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Abstract. To address the issue of groundwater vulnerability management and analysis, an algorithm was developed 
based on which the necessary research was conducted in the broader area surrounding the water source Novoselija 
used for water supply of the population in the city of Banja Luka (Republic of Srpska, Bosnia and Herzegovina). 
Within the GIS, as one of the spatial data techniques, the GOD method for vulnerability assessment was used. 
Data visualization within the GIS program package, combined with the aforementioned GOD method, enabled a 
clearer understanding of the spatial distribution of groundwater vulnerability in this area, which made it possible 
to delineate different zones: from negligible to extreme vulnerability. The high degree of the parameter has been 
determined in the zone of the actual water source and is associated with terrace and gravels sediments. In the al-
luvial sediment zone, located south of the water source, vulnerability has been assessed as extreme. In this area, 
there is certainly a potential risk of groundwater vulnerability to all pollutants, with a very rapid impact in most 
contamination scenarios. From the east and the west side, the aquifer in question is confined by flysch deposits of 
Cretaceous age, which are hydrogeologically characterized as conditionally “waterless” parts of the terrain, and 
within them, the vulnerability has been classified as negligible. The results of this research are also important for 
later delineation of the sanitary protection zone of the aquifer in question.
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Introduction

Groundwater vulnerability to contamination is a 
necessary foundation for planning and managing 
groundwater resources in terms of their protection, 
contamination risk assessment, but also for taking 
preventative measures when it comes to maintain-
ing groundwater quality. 

Margat (1968) introduces the term “groundwa-
ter vulnerability” into professional terminology. 

The concept of groundwater vulnerability is based 
on the assumption that the physical environment 
provides a certain degree of groundwater protec-
tion against the influx of pollutants in the given sur-
roundings. During the infiltration of contaminated 
water into the unsaturated zone, that water can be 
purified to a certain degree as it passes through soil 
and rock pores (Filipović, Vujasinović, 1982). Au-
topurification (self-purifying) properties of aquifers 
encompass a combined influence of the physical, 
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chemical and biological processes in the soil (rock) 
which influence the transport of pollutants through 
the environment (Vrba, Zapororec, 1994).

Vrba and Zapororec (1994) suggest the differ-
entiation between natural and specific vulnerabil-
ity. Natural vulnerability is generally dependent 
on factors such as the geological, hydrological and 
hydrogeological parameters of the environment, 
while the specific characteristics of pollutants and 
the contamination scenario are not taken into con-
sideration (Vrba, Zapororec, 1994). Specific vul-
nerability entails additionally taking the character-
istics of the pollutants into consideration as well. 
Many researchers consider the latter vulnerability 
type more relevant, since some factors, characteris-
tic of general vulnerability (e.g. the depth until the 
groundwater level, recharge etc.), can be altered due 
to the increasing influence of anthropogenic factors 
(Stepanović et al., 2021).

Groundwater vulnerability represents a relative 
and unmeasurable property. While determining 
the vulnerability of an area, different parameters 
are usually used for the calculations, such as: soil 
composition, characteristics of the saturated and un-
saturated zone, the recharge, topography, the rela-
tion between surface waters and groundwater, etc. 
(Vrba, Zapororec, 1994). 

Various methods are used to assess groundwater 
vulnerability, and some of the most commonly ap-
plied are: DRASTIC (Aller et al., 1987), GLA (Hoe-
lting et al., 1995), EPIK (Döerflinger, Zwahlen, 
1997), GOD (Foster, 1987; Vrba, Zapororec, 1994). 
The methods mentioned primarily differ in the pa-
rameters they take into account when assessing vul-
nerability, based on which the specific area will be 
classified into one of the categories in relation to 
groundwater vulnerability.

In recent times, the use of data science tech-
niques has become increasingly common in combi-
nation with methods used to assess the groundwa-
ter vulnerability of a given area. For example, the 
application of machine learning for modelling and 
assessing groundwater vulnerability in Morocco 
is shown in Ijlil et al. (2022). For Iran, Jalali et al. 
(2024) describe the application of machine learning 
for spatial and temporal assessment of groundwater 
vulnerability. Barzegar et al. (2018) show several 
models of machine learning in combination with the 
DRASTIC method for assessing the vulnerability 
of multiple aquifers. Authors like Baghapour et al. 
(2016), and Sadikoglu et al. (2024) wrote on the im-
provement of the DRASTIC method. Stylianoudaki 
et al. (2022) use artificial neuron network for mod-
elling groundwater nitrate contamination in the re-
gion of Central Greece. Elzain et al. (2021) talks 

about deep learning neural network and algorithms 
for optimization with the aim of assessing ground-
water vulnerability. The deep learning approach for 
the improvement of aquifer vulnerability mapping, 
combined with the GALDIT method for the assess-
ment of coastal aquifer vulnerability, is shown in 
Faal et al. (2024). Zhao et al. (2025) discuss the ap-
plication of CNN (Convolutional Neural Network) 
and LTSM (Long Short-Term Memory) models for 
spatial and temporal forecasting of regional ground-
water vulnerability in northern China. 

The use of GIS can represent an important com-
ponent of data science techniques, as it enables 
working with spatial and temporal data, allowing 
for their analysis, interpretation, and visualization. 
It is particularly suitable, for example, for applying 
methods to assess groundwater vulnerability in the 
GIS environment, combined with machine learn-
ing, discussed in Motlagh et al. (2023). Smida et 
al. (2023) provide a critical overview on the use of 
GIS-based and artificial neural network in the con-
text of assessing and estimating groundwater con-
tamination in Tunisia. Using simple (geo)statistical 
methods in combination with the application of the 
DRASTIC method in a GIS environment was also 
explored in Panagopoulos et al. (2006). Assessment 
of nitrate contamination risk through an integrated 
approach that includes the application of ground-
water vulnerability assessment methods, GIS tech-
niques and three models (SVM, MDA and BRT) 
of machine learning in the area of north Pakistan 
is shown in Awais et al. (2021). Gad et al. (2023) 
provide a similar analysis on groundwater quality 
assessment in Egypt, with the aid of different meth-
ods: multivariant statistical analysis, artificial neu-
ral networks, and GIS techniques, and so on.

To address the issue of groundwater vulnerabil-
ity management and analysis, an algorithm was de-
veloped based on which the necessary research was 
conducted to assess the groundwater vulnerability 
in the broader area surrounding the water source 
Novoselija, which is used for the water supply of 
the population in the city of Banja Luka (the Re-
public of Srpska, Bosnia and Herzegovina). Within 
GIS, as one of the spatial data techniques, the GOD 
method (Foster, 1987) for vulnerability assessment 
has been applied. The GOD method in an acronym 
of the terms: “G” – hydrodynamic properties of aq-
uifers; “O” – lithological composition and degree 
of consolidation in the aeration zone; “D” – depth 
to the groundwater table or the confined layer. This 
method was selected due to its relatively low input 
data requirements compared to other groundwater 
vulnerability assessment methods. Also, the method 
was initially applied in assessing the vulnerability 
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of confined alluvial aquifers. Within such an aqui-
fer, the groundwater source “Novoselija” was de-
veloped. A more detailed description of the afore-
mentioned algorithm and the results obtained are 
presented below. 

Case study

The Novoselija water source is located on the right 
bank of the Vrbas River, upstream from Banja Luka 
(Fig. 1). The geological composition of the broader 
area of the investigation site consists of Mesozoic 
and Cenozoic sediments (Fig. 2). The oldest rock 
formations in the wider research area are repre-
sented by Upper Triassic sediments (dolomites and 
limestones), while the youngest formations are ter-
race deposits (gravels 10–12  meters thick), which 
are the most significant in this area, as the aquifer 
system of the subject water source has developed 
within them. Previous studies have shown that 
these gravels have good filtration properties, with 
a filtration coefficient on the order of 7.5 × 10–3 m/s 
(Glavaš et al., 2009). In addition to these, sediments 
of Miocene, Cretaceous and Jurassic age also occur 
in the wider study area. Sediments of Miocene age 
are predominantly represented by marls, clays and 
sands (2M1+2), i.e. by marls, limestones, clays and 
sandstones with coal (M1+2). Cretaceous formations 
are represented by flysh deposits (2K2, 1K2, K1,2, 1K), 
whereas Jurassic sediments are composed of bed-
ded and massive limestones (J3). 

The water source in question is used for the wa-
ter supply of approximately 200 000 consumers. It 
consists of 11 wells (9 of which are being exploited) 

which encompass confined-type groundwater bod-
ies formed within terrace and gravels sediments and 
sands, five infiltration basins used for artificial re-
charge of the aquifer, two surface water intakes on 
the Vrbas River, and river water treatment facilities. 
Several monitoring structures are also located at the 
water source site. The well depth at the Novoselija 
water source ranges from 10 to 11 meters, while 
the depth to the water table ranges from 2.6 to 8 m 
(depending on the well). The recharge of the aq-
uifer occurs through surface water from the Vrbas 
River and the aforementioned infiltration basins or 
through the infiltration of precipitation. Drainage of 
the aquifer predominantly occurs through discharge 
into the Vrbas River channel and through abstrac-
tion via water wells.

Methodology

The solution to the issue of groundwater vulnerabil-
ity management and analysis in a real case study 
begins with data collection and preparation, fol-
lowed by data analysis and interpretation, the appli-
cation of data science techniques, and finally, data 
visualization. In this case, the technique in question 
is GIS, one of the spatial data science techniques. 
Within GIS, the GOD procedure is conducted for 
the groundwater vulnerability assessment of the 
water-supply water source. 

In a world where decision-making is increas-
ingly influenced by data, it is important to under-
stand how spatial data science can help. Spatial data 
science is a subset of data science. It is where data 
science intersects with GIS, with a key focus on 

Fig. 1. Geographical location of the study area 
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geospatial data and new computing techniques. Lo-
cation matters in data science using statistical com-
puting to access, manipulate, explore, and visual-
ize data. Having latitude and longitude coordinates 
in the data does not mean it is spatial data science. 
Instead, spatial data science applies their physical 
locations and understands their spatial relation-
ships. Spatial analysis is a fundamental component 
of GIS. It encompasses various processes, from site 
selection to spatiotemporal and predictive model-
ling. Spatial analysis enables the determination of 
the locations of phenomena, their interrelationships, 
and the patterns of connectivity between them. Spa-
tial analysis is a tool used to analyse the distribution 
of parameters or any type of feature in a geographic 
space. Location-based problems can be solved by 
measuring, quantifying, and understanding our 
world. It does not only include point locations. But 
they also include lines, polygons, rasters, and non-
spatial information as attributes.

The algorithm used for this specific case study is 
shown in Fig. 3. 

Data collection is the first step in the data science 
process (Fig. 3). It involves gathering raw data from 
various sources. Once the data is collected, it must 
be cleaned and pre-processed to ensure its quality 
and reliability. This includes handling missing data, 
removing outliers, and repurposing the data into a 

suitable format for analysis. Data preparation goes 
hand in hand with data collection. It involves trans-
forming, aggregating, and manipulating the data 
to make it suitable for analysis. This may include 
feature engineering, data normalisation, and data 
integration. In this specific case, data collection in-
volves gathering information related to field studies 
and archival materials, such as geological and hy-
drogeological maps (including the locations of ex-
traction and monitoring wells, as well as the depth 
to the groundwater table), data from previously con-
ducted pumping tests, which were used to define the 
hydrogeological parameters of the environment and 
the pumping capacities of the wells, among other 
relevant data. A well-prepared dataset lays the foun-
dation for accurate and meaningful analysis. 

Data analysis is at the heart of data science. It in-
volves applying statistical techniques and ML algo-
rithms to extract patterns and insights from the data. 
This can range from performing simple descriptive 
statistics to advanced predictive modelling. Data 
analysis techniques help uncover relationships, 
identify trends, and make predictions based on the 
available data. Once the analysis is complete, inter-
preting the results becomes crucial. It requires do-
main expertise and an in-depth understanding of the 
context in which the data was collected. Effective 
interpretation of the analysis results enables data 

Fig. 2. A geological map of the broader surroundings of the Novoselija water source (according to Mojićević et al., 1969). See 
explanations in the text. 
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scientists to derive actionable insights and make 
informed recommendations. For the given field of 
study, data analysis of the geological and hydro-
geological characteristics was performed (Fig. 3) in 
the sense that the lithological units were first clas-
sified according to the prescribed classification for 
the GOD method (Foster et al., 2002). This method 
was chosen since it requires the least amount of ini-
tial parameters (compared to some other methods). 
It was developed in 1994 in Great Britain and can 
be viewed as a simplified version of the DRASTIC 
method (Vrba, Zapororec, 1994). Its largest appli-
cation can be found in the field of studying allu-
vial, confined aquifers. The GOD method belongs 
to the group of index-based methods and allows for 
the mapping of groundwater vulnerability based on 
three key parameters (Fig. 1): the hydrodynamic 
characteristics of the aquifer, the lithological com-
position and degree of consolidation of the layers in 
the unsaturated zone, and the depth to the ground-

water table or the confined layer. Each parameter is 
assigned a numerical value, and the product of these 
three values yield the groundwater vulnerability in-
dex. For this purpose, the GOD system for ground-
water vulnerability assessment proposed by Foster 
et al. (2002) is used. For each of the three parame-
ters, an individual map is generated, which are then 
overlaid to produce the final vulnerability index 
(GOD) i.e., the groundwater vulnerability map. The 
GOD method is generally intended for the assess-
ment of overall groundwater vulnerability (Ghaza-
vi, Ebrahimi, 2015). This implies that geological, 
hydrological and hydrogeological parameters are 
taken into account when evaluating the potential 
for contamination, while the specific characteris-
tics of pollutants and contamination scenarios are 
disregarded (Vrba, Zapororec, 1994). Some of the 
main advantages of the GOD method include that it 
requires relatively few input parameters, making it 
practical even in areas with limited data availability. 
Also, this method can be efficiently implemented 
using GIS tools, enabling spatial analysis and visu-
alization. Due to minimal requirements and simplic-
ity, it reduces time and resource demands compared 
to more complex methods. On the other hand, one 
of the main limitations of the GOD method is its 
inability to account for specific contaminants and 
pollution scenario (i.e. the nature, behaviour and 
mobility of individual pollutants). Many research-
ers consider this other type of vulnerability (i.e. spe-
cific vulnerability) to be more significant, as certain 
factors inherent to overall groundwater vulnerabil-
ity (e.g., depth to the groundwater table, recharge, 
etc.) may be altered due to the increasing impact to 
anthropogenic activities. 

After data analysis, the results were entered and 
processed in the GIS environment (Fig. 3). The first 
step was the georeferencing of all cartographic data. 
Following this, appropriate levels for every param-
eter pf the GOD method were created (“G” – hy-
drodynamic properties of aquifers; “O” – lithologi-
cal composition and degree of consolidation in the 
aeration zone; “D” – depth to the groundwater table 
or the confined layer). 

Each of the created layers from the previous step 
is assigned a numerical value, according to the clas-
sification for the GOD method (Foster et al., 2002; 
Fig. 3.). Finally, all three values are multiplied in 
order to get the groundwater vulnerability index 
(GOD). 

Data visualisation presents data visually through 
graphs, charts, and other graphical representations. 
It enhances understanding complex datasets, mak-
ing identifying patterns, trends, and outliers easier. 
Effective data visualisation techniques enable data 

Fig. 3. The algorithm implemented in the research aimed at 
creating a groundwater vulnerability map for the broader area 
surrounding the Novoselija water source
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scientists to communicate their findings and insights 
clearly and concisely, facilitating better decision-
making. Depending on the data’s type and nature, 
different visualisation techniques can be employed, 
including bar charts, scatter plots, histograms, and 
heatmaps. In this case, the layers are marked as “G”, 
“O” and “D”, and are shown using the appropriate 
thematic maps. For those purposes, different col-
ours and symbols were used in order to allow for a 
clearer interpretation (Fig. 3).

By overlapping the aforementioned layers (i.e., 
multiplying the assigned numerical values for each 
of the GOD parameters), the final vulnerability in-
dex, or the groundwater vulnerability map, was ob-
tained. At this stage, the corresponding scale and 
legend, along with a textual description, are added 
within the GIS (final visualization, Fig. 3).

The final step comprised the validation of the 
obtained results through a comparative assessment 
against the actual geological and hydrogeological 
conditions observed in the study area, in order to as-
sess their logical consistency and overall coherence 
with field-derived data. 

Results and discussion

The vulnerability map and consequently each of 
the considered factors (“G”, “O” and “D” factors) 
were determined for a broader study area, specifi-
cally for the sediments of Quaternary, Cretaceous, 

Jurassic, and Triassic age. The characteristics of 
these sediments regarding the determination of val-
ues for each of the mentioned factors were defined 
based on data for the Geological Map of Banja Luka 
on Scale 1:100 000 (Mojićević et al. 1969), as well 
as on the available data from the fond material. In 
accordance with this, Figure 4 shows a map repre-
senting the value of the “G” factor for the broader 
research area. As previously mentioned, this fac-
tor refers to the hydrodynamic characteristics of 
the aquifer, and thus, terrace gravels, alluvial sedi-
ments, sandstones, and Cretaceous limestones (2K1), 
layered and banked Cretaceous limestones (1K1), 
banked and massive Malm limestones, and lime-
stones and dolomites of Lias and Dogger were as-
signed a value of 1, which denotes a “free aquifer” 
according to the GOD method classification. Trias-
sic limestones were assigned a value of 0.6 (denot-
ing a “free aquifer covered”). For marly limestones 
and Miocene sandstones (M1+2), the value of the 
“G” factor is 0.4 (denoting a “semi-permeable aqui-
fer”). Flysch sediments of Cretaceous age (2K2, 2K1, 
K1,2, 2K, 1K) and sand dunes represent conditionally 
“waterless” parts of the terrain, and therefore, they 
were assigned a value of 0 (“no aquifer present”).

The lithological composition and degree of con-
solidation of the layers in the aeration zone (factor 
“O”) is shown in Figure 5. The value of 0.9 accord-
ing to the GOD classification has been assigned to 
the sediments of the following age: T3, K1,2, J3, J1+2, 
2K, 2K1, 1K1. The factor “O” value of 0.8 is present 

Fig. 4. Factor “G” – the hydrodynamic characteristics of aquifers in the broader area of the Novoselija water source
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in sediments of Quaternary age (terrace gravels and 
alluvial sediments). For sediments of Cretaceous 
age (2K2 i 2K1), factor “O” value is 0.7, whereas for 
the sediments of Miocene age (M1+2) it is 0,6, and 
for the sand dunes it is 0.5. 

The values of “D” factor of the broader study 
area are shown in Figure 6. In alluvial sediments, it 
has been assessed that the depth to the groundwater 

table is less than 5 m, specifically, that the value of 
the given factor is 0.9. In terrace and gravels sedi-
ments, dune sand, marly limestones and Miocene 
sandstones (M1+2), factor “D” value is 0.8, which 
means that the depth to the groundwater table is 
5–20 m. Based on the available data, it is assumed 
that the depth to the groundwater table in sediments 
of Triassic, Jurassic and Cretaceous age (2K2 i K1,2, 

Fig. 5. Factor “O” – the lithological composition and degree of consolidation of the layers in the aeration zone in the broader area 
of the Novoselija water source 

Fig. 6. Factor “D” – depth to the groundwater table in the broader area of the Novoselija water source
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2K1 i 1K1) is bigger (20–50 m), which is why they 
have been assigned the value of 0,7. The greatest 
depth to the groundwater table is in the sediments 
of Cretaceous age (1K2, 2K2,K1,2, 2K i 1K) where the 
factor “D” value is 0.6. 

Finally, overlaying all the three maps (Figs. 4, 5, 
and 6), the vulnerability map shown in Figure 7 is 
obtained, where a total of 5 classes of vulnerability 
is distinguished, from negligible to extreme. A high 
degree of vulnerability has been determined in the 
zone of the actual Novoselija water source within 
terrace and gravels sediments, which was partially 
to be expected considering the porous environment 
covered with a thin clay protective layer that would 
likely not be able to significantly reduce the impact 
of surface pollutants. In the zone of alluvial sedi-
ments (lithostratigraphic unit as-alluvial sands and 
gravels-backshores, deltas, and beaches) which are 
located south of the water source, vulnerability has 
been assessed as extreme. In this area, there is cer-
tainly a potential risk of groundwater vulnerability 
to all pollutants, with a very rapid impact in most 

contamination scenarios. On the eastern and west-
ern sides, the aquifer is confined by flysch depos-
its of Cretaceous age, which are hydrogeologically 
characterized as conditionally “waterless” parts of 
the terrain, and within these areas, vulnerability has 
been determined as negligible. Such layers certainly 
prevent the impact of surface pollutants.

Parts of the terrain where extreme or high vul-
nerability has been determined certainly demand 
greater protection, since the possibility of pollu-
tion is far greater. This data should be taken into 
account when delineating the zones of sanitary pro-
tection of the water source, in line with Rulebook 
on protection measures, the method of determining, 
maintaining and marking sanitary protection zones 
(Rulebook……76/16).

Conclusion

The combination of the GIS techniques and data 
science methodlogy presents a form of an improved 

Fig. 7. Groundwater vulnerability map of the broader zone of the Novoselija water source
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approach which enables the precise and efficient 
analysis of the spatial and temporal factors in terms 
of the assessment of groundwater vulnerability. The 
advantages of using the GIS techniques, among 
other things, can also be seen in alowing the iden-
tification of the spatial distribution of groundwater 
vulnerability of a certain area, based on geographi-
cally connected data (groundwater table levels, geo-
logical characteristics of the terrain, sources of con-
tamination, etc.). As a result of such an integrated 
approach, dynamic models of vulnerability are ob-
tained, which can be applied on a regional, national 
and global level. These models can show the cur-
rent state of vulnerability or serve to forecast future 
changes. In this way, a stable foundation is created 
for the implementation of strategies aimed at reduc-
ing contamination risk and consequently protecting 
groundwater, which can also be adapted in accor-
dance with new real-time data. The abovementioned 
is of crucial importance both for the preservation of 
this natural resource and for ensuring a safe water 
supply, which can be simultaneously used to miti-
gate any potential ecological, economic or social 
problems connected with inadequate management 
and “governance”. 
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