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adverse geological features (Wu et al., 2018; Adoko et al., 2020; Hekmatnejad et al., 2021; Zuo et al., 
2024). One of the main reasons FoG incidents remain difficult to prevent is the inherent variability in 
rock mass properties and geological structures surrounding underground excavations (Adoko et al., 
2019). In addition, relevant geological data may not always be readily available. Therefore, 
quantifying FoG behaviour as the mechanical response of the surrounding rock masses due to mining 
is essential in ground control. 

Recent developments in rock engineering have introduced system-based and data-driven methods to 
address this task. For example, the Rock Engineering Systems (RES) approach introduced by Hudson  
(1992) provides a structured device for analysing complex geotechnical problems by representing the 
interactions among influencing parameters through an interaction matrix (Shin et al., 2009; Zhang et 
al., 2024; Salmi et al., 2025). However, the assignment of parameter weights in RES often relies on 
expert judgment, which introduces subjectivity into the analysis (Adoko et al., 2019; Zhang et al., 
2024). To address that issue,this study proposes an ANN-based RES approach to objectively 
determine the FoG system weightsas suggested by several studies (Li et al., 2019).  

2 Methods 

2.1 FoG data description 
The East-Sary Oba underground mine, located in Central Kazakhstan is used as a case study. It 
operates room-and-pillar mining systems. The mine has experienced several significant FoG incidents 
in recent years. Each case includes field observations and design parameters such as the excavation 
dimensions, rock mass condition, support, geology, groundwater, and the FoG size. The mine is 
characterized by structurally complex rock mass conditions, including faults, shear zones, variable 
lithological contacts, and calcite-filled fracture networks (Kazakhmys Corporation LLC, 2019). 
Ground support systems used in the mine consist mainly of steel and polymer anchor bolts and 
shotcrete (Shaposhnik, 2022). The ground water conditions vary, ranging from dry to localized inflow 
with the maximum inflow of 3.85 L/s (Issayeva et al., 2025). The selected variables employed for the 
FoG hazard assessment encompass 13 parameters namely, excavation type (P1), excavation span (P2), 
excavation height (P3), excavation depth (P4), fault presence (P5), shear zone (P6), groundwater 
condition (P7), support category (P8), fracture rating (P9), uniaxial compressive strength (P10), 
friction angle (P11) and geological conditions (P12). The dependent parameter is FoG (P13). Fig. 1 
shows the correlations between parameters.  

 
Fig. 1 Heatmap showing the correlations between the FoG 
and its controlling factors. 

 
Fig.2 Illustration of the working principle of the Rock 
Engineering System. 

2.2 Rock Engineering System (RES) 

2.2.1 Basic overview of the RES 
The working principle of RES is illustrated in Fig.2 and uses a cause-effect mechanism that relates 
every factor influencing the problem at hand (e.g. FoG) to every other factor with different weights 
according to their influence. An interaction matrix (IM) is constructed by positioning diagonally each 
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influencing parameter, Pi and Pj. Then, using a clockwise convention, their interactions are represented 
in the off-diagonal boxes.For a multiple-dimensional interaction matrix containing n input parameters 
Pn, a n n matrix (i.e. n rows by n columns) is obtained. Next, the interactions (off-diagonal 
components ,( )ijI i j ) are typically rated using a semi-quantitative scale ranging from 1 to 4(Hudson, 
1992), depending on the strength of the interaction. This step is known as IM encoding. The resulting 
ratings constitute the interaction matrix. After the matrix has been coded, the cause-effect interactions 
can be quantified. The sum of the row values for each parameter is called cause value and denoted as 
Ci, and the sum of the column values is the effect value Ei. The cause Ci, and effect Ei associated with 
the ith parameter Pi for the ith row and the jth column can be computed as (Hudson, 1992): 

 
=1 =1

= ;  =
n n

i ij j ij
j i

C I E I   (1) 

where ijI represents the interaction components of the IM; iC is calculated over jth  column while jE
is obtained over ith  row. Then, the weights assigned to each parameter influencing the FoGbehaviour 
can be expressed as the percentage of the sum of the system’s cause and effect for such parameters 
according to the following equation: 

 += 100
+

i i
i

i i

C EW
C E


 

 (2) 

The FoG index describing the FoG behaviour is computed as: 

  = i iFoG index W V  (3) 

In Eq. 3 iV  denotes the rating values (Adoko et al., 2017) assigned to each the parameter iP of FoG 
system. The values of FoG index can range from 0 to 100. The higher the index value, the greater the 
FoG risk. 
 

2.2.2 RES weighs as the first order partial derivatives of a trained ANN 
To obtain the components of the interaction matrix without using a semi-qualitative rating method, a 
first-order partial derivatives of a trained ANN model can be used (Li et al., 2019). The interaction 
components are computed using the first partial derivatives of the network output with respect to each 
input parameter: 

 𝐼𝑀௜௝ = 𝜕𝑜௜𝜕𝑜௝ 
(4) 

Where 𝑜௜ represents the output associated with parameter 𝑃௜, 𝑜௝  represents the input corresponding to 
parameter  𝑃௝. These derivatives capture the sensitivity of the system response to changes in individual 
parameters and inherently account for nonlinear relationships learned by the ANN.  

3 Results  

3.1 Derivation of the RES Interaction Matrix 
The FoG database described in Section 2.1 was used to train a Back Propagation Neural Network 
(BPNN) in order to quantify the interactions among the selected parameters. MATLAB is used for the 
training. The input parameters consist of the 12 selected parameters while the target variable was the 
FoG size. The network was configured with the feed forward net function. The network architecture 
(Fig. 3) consisted of an input layer (12 nodes), an output layer (12 nodes) and two hidden layers (10 
neurons each) as suggested by recent works (Adoko et al., 2017). This configuration allows the 
calculation of first-order partial derivatives once the training is completed. The traditional Levenberg-
Marquardt back propagation algorithm was used; the datasets were randomly divided into training, 
validation and testing datasets. The testing results indicated a prediction accuracy of 0.95. Fig. 4 
shows the best validation performance given by the mean square error (MSE); the best validation 
performance was 0.00053 at epoch 37, which was considered satisfactory for this study. Table 1 
presents the components of the interaction matrix after training, according to Eq. 4. As can be seen the 
interactions along the diagonal are almost equal to 1 highlighting an adequate training of the network.  
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Fig. 3 ANN configuration for the FoG index.  

 
Fig. 4 Network performance.  

 
Table 1 ANN-based interaction matrix  

0.995 0.751 0.888 0.001 0.130 0.020 0.150 0.599 0.362 0.160 0.180 0.175 
0.544 0.899 0.555 0.003 0.100 0.070 0.333 0.801 0.000 0.050 0.100 0.775 
0.262 0.650 1.001 0.000 0.000 0.000 0.210 0.485 0.000 0.090 0.001 0.362 
0.231 0.451 0.355 0.998 0.958 0.997 0.205 0.629 0.555 0.025 0.090 0.666 
0.501 0.821 0.821 0.431 1.000 0.562 0.172 0.762 0.751 0.578 0.752 0.558 
0.362 0.548 0.613 0.000 0.000 1.002 0.376 0.862 0.058 0.354 0.689 0.850 
0.274 0.175 0.150 0.000 0.188 0.000 0.998 0.362 1.000 0.004 0.012 0.650 
0.001 0.001 0.000 0.000 0.000 0.000 0.000 1.000 0.362 0.062 0.080 0.362 
0.000 0.492 0.410 0.000 0.200 0.151 0.051 0.755 0.971 0.256 0.090 0.405 
0.003 0.007 0.003 0.018 0.003 0.009 0.250 0.010 0.024 1.005 0.120 0.758 
0.020 0.004 0.020 0.003 0.180 0.010 0.003 0.003 0.003 0.457 1.001 0.845 
0.301 0.333 0.444 0.050 0.008 0.013 0.020 0.690 0.604 0.019 0.002 1.003 

3.2 Parameter weight, intensity and dominance  
The weights of the FoG system are computed according to Eqs. 1-2 and the obtained interaction 
matrices. The results are presented in Table 2. It can be seen that the most important parameters are 
P2, P5, P8 and P12 while the least important include P4, P10 and P11.  

 
Fig. 5 Cause vs Effet plot.  

 
Fig. 6 Comparison between normalized FoG index and 
Actual Fog.  
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Table 2. FoG parameter weights.  

 

 

Fig.5 shows the cause-effect plot illustrating the different interactions among parameters in the FoG 
system. The most intense parameters include P12, P2 and P8; the most dominant parameters were P5 
and P8. However, P8 influences the system more by its effect while P5 more with its cause. 
Meanwhile P7, P9, P10, and P11 seem to have equal cause and effect in the system. These parameters 
exert comparatively limited influence on FoG occurrence. 

3.3 Fog index  
Finally, the FoG index was calculated for the whole dataset according to Eq. 3. In order to validate the 
results, the FoG index values were compared with observed FoG size. The results are provided in Fig. 
8. As it can be seen, a power function was used to fit the data. A coefficient of correlation of R = 0.83 
(R2 = 0.69) was obtained, indicating a strong correlation between the proposed index and the actual 
FoG.The index was scaled into [0,1] for convenience. Based on its definition (see Eq. 3), it integrated 
the 12 parameters to describe the FoG size. The FoG size can be estimated using the following 
empirical relationship:           𝐹𝑜𝐺 𝑖𝑛𝑑𝑒𝑥_𝑛𝑜𝑟𝑚 = 0.21𝐹𝑜𝐺଴.ଶ଴ (6) 

4 Discussions 
The results indicate that fracture rating, shear zones, support category, excavation span, fault presence, 
and geo-engineering rating were the most influential parameters controlling the FoG Index. These 
findings are consistent with the dominant FoG mechanisms observed at the East Sary-Oba mine, 
including roof subsidence, wedge failures in shear zones, bedding-plane failures, and structurally 
controlled failures in faulted areas (Shaposhnik, 2022). Conversely, parameters such as intact rock 
UCS, friction angle, groundwater condition, excavation depth, height, and excavation type exhibited 
comparatively lower influence, suggesting that their influence is secondary under the geo-engineering 
conditions of the East Sary-Oba mine. Similar trends have been reported in recent FoG-related studies 
(Małkowski & Juszyński, 2021). The results further demonstrate that the integration of ANN and RES 
provides a robust framework for FoG hazard assessment. The ANN-based weighting process reduces 
the subjectivity associated with expert-driven approaches while preserving the interpretability of the 
RES methodology. However, the ANN architecture and hyperparameters were selected through 
iterative trial-and-error procedures, and the current database remains limited for broader 
generalization. Future studies should therefore focus on expanding the dataset, incorporating 
additional parameters such as blasting effect on the excavations (Imashev et al., 2024) and accounting 
for uncertainties in parameter properties (Adoko et al., 2011), and implementing advanced 
optimization techniques to improve model robustness and transferability. 

5 Conclusions 
This study proposed a novel FoG Index based on the integration of Rock Engineering System and 
ANN to quantify FoG hazards in underground excavations. Using over 100 FoG cases from the East 
Sary-Oba mine, the results showed that excavation span (P2), fault presence (P5), support category 
(P8), fracture rating (P9), and geo-engineering rating (P12) were the most influential parameters 
controlling FoG occurrence. Among them, P5 and P8 were identified as the dominant factors. An 
empirical relationship between the FoG Index and observed FoG conditions yielded a strong 
correlation coefficient (R= 0.83), demonstrating good agreement with field observations. The results 
suggest that the FoG Index can serve as apractical tool for FoG hazard assessment, ground control 
design, and geotechnical risk management.  However, the ANN training relied on trial-and-error 
optimization, and the dataset remains limited for broader generalization. Future work should extend 
the database to additional mining sites and incorporate advanced optimization and reliability analysis 
techniques. 

 P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 
RES 7.6 10.8 9.0 5.5 9.9 8.1 5.8 11.0 10.2 4.4 4.7 13.1 
ANN-RES 8.0 10.2 8.5 7.7 11.5 8.8 6.2 9.2 8.8 4.4 4.9 12.0 
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