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Temporal Uncertainty Analysis'in Aquifer Vulnerability Assessment (Study

Area:Sari-NakayAquifer)
Abstract

The dynamics of groundwater, depth and_aguifer recharge parameters over time can affect
vulnerability assessment using the DRASTIC index. In this study, the effect of temporal
uncertainty on the calibration,of the DRASTIC vulnerability index in the Sari-Neka aquifer was
investigated. For this purpese, fime series data of groundwater depth and precipitation were
analyzed over‘a,20-year period, and three statistical conditions including Q25, median, and Q75
were defined to represent dry, moderate, and wet conditions. The results showed that in wet
conditions, the groundter level in different parts of the aquifer varied by about 20 to 50 cm, and
in dry conditiensyby about 30 to 70 cm. Also, in the Q25 condition, the extent of the vulnerability
class increased mery little, while in the Q75 condition, the areas with high vulnerability expanded
more. The calibration of the DRASTIC index was performed with two RF-HHO and CNN-HHO
models with a weight range of 1 to 7 and a rank of 1 to 10. The correlation coefficient of the initial
DRASTIC index with nitrate concentration was 0.37, which was improved to the range of 0.62-
0.64 after calibration with the RF-HHO model and to the range of 0.67-0.68 with the CNN-HHO
model. The results showed that the role of time in vulnerability parameters is important and the
combination of time uncertainty and data-driven calibration can increase the accuracy of aquifer
vulnerability assessment. Also, the sensitivity of the DRASTIC vulnerability index depends on the
combination of parameter weight, ranking, spatial distribution, and the way of combining
parameters.
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Introduction

Groundwater vulnerability assessment is an important tool for protecting aquifers against
contamination, particularly in coastal and agricultural regions where groundwater quality is
affected by both natural and human-induced factors. The DRASTIC index is one of the most
widely used methods for evaluating intrinsic groundwater vulnerability. It integrates seven
hydrogeological parameters, including depth to groundwater, net recharge, aquifer media, soil
media, topography, impact of the vadose zone, and hydraulic conductivity. Howeverathe classical
DRASTIC model usually applies fixed weights and ratings, while some“of, its ‘parameters are
temporally variable. Among them, depth to groundwater andypet recharge are strengly affected by
rainfall variability, groundwater abstraction, and hydrological*eonditions. Ign@ring this temporal
variability may reduce the reliability of vulnerability maps, especially in'shallow coastal'aquifers.
In this study, the effect of temporal uncertainty on the calibration of the DRASTIG,index was
investigated in the Sari—-Neka aquifer. Nitrate concentration was used as the groundwater quality
indicator for calibration. The study aimed, to evaluate vulperability changes under different
temporal conditions and to compare the perfiormance,of twofdata-driven®calibration models,
namely RF-HHO and CNN-HHO. .

Method

In this study, the standard DRASTIC index Was first (ﬁculated using seven hydrogeological
parameters in a GIS environment. Each parameter layer was prepared, classified, rated, and
weighted according to the conventional ' DRAST IC framework. The initial vulnerability map was
then produced by overlaying the weightedfayers:

To assess temporal uncertainty, two dynamic parameters, including depth to groundwater and net
recharge, were analyzed overia, 20-yeariperiod. For each parameter, three statistical states were
defined: Q25, mediangand Q75."Fhe median‘represented the average condition, while Q25 and
Q75 represented dry and wet'conditions, respectively. The median rainfall of the study period was
calculated as 680 mm, and\recharge was estimated based on rainfall and hydrometric discharge
data.

After generating “wulnerability maps for the three temporal states, the DRASTIC index was
calibrated using nitratef@encentration. Two hybrid models were applied: RF-HHO as a machine
learningappreach.and CNN-HHO as a deep learning approach. In both models, DRASTIC weights
and ratings,were, considered as decision variables. The weight range was set from 1 to 7, and the
rating range was set from 1 to 10. The objective function was defined as maximizing the correlation
between the calibrated vulnerability index and nitrate concentration. Finally, the performance of
the classical and calibrated DRASTIC models was compared using the correlation coefficient.

Results

The results of temporal uncertainty analysis showed that the two dynamic DRASTIC parameters,
namely depth to groundwater and aquifer recharge, had noticeable temporal variability over the
20-year period. For groundwater depth, the analysis indicated that changes in groundwater level
affected the rating classes of large parts of the aquifer. Under wet conditions, groundwater depth
changed by approximately 20 to 50 cm in different parts of the aquifer, whereas under dry
conditions, the magnitude of change ranged from about 30 to 70 cm. The largest changes in rating



distribution were observed in the dominant rating classes 7 and 9, which covered a large portion
of the aquifer. However, because these dominant classes are close in terms of DRASTIC rating,
the influence of groundwater depth variability on the final vulnerability index was less pronounced
than expected from its coefficient of variation.

The analysis of recharge showed that recharge variability had a stronger effect on the final
vulnerability zoning than groundwater depth, despite having a lower coefficient of variation. The
coefficient of variation of recharge under dry conditions was higher than that under wet conditions,
indicating that recharge is more sensitive to rainfall reduction in dry periods. The vulnerability
maps generated under the three temporal states demonstrated that recharge plays a key role in
controlling the vulnerability pattern of the Sari—Neka aquifer. In the Q25 scenario, representing
drier conditions and lower recharge, a larger area of the aquifer was classified“inythe very low
vulnerability class. In contrast, in the Q75 scenario, representing wetter conditionssand higher
recharge, the area of high vulnerability classes increased, This indicates asdirect relationship
between recharge and the DRASTIC vulnerability index. Higher recharge increases the potential
for pollutant transport from the land surface to groundwatertand censequéntly increases the
vulnerability score.

The comparison of the three DRASTIC vulnerability maps configmeththat temporal‘tincertainty
can shift the spatial extent of vulnerability classes. The dry séenakio reduced the area of high
vulnerability zones, while the wet scenario expanded‘them. This finding is particularly important
for coastal and agricultural aquifers because pollutant migration‘risk may increase during wetter
periods when recharge is higher. Therefore, a single statichv@inerability map based on long-term
mean values may underestimate or overestimate vulne@bility depending on the hydrological
condition considered.

The calibration results showed that the ¢lassical DRASTIC model had a relatively weak correlation
with nitrate concentration. The correlation_eeefficient between the initial DRASTIC index and
nitrate concentration was 0.37. This result"indicates that the standard weights and ratings of
DRASTIC are not sufficiently adapted,to the local ¢anditions of the Sari—Neka aquifer and have
limited ability to represent nitrate-relatedyulnerability.

After calibration with.the RF-HHO model,“the correlation coefficient increased to the range of
0.62 to 0.64. This improverent shows that the optimization of DRASTIC weights and ratings
using a machine learning-based #proach can significantly enhance the relationship between the
vulnerability Thdex and‘nitrate”concentration. The RF-HHO model was able to improve the
performance of the, DRASTIC index by identifying more appropriate parameter contributions
under local hydrogeol@gieal conditions.

The CNN-HHOwmodel provided the best calibration performance. The correlation coefficient
between the CNN-HHO calibrated DRASTIC index and nitrate concentration increased to the
range of 0.67qt0 0.68. The higher performance of CNN-HHO compared with RF-HHO suggests
that deep learning is more effective in identifying nonlinear and spatial relationships between
DRASTIC parameters and nitrate concentration. This is particularly relevant in groundwater
vulnerability assessment, where vulnerability patterns are spatially structured and affected by
interactions among hydrogeological, climatic, and land surface factors.

The analysis of optimized weights and ratings also provided important insights. The greatest
variation in optimized weights was observed for the aquifer media parameter, while the lowest
variation was observed for topography. In terms of final optimized weights, depth to groundwater
received the highest weight, indicating its importance in controlling the potential for contaminant
movement to groundwater. Topography received the lowest weight, suggesting that slope had a



relatively limited role in explaining nitrate distribution in the Sari—-Neka aquifer compared with
other parameters. These results confirm that the sensitivity of the final DRASTIC index depends
not only on the magnitude of temporal variation in each parameter but also on parameter weight,
rating structure, spatial distribution, and interaction with other parameters in the index.

Conclusions

This study demonstrated that temporal uncertainty in dynamic DRASTIC parameters can
significantly influence groundwater vulnerability assessment. The results showed that using fixed
long-term values for groundwater depth and recharge may simplify the actual behavior of the
aquifer and may not fully represent vulnerability under dry and wet conditions. The comparison
of Q25, median, and Q75 scenarios revealed that drier conditions increased thegxtent of very low
vulnerability areas, while wetter conditions expanded high vulnerability zones.JiLhis finding
highlights the importance of recharge in controlling pollutant transport poténtial iAithe ‘Sari—Neka
coastal aquifer.

The study also showed that a larger coefficient of variation mya parameter does not necessarily
result in a stronger effect on the final vulnerability map. Although'groundwaiter depth hada higher
coefficient of variation than recharge, its effect on the final vulperahility index was_ess visible
due to the dominance of close rating classes, particularly ratings,7 and 9\In contrast,‘recharge had
a stronger influence on vulnerability zoning,despiteyits lower, coefficient of variation. Therefore,
the sensitivity of the DRASTIC index should,be“interpretedibased on theseombined effects of
weight, rating, spatial distribution, and parameterinteraction.

The calibration results confirmed that data-driven optimiza&ion can substantially improve the
performance of the DRASTIC model. The cokelation befween the classical DRASTIC index and
nitrate concentration was 0.37, while (calibratiomyincreased it to 0.62—0.64 using RF-HHO and
0.67-0.68 using CNN-HHO. The CNN=HHO modelRshowed the best performance, indicating the
advantage of deep learning in extracting spatiahand nonlinear relationships between vulnerability
parameters and nitrate c@ntamination?

Overall, the integration of temporal uncertainty analysis and data-driven calibration provides a
more realistic framework for ‘groundwaterwalnerability assessment. The calibrated DRASTIC
model, particularly when combineg,with CNN-HHO, can be considered a more effective tool for
identifying vulnerable’ zoneSying coastal and agricultural aquifers. For future studies, it is
recommended, to incorporategadditional anthropogenic variables such as land use, fertilizer
application, irrigation intensity, well density, and pollution source distribution to further improve
the prediction of nitrate Wlnerability.

Keywords: Uncertainty, Deep Learning, Spatial Distribution, VVulnerability Index, CNN_HHO Model
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