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Research Article 

Tea waste ash: Characterization, pozzolanic activity and effects  

on the fresh properties of cement pastes 

İlknur Bekem Kara a,* , Cuma Kara a  

a Department of Construction Technology, Borçka Acarlar Vocational School, Artvin Çoruh University, 08400 Artvin, Türkiye 

 

A B S T R A C T 

It is a well-known fact that the use of agricultural wastes in cementitious composites 

by turning them into ash provides both ecological and economic benefits. Tea facto-

ries in Türkiye are located in the Eastern Black Sea region. Tea waste generated in 

factories locally causes environmental problems. This study focuses on the usability 

of the wastes left over from the products processed in the tea factory. Tea waste from 

Artvin, Türkiye was turned into ash at 850 °C. Physical, chemical, mineralogical, ther-

mogravimetric and morphological properties of tea waste ash were examined. Poz-

zolanic activity test was performed to determine its usability in cement systems. 

Blended cement pastes were prepared by substituting up to 10% tea waste ash. Phys-

ical and chemical properties of blended cement pastes were determined. As a result, 

the tea waste ash was found to contain a high proportion of K2O. The waste material 

does not show pozzolanic properties. The hydration of cement pastes has accelerated 

with tea waste ash. Tea waste ash substitution has increased standard consistency 

water of blended cement pastes. Tea waste ash substitution up to 8% provided the 

initial setting time included in the standard. It was concluded that tea waste ash could 

be used as a setting accelerator. 
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1. Introduction 

Expansion of the construction sector driven by popu-
lation growth has confronted humanity with unprece-
dented challenges. One major consequence of these de-
velopments is the significant increase in waste produc-
tion (Çelik et al. 2024; Şengel et al. 2022; Canbaz et al. 
2021). The utilization of waste materials in concrete 
structures plays a critical role in promoting environmen-
tal sustainability and supporting recycling efforts (Bulut 
2024; Karalar and Çavuşlu 2022). Agricultural waste is 
contingent upon the nature of the agricultural activities 
undertaken, which can be generated from crop residues 
in the field, or from agro-based industries (Bekem Kara 
2024). After the harvest and consumption of some agri-
cultural products such as corn, peanuts, sugar cane; 

wastes such as corn cobs, peanut shells and sugar cane 
pulp are generated (Raheem and Ikotun 2020). Safe dis-
posal of agricultural wastes is an important issue in 
terms of reducing the volume of waste and eliminating 
storage problems and costs, as well as preventing envi-
ronmental pollution. In recent years, it has been ascer-
tained that the use of these wastes in cementitious com-
posites can be beneficial both economically and ecologi-
cally.  

Studies on agricultural wastes point that the agricul-
tural product that leaves the most residues is rice. The 
annual production of rice worldwide is 600 million tons 
(Younes et al. 2018). While only 17% of this amount is 
used, it is known that 83% is rice husk waste. Burning 
rice husk in open areas for disposal causes soil and water 
pollution (Khan et al. 2020). In recent years, the most no-
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table agricultural waste is rice husk ash. It is known that 
rice husk ash has pozzolanic properties. Rice husk ash, 
which has a high silica content, is substituted for cement. 
(Mohseni et al. 2016; Younes et al. 2018; Zahedi et al. 
2015).  

Morever, studies on the usability of regionally pro-
duced agricultural wastes in cementitious composites 
are available in the literature (Baran et al. 2020; Tekin et 
al. 2021). One of the agricultural wastes with regional 
production is tea, which is the most consumed beverage 
after water. In this context, studies published in recent 
years are summarized. Anjum et al. (2020) washed the 
tea wastes they collected with distilled water 4-5 times 
to separate them from sugar and milk components and 
used them in brick production by sieving. Jakhrani et al. 
(2019), on the other hand, collected the tea waste from 
student cafes and local restaurants in the Seoul area and 
used it in the production of mortar. Nasr et al. (2019) ob-
tained tea waste ash by burning domestic waste tea at 
600 °C and replaced it with cement up to 10% in mortar 

production. They found that the 7.5% substitution in-
creased the compressive strength compared to the ref-
erence. Gupta et al. (2015) named the tea powder ob-
tained after the preparation of home tea as “tea waste” 
and collected it from the university cafeteria for use in 
brick production. The common point of the mentioned 
studies is that the tea wastes used are the residues from 
the brewed tea. It is troublesome to collect these wastes 
from various places. In addition, milk, sugar, sweetener, 
etc. of collected tea wastes must also be removed. It is 
also known that the quality of teas differs from region to 
region. In this context, it will not be possible to talk about 
the same characteristics and homogeneity of domestic 
tea wastes. Therefore, this study focused on the factories 
that are the source of tea waste. In Türkiye, where there 
are 274 tea factories in total, the region that is suitable 
for tea cultivation in terms of climate is the Eastern Black 
Sea, and the planted tea areas and the amount of tea pro-
duced increase every year. Tea production map of Tü-
rkiye is seen in Fig. 1.

 

Fig. 1. Tea production amounts in Türkiye, and Muratlı Tea Factory (TEBGE 2024).

The total product obtained annually in the Eastern 
Black Sea region consists of around 1.5 million tons of 
fresh tea, so approximately 650 thousand tons of tea 
waste is generated every year (BEPA 2024). The collec-
tion of waste tea fibers in a closed volume creates stor-
age problems and additional costs. Kara (2018) con-
cluded that tea waste can be used as natural fiber up to 
7 kg in 1 m3 of concrete, but it would be appropriate to 
use it up to 5 kg in places that will be exposed to abrasion 
(Kara 2018). One of the methods of destroying waste tea 
fibers is incineration. However, burning this waste to-
gether with coal does not provide the limit values speci-
fied in the Regulation on Control of Industrial Air Pollu-
tion. In this context, it is more advantageous to burn 
waste tea fibers in a separate incineration unit (RTB 
2013). Terzi et al. (2025) used tea ash together with 
blast furnace slag. Tea ash was substituted for cement at 
rates of 1.25%, 2.5%, 3.75%, 5%, 7.5% and 10%. Tea ash 

used with blast furnace slag exhibited lower strength 
than the control sample on days 2, 7, 28, and 90. As far 
as the author knows, the waste tea fibers obtained from 
the factory in the production of cement composites have 
not been turned into ashes and replaced with cement un-
til now. In this regard, the potentiality of ash obtained 
from the incineration of tea waste to usability in cement 
systems is investigated in the present study. 

 

2. Materials and Method 

In this study, CEM I 42.5 R Portland cement (PC), 
Ca(OH)2, tea waste and water were used. Cement was ob-
tained Oyak Cement Plant (Ordu, Türkiye). The cement’s 
specific surface area was 3,316 cm2/g, its specific gravity 
was 3.13 g/cm3. Chemical properties of PC is given in Ta-
ble 1.  

Muratlı Tea Factory (Borçka, Artvin) 
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Table 1. Chemical properties of cement. 

Oxide CaO Al2O3 Fe2O3 SiO2 SO3 MgO Na2O Loss of ignition Insoluble matter 

Value (%) 62.64 4.56 3.36 19.05 2.88 2.98 0.15 3.02 0.30 

2.1. Preparation of TWA 

Tea wastes taken from Muratlı Tea Plant (Artvin, Tü-
rkiye) storage area were first dried at 100±5 °C. Accord-
ing to Tekin et al. (2021) The incineration of agricultural 
wastes plays a crucial role in reducing their volume, en-
abling relevant industries to utilize smaller land areas 
and incur lower disposal costs (Tekin et al. 2021) . Then 
the tea waste was exposed to 850 °C for three hours and 

coded as TWA (Fig. 2). Upon reviewing the literature, it 
was observed that tea waste was burned at 600-700 ℃. 
However, the loss of ignition values of the ash obtained 
in these studies are on average 13%. To minimize the 
loss of ignition, the temperature was increased in this 
study (Nasr et al. 2019; Terzi et al. 2025). No grinding 
process was performed on the ash after high tempera-
ture. TWA was sieved using a 250-micron sieve. Material 
passing through the sieve was used. 

 

Fig. 2. Tea waste from tea factory and TWA.

2.2. Characterization of TWA 

The elemental composition of TWA was determined 
using the X-ray fluorescence (XRF) method. Specific 
gravity and specific surface area were determined using 
the surface area analysis (BET) method. In addition, the 
particular size distribution of TWA was determined by 
laser particle size analyzer (Malvern, model 'Mastersizer 
Hydro 2000 MU'). Mass losses of TWA at increasing tem-
peratures were determined with the help of thermograv-
imetric analysis (TG) in Perkin Elmer STA-6000 device. 
In this study, TG of TWA was performed at 10 °C / min 
heating rate up to 900 °C. X-Ray diffraction patterns 
(XRD) of TWA were obtained at room temperature, in 
Bruker brand Discover-D8 model powder diffractometer 
system and using copper radiation [λ (CuKα)= 1.54056Å] 
in the scanning range of 2θ = 5.0‒80.0°. SEM was used to 
investigate morphology of TWA. 

2.3. Pozzolanic activity of TWA 

The hydraulic property determined in terms of com-
pressive strength with the mortar prepared by mixing 
ground natural pozzolan, water, Ca(OH)2 and sand is de-
fined as pozzolanic activity (TS 25 2008). The pozzolanic 
activity of The TWA utilized in the study was assessed in 
accordance with the TS 25 standard (Table 2). 

The prepared mortar sample was poured into 
40×40×160 mm3 sized molds (Fig. 3). It was demoulded 
the next day and kept at 55±2 °C for 6 days. 

2.4. Preparation of blended cement pastes with TWA 

In this study, reference cement paste (M1) was pre-
pared with 100% Portland cement. In addition, 2, 4, 6, 8, 
and 10% TWA was replaced by cement by weight. Thus, 
five different blended cement pastes were produced ac-
cording to TS EN 196-3 (2017) standard. Blended ce-
ment pastes were labelled M2, M3, M4, M5 and M6. 

 

Fig. 3. Mortar samples for pozzolanic activity.  
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Table 2. Amount of materials for pozzolanic activity.  

Materials  TWA TS 25 

Ca(OH)2 150 g 150 g 

Pozzolan 218.30 g 
T= 2x150x  

(density of pozzolan/ density of Ca(OH)2) 

Standard aggregate 1,350 g 1,350 g 

Water 184.15+90=274.15 0.5x (150+T) 

2.5. Preparation of blended cement pastes with TWA 

In this study, reference cement paste (M1) was pre-
pared with 100% Portland cement. In addition, 2, 4, 6, 
8, and 10% TWA was replaced by cement by weight. 
Thus, five different blended cement pastes were pro-
duced according to TS EN 196-3 (2017) standard. 
Blended cement pastes were labelled M2, M3, M4, M5 
and M6. 

2.6. Experimental methods 

The compressive strength of the mixture prepared for 
pozzolanic activity was measured on the 7th day in ac-
cordance with TS EN 196-1 (2016) standard. The stand-
ard consistency water and setting times of the produced 
cement pastes were determined with the Vicat device. 
The volume expansion of the mixtures was found with 
the Le Chatelier mold. The setting times were performed 
in accordance with the TS EN 196-3 (2017) standard, 
with the ambient temperature being 20±2 °C and the 

mixing water temperature being 20±2 °C, under experi-
mental conditions. The volume expansion that may oc-
cur in the cement paste with the Le Chatelier mold was 
determined in accordance with the TS EN 196-3 (2017) 
standard. 

 

3. Results and Discussion 

3.1. Characterization of TWA 

Specific gravity of TWA was 1.63 g/cm3, and the spe-
cific surface area (BET) was 11,810 cm2/g. Cumulative 
particle size distribution of TWA is seen in Fig. 4. The 
high peak was in the 10–100 µm range. There are two 
smaller peaks below 1 µm and above 100 µm. In addi-
tion, d90, d50 and d10 values of TWA were 54.52 µm, 
12.663 µm, and 2.400 µm, respectively. It was seen that 
PC has more homogeneous distribution than TWA. d90, 
d50 and d10 values of PC were 46.265 µm, 15.404 µm, 
and 2.605 µm, respectively.

 

Fig. 4. Cumulative particle size distribution of TWA.

The chemical compositions of PC, TWA and blended 
cements are shown in Table 3. The chemical components 
of the blended cements were theoretically calculated ac-
cording to the replacement amount of TWA with cement. 
Values were evaluated according to some TS EN 197-1 
(2012) limitations. When the chemical compositions of 
TWA were examined, it was established that the SO3, 
MgO and glow loss amounts were above the limit value 
required by the standard. However, it was observed that 
the SO3, MgO and glow loss amounts of the cements 
blended with up to 10% TWA substitute used in this 

study did not exceed the standard value. The limit value 
of Cl- for all cements is 0.1% (TS EN 197-1 2012). When 
the oxides of the blended cements are calculated theo-
retically, up to 4% TWA substitution provides a limit 
value.  

However, in 6, 8 and 10% replacements, the Cl- limit 
value is exceeded, which may cause rebar corrosion for 
reinforced concrete. The alkali content depends on the 
amount of K2O and Na2O in the cement (Zhang 2011). Al-
kalines, a minor but inevitable component of PC clinker, 
originate from the raw materials used in cement produc-
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tion. Owing to variations in the composition of raw ma-
terials, the alkali content in cement produced by differ-
ent factories shows significant differences across vari-
ous regions (Huang and Yan 2019). When the alkali pres-
ence of TWA is examined, it is observed that its main 
component is K2O (31.31%). Due to the high alkali con-

tent of TWA and low content of SiO2+Fe2O3+Al2O3, the al-
kali content of the blended cement increased signifi-
cantly with the increase of TWA substitution. The total 
alkali content (%) for M1, M2, M3, M4, M5 and M6 mix-
tures was calculated as 0.88, 1.28, 1.67, 2.07, 2.47 and 
2.86, respectively.

Table 3. Chemical properties of blended cements. 

Oxide (%) TWA M1 (OPC) M2 M3 M4 M5 M6 

CaO 13.95 63.10 62.12 61.13 60.15 59.17 58.19 

SiO2 3.13 19.56 19.23 18.90 18.57 18.25 17.92 

Al2O3 8.24 4.41 4.49 4.56 4.64 4.72 4.79 

Fe2O3 1.18 3.16 3.12 3.08 3.04 3.00 2.96 

K2O 31.31 0.79 1.40 2.01 2.62 3.23 3.84 

Na2O 0.10 0.36 0.35 0.35 0.34 0.34 0.33 

P2O5 8.24 ‒ 0.16 0.33 0.49 0.66 0.82 

MnO 3.90 ‒ 0.08 0.16 0.23 0.31 0.39 

SO3 5.64 2.99 3.04 3.10 3.15 3.20 3.26 

MgO 5.42 2.36 2.42 2.48 2.54 2.60 2.67 

Cl- 1.57 0.02 0.05 0.08 0.11 0.14 0.18 

Loss of ignition (LOI) 9.47 2.70 2.84 2.97 3.11 3.24 3.38 

Mass loss values of TWA at increasing temperatures 
are presented in Fig. 5. According to the DTG curves, en-
dothermic peaks formed for TWA under 100 °C indicate 
that the adsorbed water in the material structure evapo-
rates. The second endothermic peak, occurring at 
around 600 °C, is believed to signify the loss of water that 
is more strongly bonded to the structure. It was found 
that the total mass loss of TWA at 900 °C amounted to 
7.61%. In XRD analysis, 77% of TWA was found to be 
crystalline and 23% amorphous. Sylvite is potassium 
chloride in natural mineral form (Fig. 6). It is known 

from the literature that crystalline materials do not ex-
hibit pozzolanic properties (Bekem Kara 2022; Erdem et 
al. 2007). When the diffraction patterns are examined, it 
is seen that all minerals are of potassium origin. This sit-
uation is parallel to K2O, which emerged as the main 
component in the XRF analysis. When the TWA image 
was magnified 5000X, it was found to have a needle-like 
structure (Fig. 7). This situation is attributed to the pres-
ence of K2O, which has a high content in TWA. In addi-
tion, the acicular image supports the high specific sur-
face area (11,810 cm2/g) determined by BET.

 

Fig. 5. TG-DTG analysis of TWA. 
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Fig. 6. Diffraction patterns of TWA. 

 

Fig. 7. SEM image of TWA (x5000).

3.2. Pozzolanic activity of TWA 

As a result of the pozzolanic activity test, the compres-
sive strength of the TWA substituted mortars was ob-
tained as 2.20 MPa on the 7th day. In this context, the 
waste ash material does not show pozzolanic properties. 
This result supports each other with XRD diffraction pat-
terns, which is one of the characterization features. 

3.3. Standard consistency water of  
blended cement pastes 

The amount of water determined for the standard 
consistency of cement pastes produced with TWA is pre-
sented in Fig. 8. The amount of water required for stand-
ard consistency of blended cement pastes increased sig-
nificantly with TWA substitution. While 2% TWA substi-
tution increased the consistency water requirement by 
14.07%, 10% TWA substitution increased the consis-

tency water requirement by 71.36%. The fact that the 
specific surface area of TWA is greater than that of ce-
ment can be explained as the reason for the increased 
water requirement with the increase in the replacement 
ratio. As ashes are hygroscopic in nature (Ganesan et al. 
2007) and the specific surface area of TWA is three 
times higher than cement it needs more water for 
proper consistency. Tekin et al. (2021) found that the 
amount of water required for consistency increased as 
the substitution rate increased in the cement pastes 
they produced with pistachio shell ash substitution. In 
another study, an increase in water requirement was 
observed with the use of hazelnut shell ash (Baran et al. 
2020). This situation was explained in the literature by 
the increase in total surface area after modification with 
ash particles that are finer than cement. Furthermore, it 
has been noted that irregular shapes and pores contrib-
ute to an increased water requirement (Garcés et al. 
2008).  
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Fig. 8. Standard consistency water of the  
blended cements. 

3.4. Setting time of blended cement pastes 

Initial and final setting times of the mixtures are 
shown in Fig. 9. It is seen that the setting times decrease 
as the amount of TWA increases. While the initial setting 
time was 230 min. in the M1, it was measured as 215, 
195, 130, 80 and 45 min. with 2, 4, 6, 8 and 10% TWA 
substitution, respectively. It is observed that the initial 

setting decreased by 80.43% compared to the reference 
sample when the TWA substitution was 10%. Therefore, 
it is thought that TWA can be used as a setting accelera-
tor additive in addition to its other properties explained 
in more detail in this study. It is known that the alkalis 
(Na2O and K2O) in TWA are higher than cement, which 
has an effect on the setting time. Because alkalis acceler-
ate the setting of cement-based materials (Jawed and 
Skalny 1978). It is seen in Table 3 that there is an in-
crease in the K20 amounts of cement pastes with TWA 
substitution. While the K2O amount in the theoretical 
chemical composition of M1 is 0.79%, the K20 amount of 
M6 was calculated as 3.84% with 10% TWA substitution. 
As a result of the detected changes, the conformity value 
of the initial setting time is specified as 60 minutes and 
above in the relevant standard (TS EN 197-1 2012). Ex-
cept for the M6 mix, all of the mixes were found to have 
a set onset time above the specified value (Fig. 6). 

When the final setting times are examined, the final 
setting accelerating effect of TWA is again seen. The final 
setting times of the samples with 0, 2, 4, 6, 8 and 10% 
TWA substitution were measured as 270, 260, 235, 175, 
120 and 75 minutes, respectively. With the use of 10% 
TWA, the final setting time decreased by 72.22% com-
pared to the reference. There is no value for the final set-
ting time in the relevant standard (TS EN 197-1 2012).

         

Fig. 9. Initial and final setting time values of the blended cements.

3.5. Volume expansion of blended cement pastes 

The amount of possible expansion that may occur as a 
result of the reaction of free CaO and MgO in TWA-sub-
stituted cement samples with water should be below 10 
mm according to the TS EN 197–1 (2012) standard.  

As a result of the study, it was observed that the ex-
pansion values did not exceed the limit value as seen 
from Table 4. While the expansion amount of the M1 
sample is 1 mm, it is seen that the expansion amount is 3 

mm in the M6 sample with 10% TWA substitution. The 
increase in MgO ratios in the theoretically calculated 
chemical analyzes of the mixtures formed with TWA is 
given in Table 3.  

In the theoretical calculation, the MgO ratio in the M1 
mixture is 2.36%, while the MgO ratio in the M6 mixture 
is 2.67%. Therefore, it is possible to explain the increase 
in volume expansion with the increase in the MgO ratio 
that reacts. This circumstance aligns with the existing lit-
erature (Bekem Kara 2022). 

Table 4. Chemical properties of cement. 

Mix ID M1 (OPC) M2 M3 M4 M5 M6 

Expansion (mm) 1.0 1.0 1.0 1.5 2.0 3.0 
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4. Conclusions 

Studies on the recyclability of agricultural wastes in 
cementitious systems have attracted attention in recent 
years. In this study, tea waste ash was characterized in 
detail and the properties of cement pastes blended with 
tea waste ash were investigated. In accordance with the 
experimental findings, the following results were ob-
tained: 
 Tea waste ash is of potassium origin, mostly in crys-

talline form. The specific surface area is quite high due 
to the needle-like structure obtained in SEM image. 
The main component of ash in chemical composition 
is K2O.  

 Tea waste ash substitution has increased standard 
consistency water of blended cement pastes. 10% tea 
waste ash reduces the initial setting time by up to 
80.43% and the final setting time by up to 72.20%. 
Ash substitution up to 8% provided the initial setting 
time included in the standard. It is thought that tea 
waste ash can be used as a setting accelerator additive 
in cement systems, even in small amounts, due to its 
high K2O content. 
Waste tea fibers are one of the agricultural wastes 

that need to be disposed of in tea production areas. It is 
thought that the use of these wastes, which is an im-
portant issue for the Eastern Black Sea Region where tea 
farming and tea factories are located in Türkiye, is an 
important issue. It is recommended to investigate the 
strength, thermal and durability performance proper-
ties of mortars and concretes with tea waste ash substi-
tute. In addition, tea waste ash can be used in geopoly-
mer production due to their high alkali content. 
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A B S T R A C T 

Accurately predicting the compressive strength of concrete is crucial for ensuring 

structural integrity, optimizing material usage, and reducing construction costs. Con-

ventional experimental methods, though reliable, are often labour-intensive and 

time-consuming. To address these limitations, this study investigates the effective-

ness of machine learning (ML) algorithms as efficient alternatives for predicting con-

crete compressive strength. Four ML algorithms—Linear Regression (LR), Multilayer 

Perceptron (MLP), M5 Rule-Based Model, and Support Vector Machines (SVM)—

were evaluated based on their predictive performance. A comprehensive dataset 

comprising 350 concrete samples was prepared, with compressive strength tests 

conducted in accordance with Indian standard 516. The models were trained on ex-

perimental data and were tested using varying data splits of 50%, 40%, 30%, 20%, 

and 10% to assess their prediction accuracy. Among the evaluated models, the MLP 

demonstrated superior performance, achieving a correlation coefficient (CC) of 0.98 

with a 20% testing split, outperforming the other algorithms. To further validate the 

predictive capability of the MLP model, multiple linear regression analysis was em-

ployed, confirming its robustness and generalization ability. The findings underscore 

the potential of machine learning techniques, particularly the MLP model, in provid-

ing accurate, reliable, and time-efficient predictions of concrete compressive 

strength. This study contributes to the growing body of research focused on leverag-

ing machine learning for enhanced decision-making in construction material design, 

ultimately promoting more sustainable and cost-effective construction practices. 
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1. Introduction 

The field of construction materials research has un-
dergone a significant transformation with the advent of 
machine learning (ML) techniques, offering novel ap-
proaches for analyzing and predicting the properties of 
materials. Machine learning enables the development of 
computational models capable of learning from data and 
identifying complex patterns, thereby offering poten-
tially more efficient and effective solutions to structural 
engineering challenges (Gürbüz and Kazaz 2024). 
Among these properties, compressive strength is a criti-

cal parameter that defines the quality, safety, and dura-
bility of concrete structures (Nalina 2023). The applica-
tion of advanced ML algorithms to predict the compres-
sive strength of concrete can significantly accelerate la-
bor-intensive experimental processes and reduce asso-
ciated costs (Harirchian 2024). Traditional methods for 
determining compressive strength often involve time-
consuming laboratory tests and physical experiments. 
As construction demands grow and evolve, there is a 
pressing need for efficient, accurate, and cost-effective 
methods to predict compressive strength during the de-
sign phase. While these methods ensure precision, they 

tel:+91-96231-47149
mailto:ssmore74@gmail.com
https://doi.org/10.20528/cjcrl.2025.02.002
https://cjcrl.challengejournal.com/
https://orcid.org/0009-0002-5643-2120
https://orcid.org/0000-0001-5915-4299
https://creativecommons.org/licenses/by/4.0/


 More and Kambekar / Challenge Journal of Concrete Research Letters (2025) 16(2) 60–68 61 

 

are limited by high costs, delays, and constraints in real-
time adaptability. In the modern era of construction and 
infrastructure demands, where rapid urbanization and 
sustainable design practices are paramount, the need for 
efficient and accurate methods for predicting compres-
sive strength has become increasingly apparent. Ma-
chine learning algorithms present an innovative solution 
to this challenge by leveraging computational models to 
establish complex relationships between input features 
and target variables (Yeh 1998). These techniques can 
effectively model nonlinear relationships and process 
large datasets, thereby enhancing prediction accuracy 
and decision-making in concrete mix design. This study 
focuses on evaluating the performance of various ma-
chine learning algorithms for predicting the compressive 
strength of concrete. 
 

2. Literature Review  

The use of machine learning (ML) algorithms to pre-
dict the compressive strength of concrete has gained   
significant attention in recent years due to their capabil-
ity to process large datasets and capture nonlinear rela-
tionships between multiple input variables. Yeh (1998) 
was one of the first researchers to model the strength of 
high-performance concrete using Artificial Neural Net-
works (ANNs). The study demonstrated that ANNs out-
perform traditional regression techniques in capturing 
nonlinear relationships between variables such as wa-
ter-cement ratio, cement content, and curing time. Chou 
and Tsai (2012) investigated a combined classifier ap-
proach using support vector machines (SVM) and deci-
sion trees for concrete compressive strength prediction. 
The hybrid model was shown to provide enhanced accu-
racy compared to standalone ML algorithms. Huang et al. 
(2025) applied deep learning techniques such as convo-
lutional neural networks (CNN) to predict the strength 
of concrete containing waste materials like glass. Their 
findings emphasized the importance of dataset size and 
preprocessing in deep learning applications. Tiep et al. 
(2024) introduced a novel hyperparameter tuning 
framework for regression tasks. Their study combined 
sampling algorithms with neural networks to optimize 
model performance, achieving higher prediction accu-
racy for concrete strength. Khan et al. (2025) used Op-
tuna for automated hyperparameter tuning in predicting 
high-performance concrete strength. By leveraging tools 
like SHAP for interpretability, they provided insights 
into influential variables such as cement content and wa-
ter-cement ratio. Ullah et al. (2025) demonstrated the ef-
fectiveness of hybrid ML models combining traditional 
methods with advanced optimization algorithms to esti-
mate the tensile and compressive strength of basalt fi-
ber-reinforced concrete.  

Oyebisi et al. (2024) incorporated optimization tech-
niques in ML models to enhance the prediction accuracy 
for slurry infiltrated fiber concrete. The study high-
lighted the need for domain-specific customization in ML 
applications. Salami et al. (2024) focused on the influ-
ence of feature selection in ML models for predicting the 
compressive strength of concrete. The study demon-

strated that proper feature engineering could signifi-
cantly enhance prediction accuracy. Feature engineering 
refers to the process of selecting, modifying, or creating 
relevant input variables (features) that help machine 
learning (ML) models make accurate predictions. Pan et 
al. (2025) applied ensemble learning to predict recycled 
concrete's compressive strength, emphasizing the im-
portance of cleaning datasets and identifying key predic-
tors. Ghoniem and Nour (2025) applied ML models to 
predict the mechanical properties of sandstone concrete 
with varying compaction levels and silica fume ratios. 
Their results demonstrated the adaptability of ML for di-
verse concrete compositions. Li et al. (2025) investi-
gated the performance of circular concrete-filled steel 
tubular columns using ML-based strength prediction 
models, combining traditional mechanics and advanced 
ML techniques. In this study, Linear Regression serves as 
a fundamental baseline model for regression tasks. It es-
tablishes a linear relationship between input variable 
and the target variable, which, in this case, is the com-
pressive strength of concrete. Despite its simplicity, LR 
offers interpretability and provides insights into how in-
dividual variable affect strength predictions. Its inclu-
sion ensures a comparative understanding of how more 
complex models improve upon this baseline. MLP, a type 
of artificial neural network, is capable of capturing com-
plex, nonlinear relationships within data. Since concrete 
compressive strength is influenced by multiple interact-
ing factors (e.g., material composition, curing time), MLP 
can model these nonlinearities effectively. Its robust 
learning ability allows it to generalize well across differ-
ent datasets, making it ideal for predicting material 
properties with inherent variability. The M5 Rule-based 
model combines decision trees with linear regression, 
providing both interpretability and predictive power. It 
creates piecewise linear models that adapt to local pat-
terns in the data, offering a balance between accuracy 
and explainability. This makes it suitable for complex en-
gineering datasets where relationships between varia-
bles may vary across different ranges. SVM is known for 
its ability to handle high-dimensional data and model 
nonlinear relationships using kernel functions. For pre-
dicting concrete compressive strength, SVM can manage 
complex interactions between variables with high preci-
sion. It is also less prone to overfitting, especially in sce-
narios where the dataset is not large, ensuring robust 
predictions. 

This study contributes to the existing body of work on 
concrete strength prediction by providing a comprehen-
sive comparison of different machine learning models, 
including MLP, SVR, M5 Rule, and Linear Regression. Un-
like previous studies that focused on single-model appli-
cations, this research highlights the strengths and limi-
tations of each model under varying training-to-testing 
data splits. The findings emphasize the importance of se-
lecting an appropriate ML model and training percent-
age to achieve reliable predictions, reducing the reliance 
on extensive laboratory testing. Furthermore, this study 
demonstrates that MLP outperforms traditional and 
rule-based models, reinforcing the need for advanced 
ML techniques in concrete durability assessment and 
predictive analytics. 
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2.1. Linear regression model  

Linear regression is a fundamental statistical and ma-
chine learning algorithm used to model the relationship 
between one dependent variable (y) and one or more in-
dependent variables (𝑥1, 𝑥2, . . , 𝑥𝑛 ) (Aydın et al. 2024; 
Öztaş et al. 2005). The model assumes a linear relation-
ship between the variables and predicts the value of (y) 
based on the given inputs. In simple linear regression, 
there is only one independent variable (x). The relation-
ship is modeled in Eq. (1) as: 

𝑦 =  𝛽0 +  𝛽1𝑥 +  𝜖 (1) 

where:  
y is the dependent variable (target); 
x is the independent variable (predictor); 
𝛽0  is the intercept (value of y when x=0); 
𝛽1  is the slope coefficient (rate of change of y with re-
spect to x); 
𝜖 is the error term (accounts for deviations of actual y 
from predicted y). 

While in multiple linear regression, there are 𝑛 inde-
pendent variables ( 𝑥1, 𝑥2, . . , 𝑥𝑛 ). The relationship is 
modeled as in Eq. (2). 

𝑦 =  𝛽0 + 𝛽1𝑥1  
+  𝛽2𝑥2  

+ ⋯ + 𝛽𝑛𝑥𝑛 
+  𝜖 (2) 

2.2. Multi-layer perceptron model  

A Multilayer Perceptron (MLP) is a class of artificial 
neural networks (ANN) designed for supervised learning 
tasks such as classification and regression. MLPs are ca-
pable of learning complex nonlinear relationships be-
tween inputs and outputs, making them highly versatile 
in a variety of applications, including image recognition, 
language processing, and predictive modeling. It consists 
of three main layers: the input layer, hidden layers, and 
the output layer. The input layer received the input fea-
ture while the hidden layer apply transformation using 
weighted sums and activation functions and the output 
layer produces the predictions. Forward propagation 
and backpropagation are two key processes in training 
artificial neural networks like the Multilayer Perceptron 
(MLP). They work together to ensure that the network 
learns from data, minimizes errors, and adjusts its 
weights and biases effectively. Forward propagation 
computes the output of the network given the inputs, by 
passing data through each layer (Topçu and Sarıdemir 
2008). The input feature (𝑥1, 𝑥2, . . , 𝑥𝑛) are fed into the 
network. Each neuron computes a weighted sum of its 
inputs, adds a bias, and applies an activation function as 
mentioned in Eq. (3). 

𝑧𝑗 = ∑ 𝑤𝑖𝑗
𝑛
𝑖=1 𝑥𝑖 𝑏𝑗       𝑎𝑗 = 𝑓(𝑧𝑗) (3) 

where: 
wij is the weight connecting input i to neuron j; 
bj is the bias for neuron j; 
f  (zj) is the activation function (e.g., ReLU, Sigmoid, 
Tanh). 

The output layer applies the same process and gener-
ates predictions (𝑦̂) based on the activations of the pre-
vious layer. Backpropagation updates the weights and 
biases of the network to minimize the error between 
predicted (𝑦̂) and actual (y) values. Use a loss function 
(e.g., Mean Squared Error or Cross-Entropy Loss) to cal-
culate the error as mentioned in Eq. (4). 

Loss =
1

𝑛
 ∑ (𝑦𝑖 − 𝑦̂𝑖)

𝟐𝑛
𝑖=1  (4) 

Backpropagation calculates the gradient of the loss 
function with respect to each weight and bias using the 
chain rule of calculus as mentioned in Eq. (5). 

𝜕Loss

𝜕𝑤𝑖𝑗
 (5) 

Gradients represent how much the weights/biases 
need to change to reduce the loss. Using gradient de-
scent, update the parameters to minimize the loss as 
mentioned in Eq. (6). 

𝑤𝑖𝑗  ← 𝑤𝑖𝑗 − 𝜂
𝜕Loss

𝜕𝑤𝑖𝑗
  (6) 

where: 
η is the learning rate (step size for updates). 

Gradients are propagated backward through the net-
work, layer by layer, starting from the output layer and 
moving toward the input layer. 

2.3. M5 rule model 

The M5 Rule Model is a decision-tree-based algorithm 
used for regression tasks (Quinlan 1992). It combines as-
pects of decision trees with linear regression models to 
create a hybrid approach. Developed by Quinlan in 1992, 
the M5 algorithm is particularly effective for modeling 
nonlinear relationships and handling large datasets with 
continuous target variables. M5 constructs a decision 
tree by recursively splitting the data based on feature 
values to minimize error. Unlike traditional decision 
trees that predict constant values at the leaves, M5 asso-
ciates each leaf node with a linear regression model, al-
lowing for better predictions. The algorithm selects the 
feature and split point that minimizes the variance of the 
target variable within each subset. Variance reduction is 
calculated as mentioned in Eq. (7). 

∆𝑇 = var(𝑇) − (
|𝑇1|

|𝑇|
var(𝑇1) +

|𝑇2|

|𝑇|
var(𝑇2)) (7) 

where:  
T is the original dataset; 
T1, T2 are the subsets after split; 
|T| is the number of samples in T. 

At each leaf node, M5 fits a linear regression model as 
mentioned in Eq. (8). 

𝑦 =  𝛽0 + 𝛽1𝑥1  
+  𝛽2𝑥2  

+ ⋯ + 𝛽𝑛𝑥𝑛 
+  𝜖 (8) 

This allows the model to generalize better and cap-
ture trends in the data (Witten and Frank 2005). 
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2.4. Support vector machine model 

Support Vector Machine (SVM) is a powerful super-
vised learning algorithm used for classification, regres-
sion, and outlier detection tasks. It works by finding the 
optimal hyperplane that separates data points into dis-
tinct classes or predicts continuous values in the case of 
regression (Vapnik 1995). 

The hyperplane is expressed as mentioned in Eq. (9). 

𝑤𝑇𝑥 + 𝑏 = 0 (9) 

where: 
w is the weight vector; 
x is the input feature vector; 
b is the bias term. 

SVM maximizes the margin (M) between support vec-
tors while ensuring correct classification as mentioned 
in Eq. (10). 

𝑀 =
2

‖𝑤‖
 (10) 

The optimization problem is to maximize this margin, 
which is equivalent to minimizing ‖𝑤‖  subject to the  
condition that all data points are correctly classified as 
mentioned in Eq. (11). 

Constraints: 

𝑦
𝑖
(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1, ∀𝑖 (11) 

where: 
𝑦𝑖 is the class label of the 𝑖-th data point (+1 or −1); 
𝑥𝑖 is the feature vector of the 𝑖-th data point. 

To solve the optimization problem, SVM uses La-
grange multipliers (Smola and Schölkopf 2004). 

The Lagrangian formulation for the primal problem as 
mentioned in Eq. (12). 

𝐿(𝑤, 𝑏, 𝛼) = 21‖𝑤‖2 − 𝑖 = 1∑𝑛𝛼𝑖      [𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) − 1] (12) 

3. Methodology  

In this study, concrete mix was prepared using  
IS 10262 (2019) code. Total 350 number of cubes of di-
mension 150mm×150mm×150 mm were casted with 
different mix design and were cured at 27±2 °C for 28 
days. The specimens were tested at 7 and 28 days for 
compressive strength of concrete. The mix ingredients 
consist of cement, flyash, Alco-fine, ground granulated 
blast furnace slag, water, fine aggregates and coarse ag-
gregates and admixture as mentioned in Table 1.

Table 1. Mix design proportions. 

Component 
Dataset of concrete mix 

min (kg/m3) max (kg/m3) average (kg/m3) 

Cement 130 650 330 

GGBS 0 325 74 

Flyash 0 360 59 

Alco- fine 0 65 5 

20mm 438 745 663 

10mm 220 510 349 

CRF 530 1100 836 

Water 140 180 155 

Admixture 1.017 8.45 5.24 

Compressive strength (MPa) 12.99 96.73 48.34 

For machine learning, WEKA software version 3.8.6 
was used. A total of 350 datasets were taken as input. 
The input dataset consists of cement, GGBS, flyash, Alco-
fine, 20mm, 10mm Crush sand, admixture. While the 
output dataset consists of compressive strength .The in-
put and output dataset was normalized and then the da-
taset was trained and tested with different percentages 
as 50%, 40%, 30% 20% and 10% with different machine 
learning algorithms using WEKA software version 3.8.6.  
The denormalization of output dataset was done to re-
vert back the predictions to their original scale. Statisti-
cal parameters such as coefficients of correlation (CC), 
coefficients of determinations (R2), mean square error 

(MSE), mean absolute error (MAE) and root mean 
square error (RMSE) are evaluated for each machine 
learning model. Later Multi-linear regression equation 
for parameters compressive strength was developed 
from origin software. The statistical parameters devel-
oped were compared with multi linear regression and 
machine learning model statistics. 

For MLP model, Sigmoid function was used with 
epoch 500, learning rate 0.25 and hidden layer 8. The 
training algorithm used is backward propagation. In 
Support Vector Regression (SVR), the key hyperparame-
ters include epsilon range 0.001 while alpha ranges from 
0.25 and kernel parameters. 
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4. Results and Discussion  

This section presents the performance of the different 
machine learning model for predicting compressive 
strength, evaluated across varying training-to-testing 
data splits. Metrics such as Correlation Coefficient (CC), 
Coefficient of Determination (R2), Mean Absolute Error 
(MAE), Mean Squared Error (MSE), and Root Mean 
Squared Error (RMSE) were analyzed to assess the mod-
el's accuracy and reliability. The compressive strength of 
concrete is influenced by various factors, such as water-
cement ratio, cement content, aggregate properties, and 
curing conditions. These factors introduce inherent var-
iability in the dataset, which the model attempts to cap-
ture. 

4.1. Linear regression model  

The CC values ranged from 0.95 to 0.97, indicating a 
strong linear relationship between predicted and actual 
compressive strengths as mentioned in Table 2. The pre-
dicted values of compressive strength and actual values 
of compressive strength using linear regression model 
are mentioned in Fig. 1. 

Table 2. Linear regression model performance. 

Strength 
Testing 

50% 40% 30% 20% 10% 

CC 0.95 0.95 0.95 0.96 0.97 

R2 0.91 0.90 0.90 0.92 0.93 

MAE (MPa) 4.98 5.08 4.96 4.26 3.86 

MSE (MPa) 39.04 41.94 42.53 29.05 24.63 

RMSE (MPa) 6.25 6.48 6.52 5.39 4.96 

 

Fig. 1. Linear model prediction efficiency. 

Higher training percentages led to slight improve-
ments in CC, with the highest value (0.97), observed at 
90% training data. This suggests that linear regression 
effectively captures the dominant linear trends in the da-
taset. The reduction in MAE and RMSE as training data 

increases reflects the model's improved ability to mini-
mize absolute and squared errors in predicting compres-
sive strength. At 50% training data, RMSE is 6.25 MPa, 
indicating larger deviations from actual compressive 
strength. At 90% training data, RMSE drops to 4.96 MPa, 
showing improved precision in predictions. The R2 val-
ues ranged from 0.90 to 0.93, showing the proportion of 
variance in the compressive strength explained by the 
model. Then improved as training data increased, with 
the best value (0.93) achieved at 90% training data. The 
higher errors RMSE of 6.25 MPa at 50% training may be 
linked to insufficient training data capturing the variabil-
ity of compressive strength. Higher RMSE values at 
lower training percentages (e.g., 6.25 MPa at 50% train-
ing) may be attributed to insufficient training data, lim-
iting the model's ability to capture the full variability of 
compressive strength. This variability stems from differ-
ences in concrete composition, such as water-cement ra-
tios and aggregate quality, as well as experimental incon-
sistencies in compressive strength measurement. 

4.2. Multi-layer perceptron model 

  The CC values range from 0.96 to 0.98, indicating a 
very strong relationship between the predicted and ac-
tual compressive strength values as mentioned in Table 
3. The highest CC 0.98 was observed with 80% training 
data, demonstrating the model's ability to learn complex 
relationships with sufficient training data. The predicted 
values of compressive strength and actual values of com-
pressive strength using MLP model are mentioned in Fig. 
2. The R2 values are consistently around 0.91–0.92, indi-
cating that approximately 91–92% of the variance in 
compressive strength is explained by the model. While   
R2 values are stable, the slight dip to 0.90 at 70% training 
suggests some variability in performance. MAE values 
range from 4.17 MPa to 5.20 MPa, reflecting the average 
prediction error in compressive strength. The best MAE 
4.17 MPa was observed at 90% training, indicating the 
model’s improved accuracy with more training data in-
dicating better alignment with actual compressive 
strength. 

Both MSE and RMSE metrics decrease as training 
data increases, except for a slight rise at 70% training, 
indicating variability in the model's learning process. 
MSE dropped from 35.60 MPa 50% training to 31.46 
MPa 90% training. RMSE improved from 5.97 MPa 50% 
training to 5.61 MPa at 90% training. The small devia-
tions in performance at 70% training with R2 0.90 and 
RMSE 6.66 MPa suggest that MLP may be sensitive to 
data distribution and hyperparameter settings. MLP re-
lies heavily on hyperparameter tuning (e.g., number of 
layers, neurons, learning rate, batch size).The observed 
variability at 70% training suggests that the model is 
somewhat sensitive to the specific data distribution in 
that training split. If the data distribution changes, the 
model may struggle to generalize, leading to fluctua-
tions in R² and RMSE. MLP performance is influenced by 
learning rate, activation functions, and weight initializa-
tion. The training process might have settled into a 
suboptimal local minimum, leading to slightly worse 
predictions. 
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Table 3. Multi-layer perceptron model performance. 

Strength 
Testing 

50% 40% 30% 20% 10% 

CC 0.96 0.96 0.97 0.98 0.96 

R2 0.91 0.92 0.90 0.91 0.91 

MAE (MPa) 4.71 4.59 5.20 4.60 4.17 

MSE (MPa) 35.6 33.78 44.37 33.14 31.46 

RMSE (MPa) 5.97 5.81 6.66 5.76 5.61 

 

Fig. 2. Multi-layer perceptron model prediction efficiency. 

Both MSE and RMSE metrics decrease as training data 
increases, except for a slight rise at 70% training, indi-
cating variability in the model's learning process. MSE 
dropped from 35.60 MPa 50% training to 31.46 MPa 
90% training. RMSE improved from 5.97 MPa 50% train-
ing to 5.61 MPa at 90% training. The small deviations in 
performance at 70% training with R2 0.90 and RMSE 
6.66 MPa suggest that MLP may be sensitive to data dis-
tribution and hyperparameter settings. MLP relies heav-
ily on hyperparameter tuning (e.g., number of layers, 
neurons, learning rate, batch size).The observed varia-
bility at 70% training suggests that the model is some-
what sensitive to the specific data distribution in that 
training split. If the data distribution changes, the model 
may struggle to generalize, leading to fluctuations in R² 
and RMSE. MLP performance is influenced by learning 
rate, activation functions, and weight initialization. The 
training process might have settled into a suboptimal lo-
cal minimum, leading to slightly worse predictions. 

4.3. M5 rule model 

The M5 Rule-Based Model was evaluated for predict-
ing the compressive strength of concrete using different 
training-to-testing splits as mentioned in Table 4. The CC 
values range from 0.86 to 0.92, indicating a moderate to 
strong relationship between predicted and actual com-
pressive strength values. The highest CC 0.92 is observed 
at both 50% and 90% training data splits, suggesting 
better predictions with these configurations. The M5 
Rule Model leverages these relationships by combining 

decision trees and linear regression at leaf nodes. The 
predicted values of compressive strength and actual val-
ues are mentioned in Fig. 3.  The moderate CC 0.86 −0.92 
suggests the model captures the dominant trends but 
struggles with complex nonlinear dependencies com-
pared to models like MLP. The MAE and RMSE values in-
dicate that the model can provide quick and moderately 
accurate estimates of compressive strength, reducing 
the need for extensive laboratory testing. The R2 values 
range from 0.74 to 0.87, indicating that the model ex-
plains up to 87% of the variability in compressive 
strength. The R2 values drop significantly at 70% train-
ing 0.74, suggesting potential overfitting or underfitting 
issues. The MAE values range from 3.00 MPa to 5.28 
MPa, reflecting the average prediction error. The best 
MAE 3.00MPa is achieved at 90% training, while the 
largest error occurs at 60% training 5.28MPa. MSE val-
ues drop significantly from 39.04 MPa for 50% training 
to 15.34 MPa for 90% training, demonstrating improved 
predictions with more training data. RMSE follows a sim-
ilar trend, reducing from 6.25 MPa to 3.92 MPa at 90% 
training. Higher training data (90%) leads to better gen-
eralization, with the best performance in terms of CC, R², 
and MAE. Lower training splits (50‒70%) show incon-
sistent performance, possibly due to overfitting or un-
derfitting. The M5 Rule-Based Model works well for cap-
turing dominant trends but struggles with complex non-
linear relationships, where neural networks like MLP 
might perform better. Errors decrease as training data 
increases, indicating the model benefits from more train-
ing examples. 

Table 4. M5 rule model performance. 

Strength 
Testing 

50% 40% 30% 20% 10% 

CC 0.92 0.89 0.86 0.89 0.92 

R2 0.87 0.79 0.74 0.79 0.87 

MAE (MPa) 4.19 5.28 4.99 4.21 3.00 

MSE (MPa) 39.04 41.94 42.53 39.05 15.34 

RMSE (MPa) 6.25 6.55 6.79 6.23 3.92 

 

Fig. 3. M5 rule model prediction efficiency. 
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4.4. Support vector machine model 

The analysis uses metrics such as Correlation Coeffi-
cient (CC), Coefficient of Determination (R2), Mean Abso-
lute Error (MAE), Mean Squared Error (MSE), and Root 
Mean Squared Error (RMSE) to assess the model's per-
formance and reliability as mentioned in Table 5. The CC 
values range from 0.95 to 0.97, indicating a very strong 
relationship between predicted and actual compressive 
strength values. As the testing percentage decreases, CC 
improves slightly, reaching its peak 0.97 at 10% testing, 
demonstrating the model's ability to generalize well with 
sufficient training data. The R2 values range from 0.90 to 
0.94, indicating that up to 94% of the variance in compres-
sive strength is explained by the model. R2 improves as the 
testing percentage decreases, reflecting better predic-
tions with more training data. The compressive strength 
of concrete is influenced by a complex interplay of factors 
such as water-cement ratio, curing conditions, and aggre-
gate properties. The SVM model, with its capacity to han-
dle nonlinear relationships via kernel functions, effec-
tively captures these interactions as mentioned in Fig. 4. 
The high CC and R2 values suggest that SVM models are 
well-suited for predicting compressive strength, espe-
cially in datasets with complex dependencies. 

Table 5. Support vector machine model performance. 

Strength 
Testing 

50% 40% 30% 20% 10% 

CC 0.95 0.95 0.95 0.96 0.97 

R2 0.91 0.91 0.90 0.92 0.94 

MAE (MPa) 4.80 4.80 4.80 4.00 3.70 

MSE (MPa) 39.68 40.20 41.69 26.91 22.65 

RMSE (MPa) 6.30 6.34 6.46 5.19 4.76 

 

Fig. 4. Support vector machine model prediction efficiency. 

The MAE values range from 4.80 MPa (at 50–30% 
testing) to 3.70 MPa (at 10% testing). The consistent im-
provement in MAE at lower testing percentages high-
lights the model’s increasing accuracy as more data is 
used for training. MSE decreases significantly from 39.68 

MPa at 50% testing to 22.65 MPa at 10% testing, reflect-
ing reduced prediction errors with larger training da-
tasets. RMSE also follows a downward trend, dropping 
from 6.30 MPa to 4.76 MPa, further confirming improved 
precision in predictions. MAE improves from 4.80 MPa 
(at 50% testing) to 3.70 MPa (at 10% testing), demon-
strating that more training data allows the SVM model to 
better generalize the relationships between features and 
compressive strength. 

The low RMSE values, particularly 4.76 MPa at 10% 
testing, indicate that the model delivers predictions with 
minimal deviation from actual compressive strength val-
ues. The SVM model’s ability to handle nonlinear data 
(via kernel functions) makes it particularly suitable for 
datasets where compressive strength exhibits complex 
dependencies on mix proportions and curing condition. 

4.5. Multi-linear regression  

To validate the predictive capability of the machine 
learning-based approach, the Multiple Linear Regression 
(MLR) model was evaluated using a dataset containing 
concrete mix properties. The model was constructed to 
predict compressive strength based on key mix compo-
nents. The derived regression equation is: 
 
CompressiveStrength = − 1495.02827 + 0.58745 × Ce-
ment + 0.57517 × GGBS + 0.77427 × Flyash + 0.74902 × 
Alcofine + 0.5704 × 20mm + 0.55811 × 10mm + 0.5276 
× CRF + 1.51772 × Water + 3.95817 × Admix 
 

The coefficients in the regression equation represent 
the impact of each component on the compressive 
strength of concrete. Cement (+0.58745) has a positive 
and significant impact, reflecting its role as a primary 
binder. Ground Granulated Blast Furnace Slag (+0.57517) 
indicates that (GGBS) contributes to strength by enhanc-
ing hydration and reducing voids. Flyash (+0.77427) pos-
itively influences strength through pozzolanic reactions. 
Alcofine (+0.74902) indicates that the high coefficient for 
Alcofine indicates its effectiveness in improving strength, 
likely due to its ultra-fineness and high reactivity. 
 20mm Aggregate (+0.5704) and 10mm Aggregate 

(+0.55811) indicate that the coarse aggregates en-
hance strength by providing a solid framework for the 
concrete matrix. 

 CRF (Crusher Rock Fines) (+0.5276) indicates that 
fines contribute to improved packing density, enhanc-
ing compressive strength. 

 Water (+1.51772) indicates that the positive coeffi-
cient suggests that water is a key activator for hydra-
tion, but excessive water can reduce strength. 

 Admixture (+3.95817) indicates that the admixtures 
significantly enhance strength by improving worka-
bility and reducing water demand.  

 The negative intercept (−1495.02827) reflects the 
combined effect of unmeasured factors and baseline 
mix properties, serving as a constant offset for the re-
gression equation. The CC value obtained was 0.96, R2 
0.92 and MAE 4.18 MPa with RMSE 6.31 MPa were 
calculated and compared with different machine 
learning models. 
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5. Limitations of the Machine Learning Models 

While the machine learning models used in this study 
demonstrate strong predictive capabilities, several limi-
tations must be considered: 
 Data Dependency: The performance of ML models is 
highly dependent on the quality and quantity of training 
data. Insufficient or biased data can lead to overfitting or 
underfitting, affecting prediction accuracy. 
 Hyperparameter Sensitivity: Models like MLP and SVR 
require careful tuning of hyperparameters, which can 
significantly impact their performance. Suboptimal hy-
perparameters may lead to higher errors. 
 Computational Complexity: Advanced models such as 
MLP and SVR require more computational resources 
compared to simpler models like linear regression or M5 
rule-based models. This can limit their practical applica-
tion in resource-constrained environments. 
 Generalization Issues: While ML models perform well 
on the training dataset, their ability to generalize to new, 
unseen data may be limited, especially if the training 
data does not sufficiently represent all possible varia-
tions in concrete mix properties. 
 Interpretability: Some ML models, particularly neural 
networks, act as black boxes, making it difficult to inter-
pret their decision-making process. This can be a draw-
back for practical applications where explainability is 
crucial. 

Future research should focus on improving model 
generalization by incorporating more diverse datasets, 
optimizing hyperparameter selection, and exploring hy-
brid modeling approaches that combine ML techniques 
with domain knowledge in concrete materials science. 

 

6. Conclusions  

This study evaluated the performance of four machine 
learning models—Linear Regression (LR), Multi-Layer 
Perceptron (MLP), M5 Rule-Based Model, and Support 
Vector Machine (SVM)—in predicting the compressive 
strength of concrete. The models were assessed based on 
key metrics such as Correlation Coefficient (CC), Coeffi-
cient of Determination (R2) Mean Absolute Error (MAE), 
Mean Squared Error (MSE), and Root Mean Squared Er-
ror (RMSE) across varying training-to-testing data splits. 

The following conclusions summarize the findings: 
The selection of machine learning models for this 

study was based on their ability to capture both linear 
and nonlinear relationships in the dataset, their predic-
tive accuracy, and their computational efficiency. MLP 
Model was   selected for its ability to model complex non-
linear dependencies in the dataset. It demonstrated su-
perior performance, with the highest CC and R² values, 
making it the most accurate model for compressive 
strength prediction. Support Vector Machine was se-
lected due to its strong performance in handling high-di-
mensional data and its robustness in capturing nonlin-
ear patterns. Although slightly less accurate than MLP, it 
performed well in reducing prediction errors. M5 Rule-
Based Model was selected which included as it combines 

decision trees with linear regression, offering interpret-
ability and reasonable predictive capability. While it 
struggled with complex nonlinear relationships, it pro-
vided quick estimations with moderate accuracy. While 
Linear Regression was used as a baseline model to eval-
uate how well simple linear relationships explain com-
pressive strength variations. Though computationally 
efficient, its performance was lower than that of ad-
vanced ML models, justifying the need for more complex 
algorithms 

In linear regression model, achieved a high CC of 0.97 
and R2 of 0.93 at 90% training, indicating a strong ability 
to explain the variance in compressive strength. While 
the model performed well, its assumption of linear rela-
tionships limits its ability to capture complex nonlinear 
dependencies, leading to relatively higher error metrics 
MAE=3.86 MPa and RMSE=4.96 MPa. Suitable for appli-
cations where linear trends dominate and simplicity is 
preferred. The MLP model demonstrated excellent pre-
dictive performance, with the highest CC of 0.98 and con-
sistent R2 values around 0.92. Its ability to model nonlin-
ear relationships resulted in competitive error metrics 
MAE=4.17 MPa and RMSE=5.61 MPa at 90% training. 
The MLP model is ideal for capturing complex patterns 
in datasets, making it a powerful tool for predictive mod-
eling in concrete mix design. The M5 model achieved a 
maximum CC of 0.92 and R2 of 0.87, with the best error 
metrics MAE=3.00 MPa and RMSE=3.92 MPa observed at 
90% training. While its hybrid approach combining de-
cision trees and linear regression makes it interpretable, 
its performance was less consistent across all splits, es-
pecially for datasets with complex nonlinear dependen-
cies. Suitable for scenarios where simplicity and inter-
pretability are prioritized over absolute accuracy. The 
SVM model showed strong predictive capabilities, with a 
CC of 0.97 and the highest R2 of 0.94, demonstrating its 
ability to explain up to 94% of the variability in compres-
sive strength. Error metrics MAE=3.70 MPa and 
RMSE=4.76 MPa at 10% testing highlighted its robust-
ness and accuracy, particularly for datasets with nonlin-
ear relationships. SVM’s flexibility through kernel func-
tions makes it an excellent choice for modeling compres-
sive strength with complex dependencies. All four mod-
els demonstrated high accuracy in predicting compres-
sive strength, with SVM and MLP excelling in capturing 
nonlinear relationships, and M5 Rule providing the low-
est errors under specific conditions. Among the four 
model, MLP model exhibited excellent and higher cc val-
ues as compared with other machine learning models. 
The MLP model demonstrated the highest CC value of 
0.98 with a 20% testing split, indicating a very strong 
correlation between predicted and actual values. It also 
achieved an R² value of 0.92, suggesting that it explains 
approximately 92% of the variance in compressive 
strength. The MLP model showed superior performance 
in capturing nonlinear relationships in the dataset, re-
ducing RMSE and MAE values across various training-
testing splits. SVM also performed well, achieving CC val-
ues between 0.96 and 0.98 and R² values around 0.91. 
The model was able to capture complex patterns in the 
data but exhibited slightly higher errors than MLP, par-
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ticularly in MAE and RMSE, suggesting sensitivity to hy-
perparameter tuning. The M5 model showed moderate 
performance, with CC values ranging from 0.86 to 0.92 
and R² values between 0.74 and 0.87. While it effectively 
combined decision trees with linear regression, it strug-
gled with capturing highly nonlinear relationships, re-
sulting in higher MAE and RMSE values compared to 
MLP and SVM. While linear regression provided reason-
able estimates with CC values of 0.95 to 0.97 and R² val-
ues of 0.90 to 0.93, it was outperformed by the more 
complex ML models. The relatively higher RMSE values 
indicate that linear regression may not fully capture the 
nonlinear effects influencing compressive strength. 
Overall, the MLP model outperformed other approaches 
in terms of correlation and error reduction, making it the 
most suitable technique for predicting compressive 
strength in this study. Even when compared with multi 
linear regression model statistics the MLP model perfor-
mance showed excellent results. 

The performance of all models improved significantly 
as the training data increased, highlighting the im-
portance of sufficient and high-quality data for model 
training. Based on the comparative analysis, an 80% 
training and 20% testing split is recommended for de-
veloping a robust model. This split consistently demon-
strated strong correlation values (CC~0.98), high ex-
planatory power (R²~0.92), and minimized errors (MAE 
and RMSE). While 90% training also showed strong re-
sults, it may reduce the model's generalizability due to 
limited testing data. On the other hand, lower training 
percentages (e.g., 50–60%) exhibited higher errors, 
likely due to insufficient training data. Therefore, an 80‒
20 split balances training effectiveness and model vali-
dation, ensuring reliable compressive strength predic-
tions. The results suggest that incorporating nonlinear-
ity and advanced learning mechanisms significantly en-
hances prediction accuracy. 

 
 

Acknowledgements 
None declared. 

 

Funding 
The authors received no financial support for the research, author-

ship, and/or publication of this manuscript. 

 
Conflict of Interest 

The authors declared no potential conflicts of interest with respect to 

the research, authorship, and/or publication of this manuscript.  
 

Author Contributions 

All of the authors made substantial contributions to conception and 

design, or acquisition of data, or analysis and interpretation of data; 

were involved in drafting the manuscript or revising it critically for im-

portant intellectual content; and gave final approval of the version to be 
published. 

 

Data Availability 
The datasets created and/or analyzed during the current study are 

not publicly available, but are available from the corresponding author 

upon reasonable request. 

 

 

REFERENCES 
 

Aydın Y, Ahadian F, Bekdaş G, Nigdeli S (2024). Prediction of optimum 
design of welded beam design via machine learning. Challenge Jour-
nal of Structural Mechanics, 10(3), 86-94. 

Chou JS, Tsai CF (2012). Concrete compressive strength analysis using 
a combined classification and regression technique. Automation in 
Construction, 24, 52–60. 

Ghoniem AG, Nour LAA (2025). Mechanical properties prediction of 
sandstone concrete with varying compaction levels and silica fume 
ratios using machine learning approaches. Construction and Build-
ing Materials, 460, 139817. 

Gürbüz M, Kazaz İ (2024). Ultimate drift ratio prediction of steel plate 
shear wall systems: a machine learning approach. Challenge Journal 
of Structural Mechanics, 10(2), 34-46.  

Harirchian E (2024). Predicting compressive strength of AAC blocks 
through machine learning advancements. Challenge Journal of Con-
crete Research Letters, 15(2), 56-68. 

Huang X, Huang J, Kaewunruen S (2025). An explainable machine 
learning system for efficient use of waste glasses in durable con-
crete to maximize carbon credits towards net zero emissions. 
Waste Management, 193, 539–550. 

IS 10262 (2019) Concrete Mix Proportioning – Guidelines (Second Re-
vision). Bureau of Indian Standards, New Delhi, India. 

Khan MS, Peng T, Khan MA, Khan A, Ahmad M, Aziz K, Sabri MMS, Abd 
El-Gawaad NS (2025). Explainable AutoML models for predicting 
the strength of high-performance concrete using Optuna, SHAP and 
ensemble learning. Frontiers in Materials, 12, 1542655. 

Li SZ, Wang JJ, Jiang L, Deng R, Wang YH (2025). Machine learning-
based strength prediction for circular concrete-filled double-skin 
steel tubular columns under axial compression. Engineering Struc-
tures, 325, 119460. 

Nalina M (2023). Efficacies of suggested strength-based prediction 
models for estimation of compressive and tensile properties of nor-
mal concrete. Challenge Journal of Concrete Research Letters, 14(2), 
47-58. 

Oyebisi S, Shammas MI, Sani R, Oyewola MO, Olutoge F (2024). Artifi-
cial intelligence-based modeling of compressive strength of slurry-
infiltrated fiber concrete. World Journal of Engineering, ahead-of-
print. 

Öztaş A, Pala M, Özbay E, Kanca E, Çağlar N, Bhatti MA (2005). Predict-
ing the compressive strength and slump of high strength concrete 
using neural network. Construction and Building Materials, 20(9), 
769–775. 

Pan B, Liu W, Zhou P, Wu DO (2025). Predicting the compressive 
strength of recycled concrete using ensemble learning model. IEEE 
Access, 13, 2958-2969. 

Quinlan JR (1992). Learning with continuous classes. Proceedings of the 
5th Australian Joint Conference on Artificial Intelligence, 343–348. 

Salami BA, Usman J, Gbadamosi A, Malami SI, Abba SI (2024). Global 
big data laboratory experiment integrated with kernel-based algo-
rithms for compressive strength modeling. Scientific Reports, 14, 
30646. 

Smola AJ, Schölkopf B (2004). A tutorial on support vector regression. 
Statistics and Computing, 14(3), 199–222. 

Tiep NH, Jeong HY, Kim KD, Mung NX, Dao NN, et al. (2024). A new hy-
perparameter tuning framework for regression tasks in deep neu-
ral networks. Mathematics, 12(24), 3892. 

Topçu IB, Sarıdemir M (2008). Prediction of compressive strength of 
concrete containing fly ash using artificial neural networks and 
fuzzy logic. Computational Materials Science, 41(3), 305–311. 

Ullah I, Javed MF, Alabduljabbar H, Ullah H (2025). Estimating the com-
pressive and tensile strength of basalt fiber-reinforced concrete us-
ing advanced hybrid machine learning models. Structures, 71, 
108138. 

Vapnik VN (1995). The Nature of Statistical Learning Theory. Springer. 
Witten IH, Frank E (2005). Data Mining: Practical Machine Learning 

Tools and Techniques. Morgan Kaufmann Publishers. 
Yeh IC (1998). Modeling of strength of high-performance concrete us-

ing artificial neural networks. Cement and Concrete Research, 
28(12), 1797–1808. 



 

CHALLENGE JOURNAL OF CONCRETE RESEARCH LETTERS (2025) 16(2) 69–84 
 

 

 

 
* Corresponding author. Tel.: +90-242-245-0000 ; E-mail address: fuad.abutaha@antalya.edu.tr (F. Abutaha)  
ISSN: 2548-0928 / DOI: https://doi.org/10.20528/cjcrl.2025.02.003 

Research Article 

The engineering properties of silica fume and GGBS-based 

geopolymer mortars cured in elevated temperature 

Fuad Abutaha a,* , Asude İrem Çelik a  

a Department of Civil Engineering, Antalya Bilim University, 07190 Antalya, Türkiye 

 

A B S T R A C T 

Geopolymer, a promising alternative to traditional portland cement, offers a wide 

range of sustainable applications in the construction industry. Geopolymer mortar 

presents a sustainable future by mitigating carbon dioxide emissions associated with 

cement production. This study aims to investigate the effect of using different miner-

als admixtures and different curing methods on the engineering properties of geo-

polymer mortar. The study also investigates the possibility of incorporating geopol-

ymer concrete to develop construction with sustainability features. Five different 

mixes were prepared by utilizing various mineral admixtures in different ratios of 

silica fume (SF) and granulated blast furnace slag (GGBS), M20-80 (20% SF and 80% 

GGBS), M80-20 (80% SF and 20% GGBS), M50-50 (50% SF and 50% GGBS), MS100 

(100% GGBS), MSF100 (100% SF). The curing methods for each sample were inves-

tigated separately under ambient and oven temperatures (65 °C) for 7 and 28 days 

to determine the compressive and flexural strength of the samples. The results re-

vealed that the compressive strength value of the mixes MS100, M50-50 and M80-20 

in which the curing of ambient method is used show significant increment compared 

to the same mixes cured in oven temperature. The increment in compressive strength 

of the ambient curing method was 14.4%, 25.8% and 46.4% for the mixes of MS100, 

M50-50 and M80-20, compared to the oved curing method, respectively. However, 

the compressive strength value of the mix of M20-80 and MSF100 cured in oven tem-

perature shows similar compressive strength compared to the ambient temperature 

curing method. 
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1. Introduction 

Geopolymer concrete, initially developed by French 
Professor Davidovits in 1978, represents a cement-free 
type of concrete with mechanical and high-temperature 
resistances (Aleem and Arumairaj 2012). These alterna-
tives gain prominence for its potential to mitigate envi-
ronmental harm associated with traditional cement 
sources, particularly the pollutants found in fly ash (FA) 
and granulated blast furnace slag (GGBS) (Alcan et al. 
2023; Alnahhal et al. 2018). The primary source of fly 
ash, a key component of geopolymer materials, contains 

alumina, ferric oxide, and silica, which, due to their struc-
tural behavior, pose environmental concerns (Khan et al. 
2021). Notably, aluminosilicate materials like fly ash and 
GGBS, when properly harnessed, can serve as sustaina-
ble alternatives. The preference for F type fly ash over C 
type is attributed to its lower contamination and higher 
alumina oxide content (Fernández-Jiménez and Palomo 
2003).  

Utilizing FA as a binder in mortar enhances its eco-
friendliness, reducing the need for Ordinary Portland Ce-
ment (OPC) and contributing to a more sustainable con-
struction industry. The use of solid waste and by-prod-
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ucts in construction has gained the attention of many re-
searchers (Abutaha et al. 2016, 2017; Ibrahim et al. 
2017). Geopolymer mortar is a blend of source materials 
and alkaline liquids, with Si and Al serving as the main 
activators. Notably, the absence of additional water dur-
ing manufacturing eliminates the hydration process, dif-
ferentiating it from traditional mortar (Al-Bakri et al. 
2012). The ecological balance benefits from reducing 
OPC production, making geopolymer mortar a crucial 
player in promoting sustainability. Approximately 
600,000 tons of fly ash are produced, but only a fraction 
is utilized for concrete production, highlighting the un-
derutilized potential of geopolymer materials (Van 
Chanh et al. 2008).  

Geopolymer concrete, utilizing sodium hydroxide and 
sodium silicate as alkali activators, offers an eco-friendly 
alternative to OPC. The absence of a hydration process in 
geopolymer concrete eliminates the need for curing, 
contributing to its sustainability. Geopolymer mortar's 
suitability and sustainability in the compatibility of silica 
and alumina content, fostering reactions without the 
need for additional water (Mucsi et al. 2018). Geopoly-
mers, being amenable to low-tech and high-tech applica-
tions, present a viable replacement for conventional ma-
terials in the building sector. Their ease of use, energy 
efficiency, eco friendliness, high durability, and good me-
chanical qualities position geopolymers as an environ-
mentally conscious choice.  

Geopolymer stands out as a promising candidate for 
replacing traditional Portland cement, offering a range 
of applications in sustainable construction, including 
concrete materials, fire-retardant coatings, fiber-rein-
forced composites, and waste-immobilization solutions 
for chemical and nuclear sectors. Extensive research 
has pointed out that Geopolymer (GP) concrete shares 
comparable properties with OPC concrete, indicating 
its suitability for civil engineering applications (Singh 
et al. 2015). Notably, the ceramic-like characteristics 
inherent in GP enable it to withstand high temperatures 
and fire, adding to its versatility (Kong and Sanjayan 
2010).  

Low-calcium (ASTM Class F) fly ash obtained from 
coal burning power stations, was successfully used in the 
production of geopolymer concrete (GPC) (Rangan 
2014). However, the compressive strength of fly ash 
based geopolymer concrete can be also improved when 
FA is partially replaced with OPC. Among different re-
placement level of FA with OPC, the maximum strength 
was achieved at 20% replacement at all ages (Mehta and 
Siddique 2017). Superior durability was demonstrated 
with FA-based geopolymer. However, GGBS-based geo-
polymers are more acid resistant and have higher initial 
strengths (Duxson et al. 2007a).  

After thermal curing, alkali-activated fly ash concrete 
reaches a compressive strength of 60 MPa as well as su-
perior resistance to sulfate attack, aggressive acids, chlo-
rides, and aggregate-alkali reaction, all of which make it 
a great alternative to OPC mortars in hazardous waste 
treatment and reinforcing steel bonding (Boonserm et al. 
2012; Deb et al. 2016; Rashad and Zeedan 2011). Fly ash 
and GGBS work well together to provide strength and 
stability because the alumina silicate components dis-

solve, polymerize with alkali, condense, and solidify (Na-
gajothi and Elavenil 2021). Due to its nearly comparable 
compressive strength to conventional concrete, GGBS-fly 
ash-based geopolymer concrete can be used in place of 
traditional concrete (Nagajothi and Elavenil 2021).  

Geopolymers' ceramic-like properties provide them 
with good fire resistance. As a result, geopolymer-based 
concrete is considered more fire resistant than tradi-
tional OPC-based concretes (Hussin et al. 2015). Recent 
developments in geopolymer concrete have made it pop-
ular because of its simplicity of use, better performance, 
and lower carbon footprint than traditional OPC con-
crete (Mathew and Joseph 2018).  

Despite these promising attributes, there is a notable 
gap in the existing literature, particularly concerning the 
combined effects of silica fume (SF) and GGBS under dif-
ferent ambient and oven temperatures. The optimiza-
tion of results in this context is essential for understand-
ing the intricate correlation between temperature varia-
tions and the presence of mineral admixtures. Bridging 
this gap in knowledge will not only contribute to the 
comprehensive understanding of geopolymer materials 
but also offer insights into their optimal performance in 
diverse environmental conditions.  

This study focuses on addressing this research gap, 
shedding light on the specific interactions and outcomes 
resulting from the combination of silica fume and GGBS 
at varying temperatures. By doing so, the study aims to 
provide valuable information for optimizing geopolymer 
formulations, considering both temperature effects and 
the presence of mineral admixtures. The study is de-
signed to investigate the effect of using different miner-
als admixtures, and the effect of curing methods on the 
engineering properties of geopolymer mortar and inves-
tigate the possibility of incorporating geopolymer con-
crete to developed construction areas with sustainability 
features. This optimization is crucial for advancing the 
practical application of geopolymer materials and foster-
ing their role in sustainable construction practices. 
 

2. Sustainability of Geopolymer Concrete 

Previously, concrete was considered as one of the 
most important construction materials with the best en-
gineering properties, cost-efficiency and good durability, 
compared to the other construction materials (Sri-
vastava et al. 2025; Urtekin and Çelik 2025; Narwade 
and Jadhav 2025). However, the production process of 
cement-based concrete causes harmful effects on the en-
vironment (Al-Safi et al. 2025; Shehata et al. 2022). Ce-
ment-based concrete such as OPC which is widely used 
construction material, significantly contribute to the 
greenhouse gases emission (Wasim et al. 2021). The pro-
duction of cement contributes to almost 7% of the global 
emission of CO2 (Mathew and Joseph 2018).  

Recently, the adoption of geopolymer concrete as a 
construction material is showing promise option; as a 
sustainable replacement to the traditional cement-based 
concrete for green environment and reduce greenhouse 
gas emission by using raw materials like industrial 
wastes (Shehata et al. 2022). Geopolymer concrete (GPC) 
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is becoming widely used in different industries due to 
the special properties of GPC like the significant mechan-
ical properties and the improvement in chemical and 
thermal resistance.  

The demand for concrete will increase in the future, 
indicating that the consumption of GPC using industrial 
by-product will provide an alternative solution to the in-
crement of concrete demand (Sumajouw et al. 2007). 
More than 50% of the greenhouse gas emission resulted 
from the production of cement. Thereby, GPC is consid-
ered as an alternative sustainable construction materials 
compared to the traditional cement-based concrete 
(Danish et al. 2022). Furthermore, incorporating GGBS 
which is a waste by-product of steel fabrication, in the 
production of GPC contributes to reduce the carbon di-
oxide emission and the energy levels can be assumed to 
be zero (Qaidi et al. 2022). 

3. Experimental Procedure 

The properties of geopolymer mortar (GM) exhibit a 
correct correlation with the material properties in-
volved. Each property plays a vital role in the strength of 
GM. Fig. 1 illustrates some of the factors affecting geopol-
ymer mortar, emphasizing their significance in deter-
mining strength of the geopolymer concrete. Geopoly-
mer is a type of aluminosilicate binder material formed 
through the activation of solid aluminosilicate-based 
materials, such as silica fume, ground granulated blast 
slag, and alkaline solutions like sodium hydroxide and 
silicate solutions. Geopolymers are produced by blend-
ing mineral admixtures with an alkaline activator solu-
tion, resulting in a substance referred to as geopolymer 
paste. This mixture typically forms a homogeneous 
slurry with a dark green color.

 

Fig. 1. Factors affecting geopolymer mortar properties.

4. Materials and Method 

4.1. Mineral admixtures 

Considering the alarming one-to-one carbon dioxide 
emission ratio associated with cement production (Akbar 
and Liew 2021), geopolymer mortar, often referred to as 
"green mortar" (Zhao et al. 2021), emerges as a promising 
solution due to its cement-free composition and reliance 
on mineral admixtures. Inorganic polymers derived from 
aluminosilicates are referred to as geopolymers. These 
can be created by synthesising pozzolanic chemicals or 
aluminosilicate source materials with very alkaline solu-
tions. Aluminosilicate materials like fly ash and GGBS, 
when properly harnessed, can serve as sustainable alter-
natives. These amorphous alumina silicates, produced 
through the reaction between silica and alumina silicate, 
exemplify eco-friendly features (Mucsi et al. 2018).  

In the preparation of geopolymer mixes, this study 
demonstrates specific synthesizing parameters to high-
light the effect of mineral admixtures on the engineering 
properties of GM. The inclusion of mineral admixtures 
significantly impacts the compressive strength and flex-

ural strength of geopolymer mortar. Due to a lack of 
studies on the combination of SF and GGBS at both am-
bient and oven temperatures, this research was con-
ducted to investigate their engineering properties cured 
at elevated temperatures. Their effect on the geopolymer 
mortar has been examined independently under the cat-
egories of mineral admixtures and alkaline activators.  

Silica fume is a micro-sized material that can be uti-
lized in concrete as a mineral additive due to its high Si 
and Al content and pozzolanic features. It improves 
granulometry by filling the spaces between cement 
grains. GGBS is a by-product of iron production in blast 
furnaces in iron and steel plants. The blast furnace slag 
is granulated through abrupt cooling and subsequently 
ground.  

This study examines the impact of different additives, 
such as silica fume and ground granulated blast slag, on 
the mechanical properties of geopolymer mortar. Each 
sample exhibits distinct properties based on the materi-
als used. These properties are a result of the mineral ad-
mixture content utilized in geopolymer mortar. The gen-
eral materials used in the production of geopolymer 
mortar in this study are shown in Fig. 2.  
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Fig. 2. Geopolymer mortar mixture demonstration.

4.2. Alkaline solutions  

A mixture of sodium silicate and sodium hydroxide 
were used as the alkaline solution in the production of 
GM. The ratio of sodium hydroxide to sodium silicate 
was maintained throughout the entire study. Alkaline so-
lution ratio for each sample was also maintained con-
stantly to observe only the effect of mineral admixtures 
on the engineering properties of GM.  

Sodium silicate (Na2SiO3), also known as waterglass, 
is available in the market in both gel and solid forms. So-
dium hydroxide (NaOH) is also commonly available in 
the market in pellet or flake form, and the cost of the 
product is dependent on the purity of its ingredients. In 
this study, sodium hydroxide (NaOH) solution with a 
molarity of 8M was prepared by dissolving it in pure wa-
ter.  

NaOH with 8M molarity was consistent for each spec-
imen to determine only the effect of different mineral ad-
mixture on the engineering properties of geopolymer 
mortar samples. The concentration of 8M denotes that 
the amount of sodium hydroxide (NaOH) in one liter of 
water is 8×40=320g, where 40 is the molecular weight of 
NaOH. Dissolved sodium hydroxide (NaOH) pellets were 
used to achieve this concentration.  

The NaOH solution was prepared at the planned con-
centrations and allowed to stand at room temperature 

for 24 hours, covered with nylon to prevent heat dissipa-
tion and water evaporation as shown in Fig. 3. 

 
4.3. Preparation of geopolymer mortars 

The mix proportion used in the preparation of the ge-
opolymer mortar specimens are shown in Table 1. Five 
different mixes were prepared by using various mineral 
admixtures in different ratios of silica fume (SF) and 
granulated blast furnace slag (GGBS), M20-80 (20% SF 
and 80% GGBS), M80-20 (80% SF and 20% GGBS), M50-
50 (50% SF and 50% GGBS), MS100 (100% GGBS), 
MSF100 (100% SF). 

 

Fig. 3. Preparation of 8M sodium hydroxide solution. 

Table 1. Mixture proportion of geopolymer mortars. 

Mixture  
proportions 

Mix 
code 

Silica fume  
(g) 

GGBS  
(g) 

Sodium silicate 
(ml) 

Sodium hydroxide 
(ml) 

Sand  
(g) 

Liquid/Powder  
ratio 

1th mix M20-80 
90 

(20%) 
360 

(80%) 

66 
134  

(8M) 
1350 0.44 

2nd mix M80-20 
360  

(80%) 
90 

(20%) 

3rd mix M50-50 
225 

(50%) 
225 

(50%) 

4th mix MS100 NA 
450  

(100%) 

5th mix MSF100 
450 

(100%) 
NA 
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The fundamental step involves preparing materials 
properly to obtain the most effective final test results. A 
programmable mortar mixer (Fig. 4) is used with prop-
erties designed to meet standard requirements for mix-
ing mortars and cement pastes. The mixing paddle em-
ploys a planetary motion and is driven by a motor with a 
microprocessor-based speed. The mixer features preset 
programs complying with (EN 196-1, 2016) standards. 
The mixer includes an automated sand dispenser for au-
tomatic sand discharge. The user can monitor the mixed 
time on the display, and a lamp signals critical time. 

 

Fig. 4. Automatic programmable mortar mixer. 

The alkaline solution was prepared by converting 
milliliters into grams using density. Sodium silicate has 
a density of 1.38 kg/m3, and sodium hydroxide has a 
density of 1.28 kg/m3. The conversion results in 91 
grams of sodium silicate and 171 grams of sodium hy-
droxide used in this study.  

Silica fume, ground granulated blast slag, and sand 
were mixed for 5 minutes to prepare geopolymer spec-
imens. Afterward, the activating solution was added 
and mixed sequentially. The mortar was then cast into 
prismatic molds of 40 mm × 40 mm × 160 mm (Fig. 5). 
Subsequently, the samples were then vibrated for 1 mi-
nute to remove entrained air, the samples were then 
sealed with a film to prevent moisture loss from the 
surface. After proper casting, the specimens were left at 
ambient temperature for 24 hours and demolded the 
next day then placed in the laboratory until the day of 
testing. 

 

Fig. 5. Prism mold demonstration. 

The geopolymer mortar samples were tested at the 
age of seven (7) and twenty-eight (28) days cured in am-
bient and elevated temperature (Figs. 6 and 7), repre-
senting early and final strength, respectively. Part of the 
specimens were cured in oven temperature at 65C until 
the age of testing (Fig. 8).  

Three samples were taken from each sample group, 
and the results were determined by taking the average 
of three samples in the flexural strength test and an av-
erage of 6 samples in the compressive strength test. This 
methodology, employing 5 different ratios of raw mate-
rials with the same alkaline activator and sand content, 
elucidates the impact on compressive and flexural 
strength.  

It also highlights the fundamental role of mineral ad-
mixtures in the geopolymer mortar structure. The test-
ing age along with the corresponding number of samples 
are shown in Table 2. A total of 60 samples were utilized 
in the experimental phase, enabling a comprehensive 
comparison of results across various mineral admix-
tures cured in ambient and elevated temperatures. 

4.4. Experimental investigation 

The flexural test measures the force presupposed to 
bend a beam under three-point loading conditions. The 
data is generally utilized to distinguish the materials for 
parts that will support loads without flexing. Flexural 
modulus is used as an indication of a material's stiffness 
when flexed. Typically, a prism-shaped specimen is 
placed between the plates of a compression-testing ma-
chine (Fig. 9), applying a gradually increasing load until 
fracture occurs. After the flexural strength test, each 
sample was splitter into two pieces due to the fracture. 
The samples were then used for compressive strength 
tests. The compressive strength test measures the maxi-
mum compressive load a material can withstand before 
fracture. Each test requires three samples, and the aver-
age of the three samples determines the compressive 
and flexural strength.  

In this study, each geopolymer mortar sample under-
goes compressive and flexural strength testing at 7 and 
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28 days. The results illustrate the impact of mineral ad-
mixture content on the mortar. Both compressive and 
flexural strength tests were conducted on the formu-
lated geopolymer mortar. In the flexural testing, samples 
were positioned in the compression machines with one 
side facing the supporting rollers, and the longitudinal 
axis parallel to the supports. Vertical loads were applied 
by the loading rollers on the opposite side of the 
prism/sample's face, with a uniform load increase. After 
specimens’ failure, half of the prism/sample were then 

used for compressive strength testing was laterally cen-
tered on the machine's platen. The maximum force ap-
plied was recorded, along with the specimen's dimen-
sions, the compressive strength was then calculated. The 
final compressive strength value represents the average 
of six individual test samples. For early strength, each 
specimen underwent separate testing. The final strength 
at 28 days was obtained for this testing phase. Addition-
ally, the impact of heat was observed separately for 7 
and 28 days.

 

Fig. 6. 7-day ambient temperature specimen samples. 

 

Fig. 7. 28-day ambient temperature specimen samples. 
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Fig. 8. 7-day specimen samples cured in 65 °C oven temperature. 

Table 2. Number of samples required for compressive and flexural strength tests. 

Age Curing method 
Compressive strength/Flexural strength 

M20-.80 M80-20 M50-50 MS100 MSF100 

7 days 
Ambient 3 3 3 3 3 

Oven temp. 3 3 3 3 3 

28 days 
Ambient 3 3 3 3 3 

Oven temp. 3 3 3 3 3 

 

Fig. 9. Flexural and compressive strength test setup.

5. Results and Discussion 

This section presents and discusses experimental re-
sults, specifically focusing on the strength development 
of geopolymer mortar under ambient and oven curing 
methods. The factors determined in the previous meth-
odology section are considered. For all specimens, the 
liquid/powder ratio remained constant at 0.44, with 
only the percentages of mineral admixtures varying. Re-
sults for each test are presented separately based on 
their mineral admixture content and curing method. 

5.1. Compressive strength results 

The mixtures were prepared to study the effect of var-
ious parameters on compressive strength. Part of the 
mixtures were prepared to study the effect of curing 
temperature on the compressive strength of geopolymer 
mortar. Each mixture is separately discussed below. 

Table 3 shows the compressive strength values of the 
7 days’ samples cured at ambient and oven tempera-
tures. The 7-day compressive strength results of the 
samples cured in ambient temperature ranged between 
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14.67 to 58.79 MPa as shown in Fig. 10. The maximum 
compressive strength was for the mix of MS100, and the 
minimum compressive strength value was for the mix of 
MSF100.  

The compressive strength of MS100 was 4.7%, 40.3%, 
41.5% and 75% higher than M20-80, M80-20, M50-50 
and MSF100, respectively. However, the 7-day compres-
sive strength results of the samples cured in oven tem-
perature were in the range between 18.4‒70.8 MPa. The 
results revealed that the maximum compressive 
strength was for the mix of M20-80 and the minimum 
compressive strength value was for the mix of MSF100. 
The compressive strength of M20-80 was 66.6%, 65.2%, 
41.6% and 73.9% higher than M80-20, M50-50, MS100 

and MSF100, respectively. The comparison between the 
Seven-day compressive strength results of oven and am-
bient curing methods is shown in Fig. 12. The compres-
sive strength values of the mixes of MS100, M50-50 and 
M80-20 in which the curing of ambient method is used 
show significant increment compared to the same mixes 
cured in oven temperature. The increment in compres-
sive strength of the ambient curing method was 29.6%, 
28.2% and 32.5% higher for the mixes of MS100, M50-
50 and M80-20, compared to the oved curing method, re-
spectively. However, the compressive strength value of 
the mix of M20-80 cured in oven temperature shows 
higher compressive strength compared to the ambient 
temperature curing method.

Table 3. 7-day compressive strength values. 

Curing method 
7-day compressive strength (MPa) 

M20-80 M80-20 M50-50 MS100 MSF100 

 
Ambient  

temperature 

52.85 30.01 31.22 58.02 17.36 

63.89 39.98 37.75 59.08 11.18 

51.82 31.05 37.01 57.68 17.98 

61.28 40.02 30.15 59.02 11.28 

50.05 29.87 31.98 58.88 18.05 

59.98 39.50 37.98 59.35 12.22 

Average 56.65 35.07 34.33 58.67 14.67 

 
Oven  

temperature  
(65 °C) 

62.95 18.12 23.83 42.73 17.06 

65.86 23.28 25.51 42.31 18.93 

74.88 22.45 25.31 39.75 18.76 

75.89 24.59 24.89 40.09 19.34 

71.45 29.95 23.88 39.98 17.98 

69.67 23.56 24.5 43.21 18.55 

Average 70.11 23.66 24.65 41.35 18.44 

 

 

Fig. 10. 7-day compressive strength for ambient temperature. 
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Fig. 11. 7-day compressive strength for oven temperature. 

 

Fig. 12. 7-day compressive strength comparison.

Fig. 13 shows the 28-day compressive strength re-
sults of the samples cured in ambient temperature. The 
compressive strength values ranged between 19.2 to 
70.7 MPa. The results revealed that the maximum 
strength was for the mix of M20-80 and the minimum 
compressive strength value was for the mix of MSF100. 
The compressive strength of M20-80 was 27.9%, 26.5%, 
14.5% and 72.8% higher than M80-20, M50-50, MS100 
and MSF100, respectively. Fig. 14 shows the 28-day com-
pressive strength results of the samples cured in oven 
temperature. The compressive strength values of the 
mixes were in the range between 21.1‒70.6 MPa. The 
maximum compressive strength was for the mix of M20-
80 and the minimum compressive strength value was for 
the mix of MSF100. The maximum compressive strength 
of M20-80 was 61.3%, 44.3%, 26.75% and 70.2% higher 
than M80-20, M50-50, MS100 and MSF100, respectively. 

The comparison between the 28-day compressive 
strength results of oven and ambient curing methods is 
shown on Fig. 15. The compressive strength values of the 
mixes of MS100, M50-50 and M80-20 in which the curing 
of ambient method is used show significant increment 
compared to the same mixes cured in oven temperature. 
The increment in compressive strength of the ambient 
curing method was 14.4%, 25.8% and 46.4% for the 
mixes of MS100, M50-50 and M80-20, compared to the 
oved curing method, respectively. However, the com-
pressive strength value of the mix of M20-80 and 
MSF100 cured in oven temperature shows similar com-
pressive strength compared to the ambient temperature 
curing method. Thus, there is no significant change that 
was observed in compressive strength values of the oven 
temperature and the ambient temperature curing 
method. 
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According to Shukor Lim et al. (2018), geopolymer 
mortar samples were immediately placed in an oven at 
90 °C after casting, the compressive strength was de-
creasing as the heat curing duration increased. Rapid 
strength was observed up to 24 hours, then the strength 
became moderate or weak. For 24 hours of heat curing, 
the compressive strength was 31.46 MPa, slightly in-
creasing to 32.1 MPa for 48 hours. Prolonged heat curing 
may weaken the mineral structure, and it is suggested 
not to exceed 24 hours in practical applications. The gen-
eral assumption is that GGBS content is more effective, 
while SF results in lower workability and lower strength 
values. The study indicates that oven and room temper-
atures do not directly correlate with results. GGBS con-
tent penetrates alkaline solutions more than SF, provid-
ing durability to geopolymer mortar. The result of this 
study are with agreement of previous studies, geopoly-
mers demonstrated a high degree of chemical stability 
when exposed to high temperatures (Duxson et al. 2006; 
Duxson et al. 2007b; Krivenko and Kovalchuk 2007). 
When exposed to high temperatures, geopolymer con-
crete exhibits remarkable stability, low shrinkage, and 
good resistance to freeze/thaw (Hussin et al. 2015; 
Rashad and Zeedan 2011). Further, the properties of 
GPC including the compressive strength and workability 
are affected by the properties of the ingredients that 
make the GP paste (Rangan 2014). Heat-cured geopoly-
mer concrete based on Metakaolin and low calcium fly 
ash is thought to be a model building material (Luhar et 

al. 2021). Geopolymer specimens demonstrated lower 
compressive strength after high-temperature exposure 
to 900 °C (Mathew and Joseph 2018). Referring to the 
study by Narayanan and Shanmugasundaram (2017), 
geopolymer mortar develops sufficient strength even 
under ambient temperature conditions without conven-
tional curing. Industrial by-products like GGBS and silica 
fume can be advantageously used in producing ambient-
cured geopolymer composites. In general, the strength of 
ambient-cured geopolymer mortar increases with the 
rise in GGBS content. Parameters such as alkaline activa-
tor molarity, liquid/powder ratio, and binder/aggregate 
ratio influence the strength development of ambient-
cured geopolymer mortar. Rangan (2014) investigated 
the effect of curing method on the properties of GPC, the 
study demonstrated that GPC cured in elevated temper-
ature significantly assists the chemical process that 
takes place within the geopolymer paste. The improve-
ment of compressive strength of the geopolymer con-
crete mixes cured in high temperature is attributed to 
the geopolymer mechanism of the polymerization reac-
tion of the silica and the alumina released form the alka-
line activation solution with FA (Mehta and Siddique 
2017). Furthermore, GGBS may be added to the mixture 
of FA GPC to promote room-temperature curing and ac-
celerate the setting time of fresh geopolymer concrete 
(Rangan 2014). Therefore, geopolymer mortar holds 
promise as an eco-friendly and sustainable construction 
material to produce new-generation mortar or concrete.

Table 4. 28-day compressive strength values. 

Curing method 
28-day compressive strength (MPa) 

M20-80 M80-20 M50-50 MS100 MSF100 

 
Ambient  

temperature 

70.94 52.85 45.80 62.44 19.52 

68.55 51.41 51.09 56.78 18.77 

68.60 50.96 52.57 57.98 18.56 

72.77 51.95 68.75 63.35 18.98 

73.85 49.85 46.85 60.43 19.56 

69.97 48.79 46.89 61.85 20.02 

Average 70.78 50.97 51.99 60.47 19.23 

 
Oven  

temperature 
(65 °C) 

69.92 26.85 38.48 55.56 23.44 

72.85 26.98 37.65 53.45 18.75 

69.55 27.78 39.79 52.12 19.87 

71.95 27.21 39.92 50.43 22.45 

68.44 25.95 38.44 49.65 21.77 

70.98 28.99 39.65 49.12 20.19 

Average 70.61 27.29 39.32 51.72 21.08 

5.2. Flexural strength results 

The 7-day flexural strength results of the samples 
cured in ambient temperature is shown on Fig. 16. The 
flexural strength values ranged between 1.7 to 5.8 MPa. 

The maximum flexural strength was for the mix of 
MS100, and the minimum flexural strength value was for 
the mix of MSF100.  

The flexural strength of MS100 was 12.7%, 60.5%, 
37.9% and 70.2% higher than M20-80, M80-20, M50-50 



 Abutaha and Çelik / Challenge Journal of Concrete Research Letters (2025) 16(2) 69–84 79 

 

and MSF100, respectively. However, the 7-day flexural 
strength results of the samples cured in oven tempera-
ture were in the range between 1.8‒6.8 MPa as shown in 
Fig. 17. The maximum flexural strength was for the mix 
of M20-80 and the minimum flexural strength value was 
for the mix of MSF100. The flexural strength value of 
M20-80 was 70%, 47.8%, 35.7% and 72.5% higher than 
M80-20, M50-50, MS100 and MSF100, respectively. The 
comparison between the 7-day flexural strength results 
of oven and ambient curing methods is shown in Table 5. 
The flexural strength values of the mixes MS100, M50-50 
and M80-20 in which the curing of ambient method is 

used show significant increment compared to the same 
mixes cured in oven temperature. The increment in flex-
ural strength of the ambient curing method was 25.6%, 
2.7% and 12% for the mixes of MS100, M50-50 and M80-
20, compared to the oved curing method, respectively. 
However, the flexural strength value of the mix of M20-
80 and MSF100 cured in oven temperature shows incre-
ment compared to the ambient temperature curing 
method. The increment in flexural strength of the oven 
curing method was 32.5% and 6.8% higher for the mixes 
of M20-80 and MSF100, compared to the oven curing 
method, respectively.

 

Fig. 13. 28-day compressive strength for ambient temperature. 

 

Fig. 14. 28-day compressive strength for oven temperature. 
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Fig. 15. 28-day compressive strength comparison. 

Table 5. 7-day flexural strength values. 

Curing method 
7-day flexural strength (MPa) 

M20-80 M80-20 M50-50 MS100 MSF100 

 
Ambient  

temperature 

5.13 2.32 3.65 5.88 1.73 

5.18 2.3 3.67 5.85 1.75 

5.10 2.35 3.64 5.89 1.77 

Average 5.14 2.32 3.65 5.87 1.75 

 
Oven  

temperature 
(65 °C) 

6.78 2.08 3.5 4.33 1.82 

6.82 2.10 3.5 4.38 1.93 

6.79 1.95 3.59 4.41 1.88 

Average 6.80 2.04 3.53 4.37 1.88 

 

 

Fig. 16. 7-day flexural strength for ambient temperature. 
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Fig. 17. 7-day flexural strength for oven temperature. 

 

Fig. 18. 7-day flexural strength comparison.

The 28-day flexural strength results of the samples 
cured in ambient temperature are shown in Fig. 19. The 
flexural strength values ranged between 1.78 to 6.63 
MPa. The maximum flexural strength value was rec-
orded for the mix of M20-80 that considered 49.2%, 
33.4%, 8.14% and 73.15% higher than M80-20, M50-50, 
MS100 and MSF100, respectively. However, the 28-day 
flexural strength results of the samples cured in oven 
temperature were in the range between 2.14‒6.85 MPa. 
The maximum flexural strength was for the mix of M20-
80 and the minimum flexural strength value was for the 
mix of MSF100. The maximum flexural strength of M20-
80 was 68.3%, 38.2%, 18.4% and 68.7% higher than 
M80-20, M50-50, MS100 and MSF100, respectively.  

The comparison between the 28-day flexural strength 
results of oven and ambient curing methods are shown 

on Fig. 21. The flexural strength values of the mixes 
MS100, M50-50 and M80-20 in which the curing of am-
bient method is used show significant increment in the 
flexural strength compared to the same mixes cured in 
oven temperature. The increment in flexural strength of 
the ambient curing method was 8.2%, 4% and 35.6% 
higher for the mixes of MS100, M50-50 and M80-20, 
compared to the oved curing method, respectively. How-
ever, the flexural strength value of the mix of M20-80 
and MSF100 cured in oven temperature shows incre-
ment compared to the ambient temperature curing 
method. The increment in flexural strength of the oven 
curing method was 3.3% and 20.2% higher for the mixes 
of M20-80 and MSF100, compared to the oved curing 
method, respectively. 
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Table 6. 28-day flexural strength values. 

Curing method 
28-day flexural strength (MPa) 

M20-80 M80-20 M50-50 MS100 MSF100 

 
Ambient  

temperature 

6.65 3.37 4.39 6.05 1.78 

6.62 3.40 4.41 6.12 1.82 

6.64 3.36 4.43 6.10 1.79 

Average 6.64 3.38 4.41 6.09 1.80 

 
Oven  

temperature 
(65 °C) 

6.85 2.15 4.23 5.62 2.10 

6.87 2.18 4.18 5.58 2.18 

6.83 2.20 4.20 5.57 2.15 

Average 6.85 2.18 4.20 5.59 2.14 

 

 

Fig. 19. 28-day flexural strength for ambient temperature. 

 

Fig. 20. 28-day flexural strength for oven temperature. 
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Fig. 21. 28-day flexural strength comparison.

6. Conclusions 

This study aims to investigate the effect of using dif-
ferent minerals admixtures on the engineering proper-
ties of geopolymer mortar, and the effect of curing 
method of GM on the engineering properties of concrete. 
For the purpose of this study, five different mixes were 
prepared, each utilizing various mineral admixtures in 
different ratios: M20-80 (20% SF and 80% GGBS), M80-
20 (80% SF and 20% GGBS), M50-50 (50% SF and 50% 
GGBS), MS100 (100% GGBS), MSF100 (100% SF).The 
curing methods for each sample were investigated sepa-
rately under ambient and oven temperatures (65 °C) for 
7 and 28 days to determine the final values of compres-
sive and flexural strength.  

Based on the experimental work and test results, the 
following conclusions were derived: 
 The twenty-eight-day ambient temperature curing 

method, the maximum compressive strength values 
were recorded for the mix of M20-80, which is 27.9%, 
26.5%, 14.5% and 72.8% higher than M80-20, M50-
50, MS100 and MSF100, respectively. The maximum 
flexural strength values were recorded for the mix of 
M20-80, which is 49.2%, 33.4%, 8.14% and 73.15% 
higher than M80-20, M50-50, MS100 and MSF100, re-
spectively.  

 The twenty-eight-day oven temperature curing 
method, the maximum compressive strength values 
were recorded for the mix of M20-80, which is 61.3%, 
44.3%, 26.75% and 70.2% higher than M80-20, M50-
50, MS100 and MSF100, respectively. The maximum 
flexural strength values were recorded for the mix of 
M20-80, which is 68.3%, 38.2%, 18.4% and 68.7% 
higher than M80-20, M50-50, MS100 and MSF100, re-
spectively. 

 The results revealed that the compressive strength 
values of the mixes of MS100, M50-50 and M80-20 in 
which the curing of ambient method is used show sig-
nificant increment compared to the same mixes cured 
in oven temperature. The increment in compressive 
strength of the ambient curing method was 14.4%, 

25.8% and 46.4% for the mixes of MS100, M50-50 and 
M80-20, compared to the oved curing method, re-
spectively.   

 The flexural strength values of the mixes MS100, 
M50-50 and M80-20 in which the curing of ambient 
method is used show significant increment in the flex-
ural strength compared to the same mixes cured in 
oven temperature. The increment in flexural strength 
of the ambient curing method was 8.2%, 4% and 
35.6% higher for the mixes of MS100, M50-50 and 
M80-20, compared to the oved curing method, re-
spectively.   

 In summary, the results highlight the significant im-
pact of different mineral admixtures and curing meth-
ods on the mechanical properties of geopolymer mor-
tar, the mix of M20-80 demonstrating superior per-
formance across various conditions. 
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A B S T R A C T 

Mechanical properties of concrete are size dependent. While many reports have dis-

cussed the size effect of the test specimen on the static properties of concrete, re-

search on the effect of cross-sectional dimensions of the concrete beams on its impact 

performance is still scarce. This research experimentally evaluates the relationship 

between the cross-sectional dimensions and orientation of the concrete beam speci-

mens on their impact performance. Repetitive drop-weight test was used to evaluate 

the impact energy absorption capacity of different concrete beams. A loading proto-

col to evaluate the impact energy of concrete beams having different cross-sectional 

dimensions was proposed. The results revealed that the impact performance of con-

crete is size dependent. Strong proportional relationships between the moment of 

inertia, cross-sectional area and impact energy were found. As the moment of inertia 

and cross-sectional area of the test specimen increase, its impact energy exponen-

tially increases. Furthermore, a linear proportional relationship was found between 

the normalized impact energy and the normalized cross-sectional area × moment of 

inertia. This means that the impact performance of concrete beams depends on both 

their cross-sectional area and orientation. The proposed loading protocol has been 

proven to be able to accurately evaluate the impact energy of concrete specimens 

with significantly varying impact performance while importantly saving time. 
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1. Introduction 

Cement-based materials are the most used materials 
in the building industry. Global demand on such materi-
als production is expected to further increase due to the 
increasing infrastructure development (Arif et al. 2020; 
Döndüren and Al-Hagri 2022). Understanding the prop-
erties of concrete under different conditions is critical to 
understand the behavior of buildings under various crit-
ical loading conditions. One of the most critical loading 
conditions that a structure might be subjected to is the 
impact loading condition. Impact load is a medium to 
high-strain rate type of loading that happens over a very 
short period. The criticality of the loading condition in-

creases as its loading velocity, and accordingly strain 
rate, increases. During the impact actions, a huge amount 
of energy is imparted on the structure. This might lead to 
catastrophic results. This type of load might be created 
by many sources such as explosions, ballistic projectiles, 
and collisions of objects (Al-Hagri et al. 2024). Behavior 
of concrete under impact loads is the least understood 
compared to its behavior under other loading condi-
tions. Since concrete is a strain-rate material, its proper-
ties under static loading cannot be directly used to eval-
uate its behavior under impact loading. While under 
static loads cracks tend to propagate through the weak-
est paths, under impact loads cracks might propagate 
through strong zones such as aggregate particles.  
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Some concrete properties such as mechanical proper-
ties are size dependent. This means that as the size of the 
test specimen changes, the obtained strength of concrete 
changes too. For this reason, standards usually specify 
the size of the test specimen that should be used to eval-
uate certain static properties of concrete. However, 
standards don’t provide much information regarding the 
specimen size that should be used to evaluate the impact 

performance of concrete, especially under flexural im-
pact loading. This is why different sizes of specimens 
have been used in literature to evaluate the impact per-
formance of concrete. However, it is thought that change 
in the dimensions of the specimen might result in a 
change in the obtained results. Some examples of the 
used dimensions for beam specimens to evaluate the im-
pact performance of concrete are presented in Table 1.

Table 1. Some examples of used beam specimen dimensions to evaluate impact strength of concrete. 

Width (mm) Height (mm) Length (mm) Loaded span (mm) Reference 

100 100 400 300 
Cao et al. (2018); Wu et al. (2015);  
Yoo et al. (2015); Yu et al. (2025) 

100 100 400 350 Zaki et al. (2021) 

100 100 500 400 Al-Tayeb et al. (2012); Reda Taha et al. (2008) 

80 100 400 300 
Al-Hagri and Döndüren (2023, 2025);  
Bin Cai et al. (2024); Döndüren and Al-Hagri (2023) 

70 70 260 210 Abid et al. (2021) 

150 150 710 590 Kantar et al. (2011); Yılmaz et al. (2014) 

100 50 400 300 Al-Tayeb et al. (2013a, 2013b) 

50 50 750 690 Demirhan et al. (2019) 

Although the size effect of concrete specimen on the 
static properties of concrete has been previously inves-
tigated by many studies such as (Brake et al. 2016; del 
Viso et al. 2008; Jiang et al. 2024; Mena-Alonso et al. 
2024; Narayanan 2024; Visairo-Méndez et al. 2019; Yoo 
et al. 2016; Yu et al. 2025; Zi et al. 2014), only a limited 
number of studies have discussed the effect of dimen-
sions of specimens on the impact performance of con-
crete. Li et al. (2018) investigated the specimen size ef-
fect on the compressive dynamic strength of concrete 
cylinders and cubes. The results showed that impact 
strength of concrete is affected by the size and shape of 
the test specimen. Lee et al. (2015) investigated the ef-
fect of cylinder size on the dynamic modulus of elasticity 
and compressive strength of concrete. They found that 
while the size of specimen didn’t have a remarkable ef-
fect on the static and dynamic compressive strength and 
modulus of elasticity of normal strength concrete, it had 
a high effect in the case of high strength concrete. 
Krauthammer et al. (2003) and Elfahal et al. (2005) stud-
ied the size effect of normal strength and high-strength 
concrete cylinders respectively on the compressive im-
pact strength of concrete. Their results showed that the 
behavior of concrete under impact loading is size de-
pendent and is different from that known for static load-
ing.  

When the literature was explored, it was found that 
studies on the effect of dimensions of specimens on the 
impact behavior of concrete are very limited. Moreover, 
most of the published reports have focused on the size 
effect of cylindrical specimens on the compressive im-
pact strength of concrete. However, according to (Bin-
diganavile and Banthia 2006), the flexural response of 

plain concrete is more size dependent than the compres-
sive response under static and dynamic loading. Up to 
the best knowledge of the authors, only three studies 
could be found in the literature (Bindiganavile and Ban-
thia 2006; Murali et al. 2022; Yoo and Banthia 2017) on 
the effect of dimensions of the concrete beams on their 
flexural impact strength. In all these studies, only three 
different sizes of prismatic beams were examined. By 
Murali et al. (2022), the impact behavior of preplaced ag-
gregated fibrous concrete beam specimens having di-
mensions of 100×100×400 mm3, 50×50×250 mm3, and 
150×150×550 mm3 was investigated. By Yoo and Ban-
thia (2017), the effect of beam dimensions (50×50×250 
mm3, 100×100×400 mm3, 150×150×550 mm3) on the 
impact strength of ultra-high-performance fiber-rein-
forced concrete beams was evaluated. By Bindiganavile 
and Banthia (2006), prismatic concrete beams with dif-
ferent dimensions (50×50×450 mm3, 100×100×350 
mm3, 150×150×500 mm3) were tested under drop-
weight test. However, in the later study, repetitive im-
pact test was not considered. This highlights the neces-
sity of the current study. 

In the current study, the effect of dimensions and ori-
entation of concrete beams having different shapes 
(prismatic and cylindrical) on the impact performance of 
concrete have been experimentally evaluated using 
drop-weight test. Seven different beam cross-sectional 
dimensions and orientations have been examined. The 
relationship between moment of inertia (I), cross-sec-
tional area (A), and impact energy (E) has been investi-
gated. Moreover, a loading protocol to evaluate the im-
pact performance of concrete specimens having varying 
sizes have been proposed and evaluated. 
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2. Experimental Program 

2.1. Preparation of specimens 

To evaluate the size effect of concrete specimens on 
the impact strength of concrete, concrete beams having 
different dimensions were produced. While the length of 

the concrete specimens was kept constant as 400 mm, 
the width (b) and the height (h) of the beams were 
changed. All beams have a loaded span of 300 mm. Seven 
different cross-sectional dimensions were evaluated 
within the scope of this study. All produced concrete 
beams were tested using drop-weight test. Details of the 
evaluated beam specimens are shown in Table 2.

Table 2. Details of the test specimens. 

Specimen code Specimen type Dimensions (h×b×L) (mm) Section orientation 

S50×50 Prismatic 50×50×400 

 

S50×100 Prismatic 50×100×400 

 

S100×50 Prismatic 100×50×400 

 

S150× 150 Prismatic 150×150×400 

 

S150×100 Prismatic 150×100×400 

 

S100×150 Prismatic 100×150×400 

 

S110 Cylindrical 110×400 
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As can be seen from the table, prismatic beam speci-
mens having six different width and height dimensions 
ranging from 50 mm to 150 mm were tested. Moreover, 
cylindrical beam specimens having a diameter of 110 
mm were also evaluated. On average three samples were 
prepared and tested for each different cross-sectional 
size. It can be seen from the table that a unique specimen 
code was assigned to each group of specimens according 
to their cross-sectional dimensions.  

In the code, the first number refers to the height of 
the specimen while the second one represents the 

width. For the cylindrical specimens, only one number 
representing the diameter of the cross-section was 
used.  

 In order to experimentally determine the compres-
sive strength of concrete, three cylinders having a height 
of 300 mm and a diameter of 150 mm were also pro-
duced. After 24 hours of pouring the concrete into the 
proper molds, test specimens were demolded and put in-
side the curing tanks as presented in Fig. 1(a). All sam-
ples were tested after 28 days. The prepared test sam-
ples are shown in Fig. 1(b).

      

Fig. 1. Test specimens: (a) Inside the curing tanks; (b) After the curing process.

2.2. Procedure and testing 

The impact strength of concrete beam specimens was 
evaluated using drop-weight impact test. For this reason, 
a proper drop weight impact test device was produced 
first. Some images of the production process of the de-
vice are presented in Fig. 2. Details of the prepared im-
pact test device is shown in Fig. 3(a). The test device con-
sists of two rails made of frictionless steel linear shaft 
having a high wear resistance and covered with chrome. 
The total length of the rails is 1 m each and the diameter 
is 25 mm. The shafts are tied to aluminum plates that 
support the rails and can be used for connection pur-
poses. The rails are connected to a wooden frame that is 
used as support. To connect the impact hammer to the 
linear shafts, two bearings were used at the sides of the 
impact hammer. These bearings help minimize the loss 
of energy due to friction while allowing the impact ham-
mer to move freely in the vertical direction. Considering 
the height of the test samples and the height of the ham-
mer impact tip, an impact height of up to 70 cm can be 
obtained.  

Impact hammers having different weights can be at-
tached to the test unit. Since the impact performance of 
the prepared concrete beams was expected to greatly 
vary between the beams with small cross-sections and 
the bigger ones, two steel impact hammers were initially 
prepared. The weight of the smaller hammer is 1.49 kg, 
while the weight of the heavier one is 3.09 kg. The diam-
eter of the impact tip of these impact hammers is 15 mm 
and 24 mm respectively. During the tests, it was found 
that bigger beams necessitated a heavier impact ham-
mer, for this reason, extra weights were attached to the 

3.09 kg impact hammer to increase its weight up to 5.20 
kg. The used impact hammers are shown in Fig. 3.  

To stop the test specimens from overturning and 
movement during the test, two reinforced concrete 
beams were produced and used as supports. As can be 
seen from Fig. 3, two threaded tie rods are put at each 
end of each RC beam. Using a proper wooden piece at 
each side, the samples are held tight in their position 
during the impact test. 

The impact performance of the concrete beams was 
evaluated using the cumulative impact energy (E). The 
impact energy is calculated as E = ∑𝑚𝑔ℎ, where m is the 
impact hammer weight (kg), g is the gravitational accel-
eration (9.81 m/s2), and h is the impact height (m). The 
average impact energy of three specimens was calcu-
lated and reported. 

Since a great variance between the impact energy of 
the smaller and bigger concrete beams is expected, and 
to save time, a proper loading protocol should be used. 
For this purpose, the following loading protocol was pro-
posed. This loading protocol depends on gradually in-
creasing the potential impact energy until failure of the 
sample. The potential impact energy was increased by 
gradually increasing the impact height first and then by 
increasing the impact weight. At first, the lighter impact 
hammer was used to hit the samples from a height of 10 
cm for a maximum of 10 drops. If the sample passes this 
loading step and didn’t fail, the impact height was in-
creased by 10 cm. The impact test continued for a maxi-
mum of another 10 drops. If the samples pass this load-
ing step too, the impact height was increased by another 
10 cm. The process continued until the maximum impact 
height (i.e., 70 cm) was reached. After that, the lighter 

(a) (b) 
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impact hammer was replaced by the 3.09 kg hammer. 
Impact test continued from a height of 10 cm. After that, 
the impact height was increased by 10 cm at each step. A 
maximum of ten impacts were used in each step. When 
the maximum height was reached again, the impact pro-
cess continued for 100 hits in this loading step. If the 
sample didn’t fail within this process, extra weight was 
added to the 3.09 kg impact hammer to increase its 
weight to 5.20 kg. The impact test then continued by us-

ing this heavier impact hammer from a height of 70 cm 
until the complete fracture of the sample. This loading 
protocol was used considering the loading protocols re-
ported in (Cao et al. 2022; Hrynyk 2013), where the ap-
plied impact energy was changed during the impact test 
of RC specimens. This type of loading protocol is believed 
to better evaluate the impact performance of samples 
with greatly varying impact capacities while importantly 
saving time.

         

Fig. 2. Production of the impact test device.  

 

 
 

 
 

 

Fig. 3. Impact test set-up:  
(a) drop-weight test device; (b) 1.49 kg impact hammer; (c) 3.09 kg impact hammer; (d) 5.20 kg impact hammer.  
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3. Results and Discussion 

The compressive strength test (Fig. 4) was performed 
using three cylindrical samples. The average compres-
sive strength was found to be 43.74 MPa. Repetitive 
drop-weight impact test (Fig. 5) was used to evaluate the 
impact strength of concrete beam specimens. The test 
results are presented in Table 3. In the table, the average 
impact energy of concrete beams was reported. It was 
found that all the tested samples showed a brittle failure. 
This means that the samples fractured directly without 
showing any visible cracks before failure. It also means 
that they did not show any elasto-plastic behavior. This 

brittle failure was found for all the tested samples, re-
gardless of their sizes and shapes. Some images of frac-
ture samples after the end of the impact test are pre-
sented in Fig. 6.  

It’s worth mentioning that this brittle behavior under 
impact loading can be shifted to a more ductile one by 
the incorporation of some additive materials into con-
crete such as fibers (Al-Hagri and Döndüren 2025) and 
tire rubbers (Döndüren and Al-Hagri 2023). It’s also 
worth mentioning that not all additive materials have 
this capability. Some additive materials such as nano ad-
ditives don’t change the brittle behavior of concrete (Al-
Hagri and Döndüren 2023).

      

Fig. 4. Compressive strength test of concrete. 

      

Fig. 5. Impact test of concrete. 
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Table 3. Impact test results 

Specimen code Moment of inertia (I) (cm4) Cross-sectional area (A) (cm2) Impact energy up to failure (N∙m) 

S50×50 52.1 25 48.24 

S50×100 416.7 50 26.31 

S100×50 104.2 50 65.78 

S150×150 4218.8 225 35,126.77 

S150×100 2812.5 150 2,997.99 

S100×150 1250.0 150 4,953.17 

S110 718.7 95 43.85 

 

      

Fig. 6. Fractured test samples.

The results revealed that while small impact hammer 
(1.49 kg) was sufficient to break samples with moment 
of inertia less than 750 cm4 and cross-sectional area less 
than 100 cm2, samples with higher A and I necessitated 
a higher weight to save the experimental time. In this 
case, the heavier impact hammer 3.09 kg was used. 
Moreover, some samples such as (S150×150 and 
S100×150) required an even heavier impact hammer. 
This is why during the test the authors attached extra 
weight to the 3.09 kg hammer increasing its weight to 
5.20 kg. This indicates the efficiency of the proposed 
loading protocol. It is thought that using of the lighter 
weight hammer (1.49 kg) from a height of 10 cm would 
have necessitated a huge number of impacts to fracture 
the bigger beams. For example, if this loading step is the 
only one that is used for fracturing S150×150 beams, 
more than 24000 drops might have been necessary to 
produce the 35126.77 N∙m impact energy that is neces-
sary to fracture the samples. Which would have necessi-
tated a lot of time to be achieved. On the other hand, if 
the heavy weight hammer (5.20 kg) from a height of 70 
cm was used for all the beams specimens, samples with 
small cross- sectional dimensions might have failed from 
the first impact drop. This means that the impact energy 
of these small samples would have been inaccurately 

evaluated. This is a clear indication of the efficiency of 
the proposed loading protocol in accurately evaluating 
the impact performance of samples with different impact 
performances while remarkably saving experimental 
time. 

It should be noted that there are some impact tests 
that can be used to evaluate the impact performance of 
concretes having varying impact performance such as 
the Charpy impact test. However, the Charpy impact test 
unit is much more expensive than the impact test device 
manufactured and used in the current study. The drop-
weight test device used in this study costs approximately 
USD $50, which can be afforded by most research teams 
if not all. Moreover, this test device is very easy to man-
ufacture. The loading protocol adapted in the current 
study can add up to the cost efficiency advantage of the 
drop-weight impact test device by making it efficient to 
test concretes with remarkably varying impact perfor-
mances. Accordingly, a cost-efficient simple test proce-
dure can be used to evaluate the impact performance of 
such concretes. A comparison between the proposed 
loading protocol and the use of the Charpy impact test 
can be investigated in future research. 

As can be seen from Table 3, the impact performance 
of concrete is a size dependent property. To evaluate this 
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relationship, the relationship between the impact energy 
and the moment of inertia is graphically presented in Fig. 
7. As can be seen from the figure, the impact perfor-
mance of concrete increased as the moment of inertia in-
creased. Increasing the moment of inertia of the member
increases its stiffness and toughness and accordingly its
impact absorption capacity (Al-Hagri et al. 2024). An ex-
ponential relationship between the moment of inertia
and the impact energy was found. The coefficient of de-
termination (R2), which gives an idea about the quality

of the found relationship, has a very high value of 0.98. 
When the value of R2 gets higher than 0.7, it represents a 
high-quality relationship. The higher the value is the 
higher quality it is (Al-Hagri and Döndüren 2025; Dö-
ndüren and Al-Hagri 2023; Gupta et al. 2015; Nakipoglu 
et al. 2022; Rahmani et al. 2012). This is a clear indica-
tion that the found relationship has a high quality and 
can be used to represent the relationship between the 
considered variables (i.e. impact energy and moment of 
inertia).

Fig. 7. Relationship between the moment of inertia and impact energy of concrete specimens.

On the other hand, the relationship between the im-
pact energy and the cross-sectional area of the concrete 
beams was also evaluated. This relationship is presented 
in Fig. 8. The results showed that as the cross-sectional 
area of the beam increases, its impact performance in-
creases. An exponential relationship between the cross-

sectional area of the beam and the impact energy was 
found. This relationship has a value of R2 close to 1. In 
general, as the cross-sectional area increases, the mo-
ment of inertia increases improving impact flexural 
strength of the beam, allowing it to absorb a higher im-
pact energy.

Fig. 8. Relationship between the cross-sectional area and impact energy of concrete specimens. 
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The results showed that the impact energy absorption 
capacity of concrete is a size dependent property that 
has a relationship with both the moment of inertia and 
the cross-sectional area of the test specimen. To evaluate 
the overall relationship between these three parame-
ters, the relationship between the normalized impact en-
ergy and the normalized moment of inertia × the cross-
sectional area (i.e., I×A) is graphically presented in Fig. 9. 
The normalized values were calculated taking the sam-
ple with the least cross-sectional area (i.e., S50×50) as 
the reference sample.  

As can be seen from Fig. 9, there is a strong linear re-
lationship with a value of R2 = 0.88 between the normal-
ized impact energy and normalized I×A of the concrete 
beams. This indicates that the impact performance of 
concrete greatly depends on both the moment of inertia 
and the cross-sectional area of the test specimen. These 
two properties are interconnected properties of the 
members. While the cross-sectional area depends on the 
dimensions of the cross-section, the moment of inertia 
depends on the dimensions and orientation of the cross-
section.

Fig. 9. Relationship between normalized cross-sectional area × moment of inertia (I×A) and normalized impact energy.

4. Conclusions

This research represents an experimental evaluation 
of the effect of the cross-sectional dimensions and orien-
tation of concrete beams on their impact performance. 
Concrete beams with seven different cross-sectional di-
mensions and orientations have been tested under drop-
weight test. A loading protocol for the repetitive impact 
test of samples having remarkably varying sizes has 
been proposed and validated. It was found that impact 
performance of concrete is a size dependent property. 
Increasing the moment of inertia and cross-sectional 
area of the concrete beams increased its impact perfor-
mance. Increasing the moment of inertia of the sample 
increases its toughness and stiffness and accordingly its 
impact absorption capacity. Exponential relationships 
were found between the impact energy and both the mo-
ment of inertia and the cross-sectional area of the con-
crete beams. Moreover, a linear proportional relation-
ship between the normalized impact energy and the nor-
malized cross-sectional area × moment of inertia (I×A) 
was found. This indicates that the impact performance of 
concrete depends on both the cross-sectional area and 
the moment of inertia of the test beam (i.e., dimensions 
and orientation of the beam).  

It is worth mentioning that while standards provide 
details on the dimensions of the standard samples that 
should be used in the evaluation of some mechanical 
properties under quasi-static loading, they generally 

don’t provide much information regarding the standard 
dimensions of beam specimens under impact loading. 
Different cross-sectional dimensions and sizes have 
been used in the literature to evaluate the flexural im-
pact performance of concrete. This indicates the neces-
sity of more future research on this regard. This research 
provided some relationships between the cross-sec-
tional dimensions and the impact performance of con-
crete. However, more research is still necessary. The size 
dependence of impact performance might depend on 
some other properties of concrete such as the compres-
sive strength and the existence of additive materials. 
This hypothesis can be experimentally assessed in future 
research. 
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A B S T R A C T 

This study investigates the behavior of multi-cell steel columns (MCCs) under impact 

loading through both experimental and numerical analysis. Twelve specimens, in-

cluding single-cell columns (SCC) and four-cell MCC configurations, were tested in 

empty and concrete-filled conditions. The specimens were categorized into three 

groups based on a fixed height-to-width ratio (R). A nonlinear finite element model 

was developed using ABAQUS and validated against experimental data. Key parame-

ters, including peak deflection, failure modes, deflection-time relationships, maxi-

mum impact forces, energy absorption and the rectangularity ratio effect, were ex-

amined to provide insights into impact-resistant structural design. The results 

demonstrate that the internal partitioning of the column into cells significantly re-

duces local buckling under impact loading by enhancing the section’s local stiffness. 

In addition, internal partitioning improves energy absorption for empty models. On 

the other hand, concrete-filled models do not show the same behavior although con-

crete filling significantly improves resistance to impact forces. The results also pro-

vides that increase of the R ratio results in an increase in impact force and a decrease 

in mid-point displacement. For empty single-cell columns, an increase in R results in 

a decrease in energy absorption, which may be due to energy dissipation through 

local buckling under the falling impactor. These findings contribute to the advance-

ment of impact-resistant column designs for applications in structural and transpor-

tation engineering. 
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1. Introduction 

Columns are essential structural elements, and their 
failure can lead to catastrophic consequences. Among 
various cross-sectional designs, tubular sections have 
demonstrated outstanding performance under compres-
sion, bending, and torsion. Their superior mechanical 
properties, combined with an aesthetically appealing 
shape, have made them widely applicable in structural 
engineering. Tubular sections are commonly used in 
buildings, bridges, barriers, offshore structures, and 
towers, among other applications (Wardenier 2001; 
Wardenier et al. 2010). 

When tubular sections have insufficient wall thick-
ness to support the required loads, filling the hollow sec-

tion with concrete is a proven method to enhance 
strength. Several studies have investigated the behavior 
of concrete-filled tubular columns under compression 
loading, such as the studies conducted by Campbell 
(1994), Guler et al. (2013), Chu (2014), Patil and Mohite 
(2014), Bedage and Shinde (2015), and Kirankumar et 
al. (2016). 

As vertical structural elements, columns are particu-
larly vulnerable to environmental hazards such as im-
pact, wind, and earthquakes. Among these, impact load-
ing generates highly localized pressure, often exceeding 
the intensity of other hazards. This has driven growing 
research interest in understanding the behavior of 
empty and concrete-filled hollow sections under impact 
loading to develop more resilient design methods. Sean-
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gatith (1997) presented an extensive experimental pro-
gram and finite element analysis on FRP composite box 
beams subjected to impact loads, testing 48 simply sup-
ported beams while varying impact velocity, striker 
mass, span length, and wall thickness. Finite element 
modeling was performed using LS-DYNA3D. Similarly, 
Bambach et al. (2008) presented experimental program 
and finite element analysis of hollow and concrete-filled 
steel beams subjected to large-mass, low-velocity lateral 
impacts at mid-span. Yousuf et al. (2010) conducted a 
comprehensive test program to investigate the impact 
performance of pre-compressed stainless-steel con-
crete-filled steel tube (CFST) columns. Their study com-
pared stainless steel column with mild steel column and 
analyzed the behavior of in-filled tubes under both im-
pact and pre-compressive loads. Al-Thairy (2012) inves-
tigated the behavior of axially compressed steel columns 
under vehicle impact, using ABAQUS/Explicit for numer-
ical modeling, conducting a parametric study, develop-
ing a simplified vehicle model, proposing an analytical 
method for column response, and evaluating design pro-
visions. Yousuf et al. (2012) presented an experimental 
and numerical investigation on the behaviour of hollow 
and concrete-filled tubular columns from mild steel sub-
jected to static and impact loading. Experimental and nu-
merical results obtained by ABAQUS/Explicit program 
were compared. Additionally, the impact response of 
concrete-filled tubes was compared with that of hollow 
section tubes. Zhu et al. (2018) investigated the lateral 
impact resistance of rectangular hollow steel tubes and 
those partially filled with concrete, demonstrating that 
concrete effectively mitigates local buckling. Hou et al. 
(2018) conducted a finite element analysis to evaluate 
the life-cycle behavior of concrete-filled steel tubes 
(CFST) subjected to pre-loading, residual stress, and lat-
eral impact. Yang et al. (2019) and Zhu et al. (2023) in-
vestigated the impact force, deformation, and failure 
modes of high-strength concrete-filled steel tubular 
(HSCFST) members under lateral impact, highlighting 
their superior impact resistance. Feng et al. (2022) con-
ducted transverse continuous impact tests on cantile-
vered square CFST columns, examining the effects of im-
pact mass and height. Their results demonstrated a pos-
itive correlation between cumulative plastic displace-
ment and stiffness degradation with repeated impacts. 
Overall, previous research indicates that hollow tubular 
sections are prone to local deformations under impact 
loading. However, when these sections are filled with 
concrete, local deformations are significantly restricted, 
enhancing their ability to withstand greater lateral im-
pact forces. Uslu et al. (2024) investigated 70 circular 
columns, which included both concrete-filled and hollow 
steel tubes, under axial loading. The study varied key pa-
rameters, such as concrete compressive strength (fc), di-
ameter-to-thickness (D/t), and length-to-diameter (L/D) 
ratios. Results showed that the ultimate axial load in-
creased with higher fc and D/t, but decreased with higher 
L/D. The findings were consistent with Eurocode 4, and 
finite element modeling slightly overestimated the axial 
capacity by about 5%.  

Another effective solution to mitigate local buckling in 
hollow steel columns is the use of internal continuous 

stiffeners. These stiffeners reduce the likelihood of buck-
ling in the outer shell by dividing the column into multi-
ple smaller sections, known as cells, forming what is re-
ferred to as a multi-cell column (MCC). 

Although research on MCCs as structural elements re-
mains limited, their widespread use as energy absorbers 
in mechanical engineering has highlighted their poten-
tial advantages. This has drawn attention to their possi-
ble application as an alternative to concrete-filled tubu-
lar (CFT) columns, particularly in structures subjected to 
dynamic loads, where enhanced energy absorption is a 
highly desirable characteristic. 

Numerous researchers have investigated the behav-
ior of multi-cell columns (MCCs). Zhang et al. (2006) con-
ducted analytical and numerical studies on the axial 
crushing of square MCCs, revealing that dividing a single-
cell column into a 3×3 cell configuration increased its en-
ergy absorption by 50%. Similarly, Krolak et al. (2007, 
2009) demonstrated that internally partitioning a col-
umn into multiple cells enhanced its load-carrying ca-
pacity and improved its buckling behavior. Bi et al. 
(2010) performed nonlinear finite element crash simu-
lations on aluminum foam-filled single- and triple-cell 
hexagonal columns, showing that triple-cell composite 
columns exhibited greater crushing forces due to the 
corner effect. Song et al. (2012) conducted finite element 
analysis on axially loaded tubes with square, hexagonal, 
and octagonal cross-sections featuring origami-inspired 
patterns. The results revealed that these patterned tubes 
exhibited reduced initial peak forces and demonstrated 
more consistent and stable crushing behavior compared 
to traditional tubular designs. Yin et al. (2014) explored 
the energy absorption characteristics of foam-filled 
multi-cell thin-walled structures (FMTSs) through LS-
DYNA simulations, while Sofi (2015), Wu et al. (2016), 
and Ahmed et al. (2017) examined the application of 
multi-cell thin-walled tubes in crashworthiness struc-
tures. Their findings consistently indicated that multi-
cell thin-walled structures outperform single-cell struc-
tures in energy absorption. The energy absorption per-
formance of MCCs is largely influenced by their shape 
and geometry. Yin et al. (2015) found that FMTSs with 
nine cells exhibited the best crashworthiness character-
istics, while Ahmed et al. (2017) demonstrated that 
curvy stiffeners significantly improved energy absorp-
tion by increasing the mean crushing force and crush 
force efficiency compared to conventional configura-
tions. Hassam et al. (2020) conducted experimental and 
finite element (FE) simulations on four multi-cell cross-
shaped CFST stub columns, comparing their performance 
with existing CFST design formulas. Their results showed 
that these formulas underestimated the axial compres-
sive capacity of cross-shaped CFST columns. Further in-
vestigations by Hassam et al. (2022) on ten multi-cell 
cross-shaped CFST columns examined key parameters 
such as slenderness ratio, width-to-thickness ratio of the 
steel tube, and load eccentricity. They found that the 
multi-cell configuration significantly improved concrete 
confinement. Yang et al. (2021) experimented with rec-
tangular steel tubes and U-shaped steel plates to create 
three-cell cross-shaped steel tubes, testing nine slender 
columns under axial compression. Their findings indi-
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cated that increasing limb length enhanced load-bearing 
capacity while reducing ductility. More recently, Zheng 
et al. (2024) tested six stub columns under axial compres-
sion, varying cross-section form and concrete strength. 
Their results provided insights into failure patterns, ulti-
mate strength, load-strain behavior, compressive stiff-
ness, and ductility. They concluded that using longitudi-
nal stiffeners or multi-cell configurations improves the 
axial compressive strength, stiffness, and ductility of 
cross-shaped CFST columns, further reinforcing the su-
perior mechanical performance of multi-cell designs. 

Previous research in this field has primarily focused 
on the behavior of axially loaded MCCs. To the best of the 
authors’ knowledge, no prior studies have examined the 
response of MCCs to lateral impact loading. However, 
Tran et al. (2014) and Tran et al. (2015) theoretically in-
vestigated the behavior of multi-cell square tubes under 
oblique and axial impact loading, respectively. 

In this study, a finite element (FE) model was devel-
oped using ABAQUS, a well-established and highly accu-
rate finite element software, to analyze the response of 
both single-cell columns (SCCs) and multi-cell columns 
(MCCs) under lateral impact loading. Additionally, labor-
atory experiments were conducted on all specimens. A 
comparison between the numerical model and experi-
mental results was performed, focusing on key parame-

ters such as mid-point displacement and deformed 
shape. Further comparative analyses were conducted 
across all specimens, considering factors such as the rec-
tangularity ratio of the cross-section (R), internal parti-
tioning of the column into multiple cells, and concrete 
filling. The results, including mid-point displacement, 
impact force, energy absorption, and failure modes, were 
observed and discussed in detail. 

 

2. Experimental Models and Test Setup 

2.1. Specification of the tested specimens 

Twelve specimens were prepared for testing, catego-
rized into three groups. Each group consisted of two sin-
gle-cell column (SCC) specimens—one filled with con-
crete (F) and the other empty (E)—and two multi-cell 
column (MCC) specimens, also with one filled (F) and 
one empty (E). Each group maintained a fixed height-to-
width ratio (R=h/b), while all specimens shared the same 
cross-sectional area. 

The total column length was 2860 mm, with an effec-
tive length of 2500 mm. Table 1 provides a detailed over-
view of the model dimensions, R ratios for each group, 
and the concrete filling conditions of the sections.

Table 1. Description of the tested specimens. 

 

R Condition 
Dimensions (mm) Concrete 

filling b h to ti 

1.00 

SCC 100 100 5 ‒ 
E 

F 

MCC 100 100 4 2 
E 

F 

1.50 

SCC 100 150 4 ‒ 
E 

F 

MCC 100 150 3 2 
E 

F 

2.25 

SCC 100 225 3 ‒ 
E 

F 

MCC 100 225 2 2 
E 

F 

SCC: Single-cell column; MCC: Multi-cell column; E: Empty; F: Concrete-filled 
 

h

ti

ti

b

to

3.0000

to
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2.2. Drop weight (impactor) 

The drop weight was constructed from solid steel cyl-
inders of varying diameters, welded together to form a 
unified mass. To ensure that the impact load was applied 
as a point load, the lower end of the drop weight was 
shaped into a conical section, as illustrated in Fig. 1. The 
total weight of the projectile was 57.85 kg. 

2.3. Materials used for specimen fabrication 

2.3.1. Concrete 

 A self-compacting concrete mix was used for speci-
men fabrication to facilitate placement and ensure com-
plete filling of narrow sections, preventing voids and 
segregation.

      

Fig. 1. Details of drop weight (impactor) (all dimensions are in mm).

Both the compressive and tensile strengths of the con-
crete mix were determined experimentally in accord-
ance with the Egyptian Standard Specifications (ES1658-
4/2008 and ISO1920-3:2004). The results showed a 
compressive strength of 46.3 MPa and a tensile strength 
of 4.08 MPa. 

2.3.2. Material of steel tube and longitudinal stiffeners 

The test specimens were fabricated using ST37 grade 
mild steel, with measured tensile strength (Fu) of 360 
MPa and nominal yield strength (Fy) of 240 MPa. 

2.4. Test setup and instrumentation 

The tests in this study were conducted in the labora-
tory of the Institute of Concrete Structures Research at 
the Housing and Building National Research Center 
(HBRC). A custom-designed steel setup was used to sup-
port the tested specimens and provide the required end 
conditions. To ensure precise impact application, a PVC 
pipe with a diameter of 200 mm and a height of 3.00 me-
ters was installed vertically at the center of each speci-
men. The pipe was secured using formwork to maintain 
vertical alignment and ensure that the load was applied 
precisely at the center of the sample. For a simply sup-
ported end condition, the columns were fully constrained 
in all displacement directions, effectively preventing any 
movement. In particular, displacement in the direction 
of the applied load was restricted. This restraint system 
included a U-shaped steel plate fixed to the support with 

bolts, as well as a steel rod to firmly secure the specimen, 
as illustrated in Fig. 2. The Linear Variable Differential 
Transformer (LVDT) device, shown in Fig. 3, was used to 
measure displacement over time, providing precise read-
ings of the structure's deflection under both static and dy-
namic loads. Next, the specimen was positioned within 
the test setup, ensuring an effective span of 2500 mm. 
The LVDT device was placed directly beneath the center 
of the specimen to accurately record displacement data 
over time. Subsequently, a 57.85 kg impactor was re-
leased from a height of 3.3 meters through the PVC pipe, 
striking the specimen precisely at its center. The com-
plete test setup is illustrated in Fig. 4. 

 

3. Finite Element Modeling 

To gain a deeper understanding of the behavior of 
multi-cell steel columns under impact loading, a finite el-
ement model was developed. In this study, ABAQUS/Ex-
plicit was used for analysis. ABAQUS/Explicit is a spe-
cialized analysis tool that employs an explicit dynamic fi-
nite element formulation. It is particularly well-suited 
for modeling short-duration, transient dynamic events 
such as impact and blast loads. Additionally, it efficiently 
handles highly nonlinear problems involving evolving 
contact conditions, such as forming simulations. The fi-
nite element models in this study were developed using 
the explicit nonlinear finite element code ABAQUS/Ex-
plicit. The following sections provide a detailed descrip-
tion of the FE model utilized in this research.  
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Fig. 2. Impact test support conditions. 

      

Fig. 3. Displacement with time measurement device: (a) LVDT device; (b) Data logger and computer. 

       

Fig. 4. Impact test setup.

3.1. Geometrical modeling 

The steel tube and concrete were modeled using 
C3D8R elements, which are eight-node, reduced-inte-
gration solid elements. Each node of this element has 
three translational degrees of freedom, making it well-
suited for defining contact surfaces necessary for apply-
ing impact loads. Additionally, it effectively integrates 

constitutive laws and is highly suitable for nonlinear dy-
namic analysis, allowing for finite strain and large-dis-
placement rotations. A total of 7,752 elements were 
used to model the steel tube, while the concrete was 
represented by 24,168 elements. Meanwhile, the im-
pactor was modeled as a rigid body using R3D4 ele-
ments and was discretized into 373 fine elements, as il-
lustrated in Fig. 5.  

(a) (b) 
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Fig. 5. Mesh configuration of concrete-filled column under impact.

3.2. Material modeling 

3.2.1. Material modeling of steel tube and longitudinal 
stiffeners 

The modeling of the steel material requires defining 
the density, which was taken as 7,850 kg/m3, the linear 
part in the stress-strain curve of steel and nonlinear part 
of the curve. The elastic properties are completely defined 
by giving the Young's modulus (E), and the Poisson's ratio 
(ν), the values of 210,000 MPa and 0.3 respectively. 

The nonlinear part of the stress-strain curve of steel 
material was modeled using the PLASTIC option availa-
ble in ABAQUS. It is used to describe the perfect plasticity 
or isotropic hardening behavior. Isotropic hardening 
means that the yield surface changes size uniformly in all 
directions such that the yield stress increases (or de-
creases) in all stress directions as plastic straining oc-
curs. ABAQUS provides an isotropic hardening model, 
which is useful for cases involving gross plastic straining 
or in cases where the straining at each point is essen-
tially in the same direction in strain space throughout 

the analysis. Although the model is referred to as a 
“hardening” model, strain softening or hardening fol-
lowed by softening can be defined. If isotropic hardening 
is defined, the yield stress can be given as a tabular func-
tion of plastic strain and the yield stress at a given state 
is simply interpolated from the table of data. Since the 
buckling analysis involves large in-elastic strains, the 
nominal (engineering) static stress–strain curves were 
converted to true stress and logarithmic plastic true 
strain curves. The true stress (𝜎true ) and plastic true 
strain (𝜀true

pl
) were calculated using Eqs. (1) and (2) as 

given by ABAQUS. Figs. 6 and 7 show the relationship be-
tween the engineering and true stress strain curves. 

𝜎𝑡𝑟𝑢𝑒 = 𝜎𝑛𝑜𝑚 ( 1 + 𝜀𝑛𝑜𝑚 ) (1) 

𝜀𝑡𝑟𝑢𝑒
𝑝𝑙

 =   𝑙𝑛( 1 + 𝜀𝑛𝑜𝑚 ) −
𝜎𝑡𝑟𝑢𝑒

𝐸
 (2) 

where E is the initial Young’s modulus; σtrue is the true 
stress; σnom is the nominal stress; εtrue is the true strain; 
and εnom is the nominal strain.

 

Fig. 6. The relationship between engineering and true stress-strain curves for steel (Elkady 2023). 
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Fig. 7. True stress-plastic strain curve for ST37.

3.2.2. Material modeling of the confined concrete 

Defining confined normal concrete requires specify-
ing its density and stress-strain curve properties, which 
can be divided into two parts: elastic and plastic. The 
concrete material's mass density was defined using the 
DENSITY option in ABAQUS. The linear portion of the 
stress-strain curve was established using the ELASTIC 
option, where Young's modulus and Poisson’s ratio 
(taken as 0.2) were specified to define the material's 
elastic behavior. The plastic behavior of concrete was 
modeled using the DRUCKER-PRAGER model in 
ABAQUS, which is widely used for simulating concrete 
and other quasi-brittle materials under various loading 
conditions, including cyclic loads. This model assumes 
that the primary failure mechanisms are tensile cracking 
and compressive crushing. The DRUCKER-PRAGER op-
tion was utilized to define a linear Drucker-Prager model 
with associated flow and isotropic hardening. The mate-
rial parameters were set as follows: friction angle (β) = 
20°, dilation angle (φ) = 35°, and the ratio of flow stress 
in triaxial tension to that in compression (K) = 0.8. The 

DRUCKER-PRAGER HARDENING option was used to de-
fine the equivalent uniaxial stress-strain curves for con-
fined concrete. The confinement effect in concrete-filled 
box steel columns depends on the D/t ratio, where D is 
depth. Columns with a high D/t ratio provide weak con-
finement, leading to premature failure due to local buck-
ling of the steel tubes. Conversely, columns with a low 
D/t ratio offer strong confinement due to increased 
thickness, enhancing the strength of the infill concrete 
and allowing it to be treated as confined concrete. The 
relationship between the equivalent uniaxial stress-
strain curves for both unconfined and confined concrete 
is illustrated in Fig. 8, as presented by Ellobody et al. 
(2006), where fc represents the unconfined concrete cyl-
inder compressive strength, equal to 0.8×Fcu, and Fcu is 
the unconfined concrete cube compressive strength. The 
corresponding unconfined strain (εc) is taken as 0.003, 
as recommended by ACI specifications. Mander et al. 
(1988) proposed Eqs. (3) and (4) to describe stress-
strain relationships, from which the confined concrete 
compressive strength (fcc) and the corresponding con-
fined strain (εcc) can be determined.

 

Fig. 8. Equivalent uniaxial stress-strain curve for confined and unconfined concrete (Ellobody et al. 2006).  
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𝑓𝑐𝑐 = 𝑓𝑐 + 𝑘1𝑓1 (3) 

𝜀𝑐𝑐 = 𝜀𝑐(1 + 𝑘2
𝑓1

𝑓𝑐
) (4) 

where 𝑓1 is the confining pressure from steel tube that 
depends on the D/t ratio and the steel box yield stress; 
and 𝑘1 and 𝑘2  are coefficients that depend on lateral 
pressure and concrete mix.  

Based on their tests, Richart et al. (1928) found the 
average values of those coefficients are k1=4.1 and 
k2=5k1. Also, tests of Balmer (1949) showed that k1 has 
an average value of 5.6, and increases by decreasing lat-
eral pressures. 

The approximate value of (𝑓1) can be obtained from 
empirical Eqs. (5) or (6) given by Hu et al. (2003), where 
fyd is the yield strength of the steel tube. 

𝑓1
𝑓𝑦𝑑

⁄ = 0.043646 − 0.000832(𝐷/𝑡)  

21.7 ≤ (𝐷/𝑡) ≤ 47 (5) 

𝑓1
𝑓𝑦𝑑

⁄ = 0.006241 − 0.0000357(𝐷/𝑡)   

47 ≤ (𝐷/𝑡) ≤ 150 (6) 

The stress strain relation diagram of concrete is also 
divided into three parts. The first part is the initially as-
sumed elastic range to the proportional limit stress. The 
value of the proportional limit stress is taken as 0.5(fcc) 
as given by Hu et al. (2003). The initial Young’s modulus 
of confined concrete (Ecc) is reasonably calculated using 
the empirical Eq. (7) given by ACI 318-19 (2019). 

𝐸𝑐𝑐 = 4700√𝑓𝑐𝑐    (MPa) (7) 

The second part of the equivalent uniaxial stress–
strain curve for confined concrete was determined by 
Eq. (8), which is a common equation proposed by Saenz 
(1964). This part starts from the proportional limit 
stress 0.5(fcc) to the confined concrete strength (fcc). This 
equation is used to represent the multidimensional 
stress and strain values for the equivalent uniaxial stress 
and strain values. The unknowns of the equation are the 
uniaxial stress (f) and strain (ε) values. Substituting the 
strain values (ε) between the proportional strain, which 
is equal to (0.5fcc/Ecc), and the confined strain (εcc) gives 
the corresponding value of the confined concrete 
strength. 

𝑓 =
𝐸𝑐𝑐𝜀

1+(𝑅+𝑅𝐸−2)(𝜀/𝜀𝑐𝑐) −(2𝑅−1)(𝜀/𝜀𝑐𝑐)
2

+𝑅(𝜀/𝜀𝑐𝑐)
3 (8) 

where RE and R values are calculated from Eqs. (9) and 
(10), respectively. 

 𝑅𝐸 =
𝐸𝑐𝑐𝜀𝑐𝑐

𝑓𝑐𝑐
 (9) 

𝑅 =
𝑅𝐸(𝑅𝜎−1)

(𝑅𝜀−1)
2   − 1

𝑅𝜀
  (10) 

where Rσ and Rε are constants, values taken to be equal 
to 4.0, as recommended by Hu and Schnobrich (1989). 

The third part of the confined concrete stress–strain 
curve is the descending part from the confined concrete 
strength (fcc) to a value lower than or equal to r∙k3∙fcc with 
the corresponding strain of 11εcc. The reduction factor (k3) 
depends on the D/t ratio and the steel tube yield stress (fy). 
The approximate value of k3 can be calculated from empir-
ical Eqs. (11) and (12) given by Hu et al. (2003). 

𝑘3 = 1                21.7 ≤ (𝐷/𝑡) ≤ 47 (11) 

𝑘3 = 0.0000339 (
𝐷

𝑡
)

2

− 0.0100085 (
𝐷

𝑡
) + 1.3491   

47 ≤ (
𝐷

𝑡
) ≤ 150 (12) 

The reduction factor (r) was introduced by Ellobody 
et al. (2006), based on the experimental investigation 
conducted by Giakoumelis and Lam (2004). The value of 
r is taken as 1.0 for concrete with cube strength (fcu) 
equal to 30 MPa. The value of r is taken as 0.5 for con-
crete with fcu greater than or equal to 100 MPa. 

3.3. Contact and interaction 

The interface element was utilized to model the con-
tact between the concrete and the steel tube. This ele-
ment consists of master and slave surfaces that corre-
spond to the matching contact faces of the steel tube and 
concrete elements. According to Capilla and García 
(2013), the friction coefficient for simulating the interac-
tion between concrete and steel tubes in composite col-
umns ranges from 0.2 to 0.8. In this study, a friction co-
efficient of 0.8 was adopted. The interface element per-
mits surface separation under tensile forces but pre-
vents penetration between the contacting surfaces. Ad-
ditionally, the interaction between the column and the 
projectile was modelled as hard contact to accurately 
represent the impact conditions. 

3.4. Boundary conditions 

To simulate the motion of the impactor, it was given 
an initial velocity (8.05 m/s) in a direction perpendicular 
to the column while the rest of DOFs were constrained. 
The column was given a hinged-hinged boundary condi-
tion to simulate test. 

 

4. Comparison of Results 

In the following sections, the results obtained from 
analysis are compared with the experimental results. 
The compared results include shape of failure and Maxi-
mum displacement due to impact loading. 

4.1. Deformed shape of column after impact 

Figs. 9‒20 represent a comparison between the de-
formed shape of the 12-tested specimens and the corre-
sponding FE models. 
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Fig. 9. Deformed shape of 100X100X5 empty single-cell column (SCC-E):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

 

 

Fig. 10. Deformed shape of 100X150X4 empty single-cell column (SCC-E):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

 

 

Fig. 11. Deformed shape of 100X225X3 empty single-cell column (SCC-E):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

(a) 

(b) 

(a) 

(a) 

(b) 

(b) 
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Fig. 12. Deformed shape of 100X100X5 filled single-cell column (SCC-F):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

 

 

Fig. 13. Deformed shape of 100X150X4 filled single-cell column (SCC-F):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

 

 

Fig. 14. Deformed shape of 100X225X3 filled single-cell column (SCC-F):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

(a) 

(a) 

(a) 

(b) 

(b) 

(b) 
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Fig. 15. Deformed shape of 100X100X4X2 empty multi-cell column (MCC-E):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

 

 

Fig. 16. Deformed shape of 100X150X3X2 empty multi-cell column (MCC-E):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

 

 

Fig. 17. Deformed shape of 100X225X2X2 empty multi-cell column (MCC-E):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 
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(b) 
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Fig. 18. Deformed shape of 100X100X4X2 filled multi-cell column (MCC-F):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

 

 

Fig. 19. Deformed shape of 100X150X3X2 filled multi-cell column (MCC-F):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model. 

 

 

Fig. 20. Deformed shape of 100X225X2X2 filled multi-cell column (MCC-F):  
(a) Deformed shape of tested specimen; (b) Deformed shape of tested specimen’s FE model.  
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(a) 

(b) 

(b) 

(b) 
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4.2. Max displacement at mid-point of sample 

Table 2 provides a comparison between maximum 
displacements in experimental and analytical models. It 
is clear that the FE models represents the tests on steel 
and composite tubular columns under impact loading ac-
curately. 

5. Results of Analytical Models 

Numerical analyses of the 12 models were performed 
under the same conditions. The main outcomes from 
analysis include maximum displacement at mid-span, 
maximum impact force, mode of failure and energy ab-
sorption. 

Table 2. Comparison between experimental and FE models. 

Concrete  
filling 

R Sample label 
Maximum deflection (mm) 

Difference (%) 
Experimental FE model 

Empty 
columns 

1.00 
SCC-E (100X100X5) 46.485 52.500 11.46 

MCC-E (100X100X4X2) 60.937 59.165 -2.99 

1.50 
SCC-E (100X150X4) 26.369 24.707 -6.73 

MCC-E (100X150X3X2) 29.993 32.072 6.48 

2.25 
SCC-E (100X225X3) 9.522 10.424 8.65 

MCC-E (100X225X2X2) 18.564 18.092 -2.61 

Concrete-filled 
columns 

1.00 
SCC-F (100X100X5) 38.644 34.715 -11.32 

MCC-F (100X100X4X2) 35.464 37.864 6.34 

1.50 
SCC-F (100X150X4) 8.976 9.501 5.52 

MCC-F (100X150X3X2) 12.588 12.537 -0.40 

2.25 
SCC-F (100X225X3) 4.251 4.689 9.34 

MCC-F (100X225X2X2) 5.736 5.221 -9.87 

5.1. Mid-point displacement 

The time-displacement curves for all models are illus-
trated in Figs. 21 and 22. The displacement of the lower 
side midpoint of each model was chosen as a reference 
point, as it provides a clear indication of model rigidity 
and strength. Fig. 21 compares the displacement of all 
concrete-filled single and multi-cell column models. It is 
evident that single-cell models exhibit smaller displace-
ments compared to multi-cell columns with the same 
cross-sectional area. Specifically, the maximum displace-
ment of the (100×100) single-cell model is reduced by 
approximately 8.32% compared to its multi-cell coun-

terpart. Similarly, reductions of about 24.22% and 
10.19% are observed for the (150×100) and (225×100) 
models, respectively. Fig. 22 presents a comparison of all 
empty single and multi-cell column models, showing that 
single-cell models consistently experience smaller dis-
placements than multi-cell columns of the same cross-
sectional area. The maximum displacement of the 
(100×100) single-cell empty model is reduced by ap-
proximately 11.26% compared to the multi-cell empty 
model. Additionally, reductions of about 22.96% and 
42.38% are observed for the (150×100) and (225×100) 
models, respectively. A summary of the maximum dis-
placement values for all models is provided in Fig. 23.

 

Fig. 21. Time-displacement relationships for concrete-filled columns. 
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Fig. 22. Time-displacement relationships for empty columns.

These results are logical, as global deformation is 
primarily influenced by the moment of inertia. When 
two columns have the same cross-sectional area, the 
single-cell column possesses a greater moment of iner-
tia than the multi-cell column. This is because, in single-
cell columns, the material is concentrated along the pe-
riphery, placing it farther from the section's center of 

gravity, thereby enhancing rigidity and reducing defor-
mation. 

As illustrated in Fig. 23, the concrete-filled single-cell 
model with dimensions 225×100 mm exhibits the low-
est maximum displacement of 4.689 mm, while the 
empty multi-cell model with dimensions 100×100 mm 
has the highest maximum displacement of 59.165 mm.

 

Fig. 23. Maximum displacements for all models.  
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5.2. Impact load capacity 

Fig. 24 summarizes and explains the maximum im-
pact forces for all models. The determination of maxi-
mum impact force provides a more precise correlation 
with absorbed energy. The figure indicates that the con-

crete-filled single-cell model with dimensions 225×100 
mm exhibits the highest impact force among all models. 
This highlights the superior impact resistance of con-
crete-filled models compared to empty ones, as well as 
the influence of model dimensions on the amount of im-
pact force that can be sustained.

 

Fig. 24. Maximum impact force for all models.

5.3. Energy absorption 

 When a structure is impacted by a moving object, the 
kinetic energy of the projectile is transformed into strain 
energy within the structure, which is partially dissipated 
through local plastic deformation and strain energy. En-
ergy-absorbing structures undergo significant defor-
mation to absorb the impact energy while maintaining 
their structural integrity. Yin et al. (2014, 2015) intro-
duced the concept of "crashworthiness indicators" to 
evaluate a structure's ability to absorb energy. These in-
dicators include energy absorption (EA), specific energy 
absorption (SEA), mean crushing force (MCF), and crash 
load efficiency (CLE). Energy absorption (EA) can be de-
fined in terms of the deflection of the structural element. 
According to ACI Committee 363, energy absorption is 
determined by the toughness of mid-span deflection 
(displacement). This is calculated as the total area under 
the load-deflection curve from the origin to the point of 
rupture, as expressed in Eq. (13). 

𝐸𝐴 = ∫ 𝐹(𝑥) 𝑑𝑥
𝑑

0
 (13) 

where d is the crushing displacement and F denotes the 
impact force. 

For all column models with dimensions 225×100 mm, 
the highest and lowest energy absorption values were 
recorded at 4214.972 J and 1204.036 J for the concrete-
filled single-cell and empty single-cell models, respec-
tively. The increased energy absorption in filled models 
can be attributed to the enhanced stiffness provided by 
the concrete filling, which helps distribute the impact 
force over a larger cross-sectional area. Across all model 
groups, the concrete-filled single-cell column exhibits 
the highest energy absorption, while the empty single-
cell model has the lowest. In multi-cell models, the en-
ergy absorbed by the empty multi-cell column is either 
greater than or nearly equal to that of the concrete-filled 
multi-cell column. This performance may be due to the 
presence of cross-steel webs, which contribute to stiff-
ness, reducing the impact of concrete filling on overall ri-
gidity. 

However, in models with dimensions 100×100 mm, 
the concrete-filled multi-cell model absorbs more en-
ergy than its empty counterpart. This is because, in 
these models, stiffness is nearly equal along both the 
horizontal and vertical axes, making the filled multi-cell 
model more rigid and better able to absorb impact en-
ergy. The energy absorption of all models is illustrated 
in Fig. 25.  
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Fig. 25. Energy absorption for all models.

5.4. Failure modes 

For all empty single-cell column models, the primary 
failure mode was local buckling. In contrast, in all con-
crete-filled column models, the presence of concrete sig-
nificantly reduced the effects of local buckling. A similar 
effect was observed in empty multi-cell column models, 
where the presence of cross-steel webs helped mitigate 

local buckling. Fig. 26 illustrates the local buckling fail-
ure of empty single-cell column models with various di-
mensions under impact loading. Figs. 27 and 28 depict 
the global deformation of both single and multi-cell mod-
els, including concrete-filled and empty multi-cell col-
umns, under impact loading. These figures clearly high-
light the differences in local buckling behavior between 
empty and concrete-filled column models.

      

                               (a) 100×100 mm empty single-cell model                     (b) 150×100 mm empty single-cell model 

 
(c) 225×100 mm empty single-cell model 

Fig. 26. Local buckling effects for empty single-cell models after impact load. 
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       (a) 100×100 mm filled single-cell model                   (b) 100×100 mm filled multi-cell model 

      

       (c) 150×100 mm filled single-cell model                   (d) 150×100 mm filled multi-cell model 

      

        (e) 225×100 mm filled single-cell model                      (f) 225×100 mm filled multi-cell model 

Fig. 27. Global deformations for concrete-filled single- and multi-cell models after impact load.

5.5. Rectangularity ratio effect 

The rectangularity ratio, R, is the ratio of the height to 
the width of the section, which is one of the most im-
portant factors that have been considered in the current 
study. The effects of rectangularity ratio on both force - 
displacement and absorbed energy are presented in Figs. 
29‒31.  

Fig. 29 illustrates the effect of R on maximum impact 
force which can be noted that max-impact force in-
creases with increasing R. The increasing percentage has 
reached 257% when the R ratio was increased by 2.25% 
in case of filled single-cell model. In all models, there is a 
marked increase in maximum impact force with increas-
ing R. Fig. 30 illustrates effect of R on maximum mid-

point displacement which decreases with increasing of 
R. For example, empty multi-cell model recorded maxi-
mum mid-point displacement of 59.165 mm when R 
equals to 1 and recorded 18.092 mm when R equals to 
2.25 with decreasing percentage of 69.42%. In all mod-
els, there is a marked decrease in maximum mid-point 
displacement with increasing R. Fig. 31 illustrates effect 
of R on energy absorbed which shows a difference in the 
effect of R on the amount of energy absorbed which de-
creases when the ratio reaches 1.50 and then increase 
when the ratio reaches 2.25 in case of filled single-cell. 
But in case of empty single-cell, increasing R leads to de-
ceasing in amount of energy absorbed by model which 
may be because dissipation of energy in local buckling 
under falling impactor.  
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             (a) 100×100 mm empty multi-cell model                   (b) 150×100 mm empty multi-cell model 

 

(c) 225×100 mm empty multi-cell model 

Fig. 28. Global deformations for empty multi-cell models after impact load. 

      

(a) Single-cell models     (b) Multi-cell models 

Fig. 29. Effect of rectangularity ratio on maximum impact force. 

      

(a) Single-cell models     (b) Multi-cell models 

Fig. 30. Effect of rectangularity ratio on maximum mid-point displacement. 
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(a) Single-cell models (b) Multi-cell models 

Fig. 31. Effect of rectangularity ratio on energy absorption.

6. Conclusions

This study examined the behavior of single and multi-
cell steel columns, both with and without concrete filling, 
and analyzed the effect of section dimensions (rectangu-
larity ratio) on their performance. 

Based on the experimental and modeling results, the 
following conclusions were drawn: 
 For all models, single-cell columns exhibited lower

displacement values compared to multi-cell columns.
This can be attributed to the influence of the moment
of inertia on global deformations. Given the same
cross-sectional area, a single-cell column has a greater
moment of inertia than a multi-cell column, as its ma-
terial is distributed along the periphery, placing it far-
ther from the section's center of gravity.

 The internal division of a column into multiple cells
significantly reduced local buckling under impact by
increasing the section’s local stiffness. A similar stiff-
ening effect was observed with concrete filling.

 For empty models, multi-cell columns absorbed more
energy than single-cell columns, indicating that the
impactor’s kinetic energy was effectively converted
into strain energy within the column, which was dis-
sipated through local plastic deformation. However,
concrete-filled models did not follow this trend, as
concrete, unlike steel, is a brittle material that lacks
the ability to undergo large deformation to absorb im-
pact energy without compromising its structural in-
tegrity.

 The rectangularity ratio (R) had a significant effect on
impact force and mid-point displacement. An increase
of 2.25% in R resulted in an increase of 257% in im-
pact force and a reduction of 69.42% in mid-point dis-
placement.

 For empty single-cell columns, an increase in R led to
a decrease in energy absorption. This may be due to
energy dissipation through local buckling under the
falling impactor.
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