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Abstract

Climate change has intensified the variability and frequency of extreme events, particularly affecting vulnerable coastal urban
areas. In Caraguatatuba, located on the north coast of São Paulo, the impacts are exacerbated by social inequalities and inadequate
infrastructure. However, detailed analyses of climate indices in the region are still scarce. This study analyzes precipitation patterns
in Caraguatatuba, calculating climate indices to identify trends and support risk mitigation. CHIRPS daily precipitation data at
0.05° spatial resolution were processed using Google Earth Engine and R to compute the ETCCDI indices PRCPTOT, CDD, CWD,
R95p, R99p, Rx1day, and Rx5day. Statistical tests were applied to detect significant trends. The results indicate an increase in
consecutive dry periods (CDD, p=0.0065) and at the intensity of daily extreme rainfall (Rx1day, p=0.0044) in the southwestern
area, while other indices did not show significant trends. These findings highlight the city’s increasing climate vulnerability and the
urgent need for adaptation strategies. By offering a replicable framework based on open-access remote sensing and cloud platforms,
this study supports policy development to enhance urban resilience and monitoring climate-related disasters in coastal cities.

1. introduction

Global climate patterns are undergoing significant and ongoing
changes, resulting increased climate variability and more fre-
quent extreme events, such as floods and droughts (IPCC, 2023,
Visconti and Young, 2024). These phenomena pose significant
global challenges, significantly affecting human health, gen-
erating socioeconomic repercussions and environmental dam-
age (WHO, 2021, Bell et al., 2018). The risks are intensi-
fied in urban areas due to vulnerabilities and compounded by
local factors, such as geomorphological features and climate
patterns (Birkmann et al., 2016, Wannewitz et al., 2024). In this
context, the study of climate indices provides insights into local
conditions, offering essential information for analyzing risks re-
lated to extreme events, as seen in seasonal studies and the tend-
ency toward wetter conditions (Zhang et al., 2011, Alexander et
al., 2006).

Research has demonstrated the potential of these indices to re-
veal meaningful patterns in climate. In China, for example, re-
search on precipitation trends revealed increases in total rain-
fall and a growing persistence of extreme precipitation events,
suggesting particularly severe conditions in autumn and sum-
mer (Gan et al., 2022). In Turkey, droughts were analyzed using
intensity-duration-frequency curves based on precipitation defi-
cits rather than relying solely on the Standardized Precipitation
Index, showing that droughts with a 2-year return period were
significantly less severe than those with more extended return
periods (Cavus and Aksoy, 2020). In Brazil, a study of six an-
nual precipitation indices from 1950 to 1999 found that intense
rainfall has become more concentrated over fewer days, reveal-
ing positive trends in CDD and R20mm indices and a negative
trend in Rx5day (Dufek and Ambrizzi, 2008).

The increasing frequency of climate anomalies adds pressure on
disaster management systems, particularly in urban and coastal
regions, which are often the first to experience the impacts and
must continuously adapt (Meerow, 2017). Coastal cities like
Caraguatatuba, located in São Paulo, illustrate these challenges.
The municipality has a history of extreme rainfall, notably the
March 1967 disaster, when over 600 mm of rain in two days,
combined with a storm surge, caused over 400 deaths and the
largest recorded landslide in the country’s history (7.6 million
m3) (Pezzoli et al., 2013, Cabral et al., 2023, Arasaki et al.,
2012). More recently, in February 2023, the northern coast of
São Paulo was once again severely affected by extreme rainfall,
which triggered hundreds of landslides, resulting in 46 deaths
and affecting thousands of people (Bonini et al., 2025).

Despite this context, there remains a lack of studies applying
climate indices from the Expert Team on Climate Change De-
tection and Indices (ETCCDI) in Brazilian coastal areas, which
would provide standardised metrics for tracking climate ex-
tremes over time. To address this gap, the present study analyze
precipitation patterns in Caraguatatuba using a set of ETCCDI
indices. It aims to identify trends and seasonal behaviours, as-
sess the municipality’s exposure to extreme rainfall events, and
provide scientific evidence to support decision-making. By in-
tegrating open-access climate data and a replicable structure,
this work contributes to the development of resilient urban plan-
ning and disaster risk reduction strategies in coastal areas.

2. Materials and Methods

2.1 Study Area

Caraguatatuba is located in the southeastern region of Brazil,
within the state of São Paulo, surrounded by Natividade da
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Serra, Paraibuna, Salesópolis, São Sebastião and Ubatuba
(Fig.1). At geographic coordinates 23°37’13” S latitude and
45°24’47” W longitude and an altitude of 2 m above sea level
(Geografos, 2025), it forms part of São Paulo’s Northern Coast.
With a total area of 485,95 km2, Caraguatatuba encompasses
both urban and rural zones, with the urban area predominantly
located along the coastline, where its infrastructure and popu-
lation are concentrated. Additionally, the municipality includes
a portion of the Parque Estadual da Serra do Mar, which covers
its entire green area.

Figure 1. Geographical location of Caraguatatuba.

The city has undergone substantial demographic changes over
the decades. Between 1970 and 1980, its population increased
by 124% (from 15,073 to 33,802 residents), a period marked by
a significant shift from rural to urban settlement patterns. This
transformation highlights Caraguatatuba’s growing role as an
urban centre, driven by both population growth and the devel-
opment of its tourism sector (Gigliotti and Santos, 2013). As
of 2024, the population of Caraguatatuba was estimated to be
141,084 people (World Population Review, 2025).

The rainfall pattern in Caraguatatuba is shaped by its latitude,
the humidity from the ocean, and the presence of the Serra do
Mar Mountain range. These factors contribute to precipitation
through orographic effects, where the mountains force moist
air upwards, leading to rainfall. Additionally, the region’s cli-
mate is influenced by the movement of frontal systems, which
is altered by these topographical and atmospheric conditions.
These dynamics are typical of coastal areas with mountain-
ous terrain, resulting in seasonal rainfall variability and extreme
weather events (Santos and Galvani, 2014).

Due to its high vulnerability to extreme weather events, Carag-
uatatuba’s geographical location and topographical features,
such as its coastal position and the influence of the Serra do
Mar, amplify the impacts of intense rainfall and prolonged
droughts (Bukvic et al., 2020).

2.2 Methodological Proposal

The methodology for this study focused on climate analysis
using Google Earth Engine (GEE) and R, an open-source
programming language and statistical computing environment
widely used for data analysis, visualization, and spatial statist-
ics. Initially, the area of interest was defined and, an appropri-
ate precipitation dataset, the Climate Hazards Group InfraRed
Precipitation with Station data (CHIRPS), was selected due to
its excellent temporal (daily) and spatial (0.05° grid) resolution
(Climate Hazards Center, 2025). A custom function was de-
veloped in Google Earth Engine to process annual precipitation
data from January 1981 to December 2024.

Subsequently, various precipitation indices were calculated in
the R environment, including total precipitation (PRCPTOT),
consecutive wet days (CWD), consecutive dry days (CDD),
maximum 1-day (Rx1day) and 5-day (Rx5day) precipitation,
as well as extreme precipitation indicators R95p and R99p. The
definitions of these indices are presented in Table 1, while their
respective formulas are detailed in Table 2. In these equations,
Pi denotes the daily precipitation on day i; n is the total num-
ber of days; P95 and P99 represent the 95th and 99th percentiles
of daily precipitation over a reference period; k indicates the
start of a wet or dry sequence, with m representing its duration
in consecutive days; and j corresponds to the starting day of
a 5-day accumulation period (WMO, 2025, Climdex Project,
2023).

Climate Index Definition

PRCPTOT
Total annual precipitation from
days with at least 1 mm of rain
(Pi ≥ 1mm).

R95p
Total annual precipitation from
days when daily rainfall exceeds
the 95th percentile (Pi > P95).

R99p
Total annual precipitation from
days when daily rainfall exceeds
the 99th percentile (Pi > P99).

CWD
Maximum number of consecut-
ive days with at least 1 mm of
precipitation.

CDD
Maximum number of consecut-
ive days with less than 1 mm of
precipitation.

Rx1day Maximum daily precipitation
amount in the year.

Rx5day Maximum total precipitation
over five consecutive days.

Table 1. Precipitation index definitions.

Commonly used tests for identifying climate trends include the
Mann-Kendall test, Sen’s slope estimator, and linear regres-
sion (Güçlü, 2018). Linear regression was used in 48% of
the literature-reviewed cases, while the Mann-Kendall test ac-
counted for 39% (Silva et al., 2013). Although the Mann-
Kendall test is widely adopted for its non-parametric nature,
it is less sensitive than parametric methods, such as linear re-
gression, particularly when dealing with small sample sizes or
subtle trends. Linear regression not only identifies the direction
and magnitude of trends but also provides statistical signific-
ance and confidence intervals, assuming normality and homo-
scedasticity. Therefore, due to its higher sensitivity and ability
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Climate Index Formula Unit

PRCPTOT PRCPTOT =
∑n

i=1 Pi mm

R95p R95p =
∑

i∈{Pi>P95} Pi mm

R99p R99p =
∑

i∈{Pi>P99} Pi mm

CWD CWD = max
(∑k+m

i=k 1
)

days

CDD CDD = max
(∑k+m

i=k 1
)

days

Rx1day Rx1day = max(Pi) mm

Rx5day Rx5day = max
(∑j+4

i=j Pi

)
mm

Table 2. Climate indices, their formulas and units.

to quantify trend intensity, linear regression was chosen as a
method in the present study. A significance level of α = 0.05
was used.

To enable spatial visualization of the climate indices, zonal stat-
istics were applied using QGIS (version 3.22.5) for the years
1985 and 2024. Zonal statistics are a powerful tool that in-
tegrates spatial and statistical data, enabling the computation
of metrics such as mean, maximum, minimum, and standard
deviation within each defined region. This approach provides
valuable insights into spatial patterns and variability, support-
ing scientific analysis and practical applications (Saldanha et
al., 2024).

3. Results and Discussions

The trends observed in the precipitation indices for the Carag-
uatatuba region are discussed in this section. The results are
evaluated for each climate index calculated, allowing the iden-
tification of seasonal patterns, the impact of extreme weather
events, and long-term variability in rainfall.

For the analyzed period, the PRCPTOT index (Fig. 2) ranges
between 1200 mm and 2200 mm, peaking at 2215 mm in 1983,
with notable values in 2009 (2089 mm) and 2023 (1831 mm).
These results align with previous studies, which report average
values of around 2000 mm in the Ilha Grande Bay region (Luiz-
Silva and Oscar-Júnior, 2022). A slight decreasing trend in total
annual precipitation is observed. However, there is a weak or
nonexistent linear relationship between precipitation and year
(p-value of 0.9938).

Figure 2. Annual total precipitation of Caraguatatuba.

The index also reflects extreme rainfall events, such as Feb-
ruary 19, 2023, when over 600 mm fell in 24 hours, caus-

ing severe flooding and landslides in several coastal cities, in-
cluding Caraguatatuba (Union, 2023). It also reflects the in-
tense rainfall on January 9, 2009, which caused severe flood-
ing in Caraguatatuba, particularly in the neighbourhoods of
Massaguaçu and the city centre, as well as another event in
December 2009 that affected areas such as Morro do Algodão
and Jardim Primavera (Bortoletto, 2016).

The R95p index (Fig. 3) ranges from 0 to 600 mm, with notable
peaks in 2017 (468.91 mm), 2020 (331.74 mm), and between
2009 and 2011. A decreasing trend is observed, indicating
a statistical relationship between R95p and year (p-value =
0.0159). Similarly, R99p (Fig. 3) varies between 0 mm and
300 mm, with a maximum of 288.14 mm in 2005, followed
by peaks near 150 mm in 2017, 2020, and 2024. Despite gaps
due to years without values above the 99th percentile, the in-
dex shows a significant downward trend. The p-value (0.0271)
suggests a significant trend in the change of R99p over time.

Figure 3. Total annual precipitation from days when daily
rainfall exceeds the 95th Percentile and the 99th Percentile.

This value aligns with the event on March 15, 2017, when a
heavy storm hit São Paulo’s northern coast, causing signific-
ant flooding in Caraguatatuba (Nova Imprensa, 2017). The
storm resulted in damage and left at least three families home-
less, highlighting the city’s vulnerability to intense rainfall
events. This index can also reflect the events mentioned in the
PRCPTOT section, specifically those recorded in 2009 when
Caraguatatuba experienced significant flooding in January.

The consecutive Wet Days (CWD) index helps identify ex-
tended periods of continuous rainfall, which are often associ-
ated with increased flood risks and soil saturation. In contrast,
the Consecutive Dry Days (CDD) index highlights prolonged
dry spells commonly linked to drought conditions and water
scarcity issues.

In this work, the CWD index (Fig. 4) ranges from 5 to 20 days,
showing a decreasing pattern from 19 days in 1981 to 11 days
in 2023. These values are consistent with ranges observed in
other regions like the Médio Paraı́ba do Sul, Dois Rios basin,
and the central-western portion of Macaé basin (11–14 days)
(Luiz-Silva and Oscar-Júnior, 2022). However, the p-value of
0.187 indicates that there is no significant linear trend over time.

As for CDD index (Fig. 4) there is an increasing trend, ranging
from 10 to 40 days: it rose from 29 days in 1981 to 39 in 2017
and 38 in 2022, aligning with climatological values along the
coast (20–32 days) (Luiz-Silva and Oscar-Júnior, 2022). The p-
value of 0.0065 indicates a statistically significant increase over
time, with high confidence (1% significance level), meaning it
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Figure 4. Consecutive wet days and consecutive dry days.

is highly unlikely that the observed effect of the year on CDD
occurred by chance.

The Rx1day index highlights extreme daily precipitation
events, offering insights into the potential risks of heavy rainfall
and its associated impacts. Meanwhile, the Rx5day index cap-
tures intense precipitation accumulated over consecutive days,
often related to flooding and broader hydrological hazards.

For the period under review, the Rx1day index (Fig.5) shows a
decreasing trend, ranging from 50 mm to 150 mm, with peaks
in 1985 (141.31 mm), 2005 (112.67 mm), and 2010 (115.33
mm). The p-value of 0.00441 indicates statistically signific-
ant evidence that the year variable has an effect on the variable
Rx1day. The Rx5day index (Fig.5) also shows a downward
trend, with peaks in 1985 (shared with Rx1day) with 211.35
mm, 1995 (208.42 mm), 1996 (205.01 mm), and 2017 (192.73
mm). However, the p-value of 0.509 suggests no statistically
significant evidence that the year variable has an impact on the
dependent variable Rx5day.

Figure 5. Maximum 1-day and 5-day precipitation total.

The results of both indexes may reflect events such as those
on March 24, 2005, when intense rainfall caused floods and
landslides in Caraguatatuba, impacting areas like Morro do Al-
godão, Porto Novo, Barranco Alto, Travessão, Perequê Mirim,
Pegorelli, and Rodovia dos Tamoios (km 77). Similarly,
the subsequent heavy rainfall on April 6, 2005, led to ad-
ditional flooding in Massaguaçu, Getuba, Rio do Ouro, and
Casa Branca, highlighting the concentration of extreme rain-
fall events during that period and their alignment with the high
values captured by the Rx1day index (Bortoletto, 2016).

3.1 Linear Regression

Table 3 provides the climate indices, their corresponding p-
values from the linear regression analysis, and the assessment

of statistical significance.

Climate Index P-value Statistical Significance
PRCPTOT 0.9938 Not statistically significant
R95p 0.0159 Statistically significant
R99p 0.0271 Statistically significant
CWD 0.187 Not statistically significant
CDD 0.0064 Statistically significant
Rx1day 0.0044 Statistically significant
Rx5day 0.509 Not statistically significant

Table 3. Climate Index and Statistical Significance.

The indices R95p (p = 0.0159), R99p (p = 0.0271), CDD (p =
0.0064) and Rx1day (p = 0.0044) showed statistically signific-
ant trends over the analyzed period, indicating notable changes
in both the intensity and frequency of extreme precipitation and
dry events in Caraguatatuba.

3.2 Residuals Analysis

Linear regression assumptions were evaluated using Q-Q plots,
which confirmed the normality of residuals. The Breusch-
Pagan test indicated no significant heteroscedasticity for most
indices, except for Rx1day (p=0.02993) and weak evidence for
Rx5day (p=0.07832). The Durbin-Watson test showed no auto-
correlation in the residuals (values between 1.5 and 2.5). Over-
all, the models are adequate, except for Rx1day, which requires
caution due to heteroscedasticity.

3.3 Zonal Statistics

The zonal statistics analysis of the climate indices revealed sig-
nificant spatial and temporal variations across the municipality
of Caraguatatuba. It is essential to note that this analysis is only
comparative as it does not account for year-by-year changes.

For Rx1day and Rx5day indices (Fig.6a and Fig.6b) a notice-
able reduction is observed in the northeastern areas of the mu-
nicipality, which includes forested regions and coastal neigh-
bourhoods such as Portal da Fazendinha, Massaguaçu, Mo-
coca, Costa Verde, and Tabatinga. Conversely, the western and
southwestern regions, primarily classified as forest formations,
showed an opposite trend, suggesting an increase in rainfall on
isolated days or concentrated over a few days in these locations.

Regarding PRCPTOT (Fig.6c), a slight reduction is observed in
the entire area, although precipitation remains relatively high.
Coastal neighbourhoods in the eastern part of the municipal-
ity, such as Jardim Capricórnio, Jardim Bela Vista, Jardim Casa
Branca, Martim de Sá, and Cidade Jardim, are the most af-
fected.

The analysis of CWD and CDD (Fig.6d and Fig.6e) reveals
contrasting dynamics. The number of consecutive rainy days
remained relatively stable overall, with slight decreases in the
southern area and increases in the northeast. This indicates that
short, consecutive rainfall events still occur, which may con-
tribute to the occurrence of floods and landslides, particularly
in urban and hilly areas. On the other hand, the CDD index in-
dicates a significant increase in the duration of dry periods, par-
ticularly in the southwestern portion of the municipality. This
increase enhances susceptibility to drought, affects vegetation,
and raises the risk of wildfires.

Additionally, increases in CDD were also observed in some urb-
anised neighbourhoods in the northeast, including Tabatinga,
Costa Verde, Mococa and Tamandua Island. This situation is
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Figure 6. Zonal statistics analysis for the years 1985 and 2024:
a)Rx1day b)Rx5day c)PRCPTOT d)CWD e)CDD.

particularly concerning, as prolonged dry periods followed by
intense rainfall can lead to higher risks of rapid flooding, soil
degradation, and mass movements.

Concerning R95p and R99p (Figure7), there is a clear pattern
of reduction in the magnitude of extreme rainfall events across
the entire territory. This reduction indicates a decrease in the
frequency or intensity of heavy rainfall events over much of
the urban area and the southern part of the municipality. How-
ever higher intensities persist in the hillside areas to the west-
southwest and northeast.

3.4 Limitations of the Analysis

The study’s findings are subject to limitations inherent to re-
mote sensing data and the Google Earth Engine platform. Spe-
cifically, the CHIRPS precipitation dataset, while widely used,
may underestimate extreme rainfall peaks in regions with com-
plex topography. This limitation can affect the accuracy of
event detection and trend interpretation. Moreover, relying on
linear regression models simplifies the analysis and may over-
look important nonlinear climatic dynamics, such as those asso-
ciated with ENSO variability or land-use change. These factors
could introduce additional uncertainties not captured in the cur-
rent approach.

Figure 7. Zonal statistics analysis for R95p and R99p for the
years 1985 and 2024.

4. Conclusions

This study evaluated seven extreme precipitation indices for the
region of Caraguatatuba over 44 years (1981–2024). The re-
gression analysis results highlight the intricate nature of tem-
poral relationships for different climate indices. Overall, the
analysis of the annual total precipitation (PRCPTOT) showed
no significant linear trend over time, as indicated by the high
p-value. In contrast, indices such as R95p, R99p, CDD, and
Rx1day exhibit statistically significant trends, indicating notice-
able temporal changes. Specifically, the CDD index shows a
strong positive trend. This may reflect a shift toward more pro-
longed dry spells in the region, which could affect local water
resources and ecosystem stability.

Zonal statistics for 1985 and 2024 reveal a decrease in the in-
tensity of extreme rainfall events in the northeastern area, while
the southwestern region exhibits the opposite trend. Addition-
ally, the duration of dry periods increases significantly in the
forested southwestern areas and some northeastern neighbour-
hoods, raising concerns about drought, vegetation stress, wild-
fires, and the subsequent risk of flooding.

Future research could enhance the analysis by incorporating ad-
ditional climate variables, such as temperature or relative hu-
midity, to more accurately capture complex temporal patterns.
Additionally, employing non-linear models, such as polynomial
regression or machine learning algorithms, could help detect in-
tricate, non-linear relationships.
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