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Key Points:

« An appropriate selection of input data sources is crucial in a hydrological mod-
eling scenario with non-continuous data.

¢ Ensemble models perform well in hourly hydrological modeling with forecasting
horizons of up to 3 hours, with CatBoost standing out.

« SHAP values reveal insightful aspects of spatial and temporal dynamics of the rainfall-
runoff relationship.
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Abstract

Hydrological modeling of urbanized watersheds is a highly challenging task due to the
complexity and non-linearity of the rainfall-runoff relationship in these areas. Many data-
driven models have been proposed in the literature to address this problem. However,

in this field, there is a need not only for performance but also for explainability and com-
prehension of the impacts of hydrometeorological factors. This study proposes a detailed
comparative analysis between ensemble machine learning models using an explainable
framework. We explore feature engineering and feature selection techniques to determine
the best set of predictors in a situation of non-continuous data, a common problem in

real-world scenarios. Among the models analysed, CatBoost stood out as the best-performing

algorithm for most cases, and, in general, all the ensemble algorithms achieved good per-
formance for a forecasting horizon up to 3 hours. A study with SHAP values revealed
insightful aspects of the spatial and temporal dynamics of the rainfall-runoff relation-
ship.

Plain Language Summary

Forecasting river levels in urban centers is a critical task in flood management. How-
ever, due to the complexities of these watersheds and the strong human intervention, this
is a very challenging task, even more so if we consider that in many scenarios, it is not
enough to have a good model. Still, it is also necessary to have an explainable model,
that is, one that enables us to understand the impacts of different hydrometeorological
factors. We proposed a comprehensive comparative study of state-of-the-art models as-
sociated with an explainability framework. We found that machine learning models based
on the ensemble of simpler models can perform very well in this task, achieving good per-
formance in forecasting horizons up to 3 hours. Furthermore, by employing appropri-
ate techniques, it is possible to find valuable insights into the relation between precip-
itation in different coordinates and the variation of the river level. Finally, in scenarios
where long periods go without data for specific stations, it is essential to make appro-
priate choices about which stations will be used in the modeling.

1 Introduction

Flash floods frequently cause many social and humanlosses in urban centers world-
wide (Georgakakos et al., 2022), such as chaotic traffic, damage to buildings, economic
losses, and deaths (Dharmarathne et al., 2024). Thus, forecasting river stage is a cru-
cial tool for decision-makers.

There are several examples of hydrological models based on physical processes, e.g.
(Arnold & Fohrer, 2005; Fernandez-Pato et al., 2016). For any watershed, a process such
as streamflow is affected by many physical characteristics (Pereira Filho & dos Santos,
2006). However, hydrological modeling of urbanized watersheds is a highly complex task
because they are very heterogeneous and have specific hydrological processes (Salvadore
et al., 2015). Furthermore, due to the high non-linearity and fluctuation of the rainfall-
runoff relationship in these areas, developing a hydrological model for such areas with
rapid response and good forecast performance is a challenging task (Cui et al., 2021).

Machine learning (ML) techniques have been widely applied to hydrological mod-
eling (e.g. (Yaseen et al., 2015; Lange & Sippel, 2020; Mosaffa et al., 2022). On the other
hand, these techniques do not take directly into account the physical processes involved
but only seek to find relationships between inputs and outputs, explainability and phys-
ical consistency are challenges associated with the use of these approaches (Bhasme &
Bhatia, 2024). Hence, ML algorithms are frequently criticized for their lack of explain-
ability. Understanding the relative impacts of hydrometeorological factors is essential
and could help authorities make better-informed decisions.
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Given the foregoing, we propose a data-driven hydrological modeling based on ma-
chine learning techniques. Unlike traditional models, for which the role of data is sec-
ondary, being used only for calibration purposes, in data-driven models, the data entirely
determines the proposed model (Szczepanek, 2022). We compare four tree-based ensem-
ble ML models: Random Forest, XGBoost, Light GBM, and CatBoost. In this study, we
apply SHAP (Lundberg & Lee, 2017), a powerful explainability technique, in conjunc-
tion with the ML models to quantify the effect of hydrometeorological factors on river-
level (stage) forecasting at different lead times. Furthermore, we seek to support that
a technique such as SHAP can be used to improve the explainability of black-box mod-
els for streamflow prediction, and this might be useful to persuade hydrologic modelers
to utilize data-driven machine learning models with more confidence. Lastly, to the best
of our knowledge, this is the first study to directly compare these models for the hourly
forecasting of river level in an urbanized basin.

2 Materials and Methods

2.1 The study area

The area of interest of this work is the Tamanduatei River Watershed, which is within

the Sao Paulo Metropolitan Area, Brazil, shown in Figure 1. This extremely urbanized
watershed has a drainage area of 330.41 km? and covers the municipalities of Santo André,
Sao Bernardo, Sao Caetano, Mauéd, Diadema, and Sao Paulo. Tamanduatei River is 36.5

km long, rising in Maué and flowing into Tieté River by a narrow-rectified channel (Gouveia

& Rodrigues, 2017; Escobar-Silva et al., 2023). This watershed presents a time of con-
centration of about 3h50min, according to Kirpich’s equation (Kirpich, 1940) consider-
ing an adaption for predominantly asphalted watersheds (Silveira, 2005). Furthermore,
it has several records of floods, which greatly damage factories and residents of this re-
gion (Escobar-Silva et al., 2023; Tom4s et al., 2022).

2.2 Data set and preprocessing

In this work, we use data from the Alto Tieté Telemetry Network, which is com-
posed of a set of river stage and rainfall precipitation sensors. We obtain the data from

the website of DAEE (DAEE, 2023). The first quarter of each year (from January to March)

is one of the most rainy periods. For this reason, we focus our study on this period. We
collect the data of the first quarters of 2018, 2019, 2020, 2021, and 2022. The data from
2018 and 2019 are used to train our models, whereas those from 2020 are used for val-
idation. In the second step, the data from 2020 is integrated into the training dataset,
and the data from 2021 and 2022 are used for tests. The temporal resolution of the data
is 10 minutes.

Initially, there were 21 rain gauge stations and 15 stage gauge stations, which can
be found in Table S1 and Table S2 (Supporting Information S1). However, due to miss-
ing values and data quality issues, some stations were removed before the modeling pro-
cess, and only 10 rain gauge stations and 8 stage gauge stations are left, as can be found
in Table S3 (Supporting Information S1). More details about the selection of the sta-
tions and the data cleaning process can be found in Text S1 (Supporting Information

S1).

In order to tackle a time series forecasting problem using the supervised learning
paradigm, it is necessary to use the embedding operation, which transforms the time se-
ries into a trajectory matrix (Takens, 2006), so that we can turn lagged versions of the
time series into new inputs for the algorithms, creating what we call lag features. There-
fore, we also use this technique in our work (for more information, see Text S2 in Sup-
porting Information S1).
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duatei River Watershed, Sao Paulo, Brazil.



114 2.3 Ensemble algorithms

115 Random Forest is an ensemble algorithm that is built upon the concept of bagging/bootstrap
116 aggregating (Breiman, 1996, 2001; Lee et al., 2020). The Gradient boosting algorithm

17 was proposed by (Friedman, 2001) and is based on the combination of two main ideas:

118 Boosting and Gradient Descent. The main idea of boosting is to add models sequentially
119 so that, at each iteration, a new base learner is trained with respect to the error of the

120 entire process learned so far (Natekin & Knoll, 2013). Extreme Gradient Boosting (XG-
121 Boost) is a scalable end-to-end implementation of Gradient boosting, and some of the

122 main improvements brought by this implementation were a sparsity-aware algorithm for
123 sparse data and weighted quantile sketch for approximate tree learning (Chen & Guestrin,
124 2016). Light Gradient Boosting Machine (Light GBM) also implements Gradient boost-

125 ing and some variants, focusing on creating a computationally efficient algorithm (Ke

126 et al., 2017). Categorical Boosting (CatBoost) stands for Categorical Boosting and is

127 another implementation of Gradient boosting. One of its main goals is to tackle the prob-
128 lem originally named prediction shift (Prokhorenkova et al., 2018). For more details about

120 Random Forest, Gradient Boosting, XGBoost, Light GBM, and CatBoost, see Text S3
130 in Supporting Information S1.

131 2.4 Evaluation metrics

132 Two metrics are used to evaluate the prediction performance of the proposed ma-
133 chine learning approach. The first is the Nash-Sutcliffe efficiency (NSE) (Nash & Sut-
134 cliffe, 1970). In hydrology, NSE is a widely used statistical measure that evaluates the
135 performance of hydrological models, considering the model’s estimation error relative to
136 the mean of the observed data (Santos et al., 2023). It is defined by:

NSE — 1 _ Zf:l(yt - Yt)2

= =

ST (YY)
137 where 7" is the total number of time steps, y; is the predicted river level at time
138 t, Y; is the observed river level at time ¢ and Y is the observer water level mean. This
130 index can range from —oo to 1, with 1 indicating a perfect prediction.
140 The second metric that we use is the very famous Root Mean Squared Error (RMSE):

T
Y. — ;)2
RMSE = M (2)
T

1 2.5 Feature engineering and feature selection
142 The primary feature engineering technique is the time-delay embedding previously
143 described, which is used to transform the time series structure into a matrix structure.
144 Furthermore, in order to select the best set of lag features, we use the Autocorrelation
15 Function (ACF) and the Partial Autocorrelation Function (PACF), as time series some-
146 times have linear relations with lagged versions of itself (for details, see Text S4 in Sup-
147 porting Information S1). We also use a technique called Recursive Feature Elimination
148 (RFE), which is based on an iterative process of training the algorithm, computing the
149 importance of the input features, and eliminating the least important ones (Guyon et
150 al., 2002).
151 2.6 SHAP
152 The explainability of ML models using SHapley Additive exPlanations (SHAP) in
153 hydrology modeling has emerged as an alternative to solve this issue. SHAP is a game
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theory framework that can analyze the interaction of characteristics and provide the rel-
ative contribution of each characteristic to the target variables (Lundberg & Lee, 2017).

By integrating SHAP into the models, it is possible to obtain estimates of the contribu-
tion of each input feature in the determination of the prediction, and local interpreta-

tions are provided through the generation of perturbations of a given instance of the dataset
(Fan et al., 2023). Therefore, SHAP can be called an instance-based explainer because

it calculates feature contributions for each prediction, and can provide explanations on

a global level by combining the local ones (Lundberg et al., 2019).

2.7 Experiments

In developing an ML modeling process, choosing of the set of input features is a
crucial step. Therefore, to forecast the river level at the outlet of the watershed, we ini-
tially explored the influence of different physical variables, comparing the forecasting per-
formance in different experiments that use different input sets. The set of experiments
is defined as E = {ey, €3, €3, ...,e7}. The set of rain gauges fixed as R = {R1, Ra, ..., Ri0}
and R; is the rain gauge located in the Mercado Municipal (Station ID 413), the point
near the watershed outlet (pour point), which is the target of the forecasting. The set
of hydrological stations is H = {H;, Ha, ..., Hr }, and H; is the hydrological station lo-
cated in the Mercado Municipal (Station ID 413). Next, we describe the set of inputs
used in each experiment. In eq, only the rain gauge at the outlet; in e, all the rain gauges;
in es, only the hydro station at the outlet; in ey, the rain gauge and the hydro station
at the outlet; in e5, all the rain gauges and the hydro station at the outlet; in eg, all the
hydro stations, and in e7, all the rain gauges and all the hydro stations.

In this first comparison, we use Random Forest and the input is only the current
data at time t of the sensors. The output is the river level at the outlet two hours ahead.
We use the validation data of 2020 to optimize the hyperparameters of the algorithm in
each of the seven experiments. The optimization uses the open-source library Optuna,
which employs Bayesian optimization. Further details about Optuna can be found in (Akiba
et al., 2019). For each of the seven experiments, we run 50 trials with Optuna, consid-
ering the range of hyperparameters in Table S4 (Supporting Information S1). After ob-
taining the optimized hyperparameters, we assimilate the data from 2020 in the train-
ing data set and we use the data from 2021 and 2022 as a test dataset, and make the
comparison between the seven situations once. After determining the best set of phys-
ical input features, we use the time delay embedding strategy to build new lag features
and assess the performance improvement that their use brings.

Then, we compare the performance of different ensemble-based machine learning
algorithms (Random Forest, XGBoost, Light GBM, and CatBoost). We compare their
performance for various forecasting lead times to determine to what extent we could achieve
good predictions. We then apply a feature selection technique, and finally, we use the
SHAP values to analyze the explainability of the models, exploring spatial-temporal re-
lationships between stations.

3 Results and Discussion
3.1 Selection of stations

Using Random Forest, we compare the seven experiments with different sets of sta-
tions as inputs, as explained in Section 2.7. In Supporting Information S1, we present
all the results for the seven experiments for the validation dataset (2020) in Table S5,
and in Table S6, we present the results for the test dataset (202142022). In Table S5,
in particular, it is interesting to notice that the optimization of the hyperparameters im-
proved the forecasting performance in all situations, with the improvement in RMSE reach-
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ing more than 4% in experiments es, ¢5, e¢g. The RMSE and NSE for all these experiments
can also be seen in Figure S3 in Supporting Information S1.

The best performance in the training dataset is achieved in ey, i.e., the experiment
that presents the largest amount of information being used as inputs (all rain gauge sta-
tions and all stage gauge stations), as shown in Figure S3 in Supporting Information S1.
However, it is interesting to notice that for the validation set, the best performance is
achieved in es, the experiment that uses all the rain gauge stations and only the stage
gauge at the outlet as inputs.

Furthermore, experiment eg, the one that uses as inputs all the stage gauge sta-
tions but does not use any rain gauge station, presents a very high performance in the
training dataset with NSE = 0.889 but very low performance in the test data set with
NSE = 0.293 as can be seen in Figure S3 and Table S6 in Supporting Information S1.
Therefore, we note that using data from other hydrological stations causes the model to
perform very well in the training dataset but poorly in the test dataset. A first assump-
tion could be that, over the years, the distributions of the time series of the river level
at different stations have changed, representing a drift that is not learned in the mod-
eling process. This hypothesis can be validated with the Kolmogorov-Smirnov test, which
checks whether different sets of data follow the same distribution (for more details, see
Text S5 in Supporting Information S1). The p-values for the Kolmogorov-Smirnov test
between versions of the timeseries of each station for different years are shown in Table
S7 (Supporting Information S1). For the rain gauge stations, most p-values are higher
than 0.05, indicating that the values follow the same distribution in different years. How-
ever, for stage gauge stations, all p-values are less than 0.05, providing evidence that the
distribution of the measured values in a stage gauge station undergoes significant change
between the first quarter of one year and the next. In Figure S3 (Supporting Informa-
tion S1), it is possible to see that, for the target station, for example, the distribution
of the river is distinct between different years. Possible explanations for that are human
intervention in the watershed or new calibrations of the sensors through the years.

This evidence points to the conclusion that, in urbanized basins, in situations where
the training data is composed of intermittent periods, with spacings of months, for ex-
ample, the most efficient approach is to use only the rain gauges and the memory itself
of the target hydrological station, foregoing the use of other hydrological stations. From
this point onwards in our work, all analyses refer to this set of inputs from the exper-
iment es.

In Text S7 in Supporting Information, we present a discussion about how the use
of lags of the time series ranging from ¢ — 0 to ¢t — 13. By using the lags and optimiz-
ing the hyperparameters, we obtain an improvement in performance for the test dataset,
as the NSE increases from 0.714 to 0.756 and the RMSE decreases from 45.3 cm to 41.8
cm when we use lag features. The improvement represents a decrease of approximately
7.7% in the RMSE. This confirms the usefulness of the lag features in our forecasting
problem.

3.2 Comparison of different ML models

Regarding the comparison of the performance of the RF with more modern ensemble-
based algorithms (XGBoost, Light GBM, and CatBoost), we also compare their forecast-
ing performance to that of Naive Persistence as a baseline. This baseline algorithm as-
sumes that the future value is equal to the last measured value. This comparison is con-
ducted not only for the forecasting horizon of 2 hours but for all integer values ranging
from 1 hour to 8 hours. The results are presented in Table S8 (Supporting Information
S1) and can be visualized in Figure 2. In Figure 2, excerpts of the stage hydrogram il-
lustrate the observed and predicted values for different algorithms for the 2-hour ahead
forecasting.
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Figure 2: Comparison of the performance of the different algorithms for different fore-
casting horizons. (a) Comparison of RMSE. (b) Comparison of NSE. The other charts are
excerpts from the stage hydrograms using (c) Persistence, (d) Random Forest, (e) XG-
Boost, (f) Light GBM, (g) CatBoost.
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The performances of all the ensemble algorithms are similar and significantly bet-
ter than Persistence, the baseline (Figure 2 and Table S6). Furthermore, considering the
eight different forecasting horizons, CatBoost achieved the best performance in seven of
them, in terms of RMSE and NSE. It did not achieve the best performance only for the
horizon 7. XGBoost also presents a very good performance and achieves the best or the
second-best performance in five out of the eight cases. On the other hand, RF presents
a slightly worse performance, achieving the lowest performance among the ensemble al-
gorithms in five out of the eight cases. However, in general, all the ensemble algorithms
achieve similar performance in these experiments. In the case of the 4-hour forecasting
horizon, we have the following values of RMSE: Random Forest achieves 66.2 cm, XG-
Boost 65.8 cm, Light GBM 66.4 cm, and CatBoost 65.2 cm. Therefore, even though Cat-
Boost has the best performance and Random Forest has the worst one among the en-
semble algorithms, the difference between the best and the worst is less than 1.6%.

For longer lead times, the forecasting performance becomes worse. For the lead time
of 1 hour, we achieve excellent performance, with all the ensemble algorithms achieving
NSE values higher than 0.9. In the 2 hours ahead forecasting, all the ensemble algorithms
achieve good performance, having values of NSE higher than 0.76. In the case of the 3-
hour forecasting horizon, the performance of the algorithms is reasonable, and the val-
ues of NSE are between 0.56 and 0.60. From the 4-hour case onwards, the algorithms
achieve poor forecasting performance, and all NSE values are less than 0.41.

3.3 Feature Selection

Among the various benefits that feature selection offers in an ML modeling pro-
cess, one key advantage is improving the explainability of the models. From Figure S3
in Supporting Information S1, we observe that the previous lags of our target station’s
time series are highly correlated. Therefore, we perform feature selection to identify only
the most informative lags. In the previous section, we utilized all the lags from our tar-
get station, ranging from ¢t —13 to t —0. Now, we apply the RFE approach with Ran-
dom Forest to extract just the three most significant lags of the river level time series.

Applying RFE, in the case of the 1-hour forecasting horizon, we find that the most
important lags are t — 0, ¢t — 2, and ¢t — 3. Using all the same rain gauge lags used be-
fore, but only these lags of the river level, we achieve even better performance than in
the case in which we used all lags of the river level. In the case of the 2-hour forecast-
ing horizon, the most important lags are ¢t — 0, ¢ — 2, and ¢ — 13, and in the case of a
3-hour horizon, the most important ones are t—0, t—4, and t—13. In both cases, the
new metrics are better or approximately equal to the ones in the case without feature
selection (see Text S6 in Supporting Information S1). We also analyze a new forecast-
ing horizon: 30 minutes. For this horizon, the best lags are t — 0, t — 2, and t — 3.

3.4 Explainability

In this section, we present and discuss the Shapley values obtained from the two
algorithms that achieved the best performance: XGBoost and CatBoost. These values
can be seen in Figure 3 for various lead times. In every case, the river level memory is
crucial for forecasting in general, surpassing the significance of all rain gauges (Figure
3).

For the 30-minute forecasting horizon, the most important rain gauge is 413 at lag
t—0 for XGBoost, and it is also quite significant for CatBoost, being its second-most-
important rain gauge feature. This is physically reasonable, as rain gauge 413 collects
data on rainfall from the area near the outlet, which is evidently the most crucial infor-
mation for forecasting over such a short period. It is also noteworthy that, for CatBoost,
while the second most important rain gauge feature is 413 at lag t—0, the top feature
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Figure 3: Shapely values for the test dataset obtained with XGBoost and CatBoost for
different forecasting horizons.
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is 629 at lag t—2. Given that rain gauge 629 is one of the closest stations to the out-
let, its relevance is expected, though the importance at lag t—0 is diminished since wa-
ter takes time to travel from station 629 to the outlet. Additionally, for CatBoost, the
third most important rain feature is rain gauge 511 at lag t—11. This longer time lag
reflects the greater geographical distance from the station to the outlet, indicating that
water requires more time to reach its destination.

For the 1-hour horizon, the most significant rain gauge for XGBoost is no longer
413, while rain gauge 563 increases in significance. This is physically understandable be-
cause rain gauge 563 is located a bit further from the outlet, making the rainfall in its
vicinity more relevant for forecasting the river at the outlet within the 1-hour horizon.
Nevertheless, rain gauge 413 remains important, ranking second most significant. In con-
trast, for CatBoost, the importance of these two features is reversed compared to XG-
Boost. For the 2-hour horizon, the rain gauge 511 at lag t—0 becomes more relevant,
being the most important rain feature for CatBoost and the second most important rain
feature for XGBoost. However, the rain gauge 511 did not play such an important role
when we considered the 1-hour horizon. As the lead time increases, it is very interest-
ing to notice how further stations become more relevant, which is totally physically con-
sistent, considering the time that the water takes to travel between these points.

For the 3-hour horizon, a new rain gauge gains prominence for both algorithms:
the rain gauge 514 at lag t—0. This is a new evidence of physical consistency, as it shows
that the longer the forecasting horizon, the greater the importance of rain gauges that
are further away from the outlet. It is also remarkable that station 514 gains such high
importance when the forecasting horizon is 3 hours because this station is near the bor-
der of the watershed, and the time the water takes to travel from this point to the out-
let should be a value near the concentration time of the basin, which is indeed what hap-
pens. We do not expect these numbers to match perfectly as the rain gauges represent
a punctual measurement of rainfall distributed across a region.

By examining SHAP values over different forecasting horizons and algorithms, we
obtain a clearer insight into how predictions are formed and how the significance of fea-
tures corresponds with reality from both spatial and temporal viewpoints.

4 Conclusions and future work

This study developed an explainable machine learning framework to predict hourly
river levels in an urban watershed. The evaluation of ensemble-based methods demon-
strated that all algorithms significantly outperformed Persistence across forecasting hori-
zons ranging from 1 to 8 hours. For shorter lead times, all ensemble algorithms exhib-
ited excellent performance, with NSE values exceeding 0.9 for the 1-hour horizon. Cat-
Boost consistently delivered the best results, securing the best performance for seven out
of eight forecasting horizons. Meanwhile, RF showed the weakest performance among
the ensemble algorithms. However performance differences were generally minimal, with
less than a 1.6% difference in RMSE for the 4-hour forecasting horizon, for example. Fur-
thermore, as expected, the performance of the algorithms gradually declined with longer
lead times, so we obtained satisfactory forecasting performance only up to 3-hour lead
time.

The incorporation of SHAP analysis yielded valuable insights into the spatial and
temporal dynamics influencing model predictions, revealing how lagged river level and

precipitation measurements play different roles depending on the forecasting horizon. SHAP

results demonstrated that ML models make predictions physically consistent, assigning
more importance to stations nearer to the outlet when the forecasting horizon is shorter
and to stations further to the outlet when the forecasting horizon is longer. Therefore,
for short-term horizons, the local precipitation dominates the model’s predictions, while
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upstream rainfall gains more importance for long-term horizon. These findings empha-
size the necessity of incorporating spatio-temporal factors into flood simulation method-
ologies.

Evidence suggests that when training data is non-continuous, a prevalent situation
in practical cases, using only rain gauges and the corresponding stage gauge station as
inputs is the most effective strategy. This is especially crucial in settings with consid-
erable human involvement, where the interrelations among variables might fluctuate dra-
matically with the seasons, and in real-world scenarios, where sensor malfunctions or con-
nectivity issues often occur.

This research enhances confidence in hydrological forecasting by transforming en-
semble ML models from opaque predictors into explainable tools. The insights gained
in this work can help decision-makers improve urban flood risk management and emer-
gency response strategies, thus fostering more resilient urban infrastructure. Future re-
search will expand this framework to include additional input sources, like radar, to im-
prove the performance for longer lead times, and explore new ML architectures and ex-
plainability techniques, advancing the field of explainable hydrological modeling.

Open Research Section

The source code and data supporting this letter are publicly available in a GitHub
repository, allowing other researchers to replicate the case study presented here. The code
can be accessed at https://doi.org/10.5281/zenodo.14968431.
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