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ABSTRACT

The research analyzed the evolution of  surface water in Serra Talhada, Brazil, over 31 years using remote sensing data from Google 
Earth Engine (GEE). It compared the NDWI and MNDWI indices with MapBiomas data to assess water dynamics in semi-arid 
regions. Accuracy analysis and the kappa index showed good agreement between datasets, while trend testing revealed significant 
temporal changes during dry and wet seasons. Despite irregular rainfall patterns, the MNDWI index proved more effective in 
quantifying surface water, highlighting greater water accumulation during the rainy season. Reservoir construction influenced water 
distribution, but annual water retention varied throughout the study. The results underscore the importance of  strategic planning for 
reservoirs, particularly considering solar exposure, to ensure long-term water availability. The study emphasizes that sustainable water 
management is essential for environmental and socioeconomic resilience in semi-arid regions, especially in climate variability and 
increasing demand for water resources.

Keywords: Water; Semiarid; Remote sensing; Google Earth Engine; Temporal trend.

RESUMO

A pesquisa analisou a evolução das águas superficiais em Serra Talhada, Brasil, ao longo de 31 anos, utilizando dados de sensoriamento 
remoto do Google Earth Engine (GEE). Comparou os índices NDWI e MNDWI com dados do MapBiomas para avaliar a dinâmica 
da água em regiões semi-áridas. A análise de precisão e o índice kappa mostraram uma boa concordância entre os conjuntos de dados, 
enquanto o teste de tendências revelou mudanças temporais significativas durante as estações seca e úmida. Apesar dos padrões 
irregulares de precipitação, o índice MNDWI mostrou-se mais eficaz na quantificação da água superficial, destacando uma maior 
acumulação de água durante a estação chuvosa. A construção de reservatórios influenciou a distribuição de água, mas a retenção anual 
de água variou ao longo do estudo. Os resultados ressaltam a importância do planejamento estratégico dos reservatórios, principalmente 
considerando a exposição solar, para garantir a disponibilidade de água a longo prazo. O estudo enfatiza que a gestão sustentável da 
água é essencial para a resiliência ambiental e socioeconómica em regiões semi-áridas, especialmente na variabilidade climática e na 
crescente demanda por recursos hídricos.

Palavras-chave: Água; Semiárido; Sensoriamento remoto; Google Earth Engine; Tendência temporal.
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INTRODUCTION

The Brazilian semi-arid region is characterized by high 
temperatures and irregular rainfall, with a short rainy season and 
significant inter-annual variability, making the region susceptible 
to droughts (Pilz et al., 2019). Studies indicate that this region 
will be one of  the most affected by climate change, as increases 
in local temperatures are likely to exacerbate aridity, thereby 
increasing the frequency and intensity of  droughts and resulting 
in reduced water resource availability (Marengo  et  al., 2011; 
Angelotti et al., 2012). This phenomenon is evident from historical 
records of  drought periods, with the most recent intense drought 
occurring between 2012 and 2017. Assessing climate change 
and the dynamics of  wetlands and surface water is essential for 
understanding environmental degradation and its impacts and 
proposing mitigation measures or policies for adapting to these 
conditions (Ebrahimi-Khusfi et al., 2020).

Remote sensing has proven to be a powerful tool for 
monitoring and addressing regional issues. In recent years, there 
has been a significant increase in the acquisition of  remote sensing 
datasets from various space-based and airborne sensors with 
different characteristics (Chen et al., 2022). This abundance of  
data offers continuous regional insights, aiding in understanding 
natural disasters such as droughts and helping to adopt appropriate 
mitigation measures. In this context, Google has developed the 
Google Earth Engine (GEE) platform, a cloud-based storage and 
processing tool for big data analysis on a global scale (Gorelick et al., 
2017; Amani et al., 2020; Chen et al., 2022; Mashala et al., 2023). 
GEE’s accessibility supports regional wetland analysis using 
earth observation data, encompassing more than 40 years and a 
petabyte of  accessible sensing data (Gxokwe et al., 2022). This 
extensive historical dataset enables time series analysis essential 
for identifying random and non-random patterns in variables of  
interest, facilitating forecasts, and supporting decision-making 
regarding the rational use and preservation of  water resources 
(Mortatti et al., 2004).

Identifying water surfaces using remote sensing data can 
be divided into two main categories: single-band and multi-band 
methods. The single-band method typically involves selecting a 
band from a multispectral image to extract water information 
and establishing a threshold to distinguish between water and 
land (Rundquist et al., 1987; Xu, 2006). However, selecting the 
threshold value can lead to inaccurate estimates, mixing water 
information with shadow noise (Xu, 2006). Conversely, the multi-
band method leverages differences in reflectance across bands, 
providing a practical approach for determining water surfaces. 
This includes indices such as the Normalized Difference Water 
Index (NDWI) and the Modified Normalized Difference Water 
Index (MNDWI) (Yu et al., 1998; Xu, 2002, 2006).

Studies in semi-arid areas have utilized products like 
MODIS in Lake Manyara, Tanzania (Deus & Gloaguen, 2013), 
and Landsat in an Australian watershed (Tulbure et al., 2016) and 
in Central Asia (Chen et al., 2022), employing various techniques 
such as water indices and machine learning. Other studies, such 
as Silva et al. (1998) and Sousa et al. (2022), have analyzed semi-
arid regions in Brazil but did not conduct trend tests. While these 
studies investigated annual and seasonal changes in water surfaces, 
there remains a significant gap in temporal trend evaluations in 

the Brazilian semi-arid region. Additionally, the recent launch of  
the “Mapbiomas Água” collection by the Mapbiomas project, 
following the methodology proposed by Souza Junior et al. (2019), 
provides annual and monthly data but has limitations in specific 
spatial coverage, such as micro-basins or local reservoirs. Therefore, 
we propose an evaluation of  a semi-arid region of  Brazil that can 
serve as a basis for studies and applications in areas not covered 
by MapBiomas.

Our primary hypothesis is that surface water in the Serra 
Talhada region increased from 1990 to 2020. Hence, our objective 
was to investigate surface water dynamics in the municipality of  
Serra Talhada over this period. We sought simple and effective 
methods for identifying surface water using remote sensing 
products to achieve this. We conducted time trend tests across 
different segments of  the historical series, focusing on the dry 
and rainy periods, to understand the region’s standard behaviors.

CASE STUDY

The study was conducted in Serra Talhada, part of  the 
Caatinga biome. This region is one of  the most populated and 
biodiverse seasonally dry tropical forests (SDTF) globally, and it is 
characterized by scarce rainfall and high temperatures, typical of  
the northeastern semi-arid zone (Barros et al., 2021; Araujo et al., 
2023). The Caatinga biome, a seasonal dry forest, has xerophytic 
vegetation adapted to water scarcity, with thorny trees, shrubs, 
and drought-resistant plants. The climate is semi-arid, hot, and 
dry (BSw’h’), with annual rainfall of  657 mm and an average 
annual temperature of  25.8 °C (Alvares et al., 2013; Lins et al., 
2018; Costa et al., 2021). Serra Talhada has a territorial extension 
of  approximately 2980 km2, located in the Mesoregion of  Sertão 
Pernambucano, at coordinates 07°59’31”S, 38°17’54” W, and an 
altitude of  429 m above sea level (Figure 1).

According to the Serviço Público Federal (Brasil, 2017), 
the region’s economy is firmly based on agriculture, with corn 
cultivation and livestock farming standing out. In addition, sectors 
such as education, health, transportation, and tourism contribute 
significantly to the local economy.

MATERIAL AND METHODS

Figure 2 shows the flowchart detailing the stages of  the 
methodology and the methods used in this research.

Database

Rainfall data

The monthly rainfall data was collected from the National 
Institute of  Meteorology (Instituto Nacional de Meteorologia, 
2024) from 1990 to 2020. Based on the seasonality of  the rainfall 
(Figura 3A) and da Costa et al. (2021), we considered a dry period 
from August to November and a rainy period from January to April.

Rodrigues et al. (2022) reported that the driest and wettest 
years occur due to El Niño and La Niña, respectively. In dry years, 
the rainy months typically range from November to April, while 
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the dry months extend from July to November. In normal years, 
the rainy season goes from January to May, and the dry season 
from July to November. In wet years, the rainy season spans from 
December to May, and the dry season lasts from June to November 
(Gouveia  et  al., 2024). Therefore, November is considered a 
transitional month from dry to rainy.

Considering the annual accumulation (Figure  3B), the 
average rainfall values were 59.69 mm per year, 31.69 mm in dry 
and 104.94 mm in the rainy season. Notably, from 2012 to 2017, all 
periods showed low rainfall accumulation due to drought. In 1999, 
the rainy season had less rainfall than the dry season, reflecting 
the irregular rainfall characteristic of  the semi-arid region, where 
rain does not necessarily occur in the expected season.

Water surface indices

To estimate surface water, the following indices were 
calculated: the Normalized Difference Water Index (NDWI) and 
the Modified Normalized Difference Water Index (MNDWI).

The NDWI is a mathematical model proposed by McFeeters 
(1996) and is based on the principle that the Near Infrared (NIR) 

is strongly absorbed by water and reflected at the same intensity 
by terrestrial vegetation and dry soil. This index is calculated 
using Equation 1:

 pGreen pNIRNDWI
pGreen pNIR

−
=

+ 	 (1)

where: pGreen is the radiation reflected in the green band, and 
pNIR is the radiation reflected in the near-infrared band.

The MNDWI is an improved model proposed by Xu 
(2006) since the NDWI image is often mixed with accumulated 
terrestrial noise, especially in the NIR band. The MNDWI is 
estimated using Equation 2:

 pGreen pSWIRMNDWI
pGreen pSWIR

−
=

+ 	 (2)

where: pSWIR is reflected in mid-infrared radiation. This 
mathematical model ranges from -1 to +1, proposing that values 
from -1 to 0 are soil and values from 0 to +1 are water, i.e., the 
interpretation is equal to the NDWI.

Figure 1. Study area location, drainage network, and reservoirs.
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Figure 2. Flowchart of  the work methodology.

Figure 3. Rainfall variability in Serra Talhada: (A) Monthly average accumulated rainfall (mm); (B) Annual and seasonal rainfall 
accumulation (dry and rainy) in millimeters (mm) from 1990 to 2020.
Source: Instituto Nacional de Meteorologia (2024).
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Therefore, we used the NDWI equation to perform annual 
quantification, while the MNDWI equation was applied for annual 
measurements and separate analyses during the dry and rainy 
seasons. In addition, based on the MNDWI, the transition map 
from 1990 to 2020 and the kernel density map were generated.

MapBiomas

The Mapbiomas collections aim to contribute to developing 
a fast, reliable, collaborative, and low-cost method for processing 
large-scale data sets and generating historical time series of  annual 
maps. All data, classification maps, codes, statistics, and other 
analyses are openly accessible through the platform MapBiomas 
(2024) The main objective of  the MapBiomas Water collection is 
to provide monthly and annual data on the dynamics of  surface 
water and water bodies throughout the national territory since 1985. 
The methodology adopted involves selecting images from Landsat 
versions 5, 7, and 8. Mapping is conducted on a sub-pixel scale using 
the Mixture Spectral Model (MEM) and empirical classification rules 
based on fuzzy logic (Souza Junior et al., 2019, 2025).

In this study, data from the MapBiomas Water Collection 
were used. These data were employed to analyze the time series 
of  water accumulation, create the transition map from 1990 to 
2020, and generate the kernel density map.

Images processing

We processed the satellite images on the Google Earth 
Engine platform, using three orbital satellites of  the Landsat 5, 7, 
and 8 versions, which have a spatial resolution of  30×30 meters 
and a temporal resolution of  16 days. The period considered in 
the evaluation was from 01/01/1990 to 31/12/2020. Within 
the collection of  images, we used cloud cover of  up to 50% as a 
criterion, accounting for a total of  1185 images over the 30-year 
interval. We then reduced the images to the annual level, starting 
with the median pixel.

To understand the seasonality of  the surface water area, 
we carried out an analysis by dry period - August to November - 
and rainy period - January to April - in the region, based on the 
MNDWI, from 1990 to 2020. In the rainy season, 404 images 
were obtained, while in the dry season, 537 images were obtained. 
Both periods use up to 60% cloud cover since the rainy period 
has a more significant presence of  clouds and could significantly 
restrict the availability of  images.

We classified the NDWI and MNDWI images based on 
pixel values. In both images, we classified pixels with values above 0 
(> 0) as water and those with values below 0 (< 0) as land surface. 

We used it as a threshold for separating water and non-water 
based on the work of  McFeeters (1996) and Xu (2006) studies.

Accuracy and concordance

To assess the capacity of  the water indices, we inserted the 
images classified at an annual level in 2020, both from NDWI and 
MNDWI, into QGIS, together with a 2020 image from the Water 
Collection from Mapbiomas. We chose Mapbiomas as a reference 
because it has an overall accuracy of  84.0% (MapBiomas, 2024), 
from which we estimated the confusion matrix with the NDWI 
and MNDWI classifications (Diniz et al., 2021).

The confusion matrix (Table 1) describes the sample classes 
and the number of  pixels that interfere with a good classification 
due to the confusion caused by similar pixels. Based on the matrix, 
we determined some metrics, such as the kappa index and accuracy, 
which express the accuracy of  the mapping, according to Ferreira 
(2022). We used the Semi-Automatic Classification (SCP) plugin 
developed by Congedo (2021), aimed at a supervised classification 
of  remote sensing images, which provides different tools for 
downloading, pre-processing, and post-processing images to 
generate the confusion matrix. Among the tools, one stands out 
for its analysis of  accuracy and Kappa.

The confusion matrix (Table 1) is a fundamental tool for 
evaluating the performance of  binary classification models. The 
results are categorized into true positives (VP), true negatives 
(VN), false positives (FP), and false negatives (FN). From this 
matrix, we calculate metrics such as accuracy, which indicates 
the proportion of  correct classifications (Equation 3), and the 
Kappa coefficient, which quantifies the degree of  agreement 
between classifications, adjusting for the possibility of  random 
hits (Equation 4). Kappa is considered a more robust measure 
than accuracy, as it considers both classification hits and errors 
(Leroux et al., 2018).

  
 

Total HitsAccuracy
Total items

= 	 (3)

 
1

Pagree PchanceKappa
Pchance
−

=
−

	 (4)

Time trend test

The temporal variability of  surface water cover in Serra 
Talhada was assessed by quantifying the water surface area in 

Table 1. The confusion matrix for binary classification, where (n) is the number of  cases 1.
Reference

Map

Classification + − Σ
+ b n +
− c d n −

Σ n + n − n
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images from different periods (annual, dry, and rainy). The data 
were processed in R (version 4.3.2) using the ggplot2, dgof, trend, 
and modifiedmk packages (Arnold & Emerson, 2011; Wickham, 
2016; Pohlert, 2023; Patakamuri & O’Brien, 2023).

The Mann-Kendall test, as described in studies such as 
Pandey et al. (2023), is based on the hypothesis that there is no 
trend over time, while the alternative hypothesis is that there is 
a trend in the historical series, whether positive or negative. A 
significance level of  α = 0.05 was adopted for all analyses.

Determining changes in water classification areas

To determine the changes in water classification areas over 
time, we utilized QGIS software version 3.28.4 along with the 
Semi-Automatic Classification (SCP) plugin, specifically within the 
“assessing LULC” module of  the post-processing tab, as outlined 
by Congedo (2024). This module facilitates the comparison of  two 
classified images and extracts gains, losses, and overall changes in 
Land Use and Land Cover (LULC) from 1990 to 2020.

The processing step generates a new raster layer highlighting 
pixels with classification changes and a CSV file detailing all 
class transitions. To quantify the reduction or expansion in the 
areas of  the Cachoeira, Saco, and Jazigo reservoirs, located in 
the northeastern part of  the map, and the Serrinha reservoir, 
located in the southwestern part (Figure 1), in hectares, we used 
the r.report tool available in GRASS GIS.

Reservoir dynamics

We conducted an additional analysis in Qgis to identify 
the patterns of  surface water reservoirs. We vectorized the images 
classified based on the MapBiomas indices for 1990 and 2020, 
removing the vectors of  the areas corresponding to non-water. 
We then extracted the centroids of  each vector and applied kernel 
density estimation, a data visualization technique that uses a color 
map to represent the density of  points in a two-dimensional space 
(Medeiros & Costa, 2008). This was accomplished using the “heat 
map” tool available in QGIS.

Silverman (1978) describes that given a sample of  data 
X1, X2, ... Xn from an unknown distribution, the kernel estimate 
fn(x) for the probability density at point x is given by Equation 5.

( )
1

1  
.

n
i

n d
i

x x
f x k

hn h
=

 −
 =  
 

∑ 	 (5)

where: fn(x) is the estimated density of  the point, n is the total 
number of  points in the data set, h is the width parameter of  
the kernel, i.e., the radius, which controls the smoothness of  
the estimate, and influences the scale of  the heat map, d is the 
dimension of  the space (usually two-dimensional), and k is the 
kernel function, x the position of  the center of  each cell and xi 
the position of  point I from the centroid of  each polygon.

This analysis is intuitive as it allows visual identification of  areas 
with higher density through more intense tone or color, indicating 
a higher concentration of  points. On the other hand, lighter colors 
indicate lower concentration. This technique enables us to assess the 
increase and decrease in the concentration of  the reservoirs over time.

RESULTS

Classification performance with water indices

In Figure 4, it can be observed maps of  surface water and 
non-water classifications based on the NDWI, MNDWI, and 
MapBiomas values for 2020 in Serra Talhada-PE (Figure 4). These 
maps highlight the municipality’s main reservoirs—Cachoeira, Saco, 
Jazigo, and Serrinha—as shown on the location map (Figure 1), and 
indicate regions with a higher presence of  small areas of  surface water 
accumulation, which could correspond to regions with small dams.

Overall, the region contains several large reservoirs, such 
as Serrinha II, in the southwestern part of  the study area. Other 
reservoirs near Serra Talhada, such as the Cachoeira II, Saco, and 
Jazigo reservoirs, are in the northeast.

We used MapBiomas’ image as a reference to analyze the 
classification capacity of  water indices. As previously discussed, 
the choice of  the Mapbiomas reference image was reinforced 
by the fact that it showed satisfactory classification results in 
previous analyses. Table 2 presents the results of  the accuracy 
and agreement statistics of  the NDWI and MNDWI indices 
compared with Mapbiomas.

The results suggest that both NDWI and MNDWI 
classifications exhibit similar performance, with MNDWI showing 
slightly higher accuracy and kappa metrics values. We used MNDWI 
to analyze dry and rainy periods.

Temporal trends

The inter-annual variability of  the water surface area 
(hectares) from 1990 to 2020 is shown in Figure 5. In panel 5A, 

Table 2. Binary confusion matrix and accuracy metrics for NDWI and MNDWI.

Matrix Error Reference Classified Pixel Sum Pixel Sum
NDWI MNDWI

1 0 0 3266795 3265498
3 0 1 1985 3282
2 1 0 6585 4780
4 1 1 33457 35262

Overall accuracy [%] 997.410 997.563
Kappa 0.8852 0.8962
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one can observe the values obtained from MapBiomas, MNDWI, 
and NDWI, while panel 5B presents the areas classified by 
MNDWI during the dry and rainy seasons. A notable similarity 
in the behavior of  the indices reinforces the consistency of  the 
results, including accuracy and kappa values. The straight lines 
indicate the trend lines of  the historical series.

The MapBiomas results showed a minimum area of  
873.65 ha of  water in 1993, a maximum of  4,601.85 ha in 2004, 
and an increasing trend line. The MNDWI results were similar, 
with a minimum of  601.76 ha in 2017 and a maximum of  
4,363.52 ha in 2008, and a rising trend line. The NDWI indicated a 
significant decrease in the water surface area in 2009, possibly due 
to contamination or issues with the near-infrared (NIR) product. 
The minimum value detected by NDWI was 98.4 ha in 2001, and 
the maximum was 3,576.96 ha in 2006, and an upward trend line.

The results highlight the inter-annual variability of  
water accumulation, consistent with the precipitation variability 
(Figure 3). A significant increase was observed in the second half  
of  the 2000s, coinciding with a rainy period between 2004 and 
2010 (Figure 3). This increase may also be associated with the 
completion of  the construction of  the Serrinha II dam in 1996, 
which has a water storage of  3,000,000 m3, and other small 
reservoirs in the municipality.

During the dry season, the MNDWI indicated the lowest 
quantification of  surface water in 1997, accounting for 221.92 per 
hectare of  water, and the maximum value is in 2008, with 4,152.96 ha. 
In the rainy season, the minimum value recorded was 189.44 
hectares in 2014, while the maximum was 5,190.88 hectares in 
2008. In both cases, the trend line showed a positive slope.

Notably, surface water variability between periods was 
observed. For example, in 1992, 282.24 ha of  water was quantified 

in the rainy season compared to 3,323.84 ha in the dry season, 
reflecting the year’s climatic irregularity. In 2006, the region had 
4,397.92 ha of  water in the rainy season and 385.92 ha in the 
dry season.

To verify the changes between 1990 and 2020, it is observed 
in Table 3 the time results. Trend test for the NDWI, MNDWI, 
and MapBiomas indices, both at an annual level and during the 

Figure 4. NDWI, MapBiomas, and MNDWI water classification in 2020, Municipality of  Serra Talhada, PE.

Figure 5. Interannual variability of  surface water area (1990-
2020) with trend lines: (A) Annual data derived from MapBiomas, 
MNDWI, and NDWI; (B) Seasonal data (dry and rainy periods) 
derived from MNDWI. Straight lines represent trend lines.
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dry and rainy periods. The results indicate convergence between 
the classification methods, with an upward trend at an annual level 
and during the rainy season, as evidenced by the positive β values. 
Conversely, the dry season showed a downward trend (β<0), although 
all tests showed non-significant values for the temporal trend.

The results indicate that despite the significant increase in 
surface water impoundment capacity observed between 2004 and 
2010 (Figure 5), the temporal trend shows stability. The data also 
suggests an increase in annual levels during the rainy periods, 
contrasting with a reduction observed in the dry period. Extreme 
events are also observed, such as the droughts in 1993 and 2017 and 
the period of  heavy rainfall from 2004 to 2008.

Surface water transition between 1990 and 2020

Although the temporal trend tests indicate stability in the 
surface water area, we developed an analysis to identify possible 

changes in the occupation pattern in the study area. Illustrated in 
Figure 6, the transition of  surface water, represented by the MNDWI 
index and MapBiomas, in the municipality of  Serra Talhada - PE 
from 1990 to 2020. The analysis used the post-processing tool 
of  the SCP plugin in QGIS to check the transition of  water and 
non-water classes based on images from 1990 and 2020. The 
red color indicates a change from water in 1990 to non-water in 
2020, blue indicates areas classified as water in 2020, and green 
indicates the maintenance of  the water classification in both years.

The MNDWI data showed that 703.89 ha of  water were 
converted into non-water areas, while 2,830.95 ha became classified 
as water, and 638.01 ha maintained their water classification 
throughout the period. With the MapBiomas images, 1,119.81 ha 
were classified as non-water, 2,818.74 ha were converted to water, 
and 794.04 ha remained water during the period evaluated.

Among the most prominent changes was an increase in 
water accumulation in the southwestern portion of  the study 
area, corresponding to the region of  the Serrinha II reservoir, 

Table 3. Statistical parameters of  temporal trend tests (1990-2020) for NDWI, MNDWI, and MapBiomas.
Statistics NDWI MNDWI MapBiomas MNDWI Dry MNDWI Rainy

Kendall’s tau (τ) 0.141ns 0.048ns 0.084ns -0.030ns 0.132ns**

Sen’s Slope (β) 29,052ns 8,648ns 19,347ns -4,273ns 25,600ns

Significance codes: **5%; nsnot significant.

Figure 6. Transition of  surface water from MNDWI and MapBiomas in Serra Talhada - PE (1990 and 2020).
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where construction was completed in 1996. Simultaneously, 
surface water was significantly reduced in the Saco reservoir, 
located in the central-eastern region. Additionally, there was a 
varied distribution of  changes, albeit with limited spatial coverage, 
indicating the possible formation of  small reservoirs or areas of  
water accumulation.

Surface water reservoir density

It is observed in Figure 7 the concentration of  surface 
water reservoirs, integrating the MNDWI and MapBiomas data 
for 1990 and 2020. The objective was to highlight locations with 
small water reservoirs in the study area. The images classified by 
MNDWI and MapBiomas were vectorized, followed by removing 
polygons classified as zero (0), corresponding to no-water areas. 
The centroids of  the polygons were then extracted, and the 
layers of  points obtained from the MNDWI and MapBiomas 
classifications were combined.

Combining MNDWI and MapBiomas was necessary 
due to their complementarity; MNDWI can capture pixels that 
MapBiomas does not detect and vice versa. This approach 
simplifies the identification of  reservoirs, indicating that regions 
with more intense colors represent a higher concentration of  
water reservoirs. Areas with a reddish color tone have the greatest 
number of  water reservoirs.

Can be seen in Figure 7, that in 1990, the concentration 
of  reservoirs along the Pajeú River was higher due to the river’s 
intermittent nature, which favors the formation of  small reservoirs. 
The highest concentrations of  reservoirs were observed upstream 
of  the Cachoeira and Jazigo dams, located in the northeastern 
region of  the map (Figure 1).

In 2020, the concentration of  reservoirs increased, 
primarily due to the construction of  small reservoirs, especially in 
the northern and southern sectors. However, a decrease in small 
reservoirs was observed in the vicinity of  the Cachoeira and Jazigo 
dams, while a greater concentration of  these reservoirs began to 
occur upstream of  the Serrinha II dam.

DISCUSSIONS

A comparison was conducted using data from the 
MapBiomas Water collection to assess the effectiveness of  the 
proposed method for identifying water surfaces in the semi-arid 
region. This database is widely recognized in the literature for 
using the Spectral Mixture Analysis technique, resulting in robust 
and consistent classifications (Souza Junior et al., 2025). However, 
it presents limitations regarding temporal resolution, as data are 
only available at annual and monthly scales and are restricted to 
2023, at least the current collection.

Figure 7. Density of  surface water reservoirs in Serra Talhada, PE (1990 and 2020).
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These constraints limit its applicability in recent analyses 
or studies focused on specific seasonal events. Therefore, using 
spectral indices such as NDWI and MNDWI, with a simple 
classification threshold (values greater than zero), has proved a 
viable and effective alternative, providing results compatible with 
more complex methods. Previous studies, including Lourenço et al. 
(2021), corroborate these indices’ capacity to represent water 
bodies accurately. The approach adopted in this study serves as a 
complementary tool to consolidated databases like MapBiomas and 
as a potential substitute in situations where temporal or seasonal 
resolution is required.

The findings highlight MNDWI’s superior ability to detect 
surface water, primarily due to the stronger spectral response of  the 
SWIR band compared to the NIR band. This enhanced performance 
has been emphasized by Amiri, Seyed, and Mahmoodi (2022) in 
their analysis of  MNDWI and NDWI on Lake Haramaya’s surface 
in the eastern highlands of  Ethiopia. An additional advantage of  
the MNDWI lies in the use of  a zero threshold to differentiate 
classes, which contributes to improved water classification accuracy 
(Nascimento et al., 2019).

Anjos Carvalho et  al. (2023) anticipated NDWI’s good 
performance, highlighting its classification capacity comparable to 
MapBiomas and high conformity in reservoir areas. Nevertheless, 
MNDWI consistently outperformed NDWI due to its enhanced 
spectral sensitivity in the mid-infrared region (Nascimento et al., 
2019). Supporting this observation, Xu (2006) has shown that 
MNDWI images offer more detail than NDWI images, particularly 
for detecting subtle water features, such as those in the center of  
Bayi Lake, better visualized with MNDWI.

The inter-annual variability of  surface water areas, illustrated 
in Figure 5, is intrinsically linked to the region’s temporal and 
spatial variations in rainfall (Figure  3). Climate change, with 
projected increases in temperature, could intensify the temporal 
and spatial irregularity of  rainfall, affecting the distribution of  
water in the semi-arid region (Angelotti et al., 2012). Studies such 
as those by Santos Junqueira et al. (2020), Alcântara et al. (2021), 
and Bezerra et al. (2021) suggest changes in rainfall distribution 
patterns in the northeast region, especially in the semi-arid region, 
which may impact the availability of  surface water resources in 
the study area.

According to Sobral et al. (2019), starting in the 1980s, there 
was a change in precipitation patterns, with dry years becoming 
more evident, indicating a possible climatic variation in the 
precipitation pattern in the Pernambuco backlands region. This 
variation became even more noticeable from the 1990s onward, 
as observations show that between 1990 and 2003, only dry years 
occurred, with no positive precipitation index or wet/rainy years 
recorded. The same study states that from the 2000s, four wet years 
were observed; however, the intensity classification remained within 
normal levels, without any “Very Wet” or “Extremely Wet” years.

According to observations by Afonso & Chou (2023), in 
the Sobradinho Lake located in northeastern Brazil, the semiarid 
region experienced twenty normal years, four wet years, six dry 
years, and one year (1993) classified as extremely dry. Also, 1993 and 
2015 were characterized as drought years, associated with weak 
and strong El Niño episodes, respectively. In contrast, 2000 was 
considered an extremely wet year and was linked to a La Niña event.

The results presented in Figure 5 indicate a water retention 
potential of  approximately 5,000 hectares in the municipality, with 
40% corresponding to the Serrinha II reservoir, as highlighted 
in Figure  6 and in the study by Anjos Carvalho  et  al. (2023), 
which identified the reservoir’s water mirror area at around 2,000 
hectares in mid-2012, according to França et al. (2019), the Jazigo 
and Serrinha reservoirs are large and exert a significant influence 
on water flow. Figure  7 also indicates changes in local water 
classes, possibly corresponding to small reservoirs. According 
to Nascimento et al. (2019), these small reservoirs are essential 
for neighboring communities, playing a vital role in various 
subsistence activities.

During the drought in the region, between 2012 and 
2017 (Bezerra et al., 2018; Costa et al., 2021), there was a significant 
reduction in the surface water area to around 1,000 hectares annually 
(Figure 5). This represents an 80% drop in the municipality’s total 
storage capacity. Sousa et al. (2021) pointed out that reservoirs 
in the semi-arid region are highly affected by climatic seasonality, 
resulting in variations in water levels. Therefore, constructing 
reservoirs without proper planning, especially in large areas 
exposed to solar radiation, does not guarantee water availability 
during drought.

Due to the irregular rainfall characteristics, high temperature, 
and low annual temperature range, with rainfall distribution 
ranging from 200 to 800 mm per year, reservoirs are vulnerable to 
climatic elements, losing water significantly through evaporation. 
It is, therefore, essential to consider implementing different water 
management structures, especially for rural communities. The 
application of  water collection and storage technologies, such as 
cisterns and underground dams, can be an effective intervention 
to control water losses, strengthen agricultural production, and 
mitigate the food insecurity of  these populations during periods 
of  drought (Gebru et al., 2021; Fagundes et al., 2020).

CONCLUSIONS

This study investigated the dynamics of  surface water 
in the municipality of  Serra Talhada between 1990 and 2020, 
aiming to identify simple and effective methods for identifying 
water surfaces using remote sensing products and performing 
time trend tests in different compartments of  the historical series, 
with an emphasis on the dry and rainy periods, to understand the 
region’s standard behaviors.

The performance evaluation of  the water indices highlighted 
the superiority of  MNDWI over NDWI, underscoring the 
importance of  the mid-infrared spectral characteristics for more 
accurate water surface identification.

The time trend tests showed no significant difference over 
the evaluation period, whether annually, during dry, or rainy periods. 
However, the analysis revealed an annual and seasonal variation in 
water areas influenced by the rainfall pattern in northeastern Brazil. 
This highlighted the importance of  understanding the impacts 
of  these variations on water resources availability. Identifying 
small local reservoirs reinforced their relevance to communities, 
especially during drought.

The significant reduction in surface water area during 
the dry season between 2012 and 2017 demonstrated the 
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vulnerability of  reservoirs in the semi-arid region to seasonal 
climate variations. During this period, the surface water area 
was reduced by approximately 80%, from around 5,000 hectares 
during the municipality’s wettest period to around 1,000 hectares 
during the driest period. This scenario emphasizes the need to 
implement water harvesting and storage technologies as a crucial 
intervention to mitigate water losses, strengthen agricultural 
production, and address the challenges related to food insecurity 
in rural communities.

This study contributes to water management in semi-arid 
regions, providing a basis for developing strategies and public 
policies for conserving and using water resources. Further research 
is essential to improve monitoring and ensure communities’ 
resilience in the face of  climate change.
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