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ABSTRACT
The current study aimed to investigate the possibility of predicting 
the compressive strength of geopolymer mortar by mix design 
parameters, ultrasonic pulse velocity (UPV) and machine learning 
techniques. Here the geopolymer mortar is produced from eggshell 
ash and rice husk ash as precursors, NaOH solution as activator and 
quarry waste as fine aggregate. Twenty-seven combinations of geo
polymer mix and a total of 189 mortar cubes were cast and tested for 
UPV and compressive strength. Seven different machine learning 
techniques were used to predict the compressive strength assess
ment tools: linear regression, artificial neural networks, boosted tree 
regression, random forest regression, K-Nearest Neighbor, support 
vector regression and XGboost. Among the diverse machine learning 
models evaluated in this study, XGboost exhibited remarkable effi
cacy in forecasting the compressive strength of geopolymer mortar. 
The investigation conducted using SHAP indicates that the concen
tration of UPV shows the most substantial influence on the predic
tion of compressive strength.
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1. Introduction

The utilisation of alternative materials for cement and river sand in masonry blocks is 
gaining popularity due to environmental concerns and the need for sustainable con
struction practices. The manufacturing process of cement involves excessive energy and 
CO2 emissions. The excessive extraction of river sand has notable ecological conse
quences, including deepening river beds, intensified soil erosion, reduced water table 
levels, and the depletion of aquatic biodiversity within water bodies [1,2].

There is an emerging inclination towards the utilisation of quarry waste as a viable 
alternative to natural sand in the production of construction materials. Quarry waste is 
a residual generated during the process of rock-crushing, which contributes to the exacer
bation of environmental concerns and poses potential risks to human health. The utilisa
tion of quarry waste in cementitious materials presents a promising approach to 
significantly mitigate or maybe eradicate these issues. The substitution of quarry waste 
for natural sand in construction materials presents a viable solution for addressing the issue 
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of waste accumulation, while concurrently enhancing the sustainability of these materials. 
Furthermore, the utilisation of quarry waste in construction materials has various benefits, 
including reduced cement consumption, which enhances the strength of cementitious 
materials, and its environmentally benign nature [3]. According to Shen et al. [4] and 
Goncalves et al. [5], it has been observed that the water needed for achieving consistent 
workability of fresh mortar is higher when using quarry dust as opposed to river sand. 
However, in direct comparison to concrete produced with an equivalent quantity of river 
sand, concrete constructed from quarry refuse has greater strength [6]. A like pattern was 
observed in the literature published on self-compacting concrete [7–9]. According to 
Sundaralingam et al. [10], it has been asserted that a greater water-to-cement ratio is 
necessary to maintain the appropriate workability of the cement-sand mortar. The setting 
time and water retention capacity of fresh cement-sand mortar were shown to improve 
with the inclusion of quarry waste content, as reported in a study [11]. Furthermore, it has 
been observed that the inclusion of quarry waste in the hardened mortar leads to a rise in 
sorption, water absorption and drying. Nevertheless, it was detected that the presence of 
quarry waste material led to a rise in both compressive and flexural strength of the mortar.

Conversely, researchers have examined the application of geopolymer technology in 
the production of masonry units to completely replace cement. The present technology 
can significantly transform the construction sector through the provision of an alter
native to conventional concrete blocks, hence promoting sustainability and environmen
tal friendliness. The formation of geopolymer gel is achieved through the alkali activation 
process, wherein the interaction between aluminate and silicate-rich fly ash takes place in 
the presence of alkaline activator solutions [12]. In the 1980s, Davidovits and Sawyer [13] 
made notable contributions to the field of cement technology by the introduction of the 
initial geopolymer cement. This significant advancement afterwards facilitated the pro
gress of pyrament cement or slag-based geopolymer cement creation. The year 1997. 
Silverstrim et al. [14] and Van Jaarsveld et al. [15] effectively developed a geopolymer 
cement by utilising fly ash as a predominant constituent. In recent times, there has been 
a growing utilisation of fly ash-based geopolymer techniques for the manufacturing of 
various structural components and construction materials. The aforementioned options 
encompass [16–18], concrete blocks [19], earth walls [20], walling materials [21–23], 
recycled concrete [24], and ceramics [25].

While the predominant area of investigation in geopolymerization study has centred 
around aluminosilicate gel as the fundamental binding agent, few scholarly inquiries 
have delved into the utilisation of eggshell powder or rice husk ash as alternative 
precursors [26]. The existing research has primarily concentrated on the application of 
supplementary cementitious materials, such as rice husk ash or eggshell powder, in 
combination with metakaolin, fly ash, and granulated blast furnace slag, as a primary 
component in the production of cementitious materials [27–33].

The essential criterion of importance is the compressive strength (fc) of this 
particular type of mortar. Typically, the assessment and prediction of the fc of 
construction materials relies on experimental testing (both destructive and non- 
destructive), mathematical modelling, and machine learning algorithms. 
Destructive testing is a valuable methodology due to its ability to generate replic
able outcomes. Nevertheless, to be deemed valuable, strict control measures must 
be implemented. The outcomes achieved can be subject to modification due to 
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various internal or external influences. Additionally, the process of destructive 
testing entails the examination of an extensive quantity of materials, resulting in 
the utilisation of increased energy, time, and material resources. Hence, it might 
be argued that there is a lack of cost-effectiveness [34]. Non-destructive testing 
(NDT) offers a viable approach for the estimation of fc of the materials. The NDT 
is a testing methodology that possesses the capability to assess material qualities 
without causing any damage or alteration to the sample under examination. 
A variety of NDTs have been established to assess the quality of construction 
materials [35–38]. Several methods, including UPV and rebound hammer, are 
commonly employed for assessing material properties. Among these approaches, 
UPV has been found to offer more precise predictions [39–42]. The UPV mea
surement used for prediction of compressive strength and other characteristics of 
construction materials such as concrete [43,44], cement mortar [45,46], stabilised 
earth blocks [47], rocks [48–52], etc. Nevertheless, the majority of the existing 
research has mostly concentrated on the application of these techniques in con
crete. However, there is limited research in the evaluation of the quality of 
geopolymer mortar using NDT methods.

Mathematical equations offer a convenient and efficient method for determin
ing fc. Nevertheless, the effectiveness of these models is contingent upon the 
quality of the data utilised in their creation. If the data does not accurately reflect 
the prevailing conditions, the prognostications may lack precision. Machine learn
ing (ML) models can offer precise predictions of fc. Additionally, these models 
can acquire knowledge from new data and enhance their predictive capabilities 
through iterative refinement. The ML techniques have gained widespread usage in 
the prediction of construction material characteristics [53–55]. The ML has been 
identified as a highly efficient method for predicting the characteristics of con
struction materials, as these qualities are influenced by several variables [56,57]. In 
addition, a range of ML methods have been employed in the prediction of the fc 
of construction materials [58–60]. Several scholarly investigations have employed 
a fusion of non-destructive testing techniques, specifically UPV data, in conjunc
tion with ML methodologies to predict the characteristics of construction materi
als [57], notably concrete [61–64]. Nevertheless, the current body of literature 
lacks sufficient study on the utilisation of UPV and ML approaches for accurately 
forecasting the compressive strength of geopolymer mortar (fc-gpm).

Hence, the principal objective of this study is to predict the fc-gpm by employing 
UPV measurement with ML approaches. This approach allows for the evaluation of 
geopolymer mortar quality without inducing any material damage. Twenty-seven 
distinct combinations of ESA, RHA, and NaOH concentration with quarry waste as 
fine aggregate were utilised in the production of the geopolymer mortar. The study 
investigated the associations among mix design, UPV, and fc-gpm through the 
application of multiple ML approaches. The outcome of the study shows that 
with the use of machine learning algorithms, the mechanical properties of geopo
lymer mortars in different combinations of ESA, RHA, caustic soda and UPV 
become predictable. So, material scientists and designers could choose the best 
mix design to achieve the desirable properties of geopolymer mortar for the 
particular application.
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2. Materials and methods

2.1. Materials used

Figure 1 depicts the particle size distribution and physical characteristics of the raw 
materials used in the formulation of the mortar. The collection of eggshells was conducted 
at several restaurants situated in Kilinochchi, a locality within the Northern Province of Sri 
Lanka. These eggshells were initially washed in clean water and exposed to sunlight for 
drying. The dry eggshells were crushed using a hammer mill and then sieved via a screen 
having a mesh size of 1 mm. The eggshell powder was then treated to calcination at 
a temperature of 700°C for a period of three hours inside a furnace, leading to the formation 
of eggshell ash (ESA). The choice of the calcination temperature and time was calculated 
based on the current literature [30,65–67].

The RHA used in this study was obtained from a kiln located in Paranthan, a geographical 
area situated within the Northern Province of Sri Lanka. The kiln used an elevated tempera
ture of 650 °C to thermally decompose rice husk, which functioned as the only fuel substrate 
for the oxidative reaction. The RHA acquired from the kiln was free from any other 
substances. The RHA that was acquired was thereafter submitted to sifting using a 2.36 mm 
screen, and the fraction that successfully passed through the sieve was gathered to conduct 
tests. The quarry debris used in this investigation was obtained from a manufacturing 
company located at Divulapitiya, situated in the Western area of Sri Lanka. In this study, 
commercially available caustic soda was used as sodium hydroxide (NaOH).

Figure 1. Particle size distribution and physical appearance of the raw materials used for the mortar mix.
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Table 1 presents a comprehensive depiction of the chemical composition and 
physical characteristics of the raw materials. Calcium oxide is the predominant 
component in both cement and ESA, accounting for 66.5% and 74.6% of their 
respective compositions. Silica oxide constitutes 91% of the content of RHA. 
Calcium and silica oxide play a crucial role in the development of strength through
out the hydration process.

2.2. Mix design and specimen preparation

Figure 2 shows the diverse mixture proportions used in the current investigation. The 
water-to-quarry waste ratio used in all the mixtures remained constant at 0.15, as 
reported in the relevant literature [10,11]. The amounts of ESA, RHA, and NaOH 
included in the mixture were calculated based on the weight per kg of quarry waste. 
This research included three discrete proportions of materials, including different quan
tities of ESA and RHA, which ranged from 25 g to 75 g, rising in 25 g intervals. Similarly, 
the quantity of NaOH ranged from 20 g to 40 g, increasing by increments of 10 g.

During the process of block preparation, the appropriate quantity of water was used to 
dissolve the NaOH flakes. Following this, a thorough integration of the precursor 
substances, namely ESA and RHA, together with quarry waste during the desiccation 
phase was carried out. Subsequently, the aqueous state of the NaOH solution was 
amalgamated with a pre-existing, desiccated blend. The precursor materials, including 
quarry refuse, were manually blended with a NaOH solution until a homogeneous 
mixture was achieved. The test cubes were manufactured using a sequential process of 
pouring the wet liquid into the moulds in three separate levels. The compaction proce
dure included hand application to each layer using a tamping rod, with 10 strokes used 
for each layer. The dimensions of the cube were 50 mm × 50 mm × 50 mm, and it was cast 
according to the ASTM C109 standard [68]. A total of seven cubes were manufactured 
for each mix identification. The cubes were exposed to a curing procedure at ambient 
temperature for a duration of 28 days before the commencement of the testing. Figure 3 
illustrates the visual characteristics of the selected mortar cubes after a 28-day curing 
period. When the content of ESA, RHA and NaOH content in the mix is increased, the 
resulting colour gets darker.

Table 1. Physical characteristics and chemical composition of the raw materials.
Cement RHA ESA QW

Physical properties
Specific gravity 3.15 1.80 1.25 2.34
Bulk density (kg/m3) 1362 235 305 1641
Fineness modulus 2.97

Chemical composition (%)
SiO2 20.60 91.04 0.04 66.76
Al2O3 4.51 0.38 0.01 19.20
Fe2O3 3.62 0.45 0.01 3.62
CaO 66.55 0.61 74.60 3.81
MgO 1.17 0.29 0.25 1.64
P2O5 - 0.33 0.28 -
Na2O 0.40 0.97 0.13 1.27
K2O 0.39 1.89 0.05 2.16
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2.3. Testing

2.3.1. Ultrasonic pulse velocity measurement
The UPV of geopolymer mortar was measured utilising a portable ultrasonic NDT digital 
indication tester, following the ASTM C597 [69]. The PULSONIC model 58-E0046/5, an 
ultrasonic pulse analyser, is employed to quantify the UPV. The arrangement of the 
equipment is depicted in Figure 4. The gadget under consideration is a portable instru
ment designed to quantify the velocity of ultrasonic pulses within various materials [70]. 
It possesses a transit time range of 16 milliseconds, a sampling rate of 2 megahertz, 
a resolution of 0.1 seconds, and a transmitter output of 1200 volts. The UPV measure
ments in this investigation were conducted using a frequency of 54 kHz, as it has been 
determined to be more appropriate for assessing block attributes [71]. Before the 
commencement of the experiment, the equipment underwent calibration utilising 
a reference bar with a measurement of 25.4 μs. Vaseline was employed as a couplant to 
enhance the level of contact between the surface of the block and the transducer. The 
transducers were carefully placed in close contact with the two opposing surfaces of the 
blocks until a consistent transit time was observed. In the present study, longitudinal 
wave velocity was used to measure the ultrasonic pulse velocity. The captured data 
included the distance covered by the ultrasonic wave and the pulse transit time. 
Measurements of ultrasonic pulse velocity (UPV) were conducted in three orientations: 
one aligned with the direction of compaction, and the other two perpendicular to it. The 

Figure 2. Outline of the mix proportion used for the mortar and it describes the amount of ESA, RHA, 
NaOH and water added for the one kg of quarry waste.

NONDESTRUCTIVE TESTING AND EVALUATION 2491



Figure 3. The visual appearance of selected geopolymer mortar cubes used in the present study. 
Figure provides the overview of how colour changes, when the content of ESA, RHA and NaOH is 
increased in the mortar.

Figure 4. The measurement of UPV of mortar cube and measuring instrument.
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average of these measurements is denoted as UPV. A total of 189 cubes were utilised for 
both ultrasonic testing and mechanical testing. The UPV was calculated by using 
Equation (1). 

where, UPV in km/s, width of the cube (L) in km, and transit time (t) in sec.

2.3.2. Compression test
The compression test was conducted with a Universal Testing Machine (UTM) through 
the displacement control technique following the guidelines stated in ASTM C109 [68]. 
The test employed cubes with dimensions of 50 × 50 × 50 mm3. The cubes were subjected 
to a uniaxial load at a rate of 1 mm/min. for testing purposes. For each mix, seven cubes 
were subjected to compression testing at 28 days for each mix. The mean compressive 
strength of each set of cubes was found by calculating the average of the related 
measurements of strength. The computation of compressive involved determining the 
ratio between the ultimate load applied and the area of the bed face [72,73].

2.4. Machine learning modeling

Figure 5 depicts the flowchart illustrating the implementation of the ML model for the 
prediction of the fc-gpm in the present investigation. In a general sense, there are five 
primary phases as outlined below:

Step 1 - Preparation of the dataset: In this stage, the input data, namely ESA content, 
RHA content, NaOH content, UPV, and the response variable of fc-gpm, were gathered 
from the experimental programme to construct the ML models. The dataset consists of 
a total of 189 observations. It was divided into two groups using random allocation. 
Specifically, two-thirds of the datasets were used for training the ML model, constituting 
the training dataset. The remaining one-third of the dataset was reserved for evaluating 
the performance of the ML model, forming the testing dataset.

Step 2 - Training of the ML models: In this stage, all suggested ML models were 
trained using the training dataset. A total of seven techniques were used in the 
training of ML models. These algorithms include artificial neural network (ANN), 
boosted decision tree (BDT), K-nearest neighbours (KNN), linear regression (LR), 
random forest regression (RFR), support vector regression (SVR), and XGboost 
models. Seven different machine learning algorithms have employed to identify 
which one gets the best accuracy in predicting compressive strength, using the 
optimum attributes found by various feature selection approaches. Five-fold cross- 
validation was utilised in a grid search to optimise the hyperparameters of the 
machine learning algorithms prior to their implementation. Considering the large 
number of possible combinations, the analysis has largely focused on the hyperpara
meter ranges that are frequently reported. The range of hyperparameter values and 
the ideal value for the machine learning technique employed in the current investiga
tion are summarised in Table 2. To minimise the risk of overfitting, the R2 and RMSE 
values were used to evaluate each model’s performance on both the training and test 
datasets. Various categorisation models were employed to ascertain the most precise 
outcomes.
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Step 3 - Validation of the ML models: In this stage, the testing dataset was used to 
verify the ML models in step 2.

Step 4 - Performance comparison of the models: Initially, the outcomes derived from 
the ML models’ predictions were compared with the factual experimental findings. 
Subsequently, all ML models underwent evaluation using five statistical metrics, namely 
R2, RMSE, MAE, SI, and a20-index [74,75]. Scatter index is calculated by dividing RMSE 
with mean of the observation’s values. The α20-index is a new measure for assessing the 
reliability of the soft computing techniques developed, as calculated by dividing number 
of data points with a predicted strength to experimental strength ratio between 0.80 and 
1.2 with number of data points [76,77].

Furthermore, the evaluation of ML models’ performance involves the use of two 
specific criteria, namely error distribution and Taylor diagram. These criteria are 
employed to evaluate the effectiveness of the models. The determination of this 
error involves the calculation of the disparity between the predicted and 

Figure 5. Proceedings of ML modelling include the independent and dependent variable, data 
splitting technique, various machine learning techniques used in the present study, performance 
indicators and sensitivity of the model for the best machine learning model.
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experimental fc-gpm. The Taylor diagram is a useful tool for evaluating the precision 
and dependability of these models. The Taylor diagram, a statistical instrument, 
offers a visual framework for the assessment and comparison of many models. The 
provided visual depiction demonstrates the level of concurrence between each 
model and the reference data, as assessed using correlation, standard deviation, 
and RMSE measures.

Step 5 - Sensitivity analysis: The SHAP analysis method was used to evaluate the 
significance and impact of the input parameters on the fc-gpm.

3. Experimental results

Figure 6(a) depicts the UPV of geopolymer mortar. The results indicated that the UPV 
increased with higher NaOH concentration. The NaOH increases the reaction between 
ESA and RHA and generates enough cement paste to integrate the aggregate particles. 
Therefore, mortars become denser and it increases the velocity of the wave through solid 
particles. Although there is no clear trend between UPV and ESA or RHA content, 
generally increase in RHA content negatively influences the UPV of the mortar.

The graph depicted in Figure 6(b) illustrates the fc-gpm. The results demonstrate that 
the NaOH content was highly influenced fc-gpm as a significant strength increase was 
observed between mortar with 30 g NaOH compared with 20 g NaOH per kg quarry 
waste. Generally, an increase in RHA content slightly decreases the strength and there is 
no clear trend between change in ESA content and fc-gpm.

As shown in Figure 7, there is a correlation between UPV and fc-gpm, which means that 
the higher the UPV, the higher the fc-gpm. The results suggested an empirical equation to 
relate UPV and fc-gpm based on experimental data by following the formula given in 
Equation (2): 

Table 2. Hyperparameter for ML algorithm.
Algorithm Hyperparameter used Analysed values

ANN Number of layers: 1 
Nodes per layer: 3

[1,2] 
[2,4,6,8,10]

BDT Number of layers: 150 
Split per tree: 2 
Learning rate: .077

[100, 125, 150, 175, 200] 
[2,4,6,8,10] 
[0.01–0.1]

KNN K = 3 [1–10]
RFR Number of trees: 100 

Number of terms sampled per split: 3 
Number of terms: 4 
Minimum splits per tree: 10 
Minimum size split: 5

[50], 100, 200] 
[2–6] 

[2,4,6,8] 
[2,5,10] 
[2,5,10]

SVR Kernel: Radial basis function 
Cost: 1 
Gamma: .25

[linear, Radial basis function] 
[0.1, 1, 10] 

[0.50, 0.25, 0.10, 0.01]
XGboost Max_depth: 3 

Subsample: 1 
Colsample_bytree: 1 
Min_child_weight: 1 
Alpha: 0 
Lambda: 1 
Learning rate: .1 
Iterations: 30

[1–10] 
[0.5–1] 
[0.5–1] 
[1–5] 
[0–1] 
[0–1] 

[0.1, 0.01, 0.001] 
[1–40]
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where fc-gpm in MPa and UPV in km/s. This formula can be used to estimate the fc-gpm from 
UPV test results. The coefficient of correlation (R2) is equal to 0.8327, which indicates that 
there is moderate accuracy when fc-gpm is predicted from UPV. Therefore, this correlation 
depends on various factors such as the mix proportion.

4. Prediction using machine-learning models

The performance indicators for predicting fc-gpm by various ML algorithms are presented in 
Table 3, encompassing both the training and testing datasets. Figure 8 depicts the visual 
representation of the predicted and measured fc-gpm values for both the training and test 
datasets.

Figure 6. The variation of (a) UPV and (b) compressive strength of geopolymer mortar.
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The numbers indicate that the XGboost model accurately predicts the fc-gpm for the 
training datasets. However, during the testing of datasets, it was discovered that there 
were multiple instances (more than 15% of the data points) where the XGboost model 
exhibited deviations beyond the 20% error threshold. However, the KNN model demon
strated exceptional performance for both the training and testing datasets. The training 
datasets exhibited an R2 of 0.979, which ranks second highest among the models tested, 
with XGboost being the only exception. Additionally, the R2 value of 0.958 achieved by 
this model for testing datasets surpasses that of all other ML models evaluated. 
A comparable pattern was noted for other performance indicators as well. The SVR 

Figure 7. The relationship between UPV and compressive strength of geopolymer mortar. The 
continuous line best-fit line for the correlation between compressive strength and UPV.

Table 3. Performance indicators for training and testing datasets of various ML models for fc-gpm..
Train Test

R2 RMSE MAE SI a20 R2 RMSE MAE SI a20 Ranking

ANN 0.959 0.140 0.113 0.086 0.984 0.932 0.190 0.148 0.111 0.921 4
BDT 0.934 0.178 0.140 0.108 0.929 0.915 0.212 0.167 0.123 0.889 5
KNN 0.979 0.100 0.078 0.061 0.976 0.958 0.149 0.115 0.086 0.952 1
LR 0.847 0.271 0.217 0.165 0.770 0.845 0.287 0.235 0.164 0.730 7
RFR 0.925 0.190 0.140 0.116 0.929 0.885 0.247 0.204 0.143 0.889 6
SVR 0.955 0.148 0.104 0.090 0.952 0.956 0.153 0.124 0.087 0.952 2
XG 0.999 0.023 0.017 0.014 1.000 0.919 0.207 0.158 0.119 0.841 3

NONDESTRUCTIVE TESTING AND EVALUATION 2497



Figure 8. Predicted vs. measured compressive strength of geopolymer mortar for different machine- 
learning models (green dot: train dataset, red dot: test dataset, continues line: best-fit line between 
predicted and measured value, dot-dot line: 20% error envelope).
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model demonstrated exceptional performance for both the training and testing datasets, 
with R2 values of 0.955 and 0.956, respectively. Additionally, it is worth noting that both 
the KNN and SVR models exhibited a high level of accuracy in their predictions. 
Specifically, over 95% of the predicted values were within a 20% error margin for both 
the training and testing datasets.

As shown in Figure 9, the outcomes of cross-validation using K-fold validation are 
assessed using an R2 and an RMSE. When compared to other machine learning models, 
the XGboost model has a higher R2 and a lower RMSE for training dataset. The R2 value 
for the training datasets for the XGboost model is almost unity for all folds. On the other 
hand, for testing datasets, it displays the range of 0.88 to 0.96 for R2 value. For training 
datasets, every model has a limited range of variation in R2 (the difference between the 
maximum and minimum R2). However, for test datasets, this range within small limit 
only for ANN and KNN models. Because it is less than 0.05. The RMSE number also 
showed a similar pattern. The RMSE value of the XGboost model was 0.03 MPa for all 
folds for training datasets. However, for testing datasets, the RMSE varies from 0.15 to 
0.24 MPa with the mean of 0.2 MPa. Considering both training and testing datasets, 
KNN models perform better than other models as RMSE for both cases, ranged between 
0.11 to 0.15 MPa with mean of 0.13 MPa. These findings show that even though XGboost 
performed well in prediction model but have some overfitting issue. But KNN model not 
have an overfitting problem, and as a result, they are more trustworthy machine learning 
models for prediction.

Taylor diagrams are a visual representation that provides a straightforward means of 
evaluating the effectiveness of various ML models by examining the correlation between 
predicted values and observed values. To present a statistical comparison of many 
models, a two-dimensional graph is utilised to depict standard deviations, correlation 
coefficients, and root-mean-square discrepancies. The standard deviation is convention
ally denoted as the radial distance between a data point and the origin in a Cartesian 
coordinate system. The root mean square error exhibits a direct relationship with the 
disparity, expressed in standard deviation units, between the observed and predicted 
values. The azimuthal angle is used to express the correlation coefficient. Figure 10 
displays the Taylor diagrams representing the testing and training datasets.

The data presented in Figure 10 indicates that XGboost outperforms other 
models in the testing phase and exhibits a high degree of proximity to the 
observed value. However, in the testing phase, it exhibited superior performance 
only when compared to RFR and LR models. Although KNN and SVR exhibit 
a high degree of similarity and demonstrate comparable performance during the 
testing phase, it appears that KNN outperforms SVR in the training phase. In the 
current study, it was observed that KNN exhibited superior performance when 
compared to all other ML models, taking into account both the training and 
testing phases.

4.1. Error distribution

Figure 11 shows the error in the prediction of fc-gpm using various ML techniques. The 
error was calculated by the discrepancy between the predicted and measured values of 
fc-gpm. The KNN model exhibits a relatively limited range of error distribution, spanning 
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from −0.38 to 0.26 MPa. As anticipated, the linear regression (LR) model exhibits the 
most extensive spread of errors, spanning from −0.67 to 1.02 MPa.

All of the models exhibit errors that are evenly distributed on both sides, as the average 
error approaches zero. Moreover, it has been observed that KNN, XGboost and ANN 

Figure 9. Five-fold validation for various machine learning models.
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models demonstrate a tendency towards negative skewness, while other models tend to 
exhibit positive skewness. The ANN model exhibits a skewness value of −0.15, which is 
the lowest among the models considered. Conversely, the XGboost model demonstrates 

Figure 10. Taylor diagram for (a) training datasets and (b) test datasets. The diagrams offer a succinct 
statistical synopsis of the degree of similarity between prediction and observed datasets, as measured 
by their correlation, root-mean-square difference, and standard deviation. The point closer to the 
observed point (red mark in the horizontal axis) is the best model for prediction.

Figure 11. Quantitative comparison plots show the distribution of the errors for the seven machine 
learning methods.
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the greatest skewness value of 1.07. The utilisation of various statistical and graphical 
techniques has the potential to greatly enhance the evaluation of prediction models. This 
suggests that employing a diverse range of statistical indicators and visual representations 
to evaluate the effectiveness of prediction models could yield a more comprehensive 
analysis.

4.2. Sensitivity analysis

Machine learning models may sometimes demonstrate opaque behaviour as a result of 
their complex structure [78]. The use of SHAP (Shapley Additive Explanations) has 
shown significant benefits in the analysis of complex machine-learning models that 
include a wide array of factors [79,80]. As KNN has shown excellent performance in 
the prediction of fc-gpm, therefore, the KNN model was used for SHAP analysis.

Figure 12(a) illustrates the average SHAP values about different qualities, which serve 
as the independent variables, about the predictions of fc-gpm. The aforementioned 

Figure 12. SHAP summary plot of the feature importance on the prediction of KNN model. (a) mean 
SHAP value and (b) SHAP summary plot for each independent parameter. The SHAP values (horizontal 
axis) represent the contribution of each parameter (vertical axis). Features are ordered according to 
importance.
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predictions are generated from the KNN model. Based on the results obtained, it is 
apparent that the UPV demonstrates the greatest SHAP value, hence showing its sub
stantial impact on the prediction of fc-gpm. Simultaneously, it was noted that the content 
of the ESA and RHA had the lowest SHAP value, indicating comparatively little influence 
on the prediction of fc-gpm.

The visual representation in Figure 12(b) illustrates the beeswarm plot used for 
predicting fc-gpm. The plot shows that lower values of UPV are associated with negative 
SHAP values, as evidenced by the progressively blue spots stretching towards the left. On 
the other hand, it can be observed that higher values of UPV exhibit positive SHAP values, 
as indicated by the increasing red colouration of the points extending towards the left. This 
observation suggests that there is a positive correlation between the UPV and the predicted 
fc-gpm value. Lower content of ESA and RHA results in increased prediction of fc-gpm.

The latter phase of this study involves evaluating the resilience of the KNN 
model that was created to forecast the compressive strength using the specified 
input variables, particularly when UPV is missing. This study is crucial, particu
larly in industrial settings where a UPV cannot be directly measured. Figure 13 
provides a Performance Indexes of the model’s performance, considering UPV as 
input variable or not. As anticipated, input variables with UPV yielded the highest 
R2 value (average of 0.97 for training datasets and 0.96 for testing datasets) and 
low RMSE value (average of 0.13 MPa for both training and testing dataset). 
Although, input variables without UPV yielded the high R2 value and low RMSE, 
still it is poor than input variable with UPV. Also, when variable without UPV is 
considered, it shown that R2 and RMSE value for each fold is more scatter.

Figure 13. Performance indexes (R2 and RMSE) of the KNN model for input variables include with UPV 
and without UPV.
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Figure 14 displays the results of comparing predicted and measured values and error 
distribution for the prediction using input variable with and without UPV. Although, 
predicted and measured compressive strength graph is not provide much visual deficiency, 
UPV as input variable influence is further supported by the error distribution. It shows some 
variability in model performance. These results shown that, omitting the variable UPV led to 
a relatively some decrease in accuracy.

5. Conclusion

This study proposes a framework for predicting the fc-gpm using ML techniques. Twenty- 
seven mix designs consisting of various combinations of ESA, RHA and NaOH content 
with 189 experimental datasets were used to train and test the models. The main findings 
of the study are:

● The statistical analyses show that there is a moderate correlation between UPV and 
fc-gpm with an R2 of 0.833.

● Amongst the ML models evaluated in this study, the KNN model performed best for 
predicting fc-gpm. The accuracy of R2 = 0.979 and RMSE = 0.1 MPa for training 
datasets and R2 = 0.958 and RMSE = 0.149 MPa for testing datasets, respectively.

● The feature importance analysis with SHAP indicates that the most significant 
parameter influencing the prediction of the fc-gpm is UPV.

Figure 14. Effect of input variables (a) predicted vs. measured compressive strength values and 
(b) error distribution.
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The present work provides a systematic evaluation of predicting fc-gpm, which can 
provide the knowledge base and be useful in the real world. The application of geopo
lymer technology, which incorporates environmentally sustainable alternatives including 
ESA, RHA, and quarry waste, coupled with caustic soda as an alkaline activator, shows 
potential for reducing carbon dioxide emissions in the construction sector. The utilisa
tion of ESA, RHA, and quarry waste in the construction industry might augment their 
worth as feasible construction materials, hence alleviating their classification as mere 
waste byproducts. The ability to forecast the compressive strength of geopolymer mortar 
can aid in refining the composition of geopolymer mortar made from quarry waste. This 
can be achieved by modifying the type and proportion of precursors and alkaline 
activators. Additionally, it can aid in diminishing the duration and expenses associated 
with experimental testing and quality assurance of geopolymer mortar derived from 
quarry waste. Material scientists and designers can use reliable prediction models to 
select the optimal input variables and the suitable mix parameters for producing geopo
lymer mortar with the desired properties.
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