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Abstract

Random Forest (RF) has been successfully applied to a variety of engineering problems due
to its simplicity, versatility, and suitability for both classification and regression tasks.
Concrete, as a material composed of multiple complex elements, is influenced by numerous
factors, posing challenges in accurately predicting its properties. In this article, an RF
model is developed in predicting the slump and strength of concrete using mixed mineral
admixtures from blast furnace slag and silicafume. The criterions to evaluate the accuracy
of the models are the R squared (R?) and the root mean square error (RMSE). Comparing
the predicted data with the tested data, the result indicates that RF model should be used in
predicting both the slump and strength of concrete.
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1. Introduction

Machine Learning Techniques (MLT), a field that draws from multiple
disciplines, uses various techniques to acquire new insights. The primary use of MLT is
for prediction. Categorical variable values are predicted using classification while
numerical variable values are predicted using regression. Regression entails examining
the correlation between one or more independent variables and a dependent variable.
Thus, in the last few decades, MLT has been successfully applied to virtually many
engineering problems [1-8].

Concrete is a material that is composed of several complex elements, making it
challenging to accurately predict its properties. Modeling concrete properties according
to effect variables is a difficult task due to the low predictability of the material.
Experimental designs face the biggest challenge concerning the high number of effect
variables that can influence response variables. When multiple effect variables come
into play, an increase in the number of trials is required. Additionally, the higher the
amount of uncontrollable variables, the more difficult it is to obtain the true response function.
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Random forest (RF) is a cutting-edge ensemble algorithm with a variety of appealing
features, including variable importance measures (VIMs), few model parameters, and
robust resistance to overfitting [9, 10]. The algorithm is based on decision trees and RF
models can yield satisfactory results even with default parameter settings [11]. By utilizing
RF, the number of combinations of base predictors and parameter settings can be
reduced to a single combination. Although RF has primarily been applied in fields such
as ecology and bioinformatics, it has also been used in concrete-related studies [12-14].
For instance, Mohamed used the RF algorithm to predict the compressive strength of
sustainable self-consolidating concrete [13]. Ozcan et al. created an RF model to
analyze the effects of blast furnace slag and waste tire rubber powder on HPCCS [14].
Rao tested various algorithms to forecast the compressive strength of HPC and
discovered that the RF model performed the best [15]. Recently, there have been many
methods with high accuracy, such as Gradient Boosting Machines or AdaBoost.
However, Random Forest remains a popular choice due to its simplicity (requiring
fewer hyperparameters to tune compared to other ensemble models), reduced risk of
overfitting, and strong performance across various domains and datasets.

It can be seen that there are almost no studies on the application of RF model to
predict both the slump and strength of concrete. In this article, an RF model was
developed in predicting the slump and strength of concrete. The testing data is from a
previous study of Dinh Quang Trung [16]. In order to assess the accuracy of the
models, the R-squared (R? and root mean square error (RMSE) are utilized as
evaluation criteria. By comparing the predicted data with the tested data, relative
conclusions can be drawn.

2. Data division and preprocessing

The training set comprises of samples created by varying the factors of
experiments, including ratios such as water/adhesive (coded variable x;), blast furnace
slag/adhesive (coded variable x;), silicafume/adhesive (coded variable x3), and super-
plastic additive/adhesive (coded variable x,). The input variables selected for these
experiments were the coded variables mentioned above (x; to Xxs), while the output
variables chosen were the slump and specific strength. Table 1 and Table 2 show the
training and testing database of concrete samples, respectively.
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Table 1. Training database of concrete samples [16]

No. Coded variables Factorial experiments Slump | Specific strength
X1 | X2 | X3 | X4 | W/IA | BFS/A | SF/A | SPA/A | (cm) (MPa)
1 |/-1(-1]-1|-1| 03 30 3 0.6 9 88.7
2 |1]|-1]-1]-1] 034 30 3 0.6 16.5 78.0
3 |-1]1|-1(-1| 03 50 3 0.6 12 85.9
4 |11 |-1]-1] 034 50 3 0.6 195 77.1
51-1|-1]1]-1] 03 30 9 0.6 0.5 89.5
6 |1 ]-1|1|-1] 034 30 9 0.6 81.8
7 1-1]111]1]-1 0 50 9 0.6 85.8
8 1] 1|1 |-1] 034 50 9 0.6 81.2
9 |-1]-1|-1|1]| 03 30 3 1 19 89.0
100 |1 |-1|-1]1] 034 30 3 1 21 77.6
11 -1 1 1)1 0.3 50 3 1 20.5 86.1
12 11 |-1]1] 034 50 3 1 22 77.2
3 |-1-1,1]1] 03 30 9 1 11 89.8
14 |1 | -1 1 1] 034 30 9 1 17.5 81.9
5111 1]1] 03 50 9 1 17 86.5
16 | 1 1 1 1] 034 50 9 1 21 815
7 |-2| 0 | 0 | 0| 0.28 40 6 0.8 11 94.7
8|2 0| 0] 0] 036 40 6 0.8 21 77.4
19 /0|-2|0]0] 032 20 6 0.8 15.5 84.1
2000 2 (0|0 032 60 6 0.8 195 79.8
21/ 0| 0 |-2|0| 032 40 0 0.8 21 80.1
22 | 0| 0] 2|0 032 40 12 0.8 4 84.7
23 /0| 0|0 |-2|032 40 6 0.4 2.5 82.7
24 | 0| 0O | O] 2| 032 40 6 1.2 19.5 82.8
25000 |0]| 032 40 6 0.8 18 84.7
26 | 0| 0|0 |0 032 40 6 0.8 17,5 84.1
27 10| 0|0 |0 032 40 6 0.8 18.5 83.2
2800 0|0 |0 032 40 6 0.8 17 84.2
290/ 0|0 |0 032 40 6 0.8 16.5 83.3
30| 0] 0|0 }]O0] 032 40 6 0.8 17.5 84.2
310 0]0}]0] 032 40 6 0.8 18.5 82.1

* In Table 1, W/A is water/adhesive ratio; BFS/A is blast furnace slag/adhesive ratio; SF/A is
silicafume/adhesive ratio; SPA/A is super-plastic additive/adhesive ratio.
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Table 2. Testing - database of concrete samples [16]

Coded variables Factorial experiments Slump | Specific strength
No- X X; Xs | Xs | W/A | BFS/A | SF/IA | SPA/A | (cm) (MPa)
1 ]-2 1.675 -0.765 | 1 | 0.28 | 56.75 | 3.705 1 18.5 92.2
2 |-1 0.551 -1.121 | 0 | 0.3 | 4551 | 2.637 0.8 17.5 88.5
3 0 1.409 -1.548 | -1 | 0.32 | 54.09 | 1.356 0.6 185 75.4
4 |1 0.678 | -0.863 | -1 | 0.34 | 46.78 | 3411 | 0.6 18.5 72.6
5 |2 1.034 -0.39 | -1 | 036 | 50.34 | 4.83 0.6 18 70.3

To ensure that all variables receive equal attention during the training process and
to reduce their dimension, preprocessing involves scaling the input and output variables
to a range between -1.0 and 1.0. The calculation for the scaled value of each variable, x,
is as follows:

Xo =" (1)

where Xmax 1S maximum values of each variable X.

3. Overview of random forest

One of the most popular machine-learning methods is the RF model, which is based
on the decision trees model. The concept of the random forest model, also known as
bagging ensemble learning, was introduced by Breiman Leo (2001) [9]. Figure 1 and
Figure 2 illustrate the typical decision tree and RF model.

Yes
(RO [R] [x=d] R ]
Yes No

Figure 1. Decision tree model utilized for regression analysis.
In the decision tree model, the data is represented like a tree with branches and
leaves, where different instances of the input data (such as xi, Xz, X3, etc.) are split by
branches and the output is available at the leaf position (such as R;, Rz, Rs, etc.). The
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architecture of the decision tree model is essentially a series of if_then_else functions,
which are calculated and optimized based on the input data set, tree complexity, and the
depth of the if function. However, the individual decision tree model often overfits the
input data, leading to the development of advanced models based on decision trees, such
as the random forest model.

The RF model involves a group of decision trees that are pre-defined for both
training and predicting. Each decision makes functions independently, using a limited
dataset as input. The final result of the prediction is derived from the average result of
all member trees. What makes this model interesting is that the trees are built randomly,
using the bootstrap technique to select input data for each tree. This helps to better
generalize the problem and prevent overfitting of individual decision tree models.

{Data SetJ%Random ]

Sampling
Decision Decision Decision
tree 1 tree 2 tree n

Result 1 Result 2

Final decision
(Voting)

Figure 2. Graphical representation of the random forest model.

g

To build the model successfully, the important hyperparameters must be
considered. These are: Number of trees in the forest (n); Maximum Depth of a tree (D);
Minimum number of samples needed to separate plants (S); and Minimum number of
samples per leaf (L).

The final prediction of the model is as follows:
1 n
Yi:_'zfj(xi) (2)
n =

where n is the number of trees; v; is the result of predicting the i sample; x; is the input
vector data on the i sample; f; is the estimator j™ in the forest.

More information about building decision trees and the hyperparameters of
random forest can be found in literature [9].
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4. Development of the random forest model

The RF model has been implemented in this study using the Python platform and
the Sklearn library. To ensure optimal performance, we have examined the most critical
hyperparameters that affect the model's output. This includes D, S, L, and n (the
maximum number of trees), which have been carefully analyzed to determine the best
possible value within the allowable range.

In order to provide a comprehensive understanding of the study, we have
presented the survey scope in Table 3, which outlines the ranges and values of the
parameters used in the investigation. Notably, previous research [9] has shown that the
maximum number of trees does not need to be excessively high. Other hyperparameters,
such as D, S, and L, determine the complexity of the decision trees, which can lead to
overfitting of the model. It is important to consider that a model with high complexity
may perform well with training data, but not with testing data, indicating overfitting.

Furthermore, the survey range of other hyperparameters has been chosen
thoughtfully to ensure that when the hyperparameter value changes beyond the survey
range, the model's performance does not change significantly. This is crucial in
avoiding data leakage, where the model is overfitted to the training data and does not
perform well with new, unseen data.

The utilization of the 5 Fold CV technique has proven to be a valuable asset in this
study. By dividing the training set into five folds and using four for training and one for
validation, we have been able to evaluate the model's performance in a more robust and
reliable manner. The results indicate that our optimized RF model has been successful in
achieving more accurate results, indicating improved generalization capabilities.

Table 3. Range of hyperparameters

Hyper parameter Explain Range
n Number of trees 2-99
D Max depth 2-20
S Min samples to split 2-20
L Min samples on a leaf 1-20

4.1. Effect of tree number on the effectiveness of models

Figure 3 depicts the impact of the number of trees on the efficacy of the random
forest model. As is evident, a greater number of trees leads to an increase in accuracy.
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However, to prevent overfitting of the model, the number of trees was selected to be 12

after evaluating other parameters.
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Figure 3. Effect of tree number on model effectiveness.
4.2. Effect of max depth on the effectiveness of models

The findings from a survey conducted to assess the model accuracy with respect to
the variation in the maximum depth of trees (D), ranging from 2 to 20 with a fixed
number of trees at 12, are presented in Figure 4. The results demonstrate that the
optimal value of D is 7, resulting in an R? of 0.723, and an RMSE of 0.0845. Notably,
the predictive performance significantly deteriorates for tree depths below 7, while
increasing the tree depth beyond 7 does not yield considerable improvement in the
predictive results.
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Figure 4. Effect of max depth on model effectiveness.
4.3. Effect of min samples to split on the effectiveness of models
A survey was conducted to evaluate the performance of the model with respect to
the variation in the minimum number of samples required to split a tree (S), ranging
from 2 to 20, with a fixed number of trees at 12 and maximum tree depth at 7, are
depicted in Figure 5. The results reveal that the model's predictive ability deteriorates as
the min samples to split of tree increases. However, if the min samples to split value is
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set too low, the model may become overly complex, fitting too closely to the training
data and performing poorly on new data (known as overfitting). On the other hand, if
the value is set too high, the model may be too simple and not capture the underlying
patterns in the data, resulting in underfitting. Therefore, it is important to find an
appropriate balance in setting the min samples to split parameter. While the optimal
value may vary depending on the specific dataset and problem, in general, it is
recommended that this value not be set too small in order to avoid overfitting. The
findings suggest that the optimal value of S is 6, leading to an R? of 0.727 and an RMSE
of 0.085.
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Figure 5. Effect of min samples to split on model effectiveness.
4.4. Effect of minimum leaf samples on the effectiveness of models
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Figure 6. Effect of minimum leaf samples on model effectiveness.

The outcomes of a survey aimed at evaluating the accuracy of the model
concerning the variation in the min samples on a leaf parameter (L) ranging from 1 to
20, with a fixed number of trees at 12, maximum tree depth at 7, and minimum samples
required to split a tree at 6, are illustrated in Figure 6. The findings suggest that smaller
L values yield superior prediction results, with an optimal value of 1, resulting in an R?
of 0.721 and an RMSE of 0.085.
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The results indicate that the random forest model, consisting of 12 trees, a
minimum number of samples required to split a tree at 6, a maximum tree depth at 7,
and a minimum number of samples required to form a leaf at 1, exhibits the highest
level of accuracy. Consequently, this model will be selected for subsequent model
validation and verification procedures.

5. Model validation

The performance of the Random Forest (RF) model is presented in this study for
the training and validation sets, as depicted in Figure 7 and Figure 8. The results show
that the RF model exhibits minimal deviation around the best fit line, indicating an
agreement between the measured and predicted data. The model evaluation criteria also
indicate good accuracy within the training dataset, with R squared values of 0.972 for
both slump and specific strength, and RMSE values of 1.366 for slump and 1.274 for
specific strength.

However, the RF model predicted some values beyond the 5% deviation line (Figure 7
and Figure 8), particularly for data that is outside the range of the training dataset. This
phenomenon is consistent with the limitations of empirical models, as RF are better suited
for interpolation than extrapolation. Some data points with the same output value but
different input values may also result in confusion for the RF model, especially when the
number of training data is insufficient (Figure 7). Therefore, increasing the size of the
training dataset could improve the performance of the RF model.

Furthermore, the RF model shows better performance in predicting strength
parameters than slump parameters, as evidenced in Figure 7 and Figure 8. Thus,
developing an RF model to predict concrete strength is more practical than building an
RF model for predicting slump in concrete.

23.00
22.00 |

21.00
20.00 | | ®RF_Testing Best fit line

19.00 || @RF Training
_.18.00 |

E1700 |

£16.00

T15.00 | Deviation - line 5% |:|'>-

- 7

$14.00

(%) ' -

$13.00 | .
] J! °
£1200 4

11.00 |

1000 |

9.00 |

800 [

7.00 G

600 KLt 1
6 7 8 9 101112 13 14 15 16 17 18 19 20 21 22 23

Measured data (cm)

Figure 7. Scatterplots of predicted versus measured data for slump.
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Figure 8. Scatterplots of predicted versus measured data for specific strength.

Slump Specific strength
No. Measured Predicted Deviation Measured Predicted Measured
value (cm) value (%) value value value (cm)
(MPa) (MPa)
1 18.5 16.35 -11.62 92.2 89.47 -2.96
2 17.5 18.39 5.09 88.5 85.56 -3.33
3 18.5 13.00 -29.71 75.4 84.76 12.41
4 18.5 17.31 -6.44 72.6 78.98 8.79
5 18 12.32 -31.53 70.3 80.36 14.32

As the RF model utilizes a randomized feature selection process to construct
decision trees, the significance of individual features is determined by their contribution
to the model's error rate. Specifically, feature importance is measured by the percentage
increase in Root Mean Squared Error (% increase in RMSE) when a given feature is
omitted. This allows for the computation of an importance index, which ranges between
0 and 1, with the sum of all feature indexes being equal to 1. A higher index value
reflects greater feature importance, indicating that the corresponding feature contributes
more substantially to the predictive power of the RF model.

The findings from the feature importance analysis are summarized in Figure 9. As
demonstrated, the Super-Plastic Additive/Adhesive Ratio (x4) was identified as the most
critical input variable in constructing the RF model, with an importance score of 0.470.
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Following this, the Silicafume/Adhesive Ratio (x3) was identified as the next most
important variable, with an importance score of 0.411. These results indicate that the Super-
Plastic Additive/Adhesive Ratio holds significant importance in making concrete samples.
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Figure 9. Features importance analysis.
6. Conclusion

After developing the RF model to predict the slump and strength of concrete, the
following conclusions can be drawn:

- The results suggest that the RF model can be effectively employed for predicting
both the slump and strength of concrete. However, it should be noted that the RF model
performs better in predicting strength parameters than slump parameters. Consequently,
developing an RF model to predict concrete strength is deemed more pragmatic than
building an RF model for predicting concrete slumps.

- While the RF models exhibited high accuracy in predicting concrete properties,
some of the predicted values displayed significant divergence from the measured values.
This observation aligns with the understanding that, like all empirical models, RF
perform optimally in interpolation tasks. Therefore, in order to enhance the performance
of the RF model, it is imperative to expand the training data set to include more diverse
and representative samples.
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SU DUNG MO HINH RUNG NGAU NHIEN TRONG DU BAO O SUT
VA CUONG PO CUA CAC MAU BE TONG CUGNG PO CAO

Vii Vin Tuan?
4Truong Pai hoc Ky thudr Lé Quy Dén

Tom tat: M6 hinh ring ngdu nhién - Random Forest (RF) da dwoc ap dung thanh cong
trong nhiéu bai toan ky thudr do tinh don gian, linh hoat va sir phil hop cho cd nhiém vu phan
logi va hoi quy. Bé tong 1a mét loai vdt liéu xay dung phirc hop, tinh chadt cia né b chi phéi bsi
nhiéu yéu té, vi thé viéc du dodn cdc dac tinh cua bé tong thuong khé khan. Trong bai bdo nay,
tac gia nghién cizu xay dung mét mé hinh RF dé duw dodn dé sut va cwong dg chiu nén cua bé
t6ng cuwong dé cao sir dung phu gia khoang hon hop tir xi 16 cao va silicafume. Céc tiéu chi dé
danh gid d chinh x&c cia md hinh 1a R squared (R?) va sai so trung binh binh phwong (RMSE).
So sanh di liéu dir dodn véi dir liéu thi nghiém, két qua cho thdy méd hinh RF c6 thé duwoc sir
dung dé dy dodn ca hai tham sé: dé sut va cwong dé chiu nén cia bé tong.

Tir khoa: Rung ngau nhién (RF); du doan; do sut ciia bé tong; cuong do cua bé tong.
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