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Abstract. We present a comparative benchmark of machine learning models with
static and temporal sequence inputs for predicting infiltration rates in Soil Aquifer
Treatment systems, trained on ten-years of operational and weather records. Us-
ing expanding-window cross-validation, nonlinear models achieved accurate basin-
level predictions without explicit water-quality or soil-property measurements.
Gradient Boosting performed best among cycle-aggregated tabular input mod-
els, which use only current-cycle operational information, basin identity, and time
since tillage, reaching 0.690 cm/h MAE and an R? of 0.684. LSTM achieved com-
parable performance for temporal 365-day inputs. Feature ablation shows that
adding weather variables to models using basin identity and operational con-
ditions did not yield a clear improvement in our setting. Integrated Gradients
further indicated that temporal sequence models rely primarily on recent inputs
rather than long-term historical patterns. Our findings suggest that data-driven
models based on recent, routinely available operational records can support SAT
simulation, basin-level planning, and future control strategies.
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1 Introduction

Managed Aquifer Recharge (MAR) is increasingly vital for securing water supplies, with
Soil Aquifer Treatment (SAT) being a widely implemented approach. In SAT, treated
wastewater is directed into surface basins where it infiltrates through the soil into un-
derlying aquifers. On its way through the soil, the water is filtered through physical,
chemical, and biological processes. Systems typically operate in alternating wetting and
drying cycles, with the drying phases promoting soil regeneration and clog mitigation of
the basins. During some of the drying phases, tillage is used to break the surface layer
to further reduce clogging. Accurately predicting water infiltration rates under varying
operational and environmental conditions is critical for optimizing SAT performance and
increasing groundwater recharge. Many SAT systems are manually operated due to lim-
ited process understanding and a scarcity of long-term field-scale data. This can lead to
suboptimal infiltration rates, reduced groundwater recharge, and inefficiencies in agri-
cultural water management. Laboratory and column studies provide valuable insight,
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Fig. 1. Conceptual formulation of per-cycle SAT infiltration-rate prediction. The same oper-
ational and meteorological inputs are represented either as one aggregated tabular vector per
wetting-drying cycle or as a sequence of daily vectors over the preceding 365 days. Both model
families predict the average infiltration rate for the current cycle.

but often fail to capture field-scale heterogeneity and sensor limitations, highlighting
the need for data-driven, basin-level prediction frameworks based on routinely available
monitoring data. In this study, we formulate infiltration-rate estimation as a regression
problem using operational and meteorological data from a large real-world SAT dataset.
Specifically, we ask: What is the infiltration rate under known operational and weather
conditions? This differs from classical forecasting because previous infiltration rates are
not used as input. Instead, the objective is to learn a mapping from basin characteristics,
operational decisions, and environmental conditions to infiltration rate. This setup is
relevant for simulation and control applications, where candidate operational conditions
may be known in advance, environmental inputs can be represented by forecasts, but
future infiltration rates remain unknown.

Our work makes three key contributions: (1) a benchmark of static and temporal ma-
chine learning architectures for infiltration rate prediction across 50 infiltration basins,
(2) a comparison between current-cycle tabular features and 365-day temporal input se-
quences, and (3) feature ablation and interpretable attributions that clarify the influence
of operational and climatic drivers. This comparative framework provides a foundation
for digital SAT simulation, optimal control strategies, and adaptive management under
varying environmental conditions.

2 State of the Art

SAT systems are a form of MAR in which treated effluent infiltrates from surface basins
through an unsaturated aquifer medium, where microorganisms are substantially re-
moved during subsurface passage [1]. Infiltration dynamics are affected by operational
conditions, clogging processes, soil properties, water quality and environmental factors.
Due to the scarcity of long-term real-world data, studies on infiltration often rely on
column experiments [2-4]. While these studies provide mechanistic insight, their trans-
ferability to heterogeneous field-scale basins is limited. In parallel, several physical models
have been proposed to describe infiltration into soil such as the Green-Ampt model [5]
and related modifications [6,7]. These models often relate infiltration to hydraulic head,
meaning the ponded water depth or pressure potential above the soil surface. However,



recent research by Elkayam and Lev [8] suggested that the infiltration rate in SAT may
be largely head-independent under certain field conditions. Other studies indicate that
clogging can be a driving factor for infiltration decline [3,9]. The Shafdan SAT system
has also been investigated with respect to pretreatment of the effluent [10]; biogeochem-
ical processes [11] and the effects of longer drying phases on oxidization [12]. Lin et al.
[13] reported a correlation between infiltration rate and effluent temperature in the Shaf-
dan system. However, efluent temperature is not equivalent to ambient meteorological
temperature, and the predictive value of routinely available weather variables remains
unclear.

Machine learning provides an alternative approach for learning infiltration rate rela-
tionships directly from data records. Abdalrahman et al. [14] applied machine learning
to predict infiltration rates in nine real-world wastewater infiltration basins over seven
months, focusing on effluent water quality features. However, long-term field-scale pre-
diction across many basins using routinely available operational and meteorological data
remains largely unexplored. For sequential environmental data, machine learning mod-
els range from static tabular regressors to temporal architectures that process multi-
variate input sequences. Classical recurrent models such as Long Short-Term Memory
networks (LSTM), temporal convolution-based approaches such as TimesNet [15], and
Transformer-based models [16, 17] can model temporal dependencies over extended input
windows. These architectures are therefore relevant for testing whether long historical
sequences provide additional predictive value over current-cycle operational features.

To the best of our knowledge, large-scale prediction of SAT infiltration rates us-
ing long-term operational and meteorological records across many infiltration basins has
not yet been systematically studied. In particular, it remains unclear which routinely
available operational and meteorological information is sufficient for accurate basin-level
infiltration-rate prediction, and whether longer historical input windows provide addi-
tional predictive value beyond current-cycle conditions.

3 Dataset

Our dataset originates from the Shafdan SAT facility in Israel, operated by Mekorot Wa-
ter Co. The facility receives approximately 140 million cubic meters of treated wastewater
per year from the Shafdan Wastewater Treatment Plant and distributes it across multiple
fields, each containing several infiltration basins. Each basin operates independently with
its own flooding and resting schedule, creating a diverse range of operational conditions
within a single facility. Our dataset spans ten years of preprocessed records from 50 basins
and combines for each basin: (1) Operational data. Per-basin monitoring records include
high-frequency measurements of flooding duration, tillage events, hydraulic loading and
computed infiltration rates. (2) Meteorological data. Meteorological data originate from
the Israel Meteorological Service (IMS)* and includes temperature, relative humidity,
wind speed, and precipitation. We assign weather observations to SAT fields by selecting
the nearest available IMS weather station using haversine distance, excluding coastal sta-
tions that may not be representative of inland fields. We apply preprocessing steps such
as filtering invalid values, temporally interpolating weather data and applying rolling-
mean smoothing to the water level. In total, the preprocessed dataset encompasses 57,689
cycles. We frame infiltration prediction as a per-cycle regression task, where a cycle rep-
resents a complete wet-dry phase from the start of flooding until the next resting period.
We construct two feature representations corresponding to our model families:

* https://ims.gov.il/en/ObservationDataAPI



Tabular features (per-cycle aggregation). For the static model family, features
are aggregated over each flooding cycle: average relative humidity (%), average temper-
ature (°C), average wind speed (m/s), precipitation intensity (mm/h), time since tillage
(s), hydraulic load (m), and flooding duration (s). In order to allow the models to learn
basin-specific characteristics such as general soil properties, we also one-hot encode the
unique basin identifier.

Temporal sequence features (rolling 365-day window). For the temporal se-
quence input model family, we compile daily sequences over a rolling window of the
preceding 365 days. Features at each daily timestep are the same as for per-cycle ag-
gregation but aggregated per day. Instead of time since tillage, we use a binary tillage
indicator per day.

As infiltration may vary substantially within individual basins, the regression target
is the average infiltration rate during wetting time for each cycle ¢ of each monitored
basin b. The target can be computed as described by Elkayam and Lev [8] from
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where T}7; is the total wetting duration in hours (sum of flooding and drainage times).
Tlf’i is the total flooding duration during which the valve is open and effluent inflow
Qp,i,t > 0. Ap corresponds to the area of the basin in m?. Since hydraulic load Db,; is also
used as an input feature, the learning task can be interpreted as estimating the effective
wetting duration or drainage behavior associated with a given operational cycle, rather
than predicting infiltration from completely independent variables. For convenience, the
target is converted to cm/h. The mean infiltration rate over the whole dataset is 3.25
cm/h with a standard deviation of 1.82 cm/h. We also evaluated an extended infiltration
rate definition that accounts for the integral of precipitation and evaporation, calculating
evaporation according to Valiantzas [18]. Because the extended and standard infiltration
rates are almost linearly related in our dataset (R? = 0.998), we use the simpler target
definition throughout this study. This assumption may not hold in regions with substan-
tially higher precipitation or evaporation variability.

4 Methodology

We compare established tabular and sequence-based machine learning models against a
naive day-of-year baseline using data from the Shafdan SAT facility. We evaluate two
model families trained on different feature representations:

Cycle-aggregated tabular features. This model family receives one per-cycle fea-
ture vector, described in section 3, and produces a single infiltration rate prediction.
We evaluate four architectures: (1) Linear Regression (LR), (2) Decision Tree Regressor
(DT), (3) Random Forest Regression (RF), (4) Gradient Boosting Regressor (GB). All
tabular models use the scikit-learn [19] implementation.

Temporal sequence features. Sequence-based models receive a 365-day daily fea-
ture sequence and produce a single infiltration-rate prediction. These models can learn
short-term effects and longer-term patterns such as seasonal components. We evaluate:
(1) an LSTM Regression model with configurable hidden state size and layer depth, pro-
jecting the final hidden state to a scalar output via a linear layer, (2) iTransformer as
described by Liu et al. [16], (3) Non-stationary Transformer (NSTransformer) [17], and
(4) TimesNet [15].



We use the Ray Tune framework [20] for hyperparameter optimization. For each
model, we draw 40 random configurations and evaluate each configuration across all
three folds. We benchmark all models against a day-of-year baseline. For each basin, this
baseline computes the historical mean infiltration rate from the training data grouped
by day of year and uses the grouped values as predictions. Thus, it captures seasonal
patterns as described by Lin et al. [13] but has no explicit information about operational
conditions.

All models are trained and tested using an expanding-window cross-validation strat-
egy across three folds. In this approach, the training window expands while the held-out
test window advances chronologically, preventing temporal data leakage. For each split,
the test window spans one year. We leave a one-year gap between the training and test
partitions so that 365-day rolling input windows for temporal models cannot include ob-
servations from the test period. This split strategy ensures that predictions are always
made for future periods. In total, fold one contains 19,007/4,590, fold two 28,327/5,029
and fold three 38,316/5,048 train/test cycles.

For hyperparameter tuning (including finding the number of training epochs for deep
regression networks), we use the chronologically last 15% of each training partition as
validation data. After selecting the best hyperparameters across all folds, we retrain the
final model on the complete training partition, including the validation data, and evaluate
on the withheld test partition. Hyperparameter trials are not pruned before completion
across all folds, because poor performance on a single fold does not necessarily imply poor
average performance. All numerical features are standardized using statistics computed
from the respective training partition only. Deep regression networks are trained with
a maximum of 200 epochs, with early stopping if the validation loss does not improve
for 10 consecutive epochs. Neural models are trained by minimizing the Mean Squared
Error (MSE) using the Adam optimizer.

We report Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Sym-
metric Mean Absolute Percentage Error (SMAPE), and coefficient of determination (R?),
SMAPE is used for basin-wise comparisons because it is scale-independent, symmetric,
and bounded.

5 Experimental Results

All results are reported as mean and standard deviation across the three cross-validation
folds for both model families. Integrated Gradients [21] is used to obtain interpretable
feature attributions for the best temporal feature model.

Table 1 summarizes the prediction results for both model families. Among the cycle-
aggregated tabular models, Gradient Boosting performs best overall, achieving the lowest
MAE, lowest RMSE, and highest R?. Decision Tree obtains the lowest SMAPE, while
Linear Regression performs substantially worse and shows an unstable coefficient of de-
termination. For temporal sequence models, LSTM achieves the lowest MAE and highest
R?. Although the Non-stationary Transformer obtains slightly lower mean RMSE and
SMAPE, its large standard deviations and low R? indicate unstable performance across
folds. Overall, the best cycle-aggregated tabular model performs competitively with, and
in several metrics outperforms, the temporal sequence models. Basin-wise SMAPE indi-
cates better robustness for basins in the fields Soreq 2, Yavne 2, Yavne 3, and Yavne 1K,
while basins in Yavne 4 and Yavne 1 show larger errors.

Integrated Gradients approximates feature attributions by integrating gradients of
the model output with respect to the input along a straight path from a predefined



Table 1. Prediction results reported as mean and standard deviation across cross-validation

folds. Best mean values are highlighted separately for tabular and temporal groups.

Model MAE (cm/h) || RMSE (cm/h) || SMAPE (%) | R? 1
Baseline 1.0449 + 0.2068 | 1.3716 + 0.2345 34.10 4+ 6.35 ]0.2904 + 0.1782
Tabular Feature Models
DT 0.790 £+ 0.110 1.138 £ 0.139 26.10 £ 2.25 | 0.574 £+ 0.059
GB 0.690 £+ 0.113 | 0.977 £+ 0.125 28.08 + 3.91 |0.684 * 0.055
LR 1.034 + 0.158 1.514 + 0.357 37.42 £ 5.05 | 0.238 4+ 0.257
RF 0.742 4+ 0.120 1.032 £ 0.156 28.24 £3.74 | 0.648 £ 0.069
Temporal Sequence Feature Models
iTransformer 0.972 4+ 0.139 1.327 £+ 0.164 34.22 + 5.84 | 0.408 4+ 0.147
LSTM 0.710 & 0.082 1.076 + 0.128 25.91 + 3.28 |0.619 + 0.051
NSTransformer | 0.805 £ 0.585 1.062 £ 0.769 |25.59 + 18.10| 0.112 + 0.085
TimesNet 0.758 4+ 0.123 1.143 + 0.216 28.26 +£ 0.65 | 0.574 + 0.094

Table 2. Model results for different input feature sets: basin features, weather features, and

operational features. Best mean values are highlighted per model.

[Features [MAE (cm/h) [JRMSE (cm/h) |[SMAPE (%) /] R ¢
GB

basin only 1.149 £ 0.149 1.515 + 0.177 38.39 £ 4.06 0.243 £ 0.109
+ operational | 0.684 £ 0.123 0.982 £+ 0.138 27.68 + 3.59 | 0.684 + 0.048
+ weather 0.690 £+ 0.113 0.977 + 0.125 28.08 £ 3.91 |0.684 * 0.055
LSTM

basin only 1.159 £ 0.171 1.524 + 0.197 39.25 £+ 5.32 0.234 £ 0.125
+ operational 0.654 + 0.077 | 1.029 £ 0.127 | 24.19 + 2.80 [0.654 + 0.038
+ weather 0.710 £ 0.082 1.076 £ 0.128 25.91 £+ 3.28 ]0.6194 £ 0.0508

baseline to the observed inputs [21]. We choose a zero baseline and compute attributions
for selected stable temporal sequence models to analyze how attribution changes over the
input window. Figure 2 shows results for LSTM and TimesNet on a log scale, omitting
basin identifier features because they do not change over time. The feature attributions
are concentrated near the prediction date and decrease strongly for inputs farther back
in the sequence, suggesting that the temporal models rely primarily on recent conditions.

We perform a feature ablation by retraining the best GB as well as the best LSTM
configurations with different feature sets. We distinguish between basin features, oper-
ational features, and weather features. Basin features correspond to one-hot encoded
basin identifiers; operational features include flooding duration, tillage information, and
hydraulic load; weather features include humidity, temperature, wind speed, and pre-
cipitation. Results are presented in Table 2. Basin identity alone only provides limited
predictive accuracy for both models. Adding weather variables on top of basin and opera-
tional features does not yield a clear benefit. The MAE of GB remains nearly unchanged
(0.684 vs. 0.690 cm/h), while the LSTM performs even better without weather informa-
tion.

6 Discussion

The results suggest that nonlinear models can achieve accurate basin-level infiltration
predictions without explicit water-quality or soil-composition measurements. The com-
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Fig. 2. Integrated Gradients feature attributions of final LSTM and TimesNet models over the
preceding 30 days, summed over test samples and normalized per fold by the largest absolute
attribution (range -1 to 1). Shaded bands indicate standard deviation.

petitive performance of cycle-aggregated tabular models indicates that much of the pre-
dictive information in this dataset is contained in current-cycle operational conditions
and basin identity, making such models attractive for practical deployment.

How can the role of different features be interpreted? Hydraulic load is both an oper-
ational input and part of the target definition. Consequently, the large gain from adding
operational features in the feature ablation, as well as high attribution of hydraulic load,
should not be interpreted as direct physical feature importance alone. Rather, the model
partly learns how a specified loading condition relates to the resulting effective wet-
ting duration and infiltration rate. In contrast, adding weather variables on top of basin
identity and operational features did not provide a clear predictive benefit in this exper-
imental setup. This should not be interpreted as evidence that weather has no physical
influence on infiltration, but rather as a lack of additional predictive value given the
available predictors. A correlation analysis provided limited evidence that operational
inputs directly encode weather. The strongest pooled weather-operation association was
weak, and month explained little variance in operational features. Moreover, ambient
meteorological variables may only imperfectly represent relevant drivers such as effluent
temperature or local basin-surface conditions. The relatively low performance of the day-
of-year baseline further suggests that seasonal information alone is insufficient to explain
infiltration variability at this site. Temporal attributions indicate that sequence models
rely more strongly on recent inputs than on inputs farther back in the 365-day window.

How can these findings be leveraged for control strategies? The results motivate basin-
level decision-support models that condition on recent basin state and candidate opera-
tional records. Because cycle-aggregated models performed competitively, SAT simulation



and planning tools may not require extensive year-long input sequences in this setting.
Given proposed operational conditions, such models could estimate expected infiltration
rates, support basin availability assessment, and provide a basis for simulation-based
optimization or reinforcement-learning control.

7 Limitations and Future Work

Although the dataset spans ten years, the number of complete infiltration cycles allows
only a small number of chronological cross-validation folds. The data is also subject to
sensor noise, basin-scale heterogeneity, manual operational records, and imperfect assign-
ment of weather observations from nearby meteorological stations. The findings are site-
specific to the Shafdan SAT system, its climate, and its historical management regime.
Predictions should therefore be interpreted primarily within the range of operational and
weather conditions observed during training.

Further limitations arise from the target definition and feature representation. Since
infiltration rate is defined as py; /Tg"l and hydraulic load py, ; is used as an input feature,
the task partly estimates the effective wetting duration associated with a given loading
condition. Future work should evaluate alternative target formulations, generalization to
held-out basins, and prospective decision-support settings using prescribed operational
scenarios and forecast environmental inputs.

8 Conclusion

In summary, our findings indicate that data-driven models based on routinely avail-
able operational records can predict SAT infiltration rates with useful accuracy. Cycle-
aggregated Gradient Boosting achieved the strongest overall performance among tabular
models and was competitive with temporal sequence models, suggesting that current-
cycle operational conditions and basin identity contain much of the predictive informa-
tion in this dataset. Weather variables did not provide a clear additional benefit beyond
these features, and temporal attribution analysis indicated that sequence models relied
mainly on recent inputs. These results support the use of compact data-driven models
for SAT simulation, basin-level planning, and future control strategies, while emphasiz-
ing that conclusions are site-specific and should be validated under different climatic,
operational, and soil conditions.
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