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Abstract: The global increase of urban areas highlights the need to improve their adaptation to
extreme weather events, in particular heavy rainfall. This study analyzes the impacts of in-situ
rain gauges’ distribution (by applying the fractal dimension concept) associated with a spatial
diagnosis of flood occurrences in the municipality of Itaperuna, Rio de Janeiro–Brazil, performing
an investigation of flood susceptibility maps based on transitory (considering precipitation) and on
permanent factors (natural flood susceptibility). The fractal analysis results pointed out that the
rain gauges’ distribution presented a scaling break behavior with a low fractal dimension (0.416) at
the small-scale range, highlighting the incapacity of the local instrumentation to capture the spatial
rainfall variability. Thereafter, the cross-tabulation method was used to validate both predictive maps
with recorded data of the major January 2020 event, which indicated that the transitory factors’ flood
map presented an unsatisfactory Probability of Detection of floods (POD = 0.552) when compared
to the permanent factors’ map (POD = 0.944). These issues allowed to consider the hydrological
uncertainties associated with the sparse gauge network distribution and its impacts on the use of
flood susceptibility maps. Such methodology enables the evaluation of other municipalities and
regions, constituting essential information in aid of territorial management.

Keywords: flood impacts; extreme events; hydrological uncertainties; fractal analysis; flood
susceptibility maps; cross-tabulation; predictive analytics

1. Introduction

The increasing urbanization, associated with the disordered occupation of the riverbanks and
the suppression of the vegetation, leads to the soil sealing of the urban basins and, consequently,
increases susceptibility to flooding of these basins [1–8]. Despite the widespread acceleration of this
urban growth, only in some cases, the infrastructure was considered as a determining factor during
the expansion phase [9–13]. In Brazil, the problems currently faced are even more significant in
medium-sized cities (between 100,000 and one million inhabitants), that present an average annual
growth of over 1% per year (while for municipalities with more than one million inhabitants this
growth varies between 0 and 1% per year) [14].

According to Carneiro and Miguez [15], large urban centers have become the main target of
migrant populations, contributing to the increase of demographic density. Thus, a large part of
the community tends to live in habitations located in critical areas, usually without sanitation and
infrastructure, due to the financial and proper urban planning deficiencies.

Rezende [16] argued that the urbanization process usually begins in the most easily accessible
areas and construction conditions, i.e., in the lower areas of the basin, making it suitable for the
productivity and installation of communities. After such occupation, the urbanization process is
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directed to the higher regions, making it challenging to retain rainwater due to the replacement of
the present vegetation by impermeable areas. This mechanism of impermeabilization increases the
velocity and surface runoff volume and hence triggers flooding in the lower regions.

Currently, flooding in urban centers corresponds to one of the main dilemmas of cities [17–20],
causing numerous losses concerning environmental, social, economic, and public health risks [21].
Therefore, it is necessary to evaluate the several impacts of these floods in which the process of
the mapping of areas affected through graphical visualization tools is presented as a fundamental
instrument to control and prevention [2,6–8,10,12,20]. In this process, the use of data from topography,
soil occupation, precipitation and flow rates [2,22,23], and climate change [24–27] is essential for
estimating the probabilities of events’ occurrences, especially extreme ones, and their possible
consequences [22,26,28].

This work presents a spatial diagnosis of floods in the municipality of Itaperuna, which is a
1105.341 km2 semi-urbanized area with approximately 100,000 inhabitants located in the Northwest
region of the state of Rio de Janeiro (Brazil) [29], inside the Muriaé River catchment.

Firstly, we aimed to analyze the instrumentation scarcity of the Muriaé River basin, which impacts
the hydrological system reliability of the catchment. For this purpose, we took advantage of the fractal
dimension concept to perform a spatial analysis of the catchment instrumentation [30]. This concept
addresses the sparseness of the dataset and applies to binary fields (e.g., rain gauge network distribution,
rainfall occurrence, river network, green roof occurrence, sewer network geometry, and distribution) [31–35].
Furthermore, associated with the fractal analysis of the instrumentation distribution, we discussed
the impacts of sparsely-distributed rain gauges’ network on the choice and construction of flood
susceptibility maps (based on transitory or permanent factors). In this context, we applied the
Cross-Tabulation method to analytically validate the use of both maps, and analyze and compare their
capacity of flood prediction.

Then, we elaborated on a spatial diagnosis of the flood occurrences and analyzed its impacts
on the municipality of Itaperuna, through a GIS (Geographic Information System) platform, in this
case using the opensource QuantumGIS (https://qgis.org/en/site/). By dealing in an integrated GIS
environment with maps of floods’ susceptibilities, population and habitations’ spatial distribution,
gauge locations, and municipal hydrography obtained by official data, we were able to consider the
uncertainties associated to the insufficient gauge network and to estimate the population and properties
affected by floods with different degrees of susceptibilities.

Finally, to achieve these goals, this article is structured as follows: the second section presents the
case study description, a brief history of floods that hit the municipality (and the Muriaé River basin),
the physical characterization of the area, the flood susceptibility maps, the analytical validation
Cross-Tabulation method, the census sector maps approach, and the fractal analysis methodology;
the third section presents the results; and finally, the fourth section deals with the discussions and
final considerations.

2. Materials and Methods

2.1. Study Context Area: Municipality of Itaperuna, Rio de Janeiro–Brazil

The municipality of Itaperuna locates in the Northwest region of the state of Rio de Janeiro (RJ),
near the borders with the states of Minas Gerais (MG) and Espírito Santo (ES), in Brazil. According
to the Brazilian Institute of Geography and Statistics [29], the municipality has a territorial area of
1105.341 km2 and a population estimate for 2019 of 103,244 inhabitants (95,841 people in the last census
of 2010, which shows a significant advance of the population in the previous decade). In addition,
according to the Itaperuna Municipal Welfare Plan of the Municipal Secretariat of Social Action,
Housing, and Labor, in 2000, the floating population of the municipality was estimated at 5000 people,
mainly attracted by the study options [36–38].

https://qgis.org/en/site/
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The territorial area of the municipality of Itaperuna is located inside the Muriaé River basin (which
has a total area of 8126 km2 [39]) and is bordered by two main rivers: Muriaé and Carangola (Figure 1).
The Muriaé River, a tributary of the left bank of the Paraíba do Sul River, originates from the confluence
of the Samambaia and Bom Sucesso streams, near the city of Miraí (at 900 m altitude) in the “Zona da
Mata” of Minas Gerais. It is about 300 km long, and its main tributaries are the Gloria River, in Minas
Gerais territory, and the Carangola River, just upstream from Itaperuna [40].
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Figure 1. The Muriaé River basin, the municipality of Itaperuna, and the rain gauges’ locations.

Since the 19th century, the Muriaé River basin has undergone a deforestation process, with high
suppression of the Atlantic Forest for the development of coffee cultivation in the “Zona da Mata.”
Related to this, the increasing irregular occupation of the margins also contributed to the impacts
on the populations of the basin municipalities (among the most relevant in terms of population are
Muriaé/MG and Itaperuna/RJ) [40].

Until 2019, the worst floods recorded in the basin were identified in 1925, twice in 1943, 1961, 1979,
1985, 2008, 2010, and late 2011/early 2012 [39,41]. In late 2011 (early 2012, Figure 2a), major flooding of the
Muriaé River led the State Government of Rio de Janeiro to issue an emergency to seven municipalities
in the North/Northwest region of the state [39]. More recently, in January and February 2020,
two subsequent major floods (estimated as the worst events recorded thus far, considering the area
and population affected) of the Muriaé River affected the cities of Bom Jesus do Itabapoana/RJ,
Porciúncula/RJ, Natividade/RJ, Santo Antônio de Pádua/RJ, Patrocínio do Muriaé/MG, Carangola/MG,
Muriaé/MG, Laje do Muriaé/RJ, Italva/RJ, Cardoso Moreira/RJ, and Itaperuna/RJ (Figure 2b).
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Figure 2. (a) National highway BR-356 at the center of Itaperuna in January 2012 [42]; (b) Muriaé River
at Itaperuna in February 2020 [43].

Figure 3 displays the water levels of the Muriaé River recorded at the center of Itaperuna/RJ since
1932 [44], where the red line means the flood level (450 cm), the dashed orange line displays the alert
level (390 cm), and the yellow line presents the attention level (290 cm). We can observe that in a period
of fewer than 100 years, 16 flood events were recorded (with an average frequency of ƒ = 0.18); in the
last 50 years, 12 flood events were recorded (ƒ = 0.24); in the last 25 years, the number of recorded flood
events was about eight (ƒ = 0.32); in the last ten years, this number was about five (ƒ = 0.50); and in the
last two years, we have had the two highest events recorded thus far (ƒ = 1.00). This increase in the
frequency of flood occurrences in this region emphasizes the importance of this subject, being related
to the urbanization growth and climate change effects.
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Figure 3. Temporal evolution of the Muriaé River water levels at the urbanized area of the municipality
of Itaperuna, where the red line means the flood level (450 cm), the dashed orange line displays the
alert level (390 cm), and the yellow line presents the attention level (290 cm) [42].

Because of these historical occurrences in the Muriaé River basin, the Mineral Resources Research
Company (CPRM), through the Critical Events Alert System (SACE), implemented in December 2014
the Muriaé River Basin Hydrological Alert System (SAH-Muriaé) to perform basin monitoring and
hydrological forecasts to manage control measures to mitigate impacts on the population. Between
December and March, SAH-Muriaé operates hydrological stations with rain and water level gauges
of the Carangola and Muriaé rivers, issuing high-level warning bulletins [39]. The locations of the
pluviometric stations over the Muriaé River basin are displayed in Figure 1.
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The recurrence of floods in the municipality of Itaperuna requires special attention due to its
essential role in the North/Northwest region of the State of Rio de Janeiro. A vital national highway
(BR-356, Figure 2a), which crosses the city center and helps in the flow of trade in the region linking
the capital of the state of Minas Gerais (Belo Horizonte/MG) to the city of Campos dos Goytacazes/RJ
(a principal city located on the North Coast of the state of Rio de Janeiro), and the São José do Avaí
Hospital, a reference hospital in the region and one of the best and most important in the entire state
of Rio de Janeiro, are some of the several significant points of the city that are reached by recurrent
flooding. Figure 4 presents the mapping of affected regions of the urbanized area of Itaperuna at the
event of January 2020, characterized as the worst recorded since 1932 (see Figure 3). Based on aerial
images recorded by drones [45], we constructed the following flood map (Figure 4) with a resolution of
30 m × 30 m displaying the affected areas during that event. This map will be further used in Section 3
to validate the spatial analysis of the flood impacts on the local population.Water 2020, 12, x FOR PEER REVIEW 5 of 27 
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2.2. Fractal Analysis of the Rain Gauge Network Distribution

This paper uses the concept of fractal dimension to analyze the scarcity of the rain gauge
network [30] over the Muriaé River Basin, which contains the whole area of the municipality of
Itaperuna. Fractals are objects of the irregular form (unusual in classical geometry) with a scale
invariance behavior [46]. Differently from the Euclidian geometry, fractal objects and sets are
characterized by non-integer dimensions, the so-called fractal dimensions (D f ) [47–50].

A simple technique to evaluate the fractal dimension of an object is the box-counting method [51,52].
For a given object of linear size L, embedded in the Euclidian dimension D, this methodology takes into
account the number (N) of small objects of linear size l needed to cover the former one. Defining the
scale ratio λ (=L/l) between the outer scale L and the observation scale l, it considers that when λ→∞ :

Nλ ≈ λ
D f (1)

where Nλ is the number of objects at the scale λ needed to cover the analyzed fractal object or set,
and ≈means the asymptotic equivalence.

This method is easily implemented by performing a change of resolution of the analyzed object
(or set) and then counting the number of non-overlapping pixels (Nλ) at the resolution λ needed
to cover this object. Firstly, the process counted the non-empty pixels at the highest resolution,
which corresponded to the smallest pixel size (l). Then, we upscaled it step by step, decreasing the
resolution λ at each step (multiplying the pixel size by 2), and counted the number of a non-empty
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pixel at this new resolution again. We repeated this procedure until the maximum pixel size (L) was
achieved. Finally, we displayed the numbers of non-empty pixels (Nλ) at different scales (λ) in a log-log
plot (λ vs Nλ). If the object (or set) analyzed is fractal, the points of the log-log plot will fit a straight
line. Using Equation (1), it was possible to estimate the fractal dimension D f by taking its slope.

2.3. Physical-Environmental Characterization and Topography

The most common soil types in the region of Itaperuna are red-yellow argisol, dark red argisol,
red oxisol, orange oxisol, and gleysol [53]. These soils are typical of areas between the Tropics,
being commonly named “tropical soils” [54–56]. The climate of the region is Tropical with dry winter
(Aw, according to the Köppen-Geiger climate classification), characterized by two very distinct seasons:
rainy summer-spring, with December being the month with the highest rainfall, and dry autumn-winter,
with August being the driest month [57]. The average annual temperature in the municipality is
23.6 ◦C, the lowest average of the coldest month (July), 15.2 ◦C, and the highest average of the warmest
month (February), 33.1 ◦C [57].

The relief of the northwestern region of Rio de Janeiro is characterized by an area of gradual
transition from high gradient (mountains, whose average altitude is between 500 and 650 m) to residual
forms, with the occurrence of slightly rounded rocky tops, colluvium, alluvium, and talus deposits [58].
Figure 5 displays the Digital Elevation Model (DEM) of the municipality of Itaperuna [59].
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The lower regions characterized by flat relief, known as lowlands, are areas of high urbanization
potential where a large part of the urban centers of the region are located and also where there is a more
significant occurrence of floods. These regions are mostly composed of gleysols, which have limitations
related to deficient drainage and tend to occur in the lowest relative positions, in general, adjacent to
watercourses. The gleysols are distributed throughout the study area, occupying the largest relative
extensions in Itaperuna. These soils are characterized by a low permeability [60] that contributes to
reduced infiltration capacity of water on the ground and, consequently, provides greater susceptibility
to the occurrence of floods.
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2.4. Flood Susceptibility Maps

Flood susceptibility maps are tools used to identify the susceptible areas to be affected by rising
rivers, allowing the delimitation of these regions with the help of field visits, digital terrain models (via
GIS) [7], historical rainfall series data, and/or hydraulic and hydrological modeling. These maps are,
therefore, crucial for urban planning and the implementation of warning systems, as they allow to
inform the behavior of the rivers during the occurrence of floods to the authorities, the Civil Defense,
and the population [39,61].

The occurrence of floods is related to the geological, topographical, and morphological
characteristics of the basins [62]. The factors that interrelate and are responsible for the occurrence of
these events can be divided into: transitory, which are associated to the rainfall, evapotranspiration
rates and degree of soil saturation; permanent, corresponding to the morphometric characteristics of
the drainage basin and geology; and mixed, that are related to the type of land use and occupation [63].
In this work, we used two flood susceptibility maps built based on transitory and permanent factors
to discuss their characteristics and applications, and then to estimate the affected population and
habitations located in susceptible flood areas.

2.4.1. Flood Susceptibility Map Based on Transitory Factors

The flood susceptibility map built based on transitory factors (provided by the National Water
Agency—ANA [64]) performs a hydraulic diagnosis of the municipality of Itaperuna with the help
of the Hydrologic Engineering Centre’s River Analysis System (HEC-RAS [65]). HEC-RAS, initially
used to simulate the one-dimensional (1D) steady-state flow of water surface profiles [66], is currently
capable of addressing 1D/two-dimensional (2D) steady or unsteady flow in natural or constructed
channels and has been widely used in flood studies [67–73].

The HEC-RAS model considers as input data: the flow conditions, river topobathymetric surveys,
the coefficients of Manning’s roughness, and the contraction and expansion coefficients. Moreover,
to perform the hydraulic diagnosis of the municipality of Itaperuna, the HEC-RAS model uses as
input data the flows obtained from the hydrological model of extreme flows (HEC-HMS), for the
return periods of 2, 10, 25, 50, and 100 years, which are, respectively, 573.4, 1138.6, 1456.6, 1701.9,
and 1970.8 m3/s [74]. The Hydrologic Modelling System (HMS), developed by the US Army Corps of
Engineers [75], simulates the rainfall-runoff response of a river basin system to a precipitation input.
HEC-HMS considers an interconnected network of hydrologic and hydraulic components (including
river basins, streams, and reservoirs) and can be applied for many hydrological applications (e.g.,
urban flooding analysis and flood warning system planning) [76].

In this context, the HEC-HMS simulations performed for the Muriaé River basin to obtain the
required flows for each return period considered the rainfall data provided by the local rain gauges’
network as input to the model.

Then, after introducing the obtained flows into the HEC-RAS model and performing the hydraulic
simulations, the estimated water levels were analyzed in the topobathymetric sections raised in the
river stretches that cross the municipality of Itaperuna. Finally, the flood spots and the information
collected in the field were also evaluated in order to establish the flood susceptibility maps for each
return period (Figure 6) [64].

It is also important to note that some authors associate degrees of flood susceptibility to
return periods. For example, Bründl et al. [77] and Röthlisberger et al. [78] attributed High, Medium,
and Low susceptibilities of flood occurrences to 30-, 100-, and 300-year return periods, respectively.
This categorization, however, was not performed here in the case of flood susceptibility map considering
transitory factors.
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2.4.2. Flood Susceptibility Map Based on Permanent Factors

The flood susceptibility map constructed based on permanent factors (furnished by the CPRM [39])
considers the geological, topographical, and morphological characteristics of the catchment to estimate
the susceptible areas to the overflow of the water level during heavy rains. This investigation consists
of the mapping of regions with natural susceptibility to flooding occurrences, such as floodplains,
low slope zones, and areas next to watercourses. The conception of this map divides into three steps:
(1) the identification of the susceptible regions using morphometric indices, which, according to
Lindner et al. [79], are essential assumptions for studies on hydrometeorological events, such as floods
and droughts; (2) the spatialization of degrees of susceptibility by applying the HAND (Height Above
Nearest Drainage) model [80]; and (3) the combination of the classifications obtained in the previous
two steps.

Initially, in step 1, the morphometric data of the hydrographic basin were obtained from the
available DEM (Figure 5). The Flow Direction and the Contributing Area were firstly generated,
and then, they were also used to create the Drainage Extraction. Subsequently, the exutories of
the sub-basins were manually defined, and the Watershed Delineation demarcated the sub-basins.
After that, the morphometric parameters of the contributing hydrographic sub-basins were selected
and extracted, and then the classification and zoning of flood susceptibilities were performed using
three degrees of susceptibility: high, medium, and low [62].

The morphometric parameters and indexes selected and extracted for each of the sub-basins
that make up the hydrographic basin, in which the municipal territory under analysis is inserted,
were [62,81]: Contribution Area (CA), which refers to the accumulated area in the drainage basin up
to the selected exutory; Relief Ratio (RR), which uses the altimetric amplitude and the length of the
main channel of the sub-basin [82]; Drainage Density (DD), relating the length of drainage to the basin
area [83]; Circularity Index (CI), which describes the area of the sub-basin with the area of a circle of
the same perimeter [84]; and Sinuosity Index (SI), relating the length of the main channel with the
vector distance between canal extremes [85].

To compare the magnitude of these variables and to develop a general index that allows evaluating
the influence of each sub-basin on the occurrence of floods, their corresponding values were normalized
as suggested by Bajabaa et al. [86], establishing a variable scale between 1 (lower susceptibility)
and 5 (higher susceptibility). For the parameters and indexes that are directly proportional to the
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flood phenomenon (CA, DD, CI, and SI), the weighting is given by Equation (2), whereas for the RR,
that denotes an inverse relationship to the occurrence of the phenomenon, Equation (3) is applied [62]:

SD =
4(X −Xmin)

(Xmax −Xmin)
+ 1 (2)

SD =
4(X −Xmax)

(Xmin −Xmax)
+ 1 (3)

where SD is the susceptibility degree; X is the value of the morphometric index/parameter to be
evaluated for each basin; and Xmin and Xmax are, respectively, the minimum and maximum values of
the morphometric indexes/parameters for all sub-basins.

Finally, the standardized parameters and indexes are summed (CA + RR + DD + CI + SI) and
again standardized, now on a scale from 1 to 3, where 1 = low susceptibility; 2 = medium susceptibility,
and 3 = high susceptibility to floods, according to Equation (4) [62]:

SD f =
2(Y −Ymin)

(Ymax −Ymin)
+ 1 (4)

where SDf is the final susceptibility degree; Y is the value of the index/parameter for each basin;
and Ymin and Ymax are, respectively, the minimum and maximum values of the indexes/parameters for
all sub-basins.

In step 2, the flood spatialization uses the HAND model. It measures the altimetric difference
between any point of the DEM grid and the respective flow point in the nearest drainage, considering
the flow path that topologically connects the points of the surface with the drainage network [62,80,87].
The model indicates areas susceptible to flooding by analyzing topographic differences and relative
proximity of rivers. It relates the availability of water in the soil to the vertical distance to the nearest
drainage. Small values of vertical distance (close to zero) indicate regions whose water tables are close
to the surface and, therefore, whose soils are in conditions close to saturation. High values of vertical
distance identify regions with a deep water table, which means well-drained areas [62].

The application step of the HAND model starts from getting the DEM, going to the definition of
Flow Directions, the calculation of the Contributing Area, and the generation of the Drainage Extraction.
Then, the production of the HAND model is performed, followed by the slicing procedure related to
the choice of elevations (or heights) above the average level of the drainage for which the degrees of
susceptibility will be assigned: High, from the average level of drainage to the beginning of the low
terrace (encompassing the current alluvial plain); Medium, from the beginning of the low terrace to the
beginning of the high terrace; and Low, from the beginning of the high terrace [62].

Finally, in Step 3, the results obtained in steps 1 and 2 are integrated, concluding the zoning of
susceptibility to floods within the mapped area. It crosses the SDf calculated by the sub-basin (Step 1)
and the results of the HAND (Step 2) through the Boolean logic [62]. The correlation matrix is indicated
in Table 1.

Table 1. Correlation matrix between Morphometric Indexes and Height Above Nearest Drainage
(HAND) Model [62].

Morphometric
Indexes\HAND Model High Susceptibility Medium Susceptibility Low Susceptibility

High Susceptibility High High Medium
Medium Susceptibility High Medium Low

Low Susceptibility Medium Low Low

Figure 7 shows the map of flood susceptibilities (based on permanent factors) with three
susceptibility ratings: high, medium, and low.
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2.4.3. Maps Validation: Cross-Tabulation Method

To quantitatively validate both methodologies of flood susceptibility map generation, this work
uses the cross-tabulation method [88,89]. This method compares independent observations of two or
more categorical variables. In this case, the cross-tabulation matrix divides into four fields (Table 2):
observations, with and without the occurrence of the phenomenon; and predicted, with and without
prediction of the phenomenon.

Table 2. Cross-tabulation matrix.

Predicted 1 Observations 2
Row Total

Positive Negative

Positive TP 3 FP 5 TP + FP
Negative FN 4 TN 6 FN + TN

Column Total TP + FN FP + TN
1 “Predicted” are associated to the susceptible areas estimated by the flood susceptibility maps based on transitory
or permanent factors; 2 “Observations” correspond to the measurement points, i.e., the real occurrences of the event;
3 TP (true positive) means the correct predictions; 4 FN (false negative) means the unannounced events; 5 FP (false
positive) means the false warning; 6 TN (true negative) means the correctly predicted non-occurrence.

Then, considering the four fields presented in Table 2, we can estimate some predictive analytics
indices and, therefore, quantitatively analyze both methodologies of flood susceptibility map generation.
These indices are as follows:

• The accuracy (ACC) measures the percentage of the assertiveness (correct forecasts, TP + TN)
over the total:

ACC =
(TP + TN)

(TP + TN + FP + FN)
(5)

• The Probability of Detection (POD), Recall (REC), or True Positive Rate (TPR) indicates the ratio
between the events occurred that were predicted by the model (TP) and the total of positive
observations (TP + FN):
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POD =
TP

(TP + FN)
(6)

• The Threat Score (TS) or Critical Success Index (CSI) measures the ratio between the number of
events predicted correctly (TP) and the total events and false alarms (TP + FN + FP). The TS
highlights the importance of correct predictions of the events that have occurred, where the correct
rejections have less relevance and are disregarded from the calculations. This index is a great
indicator of the forecasts of extreme events (as floods), and it can be calculated as:

TS =
TP

(TP + FN + FP)
(7)

• The Error Rate (ERR) or Misclassification Rate measures the percentage of errors (FN + FP) over
the total:

ERR =
(FN + FP)

(TP + TN + FP + FN)
(8)

• The Miss Rate or False Negative Rate (FNR) measures the ratio between the number of unannounced
events (FN) and the total of positive observations (TP + FN):

FNR =
FN

(TP + FN)
(9)

• The False Alarm Ratio (FAR) or False Discovery Rate (FDR) measures the relationship between
false warnings (FP) and the total warnings (TP + FP):

FAR =
FP

(TP + FP)
(10)

• The False Omission Rate (FOR) indicates the ratio between the unannounced events (FN) and the
total of non-predictions (FN + TN):

FOR =
FN

(FN + TN)
(11)

2.5. Census Sector Maps

Following the analysis and validation of the flood susceptibility maps, this work proposes a
further spatial analysis of the population located in flood-prone areas. With this purpose, we used
two different census sector maps provided by the Brazilian Institute of Geography and Statistics
(IBGE, “Instituto Brasileiro de Geografia e Estatística”) [90] based on: population per area (Figure 8) and
habitations per area (Figure 9). Both maps are a formulation of the last census released in 2010. It is
possible to observe the higher densities for both maps at the municipality’s center, which is considered
an urbanized area.
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3. Results

In this work, we firstly analyzed the rain gauge network’s distribution of the Muriaé River basin,
with the help of the fractal dimension approach. The focus of this investigation is related to the
occurrence of floods in the municipality of Itaperuna; according to this, the rain gauges’ analysis
should direct to upstream of the basin since the local river section counts with the volume of rainfall
precipitation accumulated on their previous sections and its affluents. Taking into account the rainwater
capture and its fluvial conduction, and considering the high upstream impacts on hydrological processes
in which the precipitation is a major driving factor [91–94], we selected a square area of 64 km × 64 km
inside the Muriaé River basin upstream Itaperuna city center (Figure 10). This choice considers the
highest number of rain gauges inside the catchment and their influence on the hydrological studies
addressing the Muriaé River at Itaperuna [95–97]. The selected square area covers 46 of the 57 rain
gauges of the catchment. Furthermore, a grid size of 1 km × 1 km was used, to associate the spatial
distribution of the rain gauges with the resolution of S-band Doppler polarimetric weather radar
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(operated by the Environmental State Institute of Rio de Janeiro—INEA [98,99]) data that covers the
study area. Nevertheless, no radar data has been used in this work.
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Figure 10. Muriaé River basin and the municipality of Itaperuna locations, rain gauges’ distribution
(blue dots), and the 64 km × 64 km selected area with a grid size of 1 km × 1 km.

Then, we performed the box-counting method, using a Scilab routine [33,100], to estimate the
fractal dimension of the rain gauges’ distribution (Figure 11). A scaling break was identified at the
spatial scale of 16 km, which means that the rain gauges’ distribution presents two different scaling
behaviors at the large (16 km–64 km) and small (1 km–16 km) scales. Both scaling behaviors were
robust, with linear regression coefficients (R2) higher than 0.95.
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The large-scale range is characterized by a high fractal dimension (D f = 1.85, close to the
embedding dimension D = 2, and of the same order of fractal dimensions estimated for rain gauges’
network distributions found in the literature [30,101–104]). That means that from the observation scale
of 16 km up to the largest scale (64 km), the studied square area is mostly filled by non-empty pixels
(i.e., pixels with at least one rain gauge). On the other hand, the estimated fractal dimension for the
small-scale range is relatively low (D f = 0.416), meaning that from the smallest observation scale (1 km,
corresponding to the INEA S-band radar data resolution) up to the scale of 16 km, the analyzed area is
barely filled by non-empty pixels. This issue implies that the rain gauges are too concentrated and not
numerically enough to cover the area at the small-scale range.

This result means that the density and distribution of the rain gauges in the Muriaé River basin
are enough only for studies accounting for large scales. However, for the small-scale approaches
(usually related to urban catchments [105–110]), the actual instrumentation is insufficient to capture
the spatial variability of rainfall fields and then to perform accurate modelings and enable better
forecasts [111,112]. Thus, the upstream Muriaé River basin characterizes as an insufficiently-gauged
semi-urbanized catchment.

In addition, since the spatio-temporal variability of the rainfall data has an important role in
the reliability of hydrological modeling (especially for urban flood forecast) [4,106], to cope with
the common sparseness of the rain gauge networks, weather radars have been commonly used to
generate spatio-temporal rainfall estimates [30], covering the whole study areas with rainfall data for
each pixel of the grid. In this context, a viable solution to this lack of local instrumentation and the
associated hydrological uncertainties (in this case, the use of punctual and sparse information instead
of spatially distributed data) over the region of the Muriaé River basin would be to take advantage of
the rainfall data (with a spatial resolution of 1 km × 1 km) provided by the INEA S-band radar already
installed in Macaé/RJ [98,99], which is not used by the water management agents of the municipality
of Itaperuna thus far. Moreover, no risk maps developed in the region use radar data as input data for
their elaboration.

Furthermore, associated with the spatial analysis of the rain gauges’ distribution over the upstream
Muriaé River basin, we assessed the flood susceptibility map based on transitory factors that use these
rainfall data as input to their generation. In a first spatial analysis, the flood susceptibility map built
according to the transitory factors was compared with in-situ data observed in five strategic points of
the city of Itaperuna associated with significant floods that occurred in the municipality. These five
points highlighted in Figure 12 are: (1) the main municipal commercial and logistic corridor—the
federal highway BR-356; (2) the São José do Avaí Hospital; (3) the Central Zone; (4) the bus terminal;
and (5) the Medium Density Residential Zone.
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According to the photographic validation of the flood susceptibility map (based on transitory
factors) presented in Figure 12, it was observed that:

• The flood susceptibility areas corresponding to return periods of 2, 10, and 25 years were restricted
to the areas of the smallest riverbed;

• The flood susceptibility areas corresponding to return periods of 50 and 100 years extended to
areas of uninhabited floodplains (lower-left corner of the flood susceptibility map displayed in
Figure 12);

• Local (1), which is out of the susceptible areas (considering all analyzed return periods) estimated
by the map, has been affected by five major floods in the last 12 years (2008, 2010, 2012, and twice
in 2020);

• Local (2) has been affected by many floods over the years, where Figure 12 illustrates 1979, 2008,
and 2020’s floods in this located area;

• Locals (3), (4), and (5), which are also out of the susceptible areas (considering all analyzed return
periods), have been affected by at least four floods in the last 12 years (2008, 2012, and twice
in 2020).

In a more quantitative analysis, further validation of both flood susceptibility maps (based on
transitory and permanent factors) was performed applying the Cross-Tabulation Method (presented in
Section 2.4.3). We selected the recorded data of flood spots measured during the major event of January
2020 (Figure 4) to be considered as “observations.” This event was the worst recorded by the municipality
of Itaperuna since 1932 (see Figure 3). Furthermore, to be attributed as “predicted,” we selected
two flood susceptibility maps. The first map, based on transitory factors, considers the simulated
flood susceptible areas for the return period of 100 years (corresponding to the worst-case scenario
analyzed, see Figure 6). The second map, based on permanent factors (Figure 7), accounts the flood
susceptible delimitation defined as “High,” which indicates the areas with high natural susceptibility
to the occurrence of riverine floods (e.g., plains, areas located near the waterways, etc.) where the
simulated floodings based on hydraulic modeling extend. This methodology was applied over the
populated urban area (see the top-right corner of Figure 1 as location reference). Figure 13 displays
three previously mentioned maps on the top and the results of the application of the method between
the recorded data of 2020 and each flood susceptibility map on the bottom.
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Figure 13. Illustration of the Cross-Tabulation Method applied over the populated urbanized area: (1)
the flood susceptibility map considering the high susceptibility based on permanent factors; (2) the
recorded data of flood spots measured during the major event of January 2020; (3) the flood susceptibility
map based on transitory factors with a return period of 100 years; (1 × 2) the application of the method
considering (1) as “predicted” and (2) as “observations”; and (3 × 2) the application of the method
considering (3) as “predicted” and (2) as “observations.”

Tables 3 and 4 present the Cross-Tabulation matrices (see Section 2.4.3) built in the application of
the method between the recorded data of flood spots measured during the major event of January 2020
as “observations” and, respectively, the flood susceptibility map based on transitory factors with a
return period of 100 years and the flood susceptibility map considering the high susceptibility based
on permanent factors as “predicted.”

Table 3. Cross-Tabulation matrix between the flood susceptibility map based on transitory factors with
a return period of 100 years as “predicted” and the recorded data of flood spots measured during the
major event of January 2020 as “observations.”

Predicted
Observations

Row Total
Positive Negative

Positive 2493 296 2789
Negative 2024 23,042 25,066

Column Total 4517 23,338

Table 4. Cross-Tabulation matrix between the flood susceptibility map considering the high
susceptibility based on permanent factors as “predicted” and the recorded data of flood spots measured
during the major event of January 2020 as “observations.”

Predicted
Observations

Row Total
Positive Negative

Positive 7294 905 8199
Negative 432 19,224 19,656

Column Total 7726 20,129

Thus, based on Tables 3 and 4, we estimated the analytical indices presented in Section 2.4.3 for
both matrices (Figure 14). Firstly, with regards to the estimated accuracy (ACC), one may note that both
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values are relatively high (0.917 for the transitory factors and 0.952 for the permanent factors). However,
when analyzing extreme events, it may not be of great interest to consider the correctly predicted
non-occurrences (TN), since this index can positively mask the quality of predictions. On the other
hand, considering the indices Probability of Detection (POD = 0.552 for the transitory factors and POD
= 0.944 for the permanent factors), Threat Score (TS = 0.512 for the transitory factors and TS = 0.845
for the permanent factors), Error Rate (ERR = 0.083 for the transitory factors and ERR = 0.047 for the
permanent factors), False Negative Rate (FNR = 0.448 for the transitory factors and FNR = 0.056 for the
permanent factors), and False Omission Rate (FOR = 0.081 for the transitory factors and FOR = 0.022 for
the permanent factors), it becomes evident the better performance of the flood susceptibility map based
on permanent factors. Finally, the False Alarm Ratio of both maps were quite similar (FAR = 0.106 for
the transitory factors and FAR = 0.110 for the permanent factors).
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Figure 14. Predictive analytics of flood susceptibility maps based on transitory factors (red bars) and
based on permanent factors (blue bars).

Explicitly analyzing the POD and the FOR, the first indicates that among all the positive
observations related to the January 2020 event, the flood susceptibility map based on permanent
factors presented a much better prediction of the occurred events (94.4%) than the map based on
transitory factors (55.2%). Moreover, the False Omission Rate estimated for the transitory factors’
map (8.1%) was almost four times higher than that estimated for the permanent factors’ map (2.2%),
which indicates a lower capacity of the first to deal with the non-predictions of unannounced events
correctly. This issue suggests that many flood events were not predicted and were sub estimated
by the transitory factors’ map. This better performance of the flood susceptibility map built based
on permanent factors, compared to that created based on transitory factors, also emphasizes the
hydrological uncertainties associated with the generation of the latter, since it uses as input the rainfall
data provided by the insufficient and concentrated rain gauges’ network.

In this context, it is mandatory to develop accurate response plans that enable the authorities
to make decisions to avoid and mitigate risks. The analyses of flood-prone areas and the impacts
on the population are of great importance, as they form the basis for the implementation of flood
warnings, zoning of flood risk areas, expansion of the urbanized area, future industrial enterprises,
use of agricultural activities, and activities related to municipal tourism, among others, that are of
municipal interest, which should be included in municipal planning.

Therefore, considering the previous analysis of both flood susceptibility maps, we hereafter
performed a spatial diagnosis of the occurrence of floods in the municipality of Itaperuna with the help
of GIS techniques in an integrated environment. With this purpose, we used the flood susceptibility
map built based on permanent factors (which presented a better predictive behavior when compared
to the flood susceptibility map based on transitory factors, as confirmed by the previous predictive
analytics) and the census sector map released in 2010. The focus of this analysis was to provide
an estimate of the number of citizens and habitations affected by floods with different degrees of
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occurrence susceptibilities and then enhance the capability of government agents and decision-makers
process to deal with (and avoid or reduce) the flood impacts on the population.

For this purpose, we intersected the information of the flood susceptibility map previously
displayed in Figure 7 with the census sector maps of population per area and habitations per area
related to the census released in 2010. The mapping of areas susceptible to flooding is represented in
Figures 15 and 16 (by population per are and habitations per area, respectively), making it possible
to visualize the locations with flood susceptibilities highlighted by shades of blue, green, and red,
respectively, in the following classes: Low, Medium, and High Susceptibility.Water 2020, 12, x FOR PEER REVIEW 18 of 27 
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It can be observed in Figures 15 and 16 that in the center of Itaperuna (which is the most urbanized
area of the municipality, bordering the Muriaé River), there are several points where recurrent flooding
is manifested. The lower and the medium regions are also flooded by the overload of the drainage
system that flows into the Muriaé River. In this case, besides the drainage incapacity, the elevation and
slope play an important role in contributing to the flood susceptibility of these regions. This is another
positive point of the flood susceptibility map based on permanent factors, which is also able to model
areas susceptible to indirect floods (i.e., that are not directly affected by the river water level).

In addition, Table 5 presents the total number of estimated population and habitations affected by
floods according to the three categories of flood susceptibility (high, medium, and low susceptibility).
It is important to note that almost 18% of the total population and nearly 19% of the habitations
of the municipality of Itaperuna in 2010 (17,042 of 95,841) were estimated to be affected by floods
with a high susceptibility of occurrence. However, this estimate is even more surprising in the case
of a low susceptibility of occurrence, where almost 50% of the total population and nearly 53% of
the total habitations were susceptible to be affected by floods. These results enhance the impacts
of the increasing urbanization, associated with the disordered occupation of the riverbanks and the
suppression of the vegetation.

Table 5. The total number of estimated population and habitations (according to the census of 2010)
located in flood-prone areas to be affected by floods with three different degrees of susceptibility: high,
medium, and low.

Census Type High Susceptibility Medium Susceptibility Low Susceptibility

Population 17,042 42,013 47,055
Habitation 5874 14,705 16,661

Finally, Table 6 provides the spatial distribution of the estimated population and habitations
(according to the census of 2010), per administrative zones, to be affected by floods with the same
three different degrees of susceptibility: high, medium, and lows. The urbanized area of the
municipality of Itaperuna is divided into seven administrative zones: Low-Density Residential Zone
(ZRBD), Medium-Density Residential Zone (ZRMD), Central Zone (ZC), Residential Zone of Restricted
Occupation (ZROR), Industrial Development Zone (ZDI), Special Economic Development Zone (ZEDE),
and Special Social Interest Zones (ZEIS). In addition, the other area of the municipality that is not
inside this urbanized area is called the Rural/District administrative zone.

Table 6. The total number of estimated population and habitations (according to the census of 2010) to
be affected by floods with three different degrees of susceptibility: high, medium, and low.

Itaperuna’s Zones Census Type High Susceptibility Medium Susceptibility Low Susceptibility

ZRBD
Population 6638 17,873 19,031
Habitation 2238 5884 6290

ZRMD
Population 3687 13,909 16,879
Habitation 1257 4669 5668

ZC
Population 1341 1750 1750
Habitation 520 674 674

ZROR
Population 336 625 649
Habitation 114 213 221

ZDI
Population 11 14 14
Habitation 4 5 5

ZEDE
Population 7 11 18
Habitation 2 4 6

ZEIS
Population 0 496 505
Habitation 0 152 155

Rural/District Population 5023 7336 8209
Habitation 1739 3104 3642

This analysis provides essential information to the government to optimize the allocation of
efforts and resources when dealing with extreme events, and to improve the urban resilience to
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floods. Conclusively, this research presents, therefore, an important study for municipal planning,
since it provides subsidies for environmental management and support in the definition of future
expansion areas, location of environmental risk areas, and identification of the critical regions. Thus, it
may serve as an indispensable subsidy to the Urban Drainage Plan and the Municipal Master Plan of
the municipality of Itaperuna, which does not currently exist.

4. Discussion

The results obtained in this work firstly address the spatial distribution of rain gauges, analyzing
the impacts of the lack of instrumentation over the Muriaé River basin on its hydrological system
reliability with the help of the fractal dimension approach. A square area of 64 km × 64 km was selected
considering the highest number of rain gauges inside the Muriaé River basin upstream Itaperuna
city center, in order to analyze the density and distribution of the rain gauges that impact on the
hydrological studies related to the occurrence of floods in the municipality of Itaperuna.

The fractal analysis of the catchment’s rain gauge network (inside the selected square area) is
performed using the box-counting method, obtaining two different scaling behaviors. The high fractal
dimension of 1.85 estimated at the large-scale range means that the density and distribution of the
rain gauges in the Muriaé River basin may be enough for studies accounting for large scales. On the
other hand, the low fractal dimension of 0.416 at the small-scale range (which is relevant to the
hydrological modeling context of (semi-)urban catchments) highlights the sparseness of the rain gauge
network at higher resolutions. That is related to the uncertainties of an insufficient gauge network,
being unable to capture the spatial variability of rainfall fields, and, consequently, to perform accurate
(forecast) modeling. According to O’Donnell et al. [113], these data and model structure limitations are
included in the main sources of hydrological modeling uncertainties by the use of punctual and sparse
information instead of spatially distributed data.

A simple solution to cope with the uncertainties inherent to the use of the sparse local rain gauge
network and to improve the hydrological (forecast) modeling reliability would be to introduce the
INEA S-band radar data available in the region (see Paz et al. [30] for a further discussion). This has
the advantage to be already operational and to cover the whole Muriaé River basin area, providing
rainfall data for each pixel of 1 km × 1 km.

Furthermore, associated with the spatial analysis of the instrumentation previously identified
as insufficient, this study also demonstrates the impacts of the sparse distribution of the rain
gauges’ network on the choice and construction of flood susceptibility maps (based on transitory or
permanent factors). In this context, the Cross-Tabulation methodology was applied to both maps,
performing a spatial correlation between the estimated flood susceptibility maps (based on transitory
and permanent factors) with the recorded data of flood spots measured during the major event of
January 2020. The main results pointed out that the Probability of Detection (POD) index indicated that
among all the positive observations related to the selected event, the flood susceptibility map based on
permanent factors presented a much better prediction of the occurred events (94.4%) than the map
based on transitory factors (55.2%). Moreover, the False Omission Rate estimated for the permanent
factors’ map (2.2%) was almost four times lower than that estimated for the transitory factors’ map
(8.1%), designating a higher capacity of the first to deal with the non-predictions of unannounced
events correctly. It was possible then to quantitatively demonstrate the better performance of the flood
susceptibility maps based on permanent factors, which also highlights the hydrological uncertainties
associated to the use of rainfall data provided by the insufficient and concentrated rain gauges’ network
as input to the generation of the flood susceptibility map built based on transitory factors.

It is worth highlighting that the flood susceptibility maps based on transitory factors are also
relevant and elaborated tools for predicting flood events since they incorporate specific factors
related to extreme events to the modeling, such as precipitation and hydraulic simulations of rivers
and/or channels. However, the reliability associated with their predictions is related to the quality of the
input data, and their inherent uncertainties are replicated to the model. This hypothesis was confirmed
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by the instrumentation scarcity detected by the fractal analysis and the predictive analytics estimated
by the cross-tabulation method applied to the transitory factors’ maps. Therefore, in the cases where
the available rainfall data can capture the high spatial variability of the rainfall fields, the coupling of
both methodologies (based on permanent and transitory factors) would be recommended.

Moreover, with the help of the flood susceptibility map based on permanent factors, this work
also discusses the advantages of the use of GIS techniques in the spatial diagnosis of the occurrence of
floods in the municipality of Itaperuna, Rio de Janeiro—Brazil, and in the analysis of their impacts on
the local community. This methodology allows us to estimate the population in flood-prone areas with
different degrees of susceptibilities, constituting important information in aid of territorial management.
In the specific context of the case study of this work, the estimates of the population (in 2010) susceptible
to be affected by floods with a high and low susceptibility of occurrence were almost 18% and 50%,
respectively, whereas the estimates of the habitations (in 2010) susceptible to be affected by floods
with a high and low susceptibility of occurrence were almost 19% and 53%, respectively. This result
may be associated with the increasing urbanization without effective urban planning, highlighted
by the disordered occupation of the riverbanks and the suppression of the vegetation through the
last decades. Additionally, a spatial distribution per administrative zones of the estimated population
and habitations (according to the census of 2010) susceptible to floods was also realized. This analysis
contributes to the optimization of the governmental decision-making process while dealing with the
flood impacts on the population.

The importance of this type of methodology is correlated with municipal policies and the
proposition of mitigating measures to existing impacts, such as the creation (or revision) and
implementation of the Urban Drainage Plan, the Municipal Master Plan and the Municipal Basic
Sanitation Plan (PMSB). The latter is required by Federal Laws No. 11,445/2007 (Federal Sanitation
Policy) and No. 12,305/2010 (National Policy on Solid Waste) that establish national guidelines for
basic sanitation, thus enabling the raising of funds from the recently created Ministry of Regional
Development for the execution of projects or works in the sanitation area.

From the elaboration of the PMSB diagnosis, actions or structural measures that modify the river
system are pointed out (as, for example, engineering works: plumbing, overflow, flood channels,
dikes, among others), avoiding damage resulting from the floods and non-structural measures where
damage is reduced by improving the urban resilience to floods (e.g., zoning of flooding risk areas;
flood warnings; extreme events alert systems; implementation of environmental education programs
in schools and communities; drafting of laws seeking to reduce flood events, such as the regulation of
these floodplains and creation of municipal sanitation policy, among others), hierarchized according to
the resources to be invested in the short, medium, and long term.

Thus, this work allows the civil defense and other government agents to analyze the areas
susceptible to floods and then allocate resources and efforts and predict what interventions are necessary
to be carried out in the drainage system, whether in the short, medium or long term, structural
or non-structural. Moreover, it seeks to identify meaningful connections between observations,
hydrological uncertainties, model inputs, and predictions or forecasts, leading to the development
of better models. Finally, it serves as a reference for the use of the same methodology in other areas,
helping to mitigate the impacts of extreme events, which are very common in the urban centers of Brazil
and around the world, by spatially analyzing the density and distribution of local instrumentation and
the flood impacts on local populations.
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