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Abstract: Floods result from intense and/or prolonged rainfall that exceeds the soil’s
infiltration capacity, generating surface runoff and increasing river discharge. These events
can cause substantial societal damage and may even lead to fatalities. In this study, we
analyzed flood events in Lençóis Paulista, southeastern Brazil, between 2016 and 2024,
by evaluating estimated precipitation and soil moisture conditions to develop a flood
prediction index for the city. Precipitation estimates were derived from reflectivity data
provided by the Bauru weather radar, while soil moisture estimates were obtained from
the Joint UK Land Environment Simulator (JULES) land surface model, operated at IPMet-
Unesp. Although the index was not developed based on formal hydrological modeling
or physical process simulation, the analysis of these variables within the Lençóis River
sub-basins revealed that elevated soil moisture in the days preceding flood events was
a key contributing factor. This is consistent with the increased susceptibility of wetter
soils to surface runoff generation. Based on the identification of relevant variables, we
developed the Flood Probability Index (FPI) using data from only nine flood events and
applied it to classify the likelihood of flooding in the city. The index produced satisfactory
results, highlighting its potential as a tool for flood prediction and early warning for the
local population.

Keywords: flooding; index; precipitation; weather radar application

1. Introduction
Floods are becoming increasingly common. Although floods are a natural phe-

nomenon, they are intensified by the influence of anthropogenic actions that can alter
the region’s rainfall regime and/or change the surface characteristics [1]. They typically
occur in urban, riverside areas and places with watercourses, being caused by the rise in
water levels due to the rapid increase in river discharge. These events often pose significant
risks and cause substantial damage to the affected community [2], and as they become
more frequent and impactful, economic, material, and even human losses are expected to
increase [3].

Maximum discharges and streamflow levels of river basins provide valuable informa-
tion to understand the dynamics of floods. These variables are not only conditioned by the
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properties of the watershed but are also influenced by regional climate, with precipitation
being the most influential due to its characteristics (duration, intensity, and temporal and
spatial distribution) [4].

Surface runoff occurs when rainfall intensity exceeds the soil’s infiltration capacity
(precipitation excess), either because the soil is saturated or because the amount of water
reaching it in a given time surpasses its infiltration rate (saturation excess). As a result,
part of the water is absorbed by the soil while the remaining water stays on the surface.
If there is any slope, the surface runoff process begins [5]. In this context, precipitation
and antecedent soil moisture are recognized as important variables in the flood generation
process [6,7].

Measuring precipitation is complex due to its significant spatial and temporal vari-
ability [8]. There are relatively few rain gauge networks in Brazil, which are limited to
specific locations due to difficult access and/or high maintenance and monitoring costs.
Although the state of São Paulo has a denser rain gauge network compared to other Brazil-
ian states, some areas remain unmonitored or are covered by outdated and/or inconsistent
measurements. Therefore, caution is required when estimating rainfall volumes in specific
areas using point observations, as this process can lead to substantial errors [9]. Instead
of extrapolating precipitation volumes in the interpolation process, a viable alternative is
using meteorological radar data. Meteorological radars have high spatial resolution and
broad coverage, especially S-band radars, allowing precipitation estimates in regions with
few or no rain gauges. In this context, areas prone to rapid surface runoff can be better
monitored and protected when covered by meteorological radars that enable the quick
detection of precipitation [10].

In general, flood assessment and forecasting studies are developed using a range of
tools, typically including deterministic models and statistical methods. Within the scope of
modeling, urban and rural basins typically present specific challenges and are therefore
addressed differently.

Urban basins tend to exhibit low infiltration, resulting in concentrated and rapid
surface runoff, with response times ranging from minutes to hours. The floods in such
areas are characterized by an overflow of water that exceeds the river’s main channel
capacity and reaches nearby urban areas, often influenced by intense rainfall. These floods
are aggravated by soil impermeabilization, which reduces the soil’s water absorption
capacity, and by changes in rainfall patterns, including alterations in duration, intensity,
and frequency, potentially linked to climate change [11]. A study of the densely urbanized
Aricanduva River basin in São Paulo, Brazil [12], employed the HEC-HMS model, in
conjunction with HEC-RAS, and successfully simulated a flood event that occurred on
16 February 2019.

In predominantly rural basins, on the other hand, infiltration is typically high, with
response times ranging from hours to days. Several studies have been conducted in
predominantly rural basins in the state of São Paulo, focusing on streamflow simulation,
such as those by [13–15].

Although infiltration is generally high in rural basins, they can also generate flooding
events, but such floods are often underreported or poorly studied because they do not
directly affect densely populated regions. The authors of [16] used the HEC-HMS model in
a data-scarce rural basin in North Africa to assess flooding cases. The model employed the
Soil Conservation Service Curve Number (SCS-CN) method to estimate surface runoff and
applied the Clark unit hydrograph method for routing. The SCS-CN method is relatively
simple and depends on accumulated precipitation and a retention parameter, S, which is
associated with the antecedent soil moisture conditions of the study region. The authors
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achieved satisfactory flood simulation results, highlighting the crucial role of antecedent
soil moisture in model performance.

It must be acknowledged, however, that the hydrological modeling process imposes a
series of steps on the user, starting with the configuration of boundary conditions—such as
soil, vegetation, and climate—requiring the definition of specific parameters for each mod-
ule, and extending to calibration and validation procedures, which can be time-consuming
and even unfeasible. In the case of the urban basin studied by [12], for instance, the model
was configured using a 10 cm resolution digital elevation model (DEM), including rainfall
and streamflow measurements with 10 min resolution, and included representations of
urban drainage features such as the retention volume, stage–storage relation, and stage–
discharge relation of the eight detention reservoirs. Therefore, alternative approaches that
yield consistent results through simpler procedures should be valued in flood studies.

In other research fronts, ref. [17] applied the Standardized Precipitation Index (SPI)—a
metric commonly used for drought monitoring—to flood risk assessment. The index was
effective in capturing flood events in Córdoba Province, Argentina, although it requires a
time window of 3 to 24 months for its calculation, which is relatively coarse for monitoring
purposes. Conversely, ref. [18] used indices such as the Flash-Flood Potential Index (FFPI)
and Flood Potential Index (FPI) in a Romanian basin. Despite being an alternative to
modeling, their methodology for deriving the indices needs to integrate 14 conditioning
variables (such as slope, elevation, and saturated hydraulic conductivity, among others)
with artificial intelligence techniques.

The severity of the problems caused by floods is widely recognized, and despite efforts
to mitigate these issues, many governments continue to face difficulties in addressing
these challenges [19,20]. In light of the increasing intensity of flood events, it is essential to
pursue advancements in weather and flood forecasting [21]. The development of real-time
flood forecasting systems is a key strategy for mitigating the risks associated with floods,
providing benefits to both the responsible authorities and the vulnerable population [22].
These forecasting systems, by alerting the population in advance about floods, can facilitate
the adoption of preventive measures, which, in turn, contributes to reducing the damage
caused [23].

The region of Bauru, located in the interior of the state of São Paulo, is served by a
weather radar operated by the Institute of Meteorological Research (IPMet), which plays
a key role in monitoring regional precipitation. In addition, IPMet routinely produces
surface fields through modeling, such as soil moisture estimates, for the entire Brazilian
territory. One of the areas that benefits from the meteorological radar is the Lençóis River
basin, which is characterized by a low density of surface rain gauges. Within this basin,
the municipality of Lençóis Paulista has experienced recurrent flooding over the years.
Although flood events are typically reported in urban areas, they occur in regions adjacent
to the Lençóis River, whose upstream contributions are predominantly rural.

Given this context, the municipality of Lençóis Paulista could greatly benefit from
the implementation of a flood index that integrates operational products and simulations
generated by IPMet. Such an index could provide continuous forecast information over
time and assist decision-makers and Civil Defense authorities in mitigating flood-related
damages. Therefore, the aim of this study is to investigate the reported flood events
in Lençóis Paulista and to propose a simple statistical index that incorporates physical
consistency, radar-based precipitation estimates, and antecedent soil moisture conditions.
With our findings, we aim to establish an operational framework for flood forecasting in
Lençóis Paulista.
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2. Material and Methods
2.1. Study Area

The Lençóis River basin covers an area of 94,855.34 ha and is located in the central
region of the state of São Paulo, southeastern Brazil (Figure 1). The river originates in the
rural area of Agudos municipality and flows into the Tietê River in the municipality of
Igaraçu do Tietê, also extending through the municipalities of Borebi, Lençóis Paulista,
the district of Alfredo Guedes, Areiópolis, Macatuba, and São Manuel. Lençóis Paulista
is directly influenced by the upstream drainage area of the basin, represented by the
sub-basins marked in red in Figure 1.

 

Figure 1. Study area. Left: Map of South American continent and location of the Lençóis River
basin in relation to Brazil and the state of São Paulo. Right: Lençóis River basin (area outlined in
black), highlighting the upstream sub-basins of the city of Lençóis Paulista (outlined in red). The
color scale represents the altitude within the basin in meters, while the external area is depicted with
satellite imagery. The IPMet radar (red dot) is located in the NW part of the domain, with the 45 km
radar radius shown by the dashed line. DAEE 5D-013 streamflow/level gauge is represented by the
black square.

To assess recent land use cover and its transitions over time, we used Collection 9 of
the MapBiomas Project [24], with a 30 m spatial resolution in raster format. For land cover
transitions, we analyzed changes from 2016 to 2023, initially identifying 96 transition classes.
To improve visualization, we excluded classes with fewer than 100 pixels (30 m × 30 m),
representing only 0.4% of the total area, reducing the number of classes to 47. Transitions
were then grouped based on major MapBiomas classes: forest, herbaceous and shrubby
vegetation, farming, non-vegetated areas, and water. Within each major class (e.g., farming),
transitions between subclasses (e.g., coffee to sugarcane) were categorized as “changes
in pasture/agriculture classes”, with analogous naming for forests. Transitions across
major classes were labeled based on direction, such as “forest to shrubby vegetation”. This
classification scheme allowed for representation of transitions in 10 categories shown in
Figure 2b.
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Figure 2. Land use map of the upstream sub-basins of the urban area of Lençóis Paulista for the year
2023 (a), land cover transitions from 2016 to 2023 (b), and a zoomed-in view of the region outlining
the sub-basins and the beginning of the urban area (c). The red points in (c) indicate the locations of
the events described in Table 1. The dashed line represents the area in (a) shown in (c).

Table 1. Description of flood events in Lençóis Paulista, SP, according to the Integrated Civil Defense
System (SIDEC) or the IPMet Natural Disaster Database (IPMet).

Date Local Time Event Description

12 January 2016 22:00

The worst flood of the Lençóis River on record, resulting from an extreme
rainfall event of 213 mm in a few hours. More than 1342 people were affected,
with 997 left homeless and approximately USD 17 million in losses. Besides the
rain, the main causes of the flooding were soil saturation, rupture of dams and
reservoirs, and water coming from contour lines (SIDEC).

5 February 2017 19:00
Although it did not rain in the urban area on that day, there was a low-amplitude
flood in isolated points of the Lençóis River due to the accumulated precipitation
of 197 mm in the 24 h preceding the event (SIDEC).

11 January 2018 14:00

Tree falls, gradual flooding, waterlogging, vehicle damage, and disruptions in
electricity and water supply were reported (IPMet).
https://sampi.net.br/bauru/noticias/2201287/regional/2018/01/temporal-
de-grande-intensidade--testa--o-sistema-antienchentes-em-lencois-paulista
(accessed on 19 May 2025).

20 February 2019 14:00

Overflow of rivers and streams, gradual flooding, floods, waterlogging,
landslides/cracks/damage to properties, traffic congestion/public road
blockage, vehicle damage, flash floods and sudden inundations (IPMET).
https://g1.globo.com/sp/bauru-marilia/noticia/2019/02/20/chuva-deixa-
ruas-alagadas-em-lencois-paulista.ghtml (accessed on 19 May 2025).

10 February 2020 11:00

Overflowing of rivers and streams, gradual flooding, flash floods, waterlogging,
landslides/cracks/damage to properties, traffic congestion/road closures,
disruptions in electricity and water supply, erosion/sinkholes, pavement
damage, runoff, and sudden flooding were recorded (IPMet).
https://jornaloeco.com.br/cotidiano/corrego-corvo-branco-tem-principio-de-
alagamento/#google_vignette (accessed on 19 May 2025).

https://sampi.net.br/bauru/noticias/2201287/regional/2018/01/temporal-de-grande-intensidade--testa--o-sistema-antienchentes-em-lencois-paulista
https://sampi.net.br/bauru/noticias/2201287/regional/2018/01/temporal-de-grande-intensidade--testa--o-sistema-antienchentes-em-lencois-paulista
https://g1.globo.com/sp/bauru-marilia/noticia/2019/02/20/chuva-deixa-ruas-alagadas-em-lencois-paulista.ghtml
https://g1.globo.com/sp/bauru-marilia/noticia/2019/02/20/chuva-deixa-ruas-alagadas-em-lencois-paulista.ghtml
https://jornaloeco.com.br/cotidiano/corrego-corvo-branco-tem-principio-de-alagamento/#google_vignette
https://jornaloeco.com.br/cotidiano/corrego-corvo-branco-tem-principio-de-alagamento/#google_vignette
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Table 1. Cont.

Date Local Time Event Description

30 December 2021 15:30

Heavy rainfall caused flooding in Vila Contente, Av. Vinte e Cinco de Janeiro, in
the city center, and overflowed the Lençóis River at the Service for Water and
Sewage (SAAE) yard, on Atílio Frezarin Street in Vila Morumbi, Inácio Anselmo
Street, and São Paulo Street in Mamedina (SIDEC).

31 January 2022 02:00

High rainfall observed in Lençóis Paulista and the surroundings, with notable
values in Agudos, Borebi, and Lençóis Paulista. Lençóis River level rose slowly
throughout the night.
At 4:30 AM on 31 January 2022, the Contingency Plan for Floods and
Inundations was activated, and the evacuation of properties near the river was
carried out (SIDEC).

3 February 2023 22:22

According to the monitoring system, over 70 mm fell in the last few hours,
causing runoff, flooding, and water accumulation in various areas. The Civil
Defense authorities reported that the Lençóis River remained within its channel,
except at more sensitive points. Source: https://jornaloeco.com.br/cidade/
chuva-causa-alagamentos-em-regioes-de-lencois-paulista/ (accessed on
19 May 2025).

18 February 2023 18:00

Intense short-duration rainfall (85 mm between 6 PM and 7 PM, with a daily
total of 120.6 mm), deficiency in the micro-drainage of stormwater, and overflow
of the Corvo Branco stream channel in Vila Contente, as well as the overflow of
the Rio Lençóis channel in Jardim Morumbi, Centro, Vila Mamedina, and Vila
Repke (SIDEC).

The upstream sub-watersheds are predominantly rural, with land use primarily for
sugarcane cultivation (40%) and forestry (18%) (Figure 2a). Urban areas account for only
0.7% of the total area. From 2016 to 2023 (Figure 2b), 86.5% of the area remained unchanged.
The main changes occurred in agricultural areas, involving crop type transitions, accounting
for 11% of the total. Other transitions, such as reforestation or deforestation, were marginal,
totaling approximately 3%.

Although flood events are reported exclusively in the urban areas of Lençóis Paulista,
they tend to occur near the slopes along the Lençóis River, which crosses the city (Figure 2c).
In this study, we attribute the river level rise associated with flooding primarily to runoff
generated in the upstream watershed. Consequently, surface runoff from the urban
drainage network or intense local convective rainfall was not included in the analysis.

2.2. Radar-Based Estimation of Precipitation

The average precipitation volume in the area of interest is obtained from reflectiv-
ities measured by the Bauru weather radar, operated by the Institute of Meteorological
Research (IPMet). To estimate precipitation, the reflectivities (in dBZ) are initially converted
to mm6 m−3 (Equation (1)). Emídio and Landim [25,26] conducted tests with the Z-R
relationships of ref. [27], ref. [28] and Calheiros (personal communication, Equation (2))
to quantify the average rainfall using the Bauru weather radar. Each relationship was
compared to a reference of rain gauges interpolated using the Thiessen method. The results
indicated that the Calheiros relationship provided the closest estimates to the Thiessen
method. The Calheiros relationship (Equation (2)) is a traditional power-law equation of
the form Z = aRb, with coefficients a = 32 and b = 1.65:

z = 10Z/10 (1)

R =
( z

32

) 1
1.65 (2)

https://jornaloeco.com.br/cidade/chuva-causa-alagamentos-em-regioes-de-lencois-paulista/
https://jornaloeco.com.br/cidade/chuva-causa-alagamentos-em-regioes-de-lencois-paulista/
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where Z is the radar reflectivity factor in dBZ, z is the radar reflectivity factor in mm6 m−3,
and R is the precipitation rate in mm h−1.

The IPMet radars perform atmospheric scans every seven and a half minutes when-
ever there is rainfall within their coverage area. We analyzed the precipitation estimates
conducted between 2016 and 2024, totaling 332,846 scans. For each scan, five precipitation-
related values were extracted: the estimated instantaneous precipitation at the date/time of
the scan (ac00h) and the accumulated precipitation over the preceding 12 (ac12h), 24 (ac24h),
36 (ac36h), and 48 (ac48h) hours before the radar scan. To estimate the time series of the
average precipitation in the region of interest, we created a mask to represent the area of
the two sub-basins of the Lençóis River, which influence flood occurrences in the urban
center of Lençóis Paulista (outlined in red in Figure 1).

Due to the Earth’s curvature, S-band weather radars can estimate precipitation volume
within a range of up to 240 km. However, because of the angular beamwidth of the
electromagnetic signal emitted by the antenna—approximately 2◦ for the IPMet radar that
provided the data used in this study—the spatial resolution degrades significantly with
distance. As shown in Figure 1, the studied watershed lies within a 45 km radius of the
radar, which is considered an optimal range for S-band weather radars, resulting in a
spatial resolution of approximately 1 km at this distance. It is also noteworthy that the
watershed is located outside the radar’s blind cone (the region within 5 km of the radar),
where precipitation detection is limited due to the elevation angle constraint of the antenna,
which, for IPMet radars, reaches a maximum of 45◦ above the horizon.

2.3. Soil Moisture Simulation with JULES Model

The soil moisture data are estimated by the surface model JULES (Joint UK Land
Environment Simulator [29,30]), which is operationally run at IPMet/Unesp. JULES is
driven with incoming solar and longwave radiation, air temperature and specific humidity
at 2 m, wind speed at 10 m, and surface atmospheric pressure, all obtained from the
Global Forecast System (GFS) atmospheric model. The GFS is a weather forecasting model
developed by the National Center for Environmental Prediction (NCEP), affiliated with
the National Oceanic and Atmospheric Administration (NOAA), with a spatial resolution
of 0.25◦. Regarding precipitation, JULES assimilates a field composed of rain gauge data,
radar estimates, and satellite estimates [31]. The simulation with the JULES model began
in 2015 and has been running daily in a cyclical manner (each model run is initialized with
fields simulated on the previous day). The simulated area covers South America almost
entirely. The soil moisture estimation field is recorded every 6 h and is publicly available
on the IPMet website (https://www.ipmetradar.com.br/%20%E2%86%92%20products%20
%E2%86%92%20Soil%20Moisture—accessed on 19 May 2025). As the JULES surface model
simulations began in 2015, and as approximately one year of simulation is required for the
surface model to warm up, we selected only events/cases that occurred from 2016 onward.

The model simulates soil moisture in three layers: the topmost layer, ranging from 0
to 10 cm in depth (z1), followed by a second layer extending from 10 to 40 cm (z2), and a
third layer between 40 and 100 cm (z3).

The spatial resolution of the JULES model (10 km × 10 km) may be too coarse to
adequately represent the upstream sub-basins, which cover an area of approximately
300 km2 and are therefore represented by only three grid points. Ideally, the model would
be forced with higher-resolution analyses than those provided by GFS, in order to obtain
more refined soil moisture estimates—although such datasets are not yet readily available
for Brazil. However, as noted in Section 2.1, the study area is predominantly agricultural,
and thus spatial heterogeneity is not expected to play a critical role in this context.

https://www.ipmetradar.com.br/%20%E2%86%92%20products%20%E2%86%92%20Soil%20Moisture
https://www.ipmetradar.com.br/%20%E2%86%92%20products%20%E2%86%92%20Soil%20Moisture
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2.4. Selection of Parameters Used in FPI Calculation

To determine the most suitable parameters for calculating the FPI, analyses of pre-
cipitation and estimated soil moisture were conducted for four flood events (Figure 3),
including the day of occurrence and the preceding days of each event.

   

   

 

Figure 3. Time series of average soil moisture (lines, in m3 m−3) and precipitation estimates from
the Bauru radar (blue bars, in mm h−1) for the studied basin, corresponding to the flood events
on (a) 10 February 2020, (b) 30 December 2021, (c) 31 January 2022, and (d) 3 February 2023. Soil
moisture is presented at three depth levels: z1, from 0 to 0.1 m (red curve); z2, from 0.1 to 0.4 m (green
curve); and z3, from 0.4 to 1.0 m (blue curve).

In two of the selected events, soil moisture (SM) conditions were very similar
(Figure 3a,d). The soil remained wet in the days leading up to and on the day of the
flood, with layer z2 retaining more water than z1 throughout most of the period. This was
likely due to previous rainfall that moistened the top two soil layers. The lower SM in z1
compared to z2 can be explained by the evaporation simulated by the model in this layer,
which responds more quickly to surface conditions due to its shallow depth. Regarding
precipitation, both events showed similar rainfall patterns, although precipitation was less
continuous near the event in Figure 3d.

In the event shown in Figure 3b, there was no precipitation in the first two days,
keeping soil moisture low. Starting on the 28th, periods of high rainfall occurred throughout
the day, with a peak in precipitation at the end of the day. However, this rainfall only
moistened the topsoil layer. When precipitation resumed between the 29th and 30th, it
continued to wet the surface layer and, to a lesser extent, infiltrate into the second soil layer.
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The intense rainfall exceeded the soil’s infiltration capacity, leading to high surface runoff
in the basin, which ultimately caused the river to overflow.

In Figure 3c, a continuous precipitation pattern can be observed, leading to soil
saturation in layers z1 and z2 on the 29th. These layers remained wet in the following days
until the flood event, when moisture levels also began to increase in the deeper layer (z3).
The saturated soil, combined with well-distributed and continuous precipitation over time,
favored surface runoff and, consequently, flooding.

In all flood cases, the days preceding the events were characterized by high soil
moisture levels, so that on the days of the floods, soil moisture in layers z1 and z2 was
similar, regardless of precipitation intensity.

For future operationalization of this index, we considered the limitation that available
soil moisture data are always delayed by one day. For this reason, the FPI uses soil moisture
estimates from the 24 h preceding its application.

Based on the presented analyses, precipitation and soil moisture were key variables
contributing to the occurrence of floods. By examining Figure 3, it was possible to identify
the specific periods that were most relevant to flood events. Consequently, the FPI was
calculated considering soil moisture in the first three layers simulated by the JULES model,
with the soil moisture at the second level being the estimate from 96 h before the event, in
addition to accumulated precipitation over the preceding days.

2.5. Selection of Cases with Flooding

The flood events used in our study were selected based on documentation from
the Civil Defense of Lençóis Paulista and the Natural Disaster Database of IPMet (https:
//www.ipmetradar.com.br/2desastres.php, accessed on 19 May 2025), as well as news
reports from media outlets containing photographic records or testimonies confirming the
occurrence of flooding. In total, we selected nine cases, which are described in Table 1.

2.6. Selection of Cases Without Flooding

In addition to the selected flood events, we developed an objective criterion to identify
cases in which the variables of interest (precipitation and soil moisture) were elevated but
did not lead to flooding. This procedure is essential for training the index, as such cases
could represent false-alarm situations.

Using time series of accumulated precipitation over 48 h, 36 h, 24 h, 12 h, and 0 h (see
Section 2.2 for further details), we selected the three highest values for each accumulation
period, identifying a total of 15 events of non-flooding. A previous step consists of removing
the nine selected flood cases, as well as the five days preceding and following each flood
event in the original time series. Then, sequentially, we select a non-flood case, and also
remove the five days preceding and following this case, before going to the next non-flood
case. This procedure ensures that the tracked non-flood cases were not influenced, even
remotely, by flooding events, and that non-flood events are sufficiently far from each other.

Differently from precipitation, there is a maximum value expected for the soil moisture,
which is the average porosity in the sub basins. For this reason, we randomly selected three
values among the highest ones of metrics 24hz1, 96hz2, 24hz2 and 24hz3, totaling 12 events.
The nomenclatures “96 h” and “24 h” refer to the soil moisture 96 and 24 h before a given
reference time, and z1, z2 and z3 are the soil layers (see Section 2.3). The procedure of
removing the window of five days before and after the flood and non-flood events was also
applied to these parameters.

https://www.ipmetradar.com.br/2desastres.php
https://www.ipmetradar.com.br/2desastres.php


Atmosphere 2025, 16, 633 10 of 17

2.7. Flood Probability Index Calculation

With the selected parameters, Equation (3) was proposed for calculating the FPI
precursor, which corresponds to the non-normalized index value:

xi = a 96hz2i
96hz2

+ b 24hz1i
24hz1

+ c 24hz2i
24hz2

+ d 24hz3i
24hz3

+e ac00hi
ac00h

+ f ac12hi
ac12h

+ g ac24hi
ac24h

+ h ac36hi
ac36h

+ o ac48hi
ac48h

(3)

where xi is the non-normalized FPI; a, b, c, d, e, f, g, h and o are the coefficients that define
the weights for each variable; index i represents each event, with 9 flood events and
27 non-flood cases; z1, z2 and z3 correspond to instantaneous soil moisture at depths of
0–0.1 m, 0.1–0.4 m, and 0.4–0.6 m, respectively, and 24 h and 96 h indicate the antecedence
in hours to the time that the index is being computed; ac12, ac24, ac36 and ac48 represent
the accumulated precipitation over the last 12, 24, 36, and 48 h, respectively, while ac00
corresponds to the instantaneous precipitation; 96hz2, 24hz1, 24hz2, 24hz3, ac00h, ac12h,
ac24h, ac36h and ac48h are the mean values considering the nine flood events described in
Table 1.

The multiplicative coefficients in Equation (3) represent the weights assigned to each
term. These coefficients were obtained using a custom numerical method based on a
cascading loop structure, in which the coefficients varied incrementally by 0.01, ensuring
that their sum always equals 1. This process has a high computational cost, as it requires
executing 1019 iterations (9 coefficients, each varying from 0 to 1 in increments of 0.01). A
machine with an Intel XEON 2.4 GHz processor required 155 h of processing to determine
the optimal coefficients for Equation (3) that best represent the FPI.

For each set of coefficients, the algorithm computed the non-normalized FPI value (xi)
for the 9 flood events (Table 1) and for the 27 non-flood cases. Equation (3) shows that the
higher the xi value, the greater the probability of a flood event.

To better represent the Flood Potential Index, we used the normalized FPI (Equation (4)),
with values of 0 and 1 corresponding to the minimum (xmin) and maximum (xmax) values
of xi among the 36 analyzed events/cases, respectively:

FPIi =
xi − xmin

xmax − xmin
(4)

Subsequently, the FPI values are divided into two sets: one for events that resulted
in flooding (FPIsC) and another for those that did not (FPIsS). The values of FPIsC are
iteratively compared with those of FPIsS, selecting the coefficients that maximize the
difference between these two groups. Specifically, the goal is to maximize the number of
cases where FPIsC > FPIsS. If multiple coefficient sets yield the same number of correctly
classified events, the one that maximizes the difference between the mean values of FPIsC
and FPIsS is selected.

3. Results
Table 2 presents the average parameters of Equation (3) used, considering the mean of

the 9 flood events and the 27 selected non-flood cases. It was observed that soil moisture in
the second layer remained persistently high in the evaluated cases, with nearly identical
values of 0.39 m3m−3 at 96 and 24 h before the events/cases, which represents a saturation
level of around 85% for these layers. Soil moisture values are higher near the surface and
decrease with depth, as typically observed in the infiltration process.
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Table 2. Mean parameters of the non-normalized index (see Section 2.7 for details). Soil moisture-
related parameters are in m3m−3, and precipitation-related parameters are in mm h−1.

96hz2 24hz1 24hz2 24hz3 ac00h ac12h ac24h ac36h ac48h

0.390 0.405 0.392 0.333 6.112 1.361 1.049 1.049 0.755

Based on these average parameters, it was possible to calculate the adjusted coefficients
of the FPI, as presented in Table 3. We observed that the parameters related to soil moisture
contributed with higher weights in the index than those related to precipitation, especially
the moisture in the second layer (z2, c = 0.53), followed by the first layer (z1, b = 0.36), both
at 24 h in advance.

Table 3. Adjusted FPI coefficients found during the iteration process.

a b c d e f g h o

0.05 0.36 0.53 0.01 0.01 0.02 0.00 0.01 0.01

The unnormalized FPI had a minimum value of 0.668 and a maximum of 1.183 among
our sample of cases. After applying the normalization (Equation (4)), the FPI for the flood
cases is presented in Table 4.

Table 4. FPI calculated for cases with flood.

Date FPI

12 January 2016 1.000
5 February 2017 0.818
11 January 2018 0.771

20 February 2019 0.662
10 February 2020 0.824
30 December 2021 0.567

31 January 2022 0.902
3 February 2023 0.961

18 February 2023 0.833

Notably, the flood event with the highest FPI occurred on 12 January 2016, with FPI = 1,
while the lowest occurred on 30 December 2021, with FPI = 0.567. In particular, the 2016
flood was the worst ever recorded, and the maximum index assigned to this event suggests
that FPI magnitude can be used as a measure of flood severity, as we will discuss later. It is
also worthy to note that all flood cases were in the austral summer.

Using the coefficients obtained from both flood and non-flood cases, we extrapo-
lated the index to the entire available time series, covering the period from 2016 to 2024
(Figure 4). We observed that the FPI (Figure 4c) exhibits a consistent seasonal variation,
with higher values during the rainy season (Figure 4a), generally exceeding 0.7, except in
2024. Alternatively, lower values of the index, typically below 0.2, are observed during the
dry season.

Additionally, we noted that, in general, the index responds to rainfall events through-
out the year, not only during the rainy season. However, in some cases, the FPI remains at
zero. In these instances, despite the occurrence of rainfall, soil moisture was sufficiently
low that the entire precipitation amount was absorbed through infiltration.

Furthermore, the water level of the Lençóis River, measured upstream of the city of
Lençóis Paulista (Figure 4b), is correlated with the FPI (r = 0.52, p < 2.2 × 10−16). In the
most severe case, in 2016, the river level exceeded 5 m, leading to the overflow of the main
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channel. In addition to this event, the flood cases of 2020, 2022, and 18 February 2023 were
also captured as local maxima in the river level time series. However, as shown in Figure 1,
this gauge only covers the drainage area of the sub-basin nearest to the headwaters, thus
not accounting for the contribution of the second sub-basin.

 

Figure 4. Time series of (a) average precipitation (mm d−1) in the sub-basins of the Lençóis River
upstream of the city of Lençóis Paulista; (b) Lençóis River water level at station 5D-013 (see Figure 1),
in meters; and (c) the calculated FPI. The red and gray dotted lines represent the dates of flood and
non-flood events, respectively, used to estimate the FPI parameters.

Using the entire time series of FPI values as a reference—including those in Table 4
but excluding the 5-day periods before and after the nine flood cases—it was possible to
classify the probability indices according to the likelihood of flood occurrence for the city
of Lençóis Paulista (Table 5). This approach allowed us to assign a qualitative dimension to
flood risk.

Table 5. Chance of flooding according to the Flood Probability Index (FPI) applied to Lençóis Paulista.

Threshold
Chance of
Flooding

Occurrence of Events/Cases

Events of Flooding All Cases Outside
Flood Periods

FPI < 0.563 Low 0% (0 events) 70% (219,369 cases)
0.563 ≤ FPI < 0.783 Moderate 33% (3 events) 25% (78,517 cases)
0.783 ≤ FPI < 0.905 High 44% (4 events) 5% (15,784 cases)

FPI ≥ 0.905 Very high 22% (2 events) 0.0% (0 cases)

We determined the threshold for the “very high” category based on the FPI value
above which no non-flood cases occurred. For the other classification ranges, we defined
the “high”, “moderate”, and “low” categories as those containing 5%, 25%, and 70% of all
cases outside flood periods, respectively.

Based on this classification, the events on 11 January 2018, 20 February 2019, and
30 December 2021 were categorized as moderate probability, while those on 5 February 2017,
10 February 2020, 31 January 2022, and 18 February 2023 were classified as high probability.
The events on 12 January 2016 and 3 February 2023 were classified as very high probability.

To better understand how the classification in Table 5 and the FPI respond to variations
in soil moisture across different layers, we present a scatter plot of FPI against the respective
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soil moisture parameters (Figure 5). Beginning with the uppermost layer (US24_z1), we
observed a positive relationship in which FPI increases with rising soil moisture, suggesting
the presence of a minimum threshold of approximately 0.22 m3/m3 for FPI values to exceed
zero. It is also noteworthy that the data exhibit considerable dispersion, indicating that even
relatively high soil moisture levels may result in zero FPI values when not accompanied by
a specific combination of other influencing parameters.

Figure 5. Scatterplot of FPI (y-axis) versus the soil moisture parameters US96h_z2, US24h_z1,
US24h_z2 and US24h_z3 (x-axis), in m3m−3. Red dashed lines represent the thresholds described in
Table 5 for chance of flooding. Coefficient of determination considering a linear fit between FPI and
parameters are US96h_z2 (R2: 0.84, p < 2.2 × 10−16), US24h_z1 (R2: 0.77, p < 2.2 × 10−16), US24h_z2
(R2: 0.92, p < 2.2 × 10−16), and US24h_z3 (R2: 0.36, p < 2.2 × 10−16).

For the intermediate layer, represented by the 24 h average (US24h_z2), the dispersion
is the lowest among all soil moisture parameters in relation to FPI. This finding is consistent
with the highest coefficient observed in Table 3. An interesting feature in this layer is the
presence of vertically aligned data points near the porosity value, also visible in the z1 layer,
likely reflecting the effect of accumulated precipitation. In this region, the horizontal dashed
line delineates FPI values associated with high to very high flood risk. This highlights that
while soil moisture appears to be the primary driver of FPI—particularly at higher, more
sensitive thresholds—accumulated precipitation also plays a crucial role.

In contrast, for the deepest layer (US24h_z3), the data show the highest dispersion,
and the relationship between soil moisture and FPI is less apparent. This observation is
again consistent with the near-zero coefficient associated with this parameter in Table 3.
Finally, regarding the 96 h average moisture in layer z2 (US96h_z2), the pattern is similar to
that observed for US24h_z2, though with a different contribution that reflects the broader
soil moisture profile. Although US24h_z2 emerges as the dominant factor influencing FPI,
moisture redistribution following water infiltration into the soil can occur gradually and
may thus be more effectively captured by the US96h_z2 parameter.

4. Discussion
The relatively low weights for the parameters related to accumulated precipitation are

likely due to two reasons: (i) soil near saturation contributed more significantly to flood
events than precipitation magnitude, and (ii) accumulated precipitation over the analyzed
time intervals is covariant with soil moisture, explaining similar variances.

An immediate consequence for the selected cases would be to simplify the index using
only the first three terms of Equation (3) without significant performance loss. However, the
accumulated precipitation seems to have contributed especially to the higher values of FPI,
where the transition of classes of flooding is thinner. Caution is also needed when proposing
this simplification globally, as the number of flood events analyzed was relatively small
and was primarily influenced by the good performance of the JULES model in simulating
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soil moisture conditions. In cases where the land surface model has questionable skill,
using accumulated precipitation as a proxy for soil moisture is a viable alternative.

Moreover, in other catchments with lower infiltration capacity, runoff generation due
to precipitation excess is likely a relevant process, meaning that parameters e, f, g, h, and o
should assume higher weights.

Despite the simplicity of the methodology and the consistent results presented, we
acknowledge that our approach has some limitations.

The radar itself introduces a source of uncertainty as it often underestimates the precip-
itation measured in rain gauges [32], due to its limitations in capturing convective systems
that produce short but intense rainfall events between scans. Extremely localized rainfall
events may not be effectively captured by the FPI, as the index relies on spatial averages
that smooth out precipitation patterns. However, we believe that our methodology benefits
from the fact that weather radars accurately capture the occurrence and spatial distribu-
tion of rainfall. In hydrological modeling, for example, underestimation of precipitation
can more critically affect the simulation of physical processes, potentially leading to an
implausible set of model parameters.

Moreover, as expected in parsimonious approaches such as the one adopted in this
study, the simplicity of the selected parameters does not allow for a spatial characterization
of the basin. This limits both the comparison with neighboring basins with different charac-
teristics and the ability to simulate the underlying physical processes. For example, a study
conducted in Sweden [33] concluded that among various watershed descriptors, steeper
slopes and higher drainage density are generally the most influential factors controlling
flood risk. Although the use of spatial averages of rainfall and soil moisture does not
allow for the identification of specific areas within the basin that generate higher surface
runoff, as is possible with lumped hydrological models, we believe that the relatively small
proportion of forested areas compared to those used for agriculture and livestock does not
impose a markedly heterogeneous pattern on the basin.

Finally, we assumed that land use changes based on Figure 2b were minimal and that
FPI variability was driven solely by climate variations. However, in 2020, flood mitigation
measures were implemented in the city, including the lowering of 14 reservoirs, increasing
flood detention capacity from 1.1 million to 1.3 million m3, and enhancing the Lençóis
River’s diversion capacity from 245,000 to 350,000 m3 h−1 (https://jornaloeco.com.br/
cidade/apos-cinco-anos-de-enchente-historica-prevencao-e-palavra-de-ordem-em-lencois/,
accessed on 19 May 2025). As a result, since 2021, floods have been expected to occur only
at higher FPI values, which may explain the absence of flooding in early 2021 and late 2024,
despite FPI values exceeding 0.85 (Figure 4).

Lastly, the relatively short analysis period allowed us to use only nine flood events. To
strengthen our analysis with a larger sample, we extrapolated the FPI to the entire study
period, which ultimately led to the development of the classification in Table 5.

Given these findings and the importance of anticipating flood events, we intend to
implement an operational system for real-time FPI determination, allowing the index to
be calculated as soon as the radar completes its volumetric scan. Once fully operational
and publicly available, the FPI will serve as a valuable tool for forecasting and informing
the population about potential floods, enabling proactive measures to minimize damage
and save lives. In the context of climate change, the index could also be computed under
projected rainfall scenarios for the coming decades as an impact assessment tool, supporting
the development of adaptation strategies.

Evidently, other alternatives based on nature-based solutions are important tools in
the context of flooding adaptation. For example, pasture restoration practices—such as
plowing, reseeding, and drainage—reduce the natural variability of moisture patterns in

https://jornaloeco.com.br/cidade/apos-cinco-anos-de-enchente-historica-prevencao-e-palavra-de-ordem-em-lencois/
https://jornaloeco.com.br/cidade/apos-cinco-anos-de-enchente-historica-prevencao-e-palavra-de-ordem-em-lencois/
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the surface soil layer when compared to adjacent undisturbed areas, thereby contributing
to flood risk reduction [34].

5. Conclusions
By evaluating several cases of flood occurrence and non-occurrence, we identified

the hydrometeorological variables that effectively influenced flooding events in Lençóis
Paulista, São Paulo, Brazil, enabling the proposal of a novel index, the FPI.

Soil moisture conditions in different layers prior to each event stood out over accu-
mulated precipitation variables in the index calculation for the selected events. This result
suggests that excess saturation, rather than precipitation intensity, was the primary runoff-
generating mechanism leading to the observed floods. The relatively low contribution of
rainfall can be attributed to either a basin with high infiltration capacity or underestimation
of rainfall volumes by the radar. However, in the upper distribution of FPI, the rainfall
played an important role in dividing cases of high and very high chance of flooding.

Of the flood events, 33% (three cases in nine cases) were classified as moderate-risk,
meaning they had a relatively low FPI, ranging between 0.563 and 0.783. In 25% of the non-
flood cases (78,517), the classifications indicated moderate flood risk. This can be explained
by inaccuracies in precipitation and soil moisture estimates. Therefore, more precise FPIs
could be obtained if real-time rainfall and soil moisture measurements were available at
certain points in the basin and were operationally incorporated into the index calculation.

It is important to emphasize that the FPI is not based on strict physical processes of
water transport in the soil, as is the case with hydrological models. This means that for
different regions—with varying slopes and drainage networks—the coefficients used in
the FPI must be recalibrated based on past flood events in each specific location. This
is because the rainfall patterns and precipitation accumulations that triggered floods in
Lençóis Paulista are unlikely to be the same as those responsible for flooding in other areas.
In this sense, the FPI is determined through qualitative rather than absolute (calibrated)
effects of soil moisture.

Despite its simplicity, the system used in this study has the potential to be operational-
ized for real-time flood risk forecasting based on established thresholds and could be used
by agencies such as Civil Defense for strategic planning in areas with characteristics similar
to those of the studied area. Furthermore, FPI magnitude can be used as a measure of flood
severity as well.

For future research, we recommend applying this methodology to different hydro-
graphic regions, preferably in areas with a denser rain gauge network and soil moisture
to reduce uncertainties associated with radar-based precipitation and model estimates.
Furthermore, these measurements must be incorporated into the FPI calculation in real time.
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