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Abstract- Modelling of concrete that incorporates 
agricultural wastes such as rice husk ash (RHA) could 
potentially enhance utilization of green concrete and 
application of sustainable construction materials. This 
paper evaluations compressive strength prediction for 
rice husk ash (RHA) cementitious material incorporated 
concrete using artificial neural networks (ANNs) one of 
the various prediction methods. The research is based on 
various previous experimental studies. 

Literature reviews of 72 datasets for RHA incorporated 
concrete from 15 previous researches, were used and 
subjected to ANNs models, having learning rate of 0.06 
with tanh activation functions. Four (4) input variables 
were considered, namely:- superplasticizer or water 
reducers variation from control (%), water to binder ratio, 
percentage of RHA and control compressive strengths. 
Output variable was compressive strength of RHA 
cementitious material incorporated concrete. The ANN 
with 15 neurons in the hidden layer was selected and 
indicated overall values of 5.10MPa, 0.99, 3.81MPa and 
9.73% for the root mean square error (RMSE), absolute 
factor of variance (R2), mean absolute error (MAE) and 
mean absolute percentage error (MAPE) respectively and 
for individual training, validation/checking and testing 
datasets, the RMSE, R2, MAE and MAPE ranging between 
3.98MPa-6.56MPa, 0.98-0.99, 3.44MPa-4.94MPa and 
9.19%-12.41% respectively. Generally, both predicted 
and original dataset, indicated higher and lower 

strength values for 5-10% and 15-30% RHA incorporated 
cementitious material concrete respectively compared to 
the control strengths.

Considering that the study utilized data from different 
sources and with a wide range of concrete strengths 
the selected ANN showed relatively good performance. 
The study provides an indicator that machine learning 
techniques could accurately predict green concrete 
strength. Based on model performance the percentage 
RHA cementitious materials in concrete and the other 
3 input variable had a significant impact on concrete 
strengths. Future research should be conducted to predict 
green concrete focused on particular concrete class.

Keywords- Prediction methods; concrete; artificial 
neural networks; Literature reviews.

Resumen- El modelado de hormigón que incorpora 
desechos agrícolas como la ceniza de cáscara de arroz 
(RHA) podría mejorar potencialmente la utilización 
de hormigón verde y la aplicación de materiales 
de construcción sostenibles. Este artículo evalúa la 
predicción de la resistencia a la compresión para el 
material cementoso de ceniza de cáscara de arroz (RHA) 
incorporado en el hormigón utilizando redes neuronales 
artificiales (ANN), uno de los diversos métodos de 
predicción. La investigación se basa en varios estudios 
experimentales previos. 
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Las revisiones de la literatura de 72 conjuntos de datos 
para RHA incorporaron concreto de 15 investigaciones 
anteriores, se utilizaron y sometieron a modelos ANN, 
con una tasa de aprendizaje de 0.06 con funciones de 
activación tanh. Se consideraron cuatro (4) variables 
de entrada, a saber: - variación de superplastificantes 
o reductores de agua con respecto al control (%), 
proporción de agua a aglutinante, porcentaje de RHA 
y resistencia a la compresión del control. La variable de 
salida fue la resistencia a la compresión del hormigón 
incorporado con material cementoso RHA. Se seleccionó 
la ANN con 15 neuronas en la capa oculta y se indicaron 
valores generales de 5.10MPa, 0.99, 3.81MPa y 9.73% 
para el error cuadrático medio de la raíz (RMSE), factor de 
varianza absoluto (R2), error absoluto medio (MAE) y error 
de porcentaje absoluto medio (MAPE), respectivamente 
y para conjuntos de datos de entrenamiento, validación 
/ verificación y pruebas individuales, el RMSE, R2, MAE 
y MAPE oscilan entre 3.98MPa-6.56MPa, 0.98-0.99, 
3.44MPa-4.94MPa y 9.19% - 12,41%, respectivamente. 
En general, tanto el conjunto de datos original como el 
pronosticado indicaron valores de resistencia más altos 
y más bajos para el hormigón de material cementoso 
incorporado de 5-10% y 15-30% de RHA, respectivamente 
en comparación con las resistencias de control. 

Teniendo en cuenta que el estudio utilizó datos de 
diferentes fuentes y con una amplia gama de resistencias 
del hormigón, la ANN seleccionada mostró un 
desempeño relativamente bueno. El estudio proporciona 
un indicador en el que las técnicas de aprendizaje 
automático podrían predecir con precisión la resistencia 
del hormigón verde. Según el desempeño del modelo, el 
porcentaje de materiales cementosos RHA en el concreto 
y las otras 3 variables de entrada tuvieron un impacto 
significativo en las resistencias del concreto. Se deben 
realizar investigaciones futuras para predecir el hormigón 
verde centrado en una clase de hormigón en particular.

Palabras clave- Métodos de predicción; hormigón; 
redes neuronales artificiales; revisiones de la literatura.

1. INTRODUCTION

This paper evaluations compressive strength prediction 
for rice husk ash (RHA) cementitious material incorporated 
concrete using artificial neural networks (ANNs), based on 
previous experimental data. Accurate predictions could 
promote sustainable building material usage.

Chandwani et al. [1] study on ready mix concrete mode-
ling, the artificial neural network (ANN) model showed pro-
mising results in comparison to first-order and second-or-
der regression techniques, for modeling unknown complex 
relationship exhibited by design mix proportion and con-
crete slump. Sathyan et al. [2] used random kitchen sink 
algorithm and regularized least square to predict concre-
te rheological and hardened properties, results indicated 
RMSEs and mean absolute errors (MSEs) of less than 0.05. 

According to Revathy et al. [3] the MAPE represent model 
performance and RMSE -Equation (3)- represent the error 
between the experimental and predicted results. Sathyan 
et al. [2] study on prediction of concrete rheological and 
hardened properties, input parameters enclosed weights 
of ingredients including cement, coarse aggregates, fine 
aggregates, four superplasticizers dosage and water. Islam 
et al. [4], ANOVA analysis indicated water to binder ratio and 
contents of:- cement, fine aggregate content, coarse aggre-
gate, rice husk ash and superplasticizer, had direct effect on 
strength of RHA incorporated high performance concrete. 

Study by Thiedeitz et al. [5] generally 40% cement repla-
cement with RHA or fly ash indicated strong reduction of 
compressive strength, whereas 20% cement replacement 
with RHA or fly ash could even improve performance. Study 
by Sala et al. [6] for 10% replacement by weight of metakao-
lin, thermal RHA and chemical treated rice ash with raw 
materials from Colombia indicated that pozzolanic material 
incorporation increased concrete compressive strength.

Utilization of waste from rice production/processing 
for construction could provide alternative sustainable ma-
terials, while reducing the solid waste burden. According 
to Thiedeitz et al. [5], as renewable resource rice husk pro-
vides construction materials constantly, there is need for 
investigation on possibility of each ecologically friendly 
material for building. Effective predictive techniques for 
properties with concrete incorporated with RHA could be a 
step towards better structural decisions and development 
of proper codes of practices. Use of predictive modeling 
for concrete incorporated with materials from waste could 
provide a cost-effective techniques for green concrete 
quality control. The use of data from various past studies, 
with varying material, physical and human characteristics, 
would provide a good measure of the resilient levels of 
neural network.

This research aims at using ANN to predict concrete 
with partial replacement or addition of RHA as cementitious 
material, based on datasets from reviews of experimental 
research. The research considered four (4) input variables 
including superplasticizer or water reducers variation from 
control (%), water to binder ratio, percentage of RHA and 
control compressive strength. The output variable is RHA 
binder incorporated compressive strength.

1.1 RHA Composition, Applicability and Effects

Study by Thiedeitz et al. [5] indicated specific surface 
area based on BET adsorption method for rice husk ash 
(grounded for 20 seconds with 20 Hertz frequency) and ce-
ment CEM 1 42.5R were 128 m2/g and 1.24m2/g respectively. 
Study by Fernandes et al. [33] on RHA from thermoelectric 
company in Brazil, indicated mean diameter of 19.56 + 0.49 
µm, specific weight of 2.22 + 0.0028 g/cm3 and specific area 
of 11.35 + 0.21 m2/g, for RHA described in Table 1. Based 
on Fernandes et al. [33] study, the specific surface area re-
duced with thermal treatment temperatures. Habeeb and 
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Mahmud [35] study for RHA indicated specific gravity of 
2.11 as compared to 2.94 for ordinary portland cement 
(OPC) and loss of ignition was relatively high (5.81) for RHA 
as compared to that of OPC at 1.73. RHA grounded with 
Los Angeles machine showed decreasing average particle 
sizes, from 63.5 µm to 11.5 µm for grinding periods of 90 
to 360 minutes respectively while OPC had average size 
of 22.1 µm according to Habeeb and Mahmud [35]. Accor-
ding to Yao et al. [36], RHA biomass char waste had carbon 
content of 82.26% of weight, specific surface area of 205.32 
m2/g, pore volume of 0.145 cm3/g. 

According to Glushankova et al. [7] results confirmed that 
amorphous silica is obtained from burning of rice hull in usual 
atmosphere and material contains silica as basis of building 
material manufacturing. Rice hush ashes produced by calci-
nation at 600oC and calcination at 700oC were rather amor-
phous in comparison to scoria and pumice samples calcinated 
at corresponding temperatures, hence that explained why 
those RHAs had higher pozzolanic activity index (PAI) at 7 days 
compared to the scoria and pumice samples as reported by 
Mboya et al. [8]. According to Safiuddin et al. [9] RHA with silica 
content of 93.6% indicated RHA as highly reactive pozzolanic 
also obvious from high accelarated PAI at 122.4%. Large quan-
tities of SiO2 compounds in the form of cristobalite, quartz and 
tridymite were found in RHA as by Yao et al. [36]. 

According to ASTM C 618, as cited by Mboya et al. [8], 
the sum of the basic oxides should be over 70%, for ma-
terial to qualify as pozzolan. Mboya et al. [8], considered 
the cumulative amounts of SiO2, Fe2O3 and Al2O3 in RHA, 
pumice and scoria samples. Table I shows selected chemi-
cal compositions for RHA from previous research all having 

cummulative amounts of SiO2, Fe2O3 and Al2O3 of >70%, 
hence qualifying RHA as pozzolanic material.

According to Islam et al. [4] study indicated portland 
cement with CaO (65.3%), SiO2 (21.54%), Al2O3 (5.99%), 
Fe2O3 (4.45%) and Habeeb and Mahmud [35] study indica-
ted ordinary portland cement having SiO2 (20.99%), Al2O3 
(6.19%), Fe2O3 (3.86%) and CaO (65.96%). 

According to Thiedeitz et al. [5] study, extremely high 
RHA surface area lead to more sites for pozzolanic reaction 
and high porosity causes increased water demand. Study 
by Cecconello et al. [32] using RHA, as partial replacement 
of cement, indicated that RHA pozzolanic reaction reduced 
porosity, with effect of RHA resulted to a reduction of total 
porosity of concrete mixtures. Reddy et al. [34] study indi-
cated that for similar water to cementitious material ratios, 
compressive strengths of RHA modified concrete were hi-
gher compared with concrete with portland cement only, 
while, splitting tensile strengths, flexural strength, shrinka-
ge strains and corrosion potential were lower for RHA mo-
dified concrete compared with concrete with portland ce-
ment only. According to Habeeb and Mahmud [35] increase 
in RHA fineness enhanced blended concrete strength in 
comparison to coarser RHA and OPC mixes.

Higher RHA silica content makes it an effective alterna-
tive to more expensive silica fume and blast furnace slag for 
control of corrosion, furthermore RHA is a renewable resource 
while fly ash is fossil-based according to Reddy et al. [34] also, 
high silica amount causes RHA to have potential to be utilized 
as pozzolanic material for blended cement concrete produc-
tion in the building industry as indicated by Yao et al. [36]. 

Table I.

SELECTED CHEMICAL COMPOSITIONS FOR RHA FROM VARIOUS SOURCES

SiO2 (%) Al2O3 
(%)

Fe2O3 
(%)

CaO 
(%) Comment Source

81.8 0.38 0.78 Rice husks from Cross River state, Nigeria combusted at 500oC Ettah et al. [10]

86.49 0.01 0.91 0.5 Islam et al. [4]

93.6 0.02 0.8 0.38 Safiuddin et al. [9]

91.8 0.06 0.09 1.02 Rice husk heated at 10oC min-1 incinerated at 600oC for 3 hours Kawabata et al. [11]

95.41 0.00 0.82 0.00 Husks from Minna, Nigeria. Used charcoal as solid fuel, Maximum husk temperature 
recorded 758oC at less than 4 hours period & 838oC for charcoal interior Abalaka [12]

82.43 1.35 1.28 1.22 Rice husks from Mwea, Kenya, incinerated at 600oC for 3 hours Marangu et al. [13]

88.02 0.28 0.31 2.58 @700oC, 3hr Obtained from Malakand, Pakistan Amin et al. [14]

89.2 0.67 0.57 1.09
@950oC, 3hrs Getahun et al. [31]

92.97 0.93 0.88 0.86

94.99 0.18 0.06 0.33 From biomass combustion in fluidized bed reactor for energy generation, Brazil. The 
company was/is selling RHA to construction firms under the name “rice husk silica” Cecconello et al. [32]

96.73 0.09 Not Detected RHA from thermoelectric company in Brazil produced through fluidized bed 
combustion, with ascending air flow of about 700oc then milled. Fernandes et al. [33]

88.32 0.46 0.67 0.67
Husk from paddy field in Malaysia were burned at temperature of not more than 690oc, 
with the fire maintained for around 10 minutes then slowly burned for more than 1 day 
in a ferro-cement furnace.

Habeeb and Mahmud [35]

94.79 0.36 0.86 0.75 Rice husk obtained from Shenyang, China Yao et al. [36]
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2. METHODOLOGY

2.1 Review and Dataset (Inputs/Outputs)

Review of past data was conducted and for rice husk 
incorporated concrete, 72 datasets were identified, from 15 

previous researches. Table II shows the data derived from 
the sources, used for artificial neural networks. Table II also 
shows the modifications on sourced information or data.

Table II.

72 DATASET FROM 15 REVIEWS FOR RHA INCORPORATED CONCRETE WITH MODIFICATION INDICATED

#SP or WR % of Binder 
(less for control )

#W/B ratio *Control Strength 
(Mpa) % RHA (Weight) Compressive 

Strength (MPa) Source

1.4100**# 0.38 49.8 10 52.3 Kawabata et al. [11]

0.00;0.00; 0.00 0.40;0.40; 0.40 40.12 (For all) 10;12.5;15 40.22;42.65; 42.08 Karthik et al. [15]

0.00;0.00; 0.00 0.50##;0.50##; 0.50## 25.72 (For all) 10; 15;
20

22.28; 25.12;
24.43

Hussin and 
Parasuraman [16]

0.18967**# 0.399554## 53.4 25.00## # 61.8 Feltrin et al. [17]

0.34**# 0.30## 67.7 5 87.7 Barbosa et al. [18]

0.00
(All) 

0.35;0.40;0.40;0.55;0.55; 
0.55;0.55;0.55;0.45;0.45; 
0.45;0.50;0.50;0.50;0.50

66.25;57.79;57.79; 
42.95;42.95;42.95; 
42.95;42.95;51.07; 
51.07;51.07;45.98; 
45.98;45.98;45.98

5;5;10; 5;
10;15;

20;25;5;10;15;5;10;15; 20

54.91;65.96;55.02; 
44.1;42.88;41.61; 

38.82;34.71;52.17; 
50.48;45.08;46.85;
49.42;46.66;39.11

Abalaka [12]

0.00;0.00;
0.00;0.00**#;

0.00**#;0.00**#;
0.00**#;0.00**#;

0.00**#

0.55;0.55;
0.55;0.25;
0.25;0.25;
0.25;0.25;

0.25

34.5;34.5;
34.5;82.3;
82.3;82.3;
91.2;91.2;

91.2

10;20;
30;10;
20;30;
10;20;

30

41.7;39.7;
35.8;100.1;
97.6;88.5;
107;104.2;

98.6

Amin and Abdelsalam 
[19]

0.23**#;0.30**#;
0.35**#;

0.33;0.33;
0.33;

43 (For All) 10;15;
20

44.2;42.8;
41.8 Amin et al. [14]

0.00;0.00;
0.00

0.50;0.50;
0.50

27.43
 (For All)

10;20;
30

25.8;22.73
19.6 Oyejobi et al. [20]

0.05**#;0.11**#;
0.17**#;0.46**#;
0.25**#;0.30**#;
0.60**#;0.85**#

0.38;0.38;
0.38;0.38;
0.36;0.36;
0.36;0.36

61;61;
61;61;

61.5;61.5;
61.5;61.5

5;10;
15;20;
5;10;
15;20

62;64.2;
61.5;60.4;
60.6;66.7;
62.9;62.5

Mahmud et al. [21]

0.00;0.00;
0.00

0.45##;0.45##;
0.45##

50.3;
(All)

7;10;
15

54.4;59;
63.2

Ramezanianpour et 
al. [22]

0.00
(All) 

0.60;0.60;
0.60;0.60;
0.65;0.65;
0.65;0.65;
0.70;0.70;
0.70;0.70

26.26;26.26;
26.26;26.26;
24.42;24.42;
24.42;24.42;
21.92;21.92;
21.92;21.92

5;10;
15;20;
5;10;

15;20;
5;10;
15;20

25.4;23.44;
21.24;19.42;
23.44;22.11;

20.41;19;
20.83;19.54;
18.95;17.01

Akindahunsi and Alade 
[23]

0.00
(All) 

0.55;0.55;
0.55;0.55

25.77 (For All) 5;10;
15;20

34.68;35.15;
31.82;29.1 Jeong et al. [24]

0.00
(All) 

0.389#*; 0.450#*;
0.503#*;
0.565#* 

34.1388;
34.1388;
34.1388;
34.1388;

5;
10;
15;
20;

35.5122####;
36.8856####;
31.392####;
27.6642####

Sung et al. [25]

0.00;0.00 0.52;0.52 23.3;23.3 10;20 40.0##**; 34.5##** Lee et al. [26]

Note: The values divided by semicolons (;) are in respective order
* Control strength is the compressive strength of sample with 0% RHA;
*** Superplasticizer/ water reducer converted/calculated to %; 
**# The value is the difference of Superplasticizer/water reducer of Binder from control sample in percentage; 
# W/B:- Water (or effective water) to binder ratio, SP:- Superplasticizer, WR:- Water reducer; 
## W/B ratio derived/calculated/recalculation from values; 
### Estimated percentage of RHA calculated/converted to weight;
#### The compressive strength converted/calculated to Mpa; 
#* W/B in % converted to ratio; 
##** Estimated strengths from graph;
*# Data set per source not inclusive of control 
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From the Table II compressive strength of RHA incor-
porated concrete ranged between 17.01MPa to 107MPa 
and the RHA binder material ranged between estimates 
of 5% to 30% by weight. Dataset was normalised and di-
vided into three namely training, validation/checking and 
testing dataset. Hasanzade-Inallu et al. [27] used artificial 
neural networks (ANNs), implemented in MATLAB R2019a 
trained using bat algorithm, to bring various input and ou-
tput variables to similar ranges, each variable was norma-
lized, by subtraction of minimum and division by its range 
and output network must be denormalized by the reverse 
process. Input and output data are normalized to improve 
generalization ability of artificial neural network and be-
tter comparison and avoidance of influence of value pa-
rameters, data normalization is scaling of all inputs and 
outputs pairs with range (0,1), based on Equation (1) and 
model output is obtained in the normalized output form 
(scaled value), then de-normalized according to Equation 
(2) as indicated by Henigal et al. [28]. Datasets for this 
study were normalised and predicted values were de-nor-
malized based on Equations (1) and (2) respectively.

Scaled alue Maxmum alue Minimum alue
Original alue Minimum alue

v v v
v v

1= -
- ^ h

max min minOriginalValue ScaledValue x imumvalue imumvalue imumvalue 2= - +^ ^h h

Sathyan et al. [2] used random kitchen sink algorithm 
and regularized least square to predict concrete rheolo-
gical and hardened properties, with 32 data sets (80%) 
used for training and 8 datasets (20%) for testing. Reva-
thy et al. [3] used various types of network functions, one 
of the types using algorithm BFGS quasi- Newton back 
propagation, indicated using 34 datasets for training, 8 
for validation and 8 for testing. For this study, the 72 data 
were divided into 51 (70.83%) for training, 10 (13.89%) for 
validation or checking and 11 (15.28%) for testing. The 
selection of the three dataset was done using multiple 
randomilization of dataset, with the variables averages of 
overall and the three grouped datasets checked so that to 
ensure that no extremely large, biases occurred. 

According to Abalaka [12] study, as the water to binder 
ratio increased, the quantity of maximum RHA replacement 
increased. According to Hussin and Parasuraman [16], there 
was a decrease in slump with increase percentage of RHA, 
with higher water demand for RHA due to higher surface 
area of RHA compared to cement. Karthik et al. [15] study 
indicated maximum strength at 12.5% RHA as binder repla-
cement was 0.4 water/binder ratio. Water to binder ratio for 
RHA incorporated concrete affect the concrete properties 
hence need for consideration. Also, the impact of superplas-
ticizer or water reducer was considered in the dataset as it 
affects the workability hence strength. In this study, water 
binder ratio and superplasticizer or water reducer quantities 
variations were considered.

This study was focused on the effect of partial replace-
ment or addition of RHA as concrete cementitious material, 

hence the % of RHA (by weight) was considered as the ma-
jor input. There were four (4) Input values from dataset in 
Table II including:- SP or WR % difference of binder from 
control; W/B ratio; control compressive strength (Mpa); 
and % RHA by weight and one output value:- Compres-
sive Strength (MPa) of RHA cementitious material incor-
porated concrete. 

2.2 Artificial Neural Networks (ANNs)

This study used ANNs where, input layer had 4 input va-
riable, 1 hidden layer with varying number of nodes and a 
output layer having 1 variable as shown in Fig. 1. 

The network was developed in OCTAVE 5.2.0 version, a 
free software according to Eaton et al. [37]. Hasanzade-Ina-
llu et al. [27] study, was divided into training and testing 
groups randomly, using ANNs with different architectures, 
having 1 hidden layer with different neurons.

ANNs adopted used backpropagation (backprop) algo-
rithm. Network and backprop was adopted from Oman [38] 
illustration included evaluation of errors at output model 
being the difference between the output from the network 
(hypothesis) and the experimental values, taking the error 
at certain layer within the network and propagating it back 
through the network then adjustments of weights since errors 
are known. The network used activation functions, Tanh as re-
fered to Gupta [39] and GeeksforGeeks [40], for both hidden 
and output layers and learning rate of 0.06. Various iterations 
for the models were run, using trial-and-error, with an objec-
tive of selecting model with predicted values that generate 
lower RMSE and higher R2. Training dataset was used to train 
the models, then the validation/check dataset run, mainly ai-
med at checking performance of model after training. Models 
which indicated relatively good performance for particularly 
check/validation dataset (case-by-case assessment) were then 
subjected to the testing dataset.

Fig. 1. ARTIFICIAL NEURAL NETWORK INFRASTRUCTURE SHOWING THE 

INPUTS AND OUTPUT VARIABLES

Source: the authors
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2.3 Method for Analysis of Models

RMSE was used in OCTAVE to check the performance 
of datasets after running the model. In addition LibreOffi-
ce spreadsheet were used to calculate RMSE, R2, MAE and 
MAPE. Zhang et al. [29] employed the Root Mean Square 
error (RMSE) -Equation (3)- and absolute factor of variance 
(R2)- Equation (4)- to examine deviations between the pre-
dicted and experimental values and Chandwani et al. [30] 
used Mean absolute Error (MAE)- Equation (5)- and Mean 
Absolute Percentage Error (MAPE)- Equation 6- as statistical 
performance metrics for evaluation of the trained models. 
Four evaluations- RMSE, MAE, R2 & MAPE in Equations (3) to 
(6) were used for this study 
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Where:- n: No. of Data set; Eii: Experimental Data; Pii: Pre-
dicted Data

The RMSE and R2 for Check/Validication dataset or the 
overall dataset were mainly applied to indicate the model 
performance and selection of optimum network.

Percentage differences for the original and predicted 
values, from the control strength – Equation (7)- and the 
means were computed in LibreOffice spreadsheet. 
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3. RESULTS

After various trials, with varying number of nodes in 
hidden layer or/and varying iterations, and evaluation of 
the entire dataset RMSE performance, the selected ANNs is 
presented in Table III.

Table III.

STRUCTURE OF THE SELECTED ANN 

Description Value (Comment)

Learning Rate 0.06 (Constant)

Activation Function (Hidden-Output) Tanh-Tanh (Constant)

Hidden Layers 15

Iterations 385,000

Graphical representation of experimental and predic-
ted compressive strengths values for the selected ANN mo-
del is illustrated in Fig. 2.

Fig. 2. COMPRESSIVE STRENGTH OF PREDICTED AND EXPERIMENTAL 

VALUES FOR SELECTED ANN 

Source: the authors

The selected ANN structure in Table III, had RMSE, MAE, 
R2 and MAPE is presented in Table IV.

Table IV.

PERFORMANCE OF THE SELECTED MODEL BASED ON FOUR STATISTICAL 

METHODS

Training Validation/
Check Testing Overall

RMSE (Mpa) 4.99 6.56 3.98 5.10

R2 0.99 0.98 0.99 0.99

MAE (Mpa) 3.67 4.94 3.44 3.81

MAPE (%) 9.19 12.41 9.80 9.73

Testing data had the lowest RMSE of 3.98MPa while the 
highest was validation/checking data (6.56MPa), while the 
R2 was between 0.98 to 0.99 for the 3 datasets. The MAE ran-
ged between 3.44MPa and 4.94MPa and the MAPE ranged 
between 9.19% and 12.41%, as showing in Table IV. 

Table V shows the % differences from the control stren-
gths for original dataset and predicted values based on % 
of RHA replacement or addition. 

The original values mean differences for 7% and 10% 
RHA cemetitious material incorporate concrete were higher 
by 8.15% and 7.9% respectively in relation to the control 
strength, those being the highest and 2nd highest for that 
dataset. The predicted values mean differences for 5% and 
10% RHA cemetitious material incorporate concrete were 
higher by 5.30% and 4.12% respectively in relation to the 
control strength, those being the highest and 2nd highest 
for that dataset.

4. DISCUSSION

Testing data had the lowest RMSE (3.98MPa) while the 
highest was validation/checking data (6.56MPa). A model 
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by Islam et al. [4] 28-days strength of RHA incorporated high 
performance concrete, the RMSE was 4.96, an indicator of 
accuracy of the model fit, showing good agreement with 
experimental data and could be used to predict. Overall 
RMSE, for this study, of 5.10MPa indicates reasonable accu-
racy. The overall MAE was 3.81MPa, the lowest being for the 
testing with 3.44MPa and the highest for validation/chec-
king data, with 4.94MPa. Considering that datasets from 
different previous studies were used, with potentially wide 
variation of physical, human, chemical, technical/metho-
dologies and environmental factors and also wide range of 
compressive strengths between 17.01MPa to 107MPa the 
overall RMSE and MAE values indicated quiet good accura-
cy. Overall R2 for the model was 0.99, the lowest indicated 
by the validation/checking data, with 0.98. Based on this, 
the performance of the model was accurate. 

According to Revathy et al. [3], for MAPE value of less 
than 10% was an indication of very good performance of 
model and for MAPE value greater than 10%, could be due 
to higher variation in experimental data. The MAPE values 
for this research was 9.73% for the overall data, with the 
lowest being for training data, with 9.19% and the highest 
for the validation/checking data, at 12.41%. Based on this, 

with consideration to other possible influencing variations 
that were not quantified and the wide range of compressi-
ve strength within the study, the developed models indi-
cated quite good accuracy, for overall data in prediction of 
compressive strengths for RHA incorporated concrete.

Table V, shows the percentage differences for the original 
data and predicted values, from the control strengths. The 
original values mean differences for 7% and 10% RHA cemen-
titious material incorporate concrete were higher by 8.15% 
and 7.9% respectively and generally, the average percentage 
strength differences increased from 5% to 7% RHA cementi-
tious material incorporate concrete, then followed by a de-
creasing trend, as RHA content increased, the lowest being 
at -2.28% at 30% RHA replacement/addition as cementitious 
material. Based on the original values data, average % diffe-
rences shows that 5% to 12.5%, the RHA incorporated concre-
te generally indicated higher strengths with those between 15 
to 30% generally exhibited lower strengths compared to con-
trol strengths. Generally, both predicted and original dataset, 
indicated higher strength values for 5% to 10% RHA incorpo-
rated cementitious material concrete, while the 15% to 30% 
RHA cementitious contents indicated lower strength values 
compared to control strengths.

Table V.

PERCENTAGES DIFFERENCES OF COMPRESSION STRENGTHS FROM CONTROL AND THE MEANS

*Control Strength (Mpa) % RHA 
(Weight)

Original Dataset Predicted Values

Differences from control 
strength (%)

Average 
(%)

Differences from control 
strength (%)

Average 
(%)

67.7; 66.25; 61.5; 61; 57.79; 
51.07; 45.98; 42.95; 34.1388; 

26.26; 25.77; 24.42; 21.92;
5

29.54; -17.12; -1.46; 1.64; 14.14; 
2.15; 1.89; 2.68; 4.02; 

-3.27; 34.58; -4.01; -4.97;
4.60

17.00; 5.09; 6.64; 0.63; -2.52; 
0.03; 6.07; 9.01; 9.26; 

8.37; 11.86; 2.33; -4.82;
5.30

50.3; 7 8.15; 8.15 0.74; 0.74

91.2; 82.3; 61.5; 61; 57.79; 
51.07; 50.3; 49.8; 45.98; 43; 

42.95; 40.12; 34.5; 34.1388; 27.43; 
26.26; 25.77; 25.72; 24.42; 23.3; 

21.92;

10

17.32; 21.63; 8.46; 5.25; -4.79; 
-1.16; 17.30; 5.02; 7.48; 2.79;
-0.16; 0.25; 20.87; 8.05; -5.94; 
-10.74; 36.40; -13.37; -9.46; 

71.67;
-10.86; 

7.90

11.22; 18.87; 9.57; 7.41; 3.86;
1.31; 1.51; 5.72; 3.71; -1.31; 
4.51; 1.65; 7.03; 6.92; 7.80; 
0.60; 4.06; 6.70; -5.43; 3.09; 

-12.34;

4.12

40.12; 12.5 6.31; 6.31 1.11; 1.11

61.5; 61; 51.07; 50.3; 45.98; 
43; 42.95; 40.12; 34.1388; 26.26;

25.77; 25.72; 24.42; 21.92;
15

2.28; 0.82; -11.73; 25.65; 1.48; 
-0.47; -3.12; 4.89; -8.05; -19.12;

23.48; -2.33; -16.42; -13.55;
-1.16

5.48; 9.42; 2.04; 2.08; 2.24; 
-4.34; 1.52; 0.62; 4.68; -5.73;
-0.52; 2.64; -13.41; -21.22;

-1.04

91.2; 82.3; 61.5; 61; 45.98; 
43; 42.95; 34.5; 34.1388; 27.43;
26.26; 25.77; 25.72; 24.42; 23.3; 

21.92;

20

14.25; 18.59; 1.63; -0.98; -14.94; 
-2.79; -9.62; 15.07; -18.97; 

-17.13;
-26.05; 12.92; -5.02; -22.19; 

48.07; -22.40;

-1.85

10.77; 18.53; 0.87; 3.54; -0.87;
-6.66; -1.62; -1.06; -2.71; 0.70; 

-11.98; -4.14; 0.06; -23.66; -2.60; 
-35.87;

-3.54

53.4; 42.95; 25 15.73; -19.19; -1.73 -3.12; -5.62; -4.37

91.2; 82.3; 34.5; 27.43; 30 8.11; 7.53; 3.77; -28.55; -2.28 6.72; 12.56; -7.38;
-7.25; 1.16
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5. CONCLUSION

The following are conclusions and recommendations, 
related to this study:-

Overall RMSE, R2, MAE and MAPE were 5.10MPa, 0.99, 
3.81MPa and 9.73% respectively. 

The ranges for the three groups of datasets (training, 
validation/checking and testing) for RMSE, R2, MAE and 
MAPE were between 3.98MPa-6.56MPa, 0.98-0.99, 3.44MPa-
4.94MPa and 9.19%-12.41% respectively.

Based on the performance of model, the % amount of 
RHA as cementitious materials and the other three varia-
bles had significant impact on compressive strength.

Other physical, human, chemical, technical/methodo-
logies and environmental factors possibly had an influence 
on strengths, particularly for this review that used different 
sources of data. 

Also, there were variance in conditions, such as tempe-
rature and/or duration, for RHA production from rice husks, 
methodologies and concrete strengths values.

Considering 4) and 5), the selected ANN showed quite 
good performance. The higher error values based on the 
model could be attributed to those variations. This study 
is an indicator that machine learning techniques could be 
used to predict green concrete production.

Generally, both predicted and original dataset, indica-
ted higher strength values for 5% to 10% RHA incorporated 
cementitious material in concrete.

This study recommends that further application of ma-
chine learning techniques for model concrete incorporated 
with sustainable alternative materials. There should be uni-
versal standards for production of sustainable materials, for 
concrete production. Future modeling for green concrete 
should be conducted focused to one or adjacent concrete 
class(es).
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