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Abstract. Pillars are important structural units used to ensure mining safety 
in underground hard rock mines. Unstable pillars can significantly increase 
worker safety hazards and sudden roof collapse. Therefore, precise 
predictions regarding the stability of underground pillars are required.  
One common index that is often used to assess pillar stability is the Safety 
Factor (SF). Unfortunately, such crisp boundaries in pillar stability 
assessment using SF are unreliable. This paper presents a novel application 
of Artificial Neural Network-Backpropagation (ANN-BP) and Deep 
Ensemble Learning for pillar stability classification. There are three types of 
ANN-BP used for the classification of pillar stability distinguished by their 
activation functions: ANN-BP ReLU, ANN-BP ELU, and ANN-BP GELU. 
These three activation functions were chosen because they can solve the 
vanishing gradient problem in ANN-BP. In addition, a Deep Ensemble 
Learning process was carried out on these three types of ANN-BP to reduce 
the prediction variance and improve the classification results. This study also 
presents two labeling alternatives for pillar stability by considering its 
suitability with the SF. Thus, pillar stability is expanded into four categories: 
failed with a suitable safety factor, intact with a suitable safety factor, failed 
without a suitable safety factor, and intact without a suitable safety factor. 
There are five features used for each model: pillar width, mining height, bord 
width, depth to floor, and ratio. In constructing the model, the initial dataset 
is divided into training data, validation data, and testing data. In this case, 
four type of proportions are used. For training-testing division the 
proportions are: 80 % : 20 %, 70 % : 30 %, for training-validation-testing 
division the proportions are: 80 % : 10 % : 10 %, 70 % : 15 % : 15 %. 
Average accuracy, 𝐹𝐹1-score, and 𝐹𝐹2-score from 10 trials were used as 
performance indicators for each model. The results showed that the  
ANN-BP model with Ensemble Learning could improve ANN-BP 
performance with an average accuracy 86.48 % and an 𝐹𝐹2-score 96.35 % for 
the category of failed with a suitable safety factor. 
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1 Introducton 
Pillars are important structural components in underground hard rock and coal mining.  
This is because pillars can provide temporary or permanent support for mining and tunneling 
operations [1]. Pillars can protect the machine and ensure the safety of workers [2]. Unstable 
pillars can increase employee safety risks and potential roof collapse [3]. In addition, as the 
mining depth increases, the increased ground pressure can also lead to more frequent and 
serious pillar failures [4]. Therefore, a proper assessment of the stability of the underground 
pillars is necessary. Assessment of the stability of the existing pillars can provide a reference 
for the designer to avoid unwanted accidents [5]. In general, pillar stability can be divided 
into three categories, namely: stable, unstable and failed [6]. Safety Factor (SF) is a common 
index used in several pillar design methodologies to assess pillar stability in relation to pillar 
strength and average pillar stress [2]. SF is calculated by dividing the pillar strength by the 
pillar stress [1]. Theoretically, a rock or coal pillar is considered "unstable" if the SF value is 
less than 1, and "stable" if it is greater than 1. However, such rigid boundaries are often 
unreliable, because the occurrence of unstable pillars is also frequently appears when the SF 
value is above 1 [2, 6].  
 Machine learning techniques have been currently used effectively to evaluate the 
stability of pillars with better accuracy compared to other methods. This is due to an increase 
in the availability of pillar stability data [4]. Unfortunately, from the literature research on 
pillar stability prediction using ANN that has been carried out [1, 7, 8], the use of the 
activation function in the ANN algorithm is still limited to the sigmoid (logistic) function. 
The use of this function can cause vanishing gradient problems when there are many layers 
in an ANN [9, 10]. Vanishing gradient is a situation where the value of the partial derivative 
of the loss/error function gets closer to zero, and the partial derivative disappears. As a result, 
ANN will not improve the model weight [11] and ANN performance will not increase. 
Therefore, the prediction of pillar stability using the ANN algorithm needs to be improved.  
 One way to overcome the vanishing gradient problem in ANN is to replace the activation 
function. Several activation functions that have been proposed in recent years to overcome 
the vanishing gradient problem include ReLU, ELU, and GELU. On the other hand, ensemble 
learning techniques are also used in ANN to improve ANN performance. Ensemble learning 
combines the decisions of several predictors in two ways, namely majority vote and 
averaging. With this combination, the variance of the prediction results will be lower, and 
consequently the accuracy of the prediction results will increase [12].  
 In this study, the authors use the South African coal mining data used in [13] by 
expanding the initial pillar stability categories (intact and failed) into 4 categories based on 
the stability and its suitability with SF value. In addition, the authors also add a ratio variable 
referring to research [14]. Next, the authors use Artificial Neural Network-Backpropagation 
(ANN-BP) with ReLU, ELU, and GELU activation functions for pillar stability 
classification. Furthermore, classification of pillar stability using ensemble learning with the 
ANN-BP basic model was also carried out. The results of the classification using ensemble 
learning are then compared with the performance of a single ANN-BP. 

2 Materials and method 

2.1 Dataset 

The dataset used in this study was taken from a journal written by J.N. van der Merwe and 
M. Mathey [13] entitled “Update of Coal Pillar Database for South African Coal Mining”. 
The data consists of 423 case histories of coal mines in South Africa with 4 types of variables 
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(depth, mining height, bord with, and pillar width) and 2 types of pillar stability labels (intact 
and failed). The intact label means that the pillar is stable, while the failed label means that 
the pillar is unstable which can cause it to collapse. Based on the results of data exploration, 
it was found that the data contained no missing values, and 337 of the 423 cases in the data 
were labeled intact. This means that there is a class imbalance in the data. In addition to the 
4 variables contained in the data, in this study one additional variable was added, namely 
Ratio. The value of the Ratio variable is calculated by dividing the pillar width by mining 
height.  
 Furthermore, the SF value is also calculated for each case in the data using the  
Equation (1) to (3) [13, 15, 16].  

 

𝑆𝑆𝑆𝑆 =
𝑠𝑠𝑝𝑝
𝜎𝜎𝑝𝑝

 (1) 

𝑆𝑆𝑝𝑝 = 5.47
𝑤𝑤0.8

ℎ  MPa (2) 

𝜎𝜎𝑝𝑝 =
25HC2

𝑤𝑤2  kPa (3) 

 
where 𝑤𝑤 denotes pillar width (meters), ℎ denotes pillar height (meters), 5.47 is the strength 
of coal material (MPa), 𝐻𝐻 denotes the depth to the bottom of the mine (meters), 𝐶𝐶 denotes 
the amount of pillar width and the distance between the pillars (bord width) in meters, and 
25 is the multiples of the overburden density and gravitation (kPa/m). Because there are cases 
of pillar stability that are not in accordance with the theory, in this study an extension of the 
pillar stability label was carried out in the dataset used by considering its suitability with the 
safety factor value. The initial labels in the dataset will be expanded from 2 categories (intact 
and failed) to 4 categories (F0, F1, I0, and I1) with the description of each label shown in 
Table 1. Because the expanded label contains additional information on the conformity of 
the pillar stability to the SF, it is necessary to specify the boundaries that determine whether 
the stability of the pillars is suitable with the calculation of the SF.   
 

Table 1. Expanded label descriptions. 

Label Description Safety Factor (SF) Value 

F0 Failed with a suitable safety 
factor 

SF value is lower than the 
specified boundary 

F1 Failed without a suitable safety 
factor 

SF value is higher than the 
specified boundary 

I0 Intact with a suitable safety 
factor 

SF value is lower than the 
specified boundary 

I1 Intact without a suitable safety 
factor 

SF value is higher than the 
specified boundary 

 
 There are two alternative boundary calculations used in this study. Alternative 1,  
the boundary is calculated by taking the midpoint between the two SF averages on each label 
(intact and failed) as in Equation (4). 
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Boundary =
𝐴𝐴𝐴𝐴𝐴𝐴. 𝑆𝑆𝑆𝑆 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 + 𝐴𝐴𝐴𝐴𝐴𝐴. 𝑆𝑆𝑆𝑆 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼

2 = 2.23 (4) 

 
Alternative 2, cases with class labels F1 and I1 are considered as outliers in the SF data for 
each label (intact and failed). Referring to Yang et al. [17], assuming the data is normally 
distributed, the general equation for calculating the outlier threshold in a data is presented in 
Equation (5) and (6). 
 

𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑎𝑎 × 𝑆𝑆𝑆𝑆 (5) 

𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑎𝑎 × 𝑆𝑆𝑆𝑆 (6) 
 
where 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 denote the minimum and maximum threshold respectively. The mean 
denotes the average of the data, and SD denotes the standard deviation of the data. Thus, the 
boundary is determined by calculating SF threshold for each label (intact and failed).  
The threshold used in this study was calculated from the average and standard deviation of 
the safety factor for each label using Equation (5) and (6) with the value 𝑎𝑎 = 1. The threshold 
used for each label is as follows. 
 

𝑇𝑇𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝐴𝐴𝐴𝐴𝐴𝐴. 𝑆𝑆𝑆𝑆 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 + 𝑆𝑆𝑆𝑆𝑆𝑆.𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 2.48 (7) 

𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝐴𝐴𝐴𝐴𝐴𝐴. 𝑆𝑆𝑆𝑆 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 + 𝑆𝑆𝑆𝑆𝑆𝑆.𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 1.42 (8) 
 
where 𝑇𝑇𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 denotes the maximum SF value limit is said to be suitable for failed labels and 
𝑇𝑇𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  denotes the minimum SF value limit is said to be suitable for intact labels. The labeling 
rules using Alternative 1 and Alternative 2 are presented in Table 2. 
 

Table 2. Labeling condition for Alternative 1 and Alternative 2 data. 

Alternative 1 Condition Alternative 2 Condition Label 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 & 𝑆𝑆𝑆𝑆 < 2.23 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 & 𝑆𝑆𝑆𝑆 ≤ 2.48 F0 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 & 𝑆𝑆𝑆𝑆 ≥ 2.23 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 & 𝑆𝑆𝑆𝑆 > 2.48 F1 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 & 𝑆𝑆𝑆𝑆 ≥ 2.23 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 & 𝑆𝑆𝑆𝑆 ≥ 1.42 I0 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 & 𝑆𝑆𝑆𝑆 < 2.23 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 & 𝑆𝑆𝑆𝑆 < 1.42 I1 

2.2 Preprocessing 

Before conducting model training, preprocessing is carried out on the dataset used.  
This step is needed so that the data can be used as input to the model and the model can learn 
the characteristics of the dataset better. The preprocessing performed on the dataset includes 
three stages, namely oversampling, label encoding, and split dataset. The oversampling 
method used in this study is SMOTE. After oversampling, the number of cases for each label 
in Alternative 1 data was 209, while the number of cases for each label in Alternative 2 data 
was 312. Next, label encoding was also performed for each class. This needs to be done 
because ANN-BP cannot read categorical data types. Class F0 is encoded as 0, class F1 is 
encoded as 1, class I0 is encoded as 2, and class I1 is encoded as 3. Furthermore, the data is 
finally divided into training data sets, validation data, and testing data. There are four 
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combinations of data proportions used to test each model, each of which can be seen in  
Table 3. 
 

Table 3. Types of proportions and percentages of training, validation, and testing data. 

Data proportion % Training, validation, and testing 

1 80 % Training, 20 % Testing 

2 70 % Training, 30 % Testing 

3 80 % Training, 10 % Validation, 10 % Testing 

4 70 % Training, 15 % Validation, 15 % Testing 

2.3 Model training 

The ANN-BP architecture used in this study is multilayer perceptron (MLP). The number of 
neurons used in the input layer and the output layer in this architecture are 5 and 4 
respectively (because there are 5 inputs, namely depth, pillar width, mining height, bord 
width, and ratio, and 4 output labels, namely F0, F1, I0 , and I1). In this study, it was 
determined that the number of hidden layers was 4 and the number of neurons contained in 
the hidden layer were 512, 256, 256, and 128 respectively. There were 3 ANN-BP models 
used in this study which were differentiated based on the type of activation function used, 
namely ReLU [18], ELU [19], and GELU [9]. 

The type of ANN-BP ensemble learning used in this study is bagging. The ensemble 
learning process begins with bootstrapping, or sampling with replacement from the training 
data to serve as new training data for each basic model of ensemble learning (ANN-BP ReLU, 
ANN-BP ELU, and ANN-BP GELU). There are 3 types of bootstrap percentages used in this 
study, they are 70 %, 80 %, and 90 %. After bootstrapping, the training process for each 
ANNBP is carried out independently.  

The process of determining the class in ensemble learning is done by doing a majority 
vote on the prediction results of each basic model. If the prediction results of the three  
ANN-BP are different, then the class that becomes the final prediction for ensemble learning 
is the class with the smallest encoding label. In this study, class with the smallest encoding 
label is F0. Class F0 is the best choice when there are differences in predictions among the 
three basic models, because class F0 is a class with the smallest risk of prediction error 
compared to the other classes (F1, I0, and I1). Class F0 is said to have the smallest risk of 
prediction error because the stability of the pillars with class F0 is in accordance with the 
predicted stability based on the calculation of the safety factor. In addition, because the 
predicted stability in class F0 is failed, the possibility of the pillar being built is also lower, 
and consequently the operational costs incurred are also smaller. The ensemble learning 
scheme carried out in this study is shown in Fig. 1.  

In this study, the model simulation was implemented using the Python programming 
language and executed on Google Colab with GPU running time. The model is built using 
the TensorFlow library and trained for 10 times. In TensorFlow, the batch_size parameter 
specifies the number of samples in a batch that are inputted into the neural network before 
updating the model parameters, while the epochs parameter specifies the number of times the 
entire dataset is inputted into the neural network. In this simulation the batch_size used for 
each model is 16 with the maximum number of epochs for one training is 400.  
Models without data validation are trained using accuracy Early Stopping with a value of 
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patience = 10, which means the model will stop the training process if the training accuracy 
value is not improved after 10 epochs. Meanwhile, models with validation data are trained 
using val_loss Early Stopping with a value of patience = 10, which means the model will 
stop the training process if the validation loss value does not improve after 10 epochs. 

 

 

Fig. 1. Skema Ensemble Learning pada ANN-BP ReLU, ANN-BP ELU, dan ANN-BP GELU. 

3 Results and discussion 
The average accuracy and standard deviation of accuracy from 10 trials of the four models 
(ANN-BP ReLU, ANNBP ELU, ANN-BP GELU, and Ensemble Learning) for each data 
(Alternative 1 and Alternative 2) are presented in Table 4 to 7. 

Based on the results of the average model accuracy using Alternative 1 data, ANN-BP 
with GELU activation function produces a better average accuracy compared to ANN-BP 
with ReLU and ELU activation functions for each data proportion, which is at least 0.08 % 
higher in the 4th type of data proportion. The best average accuracy produced by ANN-BP 
GELU is obtained in the 3rd data proportion, which is 92.02 %. On the other hand, with the 
same type of data proportion, the use of ensemble learning can increase the average accuracy 
produced by a single ANN-BP by at least 0.12 % in the 3rd type of data proportion.  
 

Table 4. Average accuracy of the four models for Alternative 1 data. 

Data 
Proportion 

ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 

(70 %) 

Ensemble 
Learning 

(80 %) 

Ensemble 
Learning 

(90 %) 

1 85.30 % 82.44 % 87.50 % 89.88 % 89.29 % 89.29 % 

2 83.20 % 84.30 % 85.26 % 90.20 % 89.44 % 88.73 % 

3 88.69 % 88.33 % 92.02 % 92.98 % 92.14 % 92.86 % 

4 84.68 % 83.17 % 84.76 % 87.94 % 89.37 % 89.29 % 
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Table 5. Average accuracy of the four models for Alternative 2 data. 

Data 
Proportion 

ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 

(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

1 83.48 % 82.48 % 86.32 % 88.32 % 88.68 % 88.76 % 

2 83.60 % 85.44 % 87.73 % 90.64 % 90.37 % 90.21 % 

3 82.16 % 82.56 % 83.52 % 87.12 % 87.92 % 86.48 % 

4 85.48 % 83.24 % 87.98 % 89.15 % 89.20 % 89.31 % 

 

Table 6. Standard deviation of model accuracy using Alternative 1 data. 

Data 
Proportion 

ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

1 3.74 % 4.14 % 2.24 % 1.12 % 0.56 % 1.64 % 

2 4.42 % 3.99 % 3.69 % 0.96 % 0.63 % 1.33 % 

3 3.60 % 3.21 % 2.03 % 1.43 % 1.00 % 1.59 % 

4 2.43 % 2.11 % 3.17 % 1.62 % 1.25 % 1.07 % 

 

Table 7. Standard deviation of model accuracy using Alternative 2 data. 

Data 
Proportion 

ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

1 1.83 % 6.84 % 3.65 % 0.75 % 0.98 % 1.18 % 

2 2.32 % 3.42 % 1.71 % 0.98 % 0.61 % 0.78 % 

3 2.30 % 2.92 % 3.83 % 1.66 % 1.86 % 1.53 % 

4 2.31 % 4.62 % 1.57 % 1.55 % 0.97 % 0.47 % 

 
The best average accuracy produced using ensemble learning is obtained using 70 % 
percentage of bootstrap in the 3rd type data proportion, which is 92.98 %. This means that 
the model can provide the right pillar stability predictions for around 92.98 % of the data 
from all the testing data used, or in other words, the chance that the model gives the right 
predictions for the testing data used is 92.98 %. 

Based on the results of the average model accuracy using Alternative 2 data, ANN-BP 
with GELU activation function produces a better average accuracy compared to ANN-BP 
with ReLU and ELU activation functions for each data proportion, which is at least 1.36 % 
higher in the 3rd type of data proportion. The best average accuracy produced by ANN-BP 
GELU is obtained in the 4th data proportion, which is 87.98 %. On the other hand, the use 
ensemble learning can increase the average accuracy produced by a single ANN-BP, at least 
by 1.17 % in the 4th type data proportion. The best average accuracy produced using 
ensemble learning is obtained using 70 % percentage of bootstrap in the 2nd type data 
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proportion, which is 90.64 %. This means that the model can provide the right pillar stability 
predictions for around 90.64 % of the data from all the testing data used, or in other words, 
the chance that the model gives the right predictions for the testing data used is 90.64 %. 
Overall, of the two data alternatives, ensemble learning increases the average accuracy 
produced using single ANN-BP for each data proportion. However, the difference of average 
accuracy in ensemble learning for each bootstrap percentages is still very small (not reaching 
1 %). 

In Alternative 1 data, the standard deviation of ensemble learning accuracy only ranges 
from 0.56-1.64 %, with the smallest standard deviation of accuracy is obtained using 
Ensemble Learning 80 % in the 1st data proportion and the largest standard deviation of 
accuracy is obtained using Ensemble Learning 90 % in the 1st data proportion. Meanwhile, 
the standard deviation of single ANN-BP accuracy ranges from 2.03-4.42 %, with the 
smallest standard deviation of accuracy obtained using the GELU activation function in the 
3rd data proportion and the largest standard deviation of accuracy obtained using the ReLU 
activation function in the 2nd data proportion. 

In Alternative 2 data, the standard deviation of ensemble learning accuracy only ranges 
from 0.47-1.86 %, with the smallest standard deviation of accuracy obtained using Ensemble 
Learning 90 % in the 4th data proportion and the largest standard deviation of accuracy 
obtained using Ensemble Learning 80 % in 3rd data proportion. Meanwhile, the standard 
deviation of single ANN-BP accuracy ranges from 1.57-6.84 %, with the smallest standard 
deviation of accuracy obtained using the GELU activation function in the 4th data proportion 
and the largest standard deviation of accuracy obtained using the ELU activation function in 
the 1st data proportion. 

Because the value is smaller, the standard deviation of ensemble learning accuracy is said 
to be better when compared to the standard deviation of single ANN-BP accuracy on both 
data alternatives. This means that the percentage accuracy of the prediction results using 
ensemble learning does not fluctuate too much from the average accuracy. 

In addition to the average accuracy and standard deviation of accuracy, the 𝐹𝐹1 score for 
each class label in the two data alternatives is also calculated and presented in Table 8 to 15.  
In particular, cases with class label F1 must be prioritized compared to cases with other class 
labels (F0, I0, and I1) because F1 is the most dangerous class. It is said to be the most 
dangerous because based on the calculation of the safety factor, pillars in the F1 class are 
categorized as intact, but in reality these pillars failed. Cases in this class will cause greater 
operational losses compared to other classes. Therefore, the authors assume that it is much 
worse to miss a failed stability prediction than to give a false alarm for an intact pillar 
stability. This means, in the F1 category, recall in more important than precision.  
 

Table 8. 𝐹𝐹1 score for 1st data proportion (Alternative 1). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

F0 81.87 % 79.44 % 83.12 % 86.27 % 86.73 % 86.13 % 

F1 94.54 % 91.81 % 96.39 % 97.42 % 96.90 % 97.01 % 

I0 85.54 % 81.31 % 89.92 % 90.66 % 89.01 % 89.88 % 

I1 78.83 % 75.80 % 80.50 % 84.69 % 83.76 % 83.53 % 
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Table 9. 𝐹𝐹1 score for 2nd data proportion (Alternative 1). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

F0 79.90 % 79.24 % 80.47 % 85.69 % 84.79 % 83.98 % 

F1 89.40 % 91.94 % 93.40 % 96.36 % 95.98 % 96.05 % 

I0 84.50 % 86.65 % 88.86 % 93.56 % 93.16 % 92.22 % 

I1 79.40 % 79.86 % 79.53 % 86.34 % 85.01 % 83.78 % 

 

Table 10. 𝐹𝐹1 score for 3rd data proportion (Alternative 1). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

F0 89.62 % 89.57 % 90.47 % 90.56 % 89.00 % 90.40 % 

F1 91.83 % 90.85 % 96.94 % 98.11 % 97.34 % 97.83 % 

I0 85.13 % 85.13 % 92.81 % 94.80 % 94.98 % 94.94 % 

I1 87.48 % 87.34 % 88.34 % 89.08 % 88.07 % 88.98 % 

 

Table 11. 𝐹𝐹1 score for 4th data proportion (Alternative 1). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

F0 79.27 % 80.46 % 81.42 % 87.43 % 87.77 % 88.21 % 

F1 94.75 % 91.45 % 95.00 % 94.50 % 96.14 % 96.13 % 

I0 88.63 % 84.90 % 87.25 % 87.42 % 91.01 % 90.31 % 

I1 74.40 % 73.75 % 72.69 % 79.88 % 80.40 % 80.03 % 

 

Table 12. 𝐹𝐹1 score for 1st data proportion (Alternative 2). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

F0 72.83 % 74.46 % 78.60 % 80.52 % 81.37 % 81.98 % 

F1 94.91 % 95.49 % 96.61 % 97.06 % 97.13 % 97.42 % 

I0 80.91 % 81.98 % 84.51 % 86.59 % 87.48 % 87.94 % 

I1 83.58 % 76.91 % 84.73 % 88.28 % 88.16 % 87.37 % 
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Table 13. 𝐹𝐹1 score for 2nd data proportion (Alternative 2). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

F0 72.57 % 74.54 % 79.27 % 82.96 % 82.33 % 82.16 % 

F1 95.58 % 96.16 % 96.84 % 98.19 % 97.99 % 97.94 % 

I0 82.72 % 85.12 % 86.53 % 91.01 % 91.70 % 91.45 % 

I1 82.82 % 85.19 % 87.66 % 90.24 % 89.54 % 89.42 % 

 

Table 14. 𝐹𝐹1 score for 3rd data proportion (Alternative 2). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

F0 70.15 % 70.56 % 74.14 % 77.55 % 77.62 % 74.68 % 

F1 94.85 % 94.23 % 93.87 % 96.68 % 97.37 % 96.68 % 

I0 79.28 % 79.77 % 76.52 % 88.05 % 88.93 % 86.44 % 

I1 79.78 % 81.33 % 84.53 % 83.84 % 84.91 % 84.42 % 

 

Table 15. 𝐹𝐹1 score for 4th data proportion (Alternative 2). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

F0 70.15 % 70.56 % 74.14 % 77.55 % 77.62 % 74.68 % 

F1 94.85 % 94.23 % 93.87 % 96.68 % 97.37 % 96.68 % 

I0 79.28 % 79.77 % 76.52 % 88.05 % 88.93 % 86.44 % 

I1 79.78 % 81.33 % 84.53 % 83.84 % 84.91 % 84.42 % 

 
In this study, F1 class recall is considered to be twice as important as F1 class precision. 
Therefore, the 𝐹𝐹2 score for each model is calculated for the F1 category by choosing the value 
𝛽𝛽 = 2 in the 𝐹𝐹β evaluation metric function. The results of calculating the 𝐹𝐹2 score from class 
F1 for each data alternative are presented in Table 16 to 17. 

Based on the 𝐹𝐹1 score obtained in Alternative 1 data, among the other two types of 
activation function, GELU activation function provides better model performance in 
classifying the majority of class labels in each type of data proportion (except data with label 
I1 in the 2nd and 4th data proportion). The best 𝐹𝐹1 score obtained using GELU activation 
function in Alternative 1 data can be found in the 3rd data proportion, with the 𝐹𝐹1 score from 
class F0 is 90.47 %, class F1 is 96.94 %, class I0 is 92.81 %, and class I1 is 88, 34 %.  
On the other hand, ensemble learning provides better performance for detecting the stability 
of each label for almost every data proportion. The best 𝐹𝐹1 score obtained using ensemble 
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learning in Alternative 1 data can be found in the 3rd data proportion. The bootstrap 
percentage that was used is 70 %, with the 𝐹𝐹1 score from class F0 is 90.56 %, class F1 is 
98.11 %, class I0 is 94.80 %, and class I1 is 89, 08 %. 

 

Table 16. 𝐹𝐹2 score of class F1 (Alternative 1). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

1 94.59 % 92.08 % 97.00 % 98.95 % 98.61 % 98.78 % 

2 91.75 % 93.72 % 94.11 % 98.51 % 98.35 % 98.38 % 

3 93.54 % 90.56 % 97.05 % 98.38 % 96.35 % 97.12 % 

4 97.83 % 94.34 % 97.77 % 97.72 % 98.42 % 98.41 % 

 

Table 17. 𝐹𝐹2 score of class F1 (Alternative 2). 

Label ANN-BP 
ReLU 

ANN-BP 
ELU 

ANN-BP 
GELU 

Ensemble 
Learning 
(70 %) 

Ensemble 
Learning 
(80 %) 

Ensemble 
Learning 
(90 %) 

1 96.57 % 96.61 % 98.17 % 98.80 % 98.83 % 98.95 % 

2 97.24 % 96.99 % 98.09 % 99.27 % 99.19 % 99.17 % 

3 96.13 % 93.94 % 94.13 % 97.85 % 98.93 % 97.85 % 

4 97.72 % 96.70 % 98.08 % 97.90 % 98.13 % 98.13 % 

 
Based on the 𝐹𝐹1 score obtained in Alternative 2 data, among the other three types of 

activation function, GELU activation function provides better model performance in 
classifying the majority of class labels in each type of data proportion (except data with label 
I1 in the 1st, 2nd and 3rd data proportion, and data with label I0 in the 3rd data proportion). 
The best 𝐹𝐹1 score obtained using GELU activation function in Alternative 2 data can be found 
in the 2nd data proportion, with the 𝐹𝐹1 score from class F0 is 79.27 %, class F1 is 96.84 %, 
class I0 is 86.53 %, and class I1 is 87.66 %. In this data alternative, ensemble learning 
provides equal or better performance for detecting the stability of each label for almost every 
proportion of data. The best 𝐹𝐹1 score obtained using ensemble learning in Alternative 2 data 
can be found in the 2nd data proportion. The bootstrap percentage that was used is 70 %, 
with the 𝐹𝐹1 score from class F0 is 82.96 %, class F1 is 98.19 %, class I0 is 91.70 %, and class 
I1 is 90.24 %. 

Based on Table 16-17, it can be seen that ensemble learning provides better performance 
in detecting class F1 for all types of data proportions compared to single ANN-BP. In 
Alternative 1, the 𝐹𝐹2 score of class F1 obtained using ensemble learning reaches 98.95 % 
(Ensemble Learning 70 %). In Alternative 2, the 𝐹𝐹2 score of class F1 obtained using ensemble 
learning reaches 99.27 % (Ensemble Learning 70 %). This means that the ensemble learning 
model has a very good ability in focus on detecting the presence of class F1. 

 
 

11

ITM Web of Conferences 61, 01008 (2024)
9th ISCPMS 2023

  https://doi.org/10.1051/itmconf/20246101008



4 Conclusion 
Among the three types of ANN-BP activation functions, GELU activation function provides 
the best performance in the classification of pillar stability measured based on average 
accuracy, standard deviation, and 𝐹𝐹1 score. The best average accuracy using ANN-BP GELU 
on Alternative 1 and 2 data are 92.02 % (in the 3rd data proportion) and 87.98 % (in the 4th 
data proportion) respectively. The best standard deviation of accuracy obtained using  
ANN-BP GELU on Alternative 1 and 2 data is 2.03 % (3rd data proportion) and 1.57 %  
(4th data proportion) respectively. 
 Ensemble learning (EL) provides excellent performance in the pillar stability 
classification measured by accuracy, standard deviation, 𝐹𝐹1 score. The best average accuracy 
using EL in Alternative 1 and 2 data are 92.98 % (EL70 %) and 90.64 % (EL 70 %) 
respectively. The best standard deviation of accuracy using EL in Alternative 1 and 2 data 
are 0.56 % (EL 80 %) and 0.47 % (EL 90 %) respectively. 
 The use of ensemble learning can improve the performance of the pillar stability 
classification of a single ANN- BP, with an increase in average accuracy of at least 0.12 % 
for Alternative 1 data and 1.17 % for Alternative 2 data. Ensemble learning also reduces the 
standard deviation of accuracy to a maximum of 1 .64 % for Alternative 1 data and 1.86 % 
for Alternative 2 data. 
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