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Abstract

Engineers are increasingly interested in using municipal solid waste incinerator ash (MSWIA) to construct different geotechni-
cal structures. This practice not only helps manage waste but also positively impacts the environment. Stabilizing such wastes
by adding admixture and reinforcing material significantly improves their load bearing capacity. This study investigates the
strength behavior of the MSWIA mixed with cement and fiber, providing valuable insights for the practical application of
these materials. Unconfined compressive strength (UCS) and split tensile strength (STS) tests were conducted to understand
the behavior. The aspect ratio of the fiber, cement content, fiber content, and curing period varied during testing. The impact
of individual variables was evaluated based on the results of the tests through sensitivity analysis. Further, a mathematical
model based on the Artificial Neural network (ANN) and Multivariable linear regression model (MLRM) was developed, and
results were compared. The coefficient of determination ‘R’ for UCS in ANN was 0.996 and in STS was 0.995 while for
MLRM, ‘R?’ was 0.94 for UCS and 0.93 for STS. From the results, it was found that the ANN can predict the strength better
than MLRM. Also, a correlation between the UCS and STS for the MSWIA mixed with fiber and cement was established.

Keywords Artificial neural network - Unconfined compressive strength - Split tensile strength - Multilinear regression -

Municipal solid waste incinerator ash

1 Introduction

The growing population generates enormous amounts of
municipal solid waste (MSW). Managing such a massive
amount of MSW is creating more significant challenges to
society, especially in urban areas, due to the economic and
environmental points of view (Chen et al. 2010).
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Poor handling of MSW may create groundwater contami-
nation, air pollution, soil pollution, etc. Presently, landfills for
managing MSW are a convenient and cost-effective solution,
but they create problems like soil and groundwater contami-
nation, odor emission, etc. (Mukherjee et al. 2014; Luo et al.
2019). After incineration, MSW is dumped on the landfill
when it changes into ash (Lo and Liao 2007). After changing
into ash, the volume of MSW is reduced by up to 70-90%
(Hjelmar 1996). During the incineration process, massive
energy is generated (Allegrini et al. 2015). After the inciner-
ation of MSW, two forms of ash are generated, ‘bottom ash
(BA)’ and ‘fly ash (FA)’ (Ferreira et al. 2003). It is found that
the bottom ash is more than 80% in the MSWIA (Quina et al.
2018). Major constituents of MSWIA are oxides of Ca and
Si, i.e., CaO and SiO,. The other oxides are Al,O3, Fe;03,
Nay0, and K;O (Kirby and Rimstidt 1993; Luo et al. 2019).

MSWIA can be utilized for different purposes, such as
construction materials, geotechnical structures, agriculture,
etc. It contains lime and silicates, which can be used in cement
production (Yakubu et al. 2018). Hamernik and Frantz (1991)
have shown that MSWIA can be used as a replacement for
cement in concrete. It can also produce ceramics and glass
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(Rokhvarger 1994). MSWIA can be used extensively to con-
struct geotechnical structures like roads and embankments.
One potential application of MSWIA in road pavement
involves replacing sand and/or cement in cement-stabilized
bases and subbases. Similarly, MSWIA can also be used in
the construction of embankments. It can improve the stability
of embankment (Ferreira 2003). The chemical composition
and surface characteristics of the MSWIA can also be used
for other purposes, such as agriculture, to support plants, as
adsorbing materials, etc. (Rosen et al. 1994; Yang and Yang
1998).

Since MSWIA contains heavy metals, it is necessary to
use them carefully; otherwise, they can threaten the environ-
ment. Quina et al. (2018) state that more leachable heavy
metal is found in FA than in the BA. To minimize the toxic
impact, MSWIA should be adequately treated. Different
types of treatment processes can be used, such as solidifica-
tion and stabilization, removing heavy metals with suitable
techniques, etc. (Winter et al. 1994; Zhang et al.2003; Chan
et al. 2000). Among all these techniques, the stabilization
technique is one of the most suitable and widely used tech-
nique (Bie et al. 2015).

Kamon et al. (2006) and Gao et al. (2011) have investi-
gated the potential use of MSWIA for geotechnical applica-
tions. Stabilization with some cementitious and reinforcing
material can improve the performance of MSWIA when used
to construct geotechnical structures. Liu et al. 2022 have
shown that due to the additional cementitious effect, the per-
formance of MSWIA has improved. Researchers have shown
that adding cement or lime to Soil or ashes like fly ash, rice
husk ash, and others can improve their characteristics (Basha
et al. 2005; Ahmad and Shah 2010; Kumar and Gupta 2015;
Priyadarshee et al. 2021). Similarly, fiber reinforcement can
improve soils properties (Kaniraj and Havanagi 2001; Gupta
et al. 2018). Anburvel et al. (2023) present A systematic
review of current soil stabilization methods. Incorporation
of groundnut shell ash, rice husk ash, recycled aggregates,
construction and demolition waste into soil stabilization and
other civil engineering application were explored (Ng and
Engelsen 2018; Sathiparan et al. 2023; Anburuvel et al.
2023).

Studies to improve the performance of MSWIA for
geotechnical purposes by adding different admixtures are
very limited. Kamon et al. (2006) used coal ash to improve
the MSWIA for geotechnical applications. Li et al. 2020
investigated the performance of MSWIA mixed with fiber
in improving the performance of clay soil. Similarly, some
other studies like Singh and Kumar (2017, 2019) Pastapure
et al. 2022, etc. have used cement, fibers, and other admix-
tures to improve the performance of MSWIA. Some studies,
like Singh and Kumar (2019), Kumar and Singh (2023), etc.,
have developed models based on MLR, ANN, and other tech-
niques to predict strength. Studies have shown that the model
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developed based on ANN is better than MLR, Singh and
Kumar (2019). Prediction of the unconfined compressive
strength (UCS) of cement-stabilized iron ore tailings have
been done by using intelligent modeling techniques (Gha-
nizadeh et al. 2023). Multivariate adaptive regression splines
(MARS) and Gaussian process regression (GPR) have been
used to predict the UCS of stabilised soil (Ghanizadeh and
Rahrovan 2019; Ghanizadeh and Naseralavi 2023).

The model based upon the ANN is developed in differ-
ent studies mainly to predict the strength behavior of soil
in compression. Considering this, the present study inves-
tigates the influence of fiber content, fiber aspect ratio,
cement content, and curing period on the unconfined com-
pressive strength (UCS) and split tensile strength (STS) of
Municipal Solid Waste Incinerator Ash (MSWIA) compos-
ites incorporating cement and fiber. To predict the strength
behavior of these composites under compression and tension,
this research develops and compares two machine learning
models: artificial neural networks (ANN) and multi-linear
regression models (MLRM). Furthermore, a sensitivity anal-
ysis is employed to assess the relative importance of each
investigated variable on UCS and STS. Further correlation
between STS and UCS of the mix was developed.

2 Methodology

The details of the steps followed in the study are presented
in Fig. 1. The main purpose of the present study is to develop
the mathematical model to predict the UCS and STS of the
MSWIA mixed with cement and fiber. For this purpose, the
first laboratory tests were done to determine the UCS and
STS of the mix. In laboratory testing, fiber content (FC), fiber
aspect ratio (AR), cement content (CC), and curing periods

Identification of Problem: Development of Prediction model of MSWIA
mixed with cement and Fiber

1

| Determination of UCS and STS of MSWIA mixed with cement and fiber through laboratory testing ‘

1 {

UCS and STS data UCS and STS data was
was used for ANN used for MLRM model.
model. 70% data was 70% data was used in
used in training and model development and
30% data used in 30% data used for
testing of model model validation.

1 | 1

‘ Prediction of UCS and STS ‘

1

’ Comparison of ANN Model and MLRM Model ‘

1 |

‘ Sensitivity analysis and Correlation between UCS and STS ‘

Fig. 1 Methodology adopted in the study
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Table 1 Test series details

Test Mix Fiber Content Cement Content Curing period
series (days)
A MSWIA - - -
B MSWIA + fiber FC = 025%, 0.5%, - -
0.75%, 1%
AR = 200, 250, 300
C MSWIA + cement - CC =4%, 8%, CP=0,7,28
12%

D MSWIA + cement + FC = 0.25%, 0.5%, CC=4%, 8%, CP=0,7,28

fiber 0.75%, 1% 12%

AR =200, 250, 300

(CP) were variables. The ANN and MLRM based model were
developed with the help of laboratory data. For this purpose,
all the data were split into two parts randomly. The first part
contained 70% of the data, while the second contained 30%.
The first part was used to develop the model, and the second
was used to test or validate the model. Based on the devel-
oped model, predicted UCS and STS were determined. After
this, a comparison of both of the models was done. After
this, sensitivity analysis was done to determine the impact
of the individual variables. Further details of the experimen-
tal investigation and model development are presented in the
following section.

2.1 Details of experiments

The MSW ash was oven-dried at 105 °C before being com-
bined with fiber and cement. To standardize the samples, any
lumps in the dried ash were broken with a hammer and sieved
through a 4.75 mm sieve. UCS and STS tests were conducted
on MSWIA mixed with fiber and cement under three differ-
ent series. The purpose of the evaluation of the UCS test was
to evaluate the behavior of the mix under compressive load,
while the purpose of the STS test was to evaluate the behav-
ior of the mix under tension load. Table 1 details the series of
tests conducted on different mixes. In series A, UCS and STS
were conducted on the MSWIA alone. In series B, tests were
conducted on the MSWIA mixed with fiber. Polypropylene
fibers of 8 mm, 10 mm, and 12 mm were used. The aspect
ratio of the fibers was 200, 250, and 300. FC in this series var-
ied as 0.25%, 0.5%, 0.75%, and 1%. In Series C, tests were
conducted on MSWIA mixed with cement. Cement content
and curing period were varied in this series of tests. Cement
content considered in this study was 4%, 8%, and 12%. The
curing period considered in this study was 7 days and 28 days.
The MSWIA, fiber, and cement mix tests were done on the
test series D. All the samples were prepared on maximum dry
density (MDD) and optimum moisture content (OMC). To
determine the optimum moisture content (OMC), a sequence

of Standard Proctor compaction tests was performed on fabri-
cating samples with varying percentages of cement and fiber.
These tests were performed for each specific mix, consider-
ing the different proportions of cement and fiber. Since the
addition of cement and fiber does indeed affect the OMC
and maximum dry density (MDD), the changes in OMC for
each combination were measured carefully to ensure accurate
results. This approach allowed us to account for the variations
caused by the admixtures and identify the OMC specific to
each mix configuration.

This study used three types of material: MSWIA, fiber, and
cement, as shown in Fig. 2. The MSWIA used in this study
was obtained locally. The properties of the MSWIA used
are presented in Table 2. The water absorption rate of the
MSWIA used in this study is 21.48%. Polypropylene fiber
used in this study was obtained from the locally available
market. The properties of the polypropylene fiber used are
presented in Table 3. Ordinary Portland cement, OPC grade
43, was used as cementitious material purchased from the
local market. The specific gravity of cement was found to
be 3.14. The soundness of cement was found to be 3 mm.
The cement’s initial and final setting time was 30 min and
600 min. Properties of cement used in this study shown in
Table 4.

UCS and STS tests were performed on the MSWIA alone
and with a mix of fiber and cement, as per IS 2720 (1999)
part 10 and IS 5816 (1999), respectively. The cylindrical
specimens were prepared with a standard size of 38 mm
in diameter and 76 mm in height to determine the UCS
and STS of specimens fabricated by varying percentages of
cement and fiber. The specimens were prepared by compact-
ing the mix design sample with their respective OMC. After
compaction, the specimens were carefully extruded from
the molds and cured in a controlled environment at room
temperature for specific time period of 0, 7, and 28 days.
The preparation of sample and testing of sample is shown
in Fig. 3a—d. All the tests were conducted on the maxi-
mum dry density (MDD) and Optimum moisture content
(OMC). Expression for the total weight of the mix prepared
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(b) Fiber

(a) MSWIA (c) Cement
Fig. 2 Different materials used in this study
Table 2 Properties of MSWIA used in this study Table 4 Properties of cement used in this study
Properties Values Properties Value
Specific gravity 2.26 Specific gravity 3.14
Liquid limit (%) 37 Consistency (%) 30
Plastic limit (%) NA Soundness (mm) 3
Maximum dry density (kN/m?) 14.82 Initial setting time (min) 32
Optimum moisture content (%) 17.14 Final setting time (min) 580
Sand fraction (%) 97.4
Silt and clay fraction (%) 2.6
Uniformity coefficient 8.228 Wac = Wa + We )
Coefficient of curvature 0.812
Heavy metals (mg/kg) W is the weight of ash, Wr is the weight of fiber, Wc is
Cadmium 224 the weight of cement.
Lead 118.2 The expression for the total weight of the mix prepared by
Nickel 6.5 adding fiber and cementin MSWIA (W arc) can be expressed
Chromium 19.4 as follows.

Table 3 Properties of fiber used in this study

Properties Value

Specific gravity 0.91

Cut length (L) 8 mm, 10 mm, 12 mm
Diameter (D) 0.04 mm

Tensile strength (MPa) 600

Aspect ratio (L/D) 200, 250, 300

by MSWIA with fiber (War) and cement (Wac) can be
expressed as follows.

War = Wa + Wg (D
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Warc = Wa+ Wrp+ Wc 3

2.2 MLRM development

To develop a mathematical model to predict the UCS and STS
based on multivariable linear regression (MLR), MSWIA
content (MSWIAC), FC, AR, CC, and curing period were
taken as independent variables. In contrast, UCS and STS
were taken as dependent variables. A general equation for
the MLRM can be written as:

Y=g+ X1+ X2+ ........ +a, X, +e “4)
Here, Y is the dependent variable, X is the independent

variables, a; is the coefficient, and e is the error. The differ-
ence between the actual value obtained from the experiments
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Fig.3 (a, b) Preparation of UCS
sample, (c) testing of sample |E|
(d) failure of UCS sample

and estimated from Eq. (4) is known as residue (e). The coef-
ficients of the equation are determined by minimizing the sum
of squared errors or residue. The expression can be written
as follows.

n
Zez = minimum 5)
i=1

Simultaneous, equations are developed using partial
derivatives of e’ to determine coefficients. The expression
of the simultaneous equation can be expressed as (Ranjan
et al. 1996):

AX =Y (6)

A, X, and Y are matrices for unknown coefficients and
independent and dependent variables. The unknown coeffi-
cient can be determined by the following expression.

A=X-1Y (7)

The value of the unknown coefficient is plotted in Eq. (4)
to obtain a desirable equation to predict the magnitude of the
dependent variable.

2.3 Development of ANN model

The development of ANN model is a complex and multi-
step process. It starts from data preparation, architecture
design, training of model and finally its evaluation. The main
objective of developing ANN model is to predict results
for unseen data. These models are capable of solving com-
plex non-linear relationships and based on problem to be
solved different types of ANN model can be selected. The
algorithms used for training ANN are important as they are
helpful in correct learning and optimization. Momentum con-
stant and learning rates are varied in algorithm to improve
the performance of model.

For developing the ANN model, first is selection of inputs
and outputs. In these models’ number of input and output
can vary from one to many. During selection of inputs, it
is important that the inputs are not redundant and all are
independent to each other. For our study out of many vari-
ables monitored in lab, only 5 inputs (MSWIAC, FC, AR, CC
and CP) were selected and 2 outputs (UCS, STS) were pre-
dicted. Other important feature of ANN model is the number
of hidden layer and neurons in hidden layer. The inputs are
connected through weights to the neurons in hidden layer and
hidden layer to output layer. The activation or transfer func-
tion is used to activate the connections between input layer

@ Springer
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Fig. 4 (a) Optimized ANN.
(b) RMSE during the testing
phase at different neurons

Hiden layer
(Neurons = 10)

Output layer
(UCS and STS)

A

Input layer
(MSWIAC,
FC, AR, CC, CP)

|
Feed forward back propagated 5-10-2 ANN model |
}

(a) Optimized ANN

Deciding Neurons in hidden layer

2.00

175
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1.25]

1.00 A
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0.50 4

Root Mean Square error (RMSE)

0.25 4

0.00

—e— RMSE_test_UCS
—¢ RMSE_test_STS

6 8 10
No.of neurons

(b) RMSE during the testing phase at different neurons

and hidden layer and hidden layer and output layer. One hid-
den layer was used in ANN model in this study and transfer
function between input layer and hidden layer was symmet-
ric sigmoid transfer function and linear transfer function was
used between hidden layer to output layer (Fig. 4a). Once
the inputs, outputs and number of hidden layers is initial-
ized, ANN model was programmed in MATLAB and after
feeding input and output matrix, number of neurons in hid-
den layer were varied. In input and out matrix only 70% data
was shown to model for training to make model learn while
20% for testing the model i.e. on unseen data and 10% for
validation also unseen data.

The ANN model was trained and tested by varying neu-
rons from 2 to 11 in the hidden layer. The selection of neurons
in the hidden layer was based on Root Mean Square Error
(RMSE) during the testing phases for prediction of UCS and
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STS. The minimum difference of RMSE during the testing
phase for UCS and STS is selected with good training per-
formance. Figure 4b shows the variation of RMSE during
the testing phase for UCS and STS, with minimum RMSE
difference in the testing phase for both variables at 10 neu-
rons in a hidden layer with good performance in the training
phase. Thus, an architecture of 5-10-2 was finalized to pre-
dict the UCS and STS. The performance of the model using
statistical indicators was identified as (i) mean absolute error
(MAE), (ii) root mean square error (RMSE), (iii) correla-
tion factor (CF), (iv) coefficient of determination (R?) and
(v) coefficient of efficiency (E) calculated over training and
testing data for each zone as shown in Table 5 as per the Egs.
(8) to (12).
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Table 5 Performance of the
ANN model Output Phase RMSE MAE CF R? E
ucs
Training 0.1305 0.0176 0.9999 0.999 0.9998
Testing 0.1089 0.0209 0.9999 0.996 0.9999
STS
Training 0.1022 0.0098 0.9999 0.996 0.9997
Testing 0.1087 0.0195 0.9999 0.995 0.9999
N where, Sensitivitycoef [ (inp) is for “inp™ input variable;
MAE — l Z' WU, S, —U. S ) i,h,o means input layer, hidden layer and output layer neu-
N =" " . rons; n is total number of inputs. For carrying out sensitivity
a 12 analysis the final weights of optimized model are used to
N .
i (U, Sw—U, S,) make calculations.
RMSE = — 9
|: N ©))
N 5 2.5 Correlation between STS and UCS
CF—1— i1 WU, S, —=U,S,) (10)
ZZNZI w, s m)2 UCS and STS for mix were evaluated using different tests.
U s U s\ In this study, correlations between these two properties were
2 _1_ Z( it 4 ) evaluated. For this purpose, the first Pearson correlation coef-
R 1 5 (11) purp
Z(U , Sm—U, Sm) ficient was evaluated to check the level of correlation between
N (U s R UCS and STS. If it is found satisfactory, then a regression
E—1— Zi:]( > Om — Y, p) (12) ~ model is developed. The purpose of the regression model

—2
YU, Su~T.S))
where U, S, is experimental UCS and STS, U, S, is predicted
UCS and STS value, U, S, is the mean of predicted value,
and U, S,, is the mean of the experimental value.

2.4 Sensitivity analysis

Sensitivity analysis estimates the effect of changes in
attribute of a system model and its influence on the outcome
of a model. It is done to understand the relative influence
of independent variables on the dependent variable. This is
helpful in identifying the influential variables and thus inter-
pretability of model. This study evaluated the influence of
fiber content, aspect ratio, cement content, and curing period
on the UCS and STS of the mix through sensitivity analysis.
For this purpose, the weight obtained from the ANN model
was used. Weight plays a crucial role in the calculation. A
larger weight magnitude for taken input indicates a stronger
influence on the output. Garson (1991) and Priyadarshee et al.
(2021) have similar methodologies for sensitivity analysis.
The algorithm uses final and optimized connection weights
between input layer and hidden layer and hidden layer and
output layer. The sensitivity coefficient of each input towards
output is calculated using Eq. (13)

n WihVho
Dh=i (57
n n Wi V)
i1 (=t g

Sensitivitycoeff(inp) = (13)

was to estimate the STS of MSWIA mixed with admixtures
in a similar way as discussed above. The design mix used to
prepare the specimen for UCS and STS is the same, while
the UCS and STS values of the mix are considered as inde-
pendent variables for modelling.

3 Results and discussion

The following section presents and discusses the laboratory
testing results for UCS and STS, the model developed, and
the sensitivity analysis results.

3.1 Results of UCS and STS

First, the ‘Improvement factor (IF)” was calculated to present
the experimental results obtained from the UCS and STS
tests. The improvement factor was defined as the ratio of the
peak UCS or STS of the mix to the UCS and STS of MSWIA
alone. The UCS and STS of MSWIA alone were found to be
282 kPa and STS 22 kPa, respectively. These two values were
used to calculate the IF of the mix.

Figures 5 and 6 depict the performance of MSWIA mixed
with fiber. Figure 5 presents the impact of fiber content on the
MSWIA. The results obtained from both UCS and STS have
shown that the load bearing capacity of the mix increases
with an increase in fiber content. Due to the inclusion of
0.25% of fiber, UCS improved by 17%, and STS improved by

@ Springer
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Fig.5 Performance of MSWIA mixed with fiber with varying fiber con-
tent (AR = 200)
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Fig.6 Performance of MSWIA mixed with fiber with varying AR (FC
=1%)

more than 50%. Fiber binds the soil particle through particle
binding through fiber and soil particle interaction. Further
increase in the fiber content, i.e., from 0.25 to 1%, shows
about a 16% increment in UCS and a 20% increment in
STS. Similar behavior was reported by Pie and Le (2012),
Tang et al. (2007), Priyadarshee et al. (2018), and others. The
impact of AR on the performance of the MSWIA mixed with
fiber is depicted in Fig. 6. UCS and STS increase with the
increase in AR. Due to the increase in AR, the surface area
of fiber increases; hence, the interaction between fiber and
soil particles also increases. The improvement in interaction
is the possible cause of improvement in UCS and STS. The
optimum mix design with their respective value of UCS and
STS is presented in Table 6.

Figures 7 and 8 show the stress—strain behavior of MSWIA
mixed with cement. Figure 7 shows the impact of CC, and
Fig. 8 shows the impact of CP. It can be observed that the
peak stress of the mix increases with an increase in the
cement content and curing period. When the cement was
added to MSWIA, an increment of 1.8 to 2.5 times in the
UCS and 2-3 times in the STS was found for a curing period
of 7 days. When cement content increased from 4 to 8%,
1.3 times increment in UCS and 1.4 times increment in STS
was found. Similar performance was observed for the 28-day
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Fig.7 Performance of MSWIA mixed with cement with varying cement
content (CP = 28 days)

curing period. Further, it can be noted that the curing period
significantly impacts the mix’s UCS and STS. In 7 days, UCS
was increased by 1.3 times, and in 28 days, it was increased
by 1.5 times. STS was increased by 1.2 times in 7 days and
1.4 times in 28 days.

Figure 9 clearly shows the combined impact of cement and
fiber on the performance of MSWIA concerning the individ-
ual performance of the admixture. It can be noted that the
combined performance of cement and fiber is much higher
than the individual performance of cement and fiber. Fiber
reinforcement mobilizes the frictional component of the mix,
while cement mobilizes the cohesion component of the mix.
Due to this, when both are added, significant improvement
takes place.

3.2 MLMR model

Based on the regression and considering the MSWIAC, FC,
AR, CC, and CP as independent variables, prediction models
for the mix’s UCS and STS were developed. The coefficient
of determination, ‘R2,” was found to be 0.94 for Eq. 14 and
0.93 for Eq. 15. The scattered plots of the predicted and
experimental values of UCS and STS are presented in Figs. 10
and 11, respectively. Both of the plots show that the scattering
is not much. It shows that the present model can predict UCS
and STS effectively. The prediction models are presented
below:

UCSpix =5481.7 - 5158« MSWIAC +0.01 « FC
+0.167 * AR —26.84 %« CC +6.089 « CP (14)

ST Smix = 77027 —7.453 x MSWIAC +0.01 x FC
+0.048 x AR —4.30%CC+0.723xCP (15)
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Table 6 Optimum mix design
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Fig. 8 Performance of MSWIA mixed with cement with varying curing
periods (CC = 8%)

muUcCs

| msTS

Sr. Mix id MSW Fiber Aspect Cement Curing UCS STS
no. ash % % ratio % days (kPa) (kPa)
1 UT-MSWA 100 0 0 0 0 282 22
2 T-Fos + A} 99.5 0.5 200 0 0 356 37
3 T-Fos + Az 99.5 0.5 250 0 0 381 39
4 T-Fos + A3 99.5 0.5 300 0 0 397 41
5 T-Fos + Az + 955 0.5 300 4 0 514 58
Cy
6 T-Fos + Az + 915 0.5 300 8 0 592 68
Cs
7 T-Fos + Az + 87.5 0.5 300 12 0 658 74
Ci2
UT-MSWA 100 0 0 0 7 332 25
T-Fos + Aj 99.5 0.5 200 0 7 422 42
10 T-Fos + A2 99.5 0.5 250 0 7 446 47
11 T-Fos + A3 99.5 0.5 300 0 7 463 48
12 T-Fos + Az + 955 0.5 300 4 7 633 72
Cy
13 T-Fos + Az + 91.5 0.5 300 8 7 714 82
Cg
14 T-Fos+Az+ 87.5 0.5 300 12 7 778 89
Ci2
15 UT-MSWA 100 0 0 0 28 388 30
16 T-Fos + A} 99.5 0.5 200 0 28 504 53
17 T-Fos + A2 99.5 0.5 250 0 28 524 55
18 T-Fos + A3 99.5 0.5 300 0 28 541 57
19 T-Fos + Az + 955 0.5 300 4 28 724 83
Cy
20 T-Fos+Az+ 91.5 0.5 300 8 28 808 93
Cs
21 T-Fos + Az + 87.5 0.5 300 12 28 867 100
Ci2
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Fig.9 Performance of MSWIA mixed with different admixtures (FC =
1%, CP = 28 days, AR = 250, CC = 8%)
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3.3 ANN model

In this study, the optimized feed-forward backpropagated
ANN model was trained, tested and validated with topology
5-10-2. The model was trained using Levenberg Marquardt
(LM) algorithm by adjusting the weights so that error
between predicted and actual output can be minimized. In
this study, feedforward back-propagated neural network was
used for prediction of UCS and STS through ANN. The
ANN model was trained with Levenberg—Marquardt (LM)
algorithm with one input layer with 5 inputs and one hidden
layer and one output layer with 2 outputs. The training was
done with 70% data, 20% for testing and 10% for validation
(Figs. 12, 13, 14).

A comparison between the model developed by MLRM
and ANN shows that the prediction model developed by ANN
can better predict UCS and STS.

3.4 Sensitivity analysis
MSWIAC, FC, AR, CC, and CP were considered for the

sensitivity analysis. The result obtained from the sensitivity
analysis is presented in Fig. 15, which presents the effect of
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Fig. 12 Model performance during training

each input over outputs i.e. UCS and STS.

From Fig. 15, it is clear that curing days, effect the UCS
and STS the most followed by fiber and cement content and
it has been also highlighted by Sihag et al. (2019) that curing
period is the most influencing parameter for prediction of
UCS. The other study (Tinoco et al. 2021) have used 16 vari-
ables for prediction of UCS with cement content and cement
dosage as separate inputs and fiber content and fiber dosage
as separate and when added together for comparison effect
of CC is 21.84% and FC is 14.07% which is comparable to
present study. with contribution of cement content as aspect
ratio has minimum effect on ICS and STS. But it is to be noted
that the difference among each input variable with its impact
over UCS and STS is between 3 to 4% hence all the inputs are
significantly affecting the UCS and STS of MSWIA mixed
with cement and fiber.

3.4.1 Parametric study

In order to know the effect of different inputs on UCS and
STS parametric study was conducted and the results of the
study are presented in Table 7. It can be said that when
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MSWIAC and FC are analyzed for its relative impact on out-
put, FC affects UCS and STS more as compared to MSWIAC.
Cement content and fibre content affect the UCS and STS of
mix.

3.5 Correlation between UCS and STS of mix

The Pearson correlation coefficient was evaluated before
establishing correlation equations between UCS and STS.
The magnitude of the coefficient is 0.987, indicating a strong
correlation between UCS and STS exists. Considering this,
two different regression models were developed to predict
STS of mix (STS mix), as discussed above. The regression
models developed are as follows:

ST Smix = —9.854 +0.127 x UC Syix (16)

The coefficient of determination, ‘R2, was found to be
0.95 for the above equation. Figure 16 shows the plot between
UCShix and STSpix. There is not much scattering, which
indicates that the above expression can better predict STS.
The above expression is very useful for predicting the STS
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Fig. 15 Result of sensitivity analysis

of the mix without performing the test for STS and based on
the UCS of the mix STS can be predicted.
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Table 7 Effect of different input combination on output

Relative MSWIAC FC AR CC CP
importance
(%)
MSWIAC 100.00
FC 38.01 61.99
AR 27.58 39.38 33.04
CcC 19.46 2922 2472  26.60
CP 17.14 20.81 16.89 20.53 24.63
100 ) ; :
-------- Linear (UCS mix and STS mix) .
90 o
80 Q,@fw °
o
R 70 o
g
60
2 *
“ 50 a®
40 0.--" STS mix= 0.127 X UCSmix — 9.854
¢ Ziee
30 . R°=0.9505
20
200 400 600 800 1000
UCS mix

Fig. 16 Comparison of predicted and experimental STS

4 Conclusions

A series of UCS and STS tests were conducted to evaluate
the UCS and STS of MSWIA mix with cement and fiber.
Based on the results, mathematical models were developed
to predict the mix’s UCS and STS. The important conclusions
drawn from the analysis are as follows.

e Both fiber and cement can potentially improve the UCS
and STS of MSWIA.

e Test results indicate that the aspect ratio of the fibre and
cement percentages plays a crucial role in influencing the
UCS values. Notably, the inclusion of 0.5% fiber content
with an aspect ratio of 300, along with 8% cement, resulted
in an improvement factor of 186% in UCS after 28 days
of curing. The same combination increased split tensile
strength (STS) by 210%.

e AR and CP also significantly impact the MSWIA mix with
fiber and cement.

e The model developed by MLMR and ANN has the poten-
tial to predict the mix’s UCS and STS. However, ANN can
better predict this type of problems and single layer feed-
forward neural network with LM algorithm can be used
for solving.

@ Springer

e The advantage of ANN over MLMR model is that 2 outputs
can be predicted simultaneously in ANN model.

e The correlation coefficient for the mix’s UCS and STS is
0.987, which indicates a strong correlation between them.
Also, a mathematical model developed to predict STS
has shown satisfactory performance. Such a mathemati-
cal model will be helpful in predicting the STS without
performing the test.

e For the optimum result in term of relative importance to
find out the UCS and STS value, the FC, AR, CC, and
CP has valuable impact of 20.81%, 16.89%, 20.53%, and
24.63% respectively.

Appendix

See Table 8.

The step-by-step process followed as per Garson (1991)
is shown below:

Step 1: For each hidden neuron i, obtain the products Xih
~ where h is the weight corresponding to respective input
and this is multiplied by absolute value of vy, for each hid-
den neuron. Take example X1 = 1.0177390 x 0.287926 =
0.310209.

Hidden Xih values

layer

neu- MSWIAC FC AR CC CP
rons

Hidden 0.310209 0.043357 0.008132 0.395875 0.238169
1

Hidden 0.345107 0.153304 0.021242 0.062103 1.173147
2

Hidden 0.828421 0.504284 1.051529 0.861631 0.006109
3

Hidden 0.011307 0.019992 0.025306 0.0084 0.018144
4

Hidden 0.08667  0.107884 0.040729 0.305376 0.694572
5

Hidden 0.000766 0.048883 0.128259 0.098398 0.013816
6

Hidden 0.009341 0.205495 0.008581 0.058657 0.010409
7

Hidden 0.115798 0.103655 0.085994 0.091592 0.072261
8

Hidden 0.027968 0.109911 0.117144 0.024478 0.097039
9

Hidden 0.893401 0.191579 0.09689 0.474301 0.637324
10

Step 2 For every hidden neuron, divide Xih by the sum
of all input variables to obtain Yih. For example, Y|; =
0.310209/(0.310209 + 0.043357 + 0.008132 + 0.395875 +
0.238169) = 0.311535.
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Table 8 Weight and bias matrix connecting input layer and hidden layer and output layer

Hidden layer neurons Weight matrix input and neuron (wjp,) Bias (bjp,) Output Layer (v) Bias (bpg)
MSWIAC FC AR CcC Cp ucs STS

Hidden 1 1.077390 0.150585 —0.028244 — 1.374918 0.827190 —2.311060 —0.287926 0.224461 — 0.550683

Hidden 2 —0.953632 0.423624 0.058699 — 0.171609 3.241747 3.733600 0.361887

Hidden 3 — 1.197983 —0.729248 1.520621 — 1.246009 — 0.008835 1.681276 —0.691513

Hidden 4 —0.803015 — 1.419853 1.797278 — 0.596585 1.288640 0.931251 — 0.014080

Hidden 5 — 0.248839 0.309744 0.116938 0.876765 — 1.994185 0.079415 0.348299

Hidden 6 — 0.008449 0.539222 1.414792 — 1.085401 0.152400 — 1.037078 0.090656

Hidden 7 0.061327 — 1.349187 — 0.056338 0.385114 0.068344 1.109492 0.152310

Hidden 8 1.240462 — 1.110384 0.921196 0.981168 0.774087 0.533138 0.093350

Hidden 9 1.642097 — 6.453166 — 6.877835 — 1.437178 — 5.697464 11.173857 —0.017032

Hidden 10 —0.875143 0.187664 0.094910 — 0.464608 0.624299 —0.162132 1.020863

Step 4: Relative importance
Divide Sensitivity by the sum for all inputs to get the

}‘ﬁdden Yih values relative importance that can be attributed to the given input
ayer .
neu- MSWIAC FC AR cC CP variable. For example,
rons Relative Importance wmswiac = (1.714213  x
100)/(1.714213 + 2.081123 + 1.688956 + 2.052844 +

Hidden 0.311535 0.043543 0.008167 0.397567 0.239188 2.462864) = 17.142128.

1
Hidden 0.196653 0.087358 0.012105 0.035388 0.668496

2
Hidden 0.254744 0.155070 0.323351 0.264956 0.001879 Input parameters

3

. MSWIAC FC AR cC CP
Hidden 0.135980 0.240434 0.304346 0.101024 0.218215

4

Relative  17.142128 20.811234 16.889559 20.528443 24.628636

Hidden 0.070165 0.087339 0.032973 0.247222 0.562301 impor-

5 tance
Hidden 0.002640 0.168493 0.442086 0.339160 0.047621 (%)

6
Hidden 0.031936 0.702588 0.029338 0.200548 0.03559

7 Author contributions Author contributions: (1) Neelam Singh- Exper-
Hidden 0.246745 0.220871 0.183239 0.195168 0.153977 imental work, Writing, (2) Akash Priyadarshee—Methodology, Lit-

8 erature (3) Sunayana- ANN model, MLR model, (4) Vikas Kumar-
Hidden 0.074277 0.291896 0311105 0.065008 0.257714 Conceptualization, Manuscript Writing.

9

Data availability No datasets were generated or analysed during the

Hidden 0.389537 0.083531 0.042246 0.206803 0.277883 current study.

10

Declarations
Step 3: For each input, sum Yih to obtain Sensitivity. Say
example, Conflict of interest The authors declare no competing interests.
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