
ABSTRACT 

CASLIN, MICHAEL, W. From Severe Damage to Recovery, Understanding Hurricane Mariaôs 

Impact on a Mixed Tabonuco and Plantation Forest in Southeastern Puerto Rico. 

(Under the direction of Dr. Madhusudan Katti and Dr. Stacy Nelson). 

 

 

Obtaining reliable on-the-ground data paired with remotely sensed data is crucial to 

understanding the damage and recovery of multiple components of the forest following a major 

hurricane. In this study, I first introduce and discuss a new method of utilizing 360° photography 

and virtual reality as a new suitable method and alternative to traditional forest inventories to 

enable the rapid collection of forest habitat and structure variables in recently hurricane impacted 

areas. This method was found to be effective in the analysis of forest habitat and structure 

variables following a hurricane with this technique being more time-efficient and beneficial for 

researchers in a time crunch. By utilizing this technique, researchers can conduct rapid surveys 

and obtain photos over a large study area in a short period of time and subsequently analyze 

forest structure variables virtually. Next, I expanded upon this method and applied it with newer 

techniques to analyze the damage and recovery of 75 sites at a sustainably managed mixed 

tabonuco/plantation forest at the property of Las Casas de la Selva seven years after Hurricane 

Maria made landfall. I found that seven years after landfall, canopy closure was the only 

component of the forest to remain significantly impacted. I specifically found canopy closure to 

decrease with increasing elevation and decrease with the amount of damage (number of dead and 

recovering trees observed at each site). However, I found the Vertical Habitat Diversity Index 

(forest vertical structure) and groundcover to have mostly recovered across all the sites in this 

study. These results have implications for plantation forestry and can be used to inform forest or 

plantation land managers that are in the establishment or re-establishment phase to plant at lower 

elevations in tabonuco forest to avoid the worst hurricane damage. Finally, I utilized a 



combination of GIS and remote sensing techniques to analyze Sentinel-2 satellite imagery to 

determine the extent of defoliation that occurred within zones II and III of the property 65 days 

after landfall, create an NDVI time series to determine when significant regrowth of vegetation 

occurred for both zones, to determine the influence topography and land orientation had on the 

canopy/vegetation damage, and to determine whether high NDVI values corresponded to sites 

with dense canopy closure. I found the extent of defoliation in both zones II and III to be high 65 

days post-storm with zone III having an estimated defoliation of 57.6% and zone II having an 

estimated defoliation of 37.15%. The defoliated areas were also found to correspond with areas 

on the property with the highest elevation. By analyzing the time series, I found that significant 

regrowth of vegetation on the ground and in the canopy was substantially delayed and did not 

occur until somewhere between 78-120 days post-storm. By applying LBR analysis, the results 

suggested both elevation and aspect had a large influence on NDVI, but I found litt le evidence to 

support this for aspect. Finally, I found that 71.15% of sites with high NDVI values 

corresponded to locations with dense canopy closure indicating that dense canopy closure has a 

large influence on NDVI values. 
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Chapter 1 

Abstract  

Many forestry studies rely on obtaining measurements on forest structure, canopy 

cover, tree density, and other variables using manual labor, which is time-consuming, 

expensive, and labor-intensive, especially when following a major hurricane. Here we 

propose utilizing 360° photography and virtual reality as a new suitable method and 

alternative to traditional forest inventories to enable the rapid collection of forest habitat 

and structure variables in recently hurricane impacted areas. In this paper, we present our 

methods from the Forests After Florence project as a case study in conducting 

forest/habitat analysis utilizing images from a 360° camera analyzed using a virtual reality 

headset. We found this new method to be effective in the analysis of forest habitat and 

structure variables following a hurricane and this technique would be more time-efficient 

and beneficial for researchers in a time crunch as well as community members in impacted 

areas. This is especially true in urban settings where damage is cleaned up relatively 

quickly. By utilizing this technique, researchers can conduct rapid surveys and obtain 

photos over a large study area in a short period of time and subsequently analyze forest 

structure variables virtually.   

 

Keywords: surveys, forests, forest structure, damage, hurricanes, virtual reality, 360° 

photography 
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Introduction  

Given the potential increase in the frequency and intensity of tropical cyclones 

driven by warming ocean surface temperatures (Ting et al. 2019), it is important to deepen 

our understanding of the resilience and recovery of natural, managed, and urban forests that 

are more vulnerable to hurricane damage now than they were in the past (Xi 2015). Forests 

are one of the dominant terrestrial ecosystems and account for about 30% of the total land 

area on Earth (Pan et al. 2013). Forests provide important ecosystem services including 

protecting watersheds (Lu et al. 2001, Hlásny et al. 2013, Mueller et al. 2013, Pires et al. 

2017), providing habitat (Lindenmayer 2009, Brockerhoff et al. 2017) and food for animals 

(Creighton and Baumgartner 1997, Pinotti et al. 2012), preventing soil erosion (Pimentel 

2006, Teng et al. 2019, Gong et al. 2022), and absorbing carbon emissions (Swingland et 

al. 2002, Houghton et al. 2015, Nunes et al. 2020). Forestry is also an important sector for 

the global economy, and especially in regions like North Carolina (where we conducted 

this study) with almost two-thirds of the stateôs forest industry and intensively managed 

forests in the eastern portion of the state where they are more vulnerable to hurricanes 

(McConnell et al. 2016). It is important therefore to develop tools and techniques that are 

cheaper and more efficient in gathering data in the aftermath of extreme weather events 

both to enable rapid research by forest scientists and to empower communities in high-risk 

areas to monitor their local forests (Wolff et al. 2021). 

Recent climate models have variable predictions for different regions, with some 

predicting a decrease in tropical cyclone numbers, but an increase in more intense tropical 

cyclones with stronger winds and increased rainfall (Walsh et al. 2016, Knutson et al. 2010, 

Knutson et al. 2020). Further research has also shown that climate change is causing 
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hurricanes to undergo a process called rapid intensification more often which results in 

tropical cyclones intensifying dramatically in short periods of time (Balaguru et al. 2018, 

Bhatia et al. 2022). Furthermore, the increased warming of sea surface temperatures in the 

Atlantic from the period of 1982-2020 has doubled the likelihood of having a more active 

hurricane season (Pfleiderer et al. 2022). Given the many uncertainties from a changing 

climate, it is important to monitor and understand ecosystem impacts and responses to 

extreme climate events. It is also important to develop new techniques that are relatively 

cheap, efficient, and can easily be implemented to monitor the resilience of natural, 

managed, and urban forests to hurricanes as well as other effects of climate change in both 

the short-term and long-term. Cheaper tools and methods can also be used to engage citizen 

scientists and empower vulnerable communities in high-risk regions to monitor the effects 

of climate change driven disasters, and to build community resilience (Wolff et al. 2021). 

In the field of Forestry, forest inventories are often conducted to make sure that the 

health, productivity, and sustainability of the resources within a forest are maintained; 

however, these inventories are both time-intensive and expensive (Smith 2002). One 

method that has shown great promise in collecting forest data parameters is through the use 

of photographic techniques. Through the use of modern technology and photographic 

techniques, it is possible to obtain important forest parameters such as canopy cover 

(Chianucci and Cutini 2012, Fournier and Hall 2017, Tichý 2016, Promis et al. 2011) and 

forest structure (Pueschel et al. 2012, Dai et al. 2021, Wang et al. 2020, Wang et al. 2021). 

Utilizing 360° photography for forest surveys has not only been found to be a good low-

cost option compared to more expensive techniques, but also holds great potential in 

providing more accurate forest estimates (Wang et al. 2021). For example, it is now 
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possible to obtain both tree height and the diameter at breast height (DBH) by using 360° 

spherical images and stereographic geometry (Wang et al. 2021). In addition, 360° cameras 

have also been found to be accurate in estimating forest basal area (Wang et al. 2020). 

Another study also found that utilizing sector subsampling of spherical 360° photos to be 

both effective and efficient in estimating forest biomass (Dai et al. 2021). The use of 

photography also makes it possible for communities engaged in participatory science to 

document changes for a particular site over time which is ideal when monitoring changes 

due to climate change (e.g., Swanson et al. 2016, Wolff et al. 2021). 

On September 14, 2018, Hurricane Florence made landfall in Wrightsville Beach, 

North Carolina, as a category 1 storm. Hurricane Florence resulted in significant flooding 

for many areas in the eastern portion of the state and by September 17, 2018, the town of 

Elizabethtown recorded up to 35.93 inches of rain making Florence the wettest hurricane to 

have impacted the state. Statewide, approximately 2,200 primary and secondary roads were 

closed due to the flooding and the estimated damage was up to $17 billion statewide 

(Stradling and Bennet 2018).  

Following the aftermath of Hurricane Florence in September 2018, we developed a 

new technique that makes it possible to conduct rapid surveys of hurricane-impacted sites 

through the use of 360° photography. By utilizing this new technique, researchers and 

community groups can more rapidly obtain photos across numerous sites without the need 

for time-consuming and labor-intensive fieldwork (Figure 1.1). Some of the benefits of this 

new method include making surveys easier in less accessible areas by reducing the need for 

physical labor and allowing for the repeatability of retaking photos at the same sites 

making it possible to obtain a time-series of images. Furthermore, taking 360º photos 
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requires minimal specialized training making it feasible for any member of the general 

public to gather data rapidly through a participatory science approach (e.g., Lue et al 2014). 

For instance, all the photography for this project was done by 50 undergraduate students 

from the 4,796 (~15% of the total student population in 2018) at North Carolina State 

University who had experienced significant impacts in their home communities (Mulvey et 

al 2021). All the 360° photos could then be analyzed by trained personnel within a 3-

Dimensional Virtual Reality (3D VR) environment to measure visible amounts of damage 

and recovery, as well as structural aspects of each location including tree density, vertical 

structure of the forest focusing on canopy and overstory and understory levels, ground 

cover, and canopy cover/closure. To the best of our knowledge, this new technique is 

unique to our lab and has not been applied anywhere else. In this paper, we present our 

methods from the Forests After Florence project as a case study on the analysis of forest 

habitat structure utilizing an Oculus Go VR headset (Figure 1.2) and a Ricoh Theta V 360° 

camera (Figure 1.3).   

Methods  

Study Area, Selection of Students, and Conducting Rapid Surveys 

Our Study area was located across 12 counties in the eastern portion of North 

Carolina (Figure 1.1). The overall goal was to develop a new method that would allow 

researchers and impacted community members to rapidly obtain data from hurricane-

impacted forests without the need for time consuming, expensive, and labor-intensive 

fieldwork. To do this, we first selected 50 disaster-impacted students attending North 

Carolina State University. In selecting students, we sought diversity in ethnicity and 

gender, and privileged participants from hurricane-impacted areas and who had been 
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greatly impacted by the storm. Each student was required to attend a workshop where we 

explained the purpose of the project, provided our overall scientific goals, had students 

form teams of two, and distributed and provided training on utilizing the Ricoh Theta V 

360° camera. It took no longer than one hour to train students to use the cameras. For each 

team, we asked students to select up to 10 locations in their community where hurricane 

damage occurred and we assigned additional control points about 1 kilometer away from 

each chosen location. During the spring and summer of 2019, each student team drove to 

each location and then walked to the coordinates of each survey point (Figure 1.4). Each 

student team took two 360° photos for each site where the first photo taken was from the 

ground using a small 5-inch tripod (Figure 1.5 ground view) and the second taken above 

ground utilizing a selfie stick (Figure 1.6 aerial view) held overhead. By the end of July 

2019, we obtained 360° photos from a total of 301 sites across a wide variety of 

environments (urban, suburban, forest, wetlands, etc.) across a total of 12 counties in 

southeastern North Carolina. 

Utilizing the Oculus Go Virtual Reality Headset 

Before conducting forest habitat analysis, we labeled each of our 360° photos, 

organized them by student team, and then imported them within the Oculus Go virtual 

reality headset. In our analysis of forest habitat variables, we estimated and documented (1) 

the predominant land cover, (2) percent natural and impervious surface cover, (3) percent 

canopy closure, and (4) percent tree density. In the analysis of the forest habitat, we used 

the headset to make visual estimates of each variable and then input the data within an 

Excel Spreadsheet where all variables are organized by photo and student team number. 
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Estimating Predominant Land Cover 

To analyze and assess the predominant land cover for each photo, we utilized the 

National Land Cover Database (NLCD) 2019 which was developed by the Multi-

Resolution Land Characteristics Consortium (Homer et al. 2012). The classification 

consists of eight land cover types which include (1) Water, (2) Developed, (3) Barren, (4) 

Forest, (5) Shrubland, (6) Herbaceous, (7) Planted/Cultivated, and (8) Wetlands. These 

primary categories can be broken down even further into subcategories when users need to 

account for the differing intensity levels of development (low, medium, high) or to account 

for different types of forest (deciduous, evergreen, mixed). This scheme was used as a 

guide in the classification of our images by land cover type as it provided a detailed 

description for each land cover type as well as the criteria needed to be classified for each 

category. In the analysis of our images within the Oculus Go VR headset, we simply 

estimated what land cover class each image belonged to using the NLCD criteria. For the 

rare few photos that looked like they belonged in more than one category, we opted to 

assign them to the most dominant category. In total, the students managed to take 360° 

photos in a wide variety of environments which consisted of 12 land cover types. Examples 

of Developed Open Space, Low, Medium, and High intensity are provided in figure 1.7 and 

a link to the legend can be found at the end of the paper in the links section. In addition, an 

example of evergreen and deciduous forests are provided in figure 1.8. For our figures, all 

our 360° photos have been converted to hemispherical photos to illustrate what the user 

would see within the VR headset during analysis.  
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Estimating the Percent Natural and Impervious Surfaces 

For each of our 360° photos, we determined the overall percentage of natural and 

impervious surfaces within the Oculus Go VR Headset. Impervious surfaces are defined as 

any material consisting of either natural or human sources which prevents the infiltration of 

water into the ground (Slonecker et al. 2001). Some examples of impervious surfaces found 

in our photos include roads, houses, office buildings, and compacted gravel. Natural 

surfaces on the other hand, include surfaces (i.e. forests, grassland, etc.) that allow the 

absorption of water through the ground. To determine the percentage of natural and 

impervious surface cover using the Oculus Go, we first identified two visual reference 

points on two opposite sides within the middle of each 360° photo using specific features 

for each photo (i.e. trees, roads, etc.). By creating these reference points, we were able to 

focus on one half of each 360° photo at a time. Next, we estimated the overall percentage 

of natural and impervious surface cover for each half by analyzing the photo visually 

(Figure 1.9). Once the values for the percent natural and impervious surface cover were 

determined for each half, we added the natural and impervious surface values from both 

halves together to get the overall percentage value for the 360° photo. We found that 

focusing on half a photo at a time makes it easier to keep track of which sections of the 

photo have been estimated as well as reduce the likelihood of making mistakes.  

Estimating Percent Canopy Closure 

Within the field of forestry, ñcanopy cover is the area of the ground covered by a 

vertical projection of the canopy, while canopy closure is the proportion of the sky 

hemisphere obscured by vegetation when viewed from a single pointò (Jennings et al. 1999 

1). Of all the forest habitat metrics analyzed within the virtual reality headset, canopy 

closure was the simplest. To measure the canopy closure in each image, the user simply 
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tilts their head back to get a good view of the sky. Then the user estimates how much of the 

sky is blocked by the forest in 10% increments. This was a very simple means of 

estimating canopy closure.  

Estimating Percent Tree Density 

Tree density is ñdefined as the number of trees per unit areaò but also incorporates 

other important structural information such as species composition, canopy closure, tree 

height, and timber volume (Fatehi et al. 2017). For our application of utilizing 360° 

photography in a virtual reality environment, the tree density represents how much of each 

360° photo (percentage) is covered by trees. To determine the percent tree density, we need 

to estimate the proportion of trees that fill out the entire 360° photo. First, to help in 

determining the percent tree density, we estimated the percent natural ground and 

impervious surface cover for both halves of the photo. Once the natural ground and 

impervious surface cover was accounted for, we deducted the total value of impervious 

surface cover. Next we broke down the percent natural ground cover by category (i.e. 

lawns, forest, etc.) and estimated the percentage of those categories. Any natural ground 

cover category that did not consist of trees was deducted. The leftover value from the 

deduction of impervious surfaces and natural cover that had no trees is the value used for 

the tree density. An example of how this is conducted can be found in Figure 1.10. The 

percent tree density can be determined in other ways, but this method provided makes it 

easier to estimate the percent tree density for 360° photos within the Oculus Go VR 

Headset. 
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Assessing Inter-Observer Variability  

We applied this method to another one of our projects called the Triangle Bird 

Count to test for whether there would be any statistically significant variation between 

independent observers in the estimation of forest habitat variables. Three students 

conducted habitat analysis on 72 360° photos making estimates on (1) percent natural 

ground cover, (2) percent impervious surface cover, (3) percent tree density, and (4) 

percent canopy closure. From the Triangle Bird Count dataset, comparing assessments by 

three students we found there to be very little difference between the mean of the 

independent observers (Figure 1.12). 

Results  

Students were able to take usable photos at a total of 301 sites. A total of 233 aerial 

photos and 68 ground photos were utilized in our analysis. Focusing on the above ground 

photos alone, we found that the percent canopy cover and tree density varied by land cover 

type with mixed and deciduous forest exhibiting greater canopy cover and tree density than 

the other classes (Figure 1.11A). In addition, the percent of impervious surfaces and natural 

ground cover aligned based on their respective land use land cover classes (Figure 1.11B). 

 

Discussions  

Overall, we found this new method to have great potential and numerous benefits, 

including (1) analyzing 360° photos within a VR headset saves time that would have 

otherwise been needed in the field, (2) it is relatively cheap for projects with tight budgets, 

(3) users can revisit a given site repeatedly to capture a time series of images which can be 

used to monitor temporal trends, (4) this method can be used to conduct rapid surveys of 

sites that have been impacted by natural disasters as well as sites that are inaccessible for 
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more detailed surveys, (5) this method has great potential to be used in participatory 

community science projects as long as good training is provided, and (6) VR headsets 

provide an immersive way to communicate the impact of hurricanes to members of the 

general public and provides an effective means of science communication.  

At the time this research was conducted (2019), the technology was still relatively 

new and had limitations. However, as the technology continues to advance, we expect this 

method to improve and become invaluable.  This opens up the opportunity to apply this 

method at a larger scale in future participatory community science projects. Greater 

availability and affordability of 3D VR headsets (or smartphone attachments) may also 

enable crowdsourcing of the visual image analysis as has proven effective in numerous 

other participatory science projects in fields as varied as astronomy (e.g., Galaxy Zoo, 

Lintott et al. 2008), meteorology (e.g., Cyclone Center, Hennon et al. 2014) and wildlife 

assessment (Swanson et al 2016). It is also our hope that as the technology continues to 

improve, we will be able to reliably identify tree species in future projects. In the context of 

rapidly accelerating impacts from climate change related environmental events, newer 

cheaper and more efficient tools and techniques lower the barrier for non-professionals to 

participate in environmental monitoring. We believe our methods provide a valuable 

addition to the growing toolkit for community based participatory environmental science 

research.  

While this method has shown great promise, there are still limitations and lessons 

that have been learned. First, student errors/mistakes are to be expected when involving 

them in participatory science. Some of the photos/data to be obtained by students were 

either missing altogether or incomplete. This includes some locations not having photos 

taken at all and some photos that were taken but missing metadata and geolocation data. 
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Students were instructed to take photos with the Ricoh Theta V 360° camera through the 

Ricoh Theta app on their phone to ensure each photo was geotagged, however, this was not 

always done. Some of the photos taken by students were also of very poor quality. Some 

examples include photos with excessive sun glare, and photos of poor image resolution. To 

overcome the issues associated with student (or other trainee) participation error, we 

recommend additional training as well as holding a field day for participants to learn more 

about the camera. Finally, while a rare occurrence, some photos were difficult to assign to 

an accurate land cover class. To overcome this, we assigned the photo to the land cover 

class that it appeared to correspond with the most. 
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Chapter 2 

Abstract  

Hurricanes are major drivers of forest structure in the Caribbean. In 2017, 

Hurricane Maria caused substantial damage to Puerto Ricoôs forests. We studied forest 

structure variation across 75 sites at Las Casas de la Selva, a sustainable forest plantation in 

Patillas, Puerto Rico, seven years after Hurricane Maria hit the property. At each site we 

analyzed 360° photos in a 3D VR headset to quantify the vertical structure and transformed 

them into hemispherical images to quantify canopy closure and ground cover. We also 

computed the Vertical Habitat Diversity Index (VHDI) from the amount of foliage in four 

strata: herbaceous, shrub, understory, and canopy. Using the Local Bivariate Relationship 

tool in ArcGIS Pro, we analyzed the relationship between forest recovery (vertical 

structure, canopy closure, and ground cover) and damage. Likewise, we analyzed the 

effects of elevation, slope, and aspect, on damage, canopy closure, and vertical forest 

structure. We found that canopy closure decreases with increasing elevation and decreases 

with the amount of damage. Higher elevations show a greater amount of damage even 

seven years post hurricane. We conclude that trees in the mixed tabonuco/plantation forest 

are more susceptible to hurricanes at higher elevations. The results have implications for 

plantation forest management under climate-change-driven higher intensity hurricane 

regimes.  

  

Keywords: forestry, recovery, hurricanes, forest structure, surveys, 360° photography, 

virtual reality, Las Casas de la Selva   
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Introduction  

Hurricanes are severe weather events that are common throughout the Caribbean. 

As these storms make landfall, they result in extremely dangerous winds, torrential rain, 

strong storm surges, and coastal flooding. The island of Puerto Rico is frequently in the 

path of these powerful storms which are expected to increase in intensity due to warming 

ocean surface temperatures (Walsh et al. 2016, Knutson et al. 2010, Knutson et al. 2020), 

rapidly intensify more frequently (Radfar et al. 2024, Balaguru et al. 2018), and produce 

more extreme rainfall (Li et al 2023, Reed et al. 2020, Trenbirth 2011) because of climate 

change. The most recent and most powerful hurricane to impact the island since 1928 was 

Hurricane Maria in 2017. Hurricane Maria made landfall in Puerto Rico on 20 September 

2017 as a strong upper-category 4 storm with winds up to 241 kph, causing up to $90 

billion in damage (Pasch et al. 2017). As Maria made landfall, it decimated the islandôs 

power grid (Lopez-Cardalda et al. 2018), cut off access to clean water supplies (Lin et al. 

2020), and caused substantial damage to the forest (Feng et al. 2018, Feng et al. 2020, Hu 

& Smith 2018, Uriarte et al. 2019). 

Extensive research on how hurricane disturbances affect tropical forests really 

kicked off following the aftermath of Hurricane Hugo in 1989, with much of the research 

being conducted within the Luquillo Experimental Forest in Puerto Rico (Tanner et al. 

1991, Tanner et al. 2014, Walker 1991, Walker et al. 1991, Zimmerman et al. 1994, 

Zimmerman et al. 1996, Zimmerman et al. 2014, Zimmerman et al. 2020, Zimmerman et 

al. 2021, Brokaw & Grear 1991, Brokaw & Walker 1991). Following a hurricane, trees are 

damaged from the loss of leaves (defoliation), damage to small branches, breaking of larger 

branches, and the snapping and uprooting of tree stems (Brokaw & Walker 1991). There 
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are numerous factors involved that can contribute to the severity of forest damage which 

include the topography of the land (Hu & Smith 2018, Brokaw & Grear 1991, Brokaw & 

Walker 1991), land use history (Boose et al. 2004, Uriarte et al. 2004), forest fragmentation 

(Schwartz et al. 2017), tree size (Walker 1991, tree species (Zimmerman et al. 1994, 

Thompson 1983, Boose et al. 1994), distance from the storm (Feng et al. 2020, Hu & Smith 

2018), and the intensity of the storm (Uriarte et al, 2019, Canham et al. 2010). A recent 

study conducted by Uriarte et al. 2019 compared hurricane-induced forest damage caused 

by Hurricanes Hugo (1989, category 3), Georges (1998, category 3), and Maria (2017, 

category 4) in the Luquillo Experimental Forest in Puerto Rico. They found that Hurricane 

Maria had killed twice as many trees and had broken up to 2- to 12-fold more stems 

compared with the other storms (Uriarte et al. 2019). Taller trees with larger diameters at 

breast height (DBH) have also been shown to be more vulnerable to snapping or uprooting 

when compared with shorter trees (Walker 1991). 

While the damage to a forest following a hurricane gives the appearance of 

significant mortality, the actual mortality of trees in the forest is quite low (4ï8% recorded 

by previous studies in the Caribbean (Brokaw & Walker 1991, Bellingham 1991)) and 

much of the forest will recover and quickly re-establish new leaves, with some species 

obtaining new leaves as early as two weeks post hurricane (Hu & Smith 2018, Walker 

1991, Brokaw & Walker 1991). In general, studies have shown that the forests of eastern 

Puerto Rico and the Caribbean are quite resilient to a wide variety of disturbances whether 

natural or anthropogenic (Zimmerman et al. 2020, Zimmerman et al. 2021) and that 

hurricanes play important roles in forest community dynamics such as increasing spatial 

heterogeneity, resetting successional patterns and nutrient flows, altering species 
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composition, and inducing longer-term evolutionary change (Zimmerman et al. 1996, 

Boucher 1990, Lugo 2008). 

While most of the previous work has focused on natural forests, plantation forestry 

has played an important role in many parts of the Caribbean (Nelson et al. 2011, Redondo-

Brenes 2007, Francis 2003, Francis et al. 1988, Lugo et al. 2018, Bunce & Mclean 1990). 

There is much less published research on hurricane impacts in plantation forests, and 

findings suggest that patterns of damage and recovery vary depending on the tree species. 

For example, pine trees favored in plantations typically do not resprout or regrow if the 

main stem is broken or uprooted, unlike many species in natural tropical forests (Walker 

1991, Zimmerman et al. 1994, Brokaw & Walker 1991, Bunce & Mclean 1990, Boucher et 

al. 1990). Monoculture plantations differ from natural forests in vertical structure 

especially in terms of understory vegetation, which may make them more vulnerable to 

stronger damage from wind (Boucher et al. 1990, Everham & Brokaw 1996, Lugo 1997, 

Longsworth & Williamson 2020, Imbert et al. 1996). Sustainable forestry practices can 

differ from monocultures in several ways: they are not based on clear cutting the existing 

forest to make space for planting the preferred species; more than one species of trees may 

be planted, interspersed with the existing vegetation; the understory may be retained 

thereby maintaining a more complex vertical structure to the forest than in monocultures. 

More research is needed to understand the impacts of hurricanes on such plantations to 

better inform the sustainable management of economically valuable forests. 

In this study, we focused on measuring hurricane damage and assessing recovery 

seven years-post Maria in a sustainable multi-species forestry plantation site at a property 

called Las Casas de la Selva in southeastern Puerto Rico. Using a combination of 360Ǔ 

photography and virtual reality to analyze forest vertical structure, ground cover and 
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canopy closure across 75 sites, we compared sites that vary in elevation, and the amount of 

visible damage to determine whether there were long-term effects on forest vertical 

structure, ground cover, and canopy closure. Our overall scientific goal was to learn more 

about the long-term impacts a major hurricane such as Maria can have on a subtropical wet 

plantation forest in Puerto Rico. Our overarching questions are: 

1. How does forest vertical structure, ground cover, and canopy closure vary with 

the amount of damage visible seven years later?  

2. How does the underlying topography (elevation, slope, and aspect) in this 

mountainous region influence the damage to the forest (number of dead/recovering trees, 

canopy closure, vertical structure, and ground cover) on the property? 

 

Methods 

Study Area 

The study area is a property called Las Casas de la Selva which was established in 

1983 in Patillas, Puerto Rico, as an experimental sustainable forestry and rainforest 

enrichment project. The Institute of Ecotechnics, headquartered in Santa Fe, New Mexico 

started this project to develop science-driven methods to grow commercially valuable 

timber species while also helping the regeneration of naturally occurring species in a mixed 

plantation forest. The goal was to both obtain a better understanding of sustainable 

practices for managing such mixed plantations and to demonstrate the value of such an 

approach to private landowners. Prior to acquisition, most of the land had undergone 

extensive logging and was subsequently converted into a coffee plantation. Portions were 

also used for livestock grazing, which collectively contributed to pronounced soil 

degradation and severe erosion over time (Nelson et al. 2011). The property consists of 409 
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hectares of land which is located along very steep slopes at an average elevation of 600 m 

(range 508ï607 m) and receives an average annual rainfall of ~3000 mm (Nelson et al. 

2011, Nelson et al. 2010). The forest on the property is a mature second-growth forest and 

classified as subtropical wet forest on the Holdridge Life Zone classification system (Ewel 

& Whitmore 1973). The forest is known locally as tabonuco forest, with the candletree 

(Dacryodes excelsa) being the dominant tree of the forest (Nelson et al. 2011, Nelson et al. 

2010). In 1984, approximately 40,000 valuable hardwood trees were line-planted on 87 

hectares of land, with each tree spaced at 3 m intervals in the rows and each row spaced at 

10 meters (Nelson et al. 2010). The primary species of trees planted were (1) Mahogany 

(Swietenia macrophylla x S. mahagoni), and (2) Blue Mahoe (Talipariti elatum) with the 

initial planting density for Mahogany at 370 trees/ha and the initial planting density for 

Blue Mahoe at 415 trees/hectare (Nelson et al. 2011). 

Tropical cyclones play a major part of the disturbance regime in Puerto Rico with 

many storms impacting the island since detailed records started being recorded back in the 

mid-1800s (Zimmerman et al. 2020, Boose et al. 2004). Some of the more recent storms to 

make a direct impact or come close to impacting the island can be seen in Figure 2.1a. 

When Hurricane Maria made landfall in Puerto Rico on 20 September 2017, it made a 

direct hit on the property, causing extensive damage. Hundreds of trees were lost, many 

branches were broken, and much of the forest was completely defoliated (Figure 2.1b). 

Even today, seven years after Hurricane Maria, the damage caused can still be seen 

throughout the property and it is hard to miss for those who have visited before (Figure 

2.2). 

Our study site consists of four zones on the property, of which zones II and III were 

utilized for our research (Figure 2.3). Zones I and IIa occupy harsher terrain and have 
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become much more difficult to access following landslides and other damage from 

Hurricane Maria. Zone II is a mixed timber plantation consisting of mahogany (Swietenia 

macrophylla x S. mahagoni) and blue mahoe (Talipariti elatum) and zone III is classified as 

mixed use consisting of both forest, trails, and human-built structures.  

 

Establishing Survey Points 

Prior to fieldwork, we established a total of 99 survey points randomly located 

across the study area on the map using ArcGIS Pro version 3.0.0. However, during a pilot 

test run at the property, we found reaching most of them to be unfeasible due to extreme 

terrain and the density of vegetation from secondary growth following Maria. Forced to 

change our sampling strategy, we, therefore, established 99 survey points along existing 

trails at 40 m intervals (Figure 2.4). We chose the 40 m distance to minimize any overlap in 

the 360° photos between adjacent sites. While in the field, extra precautions were taken to 

prevent the possibility of trees and other vegetation overlapping between survey points. For 

the most part, the combination of dense vegetation along the trails and the 40 m distance 

was enough to prevent overlapping and any survey locations where overlap was likely were 

excluded (i.e., open areas).  

 

360° Photography and Damage Assessment 

The fieldwork was conducted entirely by me. To reach each survey point in the 

field, I utilized a Garmin GPSMAP 65s unit (Figure 2.5a), developed by Garmin, an 

American company headquartered in Olathe, KS, USA. Once arriving at a survey point, I 

attached a Ricoh Theta V 360° camera (Figure 2.5b) to a 5-foot small rig tripod to reduce 

blur and to stabilize the camera and then took several photos. The Ricoh Theta V 360° 
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camera, developed by Ricoh Company Ltd., headquartered in ǽta, Tokyo, Japan, can take 

still photos at a resolution of 5376 × 2688 and has a photo range from 10 cm to infinity. On 

the ground, however, the effective photo range at sites was 10ï15 meters due to dense 

vegetation and hilly topography. To estimate the amount of visible damage, I counted the 

total number of remaining dead and recovering trees (referred to as the variable ñDamageò 

from here on). 

Estimating Forest Vertical Structure of 360° Photos Through Virtual Reality 

Forest vertical structure is often referred to as the ñvertical stratification or layering 

of forest communities in space...ò which is an essential characteristic for plant communities 

(Zhou & Li 2023, p. 1). To estimate forest vertical structure, each 360° photo was analyzed 

within the Oculus Go Virtual Reality headset (Figure 2.5c). The Oculus Go is a standalone 

virtual reality headset that was developed by Meta Reality Labs (Menlo Park, CA, USA) in 

partnership with Qualcomm (Folsom, CA, USA) and Xiaomi (Beijing, China). The Oculus 

Go has a single 5.5-inch LCD display with a resolution of 1280 x 1400 pixels per eye and 

has a storage capacity of 32 GB or 64 GB. For each photo, I determined the presence of 

four layers which include: (1) herbaceous layer, (2) shrub layer, (3) understory layer, (4) 

canopy layer. The different layers were primarily determined by the height of the 

vegetation. The herbaceous layer consisted of vegetation that had no woody stems which 

included grass, ferns, and vines. For the herbaceous layer, the height ranged from 0.15 to 

1.3 m. The shrub layer consisted of plants with woody stems such as shrubs and small 

trees. This layerôs height ranged from 1.3 to 4.3 m. The understory layer consists of 

vegetation in a wooded area where shrubs and trees are growing between the forest canopy 

and forest floor. In this layer the height ranged from 4.3 m up to just below the canopy. 

Finally, the canopy layer consists of the top layer of a forest which makes up the crowns of 
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all the trees that overlap to form the roof over the rest of the forest. To determine the 

presence of these layers within the VR headset, I first selected a landmark location (e.g., a 

tree or landscape feature). Next, turning clockwise, I recorded the presence of foliage in 

each of the 4 layers within 30° slices of the 360° view to capture the entire image (Figure 

2.6a). Throughout the analysis for each photo, I recorded myself and then listened to the 

recording later to enter the data within a spreadsheet. Following Baiôs (Bai 2024) method, I 

calculated two measures of Vertical Habitat Diversity Index (VHDI) by applying the 

ShannonïWeiner index and the Simpson diversity index to these data, using layer for 

ñspeciesò and the frequency of each layer as ñabundanceò. 

Analysis of Ground Cover Vegetation 

Many of the sampling locations featured a dense growth of vegetation covering up 

much of the ground. The ground cover consisted of the ground itself ranging from bare 

ground (dirt/soil) to leaf litter, rocks, and gravel as well as the types of low growing plants 

that are commonly found throughout the forest floor which can range from low-growing 

plants such as grass and ferns up to small trees. The higher growing trees were also 

accounted for when our sampling points were overlaid on top of them. I grouped the 

ground cover into eight categories: (1) trees, (2) small trees/saplings, (3) shrubs, (4) ferns, 

(5) bamboo, (6) vines, (7) herbaceous (specifically grass), (8) bare 

ground/leaves/rock/gravel. 

To analyze the ground cover, I transformed each 360° photo into hemispherical 

photos focusing on the ground, using GIMP version 2.10.12. I batch processed images 

within GIMP using an additional plugin called BIMP (Batch Image Manipulation Plugin). 

Next, I created a systematic point sampling grid utilizing Krita version 5.2.6. A total of 51 
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sample points were overlaid on each hemispherical photo (Figure 2.6b). The ground cover 

type was then determined at each of the 51 systematic point locations in each photo. 

Analysis of Forest Canopy Closure 

Within the field of forestry, ñcanopy cover is the area of the ground covered by a 

vertical projection of the canopy, while canopy closure is the proportion of the sky 

hemisphere obscured by vegetation when viewed from a single pointò (Jennings et al. 

1999, p. 51). To measure canopy closure, I again transformed the 75 360° photos into 

hemispherical images pointing up rather than down, i.e., only focusing on the canopy and 

excluding the ground. Each photo was then separately analyzed utilizing the % Cover app 

(Figure 2.6c). The % Cover app is an environmental application that was designed to be 

used on iOS devices and provides a direct estimate of canopy closure. 

Geospatial Data 

To determine how the underlying topography influenced the damage seen on the 

property, I obtained a 1/3 arc-second Digital Elevation Model (10 m DEM, accessed on 10 

August 2024) from the U.S. Geological Survey (https://apps.nationalmap.gov/ 

downloader/). Within ArcGIS Pro, the DEM was utilized to create elevation, slope, and 

aspect maps. The data associated with each of these layers was then extracted to each of the 

75 survey points to be used in our analysis. 

Statistical Analysis 

I assessed spatial clustering for vegetation variables using the Moranôs I statistic in 

ArcGIS Pro (v. 3.3). I found local clustering in canopy closure and damage (Table 1), but 

there was no clustering in VHDI or any of the ground cover variables. To account for the 

clustering seen, I ran Local Bivariate Relationships (LBR) analyses in ArcGIS Pro between 
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(1) canopy closure (dependent) and elevation, damage, and ground cover variables 

(explanatory); (2) damage (dependent) and elevation (explanatory). To further explore 

potential spatially varying multivariate relationships between these and other 

environmental predictors (slope and aspect), I considered Multiscale Geographically 

Weighted Regression (MGWR), which allows for the local estimation of regression 

coefficients. However, given the study areaôs limited spatial extent and consistent scale of 

topographic gradients, as well as the relatively small overall sample size (ArcGIS Pro 

recommends sample sizes in the hundreds for MGWR), I determined that such an analysis 

would not be appropriate with the dataset. 

Results 

Canopy Closure Decreased with Increasing Elevation 

I found that seven years after Hurricane Maria made landfall, there remains a 

significant pattern of decreasing canopy closure (%) with increasing elevation (Figure 2.7). 

The Local Bivariate Relationship analysis found spatial clustering in the pattern of this 

relationship, with two groupings showing a statistically significant relationship between 

canopy closure and elevation: (a) 39 sites (in green in the upper half of the map in Figure 

2.7) showed a significant negative linear relationship with canopy closure (%) decreasing 

steadily with increasing elevation (adjusted R2 = 0.4596; AICc = ī5.2835); (b) 17 sites (in 

orange in the middle of the map in Figure 2.7) had a significant concave relationship, with 

canopy closure (%) not changing much at lower elevations but decreasing steeply at higher 

elevations (adjusted R2 = 0.4256; AICc = ī6.3739). The remaining 17 sites did not exhibit 

any significant relationship between elevation and canopy closure. I used the adjusted R2 

and AICc results to evaluate our models. The small sample corrected Akaike Information 
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Criterion (AICc) provides an extra penalty term for the number of parameters used in the 

model. This correction helps to mitigate the tendency of the standard AIC to overfit the 

data when the sample size is small relative to the number of parameters (Murtaugh 2014). 

Canopy Closure Decreased with Amount of Damage 

I found that seven years after Maria, there remains a significant pattern of lower 

canopy closure (%) at sites that exhibit more damage (Figure 2.8). The LBR analysis found 

spatial clustering in the pattern of this relationship, with one group of 19 sites (in green in 

the upper portion of the map, mostly restricted to the third zoneðFigure 2.8) showing a 

statistically significant negative linear relationship (adjusted R2 = 0.3235; AICc = 1.4588). 

While the remaining 54 sites were grouped showing no significant relationship between 

canopy closure and damage, the scatterplot (top right of Figure 2.8) indicates a similar 

pattern of lower canopy closure with higher damage. 

The Amount of Damage Increased with Elevation 

Seven years after Maria, I found that higher elevations were associated with more 

severe damage as seen in more dead and recovering trees remaining at a number of sites. 

The LBR analysis found spatial clustering in the pattern of this relationship, with one group 

of 25 sites (in pink in the upper portion of the map, mostly restricted to the third zone, 

Figure 2.9) showing a statistically significant positive relationship between damage and 

elevation (adjusted R2 = 0.1910; AICc = ī1.0277). Of the remaining sites, 47 did not 

exhibit any significant relationship between damage and elevation, although the scatterplot 

(top right of Figure 2.9) indicates a similar pattern of higher damage at higher elevations. 

The LBR analysis further marked one site as an undefined complex. It should be noted, 
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however, that these results are only applicable for the tabonuco forest found on the island 

of Puerto Rico and may not apply to other types of forest on the island. 

Forest Vertical Structure (Vertical Habitat Diversity Index) and Ground Cover Variables 

did not Vary with Damage or Elevation 

Applying LBR analyses, I did not detect any significant relationship between VHDI 

(both ShannonïWeiner and Simpsonôs indices) and damage, nor between VHDI and 

elevation across all the sample sites. 

Similarly, applying LBR analyses, I did not detect any significant relationship 

between any of the ground cover variables and damage, nor between the ground cover 

variables and elevation. 

Discussion 

In this study, I investigated Hurricane Mariaôs long-term impact on the forest at Las 

Casas de la Selva at the landscape level. I was specifically interested in determining 

whether there were any noticeable effects on multiple components of the forest from the 

canopy down to the ground cover on the forest floor still measurable seven years after 

Maria hit the site. 

There have been many scientific studies investigating the impacts of hurricanes on 

forests in the Caribbean which include the immediate damage from the storm (Uriarte et al. 

2019, Walker et al. 1992, Brokaw & Walker 1991, Boucher 1990, Pascarella et al. 2004) to 

short-term and long-term recovery (Tanner et al. 1991, Tanner et al. 2014, Zimmerman et 

al. 1996) to forest resilience (Zimmerman et al. 2020, Zimmerman et al. 2021). However, 

much of the information we have gained from previous studies has been on hurricanes of 

categories 3 and lower and, thus, does not account for a changing climate where hurricanes 

like Maria are expected to become more common (Walsh et al. 2016, Balaguru et al. 2018). 



  33 

 

Considering this, one important question is whether the resilience of the forest to 

hurricanes can be maintained as these storms become more severe, more common, and 

cause even more damage (Uriarte et al. 2019). When Hurricane Maria made landfall in 

Puerto Rico, it struck Las Casas de la Selva directly. According to Thrity Vakil, director of 

the Tropic Ventures Sustainable Forestry & Rainforest Enrichment Project, the property 

suffered extensive damage, with hundreds of trees lost. All forest damage was attributed to 

the wind. Vakil estimates that approximately 80% of the planted Caribbean pine and 20% 

of the planted blue mahoe were destroyed, substantially higher than the 4ï8% mortality 

rates reported in previous studies of hurricane impacts in the Caribbean (Brokaw & Walker 

1991, Bellingham 1991). Vakil also observed significant delays in leaf regeneration among 

severely affected trees at higher elevations, aligning with unpublished findings by Brokaw 

and Walker (1991). In some casesðsuch as mahogany trees that initially appeared dead, it 

took up to three years for new foliage to emerge (Walker et al. 1992). 

More Severe Damage at Higher Elevations 

The relationship between elevation and greater hurricane damage to the forest has 

been well documented (Feng et al 2020, Hu & Smith 2018, Brokaw & Grear 1991, Brokaw 

& Walker 1991, Boose et al. 1994, Weaver 1986, Zhang et al. 2013, Van Beusekom et al. 

2018, Gao & Yu 2022). However, there is an inconsistency as to whether hurricane-

induced forest damage is worse at higher elevations (Feng et al. 2020, Brokaw & Grear 

1991, Weaver 1986, Van Beusekom et al. 2018, Gao & Yu 2022) or lower elevations (Hu 

& Smith 2018, Boose et al. 1994, Zhang et al. 2013). This is because the interaction 

between the forest and hurricanes is complex with many factors needing to be considered 

such as differences in forest type and forest composition, storm intensity, storm proximity, 

elevation, slope, tree species, soil types, and previous land use history. 
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For my research, I found there to be a statistically significant pattern of decreasing 

forest canopy closure at higher elevations, seven years after the hurricane. However, I also 

found significant spatial variation in this relationship across the study site (Figure 2.7), 

suggesting that there may be underlying environmental gradients or effects of past land use 

management (Nelson et al. 2011, Nelson et al. 2010). This spatial clustering further 

underscores the importance of considering spatial dependence in future modeling. Future 

research should also include additional variables such as local land use history prior to the 

establishment of the plantation, management history, soil properties such as stability or 

erosion potential, and other potentially relevant environmental variables that may offer a 

more nuanced understanding of hurricane impacts, and in turn offer more targeted 

management options. It is important to note that due to the study siteôs limited spatial 

extent and relatively uniform topography, factors such as elevation, slope, and aspect are 

assumed to operate at a comparable scale. To better understand how topographic variation 

influences forest vulnerability to hurricane disturbance, future research should expand to a 

broader spatial scaleðsuch as regional or island-wide analysisðwhere range of 

topographic conditions can be assessed. 

These results mean that the canopy of the mixed tabonuco/plantation forest is much 

more vulnerable at higher elevations at my study site. These results are consistent with the 

larger loss of trees and the delayed regrowth of leaves at higher elevations on the property. 

In addition, based on natural history notes and photographs taken by mylsef during several 

past (2012 and 2014) and recent (2022 and 2024) visits to the property, many areas of the 

property at higher elevations were completely transformed (Figure 2.10). There were 

sections of the property that were once densely forested to the point where little sun 
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reached the forest floor but now appear completely opened up following Hurricane Mariaôs 

impact. 

While elevation had a major influence on the damage found seven years post-

Maria, elevation alone is not the sole predictor of damage. I believe additional factors in 

combination with elevation have contributed to the overall severity of damage found on the 

property. These additional factors include the proximity of Mariaôs storm path (the eye 

passed very close to my study site), the category of the storm (upper category 4) (Uriarte et 

al. 2019, Thompson 1983), and previous agricultural land use (Uriarte et al. 2004, 

Zimmerman et al. 1995) that resulted in major erosion throughout parts of the property. 

This result suggests that there can be major implications for plantations established at 

higher elevations from more intense storms and that careful consideration must be made 

before the establishment of new plantations. More research is needed to better understand 

what the implications to the plantation forest are due to proximity of the storm path, 

intensity, and previous land use. 

Lower Canopy Closure at More Severely Damaged Sites 

I also found that even seven years post-Maria, there remains a statistically 

significant pattern of lower canopy closure visible at the more severely impacted sites 

(Figure 2.8). As discussed above for elevation, I also found significant spatial variation in 

this relationship across the site, further emphasizing the importance of considering spatial 

dependence in future studies. It is not surprising to find that the canopy has recovered 

slower at more severely damaged sites considering how many trees were lost in these areas 

and how much longer it will take for more trees and new branches to regrow and fill in the 

gaps within the canopy (Lugo 2008). 
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Similar Recovery of Ground Cover and Vertical Forest Structure Across Sites 

Finally, I found there to be no difference in ground cover or vertical forest structure 

(VHDI) across sites differing in severity of damage which indicates that the four foliage 

layers of the forest had largely recovered by the time fieldwork was conducted in July of 

2024. This surprising result, contrasting with the results for canopy closure described 

above, suggests that forest recovery after the hurricane has been complex, with faster 

recovery of foliage at different heights resulting in a similar vertical structure even as the 

overhead canopy is taking longer to recover in more severely damaged sites. Overall, when 

looking at how much influence different landscape factors had on forest recovery from 

hurricane damage seven years later, the strongest effects were on canopy closure. This is a 

further indication that, at this point in time, it appears that most of the vertical structure of 

the forest as well as much of the ground cover vegetation has recovered while the canopy 

has not in more severely hit sites. This may be expected considering that the forest canopy 

is much more exposed to the strong wind gusts from a hurricane, and even more so at 

higher elevations. 

Conclusion 

Considering the widespread impacts hurricanes have on both natural and plantation 

forests throughout the Caribbean, it is crucial to continue with long-term research that aims 

to provide a clearer understanding of hurricane impacts on different components of the 

forest. I have shown that elevation has a large influence on which areas of the mixed 

plantation/tabonuco forest at Las Casas de la Selva will be the most susceptible to 

hurricane damage, with trees at higher elevations being the most vulnerable, as well as 

having relatively long-lasting impacts that persist for at least 7 years in the case of 
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Hurricane Maria. The finding of spatial clustering in the relationships between several key 

variables (canopy closure, elevation, and damage) indicates potential spatial variation in 

other underlying environmental or vegetation variables for future research and management 

planning to consider. These results have major implications for plantation forestry, and can 

be used to inform forest or plantation land managers that are in the plantation establishment 

or re-establishment phase to plant at lower elevations in tabonuco forest in order to avoid 

the worst hurricane damage, and in the aftermath of hurricanes to focus on the regeneration 

of trees in the understory to restore the forest canopy faster, and potentially speed up 

overall forest recovery. 
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Chapter 3 

Abstract  

Major hurricanes can cause substantial damage to forests in the Caribbean. On 

September 20, 2017, as Hurricane Maria made landfall in Puerto Rico, it made a direct hit 

on the property of Las Casas de la Selva, resulting in the loss of hundreds of trees and 

altering the structure of the forest. In this study, a combination of GIS and remote sensing 

techniques were used to provide insight into the damage that occurred at the property. 

ArcGIS Pro was utilized in the following tasks: (1) To create a supervised classification to 

determine the extent of defoliation that occurred within zones II and III of the property 65 

days after the storm passed; (2) To create Normalized Difference Vegetation Index (NDVI) 

images for a time series of Sentinel-2 satellite imagery to monitor the immediate and long-

term patterns for the two zones; (3) To apply the Local Bivariate Relationship tool to 

determine the influence of topography and land orientation on NDVI across sites with 

NDVI on November 24, 2017 and December 9, 2017 (dependent variable) and elevation, 

slope, and aspect (explanatory variable); and (4) To determine whether high NDVI values 

across sites correspond to dense canopy closure data collected in the field. In this study, I 

found the extent of defoliation to be higher in zone III (57.6%) than zone II (37.15%), with 

the defoliation in both zones occurring primarily at higher elevations. In the time series, I 

found there to be major delays in the recovery of average NDVI values across sites for both 

zones, with no significant increase occurring until around 78 to 120 days after Maria made 

landfall. When it came to topography, the LBR analysis suggested both elevation and 

aspect to have an influence on NDVI, but this was not the case for aspect as I found little 

difference when examining the means for the NDVIs by quadrant by image date. Finally, I 
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found there to be a high correspondence between high NDVI values and dense canopy 

closure across sites (71.15%). The LBR analysis found a significant pattern with NDVI 

values being higher at sites that have dense canopy closure. I conclude that GIS and 

Remote Sensing techniques are essential in helping to provide a comprehensive 

understanding of forest damage and recovery following a major hurricane; however, it is 

not a replacement for fieldwork. I recommend future studies combine both GIS and remote 

sensing with data collected in the field to provide a clearer understanding of forest damage 

and recovery. 

 

Introduction  

Hurricanes are severe weather events that are common throughout the Caribbean 

and Puerto Rico is often in the path of these powerful storms. As these storms make 

landfall, they cause substantial damage from hazardous winds, torrential rain, strong storm 

surges, and coastal flooding. Based on the available literature, anthropogenic climate 

change has been predicted to increase the number of more intense storms but also cause a 

decrease in overall tropical cyclone numbers (Knutson et al. 2020, Knutson et al. 2010). As 

ocean surface temperatures continue to rise, it has also been predicted that the rapid 

intensification of tropical cyclones will become more frequent (Radfar et al. 2024, 

Balaguru et al. 2018) and more extreme rainfall will become more common (Li et al. 2023, 

Reed et al. 2022, Trenberth 2011). 

On September 20, 2017, Hurricane Maria, a strong upper category 4 storm, made 

direct contact with the island of Puerto Rico, crippling the islandôs power grid (Lopez-

Cardalda et al. 2018), cutting off access to clean water (Lin et al. 2020), substantially 

damaging the islandôs highway and road network (R²os et al. 2018), and causing substantial 
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damage to the forest (Feng et al. 2018, Feng et al. 2020, Hu and Smith 2018, Uriarte et al. 

2019). Maria is currently considered the strongest hurricane to impact the island of Puerto 

Rico since the 1928 Okeechobee hurricane and is currently listed by the National Oceanic 

and Atmospheric Administration (NOAA) as the fourth most costly hurricane to impact the 

U.S. and its territories, costing up to $90 billion in damage in Puerto Rico alone (Pasch et 

al. 2017). 

Following a major hurricane, it is crucial to obtain data in the next few weeks and 

months to determine the extent of damage, understand the factors that likely contributed to 

the damage, as well as provide information that can help aid in the recovery and 

implementation of best forest management strategies. Fieldwork often plays a critical role 

in obtaining reliable data; however, following the aftermath of a major hurricane, it 

becomes both time-consuming and expensive, with much of the forest likely to be 

completely inaccessible. One effective alternative that has been successfully utilized to 

monitor the damage and recovery of forest landscapes is through remote sensing 

techniques. There is a variety of data that can be used, ranging from satellite imagery, 

aerial photographs, and LIDAR, with each data type having its own distinct advantages and 

disadvantages. Therefore, careful consideration must be given before selecting data to 

obtain the best results based on the project's needs and questions. 

One of the most used remote sensing techniques to quantify forest damage and 

recovery is the use of vegetation indices. These calculations can be obtained through 

satellite imagery such as Sentinel-2 and Landsat 8 (Feng et al. 2018, Feng et al. 2020, 

Frolking et al. 2009, Hu and Smith 2018, Svejkovsky et al. 2020, Wang 2012). The 

vegetation indices can be used to explore and analyze a wide variety of different forest 

disturbances ranging from hurricanes (Hu and Smith 2018, Feng et al. 2018, Svejkovsky et 
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al. 2020, Wang et al. 2010), fires (Hao et al. 2022, Numata et al. 2011), landslides (Lin et 

al. 2010, vanôt Loo 2020), and anthropogenic disturbances (Dutrieux et al. 2015, Tarazona 

and Miyasiro-Lopez 2020, Higginbottom and Symeonakis 2014). 

In this study I applied a combination of GIS and remote sensing techniques to: (1) 

Understand how much defoliation had occurred within both zones of the property; (2) To 

create a time series of the mean NDVI for both zones to analyze for patterns and monitor 

how NDVI changed throughout time; (3) Determine the influence topography had on the 

NDVI (at the survey points) 65 and 80 days after Maria made landfall; and (4) Make 

comparisons between the NDVI obtained at survey points in July 2024 to canopy closure 

data collected directly in the field in July 2024 and determine if the survey points with high 

NDVI values corresponded with sites that had dense canopy closure. For this study, the 

overarching questions are: 

1. What was the total extent of defoliation to the tabonuco forest/plantation canopy 

in zones II and III of the property? 

2. How long did it take the vegetation within both zones (i.e. average NDVI values) 

to start showing significant recovery? 

3. How much influence did topography have on canopy/vegetation damage (i.e. 

NDVI) at the 75 survey sites for two image dates on November 24, 2017 and December 9, 

2017?  

4. How did the NDVI obtained on July 2024 (15th and 30th), compare to canopy 

closure data that was collected in the field in July 2024, and did the areas with high NDVI 

values correspond to areas with dense canopy closure? 
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Methods 

Geospatial Data 

Four kinds of data sets were utilized in this study: (1) Sentinel 2 L1C satellite 

imagery obtained from the European Space Agency 

(https://browser.dataspace.copernicus.eu/) (Table 3.1), (2) Percent canopy closure data 

collected at survey points established by Caslin et al. 2025, (3) A 1/3 arc-second Digital 

Elevation Model (10 m DEM) from the US Geological Survey 

(https://apps.nationalmap.gov/downloader/), and (4) the property boundaries/zones for Las 

Casas de la Selva 

Selection of Sentinel-2 L1C Satellite Imagery 

To ensure the creation of an accurate time-series, careful inspection of Sentinel-2 

L1C satellite imagery was required. The following criteria were used in the selection of 

satellite imagery: (1) Obtain imagery as close to one another as possible, preferably the 

same month in order to reduce the possibility of seasonal variation; however, a few months 

apart was acceptable, (2) Avoid imagery with excessive clouds, shadows, and haze (3) If 

imagery could not be found with a capture date close to the others, an exception was made 

as long as differences in possible seasonal variations or changes in rainfall were accounted 

for. The Sentinel-2 L1C imagery obtained for this chapter is presented in table 3.1. 

Data Preparation, NDVI Imagery Creation, and Extraction of Topographic and NDVI 

Values  

In this study, I used Sentinel-2 L1C satellite imagery over L2A imagery because the 

process utilized in atmospheric correction was applied to the whole image regardless of 

whether there are any atmospheric effects or not. In addition, the atmospheric correction 

applied to L2A imagery was frequently found to have issues with overcorrection in 

https://browser.dataspace.copernicus.eu/
https://apps.nationalmap.gov/downloader/
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topographically steep areas, which led to unrealistically high or low NDVI values (Wang et 

al. 2021, Yin et al. 2022).  

Before creating the NDVI imagery, each image was inspected for clouds, shadows, 

haze, and other effects individually in the near infrared spectrum. A radiometric stretch was 

then applied to images using ArcGIS Proôs (v. 3.3) with the PercentMinMax option 

selected as the stretch type. NDVIs were then created individually in ArcGIS Pro and 

clipped to the property boundary of Las Casas de la Selva. To answer question 1, the NDVI 

image for November 24, 2017, was also clipped to zones II and III to enable the creation of 

individual supervised classifications. To create the time series needed to answer question 2, 

I utilized ArcGIS Proôs (v. 3.3) Extract Multi Values to Points tool. This tool extracts the 

cell values at the locations specified in the point feature class from one or more rasterôs and 

then records the values to the attribute table of the point feature class. The NDVIs from all 

the Sentinel-2 satellite imagery were extracted to the survey points (Table 3.1) except for 

the imagery from July 15th and 30th which were used for answering question 4. Once the 

extraction process was completed, each of the 75 survey points was checked carefully to 

determine whether they were obstructed by clouds or cloud-induced shadows for each 

image date. If a survey point was obstructed by clouds or cloud-induced shadows for just 

one image, then they were excluded from the time series to prevent having issues of 

abnormally low NDVI values. Out of the 75 survey points, a total of 33 had to be excluded 

due to cloud and shadow contamination which resulted in a total of 12 survey points in 

zone III and 30 in zone II. 

To answer the fourth question, two Sentinel-2 L1C satellite images in July 2024 

(15th and 30th) were required to get around cloud and shadow contamination for the survey 

points. Therefore, the NDVIs for both these images were extracted to the survey points and 



  53 

 

if any survey points had fallen within clouds and shadows in one image (i.e. July 15, 2024), 

I used the NDVI values associated with the other image (July 30, 2024) where there was no 

cloud or shadow obstruction and vice versa. However, if survey points fall within clouds 

and shadows in both Sentinel-2 NDVI images, they were excluded from analysis. A total of 

52 survey points were available to be used to make comparisons between NDVI and 

canopy closure data collected in the field. 

Determining the Extent of Defoliation for Zones II  and III  

To determine the overall extent of defoliation for zones II  and III  of the property, I 

used the November 24, 2017, Sentinel-2 L1C satellite image which was taken 65 days after 

Hurricane Maria made landfall. While this is relatively late after the hurricane made 

landfall, the satellite image still exhibited substantial defoliation. ArcGIS Pro (v. 3.0.0) was 

then utilized to create a supervised classification for both zones II and III of the property 

(Figure 3.2). To do this, I collected a series of training samples for the following classes: 

(1) forest, (2) defoliated forest, (3) ferns, (4) clouds, and (5) shadows. Next, I performed an 

accuracy assessment for both zones (Tables 3.2 and 3.3) and accepted the results as both 

were above the 80% threshold. Finally, to determine the percentage of defoliation for both 

zones, I divided the number of pixels for each defoliation class by the total number of 

pixels and then multiplied by 100.  

Statistical Analysis 

I assessed spatial clustering from the extracted NDVI values (November 24, 2017, 

December 9, 2017, July 15, 2024, and July 30, 2024) utilizing ArcGIS Proôs (v. 3.3) 

Moran's I statistic. I found local clustering for all three NDVIôs (Table 3.4). To account for 

the clustering seen, I ran the Local Bivariate Relationships tool in ArcGIS Pro between (1) 
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NDVI on July 15 and 30, 2024 (dependent) and % Canopy Closure (explanatory), and (2) 

NDVI for November 24, 2017, and December 9, 2017 (dependent) and elevation, slope, 

and aspect (explanatory).   

Results  

Zone III had More Defoliation than Zone II 

On November 24, 2017, 65 days after Hurricane Maria made landfall, a substantial 

amount of defoliation remained throughout much of the property. Based on the supervised 

classification results (Figure 3.2), I found zone III to be the most impacted with an 

estimated defoliation of 57.6% (see Accuracy Assessment Table 3.3), while zone II was 

found to be considerably lower with a defoliation of approximately 37.15% (see Accuracy 

Assessment Table 3.2). 

Monitoring Average NDVI Time Series for Zones II and III Throughout Time 

Before the hurricane, the average NDVI for the survey points in zones II and III on 

December 29, 2016, started out nearly the same at 0.76 and 0.75, respectively. When 

Hurricane Maria made landfall on September 20, 2017, a steep drop in the average NDVI 

can be observed at the survey points for both zones (Figure 3.3) 65 days after landfall on 

November 24, 2017 (a drop of 0.42 for Zone II and 0.44 for Zone III) indicating substantial 

hurricane-induced canopy/vegetation damage. Fifteen days later (December 9, 2017), the 

average NDVI for both zones remained relatively unchanged. The first substantial increase 

in the average NDVI was observed for both zones sometime between December 9, 2017, 

and January 18, 2018, with zone II nearly bouncing back to pre-Maria NDVI levels (0.74) 

and zone III increasing (0.64) but not quite reaching pre-Maria levels. Another drop in 

NDVI can be seen for both zones on March 29, 2018. By November 29, 2018, the average 
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NDVI for both zones had recovered with the average NDVI for zone III remaining lower 

than zone II. 

Influence of Topography and Orientation on Vegetation Damage (NDVI) for Two Image 

Dates 

November 24, 2017  

For the November 24, 2017, NDVI image, a significant pattern was observed with 

the NDVI extracted to the survey points (Figure 3.4). The Local Bivariate Relationship tool 

found spatial clustering in the pattern of this relationship with one group of 27 sites (in 

green) exhibiting a negative linear relationship between NDVI (dependent) and elevation 

(explanatory). The model appeared to have good agreement with an adjusted R2 value of 

0.3013 and an AICc value of -11.75. Three additional sites exhibited an undefined 

complex, and the rest of the 42 points showed no significant relationship between NDVI 

and elevation. 

A significant pattern between the NDVI and aspect was also found within the 

model (Figure 3.5). The Local Bivariate Relationships tool found spatial clustering in the 

pattern of this relationship with two groupings showing a significant relationship between 

NDVI and aspect. The first grouping consists of 8 sites (in green) exhibiting a negative 

linear relationship and the second grouping consists of 23 sites (in orange) exhibiting a 

concave relationship. However, only the second grouping was found to have good 

agreement in the model with an adjusted R2 value of 0.4462 and an AICc value of -

39.1676. The remaining 41 sites exhibited no relationship between NDVI and aspect. 

Applying LBR analysis, no significant relationship was detected between the NDVI and 

slope.  
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December 9, 2017  

Applying LBR analysis to NDVI on December 9, 2017, as the dependent variable 

and elevation as the explanatory variable, I found there to be a significant relationship 

between NDVI and elevation (Figure 3.6). This time, a larger sample of sites exhibited a 

significant relationship than on November 24, 2017. The Local Bivariate Relationship tool 

found spatial clustering in the pattern of this relationship with one group of 51 sites in 

green exhibiting a negative linear relationship. There appears to be good agreement in the 

model of this relationship which has an adjusted R2 value of 0.3682 and an AICc value of -

16.0441. For the rest of the sites, there were three that exhibited an undefined complex, and 

the rest of the 18 sites had no relationship between NDVI and elevation. 

Finally, applying LBR analysis to NDVI on December 9, 2017, as the dependent 

variable and aspect as the explanatory variable, a significant relationship was found 

between NDVI and aspect (Figure 3.7). The local bivariate relationship analysis found 

spatial clustering in the pattern of this relationship, with one major grouping consisting of 

34 sites exhibiting a concave relationship. There appears to be good agreement in the 

model of this relationship, which has an adjusted R2 value of 0.5272 and an AICc value of -

41.6681. There were also 5 sites that exhibited a negative linear relationship, and the rest of 

the 33 sites exhibited no significant relationship between NDVI and aspect. Applying LBR 

analysis, no significant relationship was detected between the NDVI and slope.   

Further Analysis on Land Orientation 

After completing the LBR analysis of the survey points for both the November 24, 

2017 and December 9, 2017 NDVI, I further explored the influence the landscape 

orientation (aspect) had on NDVI by accounting for the differing directions across the 
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survey sites. To do this, I assigned my survey points to four quadrants based on the aspect 

direction and to account for directions with less samples. The northeastern quadrant 

consisted of northeastern and eastern sites, the southeastern quadrant consisted of 

southeastern and southern sites, the southwestern quadrant consisted of southwestern and 

western sites, and the northwestern quadrant consisted of northwestern and northern sites. 

Next, I compared the mean NDVI values of each quadrant for December 29, 2016 (pre-

hurricane) to the mean NDVI values of each quadrant for November 24, 2017 and 

December 9, 2017. The mean NDVI value for all four quadrants decreased substantially 

after Maria with the Northwestern quadrant decreasing most. However, I found very little 

difference between the quadrant means for aspect on December 29, 2016 (ranged from 0.76 

- 0.80, P = 0.1868), November 24, 2017 (ranged from 0.29 ï 0.35, P = 0.0196), and 

December 9, 2017 (ranged from 0.32 ï 0.39, P = 0.0102). 

High NDVI Values Corresponds with Sites that have Dense Canopy Closure  

A significant pattern was found with the NDVI (July 15th and 30th) extracted to the 

survey points and canopy closure for the month of 2024 (Figure 3.8). The local bivariate 

relationship analysis found spatial clustering in the pattern of this relationship, with two 

significant groupings showing a statistically significant relationship between NDVI and 

canopy closure. The first grouping consists of 28 sites exhibiting a positive linear 

relationship and the second grouping consists of 19 sites exhibiting a convex relationship. 

There appears to be good agreement in both models with the positive linear relationship 

having an adjusted R2 value of 0.3600 and an AICc value of -3.902 and the convex 

relationship having an adjusted R2 value of 0.3652 and an AICc value of -15.6422. The 

remaining 5 sites exhibited no significant relationship between NDVI and canopy closure. 
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Discussion 

The Normalized Difference Vegetation Index has been shown to be a valuable tool 

and has been used in numerous studies in the assessment of forest health by quantifying 

vegetation greenness and vigor through satellite imagery (Hu & Smith 2018, Feng et al. 

2018, Feng et al. 2020, Svejkovsky et al. 2020, Howe et al. 2025). The higher NDVI values 

generally indicate denser, healthier vegetation, while the lower values suggest that 

vegetation may be stressed which can be from a variety of factors such as disease (Kumar 

et al. 2016), drought (Rimkus et al. 2017, Wang et al. 2021), anthropogenic disturbances 

(Xu et al. 2023, Guo et al. 2021), or natural disturbances (Hu & Smith 2018, Hao et al. 

2022, Zhang et al. 2010).  

To determine the impact Hurricane Maria had on the vegetation on the islands of 

Dominica and Puerto Rico, Hu and Smith (2018) analyzed changes in NDVI values from 

Sentinel-2 satellite imagery by comparing reference years. They found that after Hurricane 

Maria made landfall, there was an abrupt drop in NDVI values; however, these NDVI 

values were shown to nearly return to pre-Maria vegetation levels around 1.5 months after 

the storm (Hu and Smith 2018). In another study, Svejkovsky et al. (2020) looked at the 

impact Hurricane Irma had on the vegetation along the Florida Keys. They found patterns 

in NDVI that showed the severity of the damage had substantial variation across the study 

area, with the worst of the damage being located east of the hurricane's eye (Svejkovsky et 

al. 2020). In addition, they also found that there was substantial early regrowth of inland 

vegetation 2.5 months after the hurricane (Svejkovsky et al. 2020). Another study utilized a 

time series of Enhanced Vegetation Index images (EVI) for Puerto Rico to determine the 

severity of the damage caused by Hurricane Maria (Feng et al. 2018). Any forested areas 
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with substantial damage (tree mortality and crown damage) will show a decrease in the 

near-infrared spectrum, which is connected to the loss of green leaf cover (Feng et al. 2018, 

Hu and Smith 2018).  

While remote sensing studies utilizing NDVI for the assessment of forest/vegetation 

health are important in increasing our understanding for a variety of issues, there are 

limitations to the index (Huang et al. 2021). For instance, since NDVI is a measurement of 

the health of green leaf vegetation, it does not distinguish between different forest 

components (Martinez and Labib 2023) such as undergrowth vegetation or forest canopy 

closure. Additionally, the widespread use and popularity of the index increase the 

likelihood for misinterpretation, particularly for users with little to no remote sensing 

training and experience (Huang et al. 2021). Therefore, it is crucial for end users to 

understand the capabilities and limitations of the index and to have a complete 

understanding of the forest/vegetation types in the area being studied. This further 

emphasizes the importance of continuing to collect field data, as remote sensing may not 

serve as a complete replacement (Pause et al. 2016 Lausch et al. 2018). A combination of 

both remote sensing and in situ field data is often required for a clearer understanding of 

forest damage and recovery following a major hurricane. 

Defoliation Extent for Zones II and III is Greater at Higher Elevations 

I found that 65 days after Hurricane Maria made landfall in Puerto Rico, there was 

still a substantial amount of defoliation of the forest and undergrowth vegetation 

throughout zones II and III at Las Casas de la Selva. Zone III was more heavily impacted, 

with 57.6% of its 21.14 hectares defoliated, whereas zone II had 37.15% defoliation across 

its 89.5 hectares. Much of the defoliation throughout these zones occurred at higher 
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elevations, a factor that has been shown to have a major influence on the damage that 

occurs in tropical forest (Hu & Smith 2018, Feng et al. 2018, Feng et al. 2020, Brokaw & 

Grear 1991, Weaver 1986, Van Beusekom et al. 2018, Gao & Yu 2022) and plantation 

forests (Caslin et al. 2025) in the Caribbean during a major hurricane.  

 The relationship between elevation and defoliation is evident when comparing the 

supervised classification (Figure 3.2) to the elevation maps for zones III and II (Figures 3.9 

and 3.10). This result re-emphasizes the importance of carefully establishing or re-planting 

desired trees at lower elevations in tabonuco forest to avoid the worst effects and delayed 

recovery associated with more intense hurricanes (Caslin et al. 2025).  

Delayed Recovery of Leaves and Understory Vegetation  

In this study, results show that the mean NDVI for the survey points in zones II and 

III at Las Casas de la Selva exhibited a substantial drop in mean NDVI values 65 days after 

Hurricane Maria made landfall (Figure 3.3; a drop of 0.42 for Zone II and 0.44 for Zone 

III). This sharp drop in the mean NDVI for both zones was substantially greater than the 

drop reported by Hu & Smith (2018) for the island of Puerto Rico (-0.19). This is likely 

because of differences in spatial scale (island of Puerto Rico compared to Las Casas de la 

Selva) where numerous vegetation types were grouped together, as well as changes in 

topography, differences in rainfall, and other variables. It is important to note that the drop 

in mean NDVI values in this study was likely greater than reported elsewhere, and there is 

a possibility that this drop was influenced by rainfall. This is because the only available, 

cloud/shadow-free, Sentinel-2 image available before Hurricane Maria made landfall that 

could be found and used for the property had a capture date of December 29, 2016, where 

the possible seasonal variation and changes in rainfall patterns could have influenced the 
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average NDVI values for the property (Nischitha et al. 2014, Sun & Qin 2016, Piedallu et 

al. 2019, Ayanlade et al. 2021).  

For the property of Las Casas de la Selva, a major increase in mean NDVI values 

was not observed until sometime between December 9, 2017, and January 18, 2018 (Figure 

3.3), indicating a major delay in the vegetationôs recovery. Given the lack of available 

cloud/shadow-free Sentinel-2 images between these two image dates for the property, there 

is no way to narrow this down any further. Nonetheless, this finding contrasts sharply with 

the findings of Hu & Smith (2018), who reported substantial vegetation recovery occurring 

in Puerto Rico 1.5 months after Hurricane Maria made landfall (Hu & Smith 2018). 

Previous studies have shown that after hurricanes make landfall, the re-establishment of 

new leaves (Hu & Smith 2018, Walker 1991, Brokaw & Walker 1991) and recovery of 

undergrowth vegetation was typically fast (Meléndez-Ackerman et al. 2003). However, this 

study has shown that the vegetation (NDVI) at Las Casas de la Selva exhibited a 

substantial delay in the re-establishment of new leaves and undergrowth vegetation, with 

substantial recovery not occurring until between 78 to 120 days after Maria.  

The substantial drop in NDVI (vegetation) and the major delay in vegetation recovery 

is likely a result of Hurricane Mariaôs stronger intensity (Uriarte et al. 2019) in 

combination with higher elevations at the property (Weaver 1986, Brokaw & Grear 1991, 

Feng et al. 2020, Van Beusekom et al. 2018, Gao & Yu 2022, Caslin et al. 2025), and 

closer storm proximity when making landfall (Hu & Smith 2018, Caslin et al. 2025). 

Influence of Elevation and Aspect on NDVI 

The LBR analysis suggests that elevation and aspect had an influence on the NDVI 

for both image dates (11/24/2017 and 12/9/2017). However, little differences were seen 
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when examining the quadrant means for aspect direction. Future studies should incorporate 

larger datasets when examining aspects.  

Most Sites with High NDVI Values Correspond to Sites with Dense Canopy Closure 

In this research, high NDVI values were found to correspond with dense canopy 

closure across survey points for the property in July 2024 (Figure 3.8 and 3.11). Out of the 

52 survey points (Figure 3.11), 37 (71.15%) fell within a significant cluster showing high 

correspondence between high NDVI values and dense canopy closure. However, a total of 

15 (28.85%) of the 52 survey points were outliers which fell outside of the significant 

cluster (Figure 3.11). There could be numerous reasons for this as NDVI can fluctuate 

during the growing season or from scene to scene (atmosphere, clouds, sun angle, glint, 

topography, haze, coastal aerosols, sensor noise, understory greenness inflating NDVI, 

etc.). Out of these 15 sites, six of them (Figure 3.11, circled in red) are located at some of 

the most severely impacted sites on the property which have a reduced canopy. This would 

explain why there is no correspondence between high NDVI and dense canopy closure at 

these sites. In addition, two of the sites (Figure 3.11, circled in orange) are in sections of 

the property where there was substantially less forest cover, with one of these sites located 

in a field of ferns. For the rest of the seven sites (Figure 3.11, circled in green), the lack of 

correspondence between high NDVI and dense canopy closure is most likely low due to a 

reduced canopy and a larger amount of undergrowth vegetation.  

I conducted a further investigation to determine what factors may have influenced 

the seven sites (circled in green, Figure 3.11) on the property. To determine these factors, I 

used ground truthed photos associated with each site (Figure 3.12). For four of these sites 

(1-4), the NDVI values were high, but the canopy closure was low. This is because these 
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sites were more open and had lots of undergrowth vegetation, which consisted of ferns and 

grasses. There is still some uncertainty associated with site 5. Site 6 is similar to sites 1-4 

but to a lesser extent because it had greater canopy closure. Finally, site 7 has a dense 

canopy closure, but a low NDVI value. This is likely because there is little undergrowth 

and most of the forest floor there was bare ground. These results emphasize the importance 

of using a combination of remote sensing and field data to obtain a more complete picture.  

Conclusion 

Remote sensing has been shown to have many useful applications, especially when 

used in monitoring forest health shortly after natural disasters such as hurricanes. In this 

chapter, the creation of the NDVI derived Sentinel-2 time series has shown that the 

regrowth of tree leaves and understory vegetation was significantly delayed after Hurricane 

Maria. In this time series, no significant regrowth of vegetation occurred until sometime 

between 78 ï 120 days post-storm. However, it is also important to acknowledge the 

limitations associated with remote sensing and that there is a possibility that major rainfall 

could have influenced the drop in NDVI values in this result. The extensive defoliation of 

the forest was also found to persist on the property for more than 65 days post storm with 

approximately 57.6 % occurring within zone III and approximately 37.15% occurring 

within zone II. Given the Sentinel-2 satellite image used in determining the extent of 

defoliation was taken 65 days post-storm, there is the possibility that even more defoliation 

could have occurred. From this study, LBR results predicted both elevation and aspect to 

have an influence on the canopy/vegetation (NDVI) damage that had occurred however, 

when investigating aspect further, I did not find this to be the case as I found little 

difference between the aspect quadrant means for December 29, 2016, November 24, 2017, 
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and December 9, 2017. Finally, there was a high correspondence between high NDVI 

values and dense canopy closure with 71.15% of these observations clustering together. In 

addition, while 28.85% of the observations fell outside of this cluster, by utilizing ground 

truthed photos, I was able to determine why many of these observations fell outside of this 

cluster which re-emphasizes the importance of not becoming over-reliant on remote 

sensing data and that the knowledge of the study site in combination with both remote 

sensing and data collected on the ground are critical to provide a more complete picture 

and understanding.   
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Tables 

 

 

Table 2.1 Variables with Significant Autocorrelation 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Variable Moranôs Index z-Score p-Value 

% Canopy Closure 0.3704 4.783 2 x 10 -6 

No. of Dead/Recovering Trees 0.3076 4.0098 0.00006 
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Table 3.1 Sentinel-2 L1C Satellite Imagery used in this study 

  
Image Date Sensor Resolution Sun Elevation Cloud Cover 

12/29/2016 Sentinel-2 10 45.71 7.04% 

11/24/2017 Sentinel-2 10 41.95 25.25% 

12/9/2017 Sentinel-2 10 44.50 1.58% 

1/18/2018 Sentinel-2 10 44.20 9.80% 

3/29/2018 Sentinel-2 10 24.50 7.30% 

11/29/2018 Sentinel-2 10 42.90 0.00% 

11/28/2020 Sentinel-2 10 42.80 17.86% 

9/4/2021 Sentinel-2 10 21.31 1.54% 

7/15/2024 Sentinel-2 10 19.20 4.61% 

7/30/2024 Sentinel-2 10 19.25 8.57% 

11/27/2024 Sentinel-2 10 42.61 8.45% 



  75 

 

Table 3.2 Accuracy Assessment for Zone II having an overall users accuracy of 87.56%, an 

overall producer's accuracy have 93.71%, and the kappa statistic of 84.71%. 

  

Class Forest 
Defoliated 

Forest 
Ferns Clouds Shadows Total 

Users 

Accuracy 
Kappa 

Forest 128 6  1 0 0 135 94.81% 0 

Defoliated Forest 10  93 0 0 0 103 90.29% 0 

Ferns 0 0 11 0 0 11 100% 0 

Clouds 0  1 0 19 0 20 95% 0 

Shadows 3 8 0 0 15 26 57.69% 0 

Total 141 108 12 19 15 295 0 0 

Producers Accuracy 90.78% 86.11% 91.67% 100% 100% 0 90.17% 0 

Kappa 0 0 0 0 0 0 0 84.71% 
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Table 3.3 Accuracy Assessment for Zone II having an overall users accuracy of 92.05%, an 

overall producer's accuracy has 92%, and the kappa statistic of 77.36%. 

  
Class Forest 

Defoliated 

Forest 
Ferns Total 

Users 

Accuracy 
Kappa 

Forest 49 9 0 58 84.48% 0 

Defoliated Forest 7 77 0 84 91.67% 0 

Ferns 0 0 4 4 100% 0 

Total 56 87 4 147 0 0 

Producers Accuracy 87.50% 88.51% 100% 0 88.44% 0 

Kappa 0 0 0 0 0 77.36% 
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Table 3.4 Variables with Significant Autocorrelation 

 

  

Variable Moranôs Index z-Score p-Value 

NDVI November 24, 2017 0.6445 8 0.00000 

 

NDVI December 9, 2017 

 

0.6901 8.5430 0.00000 

NDVI July, 2024 0.5015 5.0906 0.00000 
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Figure 1.1. 360Á photo survey locations for the Forests After Florence project. 
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Figure 1.2. Oculus Go Virtual Reality 

Headset. 
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Figure 1.3. Ricoh Theta V 360Á camera, case, tripod, and charging cord. 
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Figure 1.4. Students on site taking a ground view 360Á photo (camera not in picture). 
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Figure 1.5. 360Á photo taken from the ground using a 5-inch 

tripod. 
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Figure 1.6. 360Á photo taken higher up using a selfie stick. 
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Figure 1.7. View of 360° Photos by Intensity of Urban Development where A: Developed Open 

Space, B: Developed, Low Intensity, C: Developed, Medium Intensity, and D: Developed, High 

Intensity. This figure has been grouped together using four images. 
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Figure 1.8. View of 360° Photos by Forest Type: A: 

Evergreen Forest and B: Deciduous Forest. This figure 

has been grouped together using two images. 
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Figure 1.9. Example of estimating impervious surfaces on the 360° Photo within the 

Oculus Go VR Headset. Impervious surfaces are marked in blue. 



  87 

 

 

 

 

 

 

 

 

 

Figure 1.10. Example of Estimating the percent tree density in the VR Headset. 

 



  88 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.11A. Analysis of canopy cover and tree density by predominant land cover using a VR 

headset. 
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Figure 1.11B. Analysis of natural ground and impervious surfaces by predominant land cover 

using a VR headset. 
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Figure 1.12. Forest Habitat Measures by Student Observer. 
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Figure 2.1. (a) Tracks for some of the more recent storms 

to impact the island of Puerto Rico; and (b) aerial photos 

showing Las Casas de la Selva before and after the storm. 

Photo credits Thrity Vakil. 
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Figure 2.2. Photos documenting the state of the property 7 years after Hurricane Maria. 

(a) This area of the forest was hit hard with many trees displaying a reduced canopy; 

(b,c) these two photos show uprooted trees still alive; (d) this photo shows a severely 

damaged tree with relatively recent growth. Photo credits Michael Caslin. 
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Figure 2.3. (a) Property of Las Casas de la Selva broken down by zone. Inset is a map of Puerto 

Rico showing the location of the property (red box). 
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Figure 2.4. Map showing the locations of complete and incomplete survey points established at 

40 m intervals across the trails within zones II and III of Las Casas de la Selva. The two survey 

points in orange within zone III were excluded due to possible overlap. All other orange points 

could not be completed due to difficulties reaching the sites. 
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Figure 2.5. (a) Garmin GPSMap 65s unit used in the field; (b) Ricoh Theta V 360Ǔ Camera; (c) 

Oculus Go Virtual Reality Headset. 
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Figure 2.6. (a) Photo example visualizing how the PI used the VR headset to analyze forest 

vertical structure; (b) hemispherical photo focusing on the ground with 51 systematic sampling 

points (points were enlarged to increase visibility); (c) analysis of canopy closure using the % 

Cover app version 1.2.0. 
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Figure 2.7. Local Bivariate Relationship results with % canopy closure as the dependent variable 

and elevation as the explanatory variable. Two statistically significant groupings were found 

with 39 sites showing a significant negative linear relationship between canopy closure and 

elevation (pop-out graph on top left; adjusted R2 = 0.4596; AICc = ī5.2835) and 17 sites 

showing a significant concave relationship between canopy closure and elevation (pop-out graph 

on top right; adjusted R2 = 0.4256; AICc= ī6.3739). The blue dot in each of the pop-out graphs 

represents a survey point on the map. 
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Figure 2.8. Local Bivariate Relationship results with % canopy closure as the dependent variable 

and damage as the explanatory variable. One statistically significant cluster was found with 19 

sites showing a significant negative linear relationship between canopy closure and damage 

(pop-out graph on top left; adjusted R2 = 0.3235; AICc = 1.4588). The remaining sites showed 

no significant relationship (pop-out graph on top right). 
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Figure 2.9. Local Bivariate Relationship results with damage as the dependent variable and 

elevation as the explanatory variable. One significant cluster was found with 25 sites exhibiting a 

positive linear relationship between damage and elevation (pop-out graph on top left; adjusted 

R2 = 0.1910, AICc = ī1.0277). The remaining sites showed no significant relationship between 

damage and elevation (pop-out graph on top right). 
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Figure 2.10. Time series showing forest change at the property of Las Casas de la Selva. (a) 

Photo taken along the driveway in June 2012. (b) Photo taken shortly after Hurricane Maria 

made landfall in September 2017. (c) Photo showing the current conditions at the site in July 

2024. The three photos are located at the following coordinates (18.079658, ī66.036322). Photo 

credits Michael Caslin (a,c), Thrity Vakil (b). 
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Figure 3.1. Map showing NDVI values extracted from the November 24, 2017, image to the 75 

survey points. The bright yellow and extremely light green represent clouds on the NDVI image. 
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Figure 3.2. Supervised classification results showing the extent of 

defoliation for zones II and III for the property of Las Casas de la 

Selva with green indicating forest that has foliage and red 

indicating forest that is defoliated. 



  103 

 

 

  

Figure 3.3. Line graph time series showing the change in the average NDVI values throughout 

time for zones II and III at the property of Las Casas de la Selva. 
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Figure 3.4. Local Bivariate Relationship result with NDVI (November 24, 2017) as the 

dependent variable and elevation as the explanatory variable. One significant grouping was 

found with 27 sites exhibiting a negative linear relationship between NDVI and elevation (pop-

out graph on the top left; adjusted R2 = 0.3013, AICc = -11.7491). There were 3 sites that 

exhibited an undefined complex relationship and the rest of the 42 sites showed no significant 

relationship between NDVI and elevation. 
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Figure 3.5. Local Bivariate Relationship result with NDVI (November 24, 2017) as the 

dependent variable and aspect as the explanatory variable. Two statistically significant groupings 

were found with 8 sites exhibiting a negative linear relationship between NDVI and aspect (pop-

out graph top left; adjusted R2 = 0.1511, AICc = -14.1552) and 23 sites exhibiting a significant 

concave relationship (pop-out graph top right; adjusted R2 = 0.4462, AICc = -39.1676). The 

remaining 41 sites exhibited no significant relationship. 
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Figure 3.6. Local Bivariate Relationship result with NDVI (December 9, 2017) as the dependent 

variable and elevation as the explanatory variable. One significant grouping was found with 27 

sites exhibiting a negative linear relationship between NDVI and elevation (pop-out graph on the 

top left; adjusted R2 = 0.3682, AICc = -16.0441). There were 3 sites that exhibited an undefined 

complex relationship and the rest of the 42 sites showed no significant relationship between 

NDVI and elevation. 
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Figure 3.7. Local Bivariate Relationship result with NDVI (December 9, 2017) as the dependent 

variable and aspect as the explanatory variable. One significant grouping was found with 34 sites 

exhibiting a concave relationship between NDVI and aspect (pop-out graph on the top right; 

adjusted R2 = 0.5272, AICc = -41.6681). There were 5 sites that exhibited a significant negative 

linear relationship (pop-out graph on the top left; adjusted R2 = 0.4738, AICc = -37.9016). The 

remaining 33 sites exhibited no significant relationship. 
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Figure 3.8. Local Bivariate Relationship result with NDVI (July 15th and 30th, 2024) as the 

dependent variable and canopy closure as the explanatory variable. Two statistically significant 

groupings were found with 28 sites exhibiting a positive linear relationship between NDVI and 

canopy closure (pop-out graph on top left; adjusted R2 = 0.3600, AICc = -3.902) and 19 sites 

showing a significant convex relationship (pop-out graph on top right; adjusted R2 = 0.3652, 

AICc = -15.6422). The remaining 5 sites exhibited no significant relationship. Sites in red were 

excluded due to cloud and shadow contamination. 
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Figure 3.9. Elevation map produced from a 1/3 arc-second Digital Elevation Model for zone III 

of property of Las Casas de la Selva. 
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Figure 3.10. Elevation map produced from a 1/3 arc-second Digital Elevation Model for zone II 

of property of Las Casas de la Selva. 

 


