material 
effect. The material effect could either come from that Standard FA 
cement interacts more strongly with SP than Industry cement, or that 
Industry cement has higher VSSA than Standard FA cement. Lastly, it 
could be because a majority of the Industry cement matrices contain 
silica fume, which was found to weaken the prediction accuracy. A 
highlight for liquid thickness model 1 was its ability to predict the flow 
resistance ratio of the matrices without Industry cement and silica fume 
with R2 = 0.94. Like for many of the other models, the accuracy of this 
model especially diminished when adding silica fume, which was 
speculated to be attributed to three effects; 1) the very high VSSA of 
silica fume; 2) the decrease in energy that is needed to disperse particles 
when adding silica fume; and 3) the ball bearing effect of the round silica 
fume particles. Nevertheless, overall, the MLP model outperformed all 
the suspensions models for the matrices investigated in this study, which 
indicates that artificial neural network predictions are a promising 
avenue to follow when it comes to cement paste rheology. 
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