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A B S T R A C T

Monitored natural attenuation is commonly used to manage petroleum hydrocarbon-contaminated groundwater. 
However, it requires periodic, costly grab sampling. We propose a cost-effective, real-time groundwater moni
toring proof-of-concept machine learning (ML) framework using in-situ sensors—pH, dissolved oxygen, electrical 
conductivity, and redox potential—to detect benzene, ethylbenzene, and xylenes (BEX). We built upon the 
established correlations between hydrocarbon concentrations and in-situ water quality parameters (iWQPs). Due 
to limited field data, we validated the framework using datasets at virtual wells within a simulated aquifer from 
our previously developed reactive transport model. In this application, we detected the spreading of pollution 
downstream of the established pollution plume. The used framework is a binary classification system that flags 
contamination at virtual downstream wells. We compared five ML classifiers, i.e. Logistic Regression, Random 
Forest, XGBoost, Multi-layer Perceptron, and Support Vector Classifier, for early warning when BEX reached or 
exceeded the regulatory threshold of 5 μg/L. The models were trained on virtual wells at and near the source 
zone and predicted contamination before BEX reached the threshold at downstream virtual wells. This reflects 
the spatial variability in flow and reaction dynamics that altered BEX-iWQP relationships. Scenario analyses 
revealed the ML models’ sensitivity to aquifer properties, i.e., hydraulic conductivity, electrical conductivity, and 
electron acceptor availability. We also assessed the impact of sensor noise and seasonal fluctuations on iWQPs. 
We found that even moderate levels of noise (10–20 %) can significantly affect model accuracy, particularly 
when the noise was introduced into the test data. Therefore, we recommended to combine hardware stabilization 
with adaptive smoothing techniques. With these approaches, our proposed framework remains promising for 
providing early warnings of plume migration toward sensitive receptors.

1. Introduction

Petroleum hydrocarbons (PHCs) are widely used across various 
sectors, including residential, agricultural, and transportation in
dustries. Among these compounds, aromatic hydrocarbons such as 
benzene, toluene, ethylbenzene, and xylenes (BTEX), are particularly 
hazardous due to their toxicity and persistence in groundwater (Li et al., 
2021). These contaminants often infiltrate groundwater through landfill 
leachate, leaks from underground storage tanks, and industrial dis
charges (Haider et al., 2021). To safeguard water resources, agencies 
such as the U.S. Environmental Protection Agency (EPA) established 
strict guidelines for permissible levels of organic contaminants in water 
systems (U.S. Environmental Protection Agency, 2024).

Conventional PHC monitoring in groundwater uses manual grab 

sampling and laboratory analysis. While accurate, this approach is 
costly, infrequent, and lacks the capability to provide real-time data. 
These limitations are especially crucial when Monitored Natural 
Attenuation (MNA) is the remediation strategy. MNA relies on naturally 
occurring physical, chemical, and biological processes within the soil 
and groundwater to reduce contamination levels, offering a cost- 
effective and environment-friendly alternative to immediate full-scale 
remediation (Beck and Mann, 2010).

Under MNA, contaminant plumes are expected to shrink over time, 
resulting in relatively stable conditions with respect to receptor expo
sure. Contaminant concentrations should not exceed the compliance 
limits at designated warning wells, located between the contaminant 
source and the receptor areas. Receptors encompass both human pop
ulations and ecological systems dependent on groundwater resources 
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(McKnight et al., 2010). Exceeding contaminant thresholds at warning 
wells may signal an unaccounted pollution source, requiring early 
warning systems and prompt remediation to protect receptors.

Consequently, there is a need for cost-effective, continuous moni
toring systems capable of real-time PHC detection in groundwater. Ad
vances in sensor technology and machine learning (ML) offer promising 
solutions. Emerging portable sensors are being developed for field-based 
detection of PHCs (Cova et al., 2022). But these remain costly, require 
complex sample preparation, and have slow response times.

ML models and sensor fusion have predicted contamination in both 
surface and groundwater using environmental and hydrogeological 
variables. LightGBM and XGBoost (XGB) effectively predicted E. coli 
levels on three Lake Erie beach sites (Li et al., 2022). Logistic regression 
(LR), random forest (RF), and support vector machines have estimated 
contamination probabilities of specific pollutants in groundwater. These 
include using static well measurements to predict nitrate and arsenic 
contamination (Singh et al., 2021). Linear and RF regressors were also 
used to predict and identify wells with high PFAS levels in California 
groundwater using co-contaminant fingerprints, hydrological and soil 
properties, proximity to pollution sources, and geospatial data (George 
and Dixit, 2021). Additionally, continuous sensor data integrated with 
Kalman filter had estimated tritium and uranium concentrations, 
enabling real-time plume tracking (Schmidt et al., 2018a).

Despite these advancements, a significant gap remains in using 
continuous data from conventional, low-cost sensors to detect PHCs at 
warning wells. Although Li et al. (2017) monitored groundwater for 
potential oil and gas contamination using sensor data, PHCs were not 
directly detected; instead, anomalies were identified by comparing new 
data to historical records, without converting data to PHC levels. 
Furthermore, integrating sensor data with ML models for real-time PHC 
detection has not been explored. For MNA, early warning of contami
nant migration toward the receptors is essential for triggering active 
remediation measures.

Indirect detection of PHCs is possible by monitoring their degrada
tion processes, which influence groundwater quality through various 
terminal electron-accepting processes (Wu et al., 2024). Studies have 
shown that following an inland oil spill, these degradation reactions 
drive measurable changes in geochemical conditions. To better under
stand these processes at contaminated sites, reactive transport models 
(RTMs) have been developed (e.g., Ng et al., 2015).

In an earlier study, we developed an RTM to examine how PHC 
degradation affects groundwater quality under hypothetical yet repre
sentative conditions. We simulated a stationary oil source dissolving at 
the top of a heterogeneous, shallow sandy aquifer in two dimensions. 
The model showed the spatiotemporal evolution of dissolved PHCs 
under various realistic conditions and revealed correlations between 
PHC concentrations and in-situ water quality parameters (iWQPs), 
namely pH, dissolved oxygen (DO), electrical conductivity (EC), and 
redox potential (ORP) (Wu et al., 2024). ORP in water measures the 
tendency of a chemical species to gain (reduction) or lose (oxidation) 
electrons (Copeland and Lytle, 2014). These findings suggested that 
conventional water quality sensors could detect PHCs in groundwater.

Qiao et al. (2025) have recently presented a study that closely par
allels the methods and frameworks introduced in our earlier work (Wu 
et al., 2024). They made minor modifications to our original Python- 
based RTM to generate the datasets required for the ML-based integra
tion of iWQPs in estimating PHC concentrations in groundwater. While 
their stated objective was to “predict the spatiotemporal distribution of 
dissolved-phase NAPL plumes,” our study focused on the early detection 
of benzene, ethylbenzene, and xylenes (BEX) compounds at warning 
wells across a range of aquifer conditions. Toluene was excluded in the 
BTEX group due to its tendency to degrade directly from the pollution 
source without dissolving (Ng et al., 2015; Wu et al., 2024).

We present a proof-of-concept ML framework that integrates data 
from affordable in-situ sensors to detect BEX in groundwater. BEX 
compounds were grouped based on their shared migration and 

degradation properties (Ng et al., 2015; Wu et al., 2024). The sensors 
include pH, DO, EC, and ORP. Due to limited field data, we validated the 
framework using RTM-generated datasets from virtual observation 
wells. We framed the task as a binary classification problem, deter
mining whether a virtual well is contaminated (≥5 μg/L BEX, based on 
U.S. EPA standards) or uncontaminated. To our knowledge, this is the 
first study to explore the use of low-cost sensor data in combination with 
ML to provide early warnings of PHC contamination at downstream 
wells. Our approach differs from prior work by directly predicting 
exceedances of regulatory thresholds, rather than mapping plumes or 
identifying anomalies. In essence, our ML framework was trained to 
detect contamination at warning wells and provide a timely warning of 
contaminant migration before it reaches sensitive receptor areas.

Additionally, we evaluated the ML models across diverse hydro
geological conditions by training and testing separate models for each 
RTM scenario. In our scenario simulations, we varied the amplitude of 
the water table fluctuations, hydraulic conductivity, and background 
salinity. We also modified the electron acceptor availability by removing 
or increasing DO, nitrate, and sulfate concentrations, and adjusted 
mineralogical controls via calcite presence, Fe(OH)₃ reduction, and 
cation exchange capacity. Details are provided in Tables S1, S2, and in 
Wu et al. (2024).

To further evaluate our ML models under realistic conditions, we 
introduced noise to iWQPs from our previous RTM (Wu et al., 2024). We 
incorporated (1) Gaussian sensor noise based on commercial specifica
tions, and (2) sinusoidal fluctuations to simulate seasonal groundwater 
variations. These were introduced only to the RTM outputs. We then 
evaluated the models’ performance on these noisy datasets by 
comparing BEX arrival times from both the RTM and ML predictions at 
virtual warning wells. To improve detection accuracy under noisy con
ditions, we implemented a moving-average filter with varying window 
sizes.

2. Methods

2.1. Reactive transport modeling as a data source

The previously developed RTM (Wu et al., 2024) simulates the 
dissolution, advection, dispersion, and biodegradation of BEX and non- 
volatile dissolved organic carbon (NVDOC) from a light non-aqueous 
phase liquid (LNAPL) source in a porous media aquifer. Furthermore, 
the model accounts for the direct degradation of other components 
within the source zone. In addition to organic processes, the RTM in
corporates inorganic reactions such as mineral dissolution and precipi
tation, cation exchange, and redox-related outgassing (Wu et al., 2024). 
We based the model’s domain and parameter values on existing studies 
on PHC contamination, particularly the extensively studied crude oil 
spill site in Bemidji, Minnesota (Ng et al., 2015). In our previous study, 
we examined the correlation between BEX and various in-situ water 
quality parameters (iWQPs), specifically pH, DO, ORP, and EC. Based on 
these findings, we developed ML models to detect the arrival of dis
solved BEX using iWQPs at virtual warning wells located at various 
depths and distances from the oil source.

While synthetic datasets generated by RTM offer a controlled and 
informative environment for proof-of-concept development, they cannot 
fully capture the complexity and variability of real-world aquifers 
including microbial variability, contamination source changes, and 
sensor fouling. As such, the applicability of our ML framework to field 
conditions remains to be validated. Still, the use of RTM facilitates 
generalizability by allowing testing with diverse hydrogeochemical 
scenarios without the constraints of cost, safety, or other physical limi
tations typically associated with field studies.

2.2. Machine learning model development

In this study, we focused on a binary classification problem: 
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determining whether a virtual observation well is contaminated or un
contaminated. Classification problems are a type of supervised learning 
task where each data point is associated with a class label (Sen et al., 
2020). The goal is to develop a function or a classifier that can accurately 
categorize data points into the correct classes based on their features. To 
be effective, this classifier must demonstrate both high predictive 
accuracy—meaning it correctly classifies most of the data it is tested 
on—and a low generalization error, which refers to its ability to main
tain that accuracy when applied to new, unseen data (Wang and Shen, 
2006). Rather than estimating exact BEX concentrations, we aimed to 
demonstrate how an early-warning system based on inexpensive water 
quality sensors can support timely field investigations during contami
nation events. For stakeholders, a binary output indicating the presence 
or absence of contamination offers a more practical and interpretable 
first step in risk management. This simplification, in which 5 μg/L and 
9.9 mg/L are treated as the same class, was designed to prioritize rapid 
risk identification over accurate concentration estimation.

We implemented several of the most widely used ML classifiers, 
which have demonstrated their effectiveness across various domains 
(Ahsan et al., 2021; Li et al., 2022). We used LR, Support Vector Clas
sifier (SVC), RF, XGB, and Multi-layer Perceptron (MLP) (Text S1). We 
opted for classification ML models over regression since classification 
models can provide probability estimates, offering deeper insights into 
the certainty of the predictions. Furthermore, classification algorithms 
can generally handle imbalanced datasets. This is particularly relevant 
to our virtual dataset produced with RTM given the underrepresentation 
of the uncontaminated class. To classify contamination levels, we used 
the U.S. EPA’s maximum benzene concentration limit of 5 μg/L in 
drinking water as a threshold during ML model development; benzene is 
recognized as the most toxic constituent within the BEX group. In 
comparison, ethylbenzene and xylenes have higher allowable concen
trations in drinking water, which are 700 μg/L and 10,000 μg/L, 
respectively (U.S. EPA, 2024).

The ML model development process starts with creating a database 
that captures the relationship between BEX concentration and the 
iWQPs. Due to limited high-resolution temporal data from contaminated 
sites, including the well-studied Bemidji site, we principally used our 
RTM to generate a comprehensive virtual dataset for model training and 
evaluation. We focused on the initial 5 years of simulation, when BEX 

was the primary electron donor. Fig. 1 illustrates the simulated cross- 
sectional BEX plume after 5 years (Wu et al., 2024). DO, pH, EC, and 
ORP were selected as input variables based on strong correlations with 
PHCs (Fig. S1). To capture spatial variability, we also included the depth 
and horizontal distance of each virtual observation well from the 
contamination source (Table S3) in both training and test datasets.

Model training and evaluation followed a two-layer approach 
combining Tree-Structured Parzen Estimator for hyperparameter opti
mization and leave-one-group-out cross-validation across four virtual 
training wells. In each iteration, one well was used for validation while 
the remaining three were used for training. A custom scoring function 
was used to prioritize timely detection of BEX contamination, balancing 
prediction accuracy (F1 score) and delay in alarm timing. Although we 
did not apply explicit techniques to address class imbalance, we relied 
on the inherent robustness of the selected classifiers to handle imbal
anced datasets. Additionally, we incorporated penalty weighting for 
missed contamination events and required at least two consecutive de
tections to trigger an alarm, reducing the impact of isolated false posi
tives. Details of the model training and hyperparameter tuning process 
are provided in Text S2.

To evaluate the real-world applicability, we conducted sensitivity 
analyses using a realistic base case and additional simulations reflecting 
varied but plausible hydrogeological conditions. The base case, based on 
typical field settings (Wu et al., 2024), served as a benchmark. Mean
while, scenario simulations assessed the model performance under 
different boundary conditions, aquifer characteristics, and groundwater 
chemistries. We trained and tested the ML models across these diverse 
conditions to assess their robustness and adaptability to field-relevant 
scenarios.

2.3. Data preprocessing

A fundamental concept in ML is the separation of training and testing 
data to ensure unbiased performance evaluation (Xu and Goodacre, 
2018). The training dataset is used to calibrate the models, allowing it to 
learn the relationships and patterns inherent in the data. The testing 
dataset is then used to evaluate the models and assess the model’s 
generalization capabilities and predictive accuracy on unseen data. This 
process is crucial in preventing overfitting, a phenomenon where the 
model performs exceptionally well on the training data but poorly on 
new data.

Unlike random shuffling approaches that mix all available data 
(Zhang, 2025), we implemented a spatially structured training-testing 
split that reflects the natural time progression of contamination (i.e., 
plume migrates from upstream to downstream). This method avoids 
potential biases that arise from mixing data across different locations 
and time periods. Our models were trained on 5-year data from virtual 
wells near the source zone (X0Z0, X1Z1, X1Z2, X1Z3) where BEX con
centrations exceed regulatory thresholds. The models were then tested 
on downstream virtual wells—which we identify as warning wells 
(X2Z1, X2Z2, X2Z3, X3Z3)—to simulate early detection in uncontami
nated areas. The receptor boundary was defined beyond the furthest 
virtual well (X3Z3). This approach achieves our practical objective of 
predicting contamination migration using in-situ sensor data.

Since the iWQPs vary in scale and units, we standardized the data 
using the StandardScaler function from the scikit-learn library, trans
forming each parameter to have a mean of 0 and a standard deviation of 
1. This ensures that all parameters contribute equally to model training, 
preventing any single feature from disproportionately influencing the 
results (Ahsan et al., 2021).

We categorized the data into two groups: non-contaminated 
(assigned a value of 0) for all data with BEX levels of 0 to below 5 μg/ 
L, and contaminated (assigned a value of 1) for all data with BEX levels 
of 5 μg/L and above. This binary labeling approach (assigning a label of 
0 or 1) is widely used in binary classification tasks (Li and Tong, 2020). 
The highest BEX level in the training data from the base case is 9.9 mg/L, 

Fig. 1. BEX plume distribution at 1 and 5 years of simulation. BEX concen
tration is converted to base 10 log form with 1 mg/L as reference. The white 
square indicates the oil source zone, and the eight vertical white lines represent 
virtual observation wells. BEX concentration reached a 5 μg/L threshold at the 
farthest virtual warning well approximately 4 years into simulation.
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observed at the virtual observation well X0Z0.

2.4. Model evaluation

As a proof-of-concept, the performance of the ML models was 
assessed based on their ability to detect when BEX reached the down
stream virtual observation wells (X2Z1, X2Z2, X2Z3, and X3Z3) using 
the virtual iWQPs. We quantified this by comparing the BEX arrival time 
predicted by the ML models with the actual arrival time determined by 
the RTM. A key criterion in our evaluation was whether the ML model 
could trigger an alarm when BEX contamination occurred in a virtual 
observation well, specifically when it reached the threshold of 5 μg/L.

When the ML model triggered an alarm, we compared its prediction 
to the RTM-generated data. We defined a threshold breach as the 
moment when BEX concentrations reached or exceeded the regulatory 
limit of 5 μg/L. If the RTM showed BEX concentrations above 0 μg/L (not 
detectable or ND) but still below 5 μg/L, we identified the event as a 
premature alarm, meaning the ML model predicted a potential risk 
before the threshold was breached. In these cases, we recorded how 
many days the alarm occurred before the threshold was breached. If the 
RTM showed BEX concentrations as ND, we considered the ML alarm a 
false alarm, meaning the ML model predicted contamination when none 
was present. If BEX concentrations from the RTM reached or exceeded 5 
μg/L but the ML model did not trigger an alarm on the same day, we 
labeled it a missed alarm. This means that contamination was present, 
but the ML model failed to detect it. We evaluated missed alarms by 
calculating the delay in the model’s response, defined as the number of 
days between the actual threshold breach and the ML model’s alarm 
trigger.

2.5. Introduction of sensor noise and seasonal fluctuations in 
groundwater chemistry

Water quality sensors are inherently prone to measurement errors 
(de Winter et al., 2019). Therefore, we integrated measurement noise 
into our virtual data to accurately represent real-world conditions. We 
added zero-mean Gaussian noise to the RTM output data using fixed 
standard deviations that match the accuracy of commercial sensors 
(Table S4). This measurement noise was introduced only at the RTM 
output stage, not during the RTM simulation. Our approach for adding 
noise follows the method outlined by Zhu and Wu (2004), in which noise 
is injected into the training data, test data, or both to simulate mea
surement uncertainty (Fig. S2). We increased the noise levels in a 
stepwise manner, using 10 % increments, where 100 % noise corre
sponds to the standard deviation specified by the sensor’s accuracy.

We observed the changes in iWQPs induced by BEX degradation, 
which is the signal of interest. While changes in iWQPs may also influ
ence BEX degradation, we assumed first-order biodegradation kinetics 
in our RTM that are temporally and spatially uniform and independent 
of redox conditions (Wu et al., 2024). This simplification allowed us to 
isolate the effect of BEX degradation on iWQPs. We determined that the 
aquifer’s initial baseline iWQP values do not significantly influence the 
magnitude of this signal, as the observed changes are governed pri
marily by BEX degradation kinetics. We therefore assumed that our 
noise augmentation approach—introducing noise specifically to 
iWQPs—adequately captures the real-world noisy measurements.

Whereas the RTM assumed that the groundwater flowing into the 
pollution zone had a constant chemistry, groundwater composition can 
vary spatially and temporally due to anthropogenic exploitation, natural 
mixing processes, and varying recharge conditions (Yao et al., 2024). 
While bulk groundwater chemistry responds slowly to these changes, 
depending on aquifer characteristics (Khatri and Tyagi, 2015), iWQPs 
are generally more sensitive to environmental fluctuations. Addition
ally, iWQPs are measured using sensors characteristically sensitive to 
(seasonally changing) temperature. While automatic temperature 
compensation (ATC) is typically applied, temperature fluctuations can 

still introduce variability in sensor readings. To simulate the effect of 
seasonal variations in the composition of clean upstream groundwater, 
we superimposed a sinusoidal annual fluctuation on the RTM-derived 
iWQPs. We introduced fluctuations exclusively at the RTM output 
stage while maintaining noise-free RTM simulations. These fluctuations 
were introduced solely to the training data, in contrast to sensor noise, 
which was added to both training and testing datasets.

To introduce sinusoidal fluctuations into the iWQPs, we first needed 
to determine the signal amplitude (A) to generate the synthetic sine 
wave for each parameter. We began by calculating the standard devia
tion of field measurements (σmeasurement) using continuous measurement 
data obtained from the U.S. Geological Survey (n.d.) and from a pub
lished study (Lyons et al., 2023) (Table S5). For a pure sine wave with 
zero mean, A is related to the standard deviation of the signal (σsignal) 
through the root-mean-square relationship (Irvine, n.d.): σsignal =

1/
̅̅̅
2

√
A.

Since σmeasurement includes sensor noise, we estimated σsignal by 
removing the noise component using the following expression: σsignal =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
σmeasurement2 − σsensor2

√
, where the standard deviation of the sensor, 

σsensor corresponds to the technical accuracy of the sensor. Because the 
actual accuracy of the USGS sensors is unknown, we subtracted the 
variance based on the specifications of sensors used in our noise simu
lations (Table S4). For EC, the sensor accuracy is expressed as a per
centage of the measured value, which complicates amplitude calculation 
because the resulting σsensor varies with each reading. To simplify, we 
used the mean EC value from the USGS data (approximately 520 μS/cm). 
Following the same procedure used for sensor noise, we increased the 
amplitude of the sinusoidal fluctuation in 10 % increments, where 100 
% corresponds to the calculated amplitude A.

Thus, we evaluated the performance of our ML models under three 
different scenarios: 1) data with added sensor noise, 2) data with added 
sinusoidal annual fluctuations in clean groundwater composition, and 3) 
data combining both factors.

Finally, we explored various methods for filtering the data with 
added noise and fluctuations to enhance the predictive performance of 
our ML models. These included applying smoothing techniques using 3- 
day, 5-day, and 10-day averages. Fig. S3a, b, and c illustrate the iWQPs 
at virtual training well X0Z0 under conditions of 10 %, 50 %, and 100 % 
added sensor noise and sinusoidal fluctuations, along with the corre
sponding 5-day moving average smoothing.

3. Results and discussion

In this section, we present the performance evaluation of our ML 
models through four key assessments. First, we established the baseline 
accuracy by testing the models using noise-free RTM-generated base 
case data. The goal is to trigger a contamination alarm when BEX con
centration reached 5 μg/L. While detection earlier than this threshold is 
generally acceptable, our models were trained to prioritize timely rather 
than excessively premature alarms to avoid unnecessary field responses. 
For example, an alarm triggered 5 days before the threshold breach is 
considered more desirable than one triggered 30 days early. However, 
there is no standardized optimal time for premature alarms, as alarms 
triggered far in advance may resemble false positives and can be costly 
in terms of operational impact.

Next, we assessed their adaptability to varying conditions using data 
from scenario simulations (Wu et al., 2024). We then tested their 
robustness by introducing artificial noise at multiple intensity levels to 
the base case data and quantifying the corresponding performance 
degradation. Finally, we evaluated the effectiveness of noise-reduction 
techniques in restoring the timely detection accuracy of the ML models.

To reflect the practical goal of early warning, we evaluated model 
performance using a custom scoring function that prioritizes timely 
detection of BEX contamination. The score penalizes premature alarms 
and missed contamination events more heavily than overall 
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classification accuracy. Details of this scoring approach are provided in 
Text S2. These assessments demonstrate the capabilities and limitations 
of the ML models, and the implications for real-world groundwater 
monitoring application.

3.1. Baseline performance evaluation

The five ML models trained to detect BEX performed differently in 
triggering the contamination alarm when tested on virtual warning 
wells. LR, RF, XGB, and MLP models triggered the alarms in all virtual 
warning wells before BEX concentrations reached the 5 μg/L threshold 
(Fig. 2). In virtual warning wells X2Z1, X2Z2, X2Z3 (located 85 m from 
the source zone’s center), these concentrations ranged from 3.4 μg/L to 
4.7 μg/L. These values correspond to predictions that predated the 
actual concentration threshold breach by 25 to 4 days. In contrast, SVC 
triggered alarms at the X2 virtual warning wells when BEX concentra
tions exceeded the threshold (6.4 μg/L to 7.1 μg/L), resulting in a 
delayed alarm trigger of 12 to 19 days.

At the farthest virtual warning well, X3Z3 (located 145 m from the 
source zone’s center), most models triggered alarms earlier than ex
pected. The LR model triggered the alarm 189 days earlier at a con
centration of 0.6 μg/L, while the MLP model triggered the alarm 126 
days earlier at 1.2 μg/L. The RF and XGB models showed moderately 
better performance, triggering alarms 54 days (at 2.6 μg/L) and 61 days 
(at 2.4 μg/L) earlier, respectively. However, the SVC performed best at 
this virtual warning well, triggering the alarm 18 days earlier at a 
concentration of 4.1 μg/L.

Most ML models predicted contamination prior to the actual event. 
This discrepancy likely stems from differences between the training and 
test datasets: the models were trained on data from source-zone virtual 
wells (X0Z0) and nearby virtual wells (55 m from the source center) but 
tested on downstream virtual wells farther from the source (warning 
wells). Due to varying flow and reaction dynamics, the relationships 
between BEX and iWQPs were not consistent across distances. Specif
ically, BEX arrived more quickly at closer virtual wells with higher 
concentrations, whereas geochemical reactions had more time to 

influence the iQWPs at farther virtual wells, leading to different 
parameter relationships (Fig. 3). This mismatch in geochemical condi
tions across distances affected model generalization, as seen in the 
premature alarms at X3Z3. The results suggest that the initial ML 
framework was less robust at distant wells, and that either warning wells 
should be placed closer to the source zone or additional training data 
from farther locations is needed to improve performance.

Furthermore, the iWQPs were responsive to changes in BEX due to 
degradation rather than to its absolute concentration. As a result, the 
models still tended to trigger contamination alarms earlier than the set 
thresholds even when the training threshold was increased from 5 μg/L 
to 10, 50, 100, and 500 μg/L (Fig. S4).

RF and XGB performed best at all virtual warning wells. This can be 
attributed to their ensemble nature, which enables them to effectively 
capture complex, non-linear relationships in the data (Lin et al., 2022). 
Ensemble methods can also improve predictive performance and 
robustness against overfitting by combining multiple models or learners, 
allowing them to generalize better across different datasets.

Although LR and SVC are both linear models (with a linear kernel 
used for SVC), SVC was more conservative in its predictions, requiring a 
higher BEX concentration and thus greater certainty in exceeding the 
threshold before it triggered the alarm. The LR models the probability of 
a sample belonging to a class (i.e., contaminated vs. uncontaminated). 
However, it assumes a linear relationship between the independent 
variables and the log odds of the outcome, which may not be valid in all 
scenarios (Bisong, 2019). The training data may have caused the deci
sion boundary to be close to the threshold, leading to more samples 
being classified as contaminated, even if their concentrations were 
below but near the threshold. On the other hand, SVC aims to find the 
hyperplane that maximizes the margin between the two classes (Vapnik, 
1982). SVC focuses on samples closest to the decision boundary (support 
vectors), making it less sensitive to the overall data distribution, which 
results in the SVC being more conservative when classifying samples as 
contaminated.

While MLP can capture complex patterns due to its multi-layer ar
chitecture, it is also prone to overfitting (Rynkiewicz, 2019). MLP trig
gered an alarm at a BEX concentration of 1.2 μg/L at the virtual well 
X3Z3, suggesting that it did not generalize well to unseen data or 
underperformed with data that were outside the range of the training 
data. This lack of generalization is often a consequence of the model’s 
reliance on specific training data characteristics that may not be repre
sentative of the unseen conditions.

Furthermore, due to the stochastic initialization of weights in MLP, 
as in other neural networks (Narkhede et al., 2022), the BEX concen
tration that triggered the alarm varied between runs. To account for this 
variability, we ran the prediction 1000 times and recorded the results. 
Fig. S5 shows the histogram of the BEX concentration when MLP trig
gered the alarm at the virtual warning wells. Most of the alarms were 
triggered at BEX concentration of approximately 3.3 μg/L to 3.8 μg/L for 
all virtual warning wells, except for the farthest virtual warning well 
X3Z3. At this virtual well, MLP was prone to false alarms, triggering 
alarms even when the BEX concentration was ND.

It is important to note that small variations in sensor data may be 
difficult to detect in real-life applications, and that the technical limi
tations of available sensors must be considered when interpreting the 
practical implications of these findings. Sensors typically have accu
racies and resolutions of ±0.1 and ± 0.01 for pH, ±5 mV and ± 0.1 mV 
for ORP, ±0.5 % (of reading) and ± 0.1 μS/cm for EC, and ± 0.1 mg/L 
and ± 0.01 mg/L for DO (Wu et al., 2024). Despite these limitations, our 
results suggest that the combined response of multiple sensor parame
ters—even when individual deviations are small—still supported our 
proof-of-concept framework for an early warning system.

3.2. Scenario simulations performances

In this section, we present the results of our scenario simulations, 

Fig. 2. Concentration of BEX when the different ML models triggered the 
contamination alarm at the virtual warning wells. Red dashed line represents 
the US EPA threshold of 5 μg/L. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the web version of this article.)
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which compare the performance of ML classifiers under different aquifer 
conditions (Fig. 4). Each scenario involves a specific modification to the 
aquifer’s properties in our previous RTM (Wu et al., 2024), including 
hydraulic conductivity, background EC, nitrate and sulfate concentra
tions, presence/absence of calcite, and cation exchange capacity (CEC). 
As in the base case, we trained the ML models using data from virtual 
wells X0Z0, X1Z1, X1Z2, and X1Z3 within a given scenario and tested 
them on downstream virtual warning wells X2Z1, X2Z2, X2Z3, and X3Z3 
under the same conditions.

Our scenario simulations revealed consistent patterns in model per
formance relative to the base case. Most models triggered detections 
earlier than the actual 5 μg/L threshold, except for the SVC model, 
which showed a more conservative behavior. However, these general 
trends of the models’ performances were significantly affected by three 
hydrogeochemical changes: reduced hydraulic conductivity, elevated 
background salinity, and the availability of electron acceptors.

Reduced hydraulic conductivity slowed down advective transport, 
increasing residence time and enhancing redox-driven degradation of 
BEX. This condition altered the geochemical gradients of the aquifer, 
weakening the iWQP-BEX correlations on which the ML models relied 
for detection. The LR model became particularly conservative under 
these conditions, triggering alarm at elevated concentration of 17.4 μg/L 
at virtual warning well X2Z1 (Fig. 4). In contrast, the SVC model trig
gered the alarm at 4.3 μg/L in virtual warning well X2Z1 and falsely 
detecting contamination in virtual warning well X3Z3 (ND). These re
sponses reflect how reduced flow velocities fundamentally shift chemi
cal relationships in the aquifer, making parameters like pH and EC more 
responsive to NVDOC than to BEX compounds (Wu et al., 2024).

Changes in background water chemistry also affected the perfor
mance of the ML models. The elevated EC, induced by increased salinity, 

reduced the signal-to-noise ratio of BEX contamination (Wu et al., 
2024). High baseline EC masked the subtle changes caused by BEX 
degradation, resulting in SVC to generate false positives even in un
contaminated virtual warning wells (ND at X3Z3).

Scenarios with elevated nitrate or absent oxygen/sulfate disrupted 
the expected BEX degradation pathways, causing the ML models to 
trigger false or delayed contamination alarms. For instance, LR incor
rectly flagged contamination at all virtual warning wells (ND) when 
dissolved oxygen was absent at the RTM simulation. Similarly, both RF 
and XGB triggered alarms during the simulation scenario with elevated 
nitrate concentrations at BEX levels above 30 μg/L at the virtual warning 
wells X2Z2, X2Z3, and X3Z3 (Fig. 4). This scenario likely shifted the 
redox balance, delayed BEX degradation, and thus delayed the alarm 
until the concentration was significantly higher than the 5 μg/L 
threshold.

The kernel density estimates in Fig. S6 clearly illustrate these overall 
trends, showing that most model predictions clustered below the 5 μg/L 
threshold (i.e., at the peak of the curves). These KDE plots provide a 
smoothed visualization of the data distribution, offering intuitive in
sights into prediction patterns while masking exact frequencies 
(Węglarczyk, 2018).

While our scenario simulations explored hydrogeochemical vari
ability, they did not yet account for potential measurement uncertainty 
in real-world field deployments. To address this limitation and assess the 
robustness of our ML models under more practical conditions, we 
introduced Gaussian noise and sinusoidal fluctuations to the iWQPs.

Fig. 3. Scatter plots of four in-situ water quality parameters versus BEX concentration (μg/L) based on RTM results. Data points are plotted at 5-point intervals to 
reduce visual clutter while preserving trend resolution. Note that variations in sensor parameter values were minimal across the ND–10 μg/L range.
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3.3. Sensitivity to noise and groundwater variability

3.3.1. Impact of sensor noise on model performance
Adding Gaussian noise to the test data significantly degraded the 

performance of all ML models. Even at relatively low noise levels 
(10–20 %), false alarms were consistently triggered, particularly at 
virtual warning well X2Z1 (Fig. 5). This is presumably because typical 
sensor noise levels were comparable to the subtle signal variations of 
iWQPS at BEX concentration threshold of 5 μg/L. As the threshold 
increased, the impact of sensor noise diminished, since higher BEX levels 
were associated with stronger signals (Fig. S7). False alarms occurred at 
10–30 % noise levels for the 10 μg/L threshold, while premature 
alarms—approximately 30 to 100 μg/L lower than the set thresh
old—were observed at 80–100 % noise levels for thresholds at 50 to 500 
μg/L (Fig. S8). Among the tested models, MLP was the most sensitive, 
leading to inconsistent alarm triggering. This suggests a loss of gener
alization and stability under noisy conditions, highlighting the need for 
enhanced regularization techniques (Dey et al., 2018).

When noise was added to the training data, its effect on model per
formance was more gradual compared to test data noise. As noise levels 
increased from 10 % to 100 %, the BEX concentration at which the 
models triggered alarms also increased (Fig. S9a to c), except for MLP. 
This trend aligns with findings from other studies, which have shown 
that the type and level of noise significantly affect classifier accuracy; for 
example, experiments with Gaussian noise demonstrated a more gradual 
decline in accuracy, particularly when noise was added to the training 
data (Schooltink, 2020).

However, the addition of training noise caused LR and SVC to 
generate false positives at the farthest virtual warning well X3Z3 
(Fig. S9c). This points to a possible interaction between noise and signal 
strength at the fringe of the plume, where BEX concentrations are 
already low. Under these conditions, even small fluctuations in input 
features were enough to push the model toward incorrect classifications. 
Furthermore, as noted by Schmidt et al. (2018b), even small input 
perturbations that are often imperceptible to humans can cause state-of- 
the-art classifiers to make incorrect predictions with high confidence.

Compared to other models, LR demonstrated greater robustness. 
While noise introduced a slight delay in alarm triggering (from 5 μg/L to 
about 8 μg/L) at virtual warning well X2Z1 (Fig. 5), LR maintained 
relatively stable performance across noise levels. This can be attributed 
to its linear decision boundary, which is inherently less sensitive to small 
perturbations in the input data, allowing it to better filter out minor 
fluctuations (Hasan and Chu, 2022).

3.3.2. Impact of seasonal fluctuation on model performance
Sinusoidal fluctuations in the training data had a limited impact on 

the performance of linear models such as LR and SVC, especially when 
compared to sensor noise (Fig. 6). These simpler models lack the flexi
bility to model non-linear patterns, which in this context proved ad
vantageous. Because they could not overfit to the fluctuations, LR and 
SVC maintained stable alarm-triggering behavior across varying fluc
tuation levels.

In contrast, complex models such as XGB, RF, and MLP were more 
sensitive to these fluctuations. As the amplitude of the fluctuations 

Fig. 4. Model prediction results showing the BEX concentration at which the contamination alarm was triggered at four virtual monitoring wells (i.e., X2Z1, X2Z2, 
X2Z3, X3Z3) under different scenario simulations. We used a broken y-axis to clearly display BEX concentrations between ND and 10 μg/L at X2Z3 and X3Z3.
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increased, XGB and RF became increasingly conservative, delaying 
alarms until higher BEX concentrations were reached. RF, in particular, 
only triggered alarms at concentrations exceeding 60 μg/L under 
extreme (100 %) fluctuation conditions. The MLP model exhibited the 
most erratic behavior, likely due to the MLP’s complex internal repre
sentations and susceptibility to overfitting, particularly when the 
hyperparameters were tuned on clean data (Rynkiewicz, 2019).

These findings suggest that fluctuations not representative of the true 
underlying signal can degrade the performance of complex models. Such 
models are prone to fitting high-frequency patterns in the training data, 
mistaking noise for meaningful trends (Hakkal and Lahcen, 2024). In 
contrast, simpler linear models such as LR and SVC cannot capture 
complex relationships such as these fluctuations. However, if the 

fluctuations were part of the actual signal, the inability of linear models 
to learn non-linear patterns would likely degrade their performance.

To account for possible seasonal trends in iWQPs, we also conducted 
additional experiments by shifting the sinusoidal peaks to represent 
different months. These seasonal adjustments did not significantly alter 
model behavior, and the general conclusions described above held 
across all scenarios.

3.3.3. Influence of combined noise and seasonal fluctuation
When both sensor noise and sinusoidal annual fluctuations were 

introduced into the training data, model performance degraded more 
noticeably than when only one type of variability was present (Fig. 7). 
For instance, at 100 % combined noise and fluctuation levels, LR 

Fig. 5. BEX concentrations (μg/L) at which the five ML models triggered the contamination alarm under varying sensor noise levels at virtual warning well X2Z1: 
Noisy vs Clean (noisy training, clean test data), Clean vs Noisy (clean training, noisy test data), and Noisy vs Noisy (noisy training and test data).
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delayed its alarm at virtual warning well X2Z1. The alarm was triggered 
only until BEX concentrations reached 14 μg/L which is well above the 
intended 5 μg/L threshold. In comparison, LR triggered the alarm at 
around 8 μg/L with only sensor noise, and correctly at 5 μg/L with only 
sinusoidal fluctuations. Similarly, XGB triggered the alarm at X2Z1 at 
50 μg/L under combined noise and fluctuations, compared to 20 μg/L 
with only sensor noise and 13 μg/L with only sinusoidal fluctuations.

Interestingly, model performance did not always degrade linearly 
with increasing noise levels. In some cases, such as XGB at the four 
virtual warning wells, the model performed slightly better at 100 % 
combined noise and fluctuation than at 90 %. At 90 %, the alarm was 

triggered at approximately 60 μg/L, compared to around 50 μg/L at 100 
%. This counterintuitive result may be due to instances where the sensor 
noise and the sinusoidal fluctuations partially canceled each other out.

3.4. Improving model performance

To mitigate the effects of sensor noise and seasonal fluctuations, we 
applied 3-day, 5-day, and 10-day moving average smoothing to the 
training data after introducing Gaussian noise and sinusoidal fluctua
tions. Among these, the 5-day moving average yielded the best model 
performance (Fig. 8). The results for 3-day and 10-day smoothing are 

Fig. 6. BEX concentrations (μg/L) at which the five ML models triggered the contamination alarm under varying fluctuation levels added to the training data at all 
virtual warning wells.
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provided in Fig. S10a and b. LR initially triggered the contamination 
alarm at ~10 μg/L at 100 % noise and fluctuation levels in virtual 
warning well X2Z2 (Fig. 7). However, LR detected BEX contamination at 
~7 μg/L when 5-day smoothing was applied (Fig. 8), which is closer to 
the 5 μg/L regulatory threshold. Similarly, SVC showed improved 
sensitivity, with alarms triggered at ~10 μg/L (smoothed) compared to 
~17 μg/L (unsmoothed).

While smoothing can generally help reduce the impact of sensor 
noise in the ML model performance (Xiao et al., 2022), the choice of 
window size is critical: Too few days (e.g., 3-day) makes smoothing 
overly sensitive to noise, as short-term fluctuations disproportionately 

influence the average. On the other hand, too many days (e.g., 10-day) 
leads to over-smoothing and can delay the detection by masking short- 
term contamination spikes. The 5-day window in our case served as 
an optimal balance, effectively dampening random noise while still 
preserving meaningful sensor signals. However, seasonal fluctuations 
require a different approach such as Fourier decomposition or wavelet 
transforms (Bi et al., 2023) to separate periodic trends from contami
nation signals.

Fig. 7. BEX concentrations (μg/L) at which the five ML models triggered the contamination alarm with combined sensor noise and sinusoidal fluctuation levels 
added to the training data at all virtual warning wells.
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4. Conclusion

In this study, we present a proof-of-concept ML framework that in
tegrates data from affordable in-situ sensors to detect BEX in ground
water. The used virtual sensors in the presented case include pH, DO, EC, 
and ORP. Our ML framework was trained to detect contamination at 
warning wells and provide timely alerts of contaminant migration 
before it reaches sensitive receptor areas.

Ensemble models such as RF and XGB consistently demonstrated 
reliable performance across diverse aquifer scenarios. This robustness 
suggests their potential suitability for future field deployment after 

further field validation. However, successful real-world implementation 
still requires careful consideration of site-specific hydrogeochemical 
properties. Our findings showed that scenario-specific deviations 
consistently emerged under three conditions: when altered transport 
times changed the degradation signatures, when background chemistry 
obscured the contamination signals, or when terminal electron accep
tors were absent. These factors affect the relationships between iWQPs 
and BEX concentrations.

The integration of sensor data into ML systems raises challenges 
related to data quality and signal stability. Even modest levels of noise, 
such as 10–20 % Gaussian variation, considerably impacted the model 

Fig. 8. BEX concentrations (μg/L) at which the five machine learning models triggered contamination alarms. A 5-day moving average was applied for smoothing 
after adding different levels of combined sensor noise and sinusoidal fluctuations in the training data at all virtual warning wells.
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performance, especially for complex models such as the MLP. This 
highlights the need for both hardware and software-based solutions to 
stabilize data inputs. For example, hardware modifications such as flow- 
stabilization chambers in monitoring wells can help reduce turbulence 
and provide more consistent sensor readings. On the software side, 
preprocessing techniques to remove seasonal patterns and smooth noise 
can also enhance data quality. Our results indicate that fixed-window 
smoothing can improve model reliability; however, static and adaptive 
smoothing methods may mask short-term concentration spikes or fail to 
adjust to seasonal variability.

To maintain model accuracy over time, all deployed systems will 
require continuous learning mechanisms capable of incorporating new 
sensor data and adapting to evolving aquifer conditions. Without such 
updates, model predictions may degrade as site conditions shift. More
over, since class imbalance can affect model performance, resampling or 
weighting techniques can be explored for future work to improve 
contaminant detection sensitivity. While our study demonstrates the 
feasibility of this approach in a controlled virtual environment, further 
field-based research is needed to validate its practical applicability.

For field validation and practical implementation, low-cost in-situ 
sensors (e.g., pH, DO, EC, and ORP) could be installed at monitoring 
wells within contaminated area to collect continuous water quality data. 
To train the ML models, high-resolution spatiotemporal data would be 
needed to establish a reliable and site-specific baseline. Monthly BTEX 
measurements via laboratory analysis are essential during the initial 
years of contamination. More frequent sampling, such as weekly or 
daily, can further improve model robustness; direct BTEX sensors may 
be installed at contaminated wells for daily measurements. Once 
trained, the models can be deployed at downstream warning wells 
where similar sensors would be installed. The warning wells are posi
tioned before sensitive receptors such as drinking water wells. Sensor 
data from these wells would be streamed to a central system for ML- 
based analysis, triggering alarms when predicted BEX concentrations 
exceed the contamination threshold. Manual sampling is then required 
to check for actual contamination.

Initial costs include sensor installation and calibration, while 
ongoing costs involve maintenance and periodic model retraining to 
account for seasonal or anthropogenic changes in aquifer chemistry. 
Compared to manual grab sampling, which costs approximately €130 
per BTEX analysis (ALS Global, n.d.), sensors with a combined cost of 
around €400 (Atlas Scientific LLC, 2025a, 2025b, 2025c, 2025d) offer 
continuous monitoring and faster detection, potentially reducing long- 
term costs and improving response times. Importantly, this framework 
is intended to complement, not replace, existing manual sampling 
strategies. Nevertheless, the integration of low-cost sensor networks, 
adaptive ML models, and robust validation strategies offers a promising 
path toward real-time, scalable, and continuous groundwater quality 
monitoring.
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