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Abstract 
 

 

The conservation of natural resources in the southern United States plays a pivotal role in 

addressing climate change, safeguarding its rich forest resources, maintaining ecological 

integrity, ensuring food sources, and sustaining the national economy. This region, characterized 

by rapid population growth and agricultural production, demands special attention for its holistic 

development. In light of this, the study encompasses two interrelated studies: the first deriving 

high-resolution spatially continuous aboveground biomass (AGB) maps using NEON’s airborne 

lidar, while the second delves into identifying zones with varying irrigation water demands to 

enhance agricultural productivity. 

 

Chapter 2 underscores the critical need for accurate high-resolution AGB mapping to support 

ecological integrity, carbon dynamics, and natural resource management. Despite the challenges 

associated with AGB estimation due to limited data, the National Ecological Observatory 

Network (NEON) offers a valuable resource with quality-controlled, consistent datasets at 

various spatial scales. This study leverages NEON's airborne lidar point clouds and plot-level 

vegetation structure data from Ordway-Swisher Biological Station (OSBS) in Florida, Talladega 

National Forest (TALL) in Alabama, and Oak Ridge National Laboratory (ORNL) in Tennessee. 

By utilizing lidar-derived canopy metrics, Sentinel imagery, and ancillary data, AGB is predicted 

using multiple linear regression (MLR) and Random Forest (RF) models. MLR outperforms RF 

across all sites, yielding R² values of 0.91, 0.52, and 0.63 for OSBS, TALL, and ORNL 

respectively, compared to RF's 0.67, 0.20, and 0.40. The %RMSE is 31.32%, 32.7%, and 

30.75% for MLR, as opposed to 71.44%, 44.21%, and 45.47% for RF, respectively. Sites with 

steep slopes and complex structures (e.g., ORNL and TALL) exhibit lower accuracy, 

highlighting the need for an increased number and distribution of field plots to enhance AGB 

estimation accuracy. In summary, this study sheds light on the potential and limitations of 

NEON's datasets in generating spatially continuous AGB estimates. 

 

Chapter 3 shifts focus towards optimizing agricultural efficiency and ensuring the sustainable 

allocation of water resources by comprehending the specific water requirements unique to the 
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region, particularly the dynamics of root zone soil moisture. This research concentrates on three 

key southern states- Alabama (AL), Florida (FL), and Georgia (GA), recognizing their 

substantial contributions to agricultural production, the national economy, and the regional 

ecological equilibrium. Departing from traditional manual data collection, this study employs a 

data-driven approach to delineate irrigation potential zones. The methodology entails monthly 

averaging of daily evapotranspiration, precipitation, and root zone soil moisture during the 

cropping season (May to October) from 2015 to 2023. A comprehensive correlation analysis 

unveils the intricate relationship between water demand (expressed as potential 

evapotranspiration – precipitation) and root zone soil moisture, exhibiting a negative correlation 

pattern spanning from -0.06 to -0.78. The correlation map was categorized into five distinct 

classes, highlighting varying water requirements in different regions. Analysis of variance 

(ANOVA) establishes the high overall significance of the correlation categories and varying 

irrigation required regions (F = 38.59, p < 0.05), and Tukey's Honest Significant Difference 

(HSD) post hoc test confirms the statistical significance of all categories within the p < 0.05 

range. These research findings equip stakeholders with invaluable insights to conserve resources 

and promote sustainable agricultural practices. By seamlessly integrating data science, remote 

sensing datasets, and agricultural resource management, this study emerges as a pivotal catalyst 

for optimizing irrigation practices and ensuring the sustainability of precision agriculture in the 

region. 
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1 Chapter 1: Introduction 
 

 

Sustainable natural resources management in the southern United States is important for 

ecological integrity, forest production, and food security (Williams et al., 2017). Biomass is one 

of the key parameters that indicates the amount of vegetation, ecological status, the role of plants, 

potential productivity of rangeland, and hydrological properties of an area (Ajani et al., 2013). 

Specifically, forest aboveground biomass (AGB) is the most studied parameter for understanding 

the ecological status and forest productivity (Duncanson et al., 2020) of an area. More than 50% 

of the area of the Alabama, Florida, and Georgia states in the Southern United States, is forested, 

and the cultivated land is the second most predominant land use and land cover (LULC) class 

(Wickham et al., 2021). To continue ongoing agricultural production in vast areas and 

sustainable management of water resources in this region, classifying areas with higher to lower 

irrigation needs to be estimated. Therefore, for sustainable management of natural resources in 

this region, both high-resolution spatially continuous AGB estimation and identifying different 

areas with varying irrigation needs will help ensure sustainable economic and ecological growth 

in this area (J. H. Brown et al., 2005; Kim et al., 2021). 

 

Despite the importance of AGB estimation, it is often challenging to estimate over large areas, 

especially for dense mixed forested sites (Jenkins et al., 2003; Khati et al., 2020; Qi et al., 2019; 

Thomas & Famiglietti, 2019). Although manually collecting tree information like measuring 

each tree’s height, diameter at breast height, and using statistical equations to calculate the AGB 

of each tree is accurate, it is too time and cost-consuming, inaccessible to several locations, and 

prone to human error (Lu et al., 2016; Wang et al., 2022).  

 

Over large areas, space-based optical remote sensing technology (e.g., satellite imagery) is useful 

for monitoring forest coverage, but may not be well-suited for deriving forest structural 

information, such as tree heights (Lu et al., 2016). The study reported that estimating biomass 

using only optimal remote sensing compromised accuracy due to lack of tree height information 

(Zeng et al., 2022). Forest heights are often used as surrogates for biomass estimation (Y. Zhang 

et al., 2019) since taller trees have disproportionately large biomass despite the same dbh values 
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(J. H. Brown et al., 2005). Therefore, synergistic use of active sensors (i.e., light detection and 

ranging or lidar) and passive remote sensing data (e.g. imagery) has been found to be more 

accurate (Nandy et al., 2021).  

 

The airborne lidar is an active remote sensing device that is capable of precisely measuring 

ground elevation and tree heights by calculating the time required for a pulse of laser energy to 

reach the ground and reflect back to the sensor (Coops et al., 2021; Popescu, 2007). Airborne and 

spaceborne are two lidar platforms that differ by preciseness, coverage, and altitude of the flight 

operation (Nie et al., 2018). Although airborne lidar is the more accurate data source for forest 

applications, its operation is often limited due to the high operation costs (Silva et al., 2021). As 

such, airborne lidar is often planned for a specific project with outcomes significantly varying by 

mission focus and logistic availability (Silva et al., 2021). However, the National Ecological 

Observatory Network (NEON) is a government-owned platform that feely provides airborne 

lidar point clouds and up-to-date vegetation structural datasets across 83 sites in the United 

States. These quality-controlled datasets enable the generation of high-resolution AGB mapping. 

However, there are currently no available AGB map products for NEON sites. This study was 

undertaken to demonstrate a methodology to create high-resolution spatially continuous AGB 

estimates for three NEON sites, that that can be adapted to other NEON sites. 

 

The first part of this study serves to develop a methodology for applying vegetation structural 

data and airborne lidar point cloud datasets for three National Ecological Observatory Network 

(NEON) sites in the Southeastern US to develop high-resolution aboveground biomass products.  

The significance of using NEON datasets includes the availability of periodically acquired up-to-

date airborne lidar point clouds (DP1.30003.001) and vegetation structural information 

(DP1.10098.001). Those manual field data are collected by updated techniques while 

maintaining a high standard of quality control (García et al., 2018; Khati et al., 2020; Scholl et 

al., 2020). For this work, NEON’s airborne lidar point clouds and vegetation measurements were 

used to develop reference AGB estimates for:(1) Talladega National Forest (TALL) in Alabama, 

(2) Oak Ridge National Laboratory (ORNL) in Florida, and (3) Ordway-Swisher Biological 

Station (OSBS) in Tennessee. The datasets were used for creating spatially continuous 20m 

resolution AGB maps for each NEON site.  
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In addition to forest vegetation, the southern US is also significantly renowned for agricultural 

production and rapid population growth rate (Pervez & Brown, 2010). A recent study shows 

about 14% of agricultural products are generated from this region and the population growth rate 

is 10.2% higher than the national average of 7.4% (Zaussinger et al., 2019). The groundwater 

resources of the south are facing a rapidly declining trend which seems to be due to irrigation, 

speedy vegetation, and population growth trends (Condon et al., 2020; Condon & Maxwell, 

2019; W. Zhang et al., 2020). Sustainable management of water resources is essential for 

agricultural production and overall natural resources management of this region. This 

management initiative demands up-to-date irrigation information, but the current county-wide 

irrigation dataset is almost a decade old and coarser in resolution (1km x 1km) (Pervez & Brown, 

2010). Furthermore, very few studies were undertaken to find the irrigation water needs in the 

plant’s root zone and dividing areas based on varying water needs (Bwambale et al., 2022; C. 

Zhang & Long, 2021; Y. Zhang et al., 2019). Furthermore, an irrigation dataset from the 

Moderate Resolution Imaging Spectroradiometer (MODIS) sensor for the contiguous US 

(irrigation) and global-scale vegetation information are provided at 250m and 1km grid sizes 

where the cell value presented in percentage of water applied (Pervez & Brown, 2010).  

 

New science and satellite data have become available in the last decade, providing the potential 

to identify soil moisture conditions up to 100 cm from the soil surface in depth where most 

cultivated crop’s roots are grown (McDermid et al., 2023; Xu et al., 2019; L. Zhang et al., 2022). 

For example, NASA launched the Soil Moisture Active and Passive (SMAP) satellite that 

collects soil moisture observations from 2015 and is capable of providing soil moisture 

information up to 100 cm, providing a unique opportunity to measure historical data for further 

analysis (Abbaszadeh et al., 2019; Lawston et al., 2017; W. Zhao et al., 2018). Finally, 

combining soil moisture with updated climatic datasets would be feasible for identifying varying 

irrigation demanded zones, while estimating spatially continuous AGB would be helpful for 

better understanding forest resources and would be useful for managing natural resources of this 

region.   
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1.1 Study objectives  

 

The overall objectives were to-  

 

1. Develop a methodology for utilizing NEON datasets to generate spatially continuous 

high-resolution AGB biomass products.  

 

2. Identify varying irrigation demanded areas using soil moisture, climatic and remotely 

sensed datasets. 

 

Each objective is addressed as a separate chapter in this thesis. Objective 1 is addressed in 

Chapter 2, and the irrigation potential zone identification using data science approaches is 

discussed in Chapter 3. Finally, conclusions and recommendations are presented in the fourth 

chapter of this thesis.  
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2 Chapter 2: A Spatially Continuous AGB Dataset for 3 NEON Sites in the 

Southeastern US Using NEON Airborne Lidar and Vegetation Data 

 

 

2.1 Introduction  

 

Forest aboveground biomass (AGB) is a critical parameter for understanding ecological integrity, 

forest production, and the hydrological properties of an area (Ajani et al. 2013; Williams et al. 

2017). In the southern United States (US), forests cover over half of the land area, significantly 

contributing to the national economy, and carbon storage to mitigate the adverse effects of 

climate change (Gassert, Burke, and Zimmerman 2020; Wickham et al. 2021). Despite its 

importance, accurately estimating AGB is often challenging due to limited ground 

measurements, as well as spatially coincident tree attributes, precise methods, and statistical 

modeling (Wang et al. 2022). Although optical remote sensing, such as satellite imagery, has the 

capability to map a forest, it is unable to provide 3D vegetation structural information, such as 

height, or penetrate the top canopy layer of a tree (Lu et al. 2016). Meanwhile, only considering 

tree diameter at breast height (DBH) can lead to significant errors in AGB estimation, since taller 

trees have disproportionately more biomass than shorter trees (Brown, West, and Enquist 2005). 

Therefore, utilizing active sensors, such as light detection and ranging (lidar) that are capable of 

measuring tree height, helps improve AGB estimation models, with a combination of accurate 

field-observed datasets (Nandy, Srinet, and Padalia 2021; NOAA 2012). 

 

Airborne and spaceborne lidar are two types of platforms used for lidar data collection, and they 

differ in their preciseness, coverage, altitude of operation, and overall cost. Lidar can precisely 

measure ground elevation and tree height by calculating the time required for a laser pulse to 

reflect the sensor (Coops et al. 2021; Popescu 2007). While airborne lidar is more accurate, its 

use may be limited due to cost. However, the availability of airborne lidar data from the National 

Ecological Observatory Network (NEON) sites across the United States offers opportunities for 

research (Nie et al. 2018; Silva et al. 2021). The NEON of the National Science Foundation 

(NSF) is a continental-scale observation facility designed for understanding how ecosystems of 

the US are changing over time. This facility is operated by Battelle and provides long-term open-

access data for ecosystem research. It operates 81 field sites strategically located across 20 
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ecoclimatic domains across the US, including 47 terrestrial field sites and 34 freshwater aquatic 

field sites. When logistically possible, aquatic, and terrestrial sites are collocated (i.e., in 

proximity) to support the understanding of linkages across terrestrial and aquatic ecosystems and 

their interactions with the atmosphere. Therefore, the information from one site is extensively 

useful for similar kinds of forest sites in different parts of the US. NEON conducts extensive 

surveys consisting of structure measurements of individual woody and non-herbaceous perennial 

plants and maps the position of qualifying woody and non-woody plants based on plot/sub-plots 

levels. NEON’s collected Vegetation Structural (VST) data are quality-controlled from in-situ 

measurements of live and standing dead woody individuals, shrub groups, and non-herbaceous 

perennial plants from all terrestrial NEON sites (NEON, 2022a). Alongside those, related remote 

sensing data products such as airborne lidar point clouds and high-resolution digital terrain and 

surface model datasets are available. For this study, along with the airborne lidar point cloud 

datasets, spatially corresponding tree attribute information was also used to model AGB. In the 

VST dataset, tree attributes including height, DBH, taxonomic information, tree formation, 

current tree condition, and relative site parameters are all included (Nandy et al. 2021; Venier et 

al. 2019).   

 

There are few studies on using NEON VST or lidar point cloud datasets for modeling AGB for 

an area. Among published literature that used NEON’s VST data include validation studies, or 

onsite testing purposes rather than AGB mapping (Duncanson et al. 2020, Wang et al. 2022). 

Currently, AGB map products are not available from NEON portals. Thus, this study serves to 

develop a methodology and assess the capability for creating AGB maps using only NEON 

datasets. Considering the same data collection protocol for every NEON site, written scripts, 

workflows, and overall methodology should be useful for other NEON sites and similar forest 

patches for generating spatially comprehensive AGB estimates. 

 

Although airborne lidar data can provide height information with centimeter-level accuracy, the 

performance of AGB modeling with airborne lidar data depends on various factors, such as tree 

attributes, forest types, topography, climate, and weather patterns (Wang et al. 2022). Among 

these, forest types are a particularly important factor because of the differences in accuracies for 

capturing forest attributes from single-species to mixed-species forests (Popescu 2007). Mixed 
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forest types are often less accurate than single species since lidar has limitations in penetrating 

dense forest canopies (Donager, Sánchez Meador, and Blackburn 2021). Considering this, AGB 

estimation work for this study considered three southern forest sites with dense tree canopies and 

mixed forest structures with terrain differences. Three NEON sites, namely Ordway-Swisher 

Biological Station (OSBS) in Florida, Talladega National Forest (TALL) in Alabama and Oak 

Ridge National Laboratory (ORNL) in Tennessee were considered, where NEON reports quality-

controlled tree attributes, including DBH, height, and current conditions of each tree (Kampe 

2010; NEON 2022a, 2022b). The objectives of this study are listed below: 

 

a) To develop a precise model training dataset using NEON’s vegetation structure and 

airborne lidar point cloud data.  

b) To develop models for spatially continuous AGB estimation using Multiple Linear 

Regression (MLR) and Random Forest (RF) at three NEON sites. 

c) To compare model performance at three NEON sites and develop new insights and 

recommendations for NEON vegetation data protocol. 

 

2.2 Materials and methods 

 

2.2.1 Study site 

 

This study considered three NEON sites in Florida, Alabama, and Tennessee, USA, where 

quality controlled VST and airborne lidar point cloud data are available. The Ordway-Swisher 

Biological Station (OSBS) in Putnam County, Florida, Talladega National Forest (TALL) 

located in the Bibb, Hale, and Perry counties County of Alabama, and Oak Ridge National 

Laboratory in Roane and Anderson counties in Tennessee were used (Figure 2-1). The OSBS and 

TALL sites are under NEON’s D08 domain, and ORNL is under the D07 domain geographical 

centroid of each field site (29.689282 N, -81.993431W; 32.95047 N, -87.393259 W; 35.964128 

N, -84.282588 W, respectively).  
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Figure 2-1: Three study sites in Florida, Alabama, and Tennessee, United States. The airborne lidar point 

data coverage of each site is shown in the line boundary, and polygons present field plots where tree 

attributes are available. All field plot polygons are 20m x 20 m in resolution, clustered plots are those in 

which data is collected by the tower plotting system. Tree available subplots (20m) from 40m x 40m tower 

plots were extracted and used for clipping to get a 20m lidar extent. The blue, red, and magenta colors 

present field plots of OSBS, TALL, and ORNL field plots respectively. 

 

2.2.2 Weather pattern and field characteristics  

 

The field characteristics and weather patterns of the TALL and ORNL are comparable, but 

OSBS is different. The OSBS site is hot and humid with gentle to flat terrain which has 

comparatively shorter trees than the TALL and ORNL sites (Battelle, 2023a, 2023c, 2023b). At 

OSBS, canopy cover ranges from 40-60%, with tree canopy heights between 15-30 m (avg 23 m) 
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and has a temperature range of 4 to 32 °C (avg 20.9 °C) (Battelle, 2023b). Average precipitation 

is 1302 mm (Table 2-1), and tree density ranges from 500-2000 trees per hectare (trees/ha). The 

TALL site has a higher canopy cover range of 50-80% and canopy heights of 20-35 m, with a 

temperature range of -9 to 36 °C and an elevation range of 63-179 m (Battelle, 2023c). Average 

precipitation is 1383 mm/year and tree density ranges from 500-3000 trees/ha. The ORNL site 

has the highest canopy cover of 60-80% and the highest canopy height among the sites with an 

average of 28 m. This site also has significant elevation ranges of 230-356 m (avg 344 m) with 

the highest temperature range of -11 to 35 °C (avg 14.4 °C), which is also the lowest average 

among the sites (Battelle, 2023a). Precipitation is between 1000-1400 mm per year and tree 

density ranges from 500-2000 trees/ha. The TALL site has a dominant land cover of oak-

hickory, mixed hardwood, and pine forests, while the OSBS site is characterized by pine savanna 

and forest and the ORNL site, by oak-hickory forests mixed with deciduous and evergreen trees 

(Battelle, 2023a, 2023c, 2023b). The major water bodies in each site are Newnans Lake, Orange 

Lake, and Prairie Creek for OSBS; Cheaha Creek, Talladega Creek, and Coosa River for TALL; 

and Melton Hill Lake and Clinch River for ORNL (Table 2-1). 

 

Table 2-1: Field climate condition, topographic differences, and overview of soil and vegetation 

dynamics of three study sites. 

Characteristic OSBS TALL ORNL 

Canopy cover (%) 40-60 50-80 60-80 

Canopy height (m) 15-30 (23 m) 20-35 (25 m) 20-40 (28.0m) 

Temperature range 

and average (°C) 

4 to 32  

(20.9 °C) 

-9 to 36 

(17.2 °C) 

-11 to 35  

(14.4 °C) 

Precipitation 

(mm/year) 

1200-1600 

(1302 mm) 

1000-1500  

(1383 mm) 

1000-1400  

(1340 mm) 

Slope range (degrees) 0-20 0-45 0-45 

Tree density 

(trees/ha) 
500-2000 500-3000 500-2000 

Elevation (m) 22-49 (46 m) 63-179 (166 m) 230 – 356 m (344 m) 

Forest Coverage (ac) 9,500 12,924 14,000 

Topography 
Flat with gentle 

slopes 

Hilly to 

mountainous with 

steep slopes 

Rolling to mountainous with 

steep slopes 

Climate zone Warm and Humid Humid subtropical Humid continental 

Soil class 
Spodosols and 
Entisols 

Fine, loamy, 

siliceous, thermic. 

Typic Hapludults 

Inceptisols, Alfisols, Ultisols 
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Soils type 
Sandy and well-

drained 

Well-drained and 

acidic 
Well-drained and acidic 

Dominant land 

cover/vegetation 

Pine, savanna, and 

forest 

Oak-hickory, mixed 

hardwood, and pine 

forest 

Oak-hickory forest, mixed 

deciduous and evergreen 

 

Dominant understory 

vegetation 

Wiregrass, saw 

palmetto 

Dogwood, 

greenbrier 
Rhododendron, ferns 

Major water bodies 

Newnans Lake, 

Orange Lake, Prairie 

Creek 

Cheaha Creek, 

Talladega Creek, 

Coosa River 

Melton Hill Lake, Clinch River 

Source: USFS (2021) and NEON (2022b).  

 

2.2.3 Vegetation compositions and site-specific historical context 

 

The study sites significantly differ in their vegetation compositions in both over and understory 

trees. Major trees of the OSBS site are characterized by longleaf pine (Pinus palustris), slash 

pine (Pinus elliottii), loblolly pine (Pinus taeda), live oak (Quercus virginiana), water oak 

(Quercus nigra), laurel oak (Quercus laurifolia), whereas the TALL site has white oak (Quercus 

alba), northern red oak (Quercus rubra), black oak (Quercus velutina), hickory (Carya spp.) and 

four types of pine trees. The ORNL site has oak-hickory forests mixed with deciduous and 

evergreen trees. The understory vegetation at each site is also unique. The OSBS site has saw 

palmetto (Serenoa repens), wiregrass (Aristida spp.), goldenrod (Solidago spp.), blackberry 

(Rubus spp.), gallberry (Ilex glabra), dogwood (Cornus spp.), redbud (Cercis spp.), greenbrier 

(Smilax spp.), honeysuckle (Lonicera spp.), wild grape (Vitis spp.) shrubs and the ORNL site has 

rhododendron (Rhododendron spp.), ferns (Various species), wildflowers (Various species), 

raspberry (Rubus spp.)  (Table 2-1). Each site has undergone land use change in the past, with 

OSBS used for agricultural land and cattle ranch, TALL being used for timber harvesting and 

mining purposes, and ORNL being used for uranium enrichment, agriculture, and logging. These 

sites also support diverse wildlife depending on the specific vegetation characteristics of each 

site. 

 

2.2.4 Datasets  

 

The availability of accurate and comprehensive data is crucial in ecological research, including 

the estimation of AGB. Airborne lidar datasets have proven to be valuable sources of 
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information for AGB modeling due to their ability to provide detailed three-dimensional 

representations of vegetation structure. However, before these airborne lidar datasets can be 

effectively used for AGB modeling, systematic pre-processing of the data is necessary to ensure 

the quality and suitability of the training dataset. AGB estimated from field measurements was 

used as the dependent variable for this study. Each tree’s AGB was calculated using allometric 

equations (Chojnacky, Heath, and Jenkins 2014; Jenkins et al. 2003). The calculated AGB was 

used as the dependent variable while variables extracted from airborne lidar, elevation and 

satellite imagery were used as dependent variables. Datasets associated with processing included 

a) field-collected tree attributes (VST), b) airborne lidar extracted variables and c) ancillary 

variables from satellite imagery and related other data sources.  

 

2.2.4.1 Vegetation structural data  

 

Tree attributes are extracted from NEON’s data portal namely VST data with ID: 

DP1.10098.001. VST sampling plots are square in nature with two dimensions 40 m x 40 m and 

20 m x 20 m, named ‘tower’ and ‘distributed’ plots, respectively. While the tower plot’s tree 

attribute collects and updates data by a high-resolution camera installed on the tower, the 

distributed plots’ tree attributes are collected by field visits. The data collection frequency of 

tower plot data (clusters plots in Figure 2-1) is 2 years while distributed plot data are collected 

every five years (NEON 2022b). During the Covid-19 period, data collection was resumed in 

some plots, so available data varies, but this study utilized the most updated VST dataset 

available. NEON conducts surveys to measure the structure of woody and non-herbaceous 

perennial plants and maps their positions based on plots and subplots, including nested plots. The 

resulting quality-controlled data provides information on live and standing dead woody trees, 

shrub groups, and non-herbaceous perennial plants at every terrestrial NEON site. NEON’s VST 

data collection protocol is the same across each site.  

 

2.2.4.2 Airborne lidar point cloud data 

 

The classified airborne lidar point cloud data used in this study was collected from NEON's data 

portal (https://www.neonscience.org/data). NEON's airborne platform (AOP) consists of 

hyperspectral, multispectral, and lidar instruments mounted on a light aircraft to collect data 

https://www.neonscience.org/data
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products, including VHR imagery, at the meter scale. The lidar instrument used by the AOP is 

the Optech Gemini system with a wavelength of 1064 nm and a laser footprint of 0.25 m in 

diameter (0.8 m in wide beam divergence mode) alongside an elevation accuracy of <5-35 cm 

(1σ). The AOP is flown at an altitude of 1000 m above ground level and at a speed of 100 knots 

to obtain a mosaic of data products. The NEON lidar point clouds for this study were acquired in 

May 2021 for TALL and ORNL and May 2018 for OSBS, during a period when NEON 

terrestrial sites reached at least 90% of peak vegetation greenness. The point cloud data protocols 

also changed over the years, and OSBS has a significantly higher point density. Overall point 

density of the lidar data is 1-5 points per square meter with up to 5 returns per footprint (NEON, 

2022a). These data specifications make them suitable for use in this research. 

 

2.2.4.3 Satellite imagery and ancillary datasets 

 

Airborne lidar provides a 3-dimensional representation of vegetation structures. Along with 

these, 2-dimensional vegetation characteristics including vegetation cover, land cover 

classification, and topographic features are found useful for modeling AGB. Sentinel-2 satellite 

imagery, the National Land Cover Dataset (NLCD) of 2019, and the National Tree Cover 

Dataset of 2021 were considered. The image resolution of Sentinel was the same size as the field 

plots. For vegetation indices generation purposes, Sentinel images in May 2018 for the OSBS, 

May 2021 for ORNL, and June 2021 for TALL were used, the same months the lidar point cloud 

data were collected. Cloud coverage for all images was less than 3%.  

 

The National Land Cover Database (NLCD) is a comprehensive geospatial dataset that 

categorizes and maps land cover types across the US, providing valuable insights into the 

country's terrestrial landscape. In addition, the Tree Canopy Cover dataset offers specific 

information about the extent of tree cover, aiding in the assessment of urban and rural green 

spaces and their ecological contributions. The NLCD products used in this study were provided 

by the Multi-resolution Land Characteristics Consortium in partnership with the U.S. Geological 

Survey (USGS), and several federal agencies. The NLCD- 2019 land cover and national tree 

canopy cover dataset of 2021 (CONUS) was collected in the geographical coordinate system 

(Wickham et al. 2021). 
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2.2.5 Data processing  

 

The data processing step combines the activity of cleaning VST data that is required for 

calculating each tree’s AGB. The data were reprocessed from two different sized field plots to a 

unique size and each plot’s tree AGB was summed to derive plot-level AGB. All other variables 

that were processed from airborne lidar, satellite imagery, and national land and tree cover 

datasets were used as independent/predictive variables for AGB estimation (Figure 2-2). The 

methods for processing are intended to support working with NEON datasets to create mapped 

AGB products with NEON data and contribute to broader-scale high-resolution AGB mapping. 

 

 

Figure 2-2: Data science workflow for modeling spatially continuous AGB estimation using NEON 

vegetation data. 

 

2.2.5.1 Cleaning VST dataset for calculating allometric AGB 
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To prepare VST data for use in this study, NEON suggested “neonUtilities” which is extensively 

used under the R programming language. It allows downloading all tree attribute data of each 

site directly from the server by specifying the site name, such as “OSBS”, “TALL” or “ORNL”. 

The collected tree attributes were stored by NEON in ten different tables, including the 

“vst_mapping and tagging” table which contains spatial information and the 

“vst_apparentindividual” table which contains information about each tree's DBH, height, and 

current condition (Figure 2-3). 

 

 

Figure 2-3: Database designing tables, relations, and process flow for cleaning VST data 

 

To merge the required tables, the tree dataset from the previous protocol is matched with the 

current one based on specific attributes, such as "individualID," "namedLocation," "domainID," 

"siteID," and "plotID," where “individualID” is a unique ID of each focus table/tree. NEON 

updates the tower plot’s tree attributes every two years and distributes the plot’s trees every five 

years. Thus, the merged table may potentially contain each tree's information several times (i.e., 

found 3 times or more per tree). To filter out each tree's updated information, a loop is used over 

the data to keep the most updated one from the segment. The "taxonID” of these updated tree 
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datasets was then used for joining parametric values grouped from the Chojnacky literature 

(Chojnacky et al. 2014; Nelson et al. 2014).  

 

2.2.5.2 Reprocess VST field plots and check subplot tag 

 

Tree-based and area-based are two primary approaches used for modeling AGB of a forest site 

and this study used area-based approaches. In tree-based approaches require each tree’s precise 

geographic location, and area-based approaches require each plot’s centroid geographic location, 

and all plots should be the same in size (like 20m). NEON divides its 40m x 40m dimension 

tower plots into four equal subplots namely 21, 23, 39, and 41, each with 20m resolution, 

meaning each area is 400 sqm. Among these four plots, two randomly selected subplots of a 

tower plot are used for data collection purposes by NEON (NEON, 2022a). Thus, considering 

the tower plot extent of NEON, training data generation purposes can lead to significant bias in 

lidar-based AGB modeling. Therefore, it is necessary to split tower plots and carefully check 

each tree with subplot tagging (i.e., 21/23/39/41) to ensure spatial coincidence. Each tower plot 

was split into four equal parts using ArcMap 10.8 where each 400 m2 polygon is allowed to have 

398 ± 2 m (~19.96 m on each side) (Figure 2-1). Despite NEON ensuring high data accuracy, 

there were only around 20 distributed plots per site, which is less than 10% area of each study 

site, so considering only distributed plots may not be adequate for AGB model training. In this 

case, despite sacrificing the sampling distribution, the split tower plots may be needed to train 

the model (Figure 2-1). As such, all subplots with trees were considered.   

 

Like the tower plot, NEON divides distributed plots into four equal subplots each with 10m x 

10m dimensions. Those plots do not potentially need to split but checking trees into subplot scale 

helps to identify whether each plot’s tree information was complete. It was observed that very 

few distributed plots’ trees miss subplot tags, or a subplot has no trees. In this scenario, zooming 

into the visual extent using the time series feature of Google Earth Pro helped identify the 

present and past conditions of the subplot location. If the subplot location is originally barren, 

then the distributed plot is considered complete. If visual observation refers to trees but is not 

available in NEON’s VST data, the plot is marked as incomplete and discarded, as done by 

previous studies (Duncanson et al. 2020). 

 



 29 

2.2.5.3 Calculate plot-level allometric AGB  

 

The AGB of a tree refers to the total dry weight of the living vegetation and its associated 

products (e.g., leaves, branches, and fruits) that are above ground within a particular area. Each 

tree AGB is often estimated using statistical equations called allometric equations when tree-

specific attributes like DBH, height, and species are available. This study uses DBH-based 

allometric equations developed and modified by Jenkins and Chojnacky to estimate AGB 

(Chojnacky, Heath, and Jenkins 2014; Jenkins et al. 2003) (Table 2-2).  

 

It is also worth noting that NEON records all vegetation of a plot including trees, shrubs, sub-

trees, sub-trees, and hanging plants (i.e., liana). As such, precise variable selection is a challenge 

with the available equation, which causes for overestimation of results (Equation-2-Table 2-2). 

Therefore, single-bole live trees with more than 2.5cm DBH are further considered for tree-based 

allometric AGB estimation.  

 

Table 2-2: NEON’s VST data brief and used allometric equation for estimating AGB. 

Name Specifications and equations 

Tree attribute used from 

NEON  

Diameter at breast height (DBH), height, status of the tree 

Vegetation coverage All trees and shrubs, liana, fern  

Plot type and size 

Tower plots (1600 sq. m) with 4 subplots 21, 23, 39 and 41 

(randomly sample any two subplot per tower plot) 

Distributed plots (400 sq. m) with 4 subplots 31, 32, 40, and 41 

(usually sampled all subplots per plot) 

Data updating frequency  2 years for tower plots; 5 years for distributed plots 

Total sampling plots  OSBS – 56, TALL – 57 and ORNL - 55  

Allometric equation used  

Eq.1 - AGB (kg) = exp (b0 +b1 ln dbh); Exp = exponential 

function  

 b0, and b1 are statistical parameters; In = log base e (2.718) and  

DBH = diameter at breast height (cm) (Jenkins et al. 2003) 

 

Eq. 2 - Y = a X D +b; Y = AGB in kg, D is DBH, and a and b 

are parametric values (Brantley et al. 2016) 

 

After estimating AGB in two datasets, those are summed to the plot level, which all are in the 

same 20m x 20m size (described in section 2.3.2). Plot-level AGB was used as the dependent 

variable in the model training dataset. To generate an AGB map over the full study area, AGB 
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needs to be estimated for each pixel, where tree attributes are not recorded but airborne lidar 

point cloud, satellite imagery, or other national scale datasets are available.  

 

2.2.5.4 Lidar data processing and comparison with ground measurements 

 

The obtained data contained classified and unclassified airborne lidar point clouds, metadata, 

shapefiles, and KML files. The classified point clouds were in the compressed lidar file format 

(.laz) and were converted to the uncompressed lidar file format (.las) for processing using 

LAStools. Points classified as noise were removed using ‘lasnoise’ and tree heights were 

normalized using classified ground points with ‘lasheight’. The ‘lascanopy’ tool was then used to 

estimate canopy height metrics, including cover, density, and height percentiles (Isenburg, 2013). 

Topographic variables, including elevation, aspect, slope, and hillshade were estimated using 

‘CloudMetrics’, ‘GridMetrics’, ‘TopoMetrics’ in USDA-developed Fusion software 

(McGaughey, 2016). Since tree height impacts model accuracy, the lidar-estimated canopy 

heights and field-measured tree heights were also compared and presented for OSBS, TALL, and 

ORNL (Figure 2-4). To compare each plot’s ground observed tree height and lidar height, the 

‘max’ lidar height variable was used. As minimum height was zero for most of the plots in both 

datasets and the mean height of lidar differed from ground observations due to the limited 

number of lidar pulse penetrations through the top canopy, max height comparison was useful. 

The R2 for TALL was 0.84 and RMSE of 2m, ORNL had an R2 of 0.78 and RMSE of 2.47m, 

and OSBS had an R2 of 0.53 and RMSE of 3.43m. 

 

a.  b.  c.  

Figure 2-4: Tree height comparison for the three study sites with lidar-derived maximum height and field 

observed max height at the plot level for OSBS(a), TALL(b) and ORNL (c). 
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2.2.5.5 Processing satellite imagery and ancillary datasets 

 

The Sentinel imagery was available at the same spatial resolution as our study field plots (20m), 

so no resampling was required to match lidar variables and spatial coinciding plots. Like the 

Sentinel satellite imagery, NEON’s airborne lidar point clouds for TALL and ORNL sites were 

in projected coordinate system’s (PCS) UTM zone 16N and the OSBS site in UTM zone 17N. 

The collected satellite imagery's cloud cover was less than 10% which was suitable for indices 

calculation. Bands 2-8 were stacked to make multi-spectral composite imagery and clipped into 

the study extent. The composite image was used to calculate the vegetation indices and were 

processed using ERDAS IMAGINE 2014 (Table 2-3).  After getting the vegetation indices maps, 

‘Extract Multi Values to Points’ features were used to extract pixel values using ArcMap 10.8.  

 

Table 2-3: Vegetation indices used in the study 

Abbreviation Full name (common use) Calculating equation 

ndvi Normalized Difference 

Vegetation Index (measure 

of vegetation health) 

NDVI = (NIR-RED) / (NIR+RED). 

msavi2 Modified Soil-Adjusted 

Vegetation Index 2 (a 

measure of vegetation 

greenness) 

MSAVI2 = (2 * NIR + 1 - sqrt ((2 * NIR + 1) 

^2 - 8 * (NIR - Red))) / 2 

ii_infrared Infrared Index; ii_infrared = NIR - Red 

mcari2 Modified Chlorophyll 

Absorption in Reflectance 

Index 2; 

mcari2 = (1.5 * (2.5 * (NIR - Red) - 1.3 * 

(NIR - Green))) / sqrt((2 * NIR + 1)^2 - (6 * 

NIR - 5 * sqrt(Red) - 0.5)) 

msr705 Modified Simple Ratio at 

705 nm: 

msr705 = NIR / Red 

mtvi2 Modified Triangular 

Vegetation Index 2; 

mtvi2 = 1.5 * (1.2 * (NIR - Green) - 2.5 * 

(Red - Green)) / sqrt ((2 * NIR + 1)^2 - (6 * 

NIR - 5 * sqrt(Red) - 0.5)) 

ndii Normalized Difference 

Infrared Index; 

ndii = (NIR - SWIR) / (NIR + SWIR) 

 

Ancillary datasets included NLCD landcover and tree cover which are produced at a 30 m 

resolution and were then resampled from 30 m pixels to 20m raster. The ‘nearest neighbor’ 
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method was used for land cover datasets and the bilinear interpolation method was used for tree 

cover datasets. The ‘Extract Multi Values to Points’ tool was again used to extract pixel values. 

 

2.2.5.6 Predictive variables generation for modeling AGB  

 

The lidar point cloud-derived variables (also called lidar metrics) used as independent variables 

in the AGB models were height percentiles, coverage, density metrics, and topographic metrics 

(Table 2-4). Variables from satellite imagery included vegetation indices and ancillary variables 

included national land and tree datasets. Variables were input in the RF model in two forms, as 

comma-separated values (.csv) for the training set and each variable’s gridded raster format to 

generate a spatially continuous AGB map over each site.  

 

Table 2-4: Lidar-derived, satellite imagery-derived, and NLCD variables used for AGB modeling 

Depende

nt 

Variable 

Independent Variables Descriptions 

Plot-

based 

Above 

ground 

Biomass 

(AGB) in 

Megagra

m/hectare 

(Mg/ha) 

 

Calculate

d from 

VST data 

Canopy 

Cover 

(lidar 

derived) 

cov_2m Percentage of all returns above 2 meters 

cov_4_6 Percentage of all returns above 4.6 meter 

Density 

metrics 

(lidar 

derived 

d00 The proportion of returns in the stratum 0-5 m 

d01 The proportion of returns in the stratum 5-10 m 

d02 The proportion of returns in the stratum 10-15 m 

d03 The proportion of returns in the stratum 15-20 m 

d04 The proportion of returns in the stratum 20-25 m 

d05 The proportion of returns in the stratum above 25 m 

Height 

percentiles 

(lidar-

derived) 

max Maximum height 

avg Average height (mean height) 

p05 5th percentile height 

p10 10th percentile height 

p25 25th percentile height 

p50 50th percentile height (median) 

p75 75th percentile height 

p90 90th percentile height 

p95 95th percentile height 

p99 99th percentile height 

elev Elevation of the terrain 
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Topograph

ic metrics 

(lidar 

derived) 

aspect Aspect of the terrain (direction the slope faces) 

slope Slope of the terrain 

hillshade Hill shade of the terrain 

TPI 
Topographic Position Index. 

TPI = elev - mean(elev_neighborhood) 

SRI 

Solar Radiation Index based on Keating et al. (2007)  

SRI = 1.0+cos(latitude)*cos(slope)+sin(latitude)* 

sin(slope)*cos(aspect) 

ProCur Profile curvature (curvature along the slope) 

PlnCur Plantation curvature (curvature across the slope) 

OvrCur 
Longitudinal curvature (curvature in the direction of 

slope) 

Vegetation 

indices 

(satellite 

imagery 

based) 

ndvi Normalized Difference Vegetation Index  

msavi2 Modified Soil-Adjusted Vegetation Index 2  

ii_infrared Infrared Index;  

mcari2 
Modified Chlorophyll Absorption in Reflectance 

Index 2 

msr705 Modified Simple Ratio at 705 nm 

mtvi2 Modified Triangular Vegetation Index 2; 

ndii Normalized Difference Infrared Index; 

NLCD  
nlcd_tc National Tree Cover Database 

nlcd_lc National Land Cover Database 

 

2.2.6 Modeling Aboveground biomass  

 

This study considered two modeling approaches for modeling AGB, namely MLR and RF. To 

model AGB with RF, this study used the ModelMap package under the R environment which is 

widely used due to user-friendly modeling, validation, and mapping over large geographic areas 

(Brown, Narine, and Gilbert 2022; Narine, Popescu, and Malambo 2020). It also enables a 

graphical user interface under an R environment and is capable of modeling with both 

continuous or discrete responses using RF and gradient boosting approaches (Freeman et al., 

2016). As discussed, each field site has significant differences in tree composition, weather 

patterns, and land use, so separate models for each NEON site were developed for estimating 

AGB instead of building a single model with all datasets. Separate models helped to assess 

different sites’ model performances and find each site’s contributing variables. Selection of the 

significant variables was also important, without it, the model might overfit or underfit the 

model, leading to overestimation or underestimation of AGB. Variable selection was carried out 

using linear regression through several iterations to ensure higher R2 and lower RMSE and % 
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RMSE. To address multicollinearity, the variance inflation factor (VIF) was assessed through 

linear regression to ensure VIFs less than 5 (Thompson et al., 2017). After assessing 

multicollinearity, variables with values <5 were used for MLR-based AGB estimation. 

 

For RF modeling, the initial significant set of variables was also further processed and input for 

RF model training and subsequent map generation. To select the final set of variables, iterative 

check correlation and multicollinearity analysis were carried out to select the best independent 

variables. In the ModelMap package, figures for identifying negative and positive correlations 

among variables were generated which helped discard strongly correlated variables. After that, 

variables were tested for VIF values where a VIF less than 5 means no collinearity. After 

discarding correlated variables and keeping the most significant variables, the final variables 

were selected for modeling AGB using the RF algorithm.  

 

2.2.6.1 Distribution of data in modeling approaches 

 

To examine AGB data density, ranges, and overall distribution, violin box plots with associated 

error bars are presented in Figure 2-5. A violin plot combines aspects of a box plot and a kernel 

density plot and is used to display the distribution and summary statistics of a dataset, providing 

insights into the central tendency, spread, and shape of the data. As seen in Figure 2-5, VST 

represents observed AGB calculated from VST data by allometric equations and lidar denotes 

modeled AGB from lidar metrics and other spatial variables. Reference data distribution varied 

site-by-site, like ORNL, followed a normal distribution, OSBS has several skewed data 

distributions and TALL is moderately skewed. Among CV and OOB validation approaches, CV 

indicated slightly better results than OOB. As seen in Figure 2-5, ORNL has higher ranges of 

AGB, since it has significantly taller trees. The TALL site also has a mixture of taller and 

smaller trees and OSBS shows significantly smaller tree sites. Considering the train-test split, the 

maximum AGB estimation for OSBS was observed to be higher than the predicted values, while 

the minimum AGB estimation for the same site was lower than the predicted values. TALL had 

the highest maximum AGB estimation for observed values and predicted values, while its 

minimum AGB estimation was higher in the predicted values of the test set shown in Figure 2-5. 
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Figure 2-5: Field plots and modeled AGB distribution, kernel density of data, ranges, and model 

performances in different validation approaches. Figures a-c represent MLR model performances for (a) 

separate test set, (b) separate train set, (c) full dataset and modeled outcomes. Figures d-f represent RF 

model performances for (d) separate test set, (e) out-of-bag error validation method with full set and (f) 

10-fold cross-validation for full dataset. 

 

2.2.6.2 Improving model performances 

 

To improve model performance, additional variables were tested and included topographic 

position index (TPI), Profile curvature (ProCur), Plan curvature (PlnCur), Overall curvature 

(OvCur), and Solar radiation index (SRI) (Keating et al. 2007; McGaughey 2016; Roy and Das 

2021; Weiss 2001), were used. The TPI compares the elevation of each cell on a surface to the 

mean elevation of a specified neighborhood around the cell, and the ProCur combines along the 

slope while PlnCur related perpendicular to slope relations. The SRI was a single index 

combining the effects of aspect, slope, and latitude and described the amount of solar radiation 

theoretically striking an arbitrarily oriented surface during the hour surrounding noon on the 

equinox (Keating et al. 2007; McGaughey 2016).  
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2.2.6.3 Model validation  

 

The validation of models is also an essential step to measure model performance and to improve 

model accuracy. This study used an independent test set, cross-validation, and Out OF Bag 

(OOB) methods to evaluate model performance. As discussed in Table 2-2, there was limited 

field data for training models, so Cross-Validation (CV) and Out OF Bag (OOB) methods were 

tested by full sets of training data using the RF model. For the separate test set, one-third of the 

dataset was set aside for model validation. Model performances were reported using the 

coefficient of determination (R2), root mean square error (RMSE), and %RMSE that are 

presented in scatter plots. The ranges of VST-estimated AGB, RF, and MLR-estimated AGB 

were also presented in data density with an error box plot graph (Figure 2-5) and the final 

spatially continuous 20m resolution AGB maps generated for each NEON site and presented in a 

subsequent section.   

 

2.3 Results  

 

2.3.1 Model performances 

 

2.3.1.1 Multiple linear regression (MLR) model  

 

The models performed differently in each site in both training and test samples. The R2 values 

were 0.91, 0.52, and 0.63 for OSBS, TALL, and ORNL respectively with the test dataset (Figure 

2-6: d, e, f). These values were lower for the training dataset, which was 0.69, 0.62, and 0.46 

respectively, with an opposite trend following the %RMSE for each site in the MLR models’ 

training dataset (Figure 2-6: a, b, c). Although test datasets usually exhibit lower accuracies than 

training datasets, the separate test set of OSBS shows a significantly higher R2. In these cases, 

another modeling approach i.e., RF was tested which revealed some complex relationships 

among the field observed dataset.  
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(a)  (b)  (c)  

(d)  (e)  (f)  

(g)  (h)  (i)  

Figure 2-6: MLR and RF-based model performances over three study sites where a-c and d-f showed 

train and test sets R2, RMSE and %RMSE value using MLR and g-i RF model performances. The unit of 

RMSE values was in Mg/ha. 

 

A slightly higher %RMSE was found for the TALL sites than OSBS and ORNL in the individual 

train and test datasets. Considering the R2 and RMSE values, the model struggled with taller tree 

sites due to higher topographic differences in mixed forests. The SRI and PlnCur variables 

contributed to understanding the complex nature of the ORNL and TALL sites and improving 
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model performances. The MLR equations presented in Eq. 3, 4 and 5 for the OSBS, TALL, and 

ORNL, respectively.  

 

Eq. 3 - AGB (Mg/ha) = 40.26+0.24*cov_2m+10.48*p25+2.57*p90+0.2*d04+2.33*d05+-1.05*elev 

Eq. 4 - AGB (Mg/ha) = -437.71+509.05*p05-1.89*d00-2.81*d02+1.03*elev+163.47*SolRI+2.43*nlcd_tc 

Eq. 5 - AGB (Mg/ha) = 379.16-3.2*cov_2m+1.73*p05+1.43*d03+2.72*d05+1.65*ProCur-0.78*PlnCur 

 

2.3.1.2 Random forest (RF) model  

 

Although RF is a demonstrated approach for modeling AGB with remotely sensed data 

(Freeman, Frescino, and Moisen 2016), this approach provided lower accuracy in previous 

studies over mixed forest sites in the southern United States, likely due to the heterogeneity of 

tree structures (Brown et al. 2022; Freeman, Frescino, and Moisen 2016). This statement also 

holds true for NEON datasets; the RF model performed poorly for all three sites in comparison to 

the MLR model’s individual test set. The RF model’s individual test set R2-the in test-train-based 

modeling approaches. Among CV and OOB, the CV validation approach provided slightly better 

results than OOB. The R2 ranges for CV validation were 0.62, 0.17, and 0.17, and for the OOB it 

was 0.55, 0.14, and 0.15 for OSBS, TALL, and ORNL, respectively. The RMSE and %RMSE 

values for the CV were 24.91 Mg/ha (54%), 61.92 Mg/ha (49%), and 77.63 Mg/ha (40%), 

respectively. The OOB validation based RMSE and %RMSE for these three sites were 26.76 

Mg/ha (57%), 62.75 Mg/ha (49%), and 78.61 Mg/ha (41%), respectively. The %RMSE was also 

higher in the RF model for the three sites when compared to the MLR model.  

 

2.3.2 Predictive variables performances over study sites  

 

The importance of predictive variables in the RF model varied for each site based on their 

characteristics (section 3.1.2). Tree height percentile variables were found important in modeling 

AGB of OSBS in where most trees were smaller in height. For taller tree sites, density metrics, 

topographic metrics, and tree structures, namely plantation curvature and profile curvature, were 

found useful in modeling AGB (i.e., ORNL and TALL sites), consistent with previous studies 

(Brantley et al. 2016; Donager et al. 2021; Zhou et al. 2018). The 75% tree height (p75) and site 

elevation were the most significant variables in the OSBS site where tree density in the height 

range of 20-25m was found less impactful in the dataset presented in Figure 2-7 (left). In the 
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TALL site, 10-15m and 0-5m taller tree density carry valuable information in estimating AGB 

while solar radiation index (SRI) helps to predict the model but is lower in impact, presented in 

Figure 2-7 (mid). Similar to the TALL site, the density of trees above 25m in height was the most 

important variable for estimating the AGB of ORNL. Tree texture such as plantation curvature 

(PlnCur) and profile curvature (PlnCur) also contributed significantly where tree cover above 2m 

height less contributed to model estimation (Figure 2-7, right). The influence is estimated based 

on the p-values; lower p-values (typically below 0.05) suggest a stronger influence on prediction 

power in the MLR of variables.  

 

 

 

 

 

 

Figure 2-7: Predictive variables’ importance in plotting OSBS, TALL, and ORNL (left to right) on y-axis. 

The %IncMSE in the x-axis refers to the percentage increase in Mean Squared Error with each predictor 

variable. 

 

2.3.3 Mapped AGB  

 

Vegetation structure, weather patterns, topographical features, and vegetation characteristics 

varied in the three mixed forestry sites (Figure 2-8). The dark green represents the highest amount 
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of AGB in the range of 238.9-295.4 Mg/ha, whereas the lighter green represents the lowest 

amount of AGB in the range of 12.5 - 69.1 Mg/ha. 

 

Figure 2-8: The estimated above-ground biomass (AGB) map of the three sites. The ORNL (c) has taller 

trees with higher ranges of AGB. TALL (b) is comparatively lower, and OSBS (a) has the lowest AGB 

ranges. Inset shows three study site boundaries on the Bing mapping database. 

 

(a) (b) 

(c) (d) 
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As expected, the small tree site (OSBS) had the lowest aboveground biomass (AGB) range, 

whereas ORNL had the highest range due to being taller. The AGB ranges were found to vary 

for the observed and predicted AGB of each site in the train-test set as presented in the density 

plotting (Figure 2-5). 

 

2.4 Discussion 

 

This study generated fine-scale AGB maps for mixed forestry sites using NEON-provided 

airborne lidar and ground measurements. Three southern forest sites with varying field 

characteristics and weather patterns were selected and two modeling approaches: Multiple linear 

regression (MLR) and Random Forest (RF) were examined for estimating AGB. To prepare 

datasets, unique data cleaning approaches were suggested to utilize the best available ground 

measurements and discard incomplete data for modeling AGB with NEON’s VST dataset. The 

study showed stable performances among MLR and RF over three sites with higher accuracies 

and lower root mean square errors (RMSEs) for the MLR model compared to the RF model. This 

finding is comparable with those reported for similar heterogeneous forests of the southern 

United States (S. Brown et al., 2022). Based on the literature, different modeling approaches also 

perform differently in estimating AGB, which was found true in this study (Q. Zhao et al., 2019). 

In MLR model validation with a 1:3 test: train split shows overall higher accuracies that may 

indicate that underfit data means an oversimplicity tendency. This oversimplicity tendency refers 

to MLR’s failed to assess the complex relationship among field vegetation characteristics of 

OSBS. This might be because, of the limited number of field samples and the skewed data 

distribution in some sites as shown in Figure 2-5, where linear regression assumes the dataset is 

normally distributed. In this regard, the RF model was utilized. Based on the performance of RF 

presented in Figure 2-6 (g-i), it might have been an indication of RF’s ability to capture some 

complex relationships among variables for the taller tree sites, namely TALL and ORNL, than 

the MLR model. Alternatively, RF may have also needed more training samples to learn, model, 

and predict AGB (Freeman, Frescino, and Moisen 2016). This model learning approach often 

depends on selected variable sets and previous similar studies include satellite imagery-based 

indices and ancillary datasets for improving model performances (Wang et al. 2022, Brown et al. 

2022). These variables are particularly useful to understand forest structure and model AGB in 
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steep terrain sites with taller trees. So, the identification of significant factors influencing AGB 

estimation including tree height percentiles, land cover variables, tree density, and topographical 

variables were a significant outcome that would be useful for similar studies and for the use of 

NEON datasets.  

 

Based on the study outcomes, all topographic variables were not significant; for instance, slope 

was assumed to be a significant variable, but it negatively contributed to the model. Some other 

variables like the solar radiation index (SRI), a combination of slope and aspect (Table 2-3), were 

found useful in the TALL site (Figure 2-5). Likewise, satellite imagery-based variables were also 

found useful specifically the NDVI, MSAVI-2 vegetation indices and NLCD’s land and tree 

cover dataset helps to differentiate tree and vacant areas. The vegetation indices are important for 

differentiating forests from non-forested areas based on the greenness value and were found 

useful in modeling AGB (Hasmadi et al. 2010; Islam et al. 2020; Schmidt and Karnieli 2001). 

These freely available and readily available products help to improve model accuracy along with 

NEON VST and airborne lidar datasets (García et al. 2018; Khati et al. 2020).  The consideration 

of further variables and sensitivity analysis by extensive field survey would be an option (Coops 

et al. 2021; Popescu and Wynne 2004) with increasing field sampling points, and quality-

controlled datasets (Pau et al. 2022). Additionally, field characteristics and forest types 

(homogeneity, mixed forest type, and tree species composition) were significant parameters that 

need to be considered along with slope, canopy coverage, and heterogeneity of tree species 

which were also found useful in previous studies (Wang et al. 2022).  

 

NEON datasets and studied field sites possess unique, unavoidable limitations in creating 

training samples for developing AGB maps, like heterogeneity of the study site, the significantly 

higher number of substory/understory trees, the limited number of field plots, and clustered field 

sampling plots. Tree species composition and terrain differences contribute to the heterogeneity 

of the TALL and ORNL sites. Lidar has limitations in penetrating a thick canopy layer and steep 

terrain site’s attenuations contributed to lower accuracy in similar site characteristics (Wang et 

al. 2022) which might have an issue too in this study. Moreover, some of the field plots in each 

site have substory/understory trees (DBH < 2.5 cm), and multi-bole trees where allometric AGB 

was not possible based on currently available literature but were presented in lidar metrics. 
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Similarly, NEON collects only ~20 well-distributed tree plots per site which may not have been a 

sufficient sample size for modeling AGB. In this scenario, subplots that were prepared from the 

tower plot would be needed. However, these additional field plots increase each site's training 

sample, but tower plot extracted subplots are clustered since it samples were adjacent to a tower 

location. NEON considered one tower plot in each of our study sites, which means if the tree 

composition surrounding the tower plot does not represent all tree types of sample, and 

distributed plots also do not capture those, that it would lead to further bias in the model’s 

understanding. Furthermore, NEON considers only a fixed dimension like 40m X 40m for tower 

plots and 20m X 20m for distributed plots in every forest site, which might capture tree 

composition and heterogenicity for a forest site (mostly in single forest tree sites) but might fail 

for mixed forestry sites. In this case, to capture tree composition, sampling dimension or initiate 

some additional field visits may need to be considered. This study's findings also suggested the 

collection of additional field data considering spatial distribution is recommended for potentially 

obtaining higher accuracies in modeling AGB. It is worth noting there were some potential 

limitations, but NEON observation provided useful information to estimate AGB as this study 

found on the OSBS site. The TALL and ORNL also estimated AGB successfully where model 

%RMSE was higher. These findings contribute to understanding the applicability of the NEON 

dataset for creating spatially continuous AGB model into different forest sites. Finally, this study 

only considered area-based approaches (ABA) instead of tree-based approach (TBA), which 

would be future avenues for checking the NEON data potential for AGB estimation using TBA. 

In this case, if each tree of the NEON consist of very accurate geographical location tagging 

would be possible to estimate but not tested on this study.  

 

2.4.1 Applicability of study outcomes in non-NEON sites 

 

This study used NEON’s small-footprint airborne lidar observations and VST dataset for making 

spatially continuous high-resolution AGB modeling using MLR and RF approaches. This 

methodology of preparing a spatially continuous AGB map will be useful for mapping NEON 

sites AGB which is not yet available. Additionally, study outcomes will be useful for mapping 

non-NEON site areas AGB by combining with similar NASA products. For example, NASA 

developed ICESat-2 lidar’s simulated data compared with NEON’s airborne lidar dataset and 
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found it useful for retrieving plant structural traits (Purslow et al. 2023). In this evaluation study, 

NEON's data played a crucial role in the evaluation and found close similarity in plant attributes 

such as canopy height, canopy cover, and plant area volume density (Battelle, 2023). The 

previous study by Narine et al. 2019 demonstrated the methodology for estimating a spatially 

continuous AGB model using ICESat-2 data and discreet return lidar data (Narine et al. 2019). In 

this study, an airborne lidar point cloud was used as a reference dataset, and simulated ICESat-2 

and associated ancillary products were used for upscaling data for getting a spatially continuous 

AGB map over an area. From the demonstrated methodology of this study, creating a reference 

dataset from NEON and upscale using ICESat-2 and ancillary matrices like indices from Sentinel 

imagery, land cover and tree cover dataset from NLCD dataset will be useful for broad scale 

mapping using area-based approach (ABA). In ABA, a series of grid-based metrics from 

airborne lidar (density, coverage, height percentile, topographic) were used at a grid size 

consistent with that of field plots i.e., 20m x 20m (Næsset, 2002). The spatial resolution was 

therefore the VST plot size of NEON which minimizes error due to incomplete capture of large 

trees or edge effects (Frazer et al., 2011, White et al., 2013). Another methodology demonstrated 

by Pascual et al. (2010) extrapolated summaries of airborne lidar height percentile metrics with 

Landsat 30-m pixels in a demonstration area in Spain. For using NEON’s airborne lidar point 

cloud and VST data, the 20m X 20m scale is appropriate for AGB map generation (Coops et al. 

2021, Margolis et al., 2015; Nelson et al., 2009; Boudreau et al., 2008). This grid size should be 

useful for developing new models between these predictions and spatially comprehensive 

satellite data (Sentinel) and ancillary information like terrain and climatic variables (Coops et al. 

2021). This will allow for AGB over the broader landscape where NEON-collected VST and 

airborne lidar point clouds are not available.  

 

Conclusion  

 

NEON airborne lidar point cloud and VST data were found to be useful for high-resolution 

spatially continuous AGB maps of NEON sites. Considering the same data protocols for every 

NEON site, the method may be adapted for other sites. This study also found insights into the 

limitations of NEON data for creating high-accuracy AGB maps. Careful processing and 

modeling approaches can help get high-resolution AGB maps over sites that are not yet 
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available. Although, NEON collects many datasets in demarcated plots, which may reflect tree 

composition over homogenous sites, but not specifically for southern heterogeneous mixed forest 

sites where dense tree canopy cover significant terrain features. In order to improve AGB model 

accuracy increasing the distribution and number of field observations per site is recommended. 

Additionally, every model has its own limitations, such as the RF needing a large number of 

datasets to understand site heterogeneity and tree species. This study had 55 plots (train sample) 

that were usable for OSBS, ORNL site and 57 plots for the TALL site. The MLR model 

demonstrated higher accuracy and better performance than the RF model in all three study sites, 

as evidenced by higher R2 values and lower root mean square error (RMSE). It is important to 

note for similar studies that the MLR model may struggle to capture the complex nature of the 

data, especially in sites with steep terrain and mixed forest types. In addition, the RF model tends 

to overcomplicate the estimation process, resulting in underfitting and lower accuracy. However, 

study findings evolve important insights for the NEON data producibility in high resolution 

spatially continuous AGB mapping. This research opens avenue for spatially continuous AGB 

mapping into NEON sites and based on this reference datasets, future research for fusing with 

ICESat-2 demonstrates way for broad scale AGB mapping into non-NEON sites.   
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3 Chapter 3: Detecting irrigation potential zone of the southern United 

States using data science and remotely sensed data  

 

 

3.1 Introduction 

 

A crucial aspect of modern agricultural practices involves efficient irrigation management, which 

plays a pivotal role in enhancing crop productivity and ensuring water resource sustainability. 

Over time, researchers have dedicated their efforts to crafting models to accurately estimate 

irrigation statistics and map irrigation patterns and dynamics, which are required for effective 

planning (L. Zhang et al., 2022). These models have evolved from labor-intensive manual data 

collection and sampling methods to cutting-edge remote sensing techniques. For example, 

previous root zone soil moisture estimate by digging holes at depths of 6, 12, or 24 inches based 

on crop types, collecting samples and analysis in the laboratory, for water stress estimation by 

visually observing plant leaves, and field interview with farmers to know their irrigation 

practices and statistics, possibility of human error and bias (Babaeian et al., 2021). Remote 

sensing has gained prominence due to its efficiency in providing detailed insights at lower costs 

and with higher accuracy (Ambika et al., 2016; Pervez & Brown, 2010). The distinction between 

passive and active remote sensing approaches forms a critical part of this evolution.  

 

Satellite-based remote sensing sensors like Landsat and Sentinel referred to as passive remote 

sensing can measure the spectral reflectance for mapping and calculating indices for extracting 

information from an area, but are limited to collecting soil moisture information to a certain 

depth from the soil surface (Chance et al., 2017; Rahman et al., 2011). Additionally, the 

spectrum used by satellite imagery is incapable of penetrating cloudy skies, and dense vegetation 

cover for extracting information on soil surface (Dari et al., 2021; Ishtiaque et al., 2020; Kim et 

al., 2021; Wakigari & Leconte, 2022). In contrast, active remote sensors or a combination of 

active-passive sensors like Soil Moisture Active Passive (SMAP) emit microwave energy that is 

capable of penetrating the soil surface into a certain depth (Dash & Sinha, 2022; Kolassa et al., 

2020). The (SMAP) mission is equipped with radar and radiometer instruments, two active-

passive instruments (Dash & Sinha, 2022; El Sharif et al., 2015). The radar emits microwave 
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pulses toward the earth's surface and measures the time it takes for the signals to return, 

providing information on soil moisture (Rabiei et al., 2021). The radiometer, on the other hand, 

measures natural microwave emissions from the earth's surface, which are influenced by soil 

moisture and freeze/thaw state required for predicting carbon and water cycle (Dash & Sinha, 

2022). Therefore, a combination of active and passive instruments would provide more precise 

information about soil surface, drought and flood scenarios, and overall water and carbon cycles 

(Kisekka et al., 2022; Lawston et al., 2017; Zhu & Zhu, 2021)  

 

The SMAP sensor was launched on January 31, 2015, with a mission to provide accurate and 

high-resolution soil moisture freeze-thaw cycle data into variable climatic conditions where 

passive sensors cannot achieve this information (Wind & Penman-monteith, 2003; L. Zhang et 

al., 2022). This advancement is a pivotal Earth-observing satellite program designed to offer 

near-global coverage (Platonov & Vincent, n.d.). Along with the primary mission, the SMAP 

mission is capable of supporting agriculture by monitoring irrigation practices, aiding in weather 

forecasting and disaster management, and contributing to climate studies by providing critical 

insights (Lawston et al., 2017). This also plays a crucial role in enhancing water balance research 

due to the very high temporal resolution (3-hour interval) and open accessibility policy (Zappa et 

al., 2022; Zaussinger et al., 2019). In this pursuit, SMAP along with other datasets like Soil 

Moisture of Ocean Salinity (SMOS) and Synthetic Aperture Radar (SAR) data of Sentinel has 

been used in irrigation signal detection purposes, mapping irrigated areas, and study outputs used 

for the land surface model (LSM) (Dari et al., 2021). Dari et al. show that instead of SMAP’s 

native resolution of the L-band microwave, the downscaled 1km version gave more accurate 

values when combined with other datasets, like SMOS and ASCAT (Advanced Scatterometer).  

 

Current irrigation practices in the earth system model showed that SMAP is capable of 

addressing root zone soil moisture conditions up to ~100 cm in which depth most cultivated 

crop’s roots are growing (McDermid et al., 2023). SMAP’s enhanced L2 SM products at 9km 

resolution, integration of different time series satellite image-based indices like Normalized 

Difference Vegetation Index (NDVI), and use of machine learning approaches also provide 

actual evapotranspiration (ET) and soil moisture information with higher accuracies in a range of 

90.1 ± 2.7% (Paolini et al., 2022). Like soil moisture estimation, for irrigation water use (IWU) 
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purposes, the passive sensor applications are also limited where a combination of data is needed 

(Bwambale et al., 2022). Along with SMAP, those studies utilized reanalysis datasets which 

prepare by combining various sources of observational data, such as satellite measurements, 

ground-based measurements, and weather models, to produce a more accurate and consistent 

representation of historical weather or environmental conditions. Combining SMAP with 

reanalysis datasets ASCAT that were found useful for getting better accuracy (Zaussinger et al., 

2019). Therefore, root zone soil moisture information from SMAP, potential evapotranspiration 

(PET) from the reanalysis dataset, and precipitation information can be utilized to find complex 

interplay in the water balance model of this study area.  

 

The PET stands as a pivotal process representing the combined loss of water to the atmosphere 

through evaporation and plant transpiration. This estimates water loss from the system while 

precipitation plays the opposite factor of adding water to the system (Paolini et al., 2022; 

Safaeian et al., 2023). The latest advancements in PET estimation techniques are similarly 

important in leveraging both ground-based and remote-sensing data to address complex 

challenges (Ougahi & Mahmood, 2022). The updated PET information in the reanalysis dataset 

at higher resolution from the Fifth generation of the European Centre for Medium-Range 

Weather Forecasts Reanalysis Land (ECMWF-ERA5) that has incorporated those updated 

methods makes it considerable for this study (Paolini et al., 2022). Furthermore, its native 

resolution has a similar resolution to the SMAP dataset which should reduce the potential bias 

that is often created when any remote sensing pixels go through the transformation process 

(Shahzaman et al., 2021). The amount of precipitation, on the other hand, is important to add in 

the modeling approach since it indicates how much water is added to the soil (Wu & Zhao, 

2023). The 5km grid pixel resolution precipitation datasets from Climate Hazards Group 

InfraRed Precipitation with Stations (CHIRPS) provide precipitation information that is useful in 

the use of the water balance model (Kolluru et al., 2020). These three data (ERA5 Land, 

CHIRPS, SMAP) from different sources processing, calculating, and integration of remote 

sensing and data science method is needed to better understand of water needed for croplands 

areas of the AL, FL, and GA. 
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3.1.1 Objectives 

 

This scientific endeavor strives to estimate the irrigation level required in croplands in the AL, 

FL, and GA states based on plant needs. To investigate irrigation areas, this study utilizes 

SMAP, ERA5-Land, and CHIRPS datasets and advanced data science techniques to -  

 

a. Conduct correlation analysis between atmospheric water demand and root zone soil 

moisture  

b. Delineate irrigated and non-irrigated areas based on croplands  

c. Find varying irrigation demand zones in AL, FL, and GA  

 

3.2 Methodology  

 

3.2.1 Study area 

 

The study considered three southern states, Alabama (AL), Florida (FL), and Georgia (GA), in 

the United States considering their challenging climatic pattern, agricultural production, 

ecological integrity, and contribution to the national economy (Figure 3-1). Within this diverse 

expanse, numerous environmental instances assume significance, like the Appalachian 

Mountains exert a profound influence on local climates and ecosystems across states such as 

Alabama and Georgia. In Florida, the exceptional biodiversity, and ecological functions of the 

Everglades ecosystem act as a natural water filter and support various species. By collectively 

examining these diverse environmental and geographical instances, this study differentiates 

irrigation potential zones based on the plant’s root zone level water required that are crucial part 

of sustainable agricultural production and water balance of an area. This water balance dynamic 

sheds light on the complexities of various ecosystems and landscapes and finds the amount of 

irrigation needed for different regions to continue ongoing agricultural production.  
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Figure 3-1: Study area map, reference high and low crop density reference points with irrigation (%) 

raster distribution over the study area. The 1-km resolution irrigation Moderate Resolution Imaging 

Spectroradiometer (MODIS) Irrigated Agriculture Datasets for the Conterminous United States (MIrAD-

US) were used for extracting the percent of irrigation applied in a location.  

  Source: (United States Geological Survey, 2019) 

 

3.2.2 Weather and climate 

 

In the southeastern United States, Alabama (AL), Florida (FL), and Georgia (GA) exhibit distinct 

climates and agricultural characteristics (Table 3-1). Alabama boasts a humid subtropical climate 

with hot summers and mild winters. Rainfall is evenly distributed throughout the year, with an 

annual average of approximately 55 inches (140 cm). The summer temperature ranges from 90-

95°F (32-35°C), while winters see lows of 30-40°F (0-4°C). The state enjoys around 220-240 
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days of sunshine annually but experiences high humidity, particularly in the summer (National 

Weather Service, 2017). Various soil types, including clay, loam, and sandy soils, support a 

diverse agriculture system, including the cultivation of cotton, soybeans, peanuts, corn, and 

livestock. Alabama's abundant water resources, including rivers and aquifers, are managed 

sustainably through water usage regulation, efficient irrigation practices, and water source 

protection (County et al., 1966). 

 

Table 3-1: Weather and climatic pattern of the Southern United States 

Aspect Alabama (AL) Florida (FL) Georgia (GA) 

Climate 

Humid subtropical, 

hot summers, mild 

winters 

Diverse climates: tropical 

in the south, temperate in 

the north 

Humid subtropical, hot 

summers, mild winters 

Rainfall 

Patterns 

Even distribution, 

slight increase in 

summer 

The wet season in 

summer, the potential for 

drought 

Varied, more rain in 

north, seasonal patterns 

Annual 

Rainfall  
~ 55 inches (140 cm) ~ 54 inches (137 cm) ~ 50 inches (127 cm) 

Temperature 

Summer: 90-95°F  

(32-35°C),  

Winter: 30-40°F  

(0-4°C) 

Summer: 85-95°F  

(29-35°C),  

Winter: 50-60°F  

(10-16°C) 

Summer: 90-95°F  

(32-35°C),  

Winter: 30-40°F (0-4°C) 

Avg. Annual 

Temperature 

Approximately 64°F 

(18°C) 

Varies by region, 

southern part around 

75°F (24°C) 

Approximately 63°F 

(17°C) 

Sunshine 

Days 

Approx. 220-240 days 

of sunshine annually 

Approx. 230-250 sunny 

days per year 

Approx. 210-230 days of 

sunshine per year 

Humidity 
High, especially in 

summer 

High, particularly during 

the wet season 

High, especially during 

the summer 

Cloud Cover 

Partly cloudy to 

cloudy conditions, 

more cloud cover 

during summer 

Partly cloudy to cloudy, 

especially during the wet 

season 

Varies with seasonal 

conditions 

Topography  Varied terrain Predominantly flat Varied terrain 

Slopes sloped in the north high-water table mountains in the north 

Water 

Resources 

Abundant rivers, 

reservoirs, aquifers 

Aquifers, lakes, extensive 

coastal waters 

Rivers, reservoirs, 

groundwater sources 

Water 

Management 

Practices 

Regulation of water 

usage, efficient 

irrigation, protection 

of water sources 

Water conservation, 

aquifer recharge, 

monitoring water use 

Equitable water 

allocation, conservation, 

efficient irrigation, 

responsible groundwater 

use 
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Aspect Alabama (AL) Florida (FL) Georgia (GA) 

Soil Types 

Various soil types 

including clay, loam, 

and sandy soils 

Predominantly sandy 

soils, clay in some areas 

Range of soil types, 

including clay, loam, and 

sandy soils 

Soil Water 

Drainage 

Capacity 

Moderate to good 

drainage capacity 

Varies by location, can 

be well-draining to 

poorly draining 

Varies by region, with 

different drainage 

capacities 

Main 

Cultivation 

Pattern 

Diverse agriculture, 

including row 

cropping and mixed 

farming 

Large-scale commercial 

agriculture and 

diversified farming 

Diverse agriculture with 

row crops and livestock 

Main Crop 

Cultivated 

Cotton, soybeans, 

peanuts, corn, poultry, 

cattle 

Citrus, sugarcane, 

tomatoes, vegetables, 

cattle, poultry 

Peaches, peanuts, cotton, 

corn, poultry, cattle 

Main 

Irrigation 

System 

Center pivot, drip 

irrigation, furrow 

irrigation 

Drip irrigation, center 

pivot, furrow irrigation 

Center pivot, furrow 

irrigation, drip irrigation 

Geographical 

Location 

Southeastern U.S., 

bordered by MS, GA, 

FL 

Southeastern U.S., Gulf 

of Mexico, Atlantic 

Ocean 

Southeastern U.S., 

bordered by AL, SC, FL 

Sources: (Babaeian et al., 2021; County et al., 1966; Dower, 1965; Hermsen, 2022; National 

Weather Service, 2017; Saul, 2018; Schmidt & Karnieli, 2001; Shaw, 2018) 

 

Florida, with its diverse climate, experiences tropical conditions in the south and temperate 

conditions in the north (Table 3-1). Rainfall, averaging approximately 54 inches (137 cm) 

annually, occurs predominantly during the wet season in the summer, posing the potential for 

drought. Florida's summer temperatures range from 85-95°F (29-35°C), while winters are milder, 

averaging 50-60°F (10-16°C) in the southern regions (Shaw, 2018). The state enjoys abundant 

sunshine, with around 230-250 sunny days annually, but is characterized by high humidity, 

especially during the wet season. Predominantly sandy soils and some clay areas support large-

scale agriculture, featuring citrus, sugarcane, vegetables, and cattle. Florida utilizes drip 

irrigation, center pivot systems, and furrow irrigation for efficient water management, 

complementing its water resources, including aquifers and coastal waters (Hermsen, 2022; 

National Weather Service, 2017; Shaw, 2018). 

 

Georgia, situated in the southeastern U.S., shares a humid subtropical climate with Alabama 

(Table 3-1). Its annual rainfall averages around 50 inches (127 cm), with more rain in the northern 
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regions and seasonal patterns. Georgia experiences summer temperatures ranging from 90-95°F 

(32-35°C) and mild winter temperatures around 30-40°F (0-4°C) (National Weather Service, 

2017; Saul, 2018). The state enjoys approximately 210-230 days of sunshine annually and high 

humidity levels, primarily during the summer. With various soil types, including clay, loam, and 

sandy soils, Georgia's agriculture encompasses row crops and livestock such as peaches, peanuts, 

cotton, and poultry. The state's water resources, including rivers, reservoirs, and groundwater 

sources, are managed equitably with conservation, efficient irrigation, and responsible 

groundwater use practices (Hermsen, 2022; National Weather Service, 2017; Shaw, 2018). 

 

3.2.3 Characteristics of data visualizing reference points 

 

In the study area, six reference points were considered for data visualization, which served to 

identify crop density and their locations (Figure 3-1). Two points from each state were 

considered, one for the highest crop density location and another for the lowest crop density 

location. Table 3-2 highlights key features of each reference point, including the location name, 

state, and county, as well as geographical coordinates (latitude and longitude in decimal 

degrees). Moreover, it presents the presence of irrigation percentage on a 9km pixel scale, and 

average irrigation application (%) associated with these regions. From the high crop density of 

FL (98% crop density (CD) in Palm Beach County to the AL (10% CD) in Covington County, 

these reference points collectively illustrate the wide-ranging agricultural and environmental 

characteristics present in the study area, which are pivotal for understanding the intricate 

dynamics of irrigation potential and soil moisture. 

 

Table 3-2: Characteristics of result representing reference points. 

Name with 

state 

County 

Name 

Latitude 

Degree 

Decimal 

(DD) 

Longitude 

Degree 

Decimal 

(DD)  

Crop 

Density 

(CD in %) 

Irrigated 

on 9km 

Pixel 

Average 

irrigation 

applied 

(%) 

FL (98% CD) Palm Beach 26.630 -80.780 98.1 99.7 52.4 

GA (66% CD) Dooly 32.163 -83.746 65.8 67.6 25 

AL (55% CD) Lawrence 34.731 -87.401 54.8 11.6 23.9 

FL (10% CD) Sumter 28.606 -81.966 10 13.5 12.5 

AL (10% CD) Covington 31.273 -86.510 10 0.3 0.3 

GA (10% CD) Stewart 32.064 -84.733 10 1.2 8.33 
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3.2.4 Data 

 

3.2.4.1 SMAP dataset and processing 

 

The Soil Moisture Active Passive (SMAP) mission employs a dual-instrument approach to 

collect soil moisture data. The SMAP mission, launched in 2015, has been a vital source of soil 

moisture data (Rabiei et al., 2021). Its active radar instrument, operating at L-Band frequencies, 

emits microwave pulses toward Earth and measures their return times to determine surface soil 

moisture content. Complementing this, the L-Band passive radiometer captures natural 

microwave emissions from the Earth's surface. This is influenced by soil moisture which enables 

SMAP sensors to capture soil moisture information at deeper root zone levels. This combination 

of active and passive instruments facilitates the collection of accurate soil moisture data across 

varying conditions, such as cloud cover and dense vegetation conditions which enhances global 

understanding of soil moisture dynamics (Lawston et al., 2017).  

 

To harness its valuable information, the high-resolution 3-hour ‘root zone soil moisture’ band 

from SMAP was processed in Google Earth Engine (GEE) into the daily average dataset. 

Subsequently, temporal aggregations were performed to calculate monthly averages for the dry 

months, May through October of each year, spanning the years 2015 to 2023. This monthly data 

aggregation allows for a comprehensive understanding of soil moisture dynamics during the 

growing seasons over this extended time frame (Kumar et al., 2019). It aids in a wide range of 

applications, from agricultural planning to hydrological modeling and climate research (Hao et 

al., 2019). SMAP's contributions, when processed and aggregated in this manner, provide 

essential insights into long-term soil moisture trends and variations that can have significant 

implications for various Earth and environmental sciences (Jimma et al., 2023; McDermid et al., 

2023; Shahzaman et al., 2021). 

 

3.2.4.2 Reanalysis ERA5 Land and processing 

 

The ECMWF Reanalysis version-5 land, also known as ERA5-Land, represents a significant 

advancement in atmospheric and global climate change understanding from time series and 
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global scale reanalysis datasets (Kolluru et al., 2020). Developed by the Copernicus Climate 

Change Service (C3S) at ECMWF, ERA5 stands as the fifth-generation reanalysis, 

encompassing data from January 1940 to the present day (Kolluru et al., 2020; Ougahi & 

Mahmood, 2022). This comprehensive dataset offers hourly assessments of a diverse array of 

climatic variables, spanning the realms of atmosphere, land, and oceans. This dataset covers the 

total globe with different grid resolution approaches. The original dataset is composed of a 30km 

grid of intricated atmospheric structure with revolving 137 levels extending from the surface to a 

height of 80km. However, the reanalysis data for the Land surface of the contiguous US provides 

11km pixels. In this study, among 12 bands of the ERA5 Land dataset available from the Google 

Earth Engine (GEE) platform, the daily ‘potential evapotranspiration sum’ (PEV) band was used. 

Although the native resolution is 30km, the reanalysis dataset provides information in 11km, 

which was further averaged to make a monthly average dataset for the months of May to October 

of each year.  

 

3.2.4.3  CHIRPS dataset and processing 

 

The Climate Hazards Group Infrared Precipitation with Stations (CHIRPS) dataset was 

employed for this study. CHIRPS combines daily satellite infrared data with ground-based 

observations which produces 5km pixels with a very high temporal resolution suitable for 

climatic research. These are often useful for assessing hydrological conditions, drought 

monitoring, and climate research due to its high-quality precipitation data for the time span 1981 

to the present, providing long-term historical records (Fassoni-Andrade et al., 2021; Fernandez-

Palomino et al., 2022). 

 

In this study, the CHIRPS dataset was also processed in Google Earth Engine (GEE) to create 

monthly average precipitation data for the period spanning from May 2015 to October 2023, 

resulting in a total of 52 data points matching the months of SMAP and ERA5 Land datasets. 

The process involved filtering the CHIRPS images to select specific months and years, 

calculating monthly averages, and converting the original resolution to SMAP resolution. Since 

the precipitation amount recorded in the CHIRPS dataset is in millimeters and the calculation of 

SMAP and ERA5 Land is in meters, the precipitation measures were converted to meters per day 
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(Wu & Zhao, 2023). The precipitation data works as an input whereas the evapotranspiration 

denotes how much water is being lost from the source (W. Zhang et al., 2020). 

 

3.2.4.4 Removing Seasonal Variability  

 

The seasonal variation creates unusual bias between the real ground observation and the 

observed dataset (Kolassa et al., 2020). Extreme evapotranspiration, precipitation, or soil 

moisture information leads to unrealistic assumptions that need to be removed before further 

analysis. This study removes seasonal variable data that was applied to the monthly average of 

the ERA5, CHIRPS and SMAP datasets described earlier. Firstly, for the SMAP dataset, the 3-

hourly data was converted to daily data, ensuring the consistency of daily composites for further 

analysis. Subsequently, a defined climatology time range was used to create daily composite 

images (Felfelani et al., 2018; Zaussinger et al., 2019). The monthly climatology was calculated 

by averaging these daily composites, with images tagged by their respective months. Long-term 

monthly averages are then computed, further aiding in the anomaly detection process (Kumar et 

al., 2019). By subtracting the monthly climatology from the original data, this section provides a 

critical foundation for seasonal variability removal, allowing for the isolation of anomalies, 

trends, or unique deviations from the climatological norm in subsequent analyses. 

 

3.2.5 Data Analysis 

 

The identification of irrigation potential zones depends on assessing water deficit areas, which 

can be achieved through a water balance model (Paolini et al., 2022). The equilibrium condition 

of the water balance model states that there is no need to supply water from other sources when 

the natural condition is sufficient for plant growth. This is opposite for the water deficit 

condition, in that, additional supply of water is needed to grow plants (Anurag & Kumar, 2016). 

The root zone soil moisture deficit happens when the evapotranspiration from the soil surface 

exceeds the amount of water received from precipitation in an area (El Sharif et al., 2015). 

Consequently, estimating the water balance model of the study area is required to understand the 

underlying situations (Rahimi et al., 2015). The PET-P is defined as the difference between 

evapotranspiration (ERA5 Land) and precipitation amount (CHIRPS). The resulting value 

reveals whether water loss due to evapotranspiration is higher than the precipitation or not. If 
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evapotranspiration is higher, then artificial irrigation is needed to cultivate crops (Wu & Zhao, 

2023). The estimated PET-P indicates the soil surface condition which has a relation with the 

root zone soil moisture condition of the study area.   

 

3.2.5.1 Preparing correlation map 

 

The SMAP root zone soil moisture data provides information about soil moisture levels up to 

100 cm below the soil surface. Most of the cultivated crop roots are within this level so analyzing 

moisture conditions can determine the actual water requirements for the plants. Hence, 

correlation analysis between PET-P vs. SMAP can reveal where water is needed, not just based 

on the soil surface, but also on the type of plant. To find the relationship between PET-P and 

SMAP the Pearson correlation matrix (R) was used considering its capability to indicate both 

positive and negative directional relations. Pearson correlation ranges from -1 to +1, where a 

negative correlation value means variables have opposite directional relationships, by increasing 

one variable value another value will decrease or vice versa for the positive correlation value. 

For this study, the relationship should be negatively correlated since both variables PET-P and 

soil moisture from SMAP indicate opposite features of each other. Thus, the strongly negative 

value areas in this study should mean an increase of PET-P over atmospheric water demand is 

extreme means root zone soil moisture should be minimal.  

 

3.2.5.2 Masking for croplands  

 

The cropland areas are the most fluctuated class in terms of root zone soil moisture since 

artificial irrigation is used to provide for cultivating crops. Therefore, cropland areas’ features 

and trends would be different than other land cover areas like forest, built-up, and wetland areas. 

Aligning with the study focus, cropland areas are masked from the state-level correlation map 

Figure 3-6. To refine our analysis, we overlaid this map with the Cropland Data Layer (CDL) 

obtained from the United States Department of Agriculture (USDA), which was at a finer 30-

meter resolution. Our objective was to isolate and select only those pixels in the correlation map 

that intersected with CDL-defined cropland regions. Following this masking process, we 

proceeded to extract boundary information and pixel values for the selected areas. Subsequently, 

we overlaid the dimensions of these extracted regions with the CDL layer to quantify the extent 
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to which each pixel was covered by cropland, providing insights into the areas suitable for 

cultivation. To further refine our analysis, the study established a criterion of selecting areas with 

a crop density exceeding 10%. Such regions, where cropland covered more than 10% of the pixel 

area, were earmarked for subsequent investigation. This meticulous methodology ensured that 

our analysis focused on areas with significant agricultural potential, as supported by the CDL 

data. 

 

3.2.5.3 Identification of irrigation potential zone 

 

Following the selection of areas with crop density exceeding 10% from the correlation map, the 

study proceeded to calculate the percentage of irrigation area and the average irrigation amount 

for each of these selected pixels. These calculations were performed through overlay operations 

using the ArcGIS Pro software, which gave insights into the spatial distribution of irrigated land 

and the corresponding average irrigation intensity. Subsequently, the study aimed to categorize 

the correlation pixels into five distinct classes to explore potential relationships between 

irrigation water quantities and the correlation ranges, which were derived from the map 

generated by comparison of potential evapotranspiration (PET-P) and SMAP data. 

 

In this endeavor, the irrigation area and average irrigation amounts were derived from the 

Moderate Resolution Imaging Spectroradiometer (MODIS) Irrigated Agriculture Datasets for the 

Conterminous United States (MIrAD-US). This dataset furnishes comprehensive information on 

irrigated agriculture, encompassing various aspects of irrigation practices in the United States. 

By integrating this valuable resource, the study aimed to gain further insights into the correlation 

patterns and their relevance to irrigation patterns and practices, enabling us to identify potential 

zones for irrigation with a refined understanding of the associated factors.  

 

3.2.5.4 Statistical analysis  

 

The study tried to find if there is any group that has significant differences among groups 

obtained from the correlation map. The study also finds, if there is any pattern among the 

correlation ranges and the amount of irrigation applied using statistical methods. The RStudio 

(visual interpreter of R software) was used for this purpose where ranges were considered as 
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categorical variables and the average percent of irrigation applied collected from MIrAD data 

was considered a continuous variable. After getting an overall significant p-value (α = 0.05), the 

study tried to find if there is any group that has significant differences. Therefore, the analysis of 

variance (ANOVA) was conducted. The study further investigated to see pairwise significance 

results using Tukey’s Honest Significant Differences (HSD) post hoc test. 

 

3.3 Result  

 

3.3.1 Potential evapotranspiration trends  

 

In the analysis of the potential evapotranspiration (PET), the ERA5 Land reanalysis data was 

used in the 9km resolution grid cell during the period spanning May to October, which 

constitutes the six driest months crucial for understanding the irrigation requirements in crop 

cultivation. After masking the areas with more than 10% croplands, further processing was 

undertaken. Scenarios should be different in high and low crop density areas, attributable to 

shifts in precipitation, irrigation practices, and atmospheric conditions. However, to gain a 

comprehensive visual perspective, two specific geographical ranges for each state were 

presented, considering both the lowest and highest crop density. The corresponding geographical 

coordinates indicated in degree decimal format (DD) for AL, FL, and GA, provide a clear 

reference point for the data visualization. The same location and subsequent graphical 

demarcation also followed for the next graphs and figures for precipitation, PET-P, and the root 

zone soil moisture data for presentation purposes.  
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Figure 3-2:  Potential evapotranspiration trend over low and high-cultivated areas from May to October 

from 2015 to 2023. The positive guide 0.002 (blue shaded) and negative guide -0.002 (pink shaded) help 

to focus on extreme PET values in different reference points. Overall, low cropland areas have higher 

positive and negative directional trends than cultivated croplands. Analyzing the six-month period and 

connecting it with the next month shows a sharp line in the graph.   

 

Study findings reveal that in areas characterized by higher crop density, such as GA (66% CD) at 

(32.163, -83.745), the range of PET values was comparatively lower, reflecting the impact of 

irrigation practices (Figure 3-2). This phenomenon aligns with the negative values depicted in  

Figure 3-2, indicating that precipitation exceeded PET during the specified months. Conversely, 

in regions with the lowest crop density, the PET consistently exceeded precipitation levels. For 

instance, in Florida with 10% crop density, coordinates (28.61, -81.97), PET significantly 

exceeded precipitation (0.004) in the years 2018 and 2020. Notably, sharp lines between the 

previous year’s October to the next year’s May signify the absence of data which is not 

considered in this study’s scope.  

 

3.3.2 Precipitation trends 

 

The study expanded the analysis to incorporate precipitation data collected and processed from 

the CHIRPS dataset’s precipitation band. This integration gains a more complete understanding 

of the impact of precipitation on the atmospheric water balance. Study findings reveal that 

regions with flood-based irrigation systems show a higher amount of precipitation trend than 

other areas mostly located in FL. Figure 3-3 indicated that precipitation for FL was higher than 
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AL and GA. The bluish-shaded background in the positive direction called the guide considered 

2 millimeters (mm) which helps to identify that May and October had less precipitation than 

other months (Figure 3-3). It is important to note that zero values on the graph represent the 

baseline, signifying the absence of data for those months. These results emphasize the trend of 

precipitation in both forms from natural and artificial sources. This helps to assess the 

atmospheric water balance, incorporating insights from CHIRPS precipitation data over the study 

area.  

 

 

Figure 3-3: Precipitation trend over the study area from 2015 to 2023 for the driest month of May to 

October of each year. The 2mm indicates, that other than flood irrigation, other manual forms of 

irrigation show similar kinds of amounts provided in AL and GA. 

 

3.3.3 Atmospheric water balance and trends 

 

This study observed intriguing trends in the atmospheric water balance across different cropland 

areas, which are denoted by percentages of crop density. The data, as shown in Figure 3-4, 

revealed distinctive patterns in potential evapotranspiration (PET) minus precipitation values 

over time. Positive values Figure 3-4 indicated a water deficit. In the high-density cropland areas, 

such as FL with 98% crop density and GA with 66% crop density, there were no months where 

precipitation exceeded PET amounts (Figure 3-4). In contrast, for low crop density areas, like AL 

with 10% crop density, mainly in July of 2018 and 2019 precipitation exceeded plant 

requirements. Notably, FL and AL consistently exhibited more extreme positive values.  
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Figure 3-4: PET-P scenario for the six driest months from May to October in the highest and lowest crop 

density areas in AL, FL, and GA. There are two guides considered for clear visual observation in positive 

and negative directions. The positive guide value is 0.003 and the negative is -0.001clearly shows, PET-P 

value is prominent in FL with 98% crop density (CD) among others. In the lowest crop density areas, AL 

point’s PET-P is more prominent in both positive and negative directions.  

 

3.3.4 Root zone soil moisture trend  

 

The potential evapotranspiration trend refers mostly to surface condition while root zone soil 

moisture focuses on below the soil surface up to 100 cm using the SMAP dataset. This depth is 

considered as the useful depth in which most crop roots develop (C. Zhang & Long, 2021). The 

study reveals both positive and negative soil moisture values, each conveying vital information 

about the study area’s soil moisture state. Positive root zone soil moisture values indicate 

relatively higher soil moisture content compared to a reference condition, suggesting adequate 

soil moisture to support plant growth without additional irrigation. In contrast, negative values 

signify lower soil moisture levels relative to the reference state, signaling potential water stress 

and the need for irrigation or water management interventions to maintain healthy vegetation. 

The less crop-density areas in AL are the most water-stressed zone shown in Figure 3-5, which 

ranges from -0.1 m3/m3 in 2020 since there was a minuscule amount of irrigation applied. The 

bluish shade in the positive direction and pink shade in the negative direction which helps for 

visual enhancement called guide selected positive 0.03 and negative -0.02 shows very narrow 
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bands in AL’s 10% CD area. The second most water-stressed zone is in the FL’s 98% CD area 

which needed more artificial irrigation as observed (provided irrigation was only 52.4%). The 

soil moisture conditions in GA are somehow between these two regions of FL and AL.   

 

 

Figure 3-5: Root zone soil moisture trend over the high and low crop density areas of three states. A 

positive value indicates higher than reference soil moisture while negative indicates water stress. Guides 

used 0.03 in positive direction and -0.02 in negative directions.  

 

3.3.5 Correlation analysis  

 

The correlation analysis between PET-P and SMAP’s root zone soil moisture indicate soil 

moisture dynamics across different regions. Initially, the unmasked correlation values exhibited a 

wide range from -0.798 to -0.003, emphasizing the inverse relationship between atmospheric 

water demand and soil moisture levels. However, when the analysis was refined by masking 

more than 10% cultivated areas, the correlation values ranged from -0.059 to -0.776, indicating 

that the presence of croplands significantly influenced the relationship between PET-P and soil 

moisture (Figure 3-6). The upper part of AL exhibited a more extreme negative correlation. 

Similarly, the mid-part of GA showed medium to high-level negative correlations (Figure 3-6). 

Notably, FL, with its abundant wetland areas, exhibited less distinctive correlation values, 

highlighting the complex interplay between land use and soil moisture dynamics.  
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Figure 3-6: The correlation among PET-P and SM of the AL, FL, and GA states. The right side provides 

the masked cultivated areas, that are obtained from the cropland data layer of 2022. 

 

3.3.5.1 Correlation analysis in high-density croplands 

 

Florida (98% CD) 

In the high cropland density region of Florida, where 98% of the 9km grid area is dedicated to 

cropland, the Pearson correlation value of -0.37 suggests a moderate negative relationship 

between potential evapotranspiration (PET-P) and soil moisture (Figure 3-7, red and black 

rectangle in upper left). This result is intriguing, as one might expect that intensive irrigation in 

such high-crop-density areas would mitigate negative correlations but as Table 3-2 shows, there 

was only 52.4% of irrigation was applied.  
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Figure 3-7: Correlation in high-density cropland reference points. The read box indicated specific 

locations scatter plots and corner connected black rectangles indicate Pearson correlation value on the 

specific points. The diagonal histogram shows the distribution of the X and Y axis data.  

 

Georgia (66% CD) 

The high cropland density region in Georgia, with 66% of the 9km grid area dedicated to 

cropland, exhibited a Pearson correlation of -0.56 (Figure 3-7, mid-red and black rectangle). This 

correlation value indicates a more pronounced negative relationship between PET-P and soil 

moisture compared to Florida since there was only 25% irrigation applied compared to 52.4% in 

FL.  

 

Alabama (55% CD) 

In the high cropland density area of Alabama, with 55% of the 9km grid covered by cropland, 

the Pearson correlation value of -0.65 reflects a strong negative relationship between PET-P and 

soil moisture (Figure 3-7). The correlation in Alabama is the most negative among the three 

states since there was only 12.5% of irrigation was applied.  

 

3.3.5.2 Correlation analysis in low density croplands 

 

Florida (10% CD): 
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In the low cropland density in Sumter County of Florida (10% CD), the Pearson correlation of -

0.32 reflects a relatively low correlation between potential evapotranspiration (PET-P) and soil 

moisture. This outcome is consistent with the characteristics of areas with limited agricultural 

activity, where soil moisture is less influenced by human-managed irrigation. In this study, there 

was only 13.5% of areas irrigated, and average irrigation applied in 12.5%, revealing this 

relationship (Figure 3-8).  

 

 

Figure 3-8: Correlation in low-density cropland reference points. The red box indicates specific locations 

scatter plots and the corner connected black rectangle indicates the Pearson correlation value on the 

specific points. The diagonal histogram shows the distribution of the X and Y axis data. 

 

Alabama (10% CD) 

The low cropland density region in Alabama (10% CD) exhibits a more negative correlation of -

0.65. This stronger negative correlation suggests that in areas with sparse cropland coverage, the 

sparse irrigation practices lead to the relationship between PET-P and soil moisture. This area, 

under Covington County irrigated areas, was about 0.3, so the percentage was also about 

0.0001% (~0.3) (Figure 3-8).  
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Georgia (10% CD) 

Similarly, the low cropland density region in Georgia (10% CD) displays a notable negative 

correlation of -0.66. This suggests that despite the limited cropland coverage and irrigated areas 

was about 1.2% (8.33% irrigation applied) as shown in Table 3-2, other aspects like land use and 

land cover might impacted the relationship between PET-P and soil moisture. The presence of 

water bodies, forests, or consistent natural land cover types can lead to a more pronounced 

negative correlation. 

 

3.3.6 Relationship between correlation map and applied irrigation  

 

In the context of irrigation water demand estimation, the Moderate Resolution Imaging 

Spectroradiometer (MODIS) Irrigated Agriculture Datasets for the Conterminous United States 

(MIrAD-US) 1-km data was considered as an applied irrigation data source (United States 

Geological Survey, 2019). This 1-km grid raster was prepared from tabular statistics data, 

proving irrigation percent value in each percent and indicating an accuracy level of more than 

90% considering its field survey tabular datasets (Pervez & Brown, 2010; L. Zhang et al., 2022).  

 

After preparing irrigation applied datasets, the correlation map was categorized into five distinct 

classes namely -0.77 - -0.74, -0.74 - -0.58, -0.58 - -0.42, -0.42 - -0.25, and -0.25 - -0.05 for 

statistical analysis in keeping with the null hypothesis (there is no relation between classified 

class with irrigation applied). However, the analysis of variance (ANOVA) results for the 

‘Correlation ranges’ variable in relation to applied ‘Irrigation percentage’ reveals a highly 

significant overall effect (F = 38.59, p < 0.05), indicating that the correlation ranges significantly 

influence the percent of irrigation applied. Post hoc Tukey HSD pairwise comparisons further 

elucidate the significance, showing distinct differences between correlation range categories. For 

instance, the comparison between the negative range (-0.25 to -0.05) and the others demonstrates 

a significant impact, with a mean difference of approximately -10.31 (p < 0.05), signifying lower 

irrigation applies as correlation becomes more negative. This significant observation is also 

clearly denoted in the Figure 3-9 box plot, by applying more irrigation percentage the negative 

correlation range is reduced.  

 



 72 

The first range, from -0.77 to -0.74, displays an extremely negative correlation range with a 

minimum irrigation percentage of 0.3 and a maximum of 10.3. The interquartile range (IQR), 

measuring the range within which the middle 50% of values fall, spans from 1.2 to 5.6, with a 

median correlation of 3.1. This suggests a set of areas where the relationship between potential 

evapotranspiration (PET-P) and soil moisture is strong, alternatively denotes there was a very 

small percent of irrigation was applied to those regions (Figure 3-9).  

 

 

Figure 3-9: Relation between correlation ranges and percentage of irrigation applied. 

 

Moving to the second range, from -0.74 to -0.58, the irrigation percentage extends from a 

minimum of 0.1 to a maximum of 79.9, with a substantial IQR spanning from 4.18 to 31.63. The 

median value within this range is 12.5, indicative of areas where the relationship between PET-P 

and soil moisture and irrigation exhibits a pronounced negative relation. The higher variability in 
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values and few outliers suggests that these areas may be subjected to more diverse irrigation 

practices.  

 

The third range, spanning from -0.58 to -0.42, features a minimum irrigation percentage of 0.4 

and a maximum of 99.8. The IQR ranges from 10.08 to 37.85, with a median irrigation percent 

of 20.85. These values signify regions with relatively strong negative correlations between PET-

P and soil moisture, suggesting that irrigation practices play a substantial role in shaping soil 

moisture dynamics (Figure 3-9).  

 

In the fourth range, -0.42 to -0.25, the percentage of irrigation exhibits a minimum of 2 and a 

maximum of 99.8, with an IQR spanning 17 to 45.5. The median value is 27.55, indicating a 

strong relation and trend with increasing irrigation and the negative correlation between PET-P 

and soil moisture-reducing trend. These areas are characterized by robust irrigation practices, 

leading to significant fluctuations in soil moisture. 

 

The fifth and final range, -0.25 to -0.05, features an irrigation percentage starting from 0.5 and a 

maximum of 88. The IQR spans from 26.1 to 62.8, with a median correlation of 46.2. In this 

category, the strong relation shows that increasing applied irrigation percent in higher ranges can 

significantly reduce the correlation ranges of the PET-P and soil moisture.  

 

3.4 Discussion  

 

A distinct trend in potential evaporation (PET), precipitation, and soil moisture over the study 

period was observed in this study. Several factors may contribute to this observation including 

variations in crop types, soil characteristics, temperature patterns, and local practices can lead to 

uneven soil moisture patterns (Rabiei et al., 2021). Additionally, weather patterns and seasonal 

changes can influence the timing and effectiveness of irrigation, impacting the correlation. These 

findings underscore the dynamic nature of environmental conditions through observing PET and 

their impact on water resources. The trend in precipitation patterns throughout the study period 

indicates variations play a crucial role in the atmospheric water balance and finding extreme 

water-scarce months (McDermid et al., 2023). It's crucial to consider the interplay of these local 
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variables, which can override the general assumption of a straightforward inverse relationship 

between PET-P and soil moisture in high-density cropland regions (L. Zhang et al., 2022). 

 

This study can provide insights into the availability of natural water resources and artificial 

irrigation applied for various regions (Zaussinger et al., 2019). Referring to this, the analysis of 

the atmospheric water balance revealed important information about the interplay between 

potential evaporation and precipitation (C. Zhang & Long, 2021). This balance is a critical 

component of the hydrological cycle and influences soil moisture conditions. The findings 

highlight the significance of atmospheric water demand and availability in shaping soil moisture 

dynamics. Additionally, investigation on root zone soil moisture trends unveiled essential 

insights into soil moisture dynamics over time which is invaluable for assessing the water 

requirements of crops and vegetation (Babaeian et al., 2021; Kisekka et al., 2022). The observed 

trends point out the influence of climate and land use on soil moisture levels (Jimma et al., 

2023). As such, they provide a foundation for informed decision-making in irrigation water 

needed in agriculture and ecosystem management, allowing for more precise irrigation practices 

and resource allocation. 

 

The correlation analysis between potential evapotranspiration (PET-P) and root zone soil 

moisture revealed a clear negative correlation, suggesting that areas with increased atmospheric 

water demand, as indicated by lower PET-P values, tend to exhibit higher soil moisture (Condon 

et al., 2020). The higher negative correlation could be attributed to various factors, including 

differences in crop distribution, irrigation practices, and the interaction between soil types and 

vegetation cover (IPCC, 2007; Zaussinger et al., 2019). The choice of crops, with varying water 

requirements and growth cycles, can significantly influence the soil moisture-ET correlation in 

such regions (El Sharif et al., 2015). Moreover, the timing and efficiency of irrigation activities, 

which are subject to climate and water availability, can contribute to the observed correlation 

patterns. This finding is particularly relevant for precision agriculture, as it indicates areas with 

water requirements for optimal crop growth (Babaeian et al., 2021; Kisekka et al., 2022). 

Understanding the correlation patterns allows for more efficient water resource allocation. 

Furthermore, the correlated map provides crucial insights into the connection between 

correlation patterns and applied irrigation. The post hoc Tukey analysis indicated significant 
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differences in irrigation water demand among different correlation ranges (Thompson et al., 

2017). As the correlation between PET-P and soil moisture becomes more negative, irrigation 

water tends to be less applied, but demand is high. This information is of paramount importance 

for crop cultivation and increasing yield by synthesizing root zone-level plant water needed 

(Meier et al., 2018; Shahzaman et al., 2021). A pathway for planning and resource allocation, as 

it offers guidance on areas where irrigation practices can be optimized. 

 

The observed correlations underscore the importance of considering local and regional factors 

when analyzing the relationship between potential evapotranspiration, precipitation, and soil 

moisture in high cropland density areas. These factors, including crop diversity, irrigation 

methods, and environmental conditions, can lead to variations in correlation patterns that 

challenge conventional assumptions and highlight the need for site-specific investigations. 

For the higher range detection or outliers shown in different correlation ranges in the box plots, 

possibly there are external factors, like less updated datasets or insignificant land use and land 

cover mapping over time (Paolini et al., 2022). It is discernible, built up, or similar land use 

classes where ground variable classes might not show changes very frequently and might show 

similar relations like the croplands. This is because, if one value of a correlation does not change, 

it might show a near-zero relation. Likewise, other open areas, like waterbodies or everglade 

regions where soil moisture is always surplus, near zero correlation would be common (Hargrove 

& Hoffman, 2004; Kirui et al., 2013). Apart from this, forest covers where artificial irrigation is 

not common should show a very high negative correlation among those data. These are very 

important underlying issues that should be considered when estimating water demands in 

agricultural lands.  

 

The observed correlation values in low cropland density areas, particularly those resembling 

forest cover where artificial irrigation is not common, provide valuable insights into the impact 

of land use and land cover types on soil moisture dynamics (Xie et al., 2019; Xu et al., 2019). 

These regions exhibit near-zero correlations, suggesting that artificial irrigation practices are not 

significantly influencing soil moisture (Kwon et al., 2022; Pervez & Brown, 2010). This 

phenomenon extends to areas characterized by consistent land use and land cover types, were 

soil moisture experiences minimal fluctuations. Such low correlations are not exclusive to 
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croplands; they can also manifest in built-up urban areas and open regions like water bodies or 

everglade areas, where soil moisture tends to remain relatively stable or consistently high (Xie et 

al., 2019). It is crucial to recognize that these underlying factors have substantial implications for 

the interpretation of the PET-P and soil moisture relationship. In this context, the process of 

masking these low cropland density areas with the cropland layer should be approached with 

consideration of the specific study objectives, strongly suggested for similar studies. This is 

especially true in regions where agricultural practices are not the primary driver of soil moisture 

dynamics (Amdihun, 2006).  

 

Finally, there might be a few uncertainties in these datasets such as seasonal anomalies. In this 

case, removing seasonal anomalies is the best option  (Kumar et al., 2019, 2020), which was also 

used in this study, to minimize outliers or any extreme values. The CHIRPS provides valuable 

precipitation data, but there may be inherent uncertainties associated with satellite-based 

precipitation estimates that can arise from factors such as cloud cover and calibration errors. The 

datasets used were collected from reanalysis and ground-based observation that accumulated in 

ERA5 Land, Precipitation in CHIRPS, and soil moisture in SMAP under the GEE platform. It is 

essential to note that every dataset used here has been widely validated and used in numerous 

scientific applications, demonstrating its utility despite these uncertainties.  

 

Conclusion  

 

The study highlights the interplay between atmospheric, climatic, and environmental variables 

for estimating irrigation water demands in the southern United States. Instead of field-based data 

collection procedures, which are labor intensive, cost, and time-consuming, and prone to human 

error, remotely sensed datasets were utilized to find varying water demand locations. Rather than 

designing specific models for each state, implying the same resolution or ground collected data, 

this study utilized freely available data sources that were in different resolutions for the model 

buildup that can be replicated by the science community for sustainable decision-making. The 

classification of correlation ranges and relation identification between soil moisture and 

irrigation water demands in areas with varying land use characteristics allows for the 

identification of potential irrigation zones based on the strength and variability of the correlation, 
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providing a nuanced understanding of the factors shaping these correlation patterns. The overall 

findings from this study shed light on the intricate dynamics of atmospheric water balance, soil 

moisture, and their impact on irrigation practices. The results emphasize the significance of 

understanding these relationships for efficient resource management, sustainable precision 

agriculture, and ecological conservation. This knowledge can empower decision-makers to make 

informed choices for adapting to changing environmental conditions and ensuring water 

sustainability in various regions. 
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4 Chapter 4: Conclusion and Recommendations 
 

 

4.1 Conclusion  

 

This collective research efforts, as presented in both Chapter 2 and Chapter 3, have not only 

expanded scientific knowledge of environmental dynamics but have also unveiled key insights 

and implications for future investigations in this domain. These studies, while addressing 

different facets of environmental science, are interlinked in their pursuit of understanding, and 

harnessing remote sensing data to enhance our comprehension of critical environmental 

processes. 

 

The first part of this study presents valuable insights into the utilization of NEON airborne lidar 

point cloud and VST data for the development of high-resolution spatially continuous 

aboveground biomass (AGB) maps within NEON sites. The adoption of consistent data 

protocols among 83 NEON sites across the United States demonstrates the potential for adapting 

this methodology to other ecological locations, offering a standardized approach for AGB 

mapping. Additionally, NEON updates airborne lidar point cloud data every year, opening a 

window for time series forest health and resources analysis. Furthermore, considering the high 

resolution and accuracy of this dataset, it should be useful for validating coarser resolution AGB 

products like GEDI L4B AGB. However, the research also underscores the limitations of NEON 

data, particularly in the context of southern heterogeneous mixed forest sites characterized by 

dense tree canopy cover and significant terrain variations. While both Random Forest (RF) and 

Multiple Linear Regression (MLR) models were employed, it was observed that the MLR model 

outperformed the RF model in all three study sites, as evidenced by higher R² values and lower 

root mean square error (RMSE). Nonetheless, the study acknowledges that the MLR model may 

struggle to capture the complexity of data in sites with steep terrain and mixed forest types, while 

the RF model's propensity to overcomplicate the estimation process could result in underfitting 

and reduced accuracy. Nevertheless, the findings of this research hold promise for advancing the 

producibility of high-resolution spatially continuous AGB mapping within NEON sites and pave 
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the way for future research that seeks to integrate these reference datasets with ICESat-2 data for 

broader-scale AGB mapping beyond NEON sites. 

 

Moving to the second study, it illuminates the intricate relationships among atmospheric, 

climatic, and environmental variables in the estimation of irrigation water demands in the 

southern United States. Departing from labor-intensive, time-consuming, and error-prone field-

based data collection methods, this research harnesses remotely sensed datasets to pinpoint 

locations with varying water demand, offering a more efficient and accurate alternative. By not 

limiting the modeling process to specific states and resolutions but instead employing openly 

accessible data sources with varying resolutions, this study establishes a replicable model 

construction framework that can be adopted by the scientific community. The classification of 

correlation ranges and identification of relationships between soil moisture and irrigation water 

demands in diverse land use areas bring forth the potential to discern irrigation zones based on 

the strength and variability of these correlations. This nuanced understanding of the factors 

influencing these patterns carries significant implications for the management of resources, the 

promotion of sustainable precision agriculture, and the preservation of ecological systems. 

Consequently, this knowledge equips decision-makers with the information necessary to adapt to 

evolving environmental conditions and to ensure the sustainable management of water resources 

in diverse regions. These findings collectively underscore the importance of a holistic approach 

to understanding the complex interplay of atmospheric water balance, soil moisture, and their 

impact on irrigation practices in the southern United States. 

 

4.2 Recommendations  

 

4.2.1 Objective 1: In spatially continuous AGB estimation (Chapter Two) 

 

Diversify Field Sampling:  

To improve AGB model accuracy, it is recommended to increase the distribution and number of 

field observations per site. This includes considering spatial distribution, subplots accuracy, and 

additional field visits to capture tree composition, especially in mixed forestry sites. 
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Consider Additional Variables:  

The study suggests considering further variables, including tree composition map, terrain, and 

climatic variables, to test for enhancing model performance. Incorporating variables like NDVI, 

MSAVI-2 vegetation indices, and NLCD land and tree cover datasets can help improve accuracy 

by considering holistically. Recognize the significance of field characteristics, forest types 

(homogeneity, mixed forest type, and tree species composition), canopy coverage, and 

heterogeneity of tree species in modeling AGB. Tailor modeling approaches accordingly. 

 

Explore Tree-Based with Area based Approaches:  

Consider exploring tree-based approaches (TBA) for AGB estimation using NEON data. This 

approach may require precise geographical location tagging for each tree within the NEON 

dataset. Utilize NEON's airborne lidar point cloud and VST data for developing new models and 

spatially comprehensive satellite data to map AGB over broader landscapes where NEON data is 

not available. 

 

Continuous Data Improvement:  

As NEON datasets and field sites have inherent limitations, continuous data improvement 

efforts, such as increasing field sampling points and quality control, are vital for enhancing AGB 

modeling accuracy. 

 

Standardize Sampling Dimensions:  

Standardize the sampling dimensions in forest sites, especially in mixed forestry sites, to capture 

tree composition and heterogeneity effectively. Consider the use of variable grid sizes for 

different site characteristics. 

 

 

4.2.2 Objective 2: Identifying varying irrigation areas (Chapter three) 

 

Monitor Environmental Trends:  

Continue monitoring trends in potential evaporation (PET), precipitation, and soil moisture to 

gain insights into the dynamic nature of environmental conditions and their impact on water 
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resources. Utilize the negative correlation between potential evapotranspiration (PET-P) and root 

zone soil moisture to identify areas with higher water demand.  

 

Further Examine Low Correlations:  

Recognize that low correlations in areas with consistent land use and land cover types, like 

forests or everglade regions, may not be influenced by artificial irrigation although range may 

look like similar. This understanding is essential when interpreting PET-P and soil moisture 

relationships. 

 

Consider Masking Low Cropland Density Areas:  

In regions where agricultural practices are not the primary driver of soil moisture dynamics, 

consider masking low cropland density areas with the cropland layer to refine the analysis based 

on specific study objectives. 

 

Address Data Uncertainties and ground validations:  

Acknowledge potential uncertainties in datasets, such as seasonal anomalies, and employ data 

cleaning techniques like removing outliers or extreme values to enhance data quality and 

accuracy. Although datasets used in this study are widely validated and have a strong history of 

utility despite inherent uncertainties, such as satellite-based precipitation estimates. Before 

implementing result outcomes, it is needed further ground verifications.  

 

These recommendations aim to enhance the understanding and applicability of the study 

outcomes in both AGB mapping and water resource management, emphasizing the need for 

continuous data improvement and precision in data analysis and interpretation. 


	Abstract
	Acknowledgments
	Table of Contents
	List of Figures
	List of Tables
	List of Abbreviations
	1 Chapter 1: Introduction
	1.1 Study objectives

	2  Chapter 2: A Spatially Continuous AGB Dataset for 3 NEON Sites in the Southeastern US Using NEON Airborne Lidar and Vegetation Data
	2.1 Introduction
	2.2 Materials and methods
	2.2.1 Study site
	2.2.2 Weather pattern and field characteristics
	2.2.3 Vegetation compositions and site-specific historical context
	2.2.4 Datasets
	2.2.4.1 Vegetation structural data
	2.2.4.2 Airborne lidar point cloud data
	2.2.4.3 Satellite imagery and ancillary datasets

	2.2.5 Data processing
	2.2.5.1 Cleaning VST dataset for calculating allometric AGB
	2.2.5.2 Reprocess VST field plots and check subplot tag
	2.2.5.3 Calculate plot-level allometric AGB
	2.2.5.4 Lidar data processing and comparison with ground measurements
	2.2.5.5 Processing satellite imagery and ancillary datasets
	2.2.5.6 Predictive variables generation for modeling AGB

	2.2.6 Modeling Aboveground biomass
	2.2.6.1 Distribution of data in modeling approaches
	2.2.6.2 Improving model performances
	2.2.6.3 Model validation


	2.3 Results
	2.3.1 Model performances
	2.3.1.1 Multiple linear regression (MLR) model
	2.3.1.2 Random forest (RF) model

	2.3.2 Predictive variables performances over study sites
	2.3.3 Mapped AGB

	2.4 Discussion
	2.4.1 Applicability of study outcomes in non-NEON sites

	Conclusion
	References

	3  Chapter 3: Detecting irrigation potential zone of the southern United States using data science and remotely sensed data
	3.1 Introduction
	3.1.1 Objectives

	3.2 Methodology
	3.2.1 Study area
	3.2.2 Weather and climate
	3.2.3 Characteristics of data visualizing reference points
	3.2.4 Data
	3.2.4.1 SMAP dataset and processing
	3.2.4.2 Reanalysis ERA5 Land and processing
	3.2.4.3  CHIRPS dataset and processing
	3.2.4.4 Removing Seasonal Variability

	3.2.5 Data Analysis
	3.2.5.1 Preparing correlation map
	3.2.5.2 Masking for croplands
	3.2.5.3 Identification of irrigation potential zone
	3.2.5.4 Statistical analysis


	3.3 Result
	3.3.1 Potential evapotranspiration trends
	3.3.2 Precipitation trends
	3.3.3 Atmospheric water balance and trends
	3.3.4 Root zone soil moisture trend
	3.3.5 Correlation analysis
	3.3.5.1 Correlation analysis in high-density croplands
	3.3.5.2 Correlation analysis in low density croplands

	3.3.6 Relationship between correlation map and applied irrigation

	3.4 Discussion
	Conclusion
	References

	4 Chapter 4: Conclusion and Recommendations
	4.1 Conclusion
	4.2 Recommendations
	4.2.1 Objective 1: In spatially continuous AGB estimation (Chapter Two)
	4.2.2 Objective 2: Identifying varying irrigation areas (Chapter three)



