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This research is carried out to investigate the Gaussian process regression (GPR) based on a machine learning
model to predict the compressive strength of Miscanthus lightweight concrete (MLWC). A database of 414
experimental data, which includes nine input variables such as six mix constituents of concrete, form of spec-
imen, curing time and pre-treatment condition and an output variable of compressive strength of MLWC, is
constructed from the data collected by a series of experimental tests on MLWC. Two kernel functions, namely, the

squared exponential and rational quadratic are used in the GPR model. It is found from experiments that the GPR
model with rational quadratic kernel gives minimum errors for predicting compressive strength of MLWC. In
addition, a user-friendly graphical user interface is created using MATLAB software to deploy the GPR model
which can be used at an early stage of designing the Miscanthus concrete members instead of using costly

experimental investigation.

1. Introduction

Concrete, a mixture of cement, water, fine aggregates (sand) and
coarse aggregates, is the most common material used in the construction
industry due to its various advantages over other materials such as
durability, integrity and economy. However, the process of producing
concrete causes several impacts on the environment, not only the large
amount of CO; emissions, but natural resources such as sand and gravel
also become depleted. The extraction of natural aggregates, often from
environmentally sensitive areas such as river valleys, can lead to a
destruction of an ecosystem. Using Miscanthus in concrete formulations
is a possible solution to lower the use of natural aggregates in concrete
[1]. In addition, if the Miscanthus can replace the use of aggregates in
concrete, benefits can be gained through reducing energy consumption
and carbon emission [2].

Many efforts have been made in the last decade to achieve improved
Miscanthus fibre-binder bond characteristics in the concrete mix as well
as to replace the conventional building materials with Miscanthus
[3,4,5,6,7,8]. Pude et al. [9] stated that Miscanthus could be used as
basic material for structures because it contains considerably strong
fibre compounds made of silicon, cellulose and lignin. They investigated
the suitability of four genotypes of Miscanthus stems as lightweight
concrete aggregates. Acikel [10] showed that using the grinded Mis-
canthus with a diameter 4-8 mm and a length of 60-80 mm as light-
weight aggregates in a concrete mixture, the strength of concrete in
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compression, tension and bending is increased by 4 to 28%, 9 to 25%
and 4 to 9%, respectively. The pore structure of Miscanthus contributes
to reduce the thermal conductivity of the Miscanthus concrete [11,12].
Chen et al. [13] analyzed the thermal and acoustic performance of
Miscanthus lightweight concrete (MLWC). The test results showed that
MLWC has better thermal and sound insulation characteristics compared
to normal-weight concrete, which is due to the high porosity of MLWC. It
was also concluded that the sound absorption coefficient increases from
0.28 to 0.63 with the increase of the volume of Miscanthus from O to
30%.

The use of Miscanthus as a lightweight aggregate in concrete is
limited due to several reasons such as inconsistent properties of the
porous composite and lack of research on the characteristics and per-
formance of Miscanthus as lightweight aggregate in concrete. This
research was designed to address the above issues by conducting labo-
ratory experiments on MLWC to investigate the effects of different
constituents and moisture content on the strength and performance
characteristics of MLWC. It is also needed to know which mix pro-
portions should be used to achieve the specific properties of concrete,
especially the desired compressive strength. If the strength of concrete
could be predicted beforehand, it could save a lot of time and cost.
However, such a topic has never been studied on MLWC. Thus, as the
first step of such a detailed investigation of MLWC, this paper focuses on
developing an accurate and reliable prediction model to quantify
accurately the volumes of the different constituents for an optimisation
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of the mixture regarding the compressive strength of MLWC.

Recently, machine learning (ML) techniques have been utilized
increasingly for mixture design and optimization due to their excellent
pattern recognition, auto-association and self-learning. The ML models
can be used for predicting output data, based on a defined input dataset
[14]. Various researchers used different ML techniques such as regres-
sion analysis [15,16,17], artificial neural networks (ANN) [18,19,20],
fuzzy logic [21,22] for the prediction of compressive strength of
concrete.

Linear regression (LR) is a basic and relatively simple supervised-ML
algorithm that can be implemented very easily compared to other ML
techniques. Due to its lower computational time when compared to
other ML algorithms, it has been widely used to define the relationship
between a dependent variable and one or more independent predictors
[23]. Chopra et al. [15] used it for the prediction of compressive
strength of concrete with and without fly ash. Huang et al. [24] used
multiple linear regression (MLR) to estimate the bond strength of fibre
reinforced polymer concrete.

In the last years, ANN structures are being used to solve many
complex problems in civil engineering applications due to its capability
of performing multiple tasks in parallel without affecting the system
performance. Yeh [25] developed a model with eight input variables (i.
e. cement, fly ash, blast furnace slag, water, superplasticizer, coarse
aggregate, fine aggregate and age of testing) to optimize the high-
performance concrete mix for given workability and strength using
ANN. Alshihri et al. [26] predicted the compressive strength of struc-
tural lightweight concrete using ANN. They used laboratory test results
to train and to validate the neural networks. Ni and Wang [18] showed
that the single-layer ANN model could accurately predict the 28-day
compressive strength of concrete. Bingol et al. [27] predicted the
compressive strength of lightweight concrete with pumice aggregate
subjected to high temperatures using ANN. Das et al. [28] developed an
ANN model with seven inputs to predict the mix proportions of concrete.
The hidden-layer neurons were adjusted by trial and error method to
achieve optimal value. Topcu and Saridemir [21] gathered 52 different
mixes with 180 specimens to develop a model to accurately predict the
compressive strength of concrete containing fly ash using ANN and fuzzy
logic.

Kewalramani and Gupta [29] developed MLR and ANN models to
predict the long-term compressive strength of concrete. They concluded
that ANN is more efficient in producing reliable strength compared to
MLR. Similarly, Khademi et al. [30] developed three different models
based on MLR, ANN and adaptive neuro-fuzzy inference system (ANFIS)
to predict the 28-day compressive strength of concrete. They concluded
that ANN and ANFIS models produced reliable results, while MLR model
was not capable enough due to the nonlinear relationship between mix
parameters. Omran et al. [31] compared the accuracy of different ML
techniques for predicting the compressive strength of environmentally
friendly concrete. They found that ensemble models such as additive
regression and bootstrap aggregating was able to achieve good predic-
tion performance. Their results have shown that the Gaussian process
regression (GPR) model had the best prediction accuracy as an indi-
vidual data-mining model. Pal and Deswal [32] also found that GPR
model could provide a reliability response to an input data. Another
advantage of the GPR model was the prior fitted function could be
shaped by the choice of kernel function.

To the best of our knowledge, the capability of GPR has rarely been
investigated for the prediction of compressive strength of concrete.
However, due to its methodological advantages, GPR models have been
widely used in many fields [33,34]. GPR is a non-parametric regression
model, and it is capable of fitting complex, nonlinear relationships be-
tween output and input variables [35]. GPR has its own intrinsic ad-
vantages over other ML techniques such as ANN and fuzzy logic model.
In general, ANN has some shortcomings like slow convergence speed,
less generalising performance, and over-fitting problems [36] whilst
fuzzy logic model has disadvantages like requires lots of data, and needs
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high human expertise on determining fuzzy rules [37]. Compared to
other ML methods, the major advantage of using GPR is that its ability to
get the predictions using the mean and to capture the uncertainty of
predicted values using variance. In addition, GPR can be applied effec-
tively to solve regression problems with small datasets and high di-
mensions, by choosing a kernel function with the knowledge of data that
best represents the data [38].

Accordingly, this paper utilizes state-of-the-art achievements in
machine learning techniques for Miscanthus concrete mix design. The
objective of this paper is to illustrate that the ML model that employs the
GPR can be used to accurately predict the compressive strength of
MLWC. The subsequent part of the paper is organized as follows. Section
2 discusses the materials and the experimental procedure used to pro-
duce required dataset. Section 3 then describes the ML technique and the
evaluation method, followed by the discussion of the results. The
conclusion of this study is presented in the final section.

2. Experimental procedure

The experimental tests have been conducted at the laboratory of
Solid Structures of the University of Luxembourg. The main character-
istics of materials and procedures used for the purpose of this study are
presented in this section.

2.1. Materials

The Miscanthus concrete mixtures consisted of six components such
as Miscanthus, cement, water, lime, a superplasticizer and a mineraliser.
Miscanthus x giganteus (Mxg), the giant Miscanthus, which was pro-
duced by Luxembourgish farmers, was chosen because of its wide
availability. In this study, dried Miscanthus with average density of 120
kg/m?® was used. The length of the used Mxg fibres ranged from 15 to 60
mm with a cross-section of 1 to 6 mm. As Mxg has high water absorption
capacity, pre-treatment condition of the Mxg will also have an impact on
the compressive strength. Therefore, a silicate sealant was applied on
the Mxg fibres before their application in some mixtures in order to
investigate the effect a pre-treatment.

CEM I Portland cement of class 42.5R (CEM I 42.5R) as per EN 197-
1:2011 [39] and natural hydraulic lime strength class 3.5 (NHL 3.5) as
per EN 459-1 [40] were used as the binder materials. It is well known
that the lime improves the workability and permeability of the lime-
cement mortar, while increase of cement in the binder improves the
mechanical strengths of the mortar [41,42]. Calcium Chloride (CaCly)
was added as mineraliser to avoid the Miscanthus fibres to absorb the
water needed for the hydration process. It leads to an increase of the
compressive strength without increasing the amount of cement [43,44].
Since the Miscanthus fibres have a high water absorption, cement hy-
dration process has to be increased before the Miscanthus fibres can
absorb the water. On this purpose, MasterGlenium ACE 456 super-
plasticiser was introduced with the mortar due to its advantages of
improving the rheology of the mixture and accelerating the cement
hydration [1]. Normal tap water was used as mixing water. Table 1
summarises the properties of the materials used in the Miscanthus

Table 1
Properties of the materials used in the Miscanthus concrete mixture.

Material Properties

Density: 120 kg/m®
15-60 mm with a cross section of 1-6 mm fibres
Cement (CEM I 42.5R) Density: 3100 kg/m*
Natural hydraulic lime (NHL 3.5)  Density: 740 kg/m>
CaCl, Density: 710 kg/m®
Particle size: 2-5 mm
Superplasticizer ACE 456 Density: 1060 kg/m*
Water Density: 1000 kg/m>
PH: 6.9

Miscanthus x giganteus
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concrete mixture. More details on the materials and their preparation
can be found in ref. [1].

2.2. Test details

Since this study focused to study the effect of mix proportions on the
compressive strength of MLWC, 73 different kind of mixtures were used
to prepare the test specimens. The amounts of Mxg and cement were
varied from 67.8 to 300 kg/m® and 75 to 750 kg/m3, respectively.
Initially, a water/cement (W/C) ratio of 0.7 was used to prepare the
mixtures. However, additional mixtures were prepared using different
W/C ratios (between 0.5 and 1.8) to study their effect on the strength of
MLWC. The amounts of NHL3.5, superplasticizer and CaCl; used in this
study were between 0 and 483.15 kg/m?, 0 and 8.7, and 6 and 19.65 in
kg/m®, respectively. The details of first 20 mix proportions used in this
study are given in Table 2.

The mixing procedure to get the MLWC test specimens was as fol-
lows. First, the dry Mxg and the lime were mixed without water. Then,
the water volume was subdivided into two equal parts, and the first half
of the water volume was mixed with the superplasticizer (ACE 456) and
the mineraliser (CaCly). Next, it was poured into the dry mixture of Mxg
and the lime, followed by the cement. After that, the remaining water
volume was added on the ongoing mixture and it was mixed for about
7.5 min until a homogenous mixture was obtained. Finally, mixture was
casted in 40 mm x 40 mm x 160 mm prism moulds and 150 mm x 150
mm x 150 mm cubical moulds in two successive stages with a needle
vibration according to EN 196-1:2005 [45]. From the mixtures, test
prisms and test cubes were prepared for the compression tests.

The specimens were stored in their moulds for 1 day at room tem-
perature (around 20 - 22 C). After 1 day, they were demoulded and
wrapped in cellophane to avoid the loss of water. After the curing time
reached 13 days, the cellophane was removed and the specimens cured
for the remaining time at room temperature. The specimens were tested
in compression according to EN 12390-7:2019 [46]. More details on the
test details can be found in the ref. [1].

3. Methodology
3.1. Gaussian process regression (gpr)
ML models have been widely used in many fields to simulate material

behaviour. In this study, GPR is used to predict the compressive strength
of MLWC. GPR is an efficient, probabilistic and nonparametric

Table 2

Various mix proportions used in the study.
Weight proportions of the mixture W/C ratio
Mxg Cement NHL3.5 ACE 456 CaCl, Water
1 3.96 217 0.04 0.09 2.78 0.7
1 3.96 217 0.04 0.09 2.08 0.53
1 2.97 217 0.04 0.06 2.78 0.94
1 3.96 0 0.04 0.09 2.78 0.7
1 8.33 4.56 0.08 0.19 5.84 0.7
1 2.48 1.36 0.02 0.06 1.74 0.7
1 1.75 0.96 0.02 0.04 1.23 0.7
1 2.02 217 0.04 0.09 1.42 0.7
1 11.06 217 0.04 0.09 7.76 0.7
1 3.96 217 0.04 0.09 1.98 0.5
1 3.96 217 0.04 0.09 2.37 0.6
1 3.96 217 0.04 0.09 3.16 0.8
1 3.96 217 0.04 0.09 3.56 0.9
1 3.44 1.38 0.04 0.09 2.78 0.81
1 3.77 1.89 0.04 0.09 2.78 0.74
1 4.17 2.5 0.04 0.09 2.78 0.66
1 4.68 3.27 0.04 0.09 2.78 0.59
1 3.96 217 0.04 0.09 2.78 0.7
1 3.97 2.19 0.04 0.09 2.02 0.51
1 3.97 2.19 0 0.09 5.26 1.32
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supervised ML approach for modelling nonlinear and complex func-
tional mappings [47]. GPR implements Gaussian process (GP) for
regression purposes.

GP is used to describe a distribution over functions. Theoretically, set
of function values in a finite dimensional space can be sampled from a
probability distribution of functions determined by a mean function and
a covariance function. In GP, the covariance function is determined by a
chosen kernel function that describes how much influence one point has
on another, and hence, it is very efficient to handle nonlinear data [47].

Mathematically, a Gaussian variable X can be defined in a normal
distribution with its mean y and covariance ) as,

XN y) €

GP is more rigorously defined as: f is a Gaussian process if for any

vector of inputs x = [xp, - ,xy|", the vector of output f(x)=
[fler), -eeee f(x)]" is Gaussian distributed.
F(6) N(m(x), k(x, D)) @

where x € RP, m(x) and k(x, xf) are the mean function and covariance
function, respectively.

The mean function can be any function maps index points x onto real
values. In GP, the mean function is often set to be zero to make notation
easier as well as to compare different models together. In the modelling
context, the kernel function, which is the covariance function, is the
more important. It maps the input space onto a real value. The most
commonly used kernel function in ML is the squared exponential func-
tion defined as,

k(x,xi) = c%exp ( - % > 3)

where 62 and [ are two hyper parameters. The length scale, I, defines the
influence of the function value in length, while the variance, 62, specifies
the height of the kernel.

It is common to many applications of regression that there is noise in
the observations. Therefore, in GPR with noise, for a given training data
setD ={(x;,yli=1, ,1) }, where x € RP*"is the input data matrix
and y € RP is the vector of output, the output y differs from the function
values f(x) by the additive noise as [48],

y=f(x)+eeN(0,0.) @

where ¢ is the Gaussian noise with variance 2. Then, the new covariance
function can be written as,
2
(x — )

k(x, xI) = o®exp ( ~ T > + aié(x,xf) (5)

where 5(x, xf) represents the Kronecker delta function: i.e. ; = 1 if i = j
and 5; = 0 if i #j.

For a given training data x (x € RP*™), corresponding observations y
(y € RP), and test data points x« (x € RP * ™) which is needed to predict
y+, a joint distribution can be expressed as,

where y and p. are the means of training sets and test sets, respectively.

K, K+ and Ks+ are the training set covariances, training-test set co-

variances and test set covariances, respectively.

u = m(x)andp. = m(x«) @
k(x1,x1) k(x1,x,)

K =K(x,x) = : : (8)

k(xmxl) k(xmxn)
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K« = K« (x+,x) = [k(xs,x1)  k(x+,2x2) k(e x,) | ()]

Kos = k(x+, x+) (10)

Since the values for the training set y are known, the conditional
distribution of y- given y can be expressed as,

Pyly) = N(py,, Kop) @an
where

Py = po + KK (y = 1) (12)
Koy = Ko + K-K7'K:T (13)

If we assume the mean prior y = 0, then Eq. (12) can be rewritten as,

Hayy =K-K7'y (14)

By using the mean p,; of the resulting distribution as a prediction, it
is then possible to predict y- corresponding to the test setsx:.

3.2. Dataset

In this study, the ML model was trained and evaluated using the
experimental dataset of compressive strength of MLWC, described in
section 2.2. The compressive strengths of test specimens were evaluated
at 7, 14 and 28 days after casting. The experimental dataset consisted of
414 specimens having different concrete mixture compositions. Some
samples of the dataset are presented in Table 3.

It can be seen that each variable in the dataset has completely
different range. For example, as mentioned in Section 2.2, the cement
variable has a range from 75 to 750 kg/m® while another variable, like
ACE 456 superplasticiser has a range from 0 to 8.7 kg/m>. This will
cause some issues in most of ML algorithms like GPR. The reason is most
of ML models are based what is called the Euclidean distance. If one
variable has much wider range of values, the Euclidean distance will be
dominated by that variable. Therefore, the data needs to be scaled in
order to understand how the variables move around their mean and thus
standardize the effect of the movement of the variables. There are
several ways of scaling the data. The very common one is the stan-
dardization which removes the dependence on arbitrary scales in the
predictors and generally improves performance. In the developed ML
model, each column of the predictor data is standardized so that they
have mean 0 and standard deviation 1.

Table 3
Some samples in the dataset of compressive strength of MLWC.
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3.3. Cross-validation and performance evaluation

The most common model evaluation techniques are the train-test-
split and k-fold cross-validation. In the train-test-split approach, the
original dataset is randomly divided into training and testing sets. The
training set is used to train the model and then testing set is used to test
the model. In most of cases, two imbalanced datasets are used as training
set and testing sets (80/20 or 70/30 proportions). Since these sets are
randomly selected, if a small dataset is available, there is a huge possi-
bility to miss out the interesting information about the data in the
training set to learn an effective mapping of inputs to outputs. Therefore,
keeping part of the data for testing would decrease the accuracy of the
predictive model and hence, this approach is not appropriate when the
original dataset is small.

As a solution, k-fold cross-validation technique is suitable when there
is not a sufficiently large dataset available. In k-fold cross-validation, the
original dataset is randomly divided into k number of sections (folds). In
each of k folds of model building and validation, it chooses a different
data subset for testing and training the model with the remaining k-1
data subsets. The appropriate error is simply calculated as a mean of all
the k folds as a cross-validation error. The advantage of this approach is
that all data in the dataset are eventually used for both training and
testing.

In the present study, the 10-fold cross-validation algorithm (k = 10)
was used to improve the model prediction in the ML model by using a
MATLAB program [49]. This was achieved by using the inbuilt MATLAB
function “Crossval” with scalar 10 [49]. In the 10-fold cross-validation,
the dataset is randomly divided into ten non-overlapping groups (folds),
as shown in Fig. 1. Each fold will have an equal number of data samples.
In each of the ten validation rounds (iteration), nine of ten folds are used
to train the ML model and the remaining fold is used to test the ML
model. In the first iteration, the first fold is used as testing set while the
rest are used to train the model. In the second iteration, the second fold
is used to test the model and the rest serve as the training set. This
process is repeated until each fold of the 10 folds has been used as the
testing set.

The predictive accuracy of each validation round was evaluated in
terms of errors in regression. Four of such common indicators such as the
Mean Absolute Error (MAE), the Mean Squared Error (MSE), the Root
Mean Squared Error (RMSE) and this R-Squared (R?) were used for this
purpose.

MAE is the average of the absolute value of the error, which is very
commonly used to measure the accuracy of predicted values. It is

Mix proportions (kg/m>) W/C ratio Form Curing time (days) Pre-treatment of Mxg Compressive strength (MPa)
Mxg Cement NHL3.5 ACE 456 CaCl, Water
130.92 518.23 284.09 5.21 11.60 363.64 0.7 Prism 7 Yes 6.364
144.04 569.97 312.56 5.65 12.78 299.91 0.53 Prism 14 Yes 15.187
144.04 427.44 312.57 5.60 8.00 399.96 0.94 Prism 14 Yes 5.037
144.04 570.03 0.00 5.66 12.68 399.95 0.7 Prism 14 Yes 8.260
75.00 624.45 342.30 6.15 13.95 438.15 0.7 Prism 28 No 10.509
225.00 558.75 306.30 5.55 12.45 391.95 0.7 Prism 28 No 2.474
300.00 525.75 288.30 5.25 11.70 369.00 0.7 Cube 14 No 0.416
222.75 450.00 483.15 8.70 19.65 315.75 0.7 Cube 28 No 0.262
67.80 750.00 147.30 2.70 6.00 526.20 0.7 Cube 28 No 13.371
162.45 642.90 352.50 6.30 14.40 321.45 0.5 Prism 14 No 2.798
155.85 616.50 337.80 6.15 13.80 369.90 0.6 Cube 14 Yes 3.556
144.00 569.70 312.15 5.70 12.75 455.70 0.8 Prism 28 No 19.388
138.75 548.85 300.75 5.40 12.30 493.95 0.9 Prism 28 No 15.642
172.05 591.75 236.70 6.75 15.15 477.60 0.81 Prism 7 Yes 9.552
156.87 591.75 295.88 6.14 13.85 435.52 0.74 Prism 7 Yes 6.625
141.75 591.75 355.05 5.55 12.45 393.45 0.66 Prism 28 Yes 13.367
126.55 591.75 414.23 4.95 11.17 351.35 0.59 Prism 14 Yes 13.198
144.06 570.01 312.53 5.64 12.72 399.95 0.7 Prism 14 Yes 13.984
113.00 449.00 247.00 4.49 10.00 228.00 0.51 Prism 28 Yes 5.648
113.00 449.00 247.00 0.00 10.00 594.00 1.32 Prism 28 Yes 4.560
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Fig. 1. 10-fold cross-validation algorithm.

defined as,
1< .

MAE =—3% |vi— | (15)
i=1

where y;’ is the predicted value, y; is the actual value and n is the number
of observations.

MSE is the average of the squared value of the error. It is used as a
default metric for the evaluation of the performance of most regression
algorithms in MATLAB, and it is defined as,

n

1
MSE == (vi = ¥')’ 16)

i=1

RMSE is the square root of the mean of the square of all of the error. It
is defined as,

n

1
RMSE = |- > " (v = ¥/')’ a7

i=1

R? represents the proportion of the variance in the dependent vari-
able from the independent variables. It is defined as,

R 2=y

as)
S0 = )

where Y is the averaged actual value.
4. Results and discussion

The basic concept of this ML model is to establish a reliable nonlinear
functional mapping between the compressive strength MLWC and its

own mix proportions. The variables used in the model as predictors to
relate with compressive strength of MLWC were: 1) six mix proportions
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(i.e. Miscanthus, cement, lime, superplasticizer, CaCl, and water), 2)
form of specimen, 3) curing time, and 4) pre-treatment condition.

As described in Section 3.1, the predictive performance of GPR on a
given data is highly dependent on the choice of the kernel function. The
inbuilt MATLAB function “fitrgp” was used to fit a GP to the given data
x and y [49]. There are a number of inbuilt kernel functions available in
MATLAB. In this study, two kernel functions, namely, ARD squared
exponential (ARD-SE) kernel and ARD rational quadratic (ARD-RQ)
kernel were used by comparing the fit that can be achieved to determine
which one best suits with the given data. Since more than one input
(predictor) were used in the model, different length-scale parameters for
each predictor are used in these two kernel functions. Here, ARD stands
for automatic relevance determination and it implies that the estimation
of the length scale parameters implicitly determines the relevance of
each predictor.

ARD-SE kernel has the form [49]:

k(x,x1) = o%ex -1 Y M
) =dfexp| -5 > = 9
i-1 i

where [; is the length-scale parameter for predictor i and D is the number
of predictor variables.
ARD-RQ kernel has the form [49]:

D a2\ %
k(x, 1) —az<1+i Z%) (20)
i=1 i

where «a is a positive-valued scale-mixture parameter.

Fig. 2 shows the scatter plot of measured and predicted values of
compressive strength of MLWC obtained from ML models for the dataset
of 414 records. It reveals that both ML models have a good agreement
between measured and predicted compressive strength of MLWC.

Fig. 3 shows the prediction outcome of the GPR between two kernel
functions and actual values of the compressive strength of MLWC on the
input dataset. Fig. 4 compares the predicted results from two developed
models. These results emphasize that the prediction performances of the
GPR rational quadratic and the GPR squared exponential models were
almost similar. However, the validity of the proposed model for pre-
diction of compressive strength of MLWC for any set of data was checked
in terms of MAE, MSE, RMSE and R2. The comparison of accuracy of the
model is reported in Table 4. It can be seen that the GPR rational
quadratic model has achieved a considerably good prediction result in
all of the indicators compared to the other model.

The effect of each constituents of Miscanthus concrete mixture on the
compressive strength of MLWC are illustrated in Fig. 5. These results
emphasize that for both models the relationship between input variables
of constituents of MLWC and the output of compressive strength of
MLWC can be successfully mapped. In general, it can be seen that the
compressive strength increases as the amount of each constituent in-
creases. For example, compressive strength increases as the amount of
cement increases. However, this is not true always but can be up to an
extent, as if the W/C ratio keep unchanged, an increase of the cement
induces also a proportional increase of the water volume. As a result, air
voids in the hardened matrix are increased, which disrupt the bond
between the Mxg and binder, and hence the compressive strength is
decreased [1].

Since the GPR model can be successfully used to predict the
compressive strength of the MLWC for different mix constituents of
MLWG, a tool was developed using MATLAB [49] to deploy the model.
This tool was developed to study the sensitivity of each variable on the
compressive strength. It was developed with a simple user interface so
that everyone can use it without knowledge in programming. The
interface was divided into two sections as an input section to enter the
mix proportions as required data and output section to display results for
the entered data. The user interface of the developed tool for predicting
the compressive strength of MLWC is shown in Fig. 6.
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Fig. 2. Actual and predicted values of compressive strength of MLWC by using
GPR models.

The main inputs of the tool are: the amount of Miscanthus, water,
cement, lime, ACE456 (superplasticizer) and CaCl, in kg/m> as well as
the form of the specimen, the curing time and the pre-treatment con-
dition of Miscanthus. The users have the choice between two options for
the form of the specimen, mainly prism or cube. The curing time can be
picked to be 7, 14 or 28 days. The user can select pre-treated or not
treated as pre-treatment condition. Moreover, the user may decide to use

25 T T
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— Perfect prediction
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the RQ or SE kernel function for the GPR.

The developed tool can be used to check the different mixture
combinations which will indicate the compressive strength for the given
parameter combination. The influence of sensitivity of each input vari-
able on the final prediction of the compressive strength can also be
analysed using the graphs in the developed tool. It is achieved by
randomly changing the values of the selected variable while keeping the
remaining ingredients unchanged. The difference of the predictions
when changing the value of the selected ingredient makes a sense to
define the importance of each ingredient. If the difference in the pre-
dictions is high, that ingredient has a significant influence on the
compressive strength. It was found that the cement content has the most
significant influence on final compressive strength of MLWC. On the
other hand, the amount of CaCly is the least critical factor affecting the
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Fig. 4. Prediction results for the dataset by using GPR.
Table 4

Comparison of the accuracy of the model.

Indicator GPR squared exponential GPR rational quadratic
MAE 0.905 0.900
MSE 2.061 2.054
RMSE 1.436 1.433
R? 0.917 0.918
25

* Observations RQ
—Perfect prediction

N - )
o o o

Predicted compressive strength [MPa]
(4]

0 5 10 15 20 25
Actual compressive strength [MPa]

Fig. 3. Prediction results for the dataset by using GPR models.
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Fig. 5. The scatter plots of compressive strength of MLWC versus the input variables of (a) Miscanthus (b) cement (c) lime (d) ACE456 (e) CaCl, and (f) water.

compressive strength of MLWC. Also, a given mixture can be optimised
using the graphs in the developed tool. Thus, this tool can be used as a
design tool in the construction industry as well as a support tool in
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Fig. 5. (continued).
5. Conclusion concrete (cement, Miscanthus, lime, water, CaCl, and superplasticizer),

form of specimen, curing time and pretreatment condition and one

This study proposed a ML model for predicting compressive strength output variable (compressive strength of MLWC). In this paper, two GPR

of MLWC. For that, 414 sets of compressive test results were collected. models with ARD-SE and ARD-RQ were used for the purpose of pre-
Test variables were divided into nine inputs as mix constituents of dicting the compressive strength of different MLWC mix designs. Four
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Fig. 6. The user interface of the tool.

indicators such as MAE, MSE, RMSE and R? were used to express the
model accuracy. The overall performance of GPR model with ARD-RQ
kernel function was more accurate to be applied to predict the
compressive strength of MLWC.

A tool was developed to deploy the GPR model, which can be used to
check the sensitivity of each constituents in the MLWC mixture on the
compressive strength. It was revealed that cement, W/C ratio and Mis-
canthus are the most significant parameters on the final predictions of
compressive strength of MLWC.

The results of this study provide helpful information on engineers to
select the optimal mix proportions of the Miscanthus concrete, and the
developed tool can be used at an early stage of designing the Miscanthus
concrete members instead of using costly experimental investigation.
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