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1. Introduction 

 
Machine learning algorithms, designed to predict and 

classify phenomena based on data characteristics, have 
found applications across a wide range of fields (Bang et al. 
2023, Li et al. 2023a, Peng et al. 2023, Samadi et al. 2023, 
Abdi 2024, Al-Swaidani et al. 2024, Suh 2024). Enhancing 
the reliability of these algorithms requires a high learning 
rate, which in turn necessitates a dataset that accurately 
represents the features of interest (Li et al. 2023b, Zhu et al. 
2023). However, achieving results that align with user 
objectives becomes challenging when the available data for 
the learning process is insufficient. To mitigate this issue, 
various data oversampling algorithms have been proposed. 
One of the initial methods, Random Oversampling (ROS), 
indiscriminately increases data volume. Yet, it has been 
observed that ROS can lead to overfitting and underfitting 
issues in machine learning applications (Kim and Yoon 
2023, Park et al. 2023). To address these shortcomings, the 
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Synthetic Minority Oversampling Technique (SMOTE) was 
developed. SMOTE identifies boundary points based on the 
proximity of neighbors and selectively amplifies data within 
these confines. This approach has been further refined by 
the Borderline SMOTE algorithm, which is specifically 
tailored for solving classification problems, ensuring 
smoother data amplification across the boundaries of 
different data groups. Although SMOTE and BSMOTE 
have been employed in various research areas to yield 
dependable outcomes, determining the optimal amount of 
data amplification remains a significant challenge. 
Consequently, this paper evaluates prediction reliability 
following incremental data amplification, based on the 
volume of raw data, with the goal of establishing a 
benchmark for efficiently scalable data volumes. 

The global issue of wildfires is primarily characterized 
by the loss of human lives and property, but it encompasses 
a broader range of negative impacts caused by uncontrolled 
fires, affecting various environmental, social, and economic 
aspects (Gill et al. 2013). In United States, with a 
significant emphasis on safeguarding private residences, 
firefighting endeavors have led to a consistent increase in 
the expenditure on wildfire suppression by the US 
government, reaching approximately $3 billion annually in 
recent years (Burke et al. 2021). In Canada, in addition, the 
overall expenses associated with wildfire disasters are 
substantially greater when considering not only suppression 
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costs but also recovery expenses, lost revenue, and 
additional impacts such as degradation of air and water 
quality (Tymstra et al. 2020). For this reason, various 
indices related to wildfire occurrence such as Canadian fire 
weather index (FWI) and Fosberg fire weather index 
(FFWI) are introduced for wildfire prediction. However, the 
applicability of those indices in South Korea has not been 
verified even though the meteorological and 
geomorphological aspects are dissimilar. Thus, this study 
utilized the wildfire dataset in South Korea to verify the 
wildfire indices regarding the machine learning algorithms. 

The paper starts by introducing machine learning 
algorithms that can increase data volume and also explains 
the input and output variables comprising the FFWI 
database. Initially, it assesses reliability using the coefficient 
of determination, comparing prediction outcomes with 
actual values while focusing solely on the volume of raw 
data. In the discussion section, it presents the outcomes of 
amplifying data using the SMOTE and BSMOTE 
algorithms. Ultimately, after employing a deep neural 
network, the paper evaluates reliability via the coefficient of 
determination and identifies the minimum amplification 
ratio needed for effective data enhancement. 

 
 

2. Background theory 
 
2.1 Oversampling algorithm 
 
The Synthetic Minority Oversampling Technique 

(SMOTE) is an oversampling algorithm designed to address 
disparities in data volumes across classes in classification 
problems (Chawla et al. 2002). Though initially developed 
for classification challenges, SMOTE has been extended to 
single data amplification issues, making it applicable not 
only to classification but also to prediction. SMOTE 
employs a distance coefficient based on the K-nearest 
neighbors (KNN) methodology, setting a range within 
which data amplification occurs. This process features 
random data amplification. Borderline SMOTE (BSMOTE) 
evolves from the SMOTE technique, aiming to improve the 
reliability of classification problems by increasing the 
number of distinguishable data points at each class’s 
borderline (Han et al. 2005). BSMOTE is engineered to 

 
 

allow data amplification near borderlines, operating under 
the same principles as SMOTE. A distinctive aspect is its 
approach to deciding on data amplification at the 
borderline, which involves comparing the number of 
observations to the number of classes. Although numerous 
methods exist for data oversampling, this paper 
concentrates on two algorithms that have been extensively 
utilized in prior researches. 

 
2.2 Fosberg Fire-Weather Index (FFWI) 
 
Among the various wildfire-related indices, The Fosberg 

fire weather index (FFWI) is a straightforward tool used to 
assess the potential impact of weather conditions on a 
wildland fire, taking into account factors including 
temperature, relative humidity, and wind speed. The FFWI 
serves as a non-linear filter of meteorological data, aimed at 
establishing a linear relationship between combined weather 
variables and wildfire behavior. This flame length 
formulation is essentially comprised of two components: a 
fuel moisture component and a rate of spread component. 
The rate of spread component is derived from Rothermel 
(1972), while the fuel moisture component is determined by 
the equilibrium moisture content as established by Simard 
(1968). The FFWI is calculated as follows 

 𝐹𝐹𝑊𝐼 = ඥ1 +𝑊𝑆ଶ 1 − 2𝑎 + 1.5𝑎ଶ − 0.5𝑎ଷ0.3002  (1)
 

where WS and a are wind speed and equilibrium moisture 
content normalized by 30. 

 
 

3. Database 
 
The dataset is composed of air temperature, humidity, 

and wind speed in South Korea, which are the influencing 
factors of FFWI. Note that three influencing factors are 
obtained from Korea Meteorological Administration 
(KMA). The wildfire occurrence data at 26 cases in last 
decade are collected, and the non-occurred wildfire cases 
are acquired at 3 hours before each wildfire occurrence. The 
relationships between FFWI with influencing factors at 
wildfire occurrence and non-occurrence are presented in 
Figs. 1 and 2. The relationship of FFWI and air temperature 

 
 

 

 
(a) (b) (c) 

Fig. 1 Relationships between FFWI with influencing factors at wildfire occurrence: (a) air temperature; (b) humidity; 
(c) wind speed 
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Fig. 3 Correlation between calculated FFWI at wildfire 

occurrence and non-occurrence 
 
 

shows randomly scattered trend as shown in Figs. 1(a) and 
2(a). Meanwhile, the relationship of FFWI and humidity in 
Fig. 1(b) presents scattered trend as well, but Fig. 2(b) 
shows inversely proportional relationship due to the fact 
that low humidity increases the wildfire occurrence. In 
particular, the FFWI and wind speed shows linear 
proportional relationship even the wildfire occurs or non-
occurs. Thus, the wind speed can be regarded as the most 
significant influencing factor on FFWI in South Korea. In 
addition, most of FFWIs at wildfire occurrence are greater 
than those at non-occurred wildfire as shown in Fig. 3 that 
verifies the reliability of dataset used in this study. 

 
 

4. Result 
 
The Deep Neural Network (DNN) algorithm functions 

by deducing the relationship between input and output data, 
subsequently predicting output values for new input data. In 
this study, the input data was identified as three factors that 
constitute the FFWI, with the FFWI itself being the output 
variable. The algorithm processes the three input variables 
through hidden layers containing 100, 500, and 100 nodes, 
respectively, ultimately outputting through a single node. To 
define the relationship between input and output values at 
each layer, the activation function selected was ReLU, 
aimed at reducing the vanishing effect. The optimization 
method used is the Adam optimizer, with a learning rate of 

 
 

 
Fig. 4 Relationship between true and predicted FFWIs. The 

deep neural network (DNN) was applied to obtain the 
predicted FFWI

 
 

0.0001. The DNN was trained over 200 iterations, using the 
Mean Squared Error (MSE) method for the cost function. 
This setup allowed for the observation of the convergence 
interval across epochs. 

The results of the DNN, obtained with the specified 
hyperparameters, are depicted in Fig. 4 alongside the 
physically computed true values. To visually assess the 
correlation between the two sets of FFWI values, a 1:1 line 
was plotted diagonally. It’s noticeable that the bulk of the 
FFWI values are clustered below approximately 30, 
suggesting that a significant number of predictions fell 
within the 1-30 range. Conversely, the frequency of data 
points with FFWI values over 40 is comparatively low. In 
the segment where FFWI values range from 1-30, the 
predicted FFWI values were found to either under or 
overestimate, displaying no consistent pattern when 
juxtaposed with the actual values. Consequently, the 
coefficient of determination was calculated to be 0.6319, 
illustrating that the predicted FFWI values have low 
reliability. 

 
5. Discussion 

 
5.1 Oversampling algorithm 
 
Fig. 4 indicates that the reliability of the DNN results is 

low. To enhance this, common approaches include 
hyperparameter tuning and increasing the data volume to 
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(a) (b) (c) 

Fig. 2 Relationships between FFWI with influencing factors at wildfire non-occurrence: (a) air temperature; 
(b) humidity; (c) wind speed 
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incorporate diverse features. The objective of this research 
is to examine the impact on reliability with an increase in 
data volume; therefore, the emphasis was on data 
augmentat ion.  The methods employed for  data 
augmentation were the Synthetic Minority Oversampling 
Technique (SMOTE) and the Borderline Synthetic Minority 
Oversampling Technique (BSMOTE), as discussed in the 
background theory section. Data amplification is applied to 
attributes for which it is challenging to secure large 
quantities, aiming to enhance the reliability of predictions. 
However, deciding on an appropriate data volume is 
problematic because the amount of data needed to 
comprehend a phenomenon depends on the data and 
physical quantities obtained. Previous studies using 
amplification algorithms have expanded the data volume by 
factors, such as doubling or tripling the raw data count (Lee 
et al. 2022, Min et al. 2023). Yet, the reliability of the 
prediction outcomes has consistently been satisfactory, even 
with data quantities doubled at a minimum, leading to the 
evident conclusion that the mere application of an 
oversampling algorithm tends to produce favorable 
outcomes. Consequently, it is challenging to propose clear 
and detailed guidelines for increasing data volumes. In this 

 
 

Fig. 5 Raised number of data through oversampling 
algorithms 

 
 

study, to determine a more precise criterion for data 
expansion, the data volume was increased by 10% relative 
to the raw data count, up to a 100% increase, effectively 
doubling the data volume. The augmented data volumes are 
depicted in Fig. 5, with equal amplification for both the 
SMOTE and BSMOTE algorithms. Specifically, starting 
with 52 raw data points, an increase of 5 points was added 
for each 10% increment. Thus, data volumes were achieved 
at 57, 62, 67, 72, 77, 82, 87, 92, 97, and 102 points for 
increments from 10% to 100%. Moreover, the k-nearest 
neighbors (KNN) value was set to 5 for the application of 
the SMOTE and BSMOTE algorithms. 

 
5.2 Cost function 
 
The datasets newly created with SMOTE and BSMOTE 

were utilized for FFWI prediction, applying the DNN 
algorithm. In this application, the hyperparameters were set 
identically to those used in predicting FFWI with raw data. 
Although adjusting hyperparameters might improve 
reliability to suit the characteristics of each data volume, 
this study focused solely on assessing the impact of data 
volume, setting aside the effects of hyperparameters. Thus, 
the hyperparameters were retained at their initial settings. 
Fig. 6 illustrates the cost function over epochs when 
applying the DNN algorithm to the enhanced data. The data 
amplified with SMOTE shows a lower cost function in both 
training and testing phases compared to raw data. Within 
the converging range, the cost function for raw data exceeds 
100, whereas all amplified datasets display values below 
100, indirectly indicating a gradual increase in reliability 
with the number of computations. Furthermore, in the 
training phase, data volumes increased by 10%, 50%, and 
100% exhibit a cost function approaching zero from epoch 
50, signifying efficient learning. The testing phase shows a 
similar pattern, yet the cost function values are significantly 
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Fig. 6 Cost function according to each epoch: (a) synthetic minority oversampling technique (SMOTE); (b) borderline 
synthetic minority oversampling technique
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lower when data volumes are increased by 50% and 100% 
versus a 10% increase. With data enhanced using 
BSMOTE, the cost function values decrease below 100 in 
the training phase, presenting relatively lower figures 
compared to those derived from raw data. However, the 
testing phase diverges from the training experience, 
displaying final cost function values nearly identical to 
those of raw data. Notably, data volumes increased by 10% 
demonstrate minimal variance from the cost function of raw 
data. Despite the 10% data volume increase, the elevated 
cost function in the testing phase suggests a relatively lower 
reliability for FFWI predictions. 

 
 
 

 
 
 

5.3 Prediction 
 
The DNN algorithm was applied to datasets amplified 

with SMOTE and BSMOTE, with the outcomes illustrated 
in Figs. 7 and 8, respectively. These figures combine the 
results from both the training and testing processes, 
showcasing the average coefficient of determination. The 
figures summarize findings from datasets that were 
amplified by 10%, 30%, 40%, 50%, 70%, and 100% 
relative to the volume of raw data. Fig. 7 reveals that a mere 
10% increase in data volume with the SMOTE algorithm 
significantly boosts the coefficient of determination to 
nearly 0.9. Moreover, a 30% data amplification results in 

 
 

 
 
 

 

 
(a) (b) (c) 

 

 

(d) (e) (f) 

Fig. 7 Distributions of predicted FFWI with various number of input variables oversampled by synthetic minority 
oversampling technique (SMOTE) where the number of data has increased by (a) 10%; (b) 30%; (c) 40%; (d) 
50%; (e) 70%; (f) 100% based on the original data count

(a) (b) (c) 
 

 

(d) (e) (f) 

Fig. 8 Distributions of predicted FFWI with various number of input variables oversampled by borderline synthetic 
minority oversampling technique (BSMOTE) where the number of data has increased by (a) 10%; (b) 30%; 
(c) 40%; (d) 50%; (e) 70%; (f) 100% based on the original data count
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a coefficient of determination of 0.9895, indicating a 
notable boost in reliability as it nears 1. However, 
increasing the data volume by 40%, which equates to 72 
data points, leads to a reduced coefficient of determination 
and increased variability in the predicted FFWI. With 
further increases in data volume, the coefficient of 
determination again exhibits an upward trend. This suggests 
that while the amplified data functions on a KNN basis, its 
performance reliability hinges on the efficient amplification 
of the three physical variables. Thus, even with a 40% 
increase in data volume, if the three input variables fail to 
accurately represent the characteristics of the raw data, the 
reliability diminishes. Fig. 8 displays the outcomes for 
datasets amplified with the BSMOTE technique, showing a 
coefficient of determination of 0.8664 with a 10% increase 
in data volume. Mirroring the SMOTE findings, adding just 
10% more data significantly improves the coefficient of 
determination beyond that of the raw data. Furthermore, as 
data volume increases, the coefficient of determination 
generally stays above 0.9, validating that data amplification 
effectively enhances reliability. 

To assess reliability in relation to data volume, the 
coefficient of determination for both raw data and data 
amplified from 10% to 100% was compiled in Fig. 9. 
Contrasting with Figs. 7 and 8, Fig. 9 differentiates between 
the training and testing phases, depicting their detailed 
behaviors in parts (a) and (b), respectively. Throughout the 
training phase, the coefficient of determination is generally 
higher than in the testing phase, with SMOTE and 
BSMOTE demonstrating significantly elevated values of 
0.9821 and 0.9433, respectively, in comparison to the raw 
data’s 0.625. However, the testing phase presents 
coefficients of determination for SMOTE and BSMOTE at 
0.6739 and 0.4038, respectively, indicating similar or 
reduced reliability compared to the raw data outcomes. This 
is in stark contrast to the higher coefficients of 
determination observed when amalgamating the training 
and testing processes in Figs. 7 and 8, underscoring the 
necessity for distinct analyses of the training and testing 
phases as illustrated in Fig. 9. During the training phase, 
SMOTE and BSMOTE showcased reduced reliability with 
coefficients of determination at 0.5893 and 0.5118, 
respectively, when data volume was increased by 40% and 
20%. In the testing phase, SMOTE exhibited low 
coefficients of determination of 0.6739 and 0.4534 at 10% 
and 40% amplification rates, respectively. Furthermore, 
BSMOTE revealed coefficients of determination of 0.4038 

 
 

and 0.6014 at 10% and 20% amplification rates, 
highlighting inadequate reliability. In other intervals, the 
coefficient of determination generally surpasses 0.9, 
implying enhanced reliability beyond the results from raw 
data. Nevertheless, an examination of the testing phase 
outcomes for both SMOTE and BSMOTE algorithms 
exposes diminished reliability in two particular intervals, 
corresponding to amplification rates below 50%. The 
absence of sufficient data to accurately mirror physical 
attributes, even after amplification, inevitably leads to lower 
reliability. This study’s findings suggest that an 
amplification rate of at least 50% relative to raw data 
volume is essential for ensuring dependable outcomes. 
Although the proposed benchmark is derived from the 
characteristics of the input variables utilized in this study 
and may be difficult to standardize, the recommended 
methodology is anticipated to facilitate improved reliability 
in the selection of amplification algorithms for future 
research. 

 
 

6. Conclusions 
 
In this paper, we examined how changes in data volume 

affect reliability using the Synthetic Minority Oversampling 
Technique (SMOTE) and the Borderline Synthetic Minority 
Oversampling Technique (BSMOTE). The study’s principal 
conclusions are as follows: 

 

• The input variables were air temperature, humidity, 
and wind speed, with the Fosberg Fire-Weather 
Index (FFWI) chosen as the output variable. The 
FFWI was calculated based on a physical 
relationship formula among these input variables. 

• The initial dataset comprised 52 raw data points. 
Data volume was incrementally increased by 10% 
across a range from 10% to 100%, relative to the 
number of raw data points. Thus, the dataset 
amplified to 100% included a total of 102 data 
points. It was observed that the reliability of FFWI 
predictions, made using a deep neural network, 
improved when the data amplification rate exceeded 
50%. 

• The research indicates that a data amplification rate 
of at least 50%, relative to the raw data volume, is 
necessary. While the findings are influenced by the 
specific input variables used, providing a 
standardized numerical guideline is challenging. 

(a) (b) 

Fig. 9 Comparison of performance with coefficient of determination: (a) train process; (b) test process. In the x-axis, 
1 represents the count of raw data, while from 2 to 11, it indicates the data quantity incrementally increasing 
from 10% to 100%, based on the raw data
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Nevertheless, the methodology and outcomes of this 
study may serve as valuable references for 
enhancing prediction reliability with amplification 
algorithms. 

 
 

Acknowledgments 
 
This research was supported by the Basic Science 

Research Program through the National Research 
Foundation of Korea (NRF) funded by the Ministry of 
Education (NRF-2020R1A2C2012113). 

 
 

References 
 
Abdi, Y. (2024), “Investigation of the strength behavior and failure 

modes of layered sedimentary rocks under Brazilian test 
conditions”, Int. J. Geo-Eng., 15(1), 6. 
https://doi.org/10.1186/s40703-024-00208-2 

Al-Swaidani, A.M., Meziab, A., Khwies, W.T., Al-Bali, M. and 
Lala, T. (2024), “Building MLR, ANN and FL models to predict 
the strength of problematic clayey soil stabilized with a 
combination of nano lime and nano pozzolan of natural sources 
for pavement construction”, Int. J. Geo-Eng., 15(1), 2. 
https://doi.org/10.1186/s40703-023-00201-1 

Bang, H., Yu, B. and Jeon, H. (2023), “Assembly performance 
evaluation method for prefabricated steel structures using deep 
learning and k-nearest neighbors”, Smart Struct. Syst., Int. J., 
32(2), 111-121. https://doi.org/10.12989/sss.2023.32.2.111 

Burke, M., Driscoll, A., Heft-Neal, S., Xue, J., Burney, J. and 
Wara, M. (2021), “The changing risk and burden of wildfire in 
the United States”, Proceedings of the National Academy of 
Sciences, 118(2), e2011048118. 
https://doi.org/10.1073/pnas.2011048118 

Chawla, N.V., Bowyer, K.W., Hall, L.O. and Kegelmeyer, W.P. 
(2002), “SMOTE: synthetic minority over-sampling technique”, 
J. Artif. Intell. Res., 16, 321-357. https://doi.org/10.1613/jair.953 

Deeming, J.E. (1972), National fire-danger rating system; Rocky 
Mountain Forest and Range Experiment Station, Forest Service, 
USA. 

Fosberg, M.A. (1981), Weather in wildland fire management: the 
fire weather index. 

Gill, A.M., Stephens, S.L. and Cary, G.J. (2013), “The worldwide 
“wildfire” problem”, Ecolog. Applicat., 23(2), 438-454. 
https://doi.org/10.1890/10-2213.1 

GM, B. (1959), “Combustion of forest fuels”, In: Forest fire: 
control and use, pp. 61-89. 

Han, H., Wang, W.-Y. and Mao, B.-H. (2005), “Borderline-
SMOTE: a new over-sampling method in imbalanced data sets 
learning”, In: International Conference on Intelligent 
Computing. https://doi.org/10.1007/11538059_91 

Kim, S. and Yoon, H.-K. (2023), “Application of classification 
coupled with PCA and SMOTE, for obtaining safety factor of 
landslide based on HRA”, Bull. Eng. Geol. Environ., 82(10), 
381. https://doi.org/10.1007/s10064-023-03403-0 

Lee, J.S., Park, J., Kim, J. and Yoon, H.K. (2022), “Study of 
oversampling algorithms for soil classifications by field velocity 
resistivity probe”, Geomech. Eng., Int. J., 30(3), 247-258. 
https://doi.org/10.12989/gae.2022.30.3.247 

Li, W., Zhao, W., Yang, M., Hong, N. and Du, Y. (2023a), 
“Dynamic characteristics monitoring of wind turbine blades 
based on improved YOLOv5 deep learning model”, Smart 
Struct. Syst., Int. J., 31(5), 469-483. 
https://doi.org/10.12989/sss.2023.31.5.469 

Li, Y.-F., He, W.-Y., Ren, W.-X., Liu, G. and Sun, H.-P. (2023b), 
“Dynamic deflection monitoring method for long-span cable-
stayed bridge based on bi-directional long short-term memory 
neural network”, Smart Struct. Syst., Int. J., 32(5), 297-308. 
https://doi.org/10.12989/sss.2023.32.5.297 

Min, D.-H., Kim, Y., Kim, S. and Yoon, H.-K. (2023), “Strategy of 
oversampling geotechnical parameters through geostatistical, 
SMOTE, and CTGAN methods for assessing susceptibility of 
landslide”, Landslides, 1-17. 
https://doi.org/10.1007/s10346-023-02166-9 

Park, J., Lee, J.S. and Yoon, H.K. (2023), “Geoacoustic and 
geophysical data‐driven seafloor sediment classification through 
machine learning algorithms with property‐centered 
oversampling techniques”, Comput.‐Aided Civil Infrastruct. 
Eng., 39(14), 2105-2121. https://doi.org/10.1111/mice.13126 

Peng, X., Zhou, K., Duan, B., Zhong, X., Zhao, C. and Zhang, T. 
(2023), “A fast and simplified crack width quantification 
method via deep Q learning”, Smart Struct. Syst., Int. J., 32(4), 
219-233. https://doi.org/10.12989/sss.2023.32.4.219 

Rothermel, R.C. (1972), A mathematical model for predicting fire 
spread in wildland fuels; Intermountain Forest & Range 
Experiment Station, Forest Service, USA. 

Samadi, H., Hassanpour, J. and Rostami, J. (2023), “Prediction of 
earth pressure balance for EPB-TBM using machine learning 
algorithms”, Int. J. Geo-Eng., 14(1), 21. 
https://doi.org/10.1186/s40703-023-00198-7 

Simard, A.J. (1968), The moisture content of forest fuels; 
University of California Oakland, CA, USA. 

Suh, H.S. (2024), “Evolution of anisotropic capillarity in unsaturated 
granular media within the pendular regime”, Int. J. Geo-Eng., 
15(1), 10. https://doi.org/10.1186/s40703-024-00211-7 

Tymstra, C., Stocks, B.J., Cai, X. and Flannigan, M.D. (2020), 
“Wildfire management in Canada: Review, challenges and 
opportunities”, Progress Disaster Sci., 5, 100045. 
https://doi.org/10.1016/j.pdisas.2019.100045 

Zhu, H., Li, Z., Huang, M., Ji, P., Huang, H. and Zhang, Q. (2023), 
“Automatic assessment of post-earthquake buildings based on 
multi-task deep learning with auxiliary tasks”, Smart Struct. 
Syst., Int. J., 31(4), 383-392. 
https://doi.org/10.12989/sss.2023.31.4.383 

 
 
 

15




