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1  Introduction

Radon, a naturally occurring radioactive gas produced by 
the decay of uranium and thorium in rocks and soils, poses 
a significant health risk when accumulated indoors due 
to its association with lung cancer (Mezquita et al. 2019; 
Lorenzo-González et al. 2019; Riudavets et al. 2022). 
Studies have shown that indoor radon is the second lead-
ing cause of lung cancer, with its impact being particularly 
pronounced in certain demographics such as males and indi-
viduals aged 40–45 (Qiang et al. 2023). Other health issues 
linked to radon exposure include respiratory problems such 
as potential aggravation of asthma (Mukharesh et al. 2022; 
Banzon et al. 2023). To address these risks, it is crucial to 
monitor and control indoor radon concentrations, as recom-
mended by the European Union Basic Safety Standards, 
which emphasize the importance of proper ventilation in 
reducing radon levels in dwellings and workplaces (Qiang 
et al. 2023). Computational fluid dynamics simulations 
have demonstrated that indoor radon concentrations can 
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Abstract
Radon is a naturally occurring radioactive gas found in many terrestrial materials, including rocks and soils. Due to the 
potential health risks linked to persistent exposure to high radon concentrations, it is essential to investigate indoor radon 
accumulation. This study generated indoor radon index maps for Chungcheongbuk-do, South Korea, selected factors such 
as lithology, soil depth texture, drainage, material composition, surface texture, soil thickness, calcium oxide and strontium 
levels, slope, topographic wetness index, wind exposure, valley depth, and the LS factor. These factors were analyzed 
using frequency ratios (FRs) to assess the influence on indoor radon distribution. The resulting maps were validated with 
several techniques, including FR, convolutional neural network, long short-term memory, and group method of data han-
dling. The establishment of a geospatial database provided a basis for the integration and analysis of indoor radon levels, 
along with relevant geological, soil, topographical, and geochemical data. The study calculated the correlations between 
indoor radon and diverse factors statistically. The indoor radon potential was mapped for Chungcheongbuk-do by applying 
these techniques, to assess the potential radon distribution. The robustness of the validated model was assessed using the 
area under the receiver operating curve (AUROC) for both training and testing datasets.

Keywords  Artificial Intelligence (AI) · Convolutional Neural Networks (CNN) · Geospatial Analysis · Group Method of 
data Handling (GMDH) · Indoor Radon Level · Long short-term Memory (LSTM)

Received: 25 July 2024 / Revised: 12 December 2024 / Accepted: 29 December 2024
© King Abdulaziz University and Springer Nature Switzerland AG 2025

AI-Driven Geospatial Analysis of Indoor Radon Levels: A Case Study in 
Chungcheongbuk-do, South Korea

Liadira Kusuma Widya1,2  · Fatemeh Rezaie3,4 · Jungsub Lee5 · Jongchun Lee5 · Bo Ram Park5 · Juhee Yoo5 · 
Woojin Lee6 · Saro Lee3,4

1 3

http://orcid.org/0009-0008-0634-2227
http://orcid.org/0000-0003-0409-8263
http://crossmark.crossref.org/dialog/?doi=10.1007/s41748-025-00582-6&domain=pdf&date_stamp=2025-2-5


L. K. Widya et al.

be significantly influenced by ventilation rates, with higher 
concentrations near the floor and lower values near air inlets 
(Qiang et al. 2023). The South Korean Indoor Air Qual-
ity Control in Public Use Facilities Act and U.S. Environ-
mental Protection Agency both recommend an upper limit 
of 148 Bq/m³. These findings emphasise the importance of 
regular monitoring and specific decisions to mitigate the 
risks associated with indoor radon exposure.

The likelihood of radon being present and its distribu-
tion on radon potential maps is intricately linked to many 
geological factors (Friedmann and Gröller 2010; Ciotoli 
et al. 2017; Haneberg et al. 2020), geochemical concentra-
tions (Cho et al. 2015; Cho and Choo 2019), soil condi-
tions (Panahi et al. 2022), topography (Szabó et al. 2014; 
Hwang et al. 2017), and climate (Petermann et al. 2021). 
Geological settings, such as the presence of uranium-bear-
ing rocks and soils, can significantly affect radon levels due 
to the radioactive decay of uranium isotopes. Geochemical 
variation in the soil can also affect radon emanation rates, 
with higher radium and uranium concentrations leading to 
increased radon emissions. Soil conditions play a crucial 
role in radon migration and accumulation, as soil permeabil-
ity and moisture levels can influence the transport of radon 
gas into indoor spaces. Topography, including elevation and 
slope, can also affect radon entry pathways into buildings, 
and indoor radon levels. Climate factors, such as tempera-
ture and humidity, can influence radon levels by affecting 
soil gas movement and the ventilation of indoor spaces. 
Changes in atmospheric pressure and temperature gradients 
can also influence radon transport. These interconnected 
factors underscore the complexity of radon distribution and 
the importance of considering multiple variables in radon 
risk assessment and mapping efforts.

Several recent studies using geospatial technologies 
and artificial intelligence (AI) approaches have shown the 
importance of statistical approaches for developing radon 
potential maps (Friedmann and Gröller 2010). Misclassifi-
cation has the potential to misrepresent the severity of risks 
and undermine the reliability of indoor radon maps (Selamat 
et al. 2021). These studies have used geospatial approaches 
(Ciotoli et al. 2017; Coletti et al. 2022), spatial data on the 
frequency ratio (FR) method, which calculates the ratio 
between the frequency of a specific factors (e.g., geologi-
cal or topographical characteristic) with radon occurrence in 
groundwater (Hwang et al. 2017), support vector machines, 
multivariate adaptive regression splines, random forest 
models (Petermann et al. 2021), recurrent neural networks, 
long short-term memory (LSTM) (Panahi et al. 2022), 
extreme learning machines, and random vector functional 
link algorithms (Rezaie et al. 2021). Machine learning is a 
powerful tool for solving complicated challenges involving 
several variables, and is effective for handling missing data, 

noise, and big data processing (L’Heureux et al. 2017; Zhou 
et al. 2017).

Indoor radon levels in South Korea are influenced by 
various factors. Studies have highlighted the prevalence 
of elevated indoor radon levels in some regions of South 
Korea, pointing to the significance of geological factors like 
lithology, faults, and lineament in radon emissions (Park et 
al. 2019b; Rezaie et al. 2023). Other studies of indoor radon 
in South Korea have emphasized the roles of the type of 
house, building materials and walls, and the resident’s ven-
tilation habits in exacerbating indoor radon accumulation, 
particularly in urban areas with limited air circulation (Park 
et al. 2018, 2019a). Collectively, these studies underscore 
the complex interplay of geological, structural, and envi-
ronmental factors that contribute to indoor radon levels in 
South Korea, emphasizing the importance of targeted miti-
gation strategies and regulatory measures to address radon 
exposure risks in residential and commercial buildings.

Radon exposure is a public health concern in South Korea, 
prompting the need for robust radon management strategies 
(Yoon et al. 2016). This study focused on predicting the 
indoor radon level distribution in Chungcheongbuk-do by 
examining the interplay between indoor radon and environ-
mental factors such as geology, geochemistry, soil condi-
tions, and topographic characteristics. The radon potential 
was visualized through the application of FR analysis with 
advanced AI approaches such as convolutional neural net-
works (CNN), long short-term memory (LSTM), and the 
group method of data handling (GMDH). Given the suscep-
tibility of South Korea to radon exposure, the development 
of scientifically informed radon index maps is important 
for guiding national environmental decision-making and 
assessing regional radon exposure. By establishing a spatial 
radon database and using advanced spatial analysis tech-
niques underpinned by AI approaches, this study seeks to 
provide a rigorous scientific basis for radon management, 
facilitating public safety and environmental protection.

2  Materials and methods

2.1  Materials

2.1.1  Study Area

Chungcheongbuk-do is located in the central part of South 
Korea, 127°29’57"E, 36°38’30"N (Fig. 1); it is bordered by 
Gyeonggi-do to the north, Gangwon-do to the east, Gyeong-
sangbuk-do to the southeast, and Jeollabuk-do to the south-
west. It encompasses three cities and eight counties with 
a total population of 1,597,709 living in 703,916 house-
holds across an area of 7,407.7 km2 (Chungcheongbuk-do 
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Government 2024). The geography of the region features 
diverse topography, including the Sobaek and Worak Moun-
tains, plains and river valleys. The soil composition var-
ies throughout the province, with fertile soils in the plains 
supporting agricultural activities. Geologically, Chun-
gcheongbuk-do has a mix of formations influenced by its 
mountainous landscapes and proximity to fault lines, con-
tributing to its geological diversity and potential geological 
impact on the area. Chungcheongbuk-do has a temperate 
climate with distinct seasons characterized by hot humid 
summers and cold dry winters. This area is known for its 
high agricultural yield and wide variety of plant types.

The National Institute of Environmental Science, South 
Korea conducted comprehensive indoor radon measure-
ments for this study, while studying the associated influ-
encing factors, to support the development of radon 
management plans by local governments. A total of 212 
indoor radon measurements (Fig.  1) were selected across 
the Chungcheongbuk-do region during the winter of 2020–
2021, employing RADUET-type detectors (Radosys Ltd., 
Budapest, Hungary). The winter season was chosen for data 
collection to capture higher radon levels typically observed 
during colder months. The winter season was chosen for 
data collection to capture higher radon levels typically 

observed during colder months when buildings are more 
sealed, reducing ventilation and allowing radon to accumu-
late indoors. The detectors were installed in various residen-
tial buildings. To minimize potential thoron interference, 
detectors were positioned at least 1  m from walls in fre-
quently occupied rooms. During data processing, discrepan-
cies in coordinate values and missing data were corrected. 
For analysis, indoor radon values exceeding 148 Bq/L were 
classified as indicating elevated radon risk. This systematic 
approach integrated indoor radon measurements that it took 
itself, emphasizing specific factors to analyze the indoor 
radon level distribution map. For multi-media radon data, 
discrepancies in coordinate values and missing radon data 
were identified and rectified, ensuring the accuracy and reli-
ability of the segmented radon data.

Table  1 gives detailed descriptions of geological, soil, 
geochemical, and topographic factors that can affect radon 
levels. Data related to radon were collected and analyzed 
for Chungcheongbuk-do using different methods. The geo-
logical data were from 1:250,000 scale maps of the Korea 
Institute of Geoscience and Mineral Resources (KIGAM). 
These data provide lithological information that contrib-
utes to determine the bedrock, which affects radon con-
centrations. Soil properties were from the Korean National 

Fig. 1  Study location and measurements distributions (training and testing data) of Chungcheongbuk-do, South Korea, highlighting its exact 
geographical coordinates and spatial context
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in Chungcheongbuk-do, which is characterized by wide-
spread Daebo granite, a Jurassic granite (Jgr) recognized for 
its impact on radon levels, which contributes to radon levels 
due to its higher uranium content (Cho and Choo 2019). The 
decay of these radioactive elements, such as uranium, con-
tributes to radon production. The alteration of these miner-
als can further enhance radon release, as structural changes 
increase permeability and facilitate radon escape (Hwang 
et al. 2024). This phenomenon is influenced by various fac-
tors, including mineral composition, geological processes, 
and environmental conditions.

Soil factors include deep texture, drainage, material, 
surface texture, and thickness, (Fig.  3). These play roles 
in the movement of radon from the soil into indoor spaces 
and variation in radon concentrations. Radon risk can be 
determined by amalgamating the radon potential associated 
with these soil properties; with different soil types exhibit-
ing distinct transport mechanisms (Cosma et al. 2013a; Dicu 
et al. 2023). For instance, clay soils typically show diffu-
sive radon transport, while sandy soils exhibit convective 
transport, with the latter having higher radon flux densities 
(Gavriliev et al. 2022).

The geochemical data, which can influence the movement 
of radon indoors, were acquired in a survey that considered 
the presence of calcium oxide (CaO) and strontium (Sr) 
(Fig.  4). Geochemical maps were generated using spatial 
analysis tools with interpolation. CaO and Sr are pertinent 
indicators in the geochemical composition within the soil 
through their effects on soil properties (Liu et al. 2013; Wen 
et al. 2020) and influence radon migration (Cho et al. 2015). 
The geochemical composition of soil and rock can affect 
the mineralogical environment in which uranium occurs, 
thereby impacting indoor radon levels (Nunes et al. 2023). 
For example, uranium incorporated into secondary miner-
als, which form coatings on soil grains, may have higher 
radon emanation rates compared to uranium trapped within 
the crystal lattice of primary minerals (Chitra et al. 2021). 
The presence of CaO and Sr can indicate the geochemical 
conditions favorable for radon release, as they are often 
associated with processes that lead to the redistribution and 
concentration of uranium in the environment (Plechacek et 
al. 2022).

Topographic factors (Fig. 5) are another facet of indoor 
radon level analysis. Slope, the topographic wetness index 
(TWI), wind exposition, valley depth, and slope length and 
the steepness (LS) factor collectively contribute to how the 
surrounding landscape influences radon entry into build-
ings, influencing radon migration pathways and concen-
tration variation (Cho et al. 2015; Rezaie et al. 2023). The 
slope influences radon migration by affecting the flow of 
groundwater and surface runoff, which can carry radon to 
lower-lying areas. Steeper slopes may facilitate faster radon 

Institute of Agricultural Sciences included soil drainage, 
material, soil depth, deep soil texture, and surface soil tex-
ture. These factors influence the soil’s permeability and its 
potential to transport radon concentrations. Geochemical 
mapping used data from the KIGAM included concentra-
tions of calcium oxide (CaO) and strontium (Sr). These 
components may be used as indicators of the presence of 
materials that include uranium, which produce radon. Topo-
graphic mapping was conducted using the SAGA GIS pro-
gram with digital elevation model inputs from the National 
Geographic Information Institute, topographic factors such 
as slope, Topographic Wetness Index (TWI), wind exposi-
tion, valley depth, and LS factor were analyzed. These fac-
tors influence the accumulation and movement of radon gas. 
After data collection and analysis, the FR method was used 
to identify factors associated with elevated radon levels by 
calculating the ratio of a factor’s presence in high-radon 
areas. This method helps in understanding the spatial dis-
tribution factors of radon concentrations, which are listed 
in Table  1. The FR method’s application in radon studies 
is supported by various research findings that highlight the 
influence of geological and environmental factors on radon 
levels (Hwang et al. 2017).

Assessing indoor radon levels entails the consideration of 
various factors influencing its accumulation within enclosed 
environments. Geological attributes, particularly lithology 
characteristics, influence radon concentration levels due to 
the presence of uranium in rocks and soils. Radon, a decay 
product of uranium, is released from geological formations 
and can accumulate in indoor environments. The geological 
composition, including rock types and soil characteristics, 
plays a role in determining radon levels (Cho et al. 2015; 
Ciotoli et al. 2017). Radon levels in indoor environments 
are primarily affected by the local geology. Figure 2 pro-
vides a detailed overview of the lithological characteristics 

Table 1  Data sources
Data sources Type of factors Factors
Korea Institute of Geosci-
ence and Mineral Resources 
(KIGAM), Korea

Geological Lithology

National Institute of Agricul-
tural Sciences, Korea

Soil 
Characteristics

Soil drainage
Soil material
Soil depth
Deep soil texture
Surface soil 
texture

Korea Institute of Geosci-
ence and Mineral Resources

Geochemical CaO
Sr

National Geographic Infor-
mation Institute, South Korea

Topographic Slope
TWI
Wind exposition
Valley depth
LS factor
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potentially exposing uranium-rich layers and enhancing 
radon release.

2.2   Methodology

The methodological framework used to generate indoor 
radon level maps for Chungcheongbuk-do, South Korea, 
by integrating various factors that influence radon distribu-
tion with advanced AI approaches. The key factors affecting 
indoor radon levels, which are grouped into four categories: 
geology, soil, geochemical, and topography. The method-
ology involved splitting the radon data into two parts for 
model development and validation: 70% of the data was 
used for training the models, while the 30% was set aside 
for testing. To evaluate the significance of different factors 
contributing to indoor radon levels, the FR method was 
applied. This approach plotted an indoor radon level map 
for Chungcheongbuk-do using the FR and AI approaches, 
including GMDH, CNN, and LSTM models. This inte-
grated approach allowed for the capture of spatial and envi-
ronmental variables that influence indoor radon distribution. 

dispersion, while flatter areas can lead to radon accumula-
tion, especially if they coincide with low-permeability soils.

The TWI indicates the potential for water accumula-
tion in the landscape, which can trap radon near the surface 
when soil becomes saturated. Higher TWI values are typi-
cally associated with poorly drained areas (Allende-Prieto et 
al. 2024). Conversely, areas with low TWI values are more 
likely to allow radon to escape into the atmosphere. Wind 
exposition influences radon dispersion, with areas shielded 
from wind potentially experiencing higher radon levels due 
to reduced air movement, while locations with greater wind 
exposure can facilitate radon dilution (Doering 2019).

Valley depth significantly affects radon accumulation, 
as deeper valleys tend to have stronger upvalley winds and 
more pronounced vertical circulation cells, which can lead 
to the formation of elevated inversion layers that trap radon 
near the valley floor (Wagner et al. 2015). The LS factor 
reflects the combined effects of slope length and steepness 
on erosion potential, which can also influence soil per-
meability and radon migration (Das et al. 2022). Regions 
with high LS values may exhibit increased soil erosion, 

Fig. 2  Lithology factor, as an influencing factor related to indoor radon concentration, detailing the various types of lithology
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comparing the proportion of areas with elevated radon lev-
els to those factors. The presence or absence of radon must 
first be defined and are set to 0 and 1 based on a threshold 
value of the indoor radon index of 148 Bq/m3 to indicate 
areas with high and low radon concentrations. For indoor 
radon, FR was calculated using 1 for the indoor radon index 
in Chungcheongbuk-do. The FR approach was used to eval-
uate the correlation between the indoor radon index and var-
ious factors and was calculated by dividing the area related 
to each indoor radon variable in a subclass and the entire 
study area within that subclass, as shown in Eq. 1 (Huang 
et al. 2020).

FR =
N(Ii)/N(Fi)

N(I)/N(A)
� (1)

where N(Ii) is the pixels of the indoor radon in subclass i of 
the factor; N(Fi) is the total number of pixels in subclass i; 

FR analysis applied to identify key factors influencing radon 
levels, while GMDH, CNN, and LSTM models provided 
data handling for generating indoor radon probability maps. 
The model prediction accuracy was evaluated using the area 
under the receiver operating characteristic curve (AUROC). 
Figure  6 shows the methodological steps employed to 
achieve accurate radon level mapping for the region.

2.2.1  Identifying Influencing Factors of Indoor Radon Level 
Variation Using the FR

The FR is used to identify potential statistical relationships 
between a given phenomenon and its associated variables 
(Lee and Talib 2005). This study determined the FR of vari-
ables related to indoor radon and categorized them based 
on each class. In the correlation analysis, FR is a statisti-
cal method used to quantify the relationship between indoor 
radon occurrence and specific factors, such as soil, geo-
chemical, geological, and topography characteristics, by 

Fig. 3  Soil characteristics that are associated with indoor radon concentration
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GMDH algorithm uses a self-organization principle to 
identify the optimal model complexity by systematically 
evaluating numerous models that meet the specified crite-
ria (Ivakhnenko 1978). The GMDH algorithm consists of 
multiple functions that effectively handle several issues and 
enhance the precision of problem-solving outcomes. The 
functions include linear, polynomial, and ratio-polynomial 
variations (Ivakhnenko and Ivakhnenko 2000). The relation-
ship between input and output variables can be described by 
a complex discrete form of the Volterra functional series, 
commonly referred to as the Kolmogorov-Gabor polynomial 
(Farlow 1984). Equation 2 gives the correlation between the 
input and output variables of the model. GMDH starts with 
a set of input data that includes multiple variables. Each 
variable represents a feature or attribute of the dataset. The 
variables are grouped into different sets or layers. Within 
each group or layer, mathematical models are developed to 
represent the relationships among variables. The process 
continues until a predefined stop criterion is met or until the 
best possible model is achieved. The resulting model can be 
used for making predictions on new data.

N(I) is the total indoor radon distribution of the factor; and 
N(A) is the total area.

2.2.2   Model Description

2.2.2.1  Frequency Ratio  The FR model is a statisti-
cal model that is used to analyze the frequency of events 
or patterns in a dataset. The indoor radon level map was 
developed using the FR approach, which is weighted based 
on the significance of each factor in contributing to indoor 
radon levels, allowing for a weighted sum of the factors to 
generate an indoor radon level probability map (Megahed et 
al. 2023). The weighted sum tool allows strategic weight-
ing and the amalgamation of various factors to produce and 
indoor radon level map.

2.2.2.2  Group Method of Data Handling  The GMDH is a 
robust approach to mathematical modeling and data analy-
sis developed by Alexey G. Ivakhnenko in the 1970s that 
has been applied in various fields (Ivakhnenko 1970). The 

Fig. 4  Geochemical aspects, specifically focusing on variables such as CaO and Sr, which have been correlated with indoor radon concentration
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(Thi Ngo et al. 2021). Upon completion of the convolution 
operations, an activation function is employed on a per-
element basis to the resultant data from the convolutional 
layer. This function injects non-linearity into the computa-
tional model, which is essential for the network’s ability to 
capture and represent complex data relationships (Berkani 
et al. 2023).

Pooling operations contribute to the reduction of com-
putational demand and bolster the model’s invariance to 
shifts in position. By downsampling the feature maps from 
the convolutional layers, the pooling layer condenses the 
dimensionality of the data (Barata et al. 2019). General 
techniques include max pooling, which isolates the high-
est value within a designated subsection, and average pool-
ing, which determines the sectional average (Chawshin et 
al. 2022).

The fully connected layer plays a crucial role in render-
ing predictions by integrating the high-level features derived 
from antecedent layers (Ma et al. 2021). Meanwhile, the 

Where y is the prediction result; x is the input variables 
vector; a is the coefficient calculated using the least squares 
error approach; and n denotes the number of input variables.

2.2.2.3  Convolutional Neural Network  A CNN is a deep-
learning algorithm that belongs to the broader category of 
AI, deep learning approaches. Deep learning is a special-
ized area of machine learning that emphasizes the use of 
artificial neural networks that include a layer committed to 
the convolution operation. The fundamental architecture of 
the CNN model consists of convolution, pooling, and fully 
connected layers (Lecun et al. 1998; Yamashita et al. 2018).

The input layer serves as the initial interface for raw data, 
converting it into a numerical form, often expressed as a 
tensor, which is a multi-dimensional data array. The core 
part of CNN is a convolutional layer functions, where con-
volution operations are performed on the inputted numerical 
data through a set of adaptable filters, also known as kernels 

Fig. 5  Topography features, including Slope, the topographic wetness index (TWI), wind exposure, valley depth, and LS factor, which have been 
identified as influencing associations with indoor radon concentration
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Concurrently, the candidate cell state, poised with potential 
information for addition to the cell state, hinges on the deci-
sions made by both the input and forget gates. Following 
this, the cell’s output state, a key component of the LSTM’s 
memory architecture, is refreshed with this vetted informa-
tion, thereby encapsulating the crux of the input sequence 
at that specific moment. The output gate’s role is pivotal in 
dictating the quantum of updated information that is con-
veyed from the cell state, thereby modulating the balance 
between memory retention and attrition across time steps. 
This mechanism of selective information management 
within the LSTM’s memory cells facilitates the maintenance 
of a continuous and relevant data stream across prolonged 
sequences, effectively mitigating the challenge of informa-
tion degradation over extended periods.

2.2.3  Model Performance Assessment Using AUROC

The AUROC powerful metric for evaluating the accuracy of 
predictions made by AI models. The AUROC method was 
used to validate the indoor radon index potential maps. For 
validation, training (70% of the total radon data) and test-
ing (30% of the total radon data) were selected randomly 

output layer in a CNN, responsible for producing the ulti-
mate output, generally comprises neurons that align with 
each of the defined categories.

2.2.2.4  Long Short-Term Memory  LSTM is another type 
of deep neural network algorithm in which the network out-
put is fed back into the network as subsequent input (Kong 
et al. 2019). The structural framework of LSTM networks 
excels in identifying intricate spatial configurations and 
temporal trends across diverse settings. LSTM networks 
are structured around unique memory units that incorporate 
gating mechanisms, which enable the model to preserve 
and modify data over extended sequences, ensuring crucial 
information is not discarded.

The key components of an LSTM cell include input 
gates, forget gates, cells, output gates, and cell outputs state 
(Graves 2012). The input gate is responsible for managing 
how new data is assimilated into the cell state, effectively 
serving as a filter for incoming information. The forget gate 
critically assesses which parts of the stored information are 
no longer pertinent and thus should be removed, taking into 
account both the new input and the preceding hidden state. 

Fig. 6  The study applied a methodological framework for developing an indoor radon map by applying FR and AI approaches
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within the soil drainage class had the highest FR of 2.152. 
The acidic rock subclass of soil material dominated the 
indoor radon index with an FR of 1.156. The indoor radon 
index was mostly influenced by the sandy loam subclass of 
soil surface texture, with an FR of 1.156. The soil thickness 
subclass of the > 100 cm had a high FR of 3.415.

For indoor radon index distribution, the Sr geochemistry 
was related to the patterns of indoor radon occurrence. As 
depicted in Fig. 9, CaO and Sr influenced the indoor radon 
index map. Notably, the CaO class with the subclass range 
of 3.173–47.787 had a high FR of 1.323, which affected the 
indoor radon index distribution. The 217.101–974.998 sub-
class within the Sr class had a high FR of 1.607.

The results of the topographic analysis, that are illus-
trated in Fig. 10, summarize of the variables that contrib-
uted to the indoor radon index distribution. Analyzing each 
subclass of each topographic parameter showed notable 
patterns. The slope factor within the range of 0–4.773 had 
an FR value of 2.676, and influenced indoor radon index 
levels. Similarly, locations characterized by the higher TWI 
subclass (9.067–24.236) had an FR of 1.936, indicating an 
impact on the indoor radon distribution. Furthermore, areas 
with lower wind exposition (0.745–0.901) had a high FR of 
3.072. The Valley depth in the range of 132.451–380.001 
had an FR value of 2.391. Areas with lower LS Factor val-
ues (0.665–3.994) had an FR of 2.238.

3.3  Potential Indoor Radon Level Map

Incorporating a comprehensive set of factors, our study used 
four distinct modeling approaches to analyze indoor radon 
levels in Chungcheongbuk-do, including probability mod-
els, FRs, and sophisticated LSTM, CNN, and GMDH AI 
techniques to generate a suite of radon index maps. Each 
map assigned an index value to every 10 × 10 m grid seg-
ment, categorizing the radon concentration into high, mod-
erate, and low. To enhance their interpretability, the maps 
represented high, moderate, and low levels in red, blue, 
and yellow, respectively, red areas constituting 10% of the 
total, blue 20%, and yellow 70%. The distribution of the 
indoor radon level across Chungcheongbuk-do is illustrated 
in Fig. 11.

3.4  Model Validation

The model prediction was validated by a thorough review of 
AUROC metrics. In the training phase, the AUROC values 
for the FR, CNN, LSTM, and GMDH, models were 90%, 
89%, 90%, and 82%, respectively (Table 2). The calcula-
tions represent the ability of the models to recognize and 
understand patterns in the training dataset. In the next vali-
dation stage using the testing dataset, the FR, CNN, LSTM, 

to generate radon index maps using the training data. In 
the training and testing phase, the AUROC can be used as 
a performance indicator to evaluate the efficacy of the FR 
and AI algorithms (Bradley 1997). The ROC expresses the 
predictive index value obtained from the prediction map 
as the ratio of the location of radon data to the total area. 
The x-axis of the graph shows the upper percentage of areas 
with a high indoor radon index and the y-axis shows the 
lower percentage of areas with training or testing radon data 
(Pencina et al. 2008). The model’s predictive performance 
is categorized into five ranges based on the AUROC: fail 
(0.5–0.6), poor (0.6–0.7), fair (0.7–0.8), good (0.8–0.9), and 
excellent (0.9–1.0) (Carter et al. 2016). The AUROC is used 
to assess model performance in many fields, such as flood 
susceptibility maps (Dodangeh et al. 2020), groundwater 
potential (Panahi et al. 2020), and radon distribution maps 
(Rezaie et al. 2022).

3  Results

3.1  Parameter Selection and Experimental Analysis

CNN was employed with tuning of hyperparameters to opti-
mize performance of the model. The network architecture 
consisted of a convolutional layer with a 14 × 2 kernel and 
30 filters, followed by batch normalization, ReLU activa-
tion, dropout, and average pooling. The fully connected lay-
ers included 10 neurons in the first layer and 1 in the output 
layer. Key hyperparameters such as learning rate 0.02, mini-
batch size 8, and training epochs 100 were selected after 
experimentation, with early stopping implemented to pre-
vent overfitting. The 70 − 30% split for training and testing 
validation was used to ensure the model’s robustness.

3.2  Analysis of Influential Factors

In this study, correlations were calculated using the indoor 
radon with various geological, soil, geochemical, and topo-
graphic factors using databases established to produce radon 
index maps. The FR approach was used to select and eval-
uate the correlations between the indoor radon index and 
the different factors. Finally, 13 factors were selected to be 
used for the indoor radon index map. Figure 7 illustrates the 
FR of the geological factor lithology class. In the lithology 
class, the subclasses Jgr and Yeongwol-type Joseon Forma-
tion (CEOyls) have high FR values of indoor radon 1.489 
and 1,717, respectively.

Figure 8 shows the FR values of soil factors including 
deep texture, drainage, material, surface texture, and thick-
ness. The clay loam subclass within the soil deep texture 
class had a high FR of 1.156. The slightly good subclass 
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Fig. 7  FR of lithology within each subclass and its influence on indoor radon level
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4  Discussion

Identifying influencing factors is the initial step for mapping 
the indoor radon distribution. This study used the informa-
tion gain ratio (IGR) to identify the quantitative predictive 
power of the factors influencing prediction (Abedini et al. 
2019). The IGR approach enhances our comprehension of 

and GMDH models had respective AUROCs of 88%, 86%, 
88%, and 81%. The AUROC values obtained during test-
ing are essential criteria that demonstrate the power of the 
models to predict indoor radon level maps. The AUROC 
metrices calculated in this study are shown in Table 2 and 
have accuracies generally exceeding 80%, indicating that 
the index maps are valid.

Fig. 8  FR of soil categories, including thickness, material, drainage, depth texture, surface texture for each subclass, and their influence on indoor 
radon level
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surface texture, and soil thickness, CaO, Sr, topographic 
slope, TWI, wind exposition, valley depth, and LS factor. 
Lithologically, Daebo Granite, which is common in the cen-
ter of the Korean Peninsula, dominates Chungcheongbuk-
do (Cho and Choo 2019). As shown in Fig. 2 and the FR 

the effects of diverse environmental and architectural attri-
butes on indoor radon levels. As shown in Table  3, this 
study used the IGR technique to identify 13 factors that 
affect indoor radon levels in Chungcheongbuk-do: lithol-
ogy, soil deep texture, soil drainage, soil material, soil 

Fig. 9  FR of geochemical categories, including CaO and Sr, within each subclasses, along with their impact on indoor radon level
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Fig. 10  FR of topography categories, encompassing LS factor, valley depth, wind exposition, TWI, and Slope, within each subclass, and their 
respective impacts on indoor radon level
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Fig. 11  Indoor radon level Map for (a) FR, (b) CNN, (c) LSTM, and (d) GMDH maps
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appropriate validation techniques to ensure the reliability of 
the developed models.

The utilisation of GMDH, CNN, and LSTM AI algo-
rithms gives strengths and addresses challenges in the 
development of indoor radon level maps. AI approaches 
substantially improve the predictive accuracy of the distri-
bution of indoor radon levels. By proactively identifying 
areas with high radon concentrations, residents can imple-
ment appropriate preventative steps. Radon exposure can 
be minimized by installing radon mitigation or improving 
the construction of houses or buildings. The development 
of indoor radon maps has advantages for public health, 
environmental monitoring, and urban planning. However, 
these algorithms also have limitations. The datasets used to 
generate radon potential maps might be limited at capturing 
the impact of various factors on radon levels. These factors 
include climate change (Petermann et al. 2021) and spe-
cific building characteristics such as the number of floors, 
window types, presence of elevators or basements, building 
materials, heating systems, renovations, room types, con-
struction period, and ventilation systems, all of which can 
affect radon concentrations (Cosma et al. 2013b; Ivanova et 
al. 2017). Based on this study, further in-depth research is 
needed to optimize the factors needed for future standard-
ized radon index mapping.

5  Conclusion

This study showed that it is the imperative to investigate 
indoor radon level distributions by mapping radon concen-
trations. Using sophisticated AI techniques such as CNN, 
LSTM, and GMDH, the study successfully generated and 
validated indoor radon level maps for Chungcheongbuk-
do, South Korea. We analyzed the factors affecting indoor 
radon levels by combining various geological, soil, topo-
graphical, and geochemical datsets. Comprehensive indoor 
radon level distribution maps were generated using statis-
tical approaches and AI algorithms. Our findings indicate 
that LSTM, as a AI, deep learning approach, indeed out-
performed other models in terms of predictive accuracy. 
Validation using AUROC analysis shows the robustness of 
the developed models. The LSTM achieved AUROC val-
ues of 90% for training and 88% for testing datasets. This 
study enhances our comprehension of indoor radon distribu-
tions and allows for recommendations for future geospatial 
research and the development of effective mitigation plans, 
especially in radon-prone areas such as Chungcheongbuk-
do, South Korea.

Author Contributions  Liadira Kusuma Widya: Writing – original 
draft, writing-review and editing, Methodology, Validation, Visual-
ization; Fatemeh Rezaie: Formal analysis, Methodology,  Visualiza-

analysis, Daebo Granite groundwater has high radon levels 
(Cho et al. 2019). Daebo Granite and similar formations 
often contain moderate to high levels of uranium, which is 
the primary source of radon gas. The decay of uranium in 
these rocks leads to the production of radon, which can then 
migrate into the surrounding environment (Lee et al. 2021; 
Hashemi et al. 2024). A previous study developed models 
for geogenic radon that integrated soil hydraulic properties, 
soil physical characteristics, uranium concentrations, and 
chemical properties, the SAGA wetness index, and climate 
data (Petermann et al. 2021).

We applied several AI algorithms and meticulously 
assessed their performance to determine their efficacy in 
predictive modeling. The LSTM has demonstrated high 
performance compared to CNN and GMDH models when 
assessed using the AUROC. This aligns with previous 
research highlighting the robustness of LSTM at capturing 
the attribute information of conditioning factors and power-
ful sequential modelling capabilities to handle the spatial 
relationship. The capabilities of the FR, CNN, and GMDH 
models were also estimable on the AUROC values. This 
disparity underscores the significance of algorithm selection 
based on the specific nature of the dataset and the desired 
model outcome. However, the GMDH result was low com-
pared to others. Noted that GMDH has limitations and may 
be sensitive to noise in the data (Elbagoury et al. 2023). The 
success of GMDH depends on careful parameter tuning and 

Table 2  The AUROC values of FR, CNN, LSTM and GMDH
Train/Test Model Indoor Radon
Train Data FR 90%

CNN 89%
LSTM 90%
GMDH 82%

Test Data FR 88%
CNN 86%
LSTM 88%
GMDH 81%

Table 3  The IGR value for each factors
Classes IGR
Lithology 0.72
Soil thickness 0.697
Soil surface texture 0.694
Soil depth texture 0.779
Soil drainage 0.788
Soil material 0.808
Sr 0.256
Cao 0.135
LS factor 0.806
Valley depth 0.419
Wind exposition 0.878
TWI 0.673
Slope 0.89
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