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ABSTRACT 

 The Southwest arid region of the United States is facing an unprecedented 

‘megadrought’ which has resulted in a water crisis that threatens agriculture production 

and natural ecosystems. To observe and analyze the consequence of a decline in water 

availability, Sentinel-2 Images were compiled and analyzed based on NDVI values. 

These trends were analyzed in the Yuma subcounty in the state of Arizona, which is a 

center for agricultural production. A time-series was made using the powerful Google 

Earth Engine (GEE), a free-to-use cloud computing service, which can compile 

hundreds of images over time for analysis. The time series created plots all average 

NDVI values from Sentinel-2 images for the study area between January 2019 and June 

2022. Additionally, four images were extracted from GEE and analyzed in ArcGIS Pro. 

Utilizing ArcGIS Pro’s built in raster analysis tools, one image for each year (2019-2022) 

were modified to display and assess the differences in NDVI values between the 

images. Based on the time-series, it is evident that NDVI values are trending 

downwards, indicating a decline in vegetation health for the Yuma subcounty. 

Observing the individual images, it is also clear that NDVI values are declining across 

the region, although more data needs to be collected on the ground to confirm this 

reduced vegetative productivity. Further study can be done annually using the highly 

detailed Sentinel-2 images to assess the impacts of drought and to analyze what 

changes can be made to agricultural systems in specific plots that may not be viable 

with less water availability. 
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ETHICS STATEMENT  

When creating maps and using GIS technologies, it is essential that practitioners 

of GIS do not employ deceptive practices of map manipulation or distorting data for their 

own purposes. Likewise, it is vital that GIS projects do not discriminate against any 

race, gender, political affiliation, or other identities or groupings of people. GIS is data 

driven, and data should always be the main focus so that the broader communities can 

be informed by maps rather than manipulated and misled to make decisions based on 

the map author’s motivation. Map creation is a science and necessitates a discerning 

approach to the creation of a scientifically sound result regardless of whether that result 

serves personal or client interests. Ethics in GIS also extends to being a disciplined map 

creator, to verify data accuracy, to double check any potential errors, and to display 

transparency where there are any uncertainties. Likewise, it is important to not 

plagiarize the works of others and to give credit to where sources of data and methods 

originated.  

 This project aims to practice a GIS ethic in such a manner. Data is presented 

with the proper sourcing and credit is given throughout the paper in terms of 

methodology, research sources, data sources, and software sources. Where there were 

uncertainties, they were explained and checked for any inconsistencies in methods. 

Recommendations are made based on the data presented in this project as well as 

broader scientific consensus on topics such as climate change, farming practices, 

hydrology, and other earth sciences. The literature review process involved thorough 

readings and citations of peer reviewed literature to contextualize the topics and issues 

presented in this project, and to develop an accurate and appropriate methodology. 

Map making followed ethical cartographic principles to communicate the data visually in 

a way that is accessible and transparent to the viewer of the map. No data was modified 

or altered in a way that is not outlined in the methods section. Where applicable, data 

was checked multiple times to ensure it is displayed properly and accurately. 
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CHAPTER 1                                                                                                    
INTRODUCTION 

Water use and water rights have always been a contentious issue in the 

southwest of the United States. This issue has been exacerbated by the impact of 

climate change, which has produced a “megadrought” in the southwest, signifying 

reduced rainfall that results in less snowpack, reduced river flow and lake levels, 

declines in ground-water availability, and reduced vegetation carbon uptake (Williams et 

al. 2020). Drought conditions have also been compounded by outdated water policies 

and wasteful water conservation designs. Due to these factors, vegetation health in 

farmlands and the natural environment are in decline and threaten the stability and 

viability of agricultural systems in the southwest US. Some of the most productive and 

reliable farmland is located in desert and arid environments reliant on water diversions 

from the Colorado River. Yuma county, located in southern portion of Arizona bordering 

California and Mexico, receives water allocations from the Colorado River and is one of 

the most productive agricultural areas in the United States, ranking in the top 1 percent 

in sales of all crops and livestock among U.S counties (Yuma County Agriculture Water 

Coalition, 2015).  

This project aims to analyze the decline of vegetative health in ‘Yuma’, a 

subdivision of Yuma County, by creating a time series of Sentinel-2 Imagery NDVI 

values over four years. 

Study Area  

The study area is a county subdivision in Yuma County that also is named 

“Yuma”. Yuma county is in a hot desert climate and receives an annual rainfall of 0.14 

inches. Given the low amount of rainfall, Yuma relies on the Gila and Colorado Rivers to 
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supply water for agriculture and urban uses. These rivers are located in the Colorado 

River Basin (CRB), which is a massive drainage basin situated across 6 states 

(Colorado, Utah, Arizona, Nevada, California, and Wyoming). This area is comprised of 

primarily agricultural use as well as the urban portion of the city of Yuma. Yuma county 

“ranks in the top 0.1 percent among U.S counties in vegetable and melon sales, the top 

0.5 percent in sales of all crops, and is in the top 1 percent in sales of all crop and 

livestock products combined” (Yuma County Agriculture Water Coalition, 2015). Yuma 

County has one of the most senior water rights on the Colorado River and therefore are 

prioritized in terms of water allocation, even in a drought scenario. Nevertheless, with 

the current water crisis, even senior water rights holders are likely to see some cuts and 

restrictions to water uses.  

 

Figure 1-1. Study Area Extent, Yuma subdivision in Yuma County 



 

11 

Drought and Climate Change   

Drought conditions have been measured by studying tree ring chronologies to 

determine periods of reduced soil moisture as well as studying observed soil moisture. 

Based on these studies, there have been previous periods of time that have reached 

megadrought levels defined by multidecade drought conditions of very high severity 

(Williams et al. 2020). With applied climate modeling which observes vapor pressure 

deficits and increased evapotranspiration, it is clear that climate change is a key driver 

of more severe drought conditions. In an updated study, it is confirmed that climate 

change has forced what would be a relatively minor drought, into the category of a 

prolonged megadrought that rivals the worst drought of this millennia in the 1500s 

(Williams et al. 2022).  

Impacts of Antiquated Water Laws  

 Water rights in the CRB are determined by prior appropriation, where water use 

is allocated based on a first come first served basis. Senior water rights are given to 

those who arrived first in the southwest and are allotted the full amount of water to be 

used when there needs to be water cutbacks as a result of drought, whereas junior 

water rights holders are forced to reduce water use. This law often produces 

inefficiencies and inequalities when it comes to water use. It is inefficient in that as part 

of this law, owners must show ‘beneficial use’ referred to as the “use it, or lose it” rule, 

which results in many agricultural use holders to flood their fields with water so as to 

preserve their full allocation of water despite not requiring the excess water (Whear 

2022). Such wasteful practices result in diminishing water availability downstream and 

for those with junior water rights. This law is also unequal in that uses for agricultural or 

urban purposes are often senior water rights holders whereas water for environmental 
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uses are considered junior water rights and often not implemented at all since water is 

overallocated in the CRB (King et al. 2021). The historical ripple effects of the creation 

of this law, which favored water use for mining and allocated water to colonizers, is 

engrained in how water is allocated unequally, favoring the politically powerful, racially 

white, and wealthy interests over and above the poor, ecological, racial minority, and 

social-community interests that wish to have a sustainable water system to ensure 

water availability for generations to come. The context of the outdated method of water 

allocation in the CRB is important in understanding how water law plays a large role in 

water scarcity. Paired with climate change these factors are the main drivers of the 

water crisis in the southwest United States.  

Agriculture is a vital component of food production as well as an economic driver 

in many communities across the CRB. However, there are many wasteful agricultural 

uses and practices in the Colorado River Basin which are contributing to the water 

crisis. 37% of water used for irrigated crops in the CRB is used for growing Alfalfa, a 

high water-use crop. Additionally, the structure of agricultural subsidies in the US, favor 

crops that are water intensive, regardless of environmental conditions (King et al. 2021). 

US agricultural subsidies and incentives are structured to promote more water use at 

the detriment of water availability for the ecology and other uses. These laws 

surrounding agriculture add additional strain to the water crisis in the CRB.  

Analyzing Plant Health Using NDVI  

The impacts of these policies and drought conditions due to climate change can 

already be experienced and measured.  Remote sensing is often employed to assess 

the health of vegetation by retrieving satellite imagery and assessing Normalized 

Difference Vegetation Index (NDVI) values (Wen et al. 2017). NDVI is calculated by 
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combining the Red and Near-Infrared Bands in such a way that reflects vegetative 

health.   

NDVI = (NIR – R) / (NIR + R) 

Where:  

NIR = Near Infrared value 

R = Red value 

NDVI values indicate vegetation activity and health, which are commonly indicators of 

environmental changes at various spatial and temporal scales (Wen et al., 2017). NDVI 

also reflects plant moisture availability which can determine how much irrigation is being 

applied to an area of land (Chance et al., 2017). Plants that are healthier will have a 

higher NDVI value which is used to distinguish between plants that are unhealthy or in a 

state of dormancy, which will have a lower value. 

 

 

Figure 1-2. NDVI healthy vs. Stressed vegetation (Antognelli, 2018).  

NDVI allows for reduced computational storage needed, improves processing time, and 

provides a simple means for classifying complex landscapes (Chance et al. 2017).  
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NDVI data is often analyzed through a time series, which plots the average NDVI 

values over periods of time. Through observing the overall trend and dynamics of the 

time series, we can monitor changes that occur in an ecosystem or an agricultural 

setting (Chen et al., 2021). Processing NDVI values is a standard method for monitoring 

agricultural crops. In Brazil, NDVI was used to monitor crops using regression 

algorithms which combined Sentinel-1 and Sentinel-2 Images to continuously monitor 

vegetation despite this region having frequent cloud cover (Filgueiras et al. 2019).  

 Landsat and MODIS images are often used to assess NDVI by producing a time 

series, however these repositories come with spatial and temporal drawbacks. Landsat 

has a spatial resolution of 30m, although the frequency return interval for Landsat is 

about 16 days, meaning that there is only 1 image for every 16 day period. MODIS has 

a higher temporal resolution but a much coarser spatial resolution of 250m to 500m. 

These image compilations are valuable for assessing vegetative health over decades 

and large landscapes. A study conducted to see whether agricultural productivity 

impacted by drought conditions could be measured using a MODIS time series found 

that analyzing MODIS images can give a synoptic view of drought conditions, but does 

not provide the level of detail required to assess factors such as crop health or crop 

yield due to the low spatial resolution (Sur and Lungaria 2020). Another study was able 

to combine Landsat 8 and Sentinel-2 images by using convolutional neural networks to 

produce a medium-high resolution NDVI time series analysis in Texas and central China 

(Ao et al. 2021).  

For this project, Sentinel-2 imagery was chosen which has a spatial resolution of 

10m and a temporal resolution of four days.  
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Satellite  Spatial Resolution Temporal Resolution Year Available  

Landsat  30m  16 days 1999, 2013 
MODIS 250-500m  1-2 days  1999, 2002 
Sentinel-2  10m  4 days 2015 

Table 1-1. Spatial and Temporal Resolutions of Satellites 

This produces imagery that is more accurate and precise. However, Sentinel-2 was 

launched in 2015, so the time in which NDVI can be analyzed is slim in comparison to 

Landsat and MODIS. Nevertheless, it is important to start adopting Sentinel-2 imagery 

as a basis for time series analysis as time goes on since it has the best spatial and 

temporal resolution. Sentinel-2 images have such a high spatial resolution that 

individual farm plots can be analyzed for areas where vegetation health is declining or 

where areas may be over-irrigated.   

 This project compiled and executed a methodology from available tutorials and 

tool documentation to create a time series chart of the average NDVI values from 2019 

to 2022 using GEE. Additionally, 4 individual images were analyzed to assess NDVI 

values across the Yuma County subdivision, one for each year, in the driest month of 

May. Analyzing the time series and individual NDVI values of Sentinel-2 images can 

demonstrate to what extent extreme drought conditions have an impact on crop and 

vegetation health in this agricultural and arid region.   

CHAPTER 2                                                                                                               
DATA 

Sentinel-2 Images are stored and can be retrieved in two different ways: through 

a public data archive such as GEE or Amazon Web Services (AWS), or by going 

directly to the ESA Copernicus Open Access Hub, where data can be queried through 

their website to select and download images one date and image at a time. To create a 

time series which analyzes hundreds of images, a public data archive is needed. To 
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produce an accurate measure of NDVI values, Level 2A (L2A) Sentinel-2 Images were 

needed, which are atmospherically corrected images that contain Bottom of 

Atmosphere (BOA) reflectance values. Using GEE’s coding interface, the Sentinel-2 

image repository was queried to retrieve L2A images from January 1st, 2019, to June 

1st, 2022. The date range was based on the availability of L2A images available on 

GEE, since the production of L2A images began in December 2018. To analyze the 

Yuma County subdivision, the boundary for the study area was required, which was 

retrieved from the US Census Bureau’s Tiger/Line Shapefile repository. The shapefile 

for Arizona County Subdivisions was downloaded by selecting the appropriate 

categories on their US Census website and then processed in ArcGIS Pro version 2.9, a 

desktop GIS application produced by Esri that is used to process, visualize, and analyze 

geospatial data.  

 

Table 2-1. Metadata for Arizona County Subdivisions 

Official name of data set  
Year of publication  
Author  
URL of repository 
 
 
Description 
 
Coordinate System  
Type of Geometry  
Thumbnail  

Arizona County Subdivisions 
2021 
United States Census Bureau 
https://www.census.gov/cgi-
bin/geo/shapefiles/index.php?year=2021&layergroup=County+S
ubdivisions 
The 2021 Census TIGER/Line Shapefile contains all 
subdivisions of counties in the state of Arizona  
NAD 1983  
Polygon 
See Appendix Figure A-1 

 

Table 2-2. Google Earth Engine Sentinel 2 MSI: Multispectral Instrument, Level 2A Data 
Archive 

Official name of data set  
Year of publication  
Author  
 
URL of repository 
 

Sentinel 2 MSI: Multispectral Instrument, Level 2A  
2019-2022 
Authored by the European Space Agency, retrieved from 
Google Earth Engine’s public data archive. 
https://sentinel.esa.int/web/sentinel/user-guides/sentinel-2-
msi/product-types/level-2a  
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Description 
 
 
 
 
Coordinate System  
Spatial Resolution 
Temporal Resolution 
Thumbnail  

This repository contains all Sentinel-2 Images across the world 
from when sentinel-2 was launched in 2018 to the present 
moment. This studied retrieved 617 images from the data 
archive for analysis, specifically using the red, green, blue, and 
near-infrared bands (Bands 2,3,4, and 8 respectively).   
WGS 84 Pseudo-Mercator  
10 meters  
4 days  
See Appendix Figure A-2 

 

CHAPTER 3                                                                                                               
METHODS 

NDVI Time Series Using Sentinel-2 Imagery 

Google Earth Engine (GEE) was used to compile Sentinel-2 Imagery for the 

Yuma subdivision, compute Normalized Difference Vegetation Index (NDVI) values, and 

create a time series chart to analyze the health of vegetation. GEE is a powerful online 

tool that utilizes cloud computing to analyze and compile geospatial datasets to produce 

‘on-the-fly’ maps, charts, data, and analysis. GEE uses the JavaScript coding language 

to execute functions that create these charts and maps. GEE is widely accessible and 

free to use for academic and educational purposes. GEE has been used to create time 

series NDVI charts by various studies, such as in Sulawesi, Vale Indonesia, where such 

a method was used to analyze forest degradation from mining activities in this region 

(Nursaputra et al. 2021).  

Data Processing Steps  

 Processing data in GEE involves writing code to import county subdivisions and 

Sentinel-2 image collections, filter for images that meet the date range and have 

minimal cloud cover, retain pixels that are vegetation and soil, mask clouds, and 

compute NDVI values.   
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Figure 3-1. Google Earth Engine Workflow Chart 

The county subdivision shapefile was downloaded from the US Census website 

and then uploaded to the GEE website. This shapefile is then imported as a variable in 

the GEE code block. Another import is made by searching for Sentinel-2 Level 2A in the 

search box.  

 

Figure 3-2. Imports in GEE Code Interface  

Once the subdivision shapefile is uploaded, it can then be filtered by creating a 

variable which contains only the Yuma subdivision using the built-in filter function. 

Sequentially, the Sentinel-2 Imagery is then filtered to select for images that have a 

cloud cover of less than 5% and dated from January 1st, 2019, to June 1st, 2022. The 

dates were chosen based on the availability of Sentinel-2 L2A imagery. Additionally, the 
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bounds of the images were filtered to retain only the part of the images that were within 

the county subdivision. 

 
 
Figure 3-3. Filtering County Subdivision and Sentinel-2 Image Collection 
 

One of the benefits of Level 2A images is that It contains Scene Classification 

(SC) which applies an algorithm that has classified vegetation, soil, water, clouds, 

shadows, and snow. This allows for those classified pixel values to be queried and used 

independently. 

 

Figure 3-4. Scene Classification Values. Retrieved from Sentinel-2 Technical Guide 
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In GEE, a function can be applied to keep only vegetation and soil pixels by 

selecting for the 4th and 5th classification in SC and masking out pixels that have any 

other values. This way, NDVI values will come only from areas that have vegetation or 

soil covering and remove all other pixels. 

 
 
Figure 3-5. Retaining Vegetation and Soil Pixels in GEE code  

 

 To further improve the accuracy and quality of the analysis, another filter can be 

applied to remove clouds following the method documented in the GEE Data Catalog. 

This method uses the QA60 band of Sentinel-2 to filter out any clouds. Although cloud 

coverage is minimal since the previous code will only take images with 5% cloud cover 

or less, it is still best practice to filter out clouds for a more accurate dataset.   

 

Figure 3-6. Filtering Clouds from Sentinel-2 in GEE  
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With the images correctly filtered, NDVI can then be calculated using the built in 

normalized difference function in GEE based on the Red and Near-Infrared Bands. The 

previously created cloud mask can also be applied at this step.  

 

 

Figure 3-7. Calculating NDVI and Applying Mask Filter  
 

The average NDVI for each date can then be plotted by applying a reducer 

function and plotting the values in the native UI. Reducers aggregate data to then 

produce a single output. NDVI data for the entire project area is aggregated and 

averaged to produce one data point (Average NDVI) for each map. This function 

specifies which statistic to use to aggregate the data (mean).  
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Figure 3-8. Aggregating data and producing an average NDVI Chart  

Plotting the data allows the data to be exported by clicking on the plot and 

selecting to export to a CSV file.  

 

 

Figure 3-9. Plotted average NDVI values in the GEE User Interface  
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Observing the values that are plotted it is clear that there are many dates that 

have two values on the same date. This is because the data is being taken from two 

different tiles since the Yuma subdivision is within two tiles. The chart is plotting two 

NDVI means which can then be combined and averaged to produce a one mean value 

summarizing the mean NDVI for all of Yuma within Excel. To understand what the 

algorithm is performing, it is useful to get a visual of how NDVI values are being 

classified. Since GEE is processing 617 images at once, it is not possible to view all of 

the images, however using the median function in GEE, the median NDVI of all the 

images can be extracted and displayed as a map.  

 

 
 
Figure 3-10. Code to Display NDVI Median Map  
 

This produces the image seen in Figure 3-11, where green colors represent a higher 

NDVI values and lighter green colors represent a lower value. Red represents the pixels 

that are not considered since they are not vegetation or soil pixels.  
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Figure 3-11. Median NDVI values displayed in GEE  

Although the image produced is useful for understanding how the GEE algorithm is 

interpreting the images, it is not easily classified or transformed according to cartographic 

principles since GEE is used primarily for compiling and retrieving image data which can be 

properly made into a map in a separate software such as ArcGIS Pro, QGIS, or ENVI.  

Analyzing Individual Sentinel-2 NDVI images using ArcGIS Pro  

  A time series analysis is key in analyzing trends of overall NDVI values over 

time, however, to look at specific values and to get a visual representation of these 

values for one date at a time necessitates the use of GIS software. ArcGIS Pro contains 

packages of tools which aid in the projection of images and the extraction of the data 

behind the visual image.  
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Figure 3-12. ArcGIS Pro Workflow  

To retrieve the individual Sentinel-2 Images, GEE was used by exporting an 

image with four bands selected (Bands 2, 3, 4, and 8, which represent Blue, Green, 

Red, and Near-Infrared) to Google Drive.   

 

Figure 3-13. Exporting Sentinel-2 Images to Google Drive  

To export images from GEE the specific image ID is required which can be found 

in the ‘Console’ once the code is executed by clicking on the image collection and 

retrieving the image ID with the desired date and tile. To get only the desired bands, the 

select function is used on the image variable. The ‘Export.image.toDrive’ task is then 
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created by naming the image, assigning a title, and determining the region size. This 

task is then displayed in the ‘tasks’ tab once the code is executed, in which the export 

task is then clicked on to enter the scale of 10 (for 10m). Once the task is completed, 

the image appears as a TIF file in the Google Drive, which can then be downloaded and 

opened in ArcGIS Pro. The process is repeated by applying a double slash ‘//’ to the 

first image variable to nullify that line of code, then recreated with the next image ID. 

The code is then executed again to produce a new task for the next years’ image. This 

process was preferable to downloading the images from the Copernicus Open Access 

Hub, since the GEE code preprocessed the images into a band combination that 

contained only the four desired bands and was already clipped to the extent of the 

project area. 

 

Figure 3-14. 2021 Image downloaded from GEE and displayed in a natural band combination in 
ArcGIS Pro 
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Images were automatically converted to WGS 1984 UTM Zone 11N by setting 

the environments and map to this coordinate system which is most suitable to the Yuma 

County area. The image was then changed to display NDVI by clicking on the Imagery 

tab and selecting NDVI from the Indices drop down menu. This opens a pop-up window 

where the bands are inputted to identify band 8 as the near-infrared band and band 4 as 

the red band. This input performs a calculation on the fly to convert pixel values based 

on the NDVI formula. 

 

Figure 3-15. Creating an NDVI Image in ArcGIS Pro  

 To visualize the health of vegetation, NDVI values have to be classified and 

assigned an appropriate color. NDVI was classified based on generalized values where 

anything below 0 represents no vegetation, 0.1 to 0.45 represent weakly irrigated, 

sparse vegetation, 0.4 to 0.8 represent adequately watered, healthy vegetation, and 0.8 

to 1.0 represent the most healthy, robust crops and vegetation (Staridas Geography, 

2021).  
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Figure 3-16. Classified NDVI Values  

With the NDVI values classified, the image can be clipped to the extent of the 

study area by executing the ‘Extract by Mask’ tool. The symbology that was previously 

created can be applied to this extracted NDVI to produce a classified image of the study 

area. 

 

Figure 3-17. Extract by Mask: Classified 2021 NDVI Sentinel-2 Image of the Study Area 
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Although the desired image has been displayed, the data values behind the 

image are not contained within an attribute table. To assess the number of pixels that 

there are in each category, the values have to be reclassified using the ‘Reclassify’ tool. 

 

Figure 3-18. Reclassify tool inputs 

Since the tool inputs change the decimal values to whole values, the symbology 

has to be changed once more to match the previous symbology classification scheme. 

The process is then repeated for the remaining three images to produce four classified 

NDVI images in the month of May for each year between 2019 and 2022 for the Yuma 

County subdivision.  
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CHAPTER 4                                                                                                                 
RESULTS 

Time Series  

To assess what factors could have influenced average NDVI values in the time 

series, it is important to consider temperature and precipitation for the Yuma region. 

Precipitation values were minimal as expected for a hot and dry desert environment. 

This indicates that direct rainfall is not the main contributor to vegetative health in this 

region since most of the water is supplied by the Colorado and Gila rivers. The amount 

of water in the rivers is determined by the amount of rainfall in the CRB, snowpack from 

previous seasons, and increased temperature (which leads to higher levels of 

evapotranspiration), as well as human factors such as water allocation for the entire 

Colorado River Basin. Temperatures were consistent from 2019 to 2022 with typical 

seasonal variation.  

 

Figure 4-1. Mean Temperature in Yuma  
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Figure 4-2. Total precipitation for each month in Yuma 

Using GEE, a time series was created based on the average NDVI values of 

vegetation and soil pixels based on 617 Sentinel-2 images in the Yuma County 

subdivision for the years 2019-2022. 

 

Figure 4-3. Average NDVI in Yuma from 2019 to 2022 

A moving average 5-point bandwidth was computed by averaging the 5 nearest 

data points to produce a smoother line chart to see the trends in the time series more 

easily.  
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Figure 4-4. Moving Average 5-point Bandwidth (MA-5) 

Average temperatures in Yuma appear to have a negative correlation with NDVI 

values. This accounts for the seasonal variation in plant growth. Cooler rainy conditions 

in the fall and winter produce a higher output of plant growth which is reflected in higher 

NDVI values. In hot dry conditions, plant life does not grow as vigorously, which is also 

reflected by lower NDVI values. However, this seasonal variation does not account for 

other shifts in the data. Seasonal variation in NDVI could also be influenced by El 

Niño/La Niña weather events, which produce greater amounts of rainfall in the CRB. In 

2019-2020 such an event has resulted in increased rainfall, which may account for the 

higher NDVI values in these years as opposed to the lower values seen in 2021-2022.  

However, Observing the MA-5, it may be that although there are seasonal 

variations in the health of vegetation as well as increases due to El Niño/La Niña, 

overall NDVI values have trended downwards from 2019-2022. Most notably, NDVI 

values in 2022 are at the lowest point in comparison to any other year and are all below 

0.2 past March 16th, 2022. The crests and troughs in the time series get lower every 
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year. Given the inconsistent dates in the data that is available, a time series forecast 

could not be created, however given the trendline, it can be expected that NDVI values 

will continue to decline. Additionally, values in 2019 through 2021 began at a much 

higher NDVI value in comparison to 2022, where the values dramatically dropped in late 

2021 and stayed at this low point in 2022.  

Individual Image Analysis  

 The time series was useful at looking at the overall trend of average NDVI values 

for the Yuma County subdivision, although this method is limited in understanding the 

differences in NDVI values over the entire study area as well as where the change is 

occurring in terms of specific ranges of NDVI values (such as between weakly irrigated 

and adequately water areas). For this purpose, one image was observed for each year 

from 2019-2022 in the driest month of May. Observing the classified NDVI values, 2022 

values are increased in the 0 to 0.1 range in particular and have almost no values in 0.7 

to 1 range, indicating a decrease in vegetative health. Notably, there is a decrease in 

2022 from the 0.1-0.2 and a big increase in values  in the 0-0.1 range, which may 

indicate a significant decrease in vegetative health, even though both ranges fit into the 

‘weakly irrigated’ category.  Otherwise, there is no large discernable difference between 

some of the individual categories since many still fall within the same classification 

grouping of ‘weakly irrigated’ or ‘well irrigated’.  
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Figure 4-5. Uncategorized, Classified NDVI Values 

 
 With the NDVI values grouped by vegetation health and irrigation categories, the 

change from ‘well irrigated’ to ‘adequately irrigated’ is more apparent. 2022 also 

reached the highest level of coverage percent in the ‘weakly irrigated’ category. 

Between 2019 and 2021, there aren’t many changes in the categorized chart.  

 
 
Figure 4-6. Categorized, Classified NDVI Values 
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 The four images presented in Figure 4-7 are visual representations of classified 

NDVI values with greener pixels representing healthier vegetation and redder pixels 

representing weakly irrigated crops, or little to no vegetation. Greener areas primarily 

appear around agricultural land uses, whereas the pink to red colored areas are 

primarily in bare soil to sparsely vegetated areas. Yellow areas are likely covering areas 

that contain fallowed fields or sparsely vegetated natural areas. There is a substantial 

variety in where the greenest areas are compared to yellow to red areas. This is likely 

the result of crop rotations, where farmers allow the field to fallow to regenerate soil 

nutrients, however some fields may have been abandoned or have reduced watering 

regimens. In the 2022 year, there is a much larger difference in pixel values, as there 

are no areas that have 0.8 to 1.0 NDVI values. Additionally, for 2020 and 2021, there 

appears to be more yellow pixels in the 0.2 to 0.3 value range in areas that were in the 

0 to 0.2 range in 2019.  This dendritic yellow pattern disappears in 2022 and is once 

more in the 0 to 0.2 range. This may be due to weather events and increased growth of 

desert vegetation in 2021 to 2022, although the cause of this NDVI change requires 

further study.  

 The Sentinel-2 NDVI classified image that was produced is highly detailed. In 

individual crop areas, there are differences in pixel values, suggesting that some areas 

may have received less water, whereas other areas which appear greener have 

received more water.  

 



 

36 

 

Figure 4-7. NDVI classified images from 2019 to 2022 Side-by-Side Comparison 
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Figure 4-8. NDVI Classified Image for May, 2019 
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Figure 4-9. NDVI Classified Image for May, 2020 
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Figure 4-10. NDVI Classified Image for May, 2021 
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Figure 4-11. NDVI Classified Image for May, 2022 

 
 

CHAPTER 5                                                                                                          
CONCLUSION 

 
 The Sentinel-2 Time series clearly demonstrated that the overall crop and 

vegetation health in the Yuma County subdivision is trending downward from 2019 to 

2022. This is likely a consequence of megadrought conditions paired with overallocation 
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of the Colorado River Basin (CRB) water resources and the impact that climate change 

has had on the temperature and precipitation for the whole basin. Yuma County has 

some of the most senior water rights in the CRB, so measurable impacts to the health of 

crop and vegetative vigor in this region which should have ample water resources, is 

troubling when considering the sustainability of crop production in the CRB.  

 The significant change in NDVI values when comparing 2019-2021 values and 

2022 may have been the result of water reduction along the Gila and Colorado Rivers. 

Given that the Sentinel-2 Imagery was processed in the exact same manner for each 

year, the changes that appear between images is not an error. This is also confirmed by 

the Time-Series results which also show a decline in average NDVI values. This 

anomaly may be influenced by the extreme or exceptional drought that occurred in July 

to October 2021, where more than 68% of the western United States were classified 

under this category despite an active monsoon (Williams et al. 2022). Additionally, a 

decadal analysis should be done using Landsat and MODIS datasets from 2012-2022 in 

combination with the available Sentinel-2 archives to determine the influence of El 

Niño/La Niña weather events on NDVI values, and whether these weather events can 

account for the downward trend seen in 2019-2022. Sentinel-2 images can also be used 

for this purpose to observe the decadal pattern from 2019-2029. Further analysis may 

be done to confirm that there was a decline in 2022 in plant productivity with ground 

truthing by visiting areas where there appears to have been a decrease in the health of 

vegetation and confirming with local landowners and government officials.  

Recommendations for Data Usage and Broader Implications 

 The methods presented here could be employed in determining individual 

agricultural plots that have an excess of water by means of diverting canals or flooding 
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fields to meet water allocation quotas. This would however require a more detailed 

analysis of individual plots in combination with ground truthing. Farm owners may use 

this data to adjust irrigation strategies by observing where water may not be reaching 

crops or where some crops may be receiving excess water. The city of Yuma may wish 

to use the data to assess which farms have healthy vegetation based on NDVI values in 

comparison to how much water is used on individual plots of land. Additionally, the 

same code created in GEE can be easily used to analyze other locations across 

Arizona or the world by changing the polygon for the county.  

 Changes in water irrigation practices and the types of crops grown within Yuma 

or the broader CRB needs to be changed to ensure economic viability and sustainability 

into the decades to come. Diminishing water availability necessitates a change to 

produce crops that are more drought resistant and less water intensive, along with more 

efficient irrigation systems. Water laws need to be changed to encourage water 

conservation and frugal water usage as well as altered to be a more equitable 

distribution of water resources that ensures the protection of the natural environment as 

well as the protection of small agricultural communities. Incentives should be 

implemented to promote reduced consumption and wasteful water use in urban areas 

needs to also be addressed.  

Limitations 

 This study is limited by the availability of Sentinel-2 Imagery and insufficient 

ground truthed data in terms of water uses, irrigation practices, land coverage, and crop 

coverage in the Yuma County subdivision.  Additionally, there were temporal limitations 

in the sense that images were only taken every four days and images that had a cloud 

cover greater than 5% were excluded from the study. This produces an uneven time 
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scale, where the data points were not evenly distributed over time. This limited the study 

in that a forecast could not be created to predict future trends for the region based on 

the available data. The data presented is limited to the Yuma County subdivision and to 

get a better sense of overall drought in the CRB would require assessing larger portions 

of the CRB.  

 The NDVI Time Series could be further improved by incorporating L1C Sentinel-2 

Imagery (ensuring that it is atmospherically corrected) that goes back to 2016. It can 

also be improved overtime as more Sentinel-2 images are available. Further studies 

could assess NDVI changes over the entire CRB with the addition of water allocation 

according to senior and junior water rights to assess the impact of the drought in 

relation to water law. Additional indices may be applied to analyze drought conditions 

such as the soil moisture index. Given that Sentinel-2 has the highest spatial and 

temporal resolution, it will be highly valuable as images become available over larger 

spans of time. Using GEE to assess NDVI values with Sentinel-2 imagery can provide 

continual monitoring of areas by simply changing the date range monthly, or annually, to 

observe changes in NDVI as time progresses.  
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APPENDIX A 

 

 

Figure A-1. Thumbnail for Metadata for Arizona County Subdivisions 

 

Figure A-2. Thumbnail for Metadata for Google Earth Engine Sentinel 2 MSI: Multispectral 
Instrument, Level 2A. Depicts all 617 Sentinel-2 Images average NDVI zoomed in on a portion 
of the Yuma county subdivision.  

 


