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intensity-duration-frequency 
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Intensity-Duration-Frequency (IDF) curves describe the relationship between rainfall 
intensity, the duration of rainfall events, and the frequency with which these events 
occur at a specific location. IDF curves relate rainfall intensity, duration, and frequency 
using one of various statistical methods to support flood risk management and 
infrastructure design. However, these traditional statistical methods struggle to 
capture the growing variability and uncertainty in extreme precipitation. This study 
leverages satellite-based precipitation datasets and advanced machine learning 
techniques as an alternative to these statistical methods to develop more accurate 
and robust IDF curves, thereby lowering uncertainty and improving the reliability of 
construction under non-stationary rainfall trends. For this, daily precipitation data 
are collected from Global Precipitation Measurement (GPM) satellite observations 
over Beirut, Lebanon which are then subsequently disaggregated into multiple 
finer temporal resolutions. Maximum rainfall values are derived from these data 
points to develop machine learning and deep learning architectures, including 
Support Vector Regression (SVR), Artificial Neural Networks (ANN), novel Temporal 
Convolutional Networks (TCN), and a TCN variant enhanced with sparse self-
attention mechanisms (TCAN), which learn distributions used to generate IDF 
curves. TCAN was able to explain almost all the variance, followed, respectively, 
by TCN, ANN, SVM then the Gumbel statistical method. The findings highlight 
how adaptive ML-based models can improve explained variance under variable 
precipitation patterns, delivering more reliable and robust IDF curves.
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1 Introduction

Rainfall intensity-duration-frequency (IDF) curves form a fundamental procedure in 
hydrological engineering for analyzing precipitation patterns and designing water 
infrastructure (Collalti et al., 2024; Sherman, 1931). This process establishes critical 
relationships between the intensity of rainfall events, their duration, and frequency of 
occurrence, serving as the central component for modern water resource management and 
infrastructure design (Soto-Escobar et al., 2025). IDF curves have evolved from early empirical 
formulations in the 1930s to sophisticated statistical tools that are essential for flood 
forecasting, urban drainage design, and climate resilience planning (Bell, 1969). IDF curves, 
therefore, play a pivotal role in protecting critical infrastructure against water-related hazards, 
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flood risks and the uncertainties of a changing climate (Martel et 
al., 2021).

The construction of accurate IDF curves requires high-resolution 
temporal precipitation data, particularly at sub-hourly intervals. Such 
data is critical for the design of urban drainage systems and for robust 
flood risk assessments, as short-duration extreme rainfall events can 
cause unforeseen natural disasters, potentially resulting in significant 
loss of life and considerable economic costs (Marra et al., 2024). In 
many regions, particularly within developing countries, the limited 
density of rain-gauge networks constrains spatial coverage which 
consequently compromises the accuracy of rainfall estimates 
(Basumatary and Sil, 2016) and also poses considerable challenges, as 
it hinders the acquisition of sub-hourly precipitation measurements 
required for the reliable construction, often necessitating the use of 
suboptimal IDF curves (Gebrechorkos et al., 2024). The continuous 
advancement in satellite precipitation retrieval makes it increasingly 
important to develop methods that incorporate these datasets in 
constructing IDF curves—especially in regions where in-situ rainfall 
observations are sparse and have insufficient record length—as it 
offers a credible and often superior alternative source for sub-hourly 
precipitation information in data-sparse regions (Nguyen et al., 2018). 
Satellite-based precipitation products such as the Global Precipitation 
Measurement (GPM) Integrated Multi-satellitE Retrievals for GPM 
(IMERG), the Global Satellite Mapping of Precipitation Moving 
Vector with Kalman Filter (GSMaP-MVK), the Precipitation 
Estimation from Remotely Sensed Information using Artificial Neural 
Networks (PERSIANN), and others have demonstrated effectiveness 
in estimating IDF curves—some showing strong correlation with 
ground observations—while half-hourly GPM-IMERG data, in 
particular, has been used to derive regional IDF curves with reasonable 
accuracy, especially when employing the Gumbel distribution (Lau 
and Behrangi, 2022).

The statistical distribution functions used to construct IDF curves 
have been extensively studied and proven effective for infrastructure 
design under stationary climate assumptions; however, growing 
variability and uncertainty in precipitation patterns due to climate 
change raise concerns about the adequacy of this approach in current 
urban planning and infrastructure, as reliance on stationarity may 
underestimate extreme precipitation by up to 60% (Cheng and 
AghaKouchak, 2014). This has led to a growing interest to develop 
IDF construction methods that no longer rely on the stationarity 
assumption but instead take into consideration the changing climate 
and precipitation patterns using methods such as Bayesian inference 
or other distributions entirely (Gruss et al., 2020; Shehu and 
Haberlandt, 2023; Ulrich et al., 2021). Beyond the stationarity 
challenges, several fundamental uncertainties inherent in the 
statistical modeling approach further complicate IDF curve 
construction. Parameter estimation uncertainty from limited 
historical precipitation records leads to large sampling errors in 
distribution parameters, with confidence intervals often reaching 
±20% of expected design rainfall intensities (Wang and McBean, 
2014). Likewise, model selection uncertainty occurs because different 
statistical distributions (Gumbel, GEV, Log-Pearson Type III) produce 
significantly different quantile estimates for the same data, particularly 
for longer return periods (Wehner et al., 2024). Furthermore, quantile 
estimation uncertainty becomes pronounced for extreme return 
periods, where extrapolation beyond observed data introduces 
substantial uncertainty, with confidence interval widths increasing 

dramatically and estimates being highly sensitive to distribution shape 
parameters (Milojevic et al., 2023).

Machine learning (ML) and deep learning (DL) methods have 
recently started to appear in literature as an alternative to the 
traditional statistical methods used in constructing IDF curves (Acar 
et al., 2008); a trend that still needs to gain traction, and more studies 
are needed to explore the potential of these methods. DL models were 
shown to inherently capture non-linear relationships in data and are 
capable to estimate any function or distribution given enough data. 
This is a fundamental concept in DL literature known as the Universal 
Approximation Theorem (UAT) (Goodfellow et al., 2016). However, 
artificial neural networks on their own still struggle with modeling 
stochastic processes and uncertainty inherent in some datasets 
(Thacker et al., 2020), leading to the development of neural network 
architectures that are specifically designed to handle stochastic 
processes and uncertainty, such as Bayesian Neural Networks (BNN) 
and Temporal Convolutional Attention Networks (TCANs) (Goan 
and Fookes, 2020; Lin et al., 2021). ML techniques were initially 
applied to precipitation data preprocessing and temporal 
disaggregation tasks rather than direct IDF curve construction, while 
artificial neural networks first emerged in hydrology applications 
during the early 1990s, primarily focusing on rainfall-runoff modeling, 
stream flow forecasting, and water quality analysis (Govindaraju, 
2000). Early applications of neural networks to precipitation 
disaggregation began appearing in the literature around 2000, with 
studies exploring the use of feed-forward neural networks and 
competitive learning algorithms to disaggregate hourly rainfall data 
into sub-hourly time increments (Burian et al., 2000). Using machine 
learning and deep learning methods to construct IDF curves is a 
relatively new approach to achieve adaptive IDF curves, with only a 
handful of studies that have emerged recently exploring this 
alternative. Using the daily rainfall data as input, and the observed 
sub-daily resolutions as labels, the ML models learn to estimate the 
downscaled precipitation data, which then can be used to construct 
IDF curves for different durations using the known distributions (Hu 
and Ayyub, 2019). This process however, still used machine learning 
in the preprocessing of the IDF generation process rather than the 
alternative method while relying on data from multiple ground 
stations. More recent work, which compared novel machine learning 
models to traditional statistical methods, have shown promising 
results in being able to use the former as an alternative to construct 
IDF curves where deep learning models—especially Long-Short Term 
Memory (LSTM) and Recurrent Neural Networks (RNN)—were 
shown to be a more accurate and reliable approach for predicting 
rainfall patterns and IDF curves than conventional methods (Ameen 
et al., 2025).

Despite these promising developments in applying machine 
learning to IDF curve construction, several critical limitations 
remain unaddressed. Most existing ML approaches have primarily 
focused on temporal disaggregation tasks, and the only efforts to 
directly use these methods in the construction process have been 
limited to simple or outdated neural network architectures that 
cannot fully capture the complex temporal dependencies inherent 
in precipitation data. Furthermore, the integration of satellite-
based precipitation data with machine learning methods—in 
addition to more advanced models such as temporal convolutional 
networks (TCNs) and attention mechanisms—to directly 
construct IDF curves is still largely unexplored. Additionally, 
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uncertainty quantification in ML-based IDF predictions is often 
overlooked, despite its importance for engineering decisions. 
Addressing these gaps can enable adaptive, data-driven IDF 
curves that support resilient infrastructure, even in ungauged 
regions. Therefore, by leveraging satellite-based precipitation data 
to train ML and DL models in constructing IDF curves, this 
approach aims to yield curves that more accurately capture 
precipitation patterns and better account for uncertainty. This 
study applies rigorous preprocessing and temporal disaggregation 
on remotely sensed data obtained from the GPM (Global 
Precipitation Measurement) mission to derive high-resolution 
rainfall intensities. Advanced ML and DL models are then trained 
to estimate and construct IDF relationships—including Support 
Vector Regression (SVR), Artificial Neural Networks (ANN), 
TCNs, and the novel Temporal Convolutional Attention Network 
(TCAN)—after which their outputs are benchmarked against the 
Gumbel distribution using Nash-Sutcliffe Efficiency (NSE) (Nash 
and Sutcliffe, 1970), Squared Pearson (R2), Root Mean-Squared 
Error (RMSE) and Mean-Absolute Error (MAE). These findings 
are then further situated within the broader context of existing 
literature, highlighting their implications for urban infrastructure 
planning and demonstrating the potential of advanced deep 
learning approaches to outperform traditional statistical methods. 
This integrated framework demonstrates the potential of remote 
sensing and AI to enhance hydrological modeling in data-scarce, 
developing environments.

This paper is structured as follows: Section 2 outlines the 
methodology employed for the acquisition, preprocessing, training 
and testing of satellite-based precipitation data. Section 3 presents a 

comprehensive comparative analysis of these models and the results 
discovered, with a particular focus on their performance in accurately 
constructing IDF relationships. Section 4 discusses the findings in 
broader concepts. Finally, Section 5 concludes the study and wraps up 
the study, demonstrating ML and DL based approaches as potentially 
useful for IDF curve construction.

2 Materials and methods

2.1 Study area

This study observes precipitation over Beirut, the capital city of 
Lebanon situated at an approximate center coordinate of 33.89°N 
latitude and 35.50°E longitude, and its metropolitan area (Figure 1) 
on the eastern coast of the Mediterranean Sea sitting 95 meters above 
sea level at its highest point and encompassing an area of around 67 
km2 (Yassin, 2012). Beirut International Airport (33.83°N, 35.50°E) 
serves as the location for both the gauge station and the target point 
for satellite precipitation measurement.

Beirut’s climate is typical to that of any eastern coastal 
Mediterranean area characterized by hot, dry summers and mild wet 
winters, with the average annual precipitation ranges around 850mm 
per year (Andraos and Najem, 2020). The rainfall pattern is highly 
seasonal where most of the precipitation the city receives is split 
between December and January and virtually no precipitation is 
observed in the months between July and August (Kassem and 
Gökçekuş, 2020).

FIGURE 1

Landsat 8 image of Beirut, Lebanon and its surrounding area, derived from median pixel values collected between August 1 and August 31, 2017 using 
the Google Earth Engine Platform, Highlighting Beirut City (35.4955, 33.8886) and the station location in Beirut International Airport (35.4955, 33.83). 
Grid lines are displayed at a 0.1-degree spacing (U.S. Geological Survey, 2018; Gorelick et al., 2017).

https://doi.org/10.3389/frwa.2026.1727182
https://www.frontiersin.org/journals/Water
https://www.frontiersin.org


Dargham and Andraos� 10.3389/frwa.2026.1727182

Frontiers in Water 04 frontiersin.org

2.2 Methodology

This study employs remotely sensed rainfall data to develop IDF 
curves for return periods of 2, 5, 10, 25, 50, and 100 years. The analysis 
uses both the Gumbel distribution and advanced ML approaches 
(SVMs, ANNs, TCNs, and TCANs) for IDF curve construction. To 
achieve this, high-resolution precipitation data are downloaded from 
the GPM-IMERG satellite product, which are then processed to 
extract the extreme rainfall events with the highest intensity for each 
year in each duration. Once collected, the raw satellite precipitation 

data undergo rigorous preprocessing and temporal disaggregation. 
This step ensures temporal consistency and enables the reconstruction 
of rainfall intensities at various sub-daily durations not natively 
available in the IMERG product, thus permitting downstream analyses 
at critical resolutions for IDF construction. Figure 2 goes over all the 
major steps taken to generate these curves from the collected data and 
the selected methods.

From this processed satellite-derived dataset, two distinct streams 
are followed: an initial branch applies the Gumbel distribution to the 
disaggregated precipitation data and generates baseline IDF curves. 

FIGURE 2

Methodology overview.
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The derived IDF relationships, are benchmarked against Gumbel-
based curves constructed using available ground-measured rainfall 
extremes over a held-out portion of the dataset using NSE, R2, RMSE 
and MAE, thereby quantifying the representativeness and reliability 
of the satellite-based approach. In the other branch, the derived 
satellite intensity-duration data is fed into a suite of ML/DL models—
including SVR, ANN, TCN, and TCAN models. Here, the rainfall 
event duration serves as the input variable, and the corresponding 
maximum intensity as the prediction target. These ML/DL models are 
trained on duration inputs to predict as target the satellite derived 
intensities, with architectures and hyperparameters optimized for 
capturing the inherent nonlinearities and temporal dependencies 
characteristic of hydrological extremes. For each duration, the trained 
ML/DL models then infer the intensity, from which the return period 
is subsequently computed using the Weibull plotting position formula. 
The resulting intensity estimates for various return periods are 
validated on the same held-out portion of the dataset of the statistical 
method and using the same metrics to ensure proper results.

2.3 Data collection

Daily 24-h and sub-daily 30-min precipitation data from January 
1998 to February 2025 for Beirut, Lebanon are collected from the 
GPM-IMERG Version 07 Final Run (It. 07) product using Google 
Earth Engine and NASA Giovanni platforms (Huffman et al., 2023a, 
b). The GPM-IMERG It. 07 represents the latest research-quality 
gridded global multi-satellite precipitation estimates with 
comprehensive algorithmic improvements implemented in response 
to user feedback on Version 06 incorporating wide-ranging 
enhancements such as improved intercalibration processes, corrected 
spatial gridding to fix geolocation offsets, upgraded infrared 
precipitation retrieval schemes, and the inclusion of passive microwave 
estimates over frozen surfaces for near-complete global coverage. To 
validate the reliability of the GPM-IMERG data, precipitation samples 
are extracted and compared with corresponding measurements from 
the ground-based station in Beirut International Airport, whose 
recordings with the station readings and satellite readings overlapping 
with little error. In addition, measured IDF curves from ground 
stations in Beirut, Lebanon are also extracted from government 
sources, which are used to validate statistical and ML/DL methods and 
serve as a reliable baseline for model performance (Camp Dresser, 
McKee Inc., Khatib and Alami, 1982).

2.4 Data preprocessing

The 30-min and 24-h precipitation data collected from 
GPM-IMERG are converted to intensities, from which the intensity 
values are for 5, 10, 15 min, 1 h, 90 min, 3, 6, 12, 15, and 18 h are 
disaggregated using the Indian Meteorological Department Formula 
(IMF), widely used across hydrology literature in Lebanon (Obeid and 
Elkholy, 2021). The IMF is defined in Equation 1 (Ramaseshan, 1996):

	

 = × 
 

1
3

t T
tP P
T 	

(1)

Where:

	•	 tP  is the intensity value for the time period t  in mm/h.
	•	 TP  is the intensity value for the time period T  in mm/h.
	•	 t  is the time period for which the precipitation value is derived in 

minutes.
	•	 T  is the time period for which the precipitation value is given in 

minutes.
	•	 The exponent 1

3
 is a parameter that has been tuned to better 

accommodate for precipitation expectations in Beirut, Lebanon.

These converted and processed intensity time-series are then used 
to extract the maximum intensities for each duration in the dataset. 
Subsequently, these maximum intensities are used to construct the 
IDF curves using the Gumbel distribution and train the machine 
learning models. This disaggregated data provides estimations.

2.5 Construction and training

2.5.1 Statistical method
The IDF curves are first constructed using the Gumbel 

Distribution fitted to the extreme intensities using the maximum 
likelihood estimation (MLE) method for each duration to determine 
the location (α ) and scale (β ) parameters, whose derived values are 
shown in Table 1. The Gumbel distribution (Gumbel, 1935) and its 
inverse cumulative function are defined in Equations 2, 3 respectively:

	 ( ); ,
x

eF x e
α
β

α β
−

−=
	 (2)

	 ( ) ( )( ) ( )ln s.t. 0,1Q p ln p pβ= α − − ∈
	 (3)

TABLE 1  Gumbel’s location and scale parameters.

Duration Location 
parameter

Scale parameter

5 min 92.533226 34.466694

10 min 58.292279 21.712657

15 min 44.485335 16.569858

30 min 28.024005 10.438357

1 h 17.654017 6.575753

90 min 13.472536 5.018238

2 h 11.121334 4.142465

3 h 8.487166 3.161292

6 h 5.346580 1.991489

12 h 3.308722 1.212158

15 h 2.669476 0.940177

18 h 2.363951 0.832572

24 h 1.951399 0.687273
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Where:

	•	 x  is the input intensity value in mm/h.
	•	 p is the probability value in the interval (0, 1).

Using these parameters, the return period intensities are calculated 
through the Gumbel inverse cumulative distribution function, resulting 
in IDF curves that are rigorously constructed from satellite-based data 
and serve both as an independent predictive model and as the statistical 
benchmark for comparison with the ML models.

2.5.2 Machine learning and deep learning models
To train the ML and DL models, the duration of the event is taken 

as input, and the extreme maximum intensity of the duration in the 
dataset as output. Additionally, 50% of the data is allocated for fitting 
the models to the data and 50% for validating the models to ensure the 
models properly generalize using RMSE, MAE, R2 and NSE. After the 
training process is completed, the model is used to predict intensities 
for each duration. These intensities are then used to compute the 
return period intensities for the IDF curves using the Weibull plotting 
position formula (Weibull, 1951), defined in Equation 4:

	
=

+1
ip

n 	
(4)

Where:

	•	 p is the derived plotting position.
	•	 i is the rank of the data point in ascending order.
	•	 n is the total number of data points.

This nonparametric approach enables robust estimation of rainfall 
extremes even in the presence of uncertainty, non-stationarity or 
distributional ambiguities. More details on the training algorithms 
and optimization strategies are included for each model in the 
following sections.

2.5.2.1 Support vector machines
The SVM model is trained to predict the log-transformed 

maximum rainfall intensity from the log-transformed event duration, 
using the SVR approach, i.e., an SVM model for Regression tasks. The 
SVR model finds an optimal hyperplane by solving the following 
optimization problem defined in Equation 5 (Drucker et al., 1996):

	

2

, 1

1min (
2

n

i i
w b i

w C ξ ξ∗

=

 
 + +
 
 

∑
	

(5)

Subject to:

	
( )( ) ( )( )w x w x , , 0T T

i i i i i i i iy b b yφ ξ φ ξ ξ ξ∗ ∗− + ≤ + + − ≤ + ≥ 

Each prediction is estimated by the following function defined in 
Equation 6:

	
( ) ( ) ( )α α∗

=
= − +∑

1
x x ,x

n

i i i
i

f K b
	

(6)

Where:

	•	 w  is the weight vector.
	•	 b is the bias term.
	•	   is the tolerance parameter.
	•	 C  is the regularization parameter controlling the trade-off 

between fitting error and model complexity.
	•	 ,i iξ ξ∗  are slack variables allowing violations of the margin.

	•	 ( )x , xiK  is the kernel function (Gaussian, Polynomial…).

	•	 ,i iα α∗ are Lagrange multipliers (support vector coefficients).

The SVM model is selected for its ability to capture potential 
non-linear relationships between rainfall intensity and event 
duration, making it a candidate for representing complex 
hydrological processes. For training, the input data is scaled using 
min-max scaling, and a grid search with 5-fold cross-validation is 
employed to optimize the SVR hyperparameters. The best-
performing scenario is then fitted again to the training set, and its 
predictions were inverse-transformed and exponentiated to recover 
the original intensity scale. Finally, after validation and testing, IDF 
curves are generated for various return periods by scaling the base 
SVM predictions with frequency factors derived from the Weibull 
plotting position formula.

2.5.2.2 Artificial neural network
The ANN model is trained to predict the log-transformed extreme 

rainfall intensity using the log-transformed event duration as input. 
ANNs make a strong option for this task due to their proven ability to 
generalize any given mathematical function via the UAT which shows that 
a feedforward neural network with at least one hidden layer and enough 
neurons can approximate any continuous function on a compact domain 
(Hornik et al., 1989). ANN models learn by making an initial prediction, 
called the forward pass, compute a differentiable loss function by 
comparing it with the actual targets, then through gradient descent 
updates the weights of the model. The general algorithm is as follows in 
Equations 7–10 (Rumelhart et al., 1986; Goodfellow et al., 2016):

For each layer l in a network with L layers, the forward pass 
computes:

	 [ ] [ ] [ ] [ ]−= +1l l l lz W a b 	 (7)

	
[ ] [ ]( )σ=l la z

	
(8)

	
[ ]=ˆ Ly a 	 (9)

Where:

	•	 [ ]lz  is the pre-activation linear regression.

	•	 [ ]lW  is the weight matrix of layer l.

	•	 [ ]la  is the post-activation output of layer l.

	•	 [ ]lb  is the bias vector of layer l.
	•	 ( )σ ⋅  is the activation function (Rectified Linear Unit (ReLU), 

sigmoid, tanh…)
	•	 =a X  in the first layer.
	•	 ŷ is the final predicted output.
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Let the loss  be any differentiable equation that computes the 
difference between y and ŷ. The backpropagation algorithm computes 
for each layer l in the network with L layers:

	

[ ] [ ]
[ ]η ∂

= −
∂

l l
l

W W
W



	
(10)

Where η  is the learning rate.
Model training is performed using specialized optimizers, 

minimizing mean squared error loss. After training, predictions are 
inverse-transformed and exponentiated to recover the original 
intensity scale. Model performance is evaluated across all return 
periods.

2.5.2.3 Temporal convolutional network
The TCN model is implemented to predict the log-transformed 

extreme rainfall intensity using sequences of duration as input 
features. TCNs leverage dilated convolutions and residual connections 
to efficiently capture both local and long-range dependencies in the 
duration-intensity relationship, making them essential for modeling 
the complex temporal structure of rainfall events. Their lightweight 
architecture enables high accuracy with minimal parameters, making 
them a natural choice for IDF curve construction. The fundamental 
operations performed by the TCN is the dilated convolution, defined 
in Equation 11 (Bai et al., 2018):

	
( ) ( )

−

−
=

= ∑
1

TCN ·
0

·
k

t t d i
i

F x f i x
	

(11)

And the residual block in Equation 12:

	
( ) ( )( )block ReLU Conv , , DropoutF x x d k x= + +

	 (12)

Where:

	•	 tx  is the input at timestep t .
	•	 ( )f i  is the convolution filter of size k.
	•	 d  is the dilation factor which increases exponentially with layer 

depth −= 12l
ld .

	•	 The causality ensures predictions at time t  depend only on t  and 
earlier timesteps.

	•	 The dropout is a regularization factor, the rate at which units in 
the layer are dropped.

For training, to ensure the data is properly passed to the TCN, 
each input sample is formatted as a sequence of length 5, with features 
scaled with min-max scaling and a proper loss that implements 
gradient clipping to improve stability. The model architecture consists 
of two dilated 1-Dimensional (1D) convolutional layers with residual 
connections, followed by global average pooling and a linear output 
layer, resulting in a highly parameter-efficient design.

2.5.2.4 Temporal convolutional attention network
The TCAN model extends the TCN by incorporating a lightweight 

multi-head self-attention mechanism after the dilated convolutional 

layers. After the temporal features H are extracted via TCN, the model 
then computes the self-attention as defined in  Equations 13, 14 
(Vaswani et al., 2017; Lin et al., 2021):

	
( ) ,head Attention , , softmax

T
i i

i i i i i
k

Q KQ K V V
d

 
= =   

  	
(13)

For = …1,2,3, ,i h heads:

	 ( ) ( )1 hMultiHead H Concat head ,head,head, ,head OW= …
	 (14)

Where:

	•	 ×∈H T d , i.e., H is the sequence of hidden representations, with 
T  timesteps and d  hidden features.

	•	 =H QQ W , =H KK W , =H VV W  and ×∈, , d d
Q K VW W W   are 

learnable weight matrices.
	•	 ×∈, , kT dQ K V  , such that Q is the Query, K  is the Key and V  is 

the Value vectors.
	•	 ( ) ( )Concat kT h d× ⋅⋅ ∈ ,
	•	 kh d d

OW ⋅ ×∈  is another learnable matrix that projects back to 
the original dimension.

This addition allows the network to better capture long-range 
dependencies and interactions between different temporal positions 
in the input sequence, which makes TCANs particularly effective for 
generating accurate IDF curves, especially in scenarios where 
capturing subtle temporal dependencies is critical. The input 
preparation, scaling procedures and training procedures mirror those 
used for the TCN with slight adjustments to the hyperparameters.

3 Results

The satellite based IDF curves generated using the statistical 
method and the ML models are validated against the held-out 50% 
split of the data using RMSE, MAE, R2, and NSE to measure their raw 
performance and improvement. The scores achieved by each method 
on these metrics will serve as the basis for the comparison. Table 2 
shows the metrics score for all methods and are discussed in detail in 
the following subsections, while Figure 3 showcases the IDF curves as 
constructed by the statistical method and Figure 4 shows the curves 
as constructed by the DL models.

TABLE 2  Performance metrics of statistical, machine learning and deep 
learning models.

Model RMSE 
(mm/h)

MAE 
(mm/h)

R2 NSE

Statistical 

method

4.795 3.881 0.623 0.596

SVM 10.327 4.140 0.90 0.899

ANN 8.746 4.441 0.929 0.928

TCN 6.870 4.069 0.958 0.956

TCAN 6.609 3.841 0.961 0.959
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To better understand the metrics, RMSE is an error metric 
sensitive to large deviations due to its squaring operation, placing 
higher emphasis on large prediction errors and outliers. This property 
is particularly important in IDF curve construction, where capturing 
extreme rainfall events is crucial for modeling precipitation extremes. 
On the other hand, MAE provides an average magnitude of error that 
treats all deviations equally, making it robust against outliers. It is well-
suited for evaluating how models perform with typical rainfall values, 

ensuring the analysis is not dominated by extremes or irregular points. 
Both the R2 metric and the NSE quantify how well model predictions 
reproduce observed data. R2 is widely used in machine learning for 
regression tasks, while NSE is the standard in hydrology. Despite their 
disciplinary preferences, the two formulations are mathematically 
identical. Therefore, this paper uses R2 to refer to the Squared Pearson 
metric, another correlation coefficient representing the proportion of 
variance in observed values explained by the model.

FIGURE 3

IDF curves generated using the statistical method (A) and the SVM machine learning model (B) over the 2, 5, 10, 25, 50, and 100-year return periods.

https://doi.org/10.3389/frwa.2026.1727182
https://www.frontiersin.org/journals/Water
https://www.frontiersin.org


Dargham and Andraos� 10.3389/frwa.2026.1727182

Frontiers in Water 09 frontiersin.org

3.1 Statistical method results

The IDF curves generated from satellite data and the Gumbel 
distribution is found to be a decent fit on the validation set, with the 
results showcasing acceptable performance, exhibiting decent NSE 
and R2 alongside lower RMSE and MAE values, indicating that the 
satellite data-based curves can reliably indicate rainfall in the region. 
Quantified, the IDF curves generated by using satellite data against the 
validation set achieve R2 = 0.623, NSE = 0.596, RMSE = 4.795 mm/h 
and MAE = 3.881 mm/h. Constructing these curves from satellite-
derived data demonstrates their reliability in capturing extreme 
hydrologic patterns across multiple durations, supporting robust flood 
risk assessment and infrastructure planning. This underscores the 
value of high-resolution satellite products for generating reference IDF 
relationships, validating ground observations, and expanding the 
spatial coverage of essential design data in water-scarce regions.

3.2 Machine learning and deep learning 
models results

3.2.1 SVM results
The SVM model captures the essence of IDF curves solidly and 

shows great skill and fitness in its ability to model the variance and 
general IDF patterns, as shown by the high figures in R2 and NSE, yet 
the model is compromised when it comes to pointwise errors. Model 
evaluation metrics reflect this trend, with an R2 = 0.9, NSE = 0.899, 
RMSE = 10.326 mm/h, and MAE = 4.14 mm/h. This shows that SVMs 

struggle in fitting extreme values, despite showing great performance 
in regular and moderate scenarios while taking advantage of the 
kernel trick, a property of SVM kernels that allows data to be implicitly 
projected into higher-dimensional spaces for pattern recognition. The 
performance of the SVM curves is visualized in Figure 5A.

3.2.2 ANN results
The ANN model captures the essence of IDF curves solidly as it 

reliably estimates extreme rainfall intensities across various durations. 
Quantitatively, the ANN curves produce an R2 = 0.929, NSE = 0.927, 
RMSE = 8.745 mm/h and MAE = 4.442 mm/h. With the R2 and NSE 
soaring above the 0.90 mark, the ANN model is better able to capture 
and represent the overall trend. These results show ANNs as decent 
predictor models in fitting both regular and extreme values, due to 
their multi-layered architecture which allows for the flexible mapping 
of nonlinear relationships and robust representation of complex 
rainfall patterns. The overall performance of the ANN constructed 
curves is shown in Figure 5B.

3.2.3 TCN results
The TCN model demonstrates high accuracy in fitting extreme 

rainfall intensities throughout all durations where the generated IDF 
curves from the TCN perform consistently across the validation range 
and accurately capture the trend and variance for the IDF curves to 
represent the dataset. According to the evaluation criteria, the TCN 
achieves an R2 = 0.958, NSE = 0.956, RMSE = 6.870 mm/h and 
MAE = 4.069 mm/h, confirming that temporal convolutional models 
can provide high-resolution and robust IDF predictions, that better 

FIGURE 4

IDF curves generated by the deep learning approaches: ANN (A), TCN (B), and TCAN (C) over the 2, 5, 10, 25, 50, and 100-year return periods. The DL 
models show superior performance compared to the other methods.
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describe the trend in the underlying dataset while maintaining 
computational efficiency (Figure 5C). These findings demonstrate the 
advantages of temporal convolutional architectures in capturing 
sequential rainfall dependencies and producing robust IDF curve 
predictions while preserving computational efficiency.

3.2.4 TCAN results
The TCAN model produces well-constructed IDF curves that 

accurately reflect the expected trends across rainfall durations, 
showing very consistent performance that perfectly captures the trend 

and variance expected for IDF curves, ensuring reliability throughout 
the validation range. Performance metrics demonstrate the model’s 
effectiveness across the board with an R2 = 0.961, NSE = 0.959, 
RMSE = 6.609 mm/h, and MAE = 3.841 mm/h, ranking the TCAN 
just above the TCN in global accuracy (Figure 5D). The integration of 
attention mechanisms enhances the TCAN’s ability to learn complex 
temporal relationships and provides improved interpretability, 
allowing it to better describe the intrinsic data it was trained on. This 
positions the TCAN as a particularly robust and versatile approach for 
future IDF curve construction tasks.

FIGURE 5

The ML and DL models’ predictions compared to the rainfall observations in the hold-out validation set sorted by ascending order of performance: 
SVM (A), ANN (B), TCN (C), and TCAN (D).
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4 Discussion

The statistical method IDF curves display strong fidelity to the 
left-out dataset used for validation. This approach achieves satisfactory 
R2 and NSE scores, indicating a reliable fit to observed data. This 
demonstrates that applying statistical methods to satellite-derived 
datasets for IDF curve generation is a viable approach, especially given 
the failure of measured curves to reflect trends during the study 
period, as shown by their negative NSE. Among tested models, 
temporal convolutional architectures (TCAN and TCN) deliver the 
best performance for IDF curve construction, with TCAN achieving 
the highest R2, NSE, and lowest MAE, confirming its superior ability 
to capture temporal patterns. TCN follows closely, reinforcing the 
advantage of deep learning methods over statistical approaches. ANN 
also provides strong, reliable results, though its practical use may be 
limited by tuning requirements. SVM offers lower accuracy but 
remains useful for baseline comparisons. Overall, these findings 
support the prioritization of TCAN for achieving the highest 
correspondence with left out samples and improved interpretability, 
while TCN remains a strong second alternative. This ordering also 
considers the fact that while the metrics are close, TCANs leverage the 
attention mechanism to converge faster and offer a extended receptive 
field without the need for an architectural depth. Following this, the 
ANN offers robust, efficient modeling in scenarios where rapid 
optimization and ease of deployment are essential, and SVM should 
be retained mainly for preliminary exploration and baseline 
comparisons.

To further validate the results, five historical extreme events are 
analyzed to first measure how much the statistical method improves 
upon measured IDF curves, and then how much ML-based curves 
improve over the statistical method. In each case, at least one ML 
model-based IDF curve set surpasses the curves from the statistical 
method by more than 10%, as shown in Table 3. TCAN IDF curves 
emerge most frequently as one of the top performers with the closest 
predictions, with TCN curves ranking closely behind while less 
frequent often give better predictions. The ANN curves also emerged 
as a contender, notably on the longer durations. Across the specified 
events, ML-based curves improved by 61.24% over the IDF curves 
generated by the statistical method. Furthermore, the curves of the 
statistical method give a better outlook on the historical data than the 

measured IDF curves, yielding an improvement of 84.7%, showcasing 
the reliability of the generated curves as the improvement benchmark 
for this experiment.

An uncertainty analysis was also conducted with results outlined 
in Table 4, revealing that all ML-based models consistently outperform 
the Gumbel distribution in terms of predictive confidence and 
reliability, though with marked differences in degree. The ML-based 
model progression demonstrates a clear architectural advantage 
hierarchy: as models advance from SVM to TCAN, epistemic 
uncertainty systematically decreases, with TCAN reducing model 
knowledge gaps by 81.7% relative to Gumbel, followed by TCN 
(81.1%), ANN (76.0%), and SVM (71.5%). Similarly, total 
uncertainty—combining inherent data noise and model uncertainty—
shows a dramatic monotonic improvement across the spectrum, with 
TCAN achieving 62.2% reduction, TCN 60.8%, ANN 50.3%, and 
SVM 41.0% relative to Gumbel’s baseline, underscoring that deeper 
architectural sophistication translates to greater prediction confidence. 
Prediction interval precision follows a comparable pattern, with 
TCAN and TCN providing the narrowest bounds (25.89 and 26.82 
units respectively), affording engineers tighter design tolerances 
compared to Gumbel’s wider intervals (28.82 units). Crucially, TCAN 
is the only model to achieve calibration excellence, exceeding the 95% 
coverage target at 95.6%, while TCN, ANN, and SVM achieve 93.4% 
improving over Gumbel at 92.3%—a critical distinction for 
trustworthy design applications where under-estimated uncertainty 
poses operational risk. Finally, consistency across different conditions 
is highest for TCAN and TCN (Coefficient of Variation (CV) of 0.259 
and 0.268 respectively), moderate for Gumbel (0.288), and notably 
lower for ANN and SVM (0.340 and 0.404), indicating that temporal 
convolutional architectures maintain stable predictive quality across 
the full IDF curve spectrum, whereas kernel-based and fully 
connected approaches show performance variability.

Collectively, these findings establish that adaptive AI 
architectures—particularly those with temporal convolution and 
attention mechanisms—not only enhance conventional accuracy 
metrics like R2 and NSE, but also systematically reduce model 
knowledge gaps, narrow actionable prediction bounds, ensure well-
calibrated confidence estimates, and maintain robust performance 
across all precipitation intensity-duration-return period combinations, 
validating their use as the preferred approach for generating reliable 

TABLE 3  Extreme events showcasing the performance of ML-based IDF curves compared to statistical methods.

Event Date Duration Observed 
from 

satellite 
(mm/h)

Ground 
measurement 

(mm/h)

Statistical 
pred 

(mm/h)

AI 
models
(Best)

AI Pred 
(mm/h)
(Best)

Improvement 
(min% - max%)

Event 1 2003-01-

27

3 h. 12.99 18.80 15.28 TCAN 12.90 95.8%

Event 2 2003-01-

27

5 min. 114.88 97.73 109.51 TCN, TCAN 114.57, 111.86 43.9–94.3%

Event 3 2013-01-

06

3 h. 22.39 23.76 18.87 TCN, TCAN, 

ANN

22.04, 23.28, 

20.50

46.4–90.1%

Event 4 2021-01-

17

15 min. 64.87 80.47 67.25 TCAN 64.19 71.6%

Event 5 2023-12-

22

24 h. 2.41 2.47 2.29 ANN 2.48 48.5%
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IDF curves and supporting risk-aware infrastructure design. Overall, 
these results highlight the superiority of AI-based IDF modeling for 
hydrological design and risk management. By avoiding rigid 
distributional assumptions, ML models provide more statistically 
robust and climatically responsive design storms. For engineers, this 
translates to infrastructure more closely tailored to local rainfall 
dynamics, with direct benefits in cost efficiency, safety, and resilience 
against rare extremes. Their adaptability across different durations and 
return periods further supports application in diverse hydrological 
settings, from flash-flood-prone catchments to urban pluvial hotspots.

Nevertheless, the complexity of deep learning models introduces 
challenges. Computational requirements, and calibration demands 
may hinder operational uptake (Wang, 2024). Furthermore, despite 
ML-based approaches showing remarkable ability to generalize and 
explain any structured dataset, the use of disaggregated data from 
daily records presents inherent limitations. These disaggregated 
datasets are rough estimates that may still differ from real-world 
observations due to uncertainties in the disaggregation process and 
the resolution of the original data. However, they are employed 
primarily where precipitation datasets may be insufficient or 
unavailable to explore ML models’ ability to construct IDF curves, 
serving as a promising alternative to traditional statistical methods. 
Moreover, this study is limited to Beirut and does not include other 
regions in Lebanon and only uses precipitation reading from on 
GPM-IMERG, making it sensitive to error within the IMERG 
retrievals. Future research should therefore incorporate explainable 
AI techniques to further reveal what inherent properties ML models 
leverage to generate better IDF curves, intelligently sample readings 
from multiple satellite sources to reduce sensitivity, implement more 
advanced and robust preprocessing and disaggregation methods, and 
integrate these models into real-time updating frameworks and 
climate projection ensembles, enabling their use in operational flood 
forecasting and long-term adaptation planning.

5 Conclusion

Hydrological infrastructure planning, urban design and flood risk 
analysis have always relied on IDF curves, commonly supported by 
classical statistical models. However, the several issues stem from the 
structural limitations of traditional IDF curves: their dependence on 
rigid assumptions and parameters not only fails to reflect evolving 
rainfall patterns but also amplifies uncertainty, making these models 
less reliable for predicting present and future extremes. With climate 
variability introducing increased uncertainty and complexity in 
precipitation patterns, the limitations of traditional methods have 

become more apparent. This study addresses these challenges by 
adopting a modern framework that combines high-resolution satellite 
rainfall data from GPM-IMERG with cutting-edge ML and DL 
models to construct IDF curves—including SVM, ANN, and 
especially TCN and TCAN, a novel attention-based variant.

By rigorously processing precipitation data and benchmarking 
performance, the study reveals that DL models, particularly TCN and 
TCAN, significantly outperform traditional methods like the Gumbel 
distribution. TCAN proved especially accurate, achieving an NSE 
score of 0.959, effectively capturing complex rainfall structures and 
extreme events. Historical validation using 28 years of data 
substantiated these findings, with DL models reducing prediction 
errors for extreme events by at least 61.24%, and up to 80.0% as well 
as significantly reducing uncertainty by more than 41.0% and up 
to 62.2%.

These results have profound implications for urban water 
infrastructure and climate resilience. The integration of satellite 
remote sensing with AI empowers more precise and adaptive IDF 
curve development, crucial for optimizing drainage design and 
managing flood risks—especially in data-scarce regions like Lebanon, 
while the use of ML-based methods to directly estimate and construct 
the IDF curves will yield wider knowledge and understanding of the 
variance, narrower prediction bounds and less uncertainty in the 
predictions.
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