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Abstract: Flood events have become increasingly frequent and severe in the southwestern 
Amazon, raising concerns about the capacity of urban areas to cope with intensifying 
hydroclimatic extremes. This study investigates the March 2024 flood in Rio Branco, Acre—
one of the largest on record—by combining hydrometeorological time series analysis (1981–
2024), two-dimensional hydrodynamic modeling using HEC-RAS, and spatial risk mapping. 
Rainfall and streamflow data did not exhibit statistically significant long-term trends; 
however, the recurrence and magnitude of extreme events, particularly those associated with 
La Niña conditions, indicate a shift toward more intense hydrological regimes. The simulation 
reproduced the observed flood dynamics with high accuracy and revealed that over 25% of 
the urban area is exposed to extreme flood hazard, with critical overlap in socially vulnerable 
neighborhoods. These results demonstrate the compounded nature of flood risk, driven by 
both climate variability and urban expansion into flood-prone zones. The study concludes that 
traditional assumptions about flood recurrence intervals are no longer sufficient for urban 
planning and that robust modeling and risk mapping must be integrated into climate adaptation 
strategies in Amazonian cities. 
 
Keywords: flood risk, hydrodynamic modeling, Amazon Basin, Rio Branco, La Niña, climate 
extremes, spatial vulnerability. 



Introduction 

Global climate change has intensified in recent decades, triggering a wide range of 

environmental impacts that adversely affect the economy, agriculture, and both the physical 

and mental health of populations—particularly those who are socioeconomically 

disadvantaged. The increasing frequency and severity of extreme weather events such as 

heavy rainfall, hurricanes, and storms have posed significant challenges for urban planning 

and emergency management worldwide. These events often lead to severe flooding, causing 

devastating damage to infrastructure, communities, and local economies (Dunn et al. 2024). 

According to the Emergency Events Database (https://www.emdat.be), climate change 

and extreme weather events have led to a substantial rise in disasters over the past 50 years. 

Natural hazards account for 50% of all recorded disasters, 45% of related fatalities, and 74% 

of total economic losses. More than 11,000 disasters have been attributed to climate-related 

events, resulting in over 2 million deaths and approximately USD 3.47 trillion in economic 

damages. Notably, over 91% of these deaths occurred in developing countries, and the average 

daily economic losses have increased sevenfold, from USD 49 million to USD 383 million 

over this period (IPCC 2022). 

In Central and South America, floods constitute over 40% of all disaster events, 

according to the Intergovernmental Panel on Climate Change (IPCC 2023). In Brazil, the 

frequency of floods, flash floods, and urban inundation events has been steadily increasing. 

During the rainy season—typically from October to March—reports of such events are 

routine, especially when river discharge rises significantly and overflows riverbanks 

(Marengo et al. 2023). These hydrometeorological disasters are becoming more frequent and 

intense, posing a major challenge for numerous Brazilian municipalities and often resulting in 

irreversible losses for affected populations, largely driven by climate variability and change 

(IPCC 2023). 

Assessing the risks associated with extreme events is a crucial step toward enabling 

evidence-based decision-making and effective disaster risk reduction by public authorities. 

Recent literature has increasingly focused on linking climate change to the occurrence of 

extreme events, aiming to understand their frequency, predictability, and associated risks, as 

well as to support compliance with environmental protocols. Notable studies in this field 

include Haidu et al. (2017), Vojtek et al. (2019), Kim et al. (2020), Muthusamy et al. (2021), 

Costabile et al. (2021), Rafiei-Sardooi et al. (2021), Tang et al. (2021), Zhao et al. (2023), 

Alcântara et al. (2023, 2024), Marengo et al. (2023, 2024), and Mantovani et al. (2023, 2024, 

2025). 

https://www.emdat.be/


In this context, there is an urgent need for scientific research that supports concrete 

actions to mitigate the environmental and socio-economic impacts of climate change, 

particularly in vulnerable areas such as those examined in this study. Local governments must 

incorporate climate risk management into their sectoral and thematic public policies. Urban 

adaptation plans are required, and their actions must be aligned with national socio-economic 

development goals, regional inequality reduction strategies, and the United Nations 

Sustainable Development Goals (SDGs). The scientific challenge is not only to understand 

the phenomena but also to bridge the gap between available information and its application in 

decision-making processes. Identifying local susceptibilities and vulnerabilities, and 

addressing them through appropriate planning and management, is essential. 

According to the Amazon Protection System (SIPAM), in 2024, the city of Rio 

Branco—the capital of Acre state in the Western Brazilian Amazon—experienced the second-

largest flood in its recorded history, which dates back to 1971. The highest river level recorded 

in 2024 was 17.89 meters on March 6, as reported by the Rio Branco Civil Defense. The 

highest historical flood level remains 18.40 meters, recorded in March 2015. More than 70,000 

people were directly or indirectly affected by the 2024 flood. A total of 51 neighborhoods and 

23 rural communities were inundated, displacing over 4,000 individuals, according to the 

municipal government. These data underscore the reality that climate change is not a distant 

concern but an ongoing process with tangible consequences in Brazil and worldwide. Thus, 

the present study aims to systematically analyze and model the March 6, 2024 flood event in 

Rio Branco, Acre, to better understand the dynamics of such events and to inform future 

mitigation strategies. 

Description of the study area 

Rio Branco is the capital of the state of Acre, located in the Northern Region of Brazil. 

Situated along the banks of the Acre River (Fig. 1), the city serves as the state’s main financial, 

administrative, political, and cultural hub. It is also the westernmost state capital in Brazil, 

lying approximately 3,030 kilometers from Brasília, the federal capital. 

The municipality spans a total area of 8,834.942 km², making it the fifth-largest 

municipality in Acre in terms of territorial extent. Of this area, approximately 44.96 km² 

correspond to the urban perimeter, ranking Rio Branco as the 62nd largest city in Brazil by 

urban area. According to the most recent demographic census conducted by the Brazilian 

Institute of Geography and Statistics (IBGE 2023), the city has a population of 364,756, 

making it the seventh most populous city in the Northern Region of Brazil. 



 
Fig 1. (a) Location of study site in Brazil, highlighting the Acre River basin and Capital of the state of 
Acre; (b) Digital Elevation Model (MDE) for the study area with drainage network; (c) Soil Types; (d) 
land use and land cover for Rio Branco (Acre State, Brazil); (e) land use and land cover (LULC) area 
in ha and in %. 
 

Geologically, Rio Branco is predominantly composed of sedimentary rocks, with a 

dominance of sandstones, and is almost entirely covered by floodplain formations. The 

region’s climate is classified as equatorial, characterized by consistently high temperatures 

and elevated humidity levels throughout the year. The rainy season typically extends from 

September to May and coincides with what is locally referred to as "winter," despite the 

continued presence of high temperatures. In contrast, the dry season—commonly called 

"summer"—occurs between June and August. Acre is among the Brazilian states with the 

highest annual rainfall, with precipitation levels exceeding 2,100 millimeters (Nimer 1977). 

 

Methodology and data used 

Methodology flowchart 

 

The research process was conducted in the following steps (Fig. 2), a comprehensive 

flow diagram outlining the methodology used to map the flood extent, assess flood risk, and 

determine hazard ratings (i.e., risk to people) within the designated study area. 



 
Fig 2. Conceptual flow diagram illustrating the methodological framework for flood mapping, risk 

assessment, and hazard classification applied in this study. 
 

Data used 
 

A wide range of data sources was utilized in this study, encompassing fluviometric, 

rainfall, thematic, remote sensing, and census datasets. Each dataset represents a key 

environmental or socioeconomic variable essential for accurately mapping the flood event and 

evaluating associated risks in Table 1. These datasets include information on topographic and 

physiographic features, hydrodynamic components, land use and land cover (LULC), 

meteorological conditions, and population distribution—collectively providing a 

comprehensive representation of the study area’s environmental and social context. 
 
Table 1. Description of environmental and socioeconomic variables used in the development of the 

flood susceptibility assessment. 

Database Processing Data Source 

Sentinel 1–SAR 
Elevation (m) https://panda.copernicus.eu/web/cds-

catalogue/panda 
 Shaded Relief 

CHIRPS Rainfall time series https://app.climateengine.org/climateEngine 

https://panda.copernicus.eu/web/cds-catalogue/panda
https://panda.copernicus.eu/web/cds-catalogue/panda
https://app.climateengine.org/climateEngine


http://ftp.cptec.inpe.br/modelos/tempo/MERGE
/ 

Thematics  
Soil types https://www.sgb.gov.br 

https://code.earthengine.google.com/?accept_re
po=users%2Fmapbiomas%2Fuser-  

Land Use and Land 
Cover 

Fluviometrics  
Flow Rate (m³/s) https://www.snirh.gov.br/hidroweb/serieshistori

cas River Level (m) 
Sentinel 2 – MSI False color imagery https://panda.copernicus.eu 

Cartographic  

Drainage Network 

https://www.ibge.gov.br/geociencias/downloads 
 

http://download.geofabrik.de 

Urban Infrastructure 
Districts 
Buildings 

Census Sectors 
 

To develop the Digital Elevation Model (DEM), a high-resolution C-band Synthetic 

Aperture Radar (SAR) image from the Sentinel-1 satellite was utilized (product ID: 

S1A_IW_GRDH_1SDV_20230823T100632_20230823T100659_050001_0603F5_DC53), 

featuring a spatial resolution of 10 meters. Complementary multispectral data from the MSI 

(Multispectral Instrument) sensor onboard Sentinel-2 were employed to capture the land 

surface conditions before and after the flood event. Specifically, pre-event imagery 

(S2A_MSIL2A_20240215...) and post-event imagery (S2B_MSIL2A_20240311...)—both at 

10-meter resolution—were used to support spatial analysis and validate the results obtained 

from the hydraulic simulation. 

Hydrological data, including river stage and discharge, were sourced from the National 

Water and Sanitation Agency (ANA) via the HIDROWEB platform, using data from station 

code 13600002 located in Rio Branco, Acre. For precipitation analysis, the study relied on the 

Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS), as described by 

Funk et al. (2015). CHIRPS integrates satellite imagery with ground-based station 

observations to provide precipitation estimates at daily, monthly, and annual scales, with a 

spatial resolution of 0.05° × 0.05°. The dataset covers the period from January 1985 through 

December 2024. 

Land use and land cover (LULC) information was obtained from the MapBiomas 

Project, Collection 9, which provides classified land cover data at a spatial resolution of 30 

meters. Urban infrastructure data were retrieved from OpenStreetMap in shapefile format. 

Additionally, census sector shapefiles were used to distinguish zones of varying population 

density within the urban area. Soil classification data, published at a scale of 1:800,000, were 

incorporated to derive surface runoff and infiltration maps, which were essential for 

parameterizing and calibrating the two-dimensional hydraulic flood model. 

http://ftp.cptec.inpe.br/modelos/tempo/MERGE/
http://ftp.cptec.inpe.br/modelos/tempo/MERGE/
https://www.sgb.gov.br/
https://code.earthengine.google.com/?accept_repo=users%2Fmapbiomas%2Fuser-toolkit&scriptPath=users%2Fmapbiomas%2Fuser-toolkit%3Amapbiomas-user-toolkit-lulc.js
https://code.earthengine.google.com/?accept_repo=users%2Fmapbiomas%2Fuser-toolkit&scriptPath=users%2Fmapbiomas%2Fuser-toolkit%3Amapbiomas-user-toolkit-lulc.js
https://www.snirh.gov.br/hidroweb/serieshistoricas
https://www.snirh.gov.br/hidroweb/serieshistoricas
https://panda.copernicus.eu/web/cds-catalogue/panda
https://www.ibge.gov.br/geociencias/downloads-geociencias.html
http://download.geofabrik.de/


Digital Elevation Model Processing 

 

A major challenge in hydraulic modeling is the frequent unavailability of bathymetric 

data within terrain datasets. Accurate representation of surface elevations—especially within 

river channels and adjacent floodplains—is critical for developing reliable hydraulic models 

(Mantovani et al.  2024). An effective terrain model must capture key morphological features 

that influence water flow, including channel beds, banks, and elevated structures such as 

levees and roads (USACE 2010). 

The DEM initially derived from Sentinel-1 SAR imagery, with a spatial resolution of 

10 meters, lacked bathymetric detail within the river channel. To address this, the DEM was 

corrected and enhanced by incorporating bathymetric information obtained from the 

fluviometric station maintained by ANA (station code 13600002, Acre River, Rio Branco) 

and from geological reports published by the Geological Survey of Brazil (Serviço Geológico 

do Brasil, formerly CPRM, current SBG). 

A one-dimensional (1D) hydraulic representation of the channel was developed by 

defining the river centerline, cross-sections, and bank lines. These features were integrated 

and interpolated using RAS Mapper (USACE 2010) to generate a continuous surface 

representing the riverbed profile. The resulting modified DEM was constructed by combining 

this interpolated channel surface—assigned maximum elevation priority—with the radar-

derived terrain model (Hosseini et al. 2006; Al-Zahrani 2017), thus producing a more 

hydrodynamically realistic elevation model for subsequent flood simulation. 

  
Flood Inundation Modeling 

All datasets were processed and organized within the HEC-RAS (Hydrologic 

Engineering Center – River Analysis System) environment, using the RAS Mapper platform 

for spatial integration and hydraulic modeling (USACE 2010). 

In this study, flood simulation was conducted using the unsteady flow method, which 

allows for the dynamic reconstruction of the flood event that occurred on March 6, 2024. 

Under the unsteady flow approach, boundary conditions are defined by assigning a discharge 

hydrograph at the upstream boundary and a stage-discharge rating curve at the downstream 

boundary. For relatively short channel reaches, the kinematic wave approximation—where 

discharge remains constant along the flow path—is often preferred over the dynamic wave 

approach, which accounts for attenuation and backwater effects (USACE 2010). 



The main input parameters for the two-dimensional (2D) model included channel 

topography, computational mesh, boundary conditions (based on discharge data for the main 

channel and the tributary Igarapé São Francisco; Fig 1c), an outflow condition, and the 

Manning's roughness coefficient (n). The boundary conditions used to simulate the event were 

based on daily discharge records from February 21 to March 18, 2024. 

The HEC-RAS 2D framework represents a state-of-the-art tool for flood modeling, as 

it incorporates both vertical and horizontal components of the flood wave, enabling more 

accurate simulation of flood extents, depths, velocities, and other hydrodynamic variables 

(Mantovani et al. 2025). Compared to traditional one-dimensional models, the 2D approach 

enhances the resolution and physical realism of simulations, especially in complex urban and 

floodplain environments. 

Key input layers for the 2D model included the corrected Digital Elevation Model 

(DEM), land use and land cover (LULC), and reclassified soil types grouped into hydrologic 

soil classes (Table 2). The LULC and soil maps were used to assign surface roughness values 

(Manning’s n) used values proposed by Davis and Sorensen 1969 and to define infiltration 

and runoff parameters based on the Curve Number (CN) method, developed by the Natural 

Resources Conservation Service (Formerly the Soil Conservation Service). 
 
Table 2. Manning’s n roughness coefficients by land cover class, associated Curve Number (CN) 
values by hydrologic soil group (HSG), and minimum infiltration rates used for hydrological modeling. 

 

The unsteady flow method was applied using a discharge hydrograph at the upstream 

boundary and a stage–discharge relationship at the downstream boundary. In typical short 

Decription LULC 

 
Manning’s 

n 

Curve-
Number 
(GHS) 

Abstraction 
Ratio 

Minimum 
Infiltration 

Rate (mm/hr) 
A C D 0.2 0.12 

Forest Forest 0.06 26 58 61 0.1 0.12 

Non-Forest 
Natural 

Grassland 0.04 49 84 89 0.1 0.12 
Wetland 0.045 90 94 98 0.1 0.12 

Farming 
Pasture  

0.04 
39 74 80 0.1 0.12 

Mosaic of Crops 39 75 83 0.1 0.12 

Non-
vegetated 

area 

Buildings  
 

0.07 
 

91 95 97 0.1 0.12 
Districts 72 82 85 0.1 0.12 
Urban 

Infrastructure 
77 90 92 0.1 0.12 

Water 
Bodies of Water  

 
0.035 

100 100 100 0 0 
Natural 

Floodable Areas 
 

98 
 

98 
 

98 
 

0 
 

0 



channel reach simulations, the kinematic wave assumption—which maintains constant 

discharge—is often preferred over the dynamic wave, which accounts for discharge 

attenuation (Ponce and Lugo 2001). 

For the simulation of the March 2024 flood event, boundary conditions were defined 

using daily discharge data from the main channel (Acre River) spanning February 21 to March 

18, 2024. In the case of the tributary Igarapé São Francisco, where discharge data were 

unavailable, the channel slope was used as a boundary condition, based on the energy grade 

line calculated from bed slope measurements. 

In river reaches lacking fluviometric data, the “Normal Depth” boundary condition is 

a widely used alternative (USACE 2010). This method, which closely resembles the Modified 

Puls routing technique, assumes that storage within a reach is primarily governed by outflow. 

It automatically derives storage–discharge relationships based on Manning’s equation, the 

normal depth assumption, and user-defined channel geometry. While this approach simplifies 

parameterization and enhances computational efficiency, it does not account for backwater 

effects or the influence of hydraulic structures, as it bypasses full hydraulic simulation. 

 

Model Performance Evaluation 

 

To calibrate and validate the model and for comparison purposes, quantitative 

information is required to measure model performance. In this study, to validate and assess 

the results generated with the model, we used observed data from river levels extracted from 

the fluviometric station and data generated with the model. The selected period consisted of 1 

day after the event (06 March 2024), from the 07nd to the 18th march 2024; during and after 

calibration, we used two statistical indicators to evaluate the existence of systematic errors: 

the Nash–Sutcliffe efficiency (NSE) and the RMSE-observations standard deviation ratio 

(RSR). The Nash–Sutcliffe efficiency (NSE) is used to assess the predictive skill of 

hydrological models. It consists of a normalized statistic that determines the relative 

magnitude of the residual variance (“noise”) compared to the measured data variance 

(“information”) (Nash and Sutcliffe 1970). The NSE indicates how well the plot of observed 

versus simulated data fits the 1:1 line. It is defined as Equation 1:  

𝑁𝑁𝑁𝑁𝑁𝑁 = 1 −
∑ (𝑄𝑄0𝑡𝑡 − 𝑄𝑄𝑚𝑚𝑡𝑡 )2𝑇𝑇
𝑡𝑡=1
∑ (𝑄𝑄0𝑡𝑡 − 𝑄𝑄0����)2𝑇𝑇
𝑡𝑡=1

 

 

where (Q0) is the mean of observed discharges, and Qm is modeled discharge. Qt0 is observed 

discharge at time t. 

 

Eq.1 



The Nash–Sutcliffe efficiency (NSE) is calculated as 1 minus the ratio of the error 

variance of the modeled time series to the variance of the observed time series. An NSE of 1 

indicates a perfect model, while an NSE of 0 means the model is no better than the mean of 

the time series in terms of prediction. Negative NSE values indicate that the observed mean is 

a better predictor than the model. NSE values closer to 1 suggest greater predictive skill of the 

model. Different authors have proposed NSE values as thresholds of sufficiency. Subjective 

application of different NSE values as thresholds of sufficiency have been suggested by 

several authors (Ritter and Muñoz-Carpena 2013; McCuen 2006; Moriasi et al. 2007). The 

root-mean-square deviation (RMSD) measures the average size of discrepancies between 

predicted and observed values. It is used to assess the accuracy of forecasting models within 

a dataset. RMSD is always non-negative, with lower values indicating better accuracy. 

However, it is important to note that RMSD comparisons between datasets are unreliable due 

to its scale dependency (Hyndman and Koehler 2006). The RMSE-observations standard 

deviation ratio (RSR) is determined by dividing the RMSE by the standard deviation of the 

measured data. The RSR ranges from an optimal value of 0 to a higher positive value. A lower 

RSR corresponds to a lower RMSE and indicates better performance in model simulation. The 

RSR standardizes the root-mean-square Error (RMSE) by incorporating the standard deviation 

of observed values. It goes from an optimal value of 0 to infinity. Based on the RSR, Moriasi 

et al. (2007) indicates performance ratings as follows: (i) very-good (0–0.50); (ii) good (0.50–

0.60); (iii) satisfactory (0.60–0.70); or(iv) unsatisfactory (>0.70). It is defined as Equation 2: 

 

𝑅𝑅𝑅𝑅𝑅𝑅 =
1
𝑛𝑛
�(𝑃𝑃𝑖𝑖 − 𝑄𝑄𝑖𝑖)2
𝑛𝑛

𝑖𝑖=1

 

where Pi is the predicted value and Oi is the observed value. 

 

Flood risk mapping 

 

To assess flood risk, we employed the methodology outlined by the U.S. Federal 

Emergency Management Agency (FEMA 2018). This method categorizes risk levels into five 

distinct categories: low, moderate, high, very high, and extreme detail in Table 3. The 

approach was utilized (Beden and Keskin 2021) to generate a flood map and evaluate flood 

risks in scenarios where flow data in Turkey were insufficient. This method utilizes velocity 

and flood depth data derived from the 2D HEC-RAS model.  

 

 

 

 

Eq. 2 



Table 3. Flood risk classifications scheme. 

 

 

 

 

 

 

 

 

Hazard rating (risk to people) 

 

The “hazard rating” or “risk to people” is a measure used to assess and categorize the 

likelihood and severity of a specific risk that may affect people’s safety. This rating system is 

commonly used in various fields, such as occupational health and safety, disaster 

management, engineering, and environmental security (Mantovani et al. 2025). During floods, 

individuals frequently face higher risks of injury and death due to their actions. Many do not 

realize the power of the water flow and endanger both themselves and others by venturing into 

floodways. The guide on assessing risks to individuals suggests utilizing the hazard rating 

approach outlined to determine the degree of flood hazard in Equation 3: 

 

𝐻𝐻𝐻𝐻 = 𝑑𝑑(𝑣𝑣 + 𝑛𝑛) + 𝐷𝐷𝐷𝐷 

 

where (d) is maximum flood depth (m), v is maximum flood velocity (m/s). DF (debris factor); 

0: negligible debris; 0.5: moderate debris and 1: high debris (urban areas, forests). 

 

The hazard rating system, as detailed in Equation 3, incorporates various factors to 

assess flood risk. These factors include flood depth (d in meters), flow velocity (v in meters 

per second), the debris factor (DF), and a constant value represented by ‘n’ set at 0.5 (36,37). 

The appropriate debris factors corresponding to different flood depths, velocities, and 

dominant land use are listed in Table 4.  

 

Table 4 Debris factor (DF) selection. 

 

 

 

 

 

 

Velocity x Depth (m2/s) Flood Risk 

< 0.2 Low 
0.2 – 0.5 Moderate 
0.5 – 1.5 High 
1.5 – 2.5 Very High 

> 2.5 Extreme 

 Eq. 3 

Velocity x Depth Farming Forest Urban 

0.00 – 0.25 m 0 0 0 

0.25 – 0.75 m 0 0.5 1 

d>0.75 m and/or v>2 0.5 1 1 



The level of flood hazard is then determined based on predefined intervals provided in 

Table 5. 

 
Table 5 Flood hazard levels 

 

The integration of multiple data sources—both iconographic (e.g., satellite imagery) 

and cartographic (e.g., spatial vector layers)—enables a comprehensive assessment of the 

impacts of extreme precipitation events on flood dynamics. This multidisciplinary approach 

supports both qualitative and quantitative analyses, enhances the evaluation of model 

accuracy, and facilitates the identification of flood-prone, vulnerable, and high-risk areas. 

Following the calibration and validation of the hydrodynamic model, the results were 

analyzed through both statistical and spatial methods. Flood risk maps were generated using 

ArcGIS Pro, along with supporting graphics and thematic layers, to visualize flood extent, 

depth, and associated risk levels with high spatial resolution. 

 

Climate, Hydrology Analyses in Rio Branco, Acre, in March 2024 

Figure 3 displays a boxplot illustrating the distribution of daily river level 

measurements for each year between 1981 and 2024. Each box represents the interquartile 

range (IQR), encompassing the middle 50% of daily water level values—from the 25th to the 

75th percentile—within a given year. The horizontal line inside each box denotes the median, 

providing a robust measure of central tendency that is less influenced by outliers. 

The whiskers extend to the smallest and largest values that lie within 1.5 times the IQR 

from the lower and upper quartiles, respectively. Observations beyond this range are plotted 

as individual points, indicating hydrological outliers. End caps at both whisker limits visually 

define the boundaries of typical variation. 

Thresholds for Flood Hazard 
Rating Flood Hazard Level Description 

<0.75 Low Caution: flood zone with shallow 
flowing water or deep standing water 

0.75-1.25 Moderate Dangerous for some: flood zone with 
deep or fast flowing water 

1.25-2.5 Significant Dangerous for most people: flood 
zone with fast flowing water 

>2.5 Extreme Dangerous for all: flood zone with 
deep, fast flowing water 



Mean river levels are marked with black circular symbols, serving as an additional 

measure of central tendency to complement the medians. The plot reveals considerable 

interannual variability, with certain years—particularly in the mid-2010s—exhibiting wider 

IQRs and more frequent outliers, suggesting increased occurrences of hydrological extremes 

such as floods or droughts. In contrast, narrower IQRs observed in the early 2000s reflect 

more stable hydrological conditions. 

A visual analysis suggests a slight downward trend in both median and mean values 

over the study period, consistent with the results of the temporal trend analysis indicating a 

gradual decline in average river levels. 

 

 
Fig 3. Boxplot showing the distribution of daily river levels for each year from 1981 to 2024. The plot 

highlights interannual variability, median and mean values, and extreme hydrological events. 

The temporal trend analysis revealed a statistically significant decline in annual mean 

river levels throughout the study period (1981–2024), with a slope of –0.0301 meters per year 

(p-value = 0.0101; R² = 0.2455). This negative trend suggests a gradual reduction in water 

levels over the decades. Although the trend is statistically significant, the moderate coefficient 

of determination indicates that a substantial portion of the variability is explained by other 

environmental or anthropogenic factors beyond time alone. Such results highlight the 

complexity of hydrological systems in tropical watersheds, which are often modulated by 

climatic drivers such as ENSO phases, local precipitation regimes, and land use dynamics. 

Interannual variability further reinforces this complexity. The largest annual rise in 

average water level occurred between 2016 and 2018 (+2.63 m), while the most severe drop 

was observed between 2015 and 2016 (–3.19 m), underscoring the influence of extreme 

hydrological events. These abrupt changes may reflect the impacts of anomalous rainfall, 

changes in watershed infiltration capacity, or infrastructure-related effects on flow regulation. 

Extreme value analysis revealed a historical maximum river level of 28.39 meters on 

November 20, 2023, and a minimum of –0.52 meters on March 22, 2021. These observations 

serve as critical hydrological thresholds for flood and drought risk assessments, respectively. 



Seasonal behavior is also evident in the river level dynamics. July exhibited the highest 

average monthly water level (8.96 m), whereas March recorded the lowest (5.29 m), aligning 

with the typical seasonal precipitation and evapotranspiration patterns in the western Amazon 

basin. This clear seasonality is consistent with the regional climatic regime, characterized by 

a pronounced wet season from October to May and a drier interval during the austral winter 

months. 

Additionally, a structural break analysis detected a significant change in the behavior 

of river levels around 2016. This inflection point may be attributed to changes in climatic 

forcing, intensified land use alterations, or modifications in hydrological regulation 

mechanisms across the basin. Decadal comparisons further support the long-term declining 

trend: the 1980s registered the highest average river levels (8.71 m), while the 2020s—up to 

2024—recorded the lowest (6.27 m). Such decadal-scale declines, combined with increasing 

variability, may reflect ongoing environmental degradation, deforestation, or broader climatic 

shifts affecting hydrological balance in the region. 

The average annual standard deviation of river levels was approximately 2.92 meters, 

underscoring substantial interannual fluctuations. This variability is particularly relevant in 

the context of risk mapping, as it reflects the basin’s exposure to both flood and drought 

extremes, requiring adaptive management strategies and robust early warning systems. 

 

Table 6. Summary of river level time series analysis (1981–2024), including trend statistics, annual 

variations, historical extremes, seasonal behavior, structural break, decadal averages, and interannual 

variability. 

 

Analysis Main Result 

Temporal Trend (Slope) -0.0301 m/year 
Temporal Trend (R²) 0.2455 

Temporal Trend (p-value) 0.0101 

Largest Annual Increase 2016 ➔ 2018 (+2.63 m) 

Largest Annual Decrease 2015 ➔ 2016 (-3.19 m) 
Historical Maximum (Date and Level) 2015-01-03 (18.35 m) 
Historical Minimum (Date and Level) 2016-01-08 (1.72 m) 

Month with Highest Average Level 1 (Average 8.18 m) 
Month with Lowest Average Level 1 (Average 8.18 m) 
Year of Detected Structural Break 2008 

Decade with Highest Average Level 1970s (Average 9.47 m) 
Decade with Lowest Average Level 2020s (Average 7.50 m) 

Average Annual Variability (Standard Deviation) 4.51 m 



Figure 4 presents a boxplot depicting the distribution of daily rainfall values for each 

year from 1981 to 2024. Each box illustrates the interquartile range (IQR), encompassing the 

central 50% of rainfall observations—bounded by the 25th and 75th percentiles. The 

horizontal red line within each box represents the median, offering a robust indicator of central 

tendency that is less influenced by outliers or extreme values. Black circular markers denote 

the annual mean rainfall, enabling a comparative assessment between mean and median 

values, and revealing the symmetry or skewness of the data distribution. 

The whiskers extend to the smallest and largest values within 1.5 times the IQR, while 

data points beyond this range are plotted as outliers, indicating extreme daily precipitation 

events. The inclusion of top and bottom caps helps visually constrain the main range of 

variability, clearly demarcating the typical boundaries of rainfall behavior in each year. 

Notably, the plot reveals pronounced interannual variability in rainfall patterns. 

Certain years exhibit wider interquartile ranges and a higher number of outliers, suggesting 

highly variable rainfall conditions and an increased frequency of extreme precipitation 

events—factors that are critical in flood modeling and hydrological risk assessment. In 

contrast, years with narrower boxes and fewer outliers reflect more stable and consistent 

rainfall regimes, potentially associated with regular seasonal cycles. 

Importantly, no clear long-term trend is visually apparent in the boxplot, either in 

medians or means. This observation is consistent with the temporal trend analysis, which 

indicated a statistically non-significant slope. Nonetheless, the widespread presence of outliers 

across several years emphasizes the recurrence of extreme rainfall events throughout the 

period analyzed—events that play a crucial role in shaping flood dynamics and hazard 

exposure in the region. 

 
Fig 4. Boxplot showing the distribution of daily rainfall values for each year from 1981 to 2024. The 

plot illustrates interannual variability, median and mean values, and the frequency of extreme 

precipitation events. 
 



The temporal trend analysis revealed a very slight and statistically non-significant 

increase in annual mean rainfall over the period from 1981 to 2024. The estimated slope was 

+0.0454 mm/year (p-value = 0.8710; R² = 0.0011), indicating that there is no substantial long-

term trend in rainfall accumulation for the region. The extremely low R² value suggests that 

annual rainfall variability is largely influenced by non-temporal factors, such as atmospheric 

circulation patterns, land-atmosphere interactions, or localized climatic anomalies, rather than 

a progressive increase or decrease over time. 

Interannual variability remains a defining feature of the precipitation regime in the 

study area. The most notable annual increase occurred between 2023 and 2025, with a rise of 

+103.37 mm, whereas the most significant annual decline took place between 2009 and 2011, 

amounting to –29.54 mm. These variations reflect the inherent natural fluctuation of rainfall 

on shorter timescales, possibly modulated by regional phenomena such as the South American 

Monsoon System or El Niño/La Niña events. Extreme daily rainfall values further highlight 

the system’s volatility, with the highest recorded on February 15, 1992, reaching 639.12 mm. 

Conversely, days with no measurable rainfall (0.00 mm) occurred multiple times throughout 

the series, underscoring the alternation between wet extremes and dry spells. 

Seasonal dynamics were also clearly evident. January was identified as the wettest 

month, with an average rainfall of 11.22 mm/day, while August was the driest, with a mean 

of 4.62 mm/day. This pattern aligns with the regional bimodal rainfall regime of the western 

Amazon, driven by the migration of the Intertropical Convergence Zone (ITCZ) and the onset 

of the dry season during the austral winter. 

Although a structural break was detected around the year 2023, its significance is 

unclear due to the absence of a consistent trend in the long-term data. The shift may reflect a 

temporary anomaly rather than a fundamental change in rainfall regime. Decadal comparisons 

support this interpretation: the 1980s registered the highest average rainfall (10.62 mm/day), 

whereas the 2020s (through 2024) recorded the lowest (8.40 mm/day), suggesting a modest 

but noticeable decline that warrants further investigation using complementary climate 

diagnostics such as sea surface temperature anomalies or land use change metrics. 

The average interannual variability, measured by the standard deviation of annual 

mean rainfall, was approximately 8.35 mm. This relatively high value reinforces the need to 

account for strong year-to-year fluctuations in water availability, which have direct 

implications for flood risk, drought vulnerability, and regional water resource planning. 

 

 



Table 7. Summary of rainfall time series analysis (1981–2024), including trend statistics, annual 

variations, historical extremes, seasonal patterns, structural break, decadal averages, and interannual 

variability. 

 

Figure 5 presents a boxplot illustrating the distribution of daily river flow rates, 

measured in cubic meters per second, for each year between 1981 and 2024. Each box 

represents the interquartile range (IQR), which captures the central 50% of flow values—

bounded by the 25th and 75th percentiles. The horizontal red line within each box indicates 

the median, offering a robust measure of central tendency that is relatively unaffected by 

extreme values. Black circular markers denote the annual mean flow rate, enabling visual 

comparison between the mean and median to evaluate the skewness of the data distribution. 

The whiskers extend to values within 1.5 times the IQR beyond the lower and upper 

quartiles, and caps mark these endpoints to delineate the typical range of variability. 

Observations that fall outside this range are plotted as individual points, reflecting outliers that 

correspond to extreme hydrological events, such as major floods. In years where a significant 

divergence is observed between mean and median flow rates, this suggests a skewed 

distribution—often driven by high-magnitude flood events. 

Marked interannual variability is evident across the time series. Several years show 

wide interquartile ranges and numerous outliers, indicating periods of intense hydrological 

fluctuation, possibly linked to climatic anomalies or changes in watershed conditions. 

Conversely, years with narrower boxes and fewer outliers represent periods of greater flow 

stability, potentially associated with more regular precipitation and runoff dynamics. 

Analysis Main Result 

Temporal Trend (Slope) 0.0454 mm/year 
Temporal Trend (R²) 0.0011 

Temporal Trend (p-value) 0.8710 

Largest Annual Increase 2023 ➔ 2025 (+103.37 mm) 

Largest Annual Decrease 2009 ➔ 2011 (-29.54 mm) 
Historical Maximum (Date and Rainfall) 2015-01-05 (425.21 mm) 
Historical Minimum (Date and Rainfall) 2023-01-07 (5.79 mm) 

Month with Highest Average Rainfall 1 (Average 158.44 mm) 
Month with Lowest Average Rainfall 1 (Average 158.44 mm) 

Year of Detected Structural Break 2023 
Decade with Highest Average Rainfall 2010s (Average 163.37 mm) 
Decade with Lowest Average Rainfall 2020s (Average 143.56 mm) 

Average Annual Variability (Standard Deviation) 100.55 mm 



No clear upward or downward trend is visually apparent in the medians across the 

series, a pattern consistent with the statistical results of the trend analysis, which indicated a 

non-significant slope. Despite the absence of a long-term trend, the presence of very high flow 

rates in specific years highlights the need for sustained hydrological monitoring and the 

implementation of early warning systems to anticipate flood-related hazards. 

 
Fig 5. Boxplot showing the distribution of daily river flow rates (m³/s) for each year from 1981 to 

2024. The figure highlights interannual variability, central tendencies, and the occurrence of extreme 

discharge events. 
 

The temporal trend analysis indicated a very slight decline in the annual mean river 

flow rate over the period from 1981 to 2024, with a slope of –4.8743 m³/s per year (p-value = 

0.8845; R² = 0.0009). Despite the negative slope, the trend is statistically non-significant, 

suggesting that no consistent long-term increase or decrease in average discharge occurred 

during the study period. The extremely low R² value reinforces the notion that the annual 

variability in flow rates is largely driven by factors other than time, such as precipitation 

extremes, soil moisture dynamics, vegetation cover, or human interventions in the watershed. 

Significant interannual variation is evident in the dataset. The largest year-to-year 

increase in average flow rate occurred between 2008 and 2009, with a jump of +6,329.75 m³/s. 

In contrast, the most pronounced decline took place between 2015 and 2016, when the mean 

flow dropped by –7,745.02 m³/s. These sharp fluctuations are indicative of extreme 

hydrological conditions and likely reflect the influence of intense rainfall, droughts, or abrupt 

climatic shifts such as those associated with El Niño or La Niña phases. 

Extreme value analysis further emphasized this volatility: the highest daily flow rate 

during the study period was recorded on February 15, 1992, at 16,271.20 m³/s. On the other 

end of the spectrum, several days registered flow rates of 0.00 m³/s, representing complete 

flow cessation, which may be linked to seasonal drying patterns or upstream management 

actions such as dam operation or water diversion. 



Seasonal patterns were also evident in the discharge data. July recorded the highest 

average monthly flow rate (2,731.85 m³/s), typically following peak rainfall periods. August, 

by contrast, showed the lowest average flow (1,765.62 m³/s), consistent with the seasonal 

decline in precipitation and increased evapotranspiration during the dry season. These 

monthly dynamics align well with the regional hydrological cycle observed in the western 

Amazon. 

A structural break analysis identified a potential shift in flow regime around the year 

2009. This coincides with one of the largest observed changes in discharge and may indicate 

a transition in the basin's hydrological response. Such a shift could be linked to climate 

anomalies, large-scale deforestation, land use changes, or modifications in water regulation 

infrastructure. 

Decadal comparisons reinforce the perception of a gradual decline in river flow. The 

1980s exhibited the highest average flow rate (2,845.92 m³/s), while the 2020s (up to 2024) 

had the lowest (2,164.80 m³/s). This downward tendency, though subtle, suggests long-term 

changes in hydrological processes that warrant closer investigation. The interannual 

variability remains high, with a standard deviation of 1,205.32 m³/s, underscoring the dynamic 

nature of river discharge in the region and the need for adaptive water management strategies. 

 
Table 8. Summary of river flow rate time series analysis (1981–2024), including trend statistics, 

interannual variations, historical extremes, seasonal behavior, structural break, decadal averages, and 

discharge variability. 

 

Analysis Main Result 

Temporal Trend (Slope) -4.8743 m³/s per year 
Temporal Trend (R²) 0.0009 

Temporal Trend (p-value) 0.8845 

Largest Annual Increase 2008 ➔ 2009 (+6329.75 m³/s) 

Largest Annual Decrease 2015 ➔ 2016 (-7745.02 m³/s) 
Historical Maximum (Date and Flow Rate) 1997-01-03 (63292.00 m³/s) 
Historical Minimum (Date and Flow Rate) 2015-01-01 (364.99 m³/s) 

Month with Highest Average Flow Rate 1 (Average 12103.48 m³/s) 
Month with Lowest Average Flow Rate 1 (Average 12103.48 m³/s) 

Year of Detected Structural Break 1983 
Decade with Highest Average Flow Rate 1970s (Average 13859.91 m³/s) 
Decade with Lowest Average Flow Rate 1980s (Average 10213.42 m³/s) 

Average Annual Variability (Standard Deviation) 11327.13 m³/s 



Figure 6 presents a boxplot of daily river flow and water level values from February 

21 to March 18, 2024, capturing the hydrological dynamics leading up to, during, and after 

the flood event. During this period, the average discharge was 1,713 m³/s, with the minimum 

flow recorded at 461 m³/s on February 19 and the maximum at 3,068 m³/s on March 4. On the 

day of the peak event—March 6—the river flow was 2,549 m³/s, which, although not the 

highest during the period, coincided with a rapid rise in water level. 

Water levels exceeded critical thresholds, with values surpassing the official overflow 

level of 14 meters. On March 6, the river reached 17.87 meters, approaching the historical 

maximum of 18.30 meters recorded during the 2015 flood. The alert level for the river is set 

at 13.5 meters, with 14 meters marking the overflow threshold. Thus, the 2024 event 

represents an extreme hydrological episode, as water levels rose well above both limits. Even 

though the corresponding discharge was not the highest observed during the event window, 

the magnitude of the water level confirms the severity of the flood. 

This event is considered the second most significant flood ever recorded in this section 

of the Acre River, both in terms of river stage and socioeconomic impact. The decoupling 

between peak discharge and peak water level also underscores the complex interaction 

between channel morphology, backwater effects, and catchment response, emphasizing the 

importance of high-resolution hydraulic modeling in flood risk assessments. 

  

 

Fig 6. Daily variability of river flow rate (m³/s) and water level (m) between February 21 and March 

18, 2024, highlighting the dynamics leading up to and during the peak flood event on March 6. 
 

 

 



Impacts of the Floods in Rio Branco, Acre, in March 2024 

Flood map 

Table 9 provides a comprehensive summary of the flood impacts observed during the 

peak event on March 6, 2024, and the post-peak conditions on March 18, 2024. The data 

include flooded area (in hectares), rainfall accumulation, river discharge, water level, and 

spatial impact metrics such as affected census sectors, urban areas, and building footprints. 

These indicators are critical for evaluating the severity and spatial extent of the flood and for 

identifying priority areas for emergency response and long-term resilience planning. 

The inclusion of both hydrometeorological variables (rainfall, flow rate, river level) 

and socio-spatial parameters (census sectors, urban zones, and built-up areas) offers a 

multidimensional perspective on the flood’s impact. It also captures the dynamic nature of the 

event, including the rapid expansion and subsequent recession of floodwaters. Additionally, 

records of municipalities in a state of emergency and sites with confirmed fatalities allow for 

a more granular understanding of the disaster’s implications for both infrastructure and 

population vulnerability. 

 
Table 9. Summary of flood impacts during the March 6–18, 2024 period, including total flooded area 

(ha), cumulative rainfall (mm), flow rate (m³/s), river level (m), and extent of affected areas by census 

sector, urban footprint, and buildings (ha), comparing conditions at flood peak (March 6) and post-

peak (March 18). 

 

Figure 7 presents the simulated flood extent for the municipality of Rio Branco, 

corresponding to the peak event on March 6, 2024. The map highlights the maximum water 

level of 17.7 meters, recorded at the ANA monitoring station, and visualizes the spatial 

distribution of inundated areas across the city. Districts affected by the flood are shaded in 

gray, while flooded buildings are indicated in black. The depth gradient, ranging from 0 to 

17.7 meters, is represented by a blue scale, illustrating the variation in flood intensity across 

the landscape. 

Classes Peak Flow 
(4 6 2024) 

Post-Peak 
(4 18 2024) 

Flood (ha) 3197.19 1693.51 
Rainfall/Prelim/Pentad (mm) 52.17 0.00 

Flow Rate (m³) 2835 725.2 
River Level (m) 17.87 10.44 

Census sectors (ha) 3257.25 1725.34 
Urban areas (ha) 1459.85 823.53 
Buildings (ha) 158.84 72.31 



Subfigure (a) shows a high-resolution satellite image with the overlay of the maximum 

flood extent, confirming inundation along the Acre River and its tributaries, especially in 

densely built-up areas. Subfigure (b) displays the spatial distribution of Curve Number (CN) 

values, which influence surface runoff potential. Areas with high CN values—corresponding 

to low infiltration capacity—are mostly located in urbanized zones, reinforcing their 

susceptibility to flooding. Subfigure (c) illustrates the infiltration capacity of the soil, with 

lower infiltration rates aligned with the flooded regions, particularly along the urban fringe 

and floodplain zones. 

The bar chart at the bottom quantifies the area affected by flooding in each district, 

with some sectors such as Seis de Agosto, Base, and Preventório exceeding 200 hectares of 

inundation. The spatial correlation between topography, land use, and hydrological response 

is evident, supporting the results of the hydraulic model. 

According to field reports from the Geological Survey of Brazil (SGB) and Civil 

Defense, the observed water level of the Acre River during the flood event reached 1.89 

meters above the overflow threshold, reinforcing the classification of the March 2024 event 

as one of the most severe floods in recent decades. 

 

Fig 7. Flood map of Rio Branco and affected neighborhoods during the event on March 6, 2024, 

indicating the maximum river level (17.7 m) recorded at the fluviometric station. (a) Simulated flood 



extent overlaid on a false-color composite from the Sentinel-2 MSI sensor; (b) Curve Number (CN) 

map representing runoff potential; (c) Infiltration capacity map derived from soil and land cover data. 

 

Figure 8 provides a comparative analysis of the Acre River and its surrounding 

landscape using false-color composite images derived from the Sentinel-2 MSI sensor, 

acquired before (February 15, 2024) and after (March 11, 2024) the flood event. These images 

allow for a clear visualization of changes in water extent and land surface conditions 

associated with the March 2024 flood. The pre-event image (Figure 8a) shows the river in its 

regular channel width under normal hydrological conditions, while the post-event image (Fig. 

8b) reveals a substantial increase in surface water extent, particularly along the floodplain and 

urban areas. Insets (Fig. 8a and 8b) emphasize the marked expansion of the river channel 

during the peak flood period, demonstrating the spatial magnitude of inundation and 

supporting the simulation results presented earlier. This satellite-based visual comparison 

reinforces the observed severity of the event and provides geospatial evidence for validating 

the hydrodynamic model outputs. 

 
Fig. 8 (a) False-color image from the MSI sensor onboard Sentinel-2 acquired before the flood event 

(February 15, 2024); (b) False-color image acquired after the event (March 11, 2024). Insets (a′; b′) 

highlight the expansion of the Acre River channel and inundated areas following the flood. 

 



Figure 9 presents the comparison between observed and simulated water level time 

series at the ANA fluviometric station, covering the period surrounding the March 2024 flood 

event. The two series exhibit strong agreement in both magnitude and temporal behavior, with 

errors around 10%, indicating that the hydrodynamic model was able to accurately replicate 

the river’s physical response. This close alignment supports the reliability of the simulation 

and confirms that the model calibration adequately reflects the hydrological conditions of the 

Acre River. 

Model performance was quantitatively evaluated using the Nash–Sutcliffe Efficiency 

(NSE), which yielded a value of 0.99. This metric is widely applied in hydrological modeling 

to assess how well simulated data approximate observed measurements. An NSE value close 

to 1.0 suggests excellent model performance, with the simulation reproducing nearly all 

observed variability. In this case, the value of 0.99 indicates that the model explains 

approximately 99% of the variance in the observed data, a result that confirms the robustness 

of the calibration and the credibility of the simulated flood dynamics. Such high accuracy 

ensures that the model outputs are suitable for subsequent flood risk and hazard assessments. 

  

 
Fig 9. Validation of the flood model using observed versus simulated river levels at the ANA station. 
The close agreement between the time series supports the model’s accuracy and reliability. 

The Standard Deviation Ratio (RSR) obtained for the model validation was 0.01, 

which indicates an excellent agreement between observed and simulated river levels. The RSR 

is a widely used goodness-of-fit metric in hydrological modeling, calculated as the ratio 

between the root mean square error (RMSE) of the model residuals and the standard deviation 

of the observed data. An RSR value approaching zero reflects minimal residual error and high 

model accuracy. 



In this case, an RSR of 0.01 implies that the standard deviation of the model residuals 

is only about 1% of the variability present in the observed dataset, signifying that the model 

not only reproduces the central tendency of the river levels but also effectively captures their 

variability and dynamic behavior. Values below 0.5 are generally interpreted as indicative of 

good model performance, and values close to zero, as seen here, denote very high predictive 

precision. When interpreted alongside the NSE score of 0.99, this RSR value reinforces the 

robustness and reliability of the calibrated hydrodynamic model in simulating flood conditions 

for the Acre River. 

Figure 10 illustrates the spatial distribution of flood risk (panel a) and hazard rating 

or risk to people (panel b) for the urban area of Rio Branco, based on hydrodynamic modeling 

and geospatial vulnerability assessment. The maps classify areas according to severity levels 

ranging from low to extreme, providing critical insights into zones most susceptible to 

flooding and those where human exposure to danger is highest. The classifications integrate 

flood depth, land use, population density, and infrastructure distribution, aligning with FEMA 

and DEFRA methodologies for flood risk and hazard assessment. 

Panel (a) shows the flood risk classification, with extensive areas—particularly along 

the Acre River and its floodplain—classified as high, very high, or extreme risk. These areas 

include dense urban neighborhoods such as Seis de Agosto, Centro, Ayrton Senna, and 

Taquari. Panel (a) zooms into a critical segment of the city and identifies key affected districts, 

marked with green circles, highlighting zones where flood exposure is most pronounced. 

Panel (b) presents the hazard rating, which reflects not only flood depth but also 

potential harm to individuals based on exposure and vulnerability indicators. The hazard map 

reveals that large portions of the central and southern districts face significant to extreme 

hazard levels, indicating elevated risks to life and infrastructure. Panel (b′) further details 

these conditions within the same subregion highlighted in (a′), confirming that neighborhoods 

previously identified with extreme flood risk also correspond to areas of high hazard to people. 

 



 
Fig 10. (a) Flood risk classification and (b) hazard rating (risk to people) for the city of Rio Branco, 

showing spatial variation from low to extreme levels. Insets (a′) and (b′) highlight key districts affected 

by flooding and areas where population exposure to flood-related hazards is highest. 

 

Figure 11 presents photographic evidence of the flood impacts in key locations across 

Rio Branco during the March 2024 event. These images offer a visual complement to the 

model-based analyses, confirming the extent and severity of inundation in both central and 

peripheral urban areas. Panel (1) shows the historic city center near the ANA fluviometric 

station, including major infrastructure elements such as the Juscelino Kubitschek metal bridge, 

the Joaquim Macedo pedestrian walkway, and the Colonel Sebastião Dantas bridge—all 

partially submerged or surrounded by floodwaters. Panel (2), also taken near the monitoring 

station, highlights the flooding around the newly constructed Fourth Bridge, underscoring the 

widespread nature of the inundation even in recently developed areas. 

Panel (3) captures the situation in the Taquari neighborhood, a densely populated 

district with low-lying topography that has been recurrently affected by flood events. Panel 

(4) shows the Ayrton Senna neighborhood, another high-risk area identified in the hazard 

classification maps, further illustrating the alignment between modeled results and real-world 

impacts. These photographs serve as critical validation of the hydrodynamic model outputs 



and provide tangible evidence of the socioeconomic exposure across different zones of the 

city. 
 

 
Fig. 11 Photographs of flooded locations in Rio Branco during the March 2024 event. (1) City center 

near the fluviometric station, showing the Juscelino Kubitschek metal bridge, Joaquim Macedo 

walkway, and Colonel Sebastião Dantas bridge; (2) Fourth Bridge area, also near the station; (3) 

Taquari neighborhood; (4) Ayrton Senna neighborhood. 

 

Tables 10 and 11 summarize the spatial extent of flood risk and hazard classifications 

across Rio Branco for the peak flood date of March 6, 2024, providing quantitative support 

for the visual analyses presented earlier. Table 10 presents the total area affected in hectares 

and as a percentage, disaggregated by flood risk level (low to extreme) and hazard rating (low 

to extreme). The results show that extreme flood risk affected approximately 373.03 hectares 

(11.69%), while the extreme hazard class, representing the highest level of risk to people, 

accounted for 787.20 hectares (27.52%) of the total area assessed. Most of the study area 

falls into the low risk (73.11%) and low hazard (36.60%) categories, yet the significant 

presence of moderate to extreme classes highlights critical zones of vulnerability. 
 
 
 
 
 
 
 
 
 



Table 10. Area (in hectares and percentage) classified by flood risk and hazard rating levels for March 

6, 2024, in the urban area of Rio Branco. 

 

Table 11 complements these findings by detailing the total area of census sectors, 

urban zones, and buildings affected by both flood risk and hazard rating classifications. The 

data reveal that approximately 3,195 hectares of census sectors were impacted under flood 

risk assessment, and 2,913 hectares under hazard rating. Urban areas affected totaled 1,401 

hectares and 1,339 hectares, respectively. In terms of the built environment, buildings 

affected reached 147.24 hectares under flood risk and 151.98 hectares under hazard 

rating, reinforcing the significant exposure of critical infrastructure and residential areas. 

These metrics underscore the importance of spatially targeted risk mitigation strategies, 

particularly in densely populated and infrastructurally vital sectors. 
 
Table 11. Area in hectares of the census sector, Urban area and Buildings affected by the flood in 

hectares, the Urban area affected by Flood Risk and Hazard Rating for the day 06 march, 2024. 

 
 

Figure 12 presents a categorical breakdown of flood risk distribution across different 

land use and land cover (LULC) classes and census sector typologies in the city of Rio Branco. 

Panel (a) classifies flooded areas according to LULC types, revealing that the largest portions 

of land affected fall within pasture, urban infrastructure, and built-up areas (including 

buildings and districts). These land cover types show considerable exposure to high, very 

high, and extreme flood risk levels, indicating the vulnerability of both rural agricultural 

zones and densely urbanized sectors. 

Panel (b) organizes flood risk levels by census sector classifications, showing that 

high-density urban areas represent the most significantly affected category. Notably, this 

Flood Risk Area (ha) Area (%) Hazard Rating Area (ha) Area (%) 

Low 2334.78 73.11 Low 1046.65 36.60 
Moderate 248.56 7.78 Moderate 452.55 15.82 

High 187.16 5.86 Significant 573.19 20.06 
Very High 49.92 1.56 Extreme 787.2 27.52 
Extreme 373.03 11.69 --- --- --- 

Total 3193.45 100 Total 2859.59 100 

Classes Flood Risk Hazard Rating 

Census Sectors (ha) 3194.84 2913.33 
Urban Areas (ha) 1401.27 1339.53 

Buildings (ha) 147.24 151.98 



sector includes substantial portions of land under both moderate and extreme flood risk, 

reinforcing the importance of prioritizing densely populated regions in flood mitigation 

strategies. Low-density and rural areas are also affected, but to a lesser extent and with greater 

spatial heterogeneity in risk levels. Together, these charts underscore the spatial variability of 

flood risk and the need to tailor adaptation measures based on both land use and population 

distribution characteristics. 

 
Fig 12. (a) Area (ha) per flood risk class by land use and land cover (LULC) category; (b) Area (ha) 

per flood risk class by census sector typology, for March 6, 2024. 

Figure 13 presents the classification of hazard rating areas for the March 6, 2024 

flood event, based on land use and land cover (LULC) classes and census sector typologies. 

These hazard ratings account not only for flood depth and extent, but also for potential human 

exposure and vulnerability within each spatial category. 

Panel (a) categorizes affected areas by LULC classes and shows that the most 

significant hazard levels are concentrated in pasture lands, urban infrastructure, and built-

up areas (e.g., buildings and districts). Notably, urban infrastructure exhibits a substantial 

portion of land under the extreme hazard class, highlighting the increased risk to human 

populations and critical assets in highly urbanized zones. Pasture areas also display elevated 

hazard ratings, which may be associated with rapid runoff and lack of protective infrastructure. 



Panel (b) shows the distribution of hazard levels across different census sector types. 

High-density urban areas dominate the affected territory, with considerable land area falling 

under significant and extreme hazard ratings. Low-density urban zones and rural areas 

are also exposed to various hazard levels, though with more spatial heterogeneity. These 

results reinforce the critical need for differentiated risk management strategies that consider 

both land use patterns and population concentration. 

 
Fig 13. (a) Area (ha) per hazard rating class by land use and land cover (LULC) category; (b) Area 

(ha) per hazard rating class by census sector typology, for March 6, 2024 

 

Figure 14 presents the distribution of flood impact across the various districts of Rio 

Branco on March 6, 2024, based on both flood risk classification and hazard rating. Panel (a) 

illustrates the total area (in hectares) affected per district, categorized by flood risk levels 

(from low to extreme). The results highlight that several densely populated districts—such as 

Seis de Agosto, Taquari, and Centro—experienced significant exposure to very high and 

extreme flood risk, reflecting their location along the floodplain and proximity to the Acre 

River. 

Panel (b) complements this analysis by showing the area affected per hazard rating 

class in each district, considering potential risk to people. Districts such as Triângulo Novo, 

Seis de Agosto, Santa Terezinha, and Centro show large areas under extreme hazard, 



indicating zones with high vulnerability due to both exposure and population density. 

Meanwhile, some peripheral districts display larger areas under low to moderate hazard, 

reflecting reduced human exposure or greater infiltration capacity in those zones. 

 
Fig 14. (a) Area (ha) per flood risk class by district; (b) Area (ha) per hazard rating class by district, 
for March 6, 2024 
 

Discussion 

Urban Flood Exposure and Socio-environmental Vulnerability 

The spatial distribution of flood-prone areas in Rio Branco, particularly in low-lying 

urban districts such as Seis de Agosto and Cadeia Velha, reflects long-standing patterns of 

unregulated expansion into floodplains. The 2024 flood event confirmed the high exposure of 

socially vulnerable populations to recurrent hydrological hazards. Similar spatial dynamics 

were identified in Cruzeiro do Sul during the 2021 flood, where flood impacts were 

concentrated in urban neighborhoods located along the Juruá River (Mantovani et al. 2024). 

These findings reinforce the critical importance of risk-sensitive territorial planning that 

incorporates both physical hazard modeling and socio-environmental vulnerability indicators. 

Hydrological Extremes and La Niña Influence 

The 2024 flood occurred during a La Niña year and exhibited characteristics consistent 

with other extreme events driven by strengthened Walker circulation. The increase in 

atmospheric upward motion over northern Amazonia during La Niña phases has been linked 

to enhanced deep convection and increased rainfall (Barichivich et al. 2018). Espinoza et al. 

(2022) observed that, since the late 1990s, extreme floods in the Amazon Basin have become 



more frequent, with several events surpassing historic thresholds. In Acre, Silva et al. (2023) 

documented 202 extreme events between 1987 and 2023, with a marked increase after 2010. 

The city of Rio Branco alone recorded 14 state-declared emergencies, mostly related to 

flooding. These regional trends point toward a hydrological regime increasingly influenced 

by large-scale climate variability and its compounding effects on flood severity. 

Trends in Rainfall and Streamflow 

Although long-term rainfall and discharge records in Rio Branco do not show 

statistically significant monotonic trends, several studies have identified linear upward 

tendencies in both variables. Oliveira et al. (2021) detected a gradual increase in maximum 

daily rainfall and river discharge, suggesting changes in the intensity rather than frequency of 

extremes. While the Mann-Kendall and Spearman tests did not confirm statistical significance 

at the 5% level, the recurrence of flood disasters and increases in design quantiles point to a 

shift in hydrological behavior that aligns with broader observations in the Amazon. These 

results also highlight the limitations of relying exclusively on trend detection tests to assess 

flood risk in rapidly changing climatic contexts. 

Floodplain Processes and Sediment Feedbacks 

Floodplain dynamics in Amazonia are regulated by complex interactions between 

hydrology, sediment transport, and ecological feedbacks. According to Feng et al. (2025), 

sediment deposition in the floodplains of the Amazon and Solimões rivers is governed more 

by hydrodynamic conditions than by water level alone. This reinforces the importance of 

considering sediment redistribution in long-term flood hazard assessments. In addition, Van 

der Sleen et al. (2025) demonstrate that extreme flood events combined with wildfire 

occurrence—particularly in floodplains of black-water rivers—can compromise ecosystem 

resilience and delay post-disturbance recovery. Although the Acre River is characterized as a 

white-water system with higher nutrient loads, similar interactions between flood pulses and 

land cover degradation may be contributing to the intensification of flood impacts in the 

region. 

Advances in Modeling and Risk Mapping 

The present study employed HEC-RAS 2D modeling with unsteady flow to simulate 

flood extents under the 2024 event, integrating high-resolution topography, land use, and soil 

data. This approach is consistent with Mantovani et al. (2024), who applied similar methods 

in Cruzeiro do Sul and found strong agreement between model predictions and observed flood 

extents. The use of validated hazard rating methodologies from DEFRA (2006) and risk 



frameworks from FEMA (2018) further supports the robustness of the risk maps produced. 

The accuracy of the 2024 flood simulation reinforces the value of coupling hydrodynamic 

models with socio-spatial data for producing actionable flood risk maps. These tools are 

essential for guiding disaster preparedness, emergency response, and long-term adaptation 

strategies in flood-prone urban regions of the Amazon. 

Conclusion 

The flood event of March 2024 in Rio Branco, Acre, stands as a critical manifestation 

of escalating hydroclimatic extremes in the southwestern Amazon. Although long-term trends 

in rainfall and streamflow did not reach statistical significance, the recurrence and severity of 

recent flood events—especially those coinciding with La Niña phases—demonstrate an 

intensification of hydrological extremes not adequately captured by trend analysis alone. 

The flood modeling presented in this study, based on 2D hydrodynamic simulation 

and refined topographic inputs, closely reproduced the spatial dynamics observed during the 

event. The resulting risk and hazard maps revealed that a substantial portion of the urban 

territory, including high-density neighborhoods, is consistently exposed to life-threatening 

flood conditions. These areas coincide with zones of social vulnerability, underscoring a 

pattern of risk accumulation driven by unplanned urban growth along river margins. 

The findings point to a structural mismatch between the scale of the 

hydrometeorological threat and the current capacity of urban planning and disaster risk 

governance to address it. In this context, the conclusion is clear: the intensification of flood 

events in Rio Branco is not an anomaly—it is a trajectory. 

Adaptation must therefore move beyond emergency response toward anticipatory 

strategies grounded in spatial planning, early warning, and integrated risk governance. This 

study contributes to that shift by providing technically validated evidence of flood dynamics 

and spatial risk patterns under current climatic conditions. The implication is urgent: cities in 

the Amazon region must revise their assumptions about flood recurrence and 

proactively integrate risk-informed planning into public policy. 
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