engineering h
proceedings MD\Py
Proceeding Paper

A Comparison Between Adam and Levenberg-Marquardt
Optimizers for the Prediction of Extremes: Case Study for Flood
Prediction with Artificial Neural Networks *

Julien Yise Peniel Adounkpe 1 Valentin Wendling 1@, Alain Dezetter 2(2, Bruno Arfib 3, Guillaume Artigue 1

Séverin Pistre 2 and Anne Johannet 1-*

check for

updates
Academic Editors: Olga Valenzuela,
Fernando Rojas, Luis Javier Herrera,

Hector Pomares and Ignacio Rojas
Published: 31 July 2025

Citation: Adounkpe, J.Y.P;
Wendling, V.; Dezetter, A.; Arfib, B.;
Artigue, G.; Pistre, S.; Johannet, A. A
Comparison Between Adam and
Levenberg-Marquardt Optimizers for
the Prediction of Extremes: Case
Study for Flood Prediction with
Artificial Neural Networks. Eng. Proc.
2025, 101, 12. https://doi.org/
10.3390/ engproc2025101012

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

1 HSM, Univ Montpellier, IMT Mines Ales, CNRS, IRD, 30380 Ales, France;
julien-yise-peniel.adounkpe@mines-ales.fr (J.Y.P.A.); valentin.wendling@mines-ales.fr (V.W.);
guillaume.artigue@mines-ales.fr (G.A.)

2 HSM, Univ Montpellier, CNRS, IRD, 34090 Montpellier, France; alain.dezetter@umontpellier.fr (A.D.);
severin.pistre@umontpellier.fr (S.P.)

3 Aix Marseille Univ., CNRS, IRD, INRAE, CEREGE, BP80 Arbois, 13545 Aix-en-Provence, France

Correspondence: anne johannet@mines-ales.fr

Presented at the 11th International Conference on Time Series and Forecasting, Canaria, Spain,

16-18 July 2025.

Abstract

Artificial neural networks (ANNSs) adjust to the underlying behavior in the dataset using a
training rule or optimizer. The most popular first-and second-order optimizers, Adam (AD)
and Levenberg-Marquardt (LM), were compared with the aim of predicting extreme flash
floods of a runoff-dominated hydrological system. A fully connected multilayer perceptron
with a shallow structure was used to reduce complexity and limit overfitting. The inputs
of the ANN were determined by rainfall-water level cross-correlation analysis. For each
optimizer, the hyperparameters of the ANN were selected using a grid search and the
cross-validation score on a novel criterion (PERS PEAK) mixing the persistency (PERS)
and the quality of flood-peak restitution (PEAK). For an extreme and unseen event used
as a test set, LM outperformed AD by 25% on all performance criteria. The peak water
level of this event, 66% greater than that of the training set, was predicted by 92% after
more training iterations were done by the LM optimizer. This shows that the ANN can
predict beyond the ranges of the training set, given the right optimizer. Nevertheless, the
LM training time was up to five times longer than that of AD during grid search.

Keywords: ANN; optimizer; regularization; forecast; extreme flood; urban flood

1. Introduction

Artificial neural networks (ANNSs) are known for their ability to model nonlinear
and dynamic complex systems due to their universal approximation and parsimony
properties [1-3]. Thus, ANNSs are particularly useful in the field of hydrology because they
can establish a rainfall-water level relationship without assuming any prior behavior of the
study area. However, due to the inherent difficulties of observation in hydrology, there is a
high degree of uncertainty and noise. These difficulties can be mitigated by regularization
methods, leading to shallow models [4,5].

As a data-based method, the ANN relies on a dataset, used in a training phase during
which the model’s parameters are updated to minimize a loss function (the error between
observations and predictions). Several training algorithms exist to minimize this loss
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function and can be broadly divided into two categories: first-order and second-order algo-
rithms. First-order methods solely rely on gradient information, while second-order meth-
ods utilize curvature information from the Hessian matrix [6]. The Adam (AD) optimizer is
one of the most efficient first-order algorithms because it has good performance with deep
models and for on-line and non-stationary settings [7]. The Levenberg-Marquardt (LM)
optimizer is a second-order algorithm that approximates the second-order derivatives by a
product of first-order derivatives, which is compliant with nonlinear modeling [8,9]. LM
usually outperforms both simple gradient descent and other second-order methods [10].
AD is easy to implement; it requires a memory space that increases linearly with the
number of parameters to be learnt and is thus suitable for ANNs with many parameters.
The major drawback of second-order methods such as LM is the high computational cost
of computing and inversing the Hessian matrix [11]. It requires a memory volume that
increases quadratically with the number of parameters to be learnt. Due to the memory size
and calculation time constraints imposed by the LM optimizer, it is used much less than
Adam’s rule. Ref. [12] concludes that LM allows for models that are much less complex
than those trained by AD, enabling faster learning, but the demonstration was done on a
fairly simple function, free from noise and uncertainty. Ref. [11]’s review found that 50% of
the studies used first-order methods, 30% used second-order methods, and 20% used other
methods, such as Bayesian optimization and genetic algorithms.

In the present study, we investigated the efficiency of AD and LM optimizers to predict
extreme flash flood events. We relay the case study of quick urban floods of the Las River,
located in the city of Toulon (France). The Las basin presents rugged topography and
a Mediterranean climate [13,14]. We selected the ANN’s inputs using cross-correlation
analysis between the rainfall series and the water level series measured at the outlet of
the basin. The model was obtained by hyperparameter selection over cross-validation. A
detailed comparison is made, from its training to its predictions with a forecast lead time of
two time steps (30 min).

2. Materials and Methods
2.1. Study Area

The Las basin (southeastern France) climate is Mediterranean, with short and intense
rainfall events usually occurring in spring and autumn, and its annual rainfall ranges from
350 to 1000 mm. This climate is prone to destructive flood events resulting in major human
casualties, infrastructure damage, health risks, and economic losses [13]. The Las River
crosses the city of Toulon (180,000 inhabitants), involving major stakes [15], and flows into
the Mediterranean Sea. It flows from the karst springs of Dardennes at Ragas, recharged by
rainfall infiltration over a 70 km? karst plateau (Siou-Blanc massif) [14] (Figure 1). In urban
areas, the runoff is intensified by surface impermeability and urban drainage systems.
These runoff and groundwater contributions generate flash floods characterized by rapid
water level variations.
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Figure 1. Topography and streams of the Las basin (southeastern France), location of the water level
gauging stations (Lagoubran at the Las River outlet in Toulon) and rain gauges. Data Sources: [14],
(https:/ /meteo.data.gouv.fr/, accessed on 31 January 2024), and (https://geoservices.ign.fr/bdtopo,
accessed on 31 January 2024).

2.2. Database: Acquisition, Formatting, and Pre-Processing

Water level measurements at two springs feeding the river (Ragas and St Antoine)
and at the river outlet (Lagoubran) are considered. The rainfall from seven stations located
less than 10 km from the basin is also considered (Figure 1). The water level data were
provided by [16,17] and cover the period from October 2012 to September 2018, with a
15 min time step. The rainfall data were downloaded from the French meteorological
service (https://meteo.data.gouv.fr/ (accessed on 31 January 2024)), and cover the same
period, with a 6 min time step. All data were resampled to a 15 min time step. To focus
on flash flood events, periods with heavy rainfall were selected. We selected periods
when the cumulative rainfall over 24 h exceeded 50 mm for at least one station. Missing
rainfall values were supplemented by the average of the values from the most correlated
rain gauges.

Correlograms between rainfall and water level at Lagoubran were calculated to deter-
mine the response time and the memory effect. The response time is defined as the time lag
corresponding to the maximum of the correlogram. The memory effect is defined as the
last time lag greater than the response time for which the correlation is higher than 0.2 [18].
The events defined from rainfall were classified in four categories based on the response
time and the spring water level: quick urban runoff events, slow karst events, intermediate
events, and events with low hydrological responses. Ref. [19] classified the rainfall events
by karst water contributions and found similar events and classes. The present study only
concerns the quick urban runoff events.

The event with the highest water level at Lagoubran (66% larger than the second one,
2.34 m vs. 1.41 m) was removed from the database to assess the model’s generalization
capacity. It is referred to as the test event and was not used for the model’s training.
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2.3. Model Design

This section explains the ANN’s design by detailing its structure, its input data,
its training rule, and the criteria used to evaluate its performance. A set of the best
hyperparameters was selected for AD on one hand, and LM on the other hand, to optimize
the cross-validation score. This procedure maximizes the generalization properties of
the models.

2.3.1. Input Dataset

The input dataset includes the rainfall time series at rain gauges over a sliding window
of length w, and the observed water level at Lagoubran over a sliding window of length
3 time steps. The output variable is the predicted water level at Lagoubran at a lead time
of 2 time steps (30 min). The rainfall series with the best correlation with water level was
used as input variables. Their sliding time windows (w) are their memory effect duration.
The input dataset was normalized within the range 0-0.9.

2.3.2. Structure

The experiments were conducted using a fully connected multilayer perceptron with
one hidden layer. Three hyperparameters were optimized: (1) the number of neurons,
(2) the slope of the hidden layer’s activation function (s;), and (3) the slope of the output
layer’s activation function (s;). The activation function of both layers is the hyperbolic tangent.

2.3.3. Parameter Initialization and Optimizers

Before the first epoch (iteration of training data), the weights of the ANN are initialized
within a uniform distribution between —0.1 and 0.1, given a random seed. Biases are set to 0.1.

e Adam (AD): The learning rate of AD controls the pace of the update of the model’s
parameters. It is crucial, as setting it too high may cause the loss function to oscillate
between epochs and overshoot the global minimum, while setting it too low can result
in slow and inefficient training [20]. The PyTorch 2.3.1 library’s [21] implementation of
AD was used in this study. A learning rate of 0.1 with a maximum epoch of 100 showed
that the loss function on the training dataset had a steady and smooth convergence
curve with little fluctuations.

e Levenberg-Marquardt (LM): The damping parameter of LM controls the influence
balance between the gradient descent contribution and the second-order contribution.
It makes this algorithm react like a gradient descent algorithm at the start of training
when the parameters are far from their optimal values, and like a second-order algo-
rithm when the parameters are closer to their optimal values [22]. The LM algorithm
is adapted from [9] and was implemented by [23]. As a rule of thumb, the damping
parameter is 103 for LM, and its update factor is 0.1 if the loss function decreases and
10 if it increases. The maximum epoch used was 45.

2.3.4. Regularization Techniques

Regularization techniques prevent the ANN from overfitting on the training set and
improve its performance and robustness on unseen events: the test set [11,24,25].

e  Cross-validation splits the input dataset into event subsets. One subset is used as
validation, while the others are in the training set. This is done for each event in a
“leave-one event-out” manner [26], such that each event is used one time as validation.
For each event, a score is calculated, and the average of all these scores is represented
by the cross-validation score (CVS). The dataset is split by events to allow a clearer
interpretation of the CVS.
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e  Early stopping stops the ANN’s training before full convergence [27]. An early stop-
ping event is chosen disjointed to the cross-validation set. In a preliminary phase to
the model selection, this set was chosen as the one that maximizes the cross-validation
score; thus, this set is the most compatible with the learning set.

e The ensemble model increases the robustness of the optimized ANN model to the
initial values of the parameters [5]. Ten ANNs were trained with different random
sequences of initial parameters. The final output was the median of the results.

2.3.5. Performance Criteria

To evaluate the ANN's performance, four metrics were used. All the criteria range
from —oo to 1. Here are the notations used for the criteria: k is the discrete time, hz is the
observed water level at k, hj is the simulated water level at k, | is the lead time, ky;qx is the
time step where /] is maximum, and 7 is the number of observations.

e  Nash-Sutcliffe Efficiency (NSE) [28] (Equation (1)): it is used to measure the simu-
lated variance error divided by the variance of the observed time series (here, the
water level).

Yo (h — h5)°
v (h—TE)
i (- 7)

e  Persistence coefficient (PERS) [29] (Equation (2)): it is similar to the NSE but adapted
for predictions. When this criterion is positive, it indicates that the model’s output is

NSE=1-— (1)

better than the “naive” forecast (the simplest forecast that assumes that the process
value at the lead time is equal to the current value).

erclzl (hZ-s-l - hi+1)2
i (1)’

e  Peak coefficient (PEAK) [30] (Equation (3)): It expresses the model’s ability to accu-
rately simulate the water level at the time of the maximum observed peak.

PERS=1— )

) by —min (h9)

W —min (hi)

kmux

e  Combined criterion (PERS PEAK): It is the average of the PERS and PEAK, measuring
the prediction’s ability of being both timely and reflecting accurately the peak values.

PEAK =1— 3)

2.3.6. Model Selection

The rainfall series were ordered by decreasing maximum of cross-correlation with
the observed water level. The first one was initially selected as a unique rainfall input to
the model. Additional rainfall series were then added one by one to the ANN’s inputs,
defining other input sets. For each input set, a hyperparameter grid search was carried out
with the following hyperparameters: the number of hidden neurons (ranged from 1 to 15),
51 (1,3,5), and sp (0.1, 0.5, 1). For each case, the model was trained and evaluated using the
CVS. The model with the highest PERS PEAK CVS was selected for a wider analysis of its
training and predictions. The performance of this model was evaluated on the test set. All
operations used both optimization algorithms.
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3. Results
3.1. Event Selection and Classification

The dataset contains 230,705 rainfall and water level observations after resampling of
the rain gauge data on a 15 min time step. A total of 64 events were initially selected using
the rainfall filter described in Section 2.3. However, only 49 were retained for classification
due to missing water level data. These events were classified into four groups: 12 urban
runoff events (representing 11,413 observations), 23 karst events, 7 intermediate events,
and 7 low-water-level response events. The urban runoff events were characterized by
faster response and memory effect times. Event 45 was used for early stopping and event
27 as the test event, and both were removed from the cross-validation events.

3.2. Model Selection on Urban Events

Based on the cross-correlation analysis between rainfall and water level, the rainfall
series were ordered by maximum correlation: Castellet SAPC, Toulon, Cap Cepet, and
Castellet; the corresponding response times are 11,9, 11, and 11, respectively. These rainfall
series were considered for the ANN inputs, with their corresponding memory effect as
sliding windows (w). The three other stations had lower correlations.

Figure 2 shows the cross validation scores of PERS PEAK for the AD and LM algo-
rithms, for each rainfall series input set. It presents the CV score of the ANN for each
hyperparameter set, as a function of its number of neurons. It appears that LM provides bet-
ter scores. The LM scores show more variability when changing slopes than the AD scores.
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Figure 2. Median of PERS PEAK criterion over cross-validation scores for all the models with different
rainfall inputs; classified by the number of neurons and by the optimizer algorithms. Each point in
this figure represents a set of slopes of the activation functions. Values lower than 0.2 are not shown.
The input variables on the top are CASS: Castellet SAPC, TOUL: Toulon, CAPC: Cap Cepet, and
CAST: Castellet.

Increasing s; decreased, on average, the performance of AD, while decreasing s,
improved the performance of LM. Other experiments not highlighted in the methodology
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showed that logistic sigmoid activation functions performed worse than the hyperbolic
tangent. Regarding the computation time, LM took on average 5 times more time during
training, despite using a lower maximum number of iterations of 30 for LM and 100 for
AD. As the number of neurons increases, the difference in the training duration between
the optimizers increases. The lower training duration of AD within experiences is probably
accentuated by the optimizations of the native PyTorch 2.3.1 AD optimizers.

The selection of hyperparameters and inputs led to the best models having Castellet
SAPC and Toulon as inputs and AD with 5 neurons, s; of 3 and s; of 0.1, and LM with
11 neurons, s; of 1 and s; of 0.1. These architectures performed similarly on the cross-
validation events with a median NSE of 0.69 for AD vs. 0.702 for LM, and a median PERS
PEAK of 0.516 for AD vs. 0.576 for LM. During training, the loss function was lower for LM
compared to AD. LM fits the training set better with fewer epochs, 20 at most. LM requires
an early stopping set to prevent overfitting, while AD does not overfit the training set with
an optimal learning rate and thus does not require an early stopping set. The PERS PEAK
of AD improved by a factor of 3 when training was stopped over 100 epochs.

3.3. Predictions on Test Event

The test event was an exceptional event with 123% and 147% higher maximum rainfall
intensity, respectively, at Castellet SAPC and Toulon than in the cross-validation events.
This caused the water level to rise 66% above the records in the cross-validation events. All
the criteria used showed an approximate 0.25 increase in the predictions of the test event
with LM compared to AD (Figure 3). These results show that LM can better generalize
extreme and unprecedented events.

Event 27 of Sep 19 2014 {NSE 0.48

PERS 0.63 PEAK 0.4 PERS PEAK 0.52‘}
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Figure 3. Hydrograph showing test event observations and predictions at I + 30 min for the best
model with (a) AD and (b) LM optimizers. The black curve represents the median of the 10 grey
curves, each corresponding to a model with a different parameter initialization.

Furthermore, training the same model with LM over 30 epochs improved by 0.27 the
prediction PEAK of the test event, suggesting that predicting extreme events requires an
extended training of the ANN (Figure 4). This was not observed for AD.

Event 27 of Sep 19 2014 {NSE 0.79 PERS0.85 PEAK0.92 PERS PEAK 0.88}
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Figure 4. Hydrograph showing test event observations and predictions at I + 30 min for the best
model with the LM optimizer at 30 epochs.
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4. Discussion

The rainfall water level cross-correlation analysis revealed that the highest correlation
was related to the Castellet SAPC station, 13 km northwest of the Lagoubran water level
station. As this station is located on the first hill slopes (66 m above sea level), its rains may
be representative of the orographic uplift of maritime winds. This shows that the rainfall
stations closest to the target station are not always the best correlated ones. This suggests
that the choice of stations could be improved by using cross-validation during the model
selection rather than cross-correlation.

The convergence of AD is highly dependent on the value of its learning rate, while
LM does not have such a parameter. The damping parameter of LM ensures the ANN'’s
convergence in a clever way. LM requires an early stopping set because it fits more to the
training set compared to AD. When a stop event is used with AD, it stops learning too
early, even before the cost function has converged.

Regarding the ability to forecast extreme event 27 (of 19 September 2014), it is clear
(Figures 3 and 4) that it is well modeled under the condition of adding more epochs to
the training. This shows that the LM optimizer is able to reproduce this extreme event
(66% bigger than the second-biggest event in the database), but not yet automatically (in a
blind test). This ability has not been demonstrated by AD. Despite the LM optimizer having
a higher computational cost than AD during training, the operational computational cost
of operations remains the same, with low resource requirements and fast prediction times.
Furthermore, there are promising methods to improve the memory and time efficiencies of
the LM algorithm, such as computing directly the quasi-Hessian matrix with the gradient
vector without the Jacobian [31] or addressing the minimization algorithm [32].

A common example of LM outperforming AD is when fitting a simple sinc function
with a variable amplitude and a constant frequency using a shallow network [12,23]. In
contrast to the results of the study, where higher amplitudes were better predicted with
LM, AD fails to converge with a bad fit of lower amplitudes while having a good fit of
higher amplitudes in Taylor’s experiments.

5. Conclusions

This study focuses on extreme flash flood forecasting using an ANN with AD and LM
optimization algorithms. Both optimizers were set to their best training conditions. The
ANN's inputs were selected by linear cross-correlation analysis of rainfall and water level
time series. A hyperparameter grid search was performed to select the model with the
timeliest predictions and accurate peak values on urban runoff events. The performance
during training and prediction of the best AD and LM models was compared.

LM benefited from the early stopping regularization technique because it usually
overfits the training set, while AD had an earlier stop. LM outperformed AD in CVS on the
hyperparameter selection, and the PERS PEAK CVS of the best models was 0. 516 for AD
versus 0.576 for LM. During the ANN’s training, the loss function of LM converged with
fewer epochs compared to AD. On the test event, where the water level was 66% higher
than in all events considered for training, LM forecasts were improved by 0.25 compared to
AD. There is ways for improvement in terms of learning stop, which could potentially lead
to further improvement in the performance of the Levenberg Marquardt rule, resulting in a
near-perfect forecast of the most intense event in the database. The main shortcoming of
LM compared to AD is that its training time is 5 times longer than that of the AD algorithm.
Further investigation needs to be conducted to define the most appropriate early stopping
criteria for enabling LM to predict extreme unseen events.

To confirm the conclusions of this study;, it is necessary to reproduce the methodology
in other study areas, with more diverse datasets. Only ANNSs in the structure of shallow
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multilayer perceptrons were used in this study; it could be interesting to investigate other
ANN structures, such as LSTMs or transformers, to assess the potential benefits in relation
to the significant increase in complexity.
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