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Abstract 

El The purpose of the study was to analyze the behavior of the normalized 

difference vegetation index of the communities of Warints and Yawi, located in the 

Limón Indanza canton, province of Morona Santiago, during the summer season. 

The methodology is descriptive, non-experimental and longitudinal, with 13 

samples taken from June to September, from 1998 to 2022, taken from LandSat 5 

and 8 of the TM and OLI sensors, respectively, with a cloud cover of 30%, the 

radiometric and atmospheric calibration was established and the NDVI was 

determined with ENVI 5.3. It was mapped in ArcGis 10.5, extracting the data for 

the application of statistical analysis (t Student at 5%). The average NDVI was 

0.66, with maximum and minimum values of 0.925 and -0.033, respectively; with a 

negative trend line. It was concluded that a large part of the study area corresponds 

to native forest; however, the negative trend is due to anthropogenic activities and 

territorial growth of the communities. It is recommended to apply this study 

approach to explore and apply in similar areas. 

 

Keywords:<< Landsat, NDVI, Remote sensing, Amazonia, Vegetation >> 

 

 

I. INTRODUCTION 

Information on vegetation is essential to understand changes inthe ecosystem process and its 

associated impacts over time  (1), such as phenomena related to biodiversity loss, desertification, 

relationship between vegetation and soil erosion (2); being considered in cities an important 
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component for urban ecosystems,  contributes to a wide range of functions in  ambient quality  (3), 

where the  higher the percentage of vegetation cover the greater the ecological benefits, thus 

reducing heat islands (4) and in turn  airpollution; All these aspects relate to the risk and well-being 

of human health. 

Currently, technological tools have been  developed that allow the acquisition of  spatial 

information  of this type,  without having direct contact with the phenomena  (5), it is Remote 

sensing used as a complement to studies oriented to the environment (6),supported by geographic 

information systems (GIS) to concentrate the data generated (Maldonado  et al. 2015). 

Vegetation indices are derived techniques, in which  they take advantage of the particular 

radiometric behavior of healthy vegetation in the different spectral bands, especially between 

visible and near-infrared (8).Uno of them is the differential normalized index of vegetation (NDVI) 

according to Campos (et al. 2018) Thisindex yields estimated values of forest greenness resulting 

from the analysis of satellite data; according to Ren (et al. 2017), it is the most widely used spectral 

indicator where most Land sat satellite images are used  with  TM and/or OLIsensors. , they are 

easily accessible worldwide to extract and estimate the structural attributes of vegetation. 

During the last decades, there were many studies focused on spatiotemporal changes in vegetation 

(10); Miller (2012 )  conducted research regarding urban vegetation,  focusing on changing the 

percentage of vegetation cover, which showed open green spaces in Changchun City, China in 2010 

reached 45% of the total area.  

The  indicatoralso discriminates against agricultural crops, in the study by Mirasi et al. (2021) 

estimates wheat grain yield using multi-temporal OLI Landsat data; It concluded that the NDVI 

sum values were more accurate than the estimate by adding the four applied vegetation index 

values, also for  Singlasugarcane (et al. 2018) indicated the best period for sugarcane crop 

discrimination  in the Himalayan foothills region, using Landsat 8 satellite imagery for monitoring 

and discrimination. 

In Ecuador, studies were carried out in relation to the decrease in vegetation cover  used in Landsat 

multispectral images of 1998, 2008 and 2018; the average NDVI  was 0.549; 0.254 and 0.479, 

respectively, what was noticed was that between 1998-2008 a  negative trend was observed, which 

evidenced a decrease in vegetation cover of 498.47 km2 (64%) (14). On the other hand,  research 

was given  to determine the vegetation cover and land uses in Manabí, Ríos (et al. 2016) concluded 

that the classification of the NDVI values coincides n  with the main types of vegetation cover and 

land uses present in the study areas, with a reliability percentage between 80 and 90%. 

The objective of the research was to analyze the  behavior of the normalized difference vegetation 

index  in the communities of Warints and Yawi, in summer  times, being from June to September, 

from the  year 1998 to the year 2022. 
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II. MATERIALS AND METHODS 

The methodology used is descriptive, non-experimental, longitudinal contrast. Itis divided into three 

main stages: description of the study area, data  and processing of images, calculation of indices, 

andthese are detailed below. 

AREA OF STUDY 

The study area is located in the communities of Warints and Yawi, located in the Palora canton, 

province of Morona Santiago, is at geographical coordinates  3 ° 4'23.98 "S and 78 ° 20'19.35 " W, 

has an altitude of between 1,000 to 1,400 m. s.n.m., its climate is temperate and humid, maintains 

an average temperature of 18 ° C to 22 ° C. The average rainfall ranges from 1500 mm to 3000 

mm(16). For the study, a specific area was delimited with an extension  of 79,578 km2 that 

encompasses both communities, the commune limits were established due to the lack of 

proportionality of current vector information of the area. 

Figure 1. Location map of the Warints and Yawi communities, Limón Indanza. 

 
DATA ACQUISITION  

The satellite images  were obtained according to  the territoryor the  geographical area under study,  

on November 20, 2022 from the database of the LandSat satellites of the United States Geological 

Survey (USGS) (https://earthexplorer.usgs.gov/) sensors used:  Landsat 5 TM and Landsat 8 OLI 

(figure 2). with  a UTM (Universal Transverse Mercator) projection, zone 17 S with path: 009, row: 

069 for the months June to September, from 1998 to year 2022 (Table 1); the information is in Geo 

TIFF format with a  spatial resolution  of 30x 30m with a cloud coverage of 5%.  

Table 1.  Data from the Landsat images used for the determination of the NDVI in the period 

1998-2022. 

 

No. Date Sensor 

1 1998-09-25 Landsat 5 TM 

2 1999-07-10 Landsat 5 TM 

3 2000-08-29 Landsat 5 TM 

4 2003-10-25 Landsat 5 TM 

5 2006-09-15 Landsat 5 TM 

6 2007-09-18 Landsat 5 TM 

https://earthexplorer.usgs.gov/
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7 2011-08-12 Landsat 5 TM 

8 2015-08-07 Landsat 5 TM 

9 2016-09-14 Landsat 8 OLI 

10 2018-07-18 Landsat 8 OLI 

11 2019-08-18 Landsat 8 OLI 

12 2020-08-04 Landsat 8 OLI 

13 2022-08-10 Landsat 8 OLI 

 

PREPROCESAMIENTO 

The coverage area of the Landsat images present a greater surface area in relation to the area under 

study, therefore, it is necessary to make a crop in order to obtain the delimitation of the work  area 

(17); in this process to delimit the area of interest the map of Administrative Political Vision of 

Ecuador was used. obtained from the IGM (Military Geographic Institute). From this map, and 

using the ENVI 5.3 software, through the Subset Data from ROIs tool, the  mosaic was cropped. 

Prior processing of the data in question is necessary before starting any analysis of the information 

collected from a remote sensor (18).For this,  two types of pre-processing are carried out: 

radiometric and atmospheric correction, the  latter compensating for the effects of environmental 

factors and problems of sensor malfunction (Ambrosio et al. 2012), instead the atmospheric 

Brizuela (et al. 2007) It mentions that it  helps eliminate the effect of aerosols, dispersion of 

molecules, particles and intrinsic radiance that is introduced into the sensor and is reflected in the 

image.  

The study used the use of the ENVI 5.3 application, from the file containing the extension _MTl.txt, 

which corresponds to the image format with metadata available for Landsat this opens from the 

option of File/Open as/Landsat/GeoTIFF with Metadata; the methodology exposed by Aguilar (et 

al. 2015), radiometric correction is first performedusing the Radiometric Calibration tool 

(Toolbox/Radiometric Correction/ Radiometric Calibration);First, the  image is divided into 5 

segments  in which include the multispectral bands (which has the infrared), the Cirrus band, 

thermal, panchromatic and quality; from these  the MultiSpectral must be selected and  assign the 

different calibration values present  in Table  2  and expressed in Figure 2. 

Table 2. Radiometric calibration values  for Landsat 5 and 8 (22). 

Field Value 

Type of calibration Radiancia 

Output interval WAS 

Output data type Floating 

Scale factor 0.10 

Output directory Output name and directory 
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Figure 2. Empleo of the values for radiometric calibration in the Radiometric Calibration tool. 

 

At the end of the process, an image is obtained with digital values corresponding to radiance in BIL 

metadata format. From this file the atmospheric correction is made using the FLAASH tool; the 

required parameters are: leave the option unknown-MSI (UNKNOWN-MSI), at the altitude of the 

sensor: 705 km and the pixel size is automatically placed, as  well as the values of Lat-Long; the 

elevation will vary for each image, in addition to the date and time of flight (extract from the  

metadata); Values used in Figure 3. 

Figure 3. Use of values for  atmosphericcalibration  in the FLAASH tool tool. 

 

At the end of the treatment of the images, an orthophoto is generated 

CONSTRUCTION OF THE NDVI TIME SERIES 

NDVI is based on the differences in reflectivity between red and near-infrared (23) both of which 

are shown in Figure 4. 
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Figure 4. Red and infrared spectra of study areas 

                       

(A)                                             (B) 

Note: (A) Red spectrum; (B) Infrared spectrum (24). 

Tovar (2011) uses it through the relationship between the energy absorbed and emitted by  the 

vegetation covers, thus allowing to determine through the values of radiation that emits or reflects 

the intensity of the greenery of the area, the amount of vegetation, state of health of the plants, 

evolution and plant vigor. 

Chlorophyll is able to absorb most visible red light, in addition to strongly reflecting near-infrared 

light. Therefore, dense vegetation will have lower reflectance in the red and near-infrared band as 

depicted in Figure 5 and 6. 

Figure 5. Absorption of red and infrared spectra in the plant 

 

Note: NDVI representation based on satellite imagery used (26). 

Figure 6. Standard curve of plant reflectance . 
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Note: Representation of the reflectance of a plant structure at different wavelengths (Visible, 

Infrared and Mid-Infrared) (27). 

NDVI is calculated from visible red and near-infrared reflectance measurements in the region of the 

electromagnetic spectrum (28). Se deduces with the following formula: 

𝑁𝐷𝑉𝐼 =
 𝐼𝑛𝑓𝑟𝑎𝑟𝑟𝑜𝑗𝑜 − (𝑅𝑜𝑗𝑜)

 𝐼𝑛𝑓𝑟𝑎𝑟𝑟𝑜𝑗𝑜 + (𝑅𝑜𝑗𝑜)
 

(1) 

 

 

The USGS (2016) states that the NDVI of TM and ETM+ sensor images  is calculated from bands 3 

and 4. It is expressed as follows: 

 

𝑁𝐷𝑉𝐼TM−ETM+ =
 𝐵4 − (𝐵3)

 𝐵4 + (𝐵3)
 

(2) 

 

Where B4 and B3 are the reflectances in the near-infrared and visible bands, respectively. 

On the other hand, for the OLI sensor, the NDVI is calculated from bands 4 and 5 (29). It states as 

follows: 

 

𝑁𝐷𝑉𝐼TM−ETM+ =
 𝐵5 − (𝐵4)

 𝐵5 + (𝐵4)
 

(2) 

 

 

Where B5 and B4 are the reflectances in the near-infrared and visible bands, respectively. 

The NDVI is a dimensionless index and can take values between -1, 0 and 1.0, where negative 

values (-1) to zero (0) are discovered areas, while (0) to (1) indicate the presence of plants; In an 

approximate range of (0.5) and (0.7) there is the presence of dense vegetation (30). 

In the study by Mejía et al. (2021), NDVI is used to categorize land use in the northern Amazon of 

Ecuador, establishing the following categories  (Table 3): 

Table 3. NDVI Categories 

Type of vegetation Rank 

Soil without vegetation, water, shadows <0,2 

Soil withp oca vegetation 0,2-0.44 

Sparse vegetation 0,45-0,55 

Scattered vegetation 0,56-0,65 

Forest >0,65 
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Note: Each category represents a different characteristic for Soil without vegetation, water, 

shadows: Much of the soil corresponds to dark areas and linked to rivers, Soil with little vegetation: 

Coincides with urban areas, Sparse vegetation: Soils in process of transformation and grasslands, 

Dispersed vegetation: Soils linked to agricultural activity, shrub and herbaceous vegetation, Forest: 

Soil with abundant shrub vegetation (Mejía et al. 2021). 

The NDVI time series was elaborated from the 15 satellite images, using the NDVI tool of the 

ENVI software (Toolbox/Spectral/ Vegetation/ NDVI) in order to monitor plant vigor (Figure 7). 

Figure 7.   Use of the NDVI Calculation Parameters tool in ENVI 5.3. 

 

Note: It will depend on the type of satellite (ENVI 5.3, 2022). 

Statistical analysis 

For statistical analysis, the data obtained from the ENVI 5.3 software in ArcGis 10.5 were 

processed using the Excel 2019 application. Likewise, the statistical technique of comparing means 

through Student's t-test was used for a sample with a significance level of 0.05 (5%). 

III. RESULTS 

As a result of the analysis of the maps and the raster, the statistical values of the NDVI from 1998 

to 2022 were obtained (table 4), it was obtained that the minimum NDVI value was -0.033 which 

corresponds to the Warints River and cloud cover; with a maximum value of 0.925 which belongs 

to native forest areas. The average NDVI from 1998 to 2022 was 0.546, which represents 0.66 

corresponding to soil with abundant shrub vegetation. 

 

Table 4: NDVI statistical values of the study area from 1998 to 2022 

Year Vmín Vmax 
µ 

NDVI 
S 

1998 -0,065 0,925 0,788 0,090 

1999 -0,098 0,775 0,678 0,101 

2000 -0,072 0,771 0,699 0,066 
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2003 -0,223 0,751 0,799 0,139 

2006 -0,060 0,757 0,640 0,093 

2007 -0,046 0,740 0,658 0,072 

2011 0,094 0,762 0,632 0,047 

2016 0,046 0,596 0,613 0,069 

2018 0,026 0,619 0,605 0,134 

2019 0,022 0,583 0,609 0,090 

2020 -0,033 0,599 0,582 0,058 

2022 0,016 0,605 0,559 0,096 

 

Note: Vmín: Minimum values, Vmáx: Maximum values, μ NDVI: Average NDVI and σ: Standard 

deviation. 

Figure 8 represents the trend line presented with the NDVI values as a function of annuities, it is 

observed that there is a negative trend, which means a considerable decrease in vegetation at 

different times. 

 

Figure 8.   NDVI average based on annual periods and trend line. 

 
 

In the test of distribution t  of Student for a factor, the null hypotheses were established in relation  

to the normalized difference vegetation index  of the Warints and Yawi communities from 1998 to 

2022; if the index is greater than 0.2 and less than 0.23. For the first hypothesis, Table 2 shows that 

the experimental t is greater than the critical; added to this, the  p-value that  is less than the 

significance (0.05), which means that the null hypothesis is accepted, the NDVI being greater than 

or equal 0.23. 

 

Table 2: Values obtained from t Student 

t experimental 19,519 

theoretical t 2,201 

Degrees of freedom 11 

p-value 3,4x10-10 
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The second assumption of the null hypothesis, if the NDVI index is less than or equal to 0.20; 

established in table x, results  in the hypothesis being rejected because the p-value is greater than 

the significance (0.05). 

 

Table 2: Values obtained from t Student 

t experimental 20,896 

theoretical t 2,201 

Degrees of freedom 11 

p-value 1 

 

In Figure 9.  the various changes in the NDVI index over the years represented by maps are 

observed for a better understanding of the results obtained from the Warints and Yawi communities. 

 

Figure 9. Maps of the study area with NDVI representation based on 1998-2022 annuities
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IV. DISCUSSION 

In the present study, the evaluation of the categorization of the Normalized Difference Vegetation 

Index showed a high vegetative contribution of 0.66, corroborating these data at the provincial level 

due to the lack of local studies;  the results are related to the study conducted by Chamba (2015) 

(32).  on the spatial temporal dynamics of the EVI vegetation index in the southern part of Ecuador, 

where it concluded that Morona Santiago obtained an average value of 0.53 characterized as native 

forest with high vegetative density, likewise the answers given in the research used in soils  of the 

northern Amazon of Ecuador in the period 2012-2019 by Mejía et al. (2021) obtain values of 0.54,  

0.64 and 0.7 for Nueva Loja, Shushufindi and La Joya de los Sachas, respectively, meaning that 

native forest largely prevails. 

The distribution of the area maintains a negative trend level of the index, which is due according to 

Maldonado et al. (2015), (7) to factors such as illegal mining, timber extraction or overgrazing. In 

turn, Zou et al. (2022) (1) assume that vegetation  growth conditions are related to climatic and 

vegetation characteristics. This decrease also leads to deduce that the changes are due to the 

anthropic activities of the area and the population growth of the communities, which has caused a 

continuous process of transformation of the territory. In the research, a sudden change was noted in 

the central areas of the communities, which coincides with Aldás (2019), (33) research used in 

theCotacachi Cayapas Ecological Reserve clearly appreciates anthropic processes in ranges of 0.55 

during annual changes. In addition, it was possible to appreciate negative values of the index this is 

due to the bodies of water within the images, which corroborates with Brito et al. (2021)  (34), 

applied the  NDVI for the extraction  of the Upano river basin for further analysis. 

V. CONCLUSIONS 

The behavior of the normalized difference vegetation index in the communities of Warints and 

Yawi, in summer times (June to September), from 1998 to 2022 was analyzed; the results showed 

that the vegetation index of the study area 0.66 being largely native forest, also presented a negative 

trend to depending on the years this is due to anthropogenic activities and territorial growth of the 

communities.  

 

The study mapped the NDVI change combined with Landsat 5 and 8 images, going so far as to 

demonstrate that they can provide a fast and cost-effective method to obtain a 30m resolution 

structural dataset of vegetation. Theproposed approach can also be explored and applied in other 

similar areas. 
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