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1|Introduction    

An innovative high-performance concrete called Self-Compacting Concrete (SCC) can fill the formwork 

evenly without external vibrations and compact and flow under its weight without big components migrating 
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Abstract 

The study focuses on predicting the 28-day compressive strength of ordinary concrete based on 7-day strength using Artificial 

Neural Networks (ANNs). As a critical material in construction, accurately forecasting concrete’s compressive strength is essential 

for effective planning and quality control. Traditional methods, including linear regression, have limitations in capturing the 

nonlinear relationships between mix variables and resulting strength. By utilizing ANNs, which excel in identifying complex 

patterns, this research proposes a reliable model for compressive strength prediction. Experiments involved testing twelve 

concrete mix designs with a fixed 10% micro-silica replacement for cement. Each sample’s slump (workability) and compressive 

strength at 7 and 28 days were recorded, with data processed for ANN. The model achieved high accuracy, with a correlation 

coefficient (R) 0.99 between predicted and actual 28-day strength values. Micro-silica enhanced early and long-term strength, with 

mixes achieving up to 44.5 MPa at 28 days. Linear regression analysis also yielded robust predictions (R²=0.958), underscoring 

the viability of statistical methods alongside ANNs. The ANN model enables early strength estimation, assisting construction 

decision-making and optimizing resource use. The findings support ANN and micro-silica integration for robust, high-

performance concrete. This approach aligns with advancements in AI-driven construction practices, offering a practical tool for 

early-stage strength prediction and quality assurance in concrete applications.  

Keywords: Artificial neural networks, Compressive strength, Concrete mix design, Micro-silica addition, Strength prediction 

model, Construction quality control. 
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  or separating, even when reinforced with a lot of material [1], [2]. Researchers have described SCC as a 

concrete that meets the parameters for flowability, passing ability, and segregation resistance [3], [4]. Further 

development of SCC has been achieved over the last 20 years using a range of Supplementary Cementitious 

Materials (SCMs), such as Fly Ash (FA) [5] and Silica Fume (SF) [6]. Several SCMs may substantially affect 

the fresh and hardened phases of concrete [6]. Particle size is comparable to or smaller than that of Portland 

Cement (PC), and all SCMs are pozzolanic, meaning involvement in hydration processes occurs. Reactive 

silica (SiO2) Pozzolans are not very useful as a cementitious agent when used alone. The cement composite 

may synergistically overcome the difficulties of employing a single mineral addition using a secondary mineral 

admixture. A mixture of low-reactive and high-reactive pozzolan is often employed in ternary blended cement 

concretes to enhance rheological characteristics, pore structure, sulfate and chloride ion infiltration resistance, 

and high early age strength [7], [8]. Furthermore, nanoparticle incorporation helps improve micropore 

architecture. Substituting additives for some of the cement in concrete has several benefits, including reducing 

the material's permeability, increasing its corrosion resistance, and strengthening it in both bending and 

compressive tests. The pozzolanic interaction between these particles and Ca (OH)₂ in cement and their tiny 

particle size and high-water absorption capacity (a consequence of their dry surface saturation) contribute to 

these advantages. The effects of nano-silica on microstructures and hydration in concrete specimens were 

studied by Wang et al. [9], who demonstrated that these materials improve hydration, microscopic 

morphology, and compressive strength. According to research by Assaedi et al. [10], calcium silicate gel and 

hydrated calcium aluminosilicate are crucial for improving microstructure and enhancing compressive 

strength when combining nano-silica with concrete. According to Louis's research [11], silica sand increases 

compressive strength. In addition, Abd El-Baky et al. [12] found that the specimens' compressive strength 

increased by 55.7% and their bending strength by 46.9% when silica sand was used in place of some cement. 

However, this method reduced the concrete paste's workability. Various factors, including the chemical 

composition of the sand, particle size, mixing conditions, specimen age, and type of cement, determine the 

optimal percentage of silica sand in the concrete mix design. For instance, according to research by Chaudhary 

et al. [13], the maximum compressive and tensile strengths could be achieved with 6% and 3% silica sand, 

respectively. However, using up to 15% of silica sand instead of cement is permissible. Several sectors have 

seen a dramatic increase in productivity and innovation due to merging AI with manufacturing, which has 

also rethought the assumptions behind more conventional methods [14–17]. With the help of Artificial 

Intelligence (AI), some sectors have rethought their capabilities. When it comes to optimizing productivity, 

minimizing mistakes, and ensuring uniform quality throughout the whole manufacturing process with AI, the 

mechanical sector has seen tremendous progress thanks to complete end-to-end automation [18]. Due to its 

many complicated obstacles, the building sector cannot innovate [19]. In terms of innovation and output, the 

construction industry is far behind other sectors [20–22]. For decades, it has stuck to tried-and-true building 

methods [23]. Because this sector accounts for 12% of the world GDP, it is critical to invest in R&D, new 

ideas, and real-world applications [24]. Much research is happening in the construction business, but much 

of it is focused on improving materials, optimizing designs, studying structural behavior, etc. [25]. Even 

though there are many new types of concrete on the market that aim to solve specific problems, the 

construction industry as a whole continues to face issues like post-construction waste [26], insufficient 

sustainability [27] and flexibility [28], lengthy construction times [29], and expensive materials [30]. More 

automated and optimal ways must be used in the building processes [31] Chui, 2019 #6044}. By offering a 

solution to the problems listed above, additive manufacturing has started a new era in the building sector [32]. 

Artificial Neural Networks (ANNs) are particularly well-suited for predicting the compressive strength of 

concrete due to their capability to model complex, nonlinear relationships among multiple variables without 

the need for predefined equations. Unlike traditional regression methods, ANNs can process large datasets 

and identify hidden patterns essential for accurate predictions in systems with intricate, interdependent 

factors, such as the components of concrete mix designs. This study introduces the novel approach of using 

micro-silica, a highly reactive pozzolan, as a variable within the ANN model. Including micro-silica improves 

the model’s predictive capability and provides insights into its effects on strength development. This approach 

allows the ANN to capture both the nonlinear behavior of the concrete and the added benefits of micro-



Optimizing concrete compressive strength prediction: Artificial neural networks applied to ... 

 

262

 

  silica, leading to a more precise estimation of long-term compressive strength based on early-age data. 

Concrete is one of the most critical and widely used construction materials worldwide, playing a vital role in 

infrastructure and urban development. Its extensive use underscores the importance of accurately predicting 

its performance, particularly its compressive strength, a key indicator of quality and durability. Traditional 

methods for predicting concrete strength, such as linear and nonlinear regression, often struggle with the 

complex, nonlinear interactions within concrete’s composition. Recent advancements in AI, specifically 

neural networks, have introduced new possibilities for modeling these intricate relationships. Neural 

networks, which mimic the structure of the human brain, consist of interconnected neurons that work 

together to process inputs and yield precise predictions for complex systems. This study leverages neural 

networks to predict the 28-day compressive strength of concrete based on 7-day strength measurements and 

mix design variables, including micro-silica addition, to improve accuracy in early-stage construction planning 

and quality control. This study aims to develop a neural network model capable of reliably forecasting 28-day 

compressive strength using early-age data and mix components, allowing construction projects to optimize 

resources and ensure safety. The research involves experimental testing on 12 concrete mix designs, each with 

a 10% replacement of cement by micro-silica, and records both slump and compressive strength at 7 and 28 

days. Statistical analysis using SPSS and neural network modeling via MATLAB's neural net fitting toolbox 

will facilitate the validation of the model’s accuracy. By comparing the neural network's predictions with actual 

experimental results, this study aims to assess the effectiveness of neural networks as a practical tool in 

concrete strength prediction, paving the way for their integration into construction industry practices for 

enhanced efficiency and reliability. 

2|Methodology 

2.1|Materials 

This section describes the core materials used in the concrete mix and their contributions to compressive 

strength, which is essential for understanding the experimental process and interpreting the results [33]. 

Concrete primarily consists of cement, water, aggregates, and additives, each contributing uniquely to its final 

properties. Cement serves as the binding material, holding aggregates together and giving the concrete its 

stone-like rigidity. In this study, hydraulic cement, specifically PC, is used due to its high reactivity with water 

and compatibility with structural concrete applications. The primary chemical constituents of cement include 

lime (CaO), silica (SiO₂), alumina (Al₂O₃), iron oxide (Fe₂O₃), magnesium oxide (MgO), sulfur trioxide 

(SO₃), and alkalis. These compounds play distinct roles: tricalcium silicate (C₃S) and dicalcium silicate (C₂S) 

are crucial for strength development. C₃S reacts quickly with water, providing early strength and generating 

significant heat, whereas C₂S reacts more slowly, contributing to long-term strength. This balance of 

compounds helps achieve both early and sustained compressive strength, with considerations for sulfate 

resistance provided by specific chemical adjustments in the cement [34]. Water is another critical component, 

initiating the hydration process that binds cement particles to form the hardened concrete matrix. Water 

quality significantly impacts the final concrete strength; hence, only water free from harmful impurities (such 

as excess chlorides, sulfates, and organic matter) is used at acceptable pH levels ranging between 6 and 8 for 

concrete water to avoid interference with the hydration reaction. Ensuring clean, impurity-free water prevents 

issues such as delayed setting times, reduced compressive strength, and corrosion of reinforcing steel within 

the concrete. Aggregates, both coarse and fine, are essential for concrete’s structural integrity and strength. 

Coarse aggregates, generally gravel, provide bulk and stability, while fine aggregates, such as sand, fill voids 

within the mix, contributing to density and durability. The aggregates used in this study are selected based on 

shape (preferably rounded or angular), cleanliness, and grading, which influences the workability and strength 

of the final mix. Proper gradation ensures a dense packing of particles, minimizing voids and thereby 

enhancing the concrete’s compressive strength and overall performance. Additives, specifically SCMs like 

micro-silica, are incorporated to improve the concrete’s performance. Micro-silica, a fine pozzolanic material, 

reacts with calcium hydroxide in the mix to produce additional Calcium Silicate Hydrate (C-S-H), which 

strengthens the microstructure of the concrete. This addition enhances compressive strength and improves 
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  durability by making the concrete less permeable and more resistant to chemical attacks. Through improved 

density and microstructure, micro-silica contributes significantly to the durability and long-term strength of 

the concrete, making it suitable for high-performance applications [34], [35]. 

2.2|Experimental Procedure 

The concrete mixes in this study were specifically designed by adjusting the proportions of cement, water, 

coarse and fine aggregates, and micro-silica to study their effect on compressive strength. Each mix 

incorporated a fixed cement replacement by micro-silica, typically at 10% of the total cement weight, 

enhancing the concrete's density and overall strength. The remaining cement content constituted 

approximately 90% of the binder material. Water-to-cement ratios were carefully controlled to optimize 

workability and hydration, with values typically ranging from 0.4 to 0.5, ensuring sufficient flow while 

promoting adequate strength development. Coarse and fine aggregates were incorporated to make up around 

60-70% of the concrete volume, achieving the necessary bulk and density [36]. The fresh concrete was poured 

into 15 × 15 ×15 cm cubic molds and compacted to remove air voids that might reduce strength. After 

casting, samples were demolded and cured in water to ensure consistent hydration across all tests. The curing 

process was standardized to promote uniform strength gain, which is essential for accurately comparing 

results. In preparing the concrete samples, the cement, water, aggregates, and micro-silica materials were 

precisely measured and mixed according to the specified design ratios. Once the mix was thoroughly blended 

to achieve a homogeneous consistency, and poured into 15x15x15 cm cubic molds. Care was taken to 

compact the fresh concrete within each mold, essential for eliminating trapped air that could weaken the 

structure. Compaction was achieved through manual or mechanical vibration to ensure a dense, uniform 

sample without internal voids, which is crucial for accurate compressive strength testing [37]. After casting, 

the samples were allowed to set in the molds for 24 hours under controlled conditions. After de-molding, the 

cubes were transferred to a water-curing tank, where full submersion and curing at a constant temperature 

were applied to promote consistent hydration and strength development. Water curing is critical in concrete 

preparation, as it maintains the moisture necessary for the hydration reaction of cement, preventing surface 

drying and ensuring uniform strength development throughout each sample. Curing was carried out according 

to standardized conditions, ensuring that all samples reached the specified testing ages—7 and 28 days—

under comparable conditions, thus providing reliable and consistent results across all tests. Fig. 1 illustrates 

the step-by-step process involved in the preparation and testing of concrete, showcasing each stage from 

mixing to final assessment. 

Fig. 1. Concrete preparation and testing process flow. 

 

2.3|Compressive Strength Test 

The slump test is a standardized procedure performed according to ASTM C143 or EN 12350-2 [38] to 

evaluate the workability and consistency of fresh concrete. This test ensures that the mix achieves the desired 

flowability, which is essential for proper placement and compaction, especially in situations with dense 
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  reinforcement or complex formwork. Workability is a critical factor in concrete performance, influencing its 

ease of handling, transportation, and final structural quality [36]. Several materials and tools are required to 

perform the slump test. An Abrams cone is used as the primary mold; this is a truncated metal cone with a 

height of 30 cm, a bottom diameter of 20 cm, and a top diameter of 10 cm. The cone is placed on a flat, non-

absorbent base plate to prevent moisture loss and provide stability during the test. A tamping rod, typically 

made of metal with a diameter of 16 mm and a length of 60 cm, is used to compact the concrete in each layer. 

After removing the cone, a measuring scale is also needed to record the slump measurement. The procedure 

begins by placing the Abrams cone firmly on the base plate. The cone is filled with fresh concrete in three 

equal layers to ensure consistent density and avoid the formation of air pockets. The first layer fills one-third 

of the cone’s height and is compacted 25 times with the tamping rod. Each tamp is evenly distributed across 

the layer to ensure uniformity. The second layer is added, filling up to two-thirds of the cone, and is tamped 

25 times, with the rod penetrating slightly into the previous layer to improve the bond between layers. The 

third and final layer fills the cone to the top, and it is tamped 25 times, with the excess concrete struck off 

level with the cone’s rim to ensure a flat surface [37]. After filling and leveling, the cone is carefully lifted 

vertically to allow the concrete to slump naturally under its weight. This step requires precision, as the cone 

must be lifted slowly and without any lateral or twisting motion to avoid disturbing the concrete’s shape. 

Once the cone is removed, the distance between the cone's original height and the slumped concrete's highest 

point is measured with a scale. This measurement, known as the slump, indicates the mix’s workability.  The 

slump measurement is recorded in millimeters, and different slump ranges provide insights into the 

workability and potential applications of the concrete mix. A low slump (0-25 mm) indicates a stiff, low-

workability mix suitable for pavements or mass concrete applications where flowability is less critical. A 

medium slump (50-100 mm) suggests a general-purpose mix suitable for most structural applications, while a 

high slump (100-175 mm) indicates a highly workable mix that is ideal for areas with dense reinforcement or 

intricate shapes, where ease of placement is crucial [39].  While the slump test does not require a specific 

calculation Eq, interpreting the results according to industry standards is essential. The targeted slump value 

must align with the mix design to ensure the concrete is workable yet dense enough to achieve the desired 

strength and durability. This controlled workability assessment allows adjustments if needed, ensuring the 

concrete mix is suitable for the intended application. 

2.4|Data Collection and Preparation 

Data collection in this study involved recording measurements from the slump and compressive strength test, 

which provided essential input parameters for the ANN model. Each concrete sample’s slump was measured 

immediately after mixing to assess workability, while compressive strength data was collected at 7 and 28 days. 

These data points were critical, representing the concrete’s early and standard strengths and enabling the 

ANN model to learn the relationship between initial mix properties and final strength outcomes [39]. Once 

collected, the raw data was cleaned to ensure accuracy and consistency. Data cleaning involved identifying 

and correcting any measurement errors or inconsistencies, such as outliers or incomplete data points, which 

could skew the ANN’s predictions. This step also included verifying that all samples followed the same testing 

protocols, ensuring uniformity across the dataset. Normalization was performed to prepare the data for input 

into the ANN. Normalization scales the data to a standard range, typically between 0 and 1 or -1 and 1, 

depending on the model requirements. This step is crucial because it ensures that each variable contributes 

proportionately to the ANN model, preventing any feature (such as compressive strength) from dominating 

due to a larger numerical scale. In addition to normalization, transformation techniques were applied where 

necessary to improve data distribution and enhance the model's learning efficiency. For instance, data 

transformations, such as log or square root transformations, were applied to non-linear data distributions to 

make them more linear, improving the ANN’s predictive accuracy [40]. This cleaned, normalized, and 

transformed dataset was fed into the ANN model. By preparing the data in this structured manner, the ANN 

could accurately interpret the input variables, allowing it to predict the 28-day compressive strength based on 

the mix design and early-age strength results with high precision. 
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2.5|Artificial Neural Network Model 

ANNs are computational models inspired by the brain's structure, allowing advanced machine learning, 

knowledge representation, and predictive modeling in complex systems. In ANNs, multiple interconnected 

neurons simulate the processing abilities of the human brain, making these networks well-suited for tasks like 

pattern recognition, classification, and function approximation [41]. ANNs consist of three main layers: Input 

layer: Receives raw data inputs. Hidden layers: Process inputs through weighted connections, determining the 

network's learning power. Output layer: Provides the network’s final output based on learned patterns in the 

data. The neurons in each layer are connected via weights, which adjust during training to minimize prediction 

errors. The primary aim of training is to optimize these weights, enabling the network to approximate complex 

functions. 

2.5.1|Mathematical model of neurons 

Each neuron computes its output by applying an activation function to the weighted sum of its inputs plus a 

bias term. The basic equations governing this process are 

where  W represents the weight matrix,  P is the input vector,  b is the bias,  f(n) is the activation function 

applied to the sum n.  The activation function can vary based on the application, with commonly used 

functions being the sigmoid, hyperbolic tangent (tanh), and Rectified Linear Unit (ReLU) functions [42]. For 

example, the sigmoid function is defined as 

The hyperbolic tangent functions as 

These functions introduce non-linearity, enabling the network to model complex relationships. 

2.5.2|Types of neural networks 

Single-layer perceptron solve linearly separable problems using binary output values. The sign of the weighted 

input sum determines the output. Multi-Layer Perceptron (MLP) extend this by using multiple layers, enabling 

them to model non-linear relationships. MLP with a Backpropagation network includes hidden layers, 

allowing for complex function approximation. The backpropagation algorithm adjusts weights to minimize 

error by calculating the gradient of the error function concerning each weight. For backpropagation, the error 

at each output neuron is 

where tn is the target output, and an is the actual output. The overall network error can be defined as [43] 

The weight updates during training follow. 

where α is the learning rate, controlling the adjustment magnitude at each step. 

3. Radial Basis Function (RBF) Networks: In RBF networks, hidden neurons use a Gaussian activation 

n = W ⋅ P + b
aout = f(n)

, (1) 

fsig(n) =
1

1 + e−n
. (2) 

ftanh(n) =
en − e−n

en + e−n
. (3) 

en = tn − an, (4) 

F(K) = ∑  

n

j=1

ej
2. (5) 

Wn(K + 1) = Wn(K) − α ⋅ ΔWn(K), (6) 
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  function, focusing on localized input patterns. This is useful in classification and clustering tasks where inputs 

are mapped to outputs based on proximity in feature space, with the Gaussian function 

where μ represents the center of the function, and γ controls the spread, the training process in ANNs aims 

to minimize the difference between predicted and actual outputs by adjusting weights through 

backpropagation. This algorithm calculates gradients at each layer, propagating the error backward to optimize 

the weights. Training can occur via batch learning, where weights update after the entire dataset is processed, 

or online learning, which adjusts weights after each example, enabling dynamic learning but with increased 

adjustment variance. The error minimization process in ANN training involves calculating the network's 

prediction error, which is the difference between the network's output and the target output. This error is 

quantified using the Eq F(K) = ∑j=1
n  ej

2, where F(K) represents the total error at iteration K, and ej is the 

individual error at each output node j. By summing the squared differences across all output nodes, this 

function provides a clear metric to evaluate how close the network's predictions are to the desired values. 

Minimizing this error function is a core objective in training, as it directly impacts the network's accuracy and 

effectiveness in generalizing patterns within the data [43], [44]. The gradient calculation in backpropagation 

is a critical component of the training process, where gradients are computed for each weight to adjust them 

in the direction that reduces the error. Precisely, the gradient of the error function for each weight is calculated 

in a series of steps. First, the error gradient is determined at the output layer and propagated backward through 

the network to update weights at each preceding layer. For each layer, the weight adjustments are proportional 

to the partial derivative of the error with respect to each weight, allowing the algorithm to correct the weights 

to minimize the overall error. By repeating this process across multiple iterations, backpropagation refines 

the network's internal parameters for improved predictive accuracy. Finally, the training process iterates 

through this cycle of forward passes, error calculation, and backpropagation until a predefined convergence 

criterion or an acceptable error threshold is reached. Convergence is achieved when successive iterations 

result in minimal changes to the error function, indicating that the network has reached an optimal or near-

optimal configuration of weights. This convergence criterion ensures that the model has sufficiently learned 

the data patterns without overfitting, allowing it to generalize effectively on new, unseen data. The training 

process balances accuracy with efficiency by setting appropriate convergence thresholds, producing a well-

trained neural network capable of reliable predictions. Table 1 illustrates the physical characteristics of the 

cement consumed, providing a comparative overview of key parameters. Table 2 illustrates the specifications 

of the super-lubricant used in the study, detailing its key physical and chemical properties. Table 3 illustrates 

the various designs created during this study, providing a detailed comparison of their structural and 

functional aspects. Table 4 illustrates important ratios in fabricated designs, showcasing critical metrics used 

to evaluate the balance and functionality of design structures. Fig. 2 illustrates the structure of a neural network 

neuron model, detailing the input through dendrites, weighted summation in the cell body, activation function 

application, and output via the axon. Fig. 3 illustrates the structure of a neural network model, including 

inputs, weights, summation through a transfer function, an activation function, and the resulting output. 

Table 1. Physical characteristics of cement consumed. 

 

 

 

Table 2. Specifications of the super-lubricant used. 

 

 

fRBF(x) = e−γ∥x−μ∥2
, (7) 

Cement 
Type 

Specific Gravity 
(gr/cm³) 

Special Surface 
(cm²/gr) 

Primary Grip 
(min) 

Final Grip 
(min) 

Expansion (%) 

Caspian 3.15 3255 130 192 0.36 

Specification Details 

Chemical composition Modified poly acid copolymers 

Ionic nature Anionic 

Color Dark green 
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  Table 2. Continued. 

 

 

 

 

 

Table 3. Designs made in this study. 

 

 

Table 4. Important ratios in fabricated designs. 

Specification Details 

Physical condition Liquid 

pH 7 ± 1 

Specific gravity 1.1 ± 0.02 at 20 °C 

Chloride (PPM) Up to 500 

Row Plan 
Name 

Cement 
(Kg/m³) 

Pose and 
Velan Type 

Pose Wolan 
(Kg/m³) 

Gravel 
(Kg/m³) 

Sand 
(Kg/m³) 

Water 
(Kg/m³) 

Sp w/c s/c 

1 C250 250 --- 0 1290 898 100 0.3 0.4 0.1 

2 C300 300 --- 0 1225 849 120 0.3 0.4 0.1 

3 C350 350 --- 0 1179 820 140 0.3 0.4 0.1 

4 C400 400 --- 0 1130 780 160 0.3 0.4 0.1 

5 C450 450 --- 0 1090 762 180 0.3 0.4 0.1 

6 C500 500 --- 0 1040 675 200 0.3 0.4 0.1 

7 C250S 225 Micro Silica 25 1290 898 100 0.3 0.4 0.1 

8 C300S 270 Micro Silica 30 1225 849 120 0.3 0.4 0.1 

9 C350S 315 Micro Silica 35 1179 820 140 0.3 0.4 0.1 

10 C400S 360 Micro Silica 40 1130 780 160 0.3 0.4 0.1 

11 C450S 405 Micro Silica 45 1090 762 180 0.3 0.4 0.1 

12 C500S 450 Micro Silica 50 1040 675 200 0.3 0.4 0.1 

Row Plan Name Lubricant (%) Water-to-Powder Ratio Ratio of Wolan Pose to Cement (Weight %) 

1 C250 0.3 0.4 10 

2 C300 0.3 0.4 10 

3 C350 0.3 0.4 10 

4 C400 0.3 0.4 10 

5 C450 0.3 0.4 10 

6 C500 0.3 0.4 10 

7 C250S 0.3 0.4 10 

8 C300S 0.3 0.4 10 

9 C350S 0.3 0.4 10 

10 C400S 0.3 0.4 10 

11 C450S 0.3 0.4 10 

12 C500S 0.3 0.4 10 
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Fig. 2. Diagram of a neural network neuron model, illustrating inputs through dendrites, weighted 

summation in the cell body, application of an activation function, and output through the axon. 

 

Fig. 3. Neural network model inputs, weights, summation through a transfer 

function, activation function, and resulting output. 

 

3|Results and Discussion    

3.1|Objectives and Test Overview 

This section outlines the primary objectives and tests conducted in the experimental analysis of the 12 

concrete mix designs. The aim was to examine how varying cement content and micro-silica addition 

influence concrete's workability and compressive strength [45]. The first objective involved evaluating 

workability through slump tests. The slump test was employed to assess the workability of each mix design. 

Workability indicates the ease with which concrete can be mixed, placed, and finished, which is vital for 

ensuring quality and uniformity in construction. By performing slump tests on each mix, the study examined 

how cement and micro-silica content changes affect the concrete's fluidity and consistency. This assessment 

was crucial for determining whether higher cement grades or adjustments with micro-silica enhance or reduce 

the workability of concrete. The second objective assessed strength via compressive strength tests conducted 

at 7 and 28 days. Compressive strength tests were performed on concrete samples at both 7 and 28 days to 

evaluate each mix's structural strength. The 7-day test measured early-age strength, which is significant for 

projects requiring rapid formwork removal or early load application. The 28-day test, on the other hand, 

measured long-term strength, which is critical for understanding the concrete’s ultimate load-bearing capacity. 

These tests allowed for an evaluation of the impact of different cement grades and the inclusion of micro-

silica on both short-term and long-term strength, providing insights into the durability and suitability of each 

mix design for various structural applications. This study used river sand as the fine aggregate in the concrete 

mixes. Initial tests indicated that the sand did not fall within the permissible particle size distribution range 

according to standard requirements. All sand was sieved through sieve no. 4 to address this, and a granulation 
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  test was conducted to ensure appropriate grading. The sand had a diameter range of 0.4-75 mm, a specific 

gravity of 2700 kg/m³ in a saturated state with a dry surface, and a 24-hour water absorption rate of 1.5%.  

3.2|Workability Results (Slump Test) 

The slump test results offer valuable insights into the workability and fluidity of the twelve distinct concrete 

mixes, highlighting how variations in cement content and micro-silica addition influence these properties. 

Workability, assessed through slump values, reflects the ease of placing, compacting, and finishing each mix, 

which is crucial for construction applications requiring specific flow and placement characteristics [33]. The 

results in Table 5 reveal that mixes with higher cement content achieved the highest slump values. For instance, 

mix C500 and mix C500S, both with 500 kg/m³ of cement, exhibited slump values of 10 cm, indicating a high 

degree of workability. Similarly, C450 and C450S, with slightly reduced cement content at 450 kg/m³, also 

showed high slump values of 10 cm and 9 cm, respectively. As cement content decreases, a trend emerges 

where slump values proportionally decline. For example, the C400 and C400S mixes, each containing 400 

kg/m³ of cement, displayed slump values of 9 cm and 7.5 cm. This apparent relationship between increased 

cement content and greater slump values is likely due to the enhanced paste volume, which improves the 

concrete's fluidity, making it easier to work with and suitable for placements requiring high workability. The 

addition of micro-silica also has a measurable impact on the slump, though this effect is marginal. Comparing 

corresponding mixes with and without micro-silica illustrates this influence. For example, while C500 without 

micro-silica achieved a 10 cm slump, adding micro-silica in C500S slightly reduced the slump to 10 cm. 

Similarly, for C400, the slump value was 9 cm without micro-silica, dropping to 7.5 cm when micro-silica was 

added in C400S. This slight reduction is attributed to micro-silica's high surface area and capacity to absorb 

free water within the mix, lowering the available water for flow and slightly decreasing the workability. Other 

mixes, such as C300 and C300S, demonstrated similar behavior with slump values of 7 cm for C300 and 6 

cm for C300S. These results underscore a critical balance between workability and the benefits of micro-silica 

in enhancing strength. While higher cement content reliably improves workability, enhancing the ease of 

placement and finishing, micro-silica additions provide beneficial strength gains despite their slight impact on 

slump reduction. The trade-off between workability and strength must be carefully managed in applications 

where both attributes are essential, as the slump values and strength characteristics in subsequent sections 

provide a complete picture for selecting concrete mixtures tailored to specific structural requirements. Fig. 4 

illustrates the particle size distribution of sand, showing the percentage passing through a sieve for two sand 

samples labeled "Rin" and "BII." The curve for "Rin" (blue) consistently shows a higher percentage passing 

at each particle size, indicating a finer particle distribution compared to "BII" (orange). Both distributions 

approach 100% passing as particle size increases to 10 mm, with "Rin" achieving near-complete passing at 

smaller particle sizes than "BII." This difference suggests variations in gradation, which could impact the 

concrete mix's workability and strength characteristics. Fig. 5 displays the heights (in cm) of various designs 

labeled from C300 to C500S. The highest values, at 10 cm, appear in designs C450, C500, and C500S, while 

the lowest heights, at 6 cm, are found in designs C250S and C300S. Other designs range between 6.5 and 9 

cm, with C400S reaching 9 cm and several designs like C300, C350, and C450S falling between 7 and 7.5 cm. 

This indicates a notable variation in height across different designs. 
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Fig. 4. Graining of the sand used. 

 

Table 5. Results of the slump experiment of 12 fabricated designs. 

 

 

 

 

 

 

 

 

 

 

Fig. 5. The results of the slum test for all the designs made. 

 

 

 

Row Plan Name Slump (cm) 

1 C250 6.5 

2 C300 7 

3 C350 7.5 

4 C400 9 

5 C450 10 

6 C500 10 

7 C250S 6 

8 C300S 6 

9 C350S 7 

10 C400S 7.5 

11 C450S 9 

12 C500S 10 
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3.3|Compressive Strength Results 

The compressive strength test results, as presented in Table 6, provide valuable insights into the load-bearing 

capacity and mechanical performance of each concrete mix at both 7 days and 28 days. Evaluating 

compressive strength at these stages allows us to understand how cement content and micro-silica additions 

affect the concrete’s development over time, which is essential for determining the structural suitability of 

each mix. 

3.3.1|Compressive strength at 7 days 

The 7-day compressive strength results highlight that mixes with higher cement content consistently exhibit 

increased early-age strength. For instance, concrete mixes with 500 kg/m³ of cement, such as C500 and 

C500S, achieved strengths of 30 MPa and 33 MPa, respectively. Similarly, mixes containing 450 kg/m³ of 

cement, like C450 and C450S, attained 29 MPa and 31 MPa compressive strengths. These observations 

suggest a strong correlation between cement content and early strength, with higher cement mixes 

demonstrating superior early-age performance, likely due to the increased hydration activity provided by the 

more significant amount of cementitious material. Additionally, the results reveal that micro-silica inclusion 

positively influences the early compressive strength. Mixes with micro-silica, such as C500S and C450S, 

generally displayed slightly higher 7-day strength values than those without micro-silica. For example, C500S 

reached 33 MPa compared to 30 MPa in C500, while C450S recorded 31 MPa against 29 MPa in C450. This 

trend is attributed to the fine particle size and pozzolanic reactivity of micro-silica, which enhances particle 

packing and fills micro-pores within the concrete matrix. By participating in the pozzolanic reaction, micro-

silica reacts with calcium hydroxide, creating additional C-S-H that strengthens the concrete’s microstructure 

even at early ages. The 7-day compressive strength results confirm that higher cement content significantly 

impacts early strength development, with mixes containing more cement achieving more incredible strengths. 

This finding is particularly beneficial for applications that require early demolding or the early application of 

loads, as higher cement content accelerates the concrete's strength gain. Additionally, the modest increase in 

early strength observed in mixes with micro-silica suggests that micro-silica can enhance early-age 

performance. Micro-silica’s ultrafine particles fill voids and improve the packing density within the concrete 

matrix. At the same time, its reactivity contributes to early strength by forming additional C-S-H gel. These 

results underscore the advantages of optimizing cement content and micro-silica in concrete mix designs. 

Structural applications that prioritize early strength, including micro-silica and higher cement content, offer a 

viable approach to achieving the necessary mechanical properties. This approach ensures that concrete meets 

strength requirements promptly, supporting efficient construction schedules without compromising the 

workability and overall performance of the mix. 

3.3.2|Compressive strength at 28 days 

The 28-day compressive strength results, as presented in Table 6, provide comprehensive data on the long-

term mechanical performance of each concrete mix, highlighting the benefits of both high cement content 

and micro-silica addition in enhancing the concrete’s structural integrity. The 28-day compressive strength 

measurements demonstrate a consistent strength gain across all mixes, with mixes incorporating micro-silica, 

such as C500S and C450S, achieving the highest compressive strengths. For example, C500S reached a 

compressive strength of 44.5 MPa, while C450S recorded 42 MPa. This trend suggests that micro-silica 

contributes to significant strength enhancement over time. Moreover, a clear linear relationship is observed 

between cement content and 28-day strength, with higher cement levels consistently leading to greater 

compressive strength. Mixes with higher cement content, like C500 and C500S, achieved compressive 

strengths of 40 MPa and 44.5 MPa, respectively, while mixes with lower cement content, such as C250 and 

C250S, showed lower strengths at 23 MPa and 26 MPa. The 28-day compressive strength results confirm the 

advantageous effects of micro-silica in enhancing long-term concrete strength, especially when combined 

with higher cement content. Due to its fine particle size and pozzolanic reactivity, micro-silica undergoes a 

secondary reaction with the calcium hydroxide produced during cement hydration. This reaction generates 
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  additional C-S-H, a key component in strengthening the concrete matrix. This process increases compressive 

strength and reduces porosity by filling voids within the concrete structure, thereby improving the overall 

durability and impermeability of the concrete. The impact of micro-silica is particularly pronounced in mixes 

with high cement content, where the additional C-S-H formed from the pozzolanic reaction further refines 

the pore structure and enhances mechanical performance. As evidenced in Table 6, micro-silica mixes 

consistently outperformed their counterparts without micro-silica, showcasing the potential of micro-silica 

for producing high-performance concrete that meets rigorous structural demands. These findings support the 

strategic use of micro-silica in concrete mix designs to achieve superior long-term strength [36]. In 

applications requiring high durability and load-bearing capacity, including micro-silica with increased cement 

content is a beneficial approach. This combination optimizes the concrete's compressive strength and 

structural integrity, ensuring reliable performance over the concrete's lifecycle [46]. Fig. 6 illustrates the 

sequence of damage in the material. Fig. 7 illustrates the 7-day and 28-day compressive strength results (in 

MPa) for various concrete mix designs. The blue bars represent the 7-day strength, while the orange bars 

show the 28-day strength. Overall, mixes with higher cement content, such as C450 and C500, exhibit higher 

early (7-day) and long-term (28-day) strengths. Including micro-silica (indicated by the "S") generally enhances 

both 7-day and 28-day compressive strengths. For example, C500S achieved the highest 28-day strength of 

44.5 MPa, reflecting the positive impact of both high cement content and micro-silica addition on strength 

development over time. This trend suggests that both cement content and micro-silica inclusion play a crucial 

role in optimizing early and long-term strength. Table 7 illustrates the prediction of 28-day compressive 

strength along with the corresponding error values. 

a. 

b. 

c. 

Fig. 6. Sequence of damage in the material; a. Initial crack formation, b. Progression of damage, c. Severe 

material deformation. 
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  Table 6. Compressive strength 7 and 28 days of 15 cm cube samples for 12 mixing designs. 

 

 

 

 

 

 

 

 

 

 

Table 7. Predicting 28-day compressive strength and error values. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. Compressive strength of 7 and 28 days for all designs. 

 

 

Row Plan Name 7-Day Compressive Strength (MPa) 28-Day Compressive Strength (MPa) 

1 C250 10.5 23 

2 C300 18 28 

3 C350 20.5 33.5 

4 C400 27 37 

5 C450 29 38 

6 C500 30 40 

7 C250S 13.5 26 

8 C300S 19 34 

9 C350S 21 35.5 

10 C400S 30 41 

11 C450S 31 42 

12 C500S 33 44.5 

Plan 
Name 

Lab Results 
(MPa) 

Results Linear 
Regression (MPa) 

Error Linear 
Regression (%) 

Results Neural 
Network (MPa) 

Error Neural 
Network (%) 

C250 23 23.84 3.64 23.70 3.04 

C300 28 29.55 5.55 27.19 2.91 

C350 33.5 31.83 5.00 33.05 1.34 

C400 37 36.86 0.39 37.32 0.88 

C450 38 38.78 2.06 37.75 0.65 

C500 40 40.02 0.05 38.22 4.44 

C250S 26 27.45 5.59 27.17 4.49 

C300S 34 32.10 5.58 33.25 2.20 

C350S 35.5 34.34 3.26 35.68 0.51 

C400S 41 41.40 0.98 39.23 4.32 

C450S 42 42.95 2.26 41.96 0.10 

C500S 44.5 45.19 1.55 44.52 0.04 
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  3.4|The Relationship between the Amount of Powder Materials and the Slum 

of the Samples 

The study investigates how the amount of powder materials (a combination of cement and micro-silica) 

influences concrete mixes' slump or workability. This relationship is essential in construction as slump values 

indicate how easy it is to handle, place, and compact the concrete, impacting construction processes' overall 

quality and efficiency [47]. Workability, assessed through the slump test, is particularly important when the 

concrete must flow easily, such as in structures with complex reinforcement layouts or narrow formwork [48]. 

The results, illustrated in Fig. 8, show a positive correlation between the powder material content and slump 

values. As the grade of cement and total powder content in the mix increases, the slump values rise 

correspondingly. This trend can be mathematically expressed through two separate equations: one for mixes 

without micro-silica and one for mixes with micro-silica. For concrete without micro-silica, the relationship 

follows the equation Y = 0.016X + 2.333, with a high correlation coefficient (R2 = 0.9465). Similarly, for 

concrete mixes containing micro-silica, the relationship is represented by Y = 0.0169X + 1.2619, with an R2 

of 0.9412. In both cases, X represents the powder content (kg/m3) and Y denotes the slump (cm). The high 

R2 values indicate a strong linear relationship, signifying that increases in powder material content reliably 

predict increases in a slump. The primary reason for this increase in slump with higher powder content is the 

enhanced paste volume in the mix. A more significant amount of cement and micro-silica contributes to a 

greater cement paste volume, making the concrete mixture more cohesive and fluid. This increased paste 

volume provides better lubrication within the mix, allowing it to flow more readily, reflected in the higher 

slump values. As a result, concrete with higher powder content is more workable, making it easier to handle, 

place, and compact during construction, especially for projects that require high fluidity in the concrete. 

Interestingly, the study also found that adding micro-silica slightly reduces the slump compared to similar 

mixes without micro-silica. This reduction is attributed to the unique properties of micro-silica particles, 

which are much finer than cement particles and have a higher specific surface area. This increased surface 

area leads to a greater demand for water to fully hydrate the particles, which means more water is absorbed 

by the micro-silica, leaving less free water available for concrete flow. As a result, the mixture becomes less 

fluid, reflected in the slightly lower slump values. Despite the minor reduction in workability, micro-silica 

offers significant strength and durability benefits, making it a valuable addition to high-performance concrete, 

particularly in applications requiring enhanced long-term strength and durability. The study underscores a 

clear relationship between powder material content and workability in concrete mixes. While higher cement 

and micro-silica content enhance the slump and thus the workability, including micro-silica requires careful 

consideration due to its water absorption properties. Optimizing the proportions of cement and micro-silica 

for construction applications that demand a balance between workability and strength is crucial [48]. By 

carefully adjusting these components, engineers can achieve a concrete mix that meets specific workability 

requirements without compromising strength or durability. This insight is precious for projects where fluidity 

and ease of placement are essential, alongside the need for robust long-term performance. 
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 Fig. 8. The relationship between the amount of powdered materials and the slum of the samples. 

 

3.5|The Relationship between the Amount of Powder Materials and the 

Compressive Strength of the Samples 

3.5.1|Effect of micro-silica on early strength 

Figs. 9 and 10 demonstrate the relationship between the number of cementitious materials, including cement 

and micro-silica, and the compressive strength of concrete at 7 and 28 days, respectively. These figures reveal 

a clear trend: As the grade of cement and total cementitious material content increase, the compressive 

strength of the concrete samples also rises, both at early (7-day) and long-term (28-day) ages. In Fig. 9, which 

focuses on /-day compressive strength, linear equations for both concrete with and without micro-silica were 

derived, with excellent correlation values (R2 values close to 1). The equation for micro-silica-free concrete is 

given as Y = 0.066X + 0.2 with an R2 of 0.9991, while for concrete with micro-silica, the equation is Y =

0.063X − 1.5 with an R2 of 0.9992. Here, X represents the number of cementitious materials in kg/m3, and Y 

is the compressive strength in MPa. The high R2 values indicate strong linear relationships, confirming that 

increased powder content significantly enhances the early-age strength of the concrete. In Fig. 10, illustrating 

28-day compressive strength, similar linear relationships were established. For concrete without micro-silica, 

the equation Y = 0.063X + 9.1(R2 = 0.9972) was derived, while for concrete with micro-silica, the equation 

Y = 0.068X + 11.6(R2 = 0.9966) was determined. Again, X represents the number of cementitious materials, 

and Y denotes the 28-day compressive strength. The slightly higher slope for micro-silica-containing concrete 

indicates that micro-silica addition has a positive impact on long-term strength. The observed increase in 

compressive strength at both 7 and 28 days can be attributed to the higher cement content, which provides 

more binding material, enhancing the strength development process. Furthermore, the addition of 10% 

micro-silica contributes significantly to this strength increase, especially at later stages. Initially, at very young 

ages (such as 1 to 3 days), micro-silica may slightly reduce strength due to decreased heat of hydration. 

However, as the concrete cures, microsilica contributes to filling micro-pores and enhances particle packing 

through pozzolanic reactions, which lead to a denser and stronger microstructure. 
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Fig. 9. The relationship between the amount of powder materials and the compressive strength of 7 days. 

 

Fig. 10. The relationship between the amount of powder materials and the compressive strength of 28 days. 

 

3.6|The Relationship between 7-Day and 28-Day Compressive Strength of the 

Samples 

Fig. 11 illustrates the relationship between the 7-day and 28-day compressive strengths for concrete samples 

with and without micro-silica. This relationship is essential for predicting the long-term compressive strength 

of concrete based on its early-age strength. The data in this figure, which are fitted with high accuracy (R2 

values of 0.9897 for concrete with micro-silica and 0.9947 for concrete without micro-silica), reveal strong 

linear correlations between the compressive strengths at these two curing ages. For micro-silica-free concrete, 

the linear relationship is represented by the equation: Y = 1.0357X + 11.143 where Y is the 28-day 

compressive strength (in MPa) and X is the 7-day compressive strength (in MPa). The high R2 value (0.9947) 

indicates that this equation accurately predicts the 28-day strength based on the 7-day strength in concrete 

without micro-silica. For concrete containing micro-silica, the relationship follows a slightly different 

equation: Y = 1.0857X + 12.714. This equation also has a strong correlation (R2 = 0.9897), suggesting that 

28-day strength can be reliably predicted from 7-day strength for concrete with micro-silica. These equations 

demonstrate that as the 7-day compressive strength increases, the 28-day compressive strength also increases, 
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  with concrete containing micro-silica showing a marginally steeper slope. This steeper slope indicates that 

micro-silica enhances the long-term gain relative to 7-day strength, likely due to its pozzolanic reactions, which 

continue to densify the concrete matrix over time. Additionally, using SPSS software, a more generalized Eq 

was derived to predict 28-day Compressive Strength (CS28) based on multiple factors, including 7-day 

Compressive Strength (CS7), cement grade (C), and micro-Silica Content (SF). The regression equation 

obtained is  

where 

I. CS28: 28-day compressive strength in MPa. 

II. C: Cement grade in kg/m3. 

III. SF: Micro-silica content in kg/m3. 

IV. CS7: 7-day compressive strength in MPa. 

This regression model, with an R2 value of 0.958 indicates that these parameters (cement grade, micro-silica 

amount, and early-age strength) together provide a reliable prediction for the 28-day compressive strength, 

highlighting the influence of each component in long-term strength development. 

Fig. 11. The relationship between 7-day and 28-day compressive strength of the samples. 

 

Fig. 12.a shows how variations in cement grade (C) influence CS28. The blue dots represent actual CS28 

values, while the green dashed line shows predicted CS28 based on the model. As the cement grade increases, 

there is a corresponding increase in CS28, suggesting that higher cement grades contribute to higher long-

term strength. Fig. 12.b illustrates the relationship between the amount of micro-silica (SF) and CS28. The 

orange markers are the actual CS28 values, and the green dashed line represents the model's predictions. The 

graph shows that as micro-silica content increases, the 28-day compressive strength also rises, although this 

effect may plateau at higher levels. Micro-silica positively contributes to concrete strength by enhancing the 

concrete matrix's density. Fig. 12.c presents the correlation between 7-day compressive strength (CS7) and 

CS28. The purple markers denote actual CS28 values, and the green dashed line indicates predicted values. 
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  This plot highlights a robust positive relationship, suggesting that early-age strength (CS7) is a good predictor 

of long-term compressive strength (CS28). 

a. 

b. 

c. 

Fig. 12. Results of statistical analysis using spss 22 software to predict; a. The effect of cement grade on 28-day 

strength, b. The effect of micro-silica on 28-day strength, and c. The effect of 7-day strength on 28-day 

strength. 
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3.7|Prediction of 28-Day Compressive Strength of Concretes Using Neural 

Networks 

The neural network model developed using MATLAB's neural net fitting toolkit aimed to predict the 28-day 

compressive strength of concrete based on input factors like 7-day compressive strength, cement grade, and 

micro-silica content. The model employed a two-layer architecture with hyperbolic tangent activation 

functions and included seven neurons in the first layer to optimize prediction accuracy. To ensure robust 

training, 70% of the data was allocated for training, 15% for validation, and 15% for testing. Fig. 13 compares 

the predicted 28-day compressive strength against actual laboratory measurements, with the expected points 

closely aligning along a 1:1 line, showcasing the model's accuracy. The high correlation coefficient of R =

0.99 and the derived regression equation Output = 0.94 × Target +1.9 emphasize the precision of the neural 

network. This close agreement between predicted and actual values highlights the neural network's 

effectiveness in forecasting long-term concrete strength, demonstrating its potential as a reliable tool for 

optimizing early construction planning. Material quality control is based on initial concrete properties. 

Fig. 13. Neural network model prediction of 28-day compressive strength of concrete. 

 

The model's performance and accuracy are shown in Fig. 13, where individual regression plots for training, 

validation, and testing data are provided, along with a combined plot for the entire dataset. The predicted 28-

day compressive strengths (the ANN’s outputs) are plotted against the actual 28-day strengths (the target 

values from laboratory tests) in each of these plots. Ideally, the points in these plots align closely along the 

diagonal line, indicating accurate predictions. The high degree of alignment suggests that the model effectively 

captured the relationship between inputs and the target output. The regression coefficient (R) for this plot is 

0.99, an exceptionally high value that indicates a near-perfect correlation between the predicted and actual 

values. This high R-value demonstrates that the model has successfully captured the underlying patterns in 

the data, leading to highly accurate predictions. An additional equation derived from the network's output 

and target values further illustrates the model's accuracy. 

In this equation, the "output" represents the predicted 28-day compressive strength, while the "Target" refers 

to the actual compressive strength obtained from laboratory results. The close alignment between these 

values, as indicated by the regression coefficient of 0.99, confirms the effectiveness of the neural network 

model.  

Fig. 14 illustrates the neural network's performance in predicting 28-day compressive strength across four 

stages: a) Training, b) Validation, c) Testing, and d) Overall Performance. In the training phase (Fig. 14.a), the 

network successfully fit with actual data, as indicated by the regression line output ≈ 0.95 × target +1.6 and 

Output = 0.94 ×  Target + 1.9. (8) 
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  a high correlation value (R = 0.99429 ). During validation (Fig. 14.b), the model demonstrated perfect 

prediction alignment, with an R value of 1, indicating its ability to generalize well to new data. Similarly, in the 

testing phase (Fig. 14.c), the network maintained excellent predictive accuracy, achieving an R value of 1, with 

a regression line output ≈ 0.8 × target + 6.3. When combining all data (Fig. 14.d), the network showed 

consistent accuracy across all stages, yielding an overall R value of 0.99213, with the regression line output 

≈ 0.94 × Target +1.9. These results confirm the network's robustness and reliability in predicting compressive 

strength with high precision across different data subsets, making it a valuable tool for concrete strength 

estimation. 

Fig. 14. The neural network's performance in predicting 28-day compressive strength; a. Training (R=0.994), 

b. Validation (R=1.0), c. Testing (R=1.0), and d. Overall (R=0.992). 

 

This study comprehensively evaluated the effects of varying cement content and the addition of micro-silica 

on the workability and compressive strength of twelve distinct concrete mix designs. The primary objectives 

were to assess the influence of these variables on concrete's slump (workability) and compressive strength at 

early (7-day) and long-term (28-day) ages. Slump tests showed that increased cement content led to higher 

workability, as indicated by greater slump values, due to the increased paste volume, which enhances fluidity. 

Micro-silica addition, while slightly reducing slump due to its water-absorbing properties, contributed 

positively to the strength of the mixes, showing a minor trade-off between workability and strength. S.T.1 

illustrates the primary components that make up cement, such as limestone, clay, and gypsum. The balance 

achieved here was crucial, as it allowed for optimized mixes that enhanced strength while retaining reasonable 

workability. The compressive strength tests provided valuable insights into the early and long-term 

performance of the concrete mixes. Consistent with the objectives, the study found that both higher cement 

content and the inclusion of micro-silica contributed significantly to strength gains. Mixes with higher cement 
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  grades exhibited superior compressive strength at both 7 and 28 days, confirming the role of cement as a 

critical factor in strength development. The addition of micro-silica, particularly at a 10% replacement level, 

further enhanced long-term strength through pozzolanic reactions, contributing to a denser microstructure. 

This resulted in concrete mixes that not only gained strength more rapidly but also achieved higher ultimate 

strength at 28 days. These findings underscore the role of micro-silica in improving both early and long-term 

performance, especially for structural applications requiring enhanced durability and strength. Statistical and 

neural network models were applied to forecast 28-day compressive strength based on variables such as 7-

day compressive strength, cement grade, and micro-silica content to advance predictive capabilities. S.T.2 

highlights the main chemical compounds found in cement, including tricalcium silicate (C3S) and dicalcium 

silicate (C2S), and their properties like setting time and strength contribution. The regression model generated 

using SPSS yielded a high R² value, indicating a reliable prediction of 28-day strength from these inputs. The 

neural network model demonstrated remarkable accuracy, with an overall correlation coefficient of 0.99, 

reflecting its robustness in capturing complex relationships between the input factors and compressive 

strength outcomes. S.T.3 provides an overview of the different types of PC and their specific characteristics, 

such as Type I for general use and Type III for high early strength. This model’s successful predictions 

demonstrate its potential for practical applications, allowing for early concrete strength estimation, which can 

inform timely decision-making in construction projects. In the 3D-Printed Concrete (3DPC) study, various 

aggregate types have been explored for their impact on compressive strength and other mechanical properties. 

For example, Recycled Fine Aggregate (RFA) offers unique advantages under extreme conditions. According 

to [49], the high porosity of RFA helps mitigate the risk of blast spalling during high-temperature explosions, 

making it beneficial in certain applications. S.T.4 shows the allowable maximum concentration of harmful 

substances in water used for concrete mixing, ensuring safe and durable concrete production. However, 

including RFA typically results in a slight reduction in compressive strength compared to non-RFA-doped 

3DPC, as shown in [50]. Recycled Coarse Aggregate (RCA) exhibits a more pronounced effect on 

compressive strength, with studies indicating a progressive decrease in strength as the RCA replacement ratio 

increases [51]. This trend suggests that RCA may be less suitable for applications requiring high load-bearing 

capacity in 3DPC. When RFA and RCA are combined, [51] reports a reduction in the hardening properties 

of the printed concrete. However, this combination appears to reduce anisotropy in compressive strength 

across different orientations, which could be advantageous in achieving uniform performance in printed 

structures. S.T.5 categorizes various concrete additives, detailing their functions such as water reducers, 

accelerators, and air-entraining agents. Crumb rubber has been shown to improve the compressive strength 

of 3DPC, although it introduces significant anisotropy, as noted in [52]. This anisotropic behavior indicates 

variability in strength based on the printing direction, a factor that must be carefully considered in structural 

design. Coral sand, conversely, reduces the compressive strength of 3DPC, as reported in [43]. This limitation 

suggests that coral sand may be less suitable for structural applications where compressive strength is a critical 

parameter. Calcium carbonate as an aggregate in 3DPC has demonstrated favorable compressive strength, 

per findings in [53]. This indicates its potential as a viable aggregate for enhancing the structural performance 

of 3DPC. In conclusion, although the use of certain aggregates, such as RFA and RCA, may reduce 

compressive strength, benefits such as enhanced spalling resistance and reduced anisotropy are provided. 

Aggregates like crumb rubber and calcium carbonate show promise in enhancing compressive strength, 

though with considerations of anisotropy in the case of crumb rubber. This analysis highlights the need for a 

tailored approach in aggregate selection based on the specific performance requirements of 3DPC 

applications. Incorporating various fiber types into 3DPC significantly affects its compressive strength and 

mechanical anisotropy. Steel fibers, for instance, have been shown to create anisotropic properties within 

3DPC due to their directional distribution during the printing process [54]. The anisotropy level is closely 

linked to the fiber content, with higher fiber concentrations amplifying this effect [55], [56]. Furthermore, the 

unique nature of the 3D printing process can influence fiber distribution, potentially enhancing compressive 

strength in specific orientations as the fibers align more effectively [57]. In contrast, basalt fibers, despite their 

alignment along the printing direction, tend to reduce compressive strength at contents of 0.85% and 1% 

[53], [58]. However, basalt fibers exhibit superior load-bearing capacity when aligned with the X-axis, 
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  demonstrating their directional strength [59]. Other fiber types, such as glass and carbon fibers, exhibit 

different impacts on 3DPC properties. Glass fibers do not notably affect the anisotropy of 3DPC. However, 

a reduction in compressive strength has been associated with their use [53], [60], [61]. Carbon fibers, 

particularly at a 0.5% content, result in a modest compressive strength increase of less than 10% [62]. 

However, an oxidation treatment on carbon fibers' surfaces further enhances compressive strength, likely due 

to improved bonding within the concrete matrix [63]. Poly Vinyl Alcohol (PVA) fibers reinforce 3DPC with 

marked mechanical anisotropy, especially in the Y and Z axes, where higher fiber contents significantly 

increase compressive strength [64], [65]. Similarly, polypropylene fibers contribute to improved compressive 

strength and anisotropic mechanical properties due to their effective filling effect within the matrix [66], [67]. 

Overall, the choice of fiber type and its alignment relative to the printing direction are key factors that must 

be carefully managed to optimize compressive strength and control anisotropy in 3DPC applications. Overall, 

this study achieved its objectives, contributing valuable insights into the relationship between mix 

composition and concrete properties. The study offers practical guidance for producing high-performance 

concrete by optimizing cement and micro-silica content. The predictive models developed here provide a 

reliable means of estimating concrete strength based on early-age properties, supporting efficient planning 

and quality control in construction. These findings contribute to the growing body of knowledge on high-

performance concrete mixes and underscore the importance of innovative modeling approaches in enhancing 

predictive accuracy, which can be foundational for future research and applications in structural engineering. 

S.T.6 lists the typical concrete mix components and their approximate proportions, including aggregates, 

cement, water, and any added admixtures. S.T.7 depicts the chemical characteristics of cement used, 

discussing factors like alkali content, sulfate resistance, and heat of hydration. S.F.1 compares the minimum 

and maximum typical percentages of various components in cement. Lime (CaO) has the highest 

concentration range, followed by silica (SiO₂), while other components such as alumina (Al₂O₃), iron oxide 

(Fe₂O₃), and alkalis (Na₂O) have significantly lower percentages. This distribution indicates the dominance 

of lime and silica in cement composition. S.F.2 shows the maximum allowable concentrations of harmful 

substances in concrete water, measured in parts per million (ppm). Dissolved solids have the highest 

permissible concentration at 35,000 ppm, followed by chlorides at 10,000 ppm and sulfates (SO₄²⁻) at 3,000 

ppm. Solid particulate matter and alkalis have much lower concentration limits, indicating a need for tighter 

control over these substances. S.F.3 displays the constituent percentages of chemical compositions in cement. 

CaO dominates the composition at over 60%, followed by silicon dioxide (SiO₂) at around 20%. Other 

compounds like alumina (Al₂O₃), iron oxide (Fe₂O₃), magnesium oxide (MgO), and trace elements such as 

potassium oxide (K₂O), sodium oxide (Na₂O), sulfur trioxide (SO₃), and LOI are present in smaller amounts, 

highlighting CaO as the primary component in cement. 

4|Conclusion  

This study demonstrates that optimizing cement content and including micro-silica in concrete mixes 

significantly enhance workability and compressive strength, offering practical insights for high-performance 

concrete applications. Precisely, mixes with 500 kg/m³ cement content, such as C500 and C500S, achieved 

slump values of 10 cm, reflecting excellent workability. This increased workability is attributed to a higher 

paste volume, facilitating ease of placement and finishing. Despite slightly reducing workability due to its 

water absorption properties, the addition of micro-silica provided substantial strength gains. For instance, at 

7 days, C500S reached a compressive strength of 33 MPa compared to 30 MPa in C500, while at 28 days, 

C500S achieved a peak strength of 44.5 MPa, highlighting micro-silica’s role in densifying the concrete matrix 

through pozzolanic reactions. The predictive models developed in this study further validate these findings, 

offering high accuracy in estimating 28-day strength. The statistical regression model yielded an R² of 0.958, 

indicating reliable predictions of 28-day strength based on early-age properties. Similarly, the neural network 

model achieved an overall correlation coefficient (R) of 0.99, accurately capturing complex relationships 

among 7-day strength, cement grade, and micro-silica content. The regression equation derived from the 

neural network model, output ≈ 0.94 × target + 1.9, underscores its precision, providing a valuable tool for 
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  early strength estimation that supports efficient project planning and quality control. Comparing these results 

with recent findings in 3DPC, the study shows that specific aggregate and fiber types influence concrete’s 

mechanical properties. For instance, RFA enhances high-temperature resistance but slightly lowers 

compressive strength. In contrast, RCA leads to a more noticeable strength reduction as replacement ratios 

increase. Similarly, fibers like steel and polypropylene enhance compressive strength and mechanical 

anisotropy in 3DPC, whereas basalt and glass fibers tend to reduce strength when used at certain levels. This 

research successfully achieves its goals by providing concrete mix designs that balance workability and 

compressive strength for structural applications. The predictive models contribute significantly to 

construction management by enabling early adjustments in mix design to meet specified strength 

requirements. This study offers a robust foundation for future work in optimizing concrete properties and 

enhancing predictive accuracy, advancing the capabilities of high-performance concrete in modern 

construction. 
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