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Abstract. Annually, a massive number of agricultural by-products of the palm oil extraction 

process including palm oil fuel ash (POFA) were generated which contributes towards ammonia 

pollution and emission of nitrogen compounds. Fortunately, both by-products can be utilised as 

mixing additives in lightweight aggregate concrete manufacturing. The utilisation leads to a 

more sustainable green environment. Traditional methods for classifying concrete grades in civil 

engineering are difficult due to the non-linear relationship between the composition of concrete 

and its strength and require a significant amount of time, material resources, and labour. To 

address these shortcomings, a technique to classify the compressive strength grades for 

lightweight aggregate concrete containing POFA using a machine learning algorithm has been 

developed. In terms of method, concrete mixtures consisting of POFA, cement, sand, 

superplasticizer and water were prepared and tested to determine the compressive strength. The 

data from this process were first transformed using min-max normalization and then, analysed 

using exploratory and descriptive analysis to discover patterns between input variables and 

concrete grades. Next, the grades of concrete were classified using a machine learning algorithm 

named k-Nearest Neighbour (k-NN). Lastly, a confusion matrix was used to assess the 

performance of the k-NN classifier. The results showed that k-NN can classify the grades of 

concrete with accuracies between 71% and 95% using five nearest neighbours. The accuracies 

are inversely proportional to the number of nearest neighbours. To conclude, the study succeeds 

in classifying the compressive strength grades for lightweight aggregate concrete with POFA 

using k-Nearest Neighbour. It can cut down a significant amount of time, material resources, and 

labour in determining the grades of compressive strength for POFA-based lightweight concrete. 

 

1.  Introduction 

Concrete grade classification is essential to determine the concrete function such as for load-bearing or 

non-load-bearing purpose. Concrete grades are specified by their crushing strength at 28 days as 

measured in standard conditions [1]. To achieve the desired strength and property, the concrete produced 

must be mixed using the correct mixture consisting of four main ingredients: cement, aggregate, sand 

and water. Correct concrete proportion is important to meet the durability design of concrete and reduce 
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the cost of construction. With the right and accurate mix design, practitioners do not need to use high-

grade concrete for use in non-load-bearing structures. In other words, a quality concrete mix design is 

crucial for successful construction.  

However, the use of conventional concrete in construction causes the depletion of non-renewable 

materials such as cement and aggregate. Hence, to save cement and other non-renewable materials in 

concrete, sustainable materials such as palm oil waste which is abundantly produced can be utilized. In 

Malaysia, the abundance of palm oil wastes namely palm oil clinker (POC) and palm oil fuel ash (POFA) 

is continuously increasing due to high palm oil demand. These two types of waste are usually dumped 

at the nearby landfill which causes environmental problems such as soil pollution and erosion and water 

contamination [2]. Thus, it is seen that the use of these two types of palm oil waste materials in high-

strength concrete production would reduce some of the total amounts of waste disposed at landfill. 

Furthermore, POC used as coarse aggregate in lightweight aggregate concrete would preserve natural 

resources such as granite and limestone for future generations.  

Nevertheless, mix design for normal conventional concrete is not applicable for lightweight 

aggregate concrete due to the high demand for water as a consequence of the different properties of 

aggregate used. Lightweight aggregate concrete requires higher water demand due to lightweight 

aggregates exhibiting significantly higher water absorption than normal-weight aggregates due to their 

high porosity [3]. Hence, water-reducing admixture needs to be utilized in lightweight aggregate 

concrete mix design to improve workability [4,5,6]. While the conventional concrete mix may have a 

lower amount of cement, when it is designed to mix, the cement requirement may be higher for the same 

grade of lightweight aggregate concrete.  

Estimating the compressive strength grade of concrete is often regarded as a difficult and exhausting 

task due to the non-linear relationship between the set of component materials that will be used in the 

mix and the final strength. Normal civil engineering methods for determining compressive strength 

entail creating many concrete samples for each material recipe and then curing and maintaining these 

samples under standard conditions for 28 days. Only once the appropriate curing period has passed, 

these samples are subjected to destructive compressive strength testing in the equipped laboratories [7]. 

Table 1 shows the compressive strength groups and grade designation at 28 days [8]. 

 

Table 1.  Compressive strength groups and grade designation at 28 days [8] 

Group Grade 
designation 

Characteristics compressive strength 
of 150 mm cube at 28 days, N/mm2 

Ordinary 

Concrete 

M10 10 
M15 15 
M20 20 

Standard 

Concrete 

M25 25 
M30 30 
M35 35 
M40 40 
M45 45 
M50 50 
M55 55 

High Strength 

Concrete 

M60 60 
M65 65 
M70 70 
M75 75 
M80 80 

 

As a result, creating non-destructive methods using statistics and a machine learning algorithm have 

been developed for classifying the grade of compressive strength. The methods would result in large 

savings in time, material resources, and labor, meaning tremendous convenience in civil engineering 

practices.  
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The purpose of the study is to classify the compressive strength grades for lightweight aggregate 

concrete containing POFA using a machine learning algorithm specifically k-Nearest Neighbor (k-NN). 

The normal civil engineering methods to estimate the compressive strength grade of concrete are 

difficult and exhausting due to the non-linear relationship between the component materials of concrete 

and its strength. The methods involve creating many concrete samples for each material recipe and then 

curing and maintaining these samples under standard conditions for 28 days. Only once the appropriate 

curing period has passed, these samples are subjected to destructive compressive strength testing in the 

equipped laboratories [7]. It shows that the conventional methods to determine the grades of concrete 

require a significant amount of time, material resources, and labor.  

2.  Method 

There are two sub-sections under the Method: Data Acquisition and Data Analysis. Data acquisition 

contains the process of preparing lightweight concrete for compressive strength testing. In data analysis, 

data transformation, exploratory data analysis and classification of compressive strength grade were 

performed. 

2.1.  Data Acquisition 

In this study, six main ingredients that are palm oil fuel ash (POFA), cement, sand, water and 

superplasticizer have been employed. To obtain these mixes, a series of trials and errors have been 

carried out [9]. To produce greener lightweight aggregate concrete, palm oil clinker was used as the sole 

coarse aggregate to replace non-renewable granite aggregate that is commonly used in concrete 

production. In addition, other green materials namely palm oil fuel ash (POFA) were employed as partial 

cement replacements. River sand was used as fine aggregates in this experimental work. The water-to-

cement ratio used varied from 0.35 to 0.55. Lastly, the amount of superplasticizer used is in the range 

from 0 to 1.2 % by weight of cement to produce mixes with the best workability. 

To find the best workable mix, palm oil clinker lightweight aggregate concrete mixes incorporating 

0%, 10%, 20%, 30% and 40% POFA has been cast for this research work. All the samples were cast in 

the form of 100 mm x 100 mm x 100 mm cubes and then subjected to water curing for 28 days. The 

specimens were tested for compressive strength test according to BS EN 12390: Part 3 [1] at 28 days. 

2.2.  Data Analysis 

In general, there are four main processes involved in the data analysis as displayed in Figure 1. The first 

step in data analysis is to acquire the data followed by data transformation using Min. Max 

Normalization. Next, a box plot was applied to the data for exploratory data analysis. Then, the 

classification of compressive strength grade using k-Nearest Neighbor (k-NN) was performed. Lastly, 

a confusion matrix was used to assess the performance of the k-NN classifier. 
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Figure 1. Flow chart of the method 

2.2.1 Data Transformation 

The data transformation used is the data rescaling technique using minimum-maximum normalization. 

The data have been rescaled between 0.10 and 0.99. This technique performs a linear transformation to 

the original data. It has the advantage to preserve features and relationships of original data [10]. The 

formula for rescaling between 0 and 1 is indicated in equation (1). 

 

                           v’ = 
(𝑣−𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑣)

(𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑣−𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑣)
                                   (1) 

 

2.2.2 Exploratory Data Analysis 

The second step in analysis involves exploratory data analysis using a box plot. The method was chosen 

due to its ability to provide relevant information on the maximum and minimum value, upper and lower 

quartile, as well as the median. The advantages of a box plot are the simplicity of its design, the critical 

information of the dataset is quickly expressed and it also shows the data distribution [11].  

 Start   

Data acquisition 

Data transformation using 

Min. Max. Normalization 

Exploratory data analysis 

using box plot 

Classification of Compressive strength 

grades grades using k-Nearest Neighbour 

Performance 

Measurement: 

Accuracy ≥ 80% 

 End   

No 

Yes 
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2.2.3 Classification of compressive strength grade 

To classify between ordinary, standard and high-grade, the k-Nearest Neighbor (k-NN) technique has 

been applied. The grades are based on Table 1 where the compressive strength for the ordinary grade is 

20 N/mm2 and below. For standard grade, the compressive strength is between 55 N/mm2 and 20 N/mm2. 

For high grade, the compressive strength is above 55 N/mm2. The inputs used for k-NN are the density 

of cement, POFA and water, the percentage of superplasticizer and slump, and the dry density of 

concrete. This technique is one of the machine learning algorithms and is used widely in pattern 

recognition and data mining. The broad usage of k-NN is due to its simplicity and easy implementation. 

In classification using k-NN, the number of nearest neighbors (k) and distance metric play an important 

role. It has a bigger impact on the performance and behavior of the model. A small k permits a simple 

implementation and efficient queries. Meanwhile, large k contributes to a smoother model and low noise 

during the classification process [12]. For this research, k=5 has been chosen. There are many types of 

distance metrics such as Euclidean, Manhattan, Chebyshev, Mahalanobis, Minkowski and Hamming. 

Euclidean distance has been chosen as the distance metric for this research classification. It is denoted 

as the distance between points p1=(x1,y1) and p2(x2,y2) represented in equation (2) [13]. 

 

                                                       √(𝑥1 − 𝑥2)2 − (𝑦1 − 𝑦2)2                                                              (2) 

 

To assess the performance of the k-NN classifier which is the accuracy, a confusion matrix was 

employed. Each column in a confusion matrix represents occurrences in a predicted class, while each 

row represents instances in an actual class. The confusion matrix depicts the various ways in which the 

classification model becomes "confused" when making predictions. It can provide insight not just into 

the errors made by a classifier, but also into the sort of errors that result. A multi-class confusion matrix 

with NxN dimensions for a situation with N different classes includes all conceivable combinations of 

predicted and actual classes as shown in Figure 2 [14].  

 

 
Figure 2. Multi-class confusion matrix [14] 

3.  Results and Discussion 

This section consists of three sub-sections that present the discussion of the results from exploratory 

analysis using boxplot, correlation using Pearson’s correlation and classification using k-Nearest 

Neighbor (k-NN) with performance measurement using a confusion matrix.  

3.1.  Exploratory Analysis of Compressive Strength Grades 

Figure 3 shows the distribution of variables used to classify grades of compressive strength of 

lightweight concrete based on a box plot. For cement, POFA, superplasticizer and water, the distribution 

is symmetric due to the medians that are equidistant from the maximum and minimum values. The 

distribution is positively skewed for slump because the median to the maximum is greater than the 

distance from the median to the minimum. Dry density is negatively skewed because the median to 

minimum is greater than the distance from the median to the maximum. The distribution of the majority 

of the variables is symmetrical, hence the data do not require any data transformation techniques. 
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Figure 3. Distribution of variables used to classify the grades of compressive strength 

 

Figure 4 shows the comparison of ordinary, standard and high-grade compressive strength for 

variables such as cement, POFA, superplasticizer, water, slump and dry density. For cement, there is no 

difference in terms of median, maximum and minimum values, and interquartile range (IQR) between 

ordinary and standard-grade compressive strength. But the differences exist for the high-grade 

compressive strength where the minimum value and median are higher, and the IQR is smaller. For 

POFA, the interpretation of the box plot is the same as for cement except that in high-grade compressive 

strength, the maximum value and median are lower, and the IQR is the same. For superplasticizer, the 

differences are clear. The median and minimum value are low for ordinary-grade compressive strength, 

high for high-grade compressive strength and in the middle for standard-grade compressive strength. 

For water, there is no difference between standard and high-grade compressive strength in terms of 

median, maximum and minimum values, and IQR. But there is a difference in the IQR for ordinary 

grade compressive strength. It is smaller. For slump, the IQR increases from ordinary to high-grade 

compressive strength. The median is the same for both ordinary and standard-grade compressive 

strength. But it is higher for high-grade compressive strength. For dry density, the median and minimum 

value increase from ordinary to high-grade compressive strength. From the analysis, all the variables 

have at least a difference either in the median, minimum and maximum values, or IQR. Hence, these 

variables can be used for the classification of compressive strength grades using k-Nearest Neighbor (k-

NN). 
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(a) 

 
(b) 

 
(c) 

Figure 4. Variable comparison between ordinary, standard and high-grade compressive strength 

 

3.2.  Classification of Compressive Strength Grades 

Table 1 and 2 show the confusion matrices for the classification of compressive strength grades using 

k-Nearest Neighbor (k-NN). Table 1 represents the training data. In total, 274 samples were used in 

classifying the three grades of compressive strength: ordinary, standard, and high. For nearest neighbor 

1 (k=1), 61, 159, and 54 samples have been correctly classified into ordinary, standard and high-grade, 

respectively without any misclassification. For k=2, 61, 156 and 53 samples have been correctly 

classified into ordinary, standard and high-grade, respectively but with the misclassification of 3 samples 

from standard grade into ordinary grade and 1 sample from high-grade into standard grade. For k=3, 61, 

154 and 53 samples have been correctly classified into ordinary, standard and high-grade, respectively 

but with the misclassification of 2 and 3 samples from standard grade into ordinary and high grade, 

respectively and 1 sample from high-grade into standard grade. For k=4, 61, 143 and 49 samples have 

been correctly classified into ordinary, standard and high-grade, respectively but with the 

misclassification of 14 and 2 samples from standard grade into ordinary and high grade, respectively 
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and 5 samples from high-grade into standard grade. For k=5, 60, 135 and 49 samples have been correctly 

classified into ordinary, standard and high-grade, respectively but with the misclassification of 1 sample 

from ordinary into standard grade, 14 and 10 samples from standard grade into ordinary and high grade, 

respectively and 5 samples from high-grade into standard grade. In training, the ordinary data can be 

classified most accurately by k-NN followed by high and standard-grade data. 

 

Table 2. Confusion matrix for training 

 Predicted 

Actual 

k=1 

 Ordinary Standard High 

Ordinary 61   

 Standard  159  

High   54 

Actual 

k=2 

Ordinary 61   

 Standard 3 156  

High  1 53 

Actual 

k=3 

Ordinary 61   

 Standard 2 154 3 

High  1 53 

Actual 

k=4 

Ordinary 61   

 Standard 14 143 2 

High  5 49 

Actual 

k=5 

Ordinary 60 1  

 Standard 14 135 10 

High  5 49 

 

Table 2 represents the testing data. In total, 69 samples were used in classifying the three grades of 

compressive strength: ordinary, standard, and high. For nearest neighbor 1 (k=1), 11, 41, and 14 samples 

have been correctly classified into ordinary, standard and high-grade, respectively but with the 

misclassification of 1 sample from standard grade into ordinary grade and 2 samples from high-grade 

into standard grade. For k=2, 11, 40 and 14 samples have been correctly classified into ordinary, standard 

and high-grade, respectively but with the misclassification of 2 samples from standard grade into 

ordinary grade and 2 samples from high-grade into standard grade. For k=3, 11, 39 and 15 samples have 

been correctly classified into ordinary, standard and high-grade, respectively but with the 

misclassification of 1 and 2 samples from standard grade into ordinary and high grade, respectively and 

1 sample from high-grade into standard grade. For k=4, 11, 33 and 10 samples have been correctly 

classified into ordinary, standard and high-grade, respectively but with the misclassification of 7 and 2 

samples from standard grade into ordinary and high grade, respectively and 6 samples from high-grade 

into standard grade. For k=5, 11, 29 and 10 samples have been correctly classified into ordinary, standard 

and high-grade, respectively but with the misclassification of 7 and 6 samples from standard grade into 

ordinary and high-grade, respectively and 6 samples from high-grade into standard grade. In testing, the 

ordinary data can be classified most accurately by k-NN followed by high and standard-grade data. 
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Table 3. Confusion matrix for testing 

 Predicted 

Actual 

k=1 

 Ordinary Standard High 

Ordinary 11   

 Standard 1 41  

High  2 14 

Actual 

k=2 

Ordinary 11   

 Standard 2 40  

High  2 14 

Actual 

k=3 

Ordinary 11   

 Standard 1 39 2 

High  1 15 

Actual 

k=4 

Ordinary 11   

 Standard 7 33 2 

High  6 10 

Actual 

k=5 

Ordinary 11   

 Standard 7 29 6 

High  6 10 

 

 

Table 3 shows the accuracies for the classification of compressive strength grades using k-Nearest 

Neighbor (k-NN). Table 3 contains the accuracies for training and testing data of each nearest neighbor 

(k). For k=1, the training and testing accuracies are 100% and 95.7%, respectively. For k=2, the training 

and testing accuracies decrease to 98.5% and 94.2%, respectively. For k=3, the training accuracy 

decreases to 97.8 but the testing accuracy remains at 94.2%. For k=4, the training and testing accuracies 

are 92.3% and 78.3%, respectively. For k=5, the training and testing accuracies decrease to 89.1% and 

71.5%, respectively. The accuracies of training and testing decrease by the number of nearest neighbors. 

The accuracies are inversely proportional to the number of nearest neighbors. The accuracy of training 

is higher than the accuracy of testing for all numbers of nearest neighbors. 

 

Table 4. Accuracies of classification of compressive strength grades for training and testing data. 

Number of Nearest 

Neighbors 

Accuracy (%) 

Training Testing 

k=1 100.0 95.7 

k=2 98.5 94.2 

k=3 97.8 94.2 

k=4 92.3 78.3 

k=5 89.1 71.5 

 

4.  Conclusion 

In conclusion, k-Nearest Neighbor classifier (k-NN) can be applied to classify the compressive strength 

grades of ordinary, standard and high. Variables such as cement, POFA, superplasticizer, water, slump 

and dry density can be used as a parameter in classifying the compressive strength. Samples from 

ordinary grade can be classified most accurately by k-NN followed by high and standard grade. The 

accuracies of compressive strength grades are inversely proportional to the number of nearest neighbors. 

The k-NN can produce accuracies higher than 90% up to the third nearest neighbor. The study can cut 
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down a significant amount of time, material resources, and labor in determining the grades of 

compressive strength for POFA-based lightweight concrete. 
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