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Abstract 

Strawberry guava (Psidium cattleyanum) is the most abundant non-native tree species 

across the Hawaiian Islands. This invasive species can create nearly impenetrable, dense thickets 

across rugged terrain which makes it difficult to map its distribution. The Brazilian scale 

(Tectococcus ovatus) is a gall forming insect that is currently being deployed as the biological 

control to reduce the spread of strawberry guava. High resolution remote sensing technologies, 

including sensors attached to small unoccupied aircraft systems (sUAS) and helicopters, allow 

researchers to survey more land in a short amount of time with machine learning models to find 

invasive species and observe the effects of management actions. This project uses remote sensing 

data, including high resolution RGB aerial imagery, lidar data, and machine learning to detect 

strawberry guava and implements computer vision techniques to detect biocontrol spread. 

Helicopter and sUAS flights collected these data for a portion of óǽlaóa Forest Reserve on 

Hawaiói Island. Additionally, ground truth surveys were conducted over three 20 x 20 m plots 

where every tree was exhaustively surveyed. Images of strawberry guava in the canopy during 

different phenological stages and leaves with Brazilian scale galls present were annotated and 

used to train convolutional neural network (CNN)-based object detection models with the python 

library DeepForest. In parallel, forest structure metrics including canopy height, foliage height 

diversity, plant area index, and point density at z-values equal to four to six meters were derived 

from the lidar data and used to classify areas of strawberry guava via a random forest 

classification model. The CNN detector was able to detect strawberry guava in aerial imagery 

better during periods when the canopy underwent a red flush, or new leaf growth, (mAP = 0.85 

(SD = 0.02), F1 score = 0.58 (SD = 0.03)) compared to a green leaf canopy (mAP = 0.79 (SD = 

0.02), F1 score = 0.50 (SD = 0.02)).   The random forest model using forest structural metrics 

derived from lidar performed better in terms of precision (F1 score=0.72) than both CNN models 

while the red phenology stage CNN had better recall. Plant area index closely followed by 

canopy height and foliage height diversity were the metrics in the model with the greatest mean 

decrease accuracy, or importance to the modelôs performance. The models captured large stands 

of strawberry guava in both aerial imagery and lidar data, but struggled to capture individual 

strawberry guava tree stems. For the Brazilian scale, another CNN-based object detection model   
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was developed and was able to detect galling on strawberry guava leaves (mAP = 0.57 (SD = 

0.02), F1 score = 0.40 (SD = 0.02)), but low precision values indicated many false positive 

 predictions due to rain, discoloration, blur, and lighting. Using these tools to identify strawberry 

guava is useful for selecting candidates for ongoing biocontrol deployments and could be applied 

at a larger scale to map the presence and absence strawberry guava in Hawaiói. Monitoring the 

Brazilian scale progress in the canopy with aerial imagery and machine learning will help better 

determine whether its establishing in strawberry guava canopy and spreading over time to reduce 

tree spread into high elevation native forests.  
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CHAPTER 1. INTRODUCTION  

1.1 Overview 

Invasive species introduced to an ecosystem can cause harm to the environment, human 

health, and the local economy by displacing native species, reducing biodiversity, degrading 

ecosystem services and agricultural production, or affecting public health and safety (Brewington 

et al., 2023; Executive Order No. 13751, 2016). Some of the primary goals of invasive species 

management include early detection, containing the spread of invaders, reducing their negative 

impacts, and restoring native systems to prevent reinvasion (Larson et al., 2011). These 

management goals require different types of action to accomplish, but all require a level of 

monitoring to identify the species, measure the success of reducing or containing a species, and 

restoration (Beaury et al., 2019). However, surveying an area to locate new and existing invasive 

species populations is not an easy task. It requires a large amount of time and human effort in the 

field to accurately assess an area for invasive species and monitor management progress (Koch et 

al., 2020; Oswalt et al., 2021).  

Remote sensing technologies, including cameras and sensors attached to small 

unoccupied aircraft systems (sUAS), helicopters, and satellites, allow researchers to survey more 

land in a shorter amount of time and increase the spatial scale at which invasive plant species can 

be detected (Cromwell et al., 2021; Huang & Asner, 2009; Singh & Frazier, 2018; Zhang et al., 

2020). With imagery and sensor data at an adequate resolution to see the target plant species, 

these methods can provide insight into the status of native, non-native, invasive plant species, 

and management progress from an aerial perspective. The process of searching through imagery 

and sensor data for specific plants of interest is a laborious task, involving hours on a computer, 

but is one that can be partially automated (Rodriguez III et al., 2021; Weinstein et al., 2019). For 

the purposes of conservation, machine learning models can be trained to detect plant species and 

process remote sensing data more efficiently (Ayhan et al., 2020; KrŢļek et al., 2020; Rodriguez 

III et al., 2021; Weinstein et al., 2019; Zhang et al., 2020). These technologies have the potential 

to better inform land managers about the status of invasions, forest health, and management 

efforts over time to support actions to stop the further spread of harmful species. 

Strawberry guava (Psidium cattleyanum), also known as waiawǭ in Hawaiói, is the 

invasive tree species of interest for this research because of its dominant presence in Hawaióiôs 
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wet, lowland forests, concern for its spread into high elevation native forests, and active efforts 

to reduce the spread of the species (Potter et al., 2023). This research explored some of these 

remote sensing tools and machine learning models to detect strawberry guava trees including 

high resolution RGB aerial imagery, lidar data, convolutional neural networks, and random 

forests. The goal of this research was to evaluate different methods for detecting strawberry 

guava presence in a section of forest to eventually be applied at a larger scale to map strawberry 

guava populations across Hawaiói. This project also implemented computer vision techniques to 

assist in monitoring the progress of recently deployed biological control for strawberry guava in 

the same section of the forest. The goal of this portion of the project was to make the process of 

manually searching images for the biological control presence quicker and more efficient.

1.2 Previous work mapping and measuring strawberry guava presence 

Strawberry guava has only been mapped a few times via various methods on islands in 

the Indian Ocean and Hawaiói. Normand et al. (2000) roughly mapped distributions and stands of 

strawberry guava on Réunion Island using field data to understand the relationship between fruit 

fly populations, infested fruits, and their host plant-strawberry guava. Koerner et al. (2022) 

recently used forest surveys with various degrees of strawberry guava presence, satellite imagery 

from Sentinel-2 and Google Earth Engine, other texture and feature measurements, and machine-

learning-based classification methods to map strawberry guava populations in Mauritius. At 

Koerner et al.ôs (2022) study site, strawberry guava heavily invaded the island and less than 5% 

of intact native forest remained, which makes this invasive a good candidate to map on this 

island at low resolutions because it is so dominant. While applying computer vision to satellite 

imagery may be effective in some locations, it poses unique challenges for Hawaiói. On Hawaiói 

Island, a large portion of the non-native tree cover lives within the understory and many other 

native and non-native trees are in the canopy with strawberry guava, making trees difficult to 

identify from a low resolution, aerial view (Potter et al., 2023).  

On Hawaiói Island, Barbosa et al. (2016; 2017) created a map of strawberry guava for 

Wao Kele O Puna Forest Reserve that used high resolution airborne imaging spectroscopy and 

light detection and ranging (lidar) data to assess gross primary productivity and aboveground 

carbon density to identify areas of invasion. Imaging spectroscopy, also referred to as 

hyperspectral imaging, is a remote sensing technique where each pixel in an image contains 
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measurements of radiant energy reflected by a surface covering a large range of wavelengths 

from 380 to 2,510 nanometers (Barbosa et al., 2016). Because every species has a unique 

reflectance value, Barbosa et al. (2017) found gross primary productivity indices derived from 

this spectral information to be a way to predict and track strawberry guava invasion as well as 

decreased aboveground carbon density. When available, imaging spectroscopy is a great tool that 

reaches large spatial scales, but it also faces vegetation classification challenges in Hawaiói 

(Seeley et al., 2023). Barbosa et al. used mean canopy profile height derived from lidar data to 

measure aboveground carbon density (Asner et al., 2011; Barbosa et al., 2017). There is potential 

to explore other forest structural metrics derived from lidar in addition to canopy height to detect 

strawberry guava trees. 

 The State of Hawaii created a map that shows the potential distributions on the main 

Hawaiian Islands for an environmental assessment to release the biological control for 

strawberry guava (Figure 1) (State of Hawaii, 2011). This map does not show where these trees 

are present but estimates the treeôs distribution across the islands based on elevation, land cover, 

and climatic conditions (Gon, 2006; Price et al., 2012). The U.S. Forest Service Forest Inventory 

and Analysis confirmed strawberry guavaôs dominant presence in Hawaióiôs forests with an 

estimated 441 million total large trees and saplings across a network of 238 standardized survey 

plots spanning soil and climate gradients (Potter et al., 2023). Vorsino et al. (2014) assessed 

species distribution models under current and future climate scenarios of high risk, ecosystem 

modifying invasive species, including strawberry guava. This study predicts strawberry guava is 

still very likely to continue spreading with future climate conditions (Vorsino et al., 2014). 

Because strawberry guava is predicted to spread, is the most abundant non-native species in 

Hawaióiôs forests, and current island wide maps only show potential distributions, there is a need 

to develop methods to map current strawberry guava populations, especially around the upper 

elevation boundary where it is predicted to continue invading. Methods such as high resolution 

aerial RGB imagery and other forest structural metrics derived from lidar data have not been 

investigated yet and are examined through the following chapters.  
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Figure 1. The current estimated potential range of strawberry guava for the main Hawaiian 

Islands (State of Hawaii, 2011). Outlined in black are conservation areas, red areas are likely 

dense infestations of strawberry guava, yellow areas are native forest partially or potentially 

invaded by strawberry guava, and green areas are native forest not currently threatened by 

strawberry guava.  

1.3 Remote sensing and computer vision methods to explore for detecting strawberry guava 

1.3.1 High resolution RGB imagery 

High resolution (< 5 cm) RGB aerial imagery provides great potential to accurately map 

tree species (Schiefer et al., 2020). This imagery, usually collected via sUAS, fixed-wing 

aircraft, and helicopters, reveals more details than a satellite image (0.35m to >10m resolution), 

especially when looking for plant species (Zhang et al., 2020). Small unoccupied aircraft systems 

(sUAS) are systems that consist of an unoccupied aircraft weighing less than 55 pounds, like a 

drone, the ground control station, where a pilot is remotely operating the aircraft, and any other 

equipment used in the operation (Federal Aviation Administration, 2025). Imaging with a sUAS 

provides the highest resolution imagery, can cover tens to hundreds of hectares, beneath clouds, 

and at a low cost compared to other sources (Perroy et al. 2021; Zhang et al., 2020). However, 

imaging with sUAS is limited by line of sight in dense forests and battery life (Duffy et al., 
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2018). When imaging with a helicopter, surveys can cover a much larger area at a high resolution 

and are cheaper than several sUAS operations, but helicopter missions are weather dependent 

and have an inherent risk for the team (Perroy et al., 2021; Zhang et al., 2020). Despite their 

challenges, both methods of imagery collection provide high enough resolution to make 

identifying tree species, like strawberry guava, possible in an open canopy.  

1.3.2 Lidar data 

Lidar sensors emit pulses of light and measure a range of distances from the ground and 

other objects to create a point cloud that shows the structural features of an area (Dubayah & 

Drake, 2000; Lefsky et al., 2022). Using lidar to examine forest structure by estimating stand 

height, tree crown width, leaf area, individual trees with diameter at breast height (dbh), 

intensity, and point density are newer applications of this technology (KrŢļek et al., 2020; Li et 

al., 2022; Liu et al., 2019; Terryn et al., 2022). In contrast to traditional RGB imagery, lidar 

sensors are a tool that can collect information beyond the forest canopy and into the subcanopy. 

Researchers are also finding ways hyperspectral aerial imagery taken by sUAS and lidar data can 

work together to identify species in the forest (Li et al., 2022; You et al., 2023). This data can be 

particularly useful when looking for plants with a unique structure, like strawberry guava and the 

dense thicket of trunks it can form.  

1.3.3 Machine Learning 

There is a wide variety of supervised machine learning architectures that can be applied 

to processing different types of remotely sensed data. Supervised machine learning is a method 

of automatically learning from labeled examples to predict a label of interest on new data 

through identifying patterns. This project focuses on using two different supervised machine 

learning methods to process two different types of remotely sensed data to identify areas of 

strawberry guava presence. The first type of remotely sensed data collected was high resolution 

RGB aerial imagery. To identify objects in aerial images, like strawberry guava tree crowns, 

most object detection architectures implement convolutional neural networks (CNN) (Kattenborn 

et al., 2021; Radovic et al., 2017; Ġevo & Avramoviĺ, 2016; Zhang et al., 2020). These networks 

consist of a series of input, intermediate, and output layers that take in raw pixels of an image to 

learn patterns and characteristics that help them to detect and classify objects in the data as an 
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output, like a plant species (Kattenborn et al., 2021; Radovic et al., 2017; Ġevo & Avramoviĺ, 

2016). Deep learning methods such as CNNs, have proven to be an effective way to gather 

information about vegetation properties and detect patterns accurately due to its ability to look at 

the relationships between pixels to identify feature arrangements that can distinguish different 

species or types of vegetation from the rest of the forest canopy (Ayhan et al., 2020; Kattenborn 

et al., 2021; Sivakumar et al., 2020; Zhang et al., 2020). 

The second type of remotely sensed data collected was lidar data. Because lidar data are 

often large point clouds, I extracted forest structural metrics to make these data more 

interpretable and help identify areas of strawberry guava presence. The extracted forest structural 

metrics resulted in raster datasets which are better suited for classification machine learning 

architecture rather than object detection architecture. A common classification architecture used 

with remotely sensed data are random forests (Belgiu & DrŁguŞ, 2016; Ghosh et al., 2022; 

KrŢļek et al., 2020; Plakman et al., 2020; Stojanova et al., 2010). Random forests generate 

several decision trees, which are structures that demonstrate the potential outcomes of decisions 

by branching based on certain conditions, such as a specific value for tree height or dbh to 

predict which tree species are at this location (Plakman et al., 2020; Stojanova et al., 2010). The 

input variables, also known as features, of random forest models are used to split that data into 

branches and predict the appropriate class. The final prediction is made by the majority decision 

made by the different, randomized decision trees of the random forest. With remotely sensed 

data, random forests can take multiple raster datasets of different vegetation characteristics from 

lidar data where groups of raster cells are labeled as their respective plant species to analyze the 

relationships between cell values and create predictions of where plant species are in an area.  

1.4 Biological control as a management strategy for strawberry guava 

One management strategy for reducing the expansion of invasive species populations is 

the implementation of biological control, or biocontrol. Biocontrol introduces a natural enemy of 

an invasive species that is found in the species native range to reduce their negative impacts in 

the introduced range (Messing & Wright, 2006; Myers & Cory, 2017). The technique is 

commonly used for invasive insects and plants with insect predators, parasitoids, herbivores, 

fungi, viruses, nematodes and bacteria (Messing & Wright, 2006; Myers & Cory, 2017). 
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Concerns from the public and scientists have arisen about the potential impact biocontrol could 

have on species that are not targeted, such as keystone, native, or non-native species that play an 

important functional role in an ecosystem (Messing & Wright, 2006; Myers & Cory, 2017). 

However, an increasing number of environmental assessments and quarantine studies have 

demonstrated that biocontrol can be successful without harming the surrounding ecosystem 

(Messing & Wright, 2006; Myers & Cory, 2017; State of Hawaii, 2011). Successful biocontrol 

can decrease densities of target invasive species and thereby encourage an increase in 

agricultural production, reduce the need to use pesticides, decrease competition with native 

organisms, increase biodiversity, and improve stream flow or watershed management (Messing 

& Wright, 2006; Myers & Cory, 2017). 

Complete eradication of strawberry guava in Hawaiói is no longer practical due to the 

intensive removal and treatment work that would need to be done across the large, invaded area 

(Johnson, 2016). The species was recognized in the 1970s as a key pest in Hawaiian forests, so 

biological control options for this tree were investigated (Johnson, 2016; State of Hawaii, 2011). 

The Brazilian scale (Tectococcus ovatus), a leaf-galling insect, was imported to Hawaiói from 

Brazil for quarantine studies in 1999 (Johnson, 2016; State of Hawaii, 2011). From these 

quarantine studies, the Brazilian scale has been found to only target strawberry guava and none 

of its relative plants (Johnson, 2016; State of Hawaii, 2011). The United States Forest Service 

petitioned the Hawaiói Department of Agriculture to release this biocontrol for strawberry guava 

in 2005 and went through the process of review for Tectococcus ovatus to be placed on a list of 

approved biological control agents by the Hawaiói Board of Agriculture in 2007 (Johnson, 2016). 

The Hawaiói Department of Agriculture published a final approved environmental assessment 

with a Finding of No Significant Impact (FONSI) in 2011 and issued a permit to release the 

biocontrol on Hawaiói Island (Johnson, 2016; State of Hawaii, 2011).  

Since the permit was issued, researchers have been conducting strategic biocontrol 

releases on Hawaiói Island. This biocontrol does not kill the trees, but as it spreads, causes the 

tree to reduce seed production. The Brazilian scale insect targets new leaf growth at the top 

canopy and its presence is indicated by galls on the leaves, or pale, swollen, circular growths 

(Figure 2). It is sometimes difficult to observe new galling from the ground because the Brazilian 

scale seeks out new leaf growth at the top of the canopy. This is where aerial images taken with 

sUAS of the strawberry guava canopy can help us better identify gall spread in the trees. Instead 
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of a person manually searching each individual image of every tree to identify new galls, this 

monitoring process may be more efficient by using machine learning. 

Other work related to detecting the impacts of galling insects with machine learning 

models has been done, but not for strawberry guava trees and the Brazilian scale. De Sá et al. 

(2018) used imagery taken by UAS and a random forest classifier to map the decrease in the 

number of flowers produced each season of an invasive species, Acacia longifolia, caused by the 

plantôs biocontrol agent, the Australian bud-galling wasp (Trichilogaster acaciaelongifoliae). 

Another study also used imagery taken by a UAS and a random forest classifier to find sections 

of the tree crown present with phytosanitary issues such as diseases, blight, and a chestnut gall 

wasp (Pádua et al., 2020). While both studies do not detect the galling itself, they are able to 

detect its effects and help determine the success of the gall wasps. Both studies also use random 

forest classifiers instead of newer computer vision methods that are built to analyze images and 

videos. Similar work using RGB imagery and CNNs has shown success in detecting different 

phases of plant disease (Nawaz et al., 2022) and insect pest detection to assist monitoring 

pesticide treatments (Grijalva et al., 2023).  These similar studies encouraged CNNs to be 

implemented to support biocontrol monitoring for strawberry guava trees. 
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Figure 2. Examples of galls formed by the Brazilian scale on strawberry guava leaves. These 

galls are swollen, pink and white, circular growths on the leaves and can range from one to many 

per leaf. 

1.5 Research questions and hypotheses 

I addressed the following research questions to investigate remote sensing methods for detecting 

strawberry guava in the forest and the presence of its biocontrol in the canopy, and following 

each question is my research hypothesis: 

I. How does phenological changes in strawberry guava trees impact detection success in 

high resolution RGB aerial imagery? 

A. I hypothesize that a machine learning model trained with high resolution RGB 

aerial imagery taken during the red leaf phenological stage will perform better 

than a model trained with imagery taken during a period of green leaf phenology.  



10 
 

II.  Which forest structural metrics derived from lidar data will be the most important when 

detecting strawberry guava trees? 

A. I hypothesize that point density at z-values equal to four to six meters where 

densely packed strawberry guava tree trunks are located will be most important 

when detecting strawberry guava trees.  

III.  How do machine learning models trained with high resolution RGB aerial imagery or 

forest structural metrics derived from lidar data perform when detecting strawberry guava 

trees? 

 

A. I hypothesize both models will be able to detect clusters of four or more 

strawberry guava trees, but will struggle to accurately identify individual 

strawberry guava trees. 

 

IV.  Can a machine learning model detect the presence of the Brazilian scale galls in 

strawberry guava leaves from aerial imagery of the forest canopy? 

 

A. I hypothesize that the model will be able to detect Brazilian scale galls in 

strawberry guava leaves from aerial imagery with 75% confidence or greater 

when the images are taken less than or equal to 0.10 cm per pixel ground 

sampling distance (GSD). 
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CHAPTER 2. STRAWBERRY GUAVA  DETECTION 

2.1 Introduction 

Strawberry guava is the most abundant non-native species on a per-stem basis across the 

Hawaiian Islands and is spreading in tropical forests around the world (Koerner et al., 2022; 

Potter et al., 2023). Strawberry guava is native to Brazil and was introduced to Hawaiói in 1825 

to be cultivated as an ornamental fruit tree (Ellshoff et al., 1995; Johnson, 2016; PCA, 2005). 

These trees have smooth, reddish bark with shiny, leathery obovate leaves that are arranged 

opposite from one another on the stem (PCA, 2005). They produce white flowers that grow into 

several small, round, edible red and yellow fruits (PCA, 2005). Nonnative birds and pigs eat the 

fruit and are responsible for spreading the seeds (Huenneke & Vitousek, 1990; Johnson, 2016; 

PCA, 2005). These trees can grow to be six meters (m) tall, and they often form dense, nearly 

impenetrable thickets of skinny trunks that are unique to strawberry guava and crowd out native 

plants on Hawaiói Island (Figure 3) (Ellshoff et al., 1995; Huenneke & Vitousek, 1990; Koerner 

et al., 2022). Strawberry guava forests are common and abundant in mesic and wet climates, 

lowland and submontane environments, and found in elevations ranging from 100 m to 1,000 m 

(Ellshoff et al., 1995; Huenneke & Vitousek, 1990; Johnson, 2016).  Dominant strawberry guava 

stands reduce light to the understory (Rosam et al., 2024), require large amounts of water to 

survive, and lose more water to evapotranspiration than native forests (Takahashi et al., 2011). 

These ecosystem altering characteristics allow for shade tolerant strawberry guava seedlings to 

thrive and reduce water availability in the soil which makes it difficult for native plants to coexist 

with strawberry guava trees (Johnson, 2016; Rosam et al., 2024; Strauch et al., 2016; Takahashi 

et al., 2011).  

Like other tropical plants, strawberry guava trees experience phenological changes during 

seasons of new growth (Gong et al., 2020; Queenborough et al., 2013). When these tropical 

plants undergo new leaf growth, their new leaves are red before turning green for days to weeks 

(Gong et al., 2020; Queenborough et al., 2013). The red flush of the leaves is hypothesized to be 

a chemical defense against herbivory and protection from UV light damage as leaves mature 

(Gong et al., 2020; Queenborough et al., 2013). Red flushing of strawberry guava leaves is 

significant to this research because no other canopy trees experience this same flush during this 

period except a few fern species (Figure 3). Other trees such as óǾhióa (Metrosideros 
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polymorpha) and African tulip trees (Spathodea campanulata) may also appear red during this 

period due to their flowering. In addition to its unique monotypic tree stand structure in Hawaiói 

forests, this red flushing could be another key feature for identifying where strawberry guava 

trees are using remotely sensed data.  

As mentioned in the introduction, remote sensing can complement field surveys to 

monitor large populations of invasive species, like strawberry guava. And incorporating machine 

learning to reduce the effort of identifying strawberry guava in remotely sensed data, detecting 

areas of presence and absence becomes quicker. In this study, I trained an object detection CNN 

to detect strawberry guava from high resolution RGB aerial imagery when itôs in its green leaf 

state and when itôs undergoing a period of red flushing to also compare if there is a season that is 

better for detection. This determined whether strawberry guava trees could be identified by their 

canopy, color, texture and shape. I also extracted forest structure metrics from the lidar data such 

as a canopy height model (CHM), plant area index (PAI), foliage height diversity (FHD), and 

point density at z-values equal to four to six meters to be compiled into a raster to run a random 

forest classification model to find features that indicate strawberry guava presence. This 

determined how point density, tree structure, and stand arrangement contributed to identifying 

strawberry guava.  
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Figure 3. Strawberry guava (Psidium cattleyanum) A) An image taken with a sUAS of a 

strawberry guava dominated canopy (Source: SDAV lab, 2023). B) An image taken via 

helicopter of a strawberry guava dominated canopy during a red flush period (Source: SDAV 

lab, 2024). C) A stand or cluster of several strawberry guava tree stems. All photos taken at 

óǽlaóa Forest Reserve.

2.2 Methods 

2.2.1 Study site 

óǽlaóa Forest Reserve is a tract of approximately 5,000 acres of forest managed by the 

State of Hawaiói Department of Land and Natural Resources. This site is located on the eastern 

side of Hawaiói Island on Mauna Loa, in the moku, or district of Puna, and the ahupuaóa, or 

traditional land division of óǽlaóa. This forest reserve is a wet submontane forest with 3,000 to 

6,000 millimeters of rainfall per year and ranges in elevation from 450 m to 1,200 m. The forest 

canopy is dominated by native óǾhióa trees and invasive strawberry guava trees. There are other 

non-native plantation trees in the canopy that are not as dominant, including tropical ash 
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(Fraxinus uhdei), swamp mahogany (Eucalyptus robusta), red cedar (Toona ciliata) and 

eucalyptus trees (Eucalyptus globulus). The understory is dense with hǕpu'u (Cibotium spp.) and 

uluhe (Dicranopteris linearis) ferns. A smaller portion of óǽlaóa Forest Reserve was chosen for 

this project due to its accessibility, presence of different densities of strawberry guava, and 

location of the United States Forest Service and SDAV lab biocontrol project discussed in 

Chapter 3 (Figure 4). Because strawberry guava typically grows between 100 m and 1,000 m 

elevation, this study site at 700 m to 750 m is in an intermediate zone where strawberry guava is 

not as dense as lower elevations and starts to transition into native dominant forest. This study 

site has a range of stand densities with high density areas in some portions and scattered 

strawberry guava individuals in other areas with óǾhióa trees throughout. Due to the variable 

density of strawberry guava at the site, it poses a challenge for mapping this invasive species. 

However, this variability can also reveal patterns about detection across the gradient of native 

and non-native tree abundance that is investigated in this project. At this study site, we used 

helicopter and sUAS to capture RGB aerial imagery and lidar data to train machine learning 

models to detect strawberry guava trees in the area. 
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Figure 4. A map of the study site. A) A map that shows the óǽlaóa Forest Reserve outlined in red 

relative to Hawaiói Island. B) A map of the study site (blue) within óǽlaóa Forest Reserve 

(purple). C) A zoomed in map of the study site. 

2.2.2 Imagery collection 

RGB aerial imagery was collected via sUAS and helicopter for this project. sUAS 

imagery for this section of the óǽlaóa Forest Reserve was collected during June 2023 with a DJI 

Mavic 3 with its built-in camera (DJI, Shenzen, China). The sUAS flew at 93.5 m above ground 

level and flew at five meters per second (m/s). A flight plan was created with flight lines going 

back and forth over the area. The images taken overlapped by 80% to stitch together into an 

image orthomosaic. The sUAS images were 0.34 centimeters (cm) per pixel ground sampling 

distance (GSD). This imagery survey was completed with NTRIP, Networked Transport of 

RTCM, Radio Technical Commission for Maritime Services, via Internet Protocol. This is a real-

time kinematic (RTK) GNSS, Global Navigation Satellite Systems, positioning correction 
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transmission protocol used for streaming corrections over the internet from a base station to a 

sUAS to achieve centimeter level accuracy. The helicopter imagery of this section of the forest 

was taken in May 2024. Images were collected with Nikon D850 DSLR cameras that were 

mounted to a camera rig on the belly of the helicopter (Nikon Corp, Tokyo, Japan; Perroy et al., 

2021). The helicopter flew approximately 152.4 m above ground and the helicopter images were 

1.89 cm per pixel GSD. In addition to the cameras, the camera rig also consisted of a GPS-

enabled inertial measurement unit (GNSS-IMU) to provide the accurate position of the helicopter 

to the cameras when taking photos (Perroy et al., 2021). This resulted in 302 images from the 

sUAS flight and 343 images from the helicopter flight of the study site. 

2.2.3 Imagery processing 

The workflow for imagery processing and analysis is shown below (Figure 5). I picked 

37 of the original images from the sUAS flight and 37 of the original images from the helicopter 

flight for annotation. Due to the images overlapping, I annotated every fourth image, so the same 

tree was not annotated twice in different images. Each image was cropped into 1,000 by 1,000 

pixel segments for annotation. If strawberry guava was in an image, the tree canopy was labeled 

by drawing a bounding box around it using an annotation tool called LabelImg (Figure 6). 

Strawberry guava trees commonly cluster together, so a bounding box was not usually an 

individual tree and the boxes ranged in size. I annotated 747 images and made 5,385 annotations 

for strawberry guava tree crowns with green leaves and 501 images and made 5,145 annotations 

for strawberry guava tree crowns undergoing the red flush (Table 1). For each box annotation in 

an image, a .xml file was generated to be used as training data. Before training began, I created 

10 folds, which are randomly sampled equal subsets of images from the whole dataset, to 

conduct cross validation. This means that 10 models on each dataset were created, and each 

model took out a different fold of the dataset to be used as the validation data, which were used 

to evaluate the modelôs performance during training. For the green phenology stage image 

dataset, 673 images and their bounding box annotations were used for training and 74 images 

and their annotations were used during validation. For the red phenology stage image dataset, 

451 images and their annotations were used for training and 50 images and their annotations 

were used for validation (Table 1).  
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Figure 5. Workflow showing how image data was prepared to train an object detection 

convolutional neural network model with DeepForest to detect strawberry guava. 
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Figure 6. Examples of 1,000 by 1,000 pixel RGB aerial images with boxes drawn around 

strawberry guava trees in LabelImg. These are the annotations exported as .xml files that are 

used to train the object detection CNNs. 

 



19 
 

Table 1. The total number of images and annotations for the sUAS and helicopter datasets and 

the portion of images in training and validation for each of the 10 cross validation folds. 

Image Dataset Type Phenology # of all 

images 

# of all 

annotations 

# of images 

in training 

fold 

# of images 

in validation 

fold 

sUAS Green 747 5,385 673 74 

Helicopter Red 501 5,145 451 50 

2.2.4 Convolutional neural network 

The goal of training an object detection CNN was to see how well the model recognizes 

strawberry guava canopy at two distinct phenological stages and use a subset of validation and 

test images to compare with my own annotations and ground truth data. The package used to 

create this CNN is called DeepForest. DeepForest is an open-source python library that has a 

pre-trained object detection model based on the torchvision package and uses RetinaNet as a 

base model (Weinstein et al., 2019; Weinstein et al., 2020). The object detection model available 

in the DeepForest library was pre-trained on the ImageNet dataset and uses a Resnet-50 

classification backbone (Weinstein et al., 2019). Weinstein et al. (2019) used a semi-supervised 

approach to identify tree crowns and generate annotations for training data with a combination of 

a lidar unsupervised tree detection algorithm and hand drawn, box annotations of RGB aerial 

imagery from a variety of sites for DeepForest. Using the pre-trained DeepForest neural network 

allows users to train models on a specific tree species with a model that has a background and 

understanding of what a tree crown looks like (Weinstein et al., 2020). The images and their box 

annotations are the input of each model, and the output is the model predicted boxes. All  the 

models were trained for 50 epochs in batches of 6 data examples at a time because the results 

stayed consistent beyond these many passes through the dataset. All models also had a learning 

rate of 0.001, a non-maximum suppression (nms) threshold of 0.05, and image augmentation, 

which generates random images based on the training data by rotating 90 degrees, horizontal 

flipping, and randomly adjusting the scale of the image. Precision and recall were used to 

evaluate the models and calculated using the evaluate function from the DeepForest library after 

the final model was saved (Weinstein et al., 2020). The F1-score was calculated manually based 

on these precision and recall values. Mean average precision (mAP) was calculated by looping 

through 1,000 confidence thresholds between 0 and 1, calculating precision and recall at each of 
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these thresholds, and computing mAP at each threshold by approximating the area under the 

precision-recall curve. The precision-recall curves were created by plotting the precision and 

recall values stored at every confidence threshold. For the CNN models, I reported the average of 

these evaluation metrics and their standard deviations (SD) from all 10 models with a prediction 

threshold of 0.5 or greater and an IoU threshold of 0.4 or greater to evaluate performance for 

both image datasets. These evaluation metrics are further defined in 2.2.9.  

2.2.5 Li dar data collection 

An airborne lidar scan of the study site was collected during October 2023 with a DJI 

Matrice 600 sUAS ((DJI, Shenzen, China) that carried the Voyager by YellowScan sensor 

(Saint-Clément-de-Rivière, France). The lidar unit attached to the sUAS flew 120 m above 

ground level at five m/s with a maximum of eight returns per laser pulse. A return is the number 

of reflected laser pulses detected and recorded by the sensor after the initial laser pulse emitted 

by the unit. Other units were also flown at this height above ground and speed setting with only a 

maximum of three to five returns including the Mapper by YellowScan (Saint-Clément-de-

Rivière, France) and the DJI Zenmuse L2 with the DJI Matrice 350 sUAS (DJI, Shenzen, China). 

These additional datasets were not used for this project but may be useful to compare detection 

among the different units in the future. The Voyager had the best penetration through the canopy 

and used to analyze forest structure for this project. These lidar scans were completed using 

NTRIP, so this point cloud data is accurately aligned with the location of the study site. 

2.2.6 Li dar data processing 

The workflow for lidar data processing can be found below (Figure 7). The resulting lidar 

point cloud was a large .las file, approximately 12 Gigabytes (GB). I first started by taking a 450 

m by 100 m section of the study site that overlapped with the image orthomosaic and cropped 

this portion of the point cloud into five segments in QGIS (version 3.36.2) to make data 

processing possible without crashing. I used R (version 4.4.1) and the lidR package (version 

4.1.2) to filter out duplicate and outlier points, such as floating points above the canopy (Figure 

8) (Roussel et al., 2020). I also used the lidR package to normalize the height of the point cloud 

and create a digital terrain model (DTM) and a digital surface model (DSM) (Figure 8) (Roussel 
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et al., 2020). From the processed point cloud, I extracted additional metrics such as canopy 

height model (CHM), point density at a vertical slice with z-values from four to six meters, plant 

area index (PAI), and foliage height diversity (FHD). A CHM subtracts the DTM, or the ground, 

from the DSM, or the tops of the trees and objects above ground, to get the vertical height of the 

canopy, shown below in equation A. I chose to focus on point density from z-values between 

four to six meters because that is typically where tree trunks are located, and I hypothesized that 

high point density in this region will indicate a high number of strawberry guava tree trunks. PAI 

and FHD are used in other studies as forest structural metrics extracted from lidar data to get a 

sense of structural complexity, vertical distribution, canopy density, forest diversity, and to 

monitor forest structure post disaster (Atkins et al., 2023; de Conto et al., 2024; Ross et al., 

2024). Because these metrics are used to get a general sense of forest stand characteristics, they 

may be able to identify patterns specific to strawberry guava stands. PAI is a measurement of 

plant area per unit of ground, also shown below in equation B. FHD is a measure of variations in 

canopy height per area, shown below in equation C. For example, if there are multiple layers of 

vegetation in the subcanopy, that is a high FHD, versus a single standing tree, which is a low 

FHD. The latter two metrics were calculated with PyForestScan (version 0.2.1). All  these metrics 

resulted in a raster or .tif file with one by one meter cells. I made a raster stack of the point 

density of z-values from four to six meters, CHM, FHD, and PAI rasters and masked out any 

raster cell values of zero. This raster stack required each raster had a matching extent and 

projected coordinate system, WGS 84, UTM Zone 5. I extracted the cell values from the raster 

stack that overlapped with the digitized strawberry guava and other trees polygons. After 

processing, there were 10,597 one by one meter cells for strawberry guava and 6,677 one by one 

meter cells for other trees. The cell values associated with these polygons were assigned a class 

label and used to train the random forest model.  

ὃ ὅὥὲέὴώ ὌὩὭὫὬὸ ὓέὨὩὰ ὅὌὓ ὈὛὓὈὝὓ 

Where DSM stands for Digital Surface Model and DTM stands for Digital Terrain Model. 

 

ὄ ὖὰὥὲὸ ὃὶὩὥ ὍὲὨὩὼ ὖὃὍ  В ὖὃὈȟ " 
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Where ὖὃὈ ÉÓ the Plant Area Density (the amount of plant material in a vertical slice of the 

forest), Ὥ ρȟ Ὥ  is between adjacent layers, ὲ is the total number of vertical layers in a 

column 

ὅ ὊέὰὭὥὫὩ ὌὩὭὫὬὸ ὈὭὺὩὶίὭὸώ ὊὌὈ  ὴὰὲ ὴ   

Where Ð is the proportion of total plant material in a voxel, É is relative to the entire 

vertical column, Î is the number of vertical layers in the canopy. 

 

Figure 7. Workflow showing how I prepared the lidar data to train a random forest classification 

model to detect strawberry guava. 
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Figure 8. Processing the raw lidar point cloud with lidR included A) removing outlier, floating 

points above the tree canopy highlighted by the red boxes, B) subtracting the tree height 

elevation (DSM) and from the ground elevation (DTM) C) to normalize the point cloud and get a 

CHM. 

2.2.7 Random Forest 

 I created random forest models using the randomForest package (version 4.7-1.2) in R to 

predict where strawberry guava is located based on the forest structural metrics derived from 

lidar data. This package has functions to generate classifications using random inputs in several 

decision trees based on Breiman (2001; Biau & Scornet, 2016; Cutler et al., 2012). The dataset 

was split into 90% training data and 10% test data with the relative ratios of each of the classes 

preserved. I instructed the code to measure the importance of the predictors to be assessed, 

meaning the model measured how much each predictor, or forest structural metric, contributed to 

making accurate predictions and which predictors are most important to the modelôs decisions. 

This was evaluated by mean decrease accuracy (MDA), which measures how much a modelôs 

accuracy would decrease by removing a metric and helps understanding of which predictors 

drive the modelôs predictions. The model predicted two classes, strawberry guava and other 

trees, because a minimum of two classes was required. Bare ground was not counted as a class 

because CHM values of zero were masked out for classification to focus on vegetation. Once the 
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model was finished training, I was able to use it to make predictions on the portion of test data 

and the ground truth plots to evaluate its performance. Precision, recall, and F1 score were 

calculated using the confusion matrix function from the caret package in R. These evaluation 

metrics are further defined in 2.2.9.  

2.2.8 Ground truth data collection 

To validate my observations of strawberry guava trees in the imagery and lidar data, I 

collected global positioning system (GPS) points of strawberry guava trees in the area as ground 

truth data. The GPS locations of these trees were recorded using Trimble R10 differential GPS 

equipment including a base station, a mobile rover receiver, and repeater antenna to broadcast 

the signal of the base station (Trimble Inc., Sunnyvale, CA). With a base station, I observed that 

the rover received an error of two centimeters to two meters from the true location when 

recording points of tree locations in the dense forest. I collected 263 GPS locations of strawberry 

guava clusters and individual tree stems (Figure 9). In addition to taking photos of each 

observation to look back at when exploring the image and lidar data, I took note of the following:  

¶ Whether the tree was standing alone or part of a larger cluster of trees. 

¶ The approximate number of trunks in a cluster of trees.  

¶ Whether the tree crown was visible in the canopy or covered by another tree.  

¶ Whether there were uluhe ferns climbing up the base of the tree or not.  

¶ Other notable features about the tree such as if a tree trunk split in two or if a tree 

was leaning.  

As well as these ground truth points, I also exhaustively recorded the GPS location of 

every tree greater than two meters tall in three 20 m by 20 m plots (Figure 9). Each plot was 

located along the roadside and ranged in density of strawberry guava trees. Strawberry guava 

tree stems were categorized as individuals, single tree stems at least two meters apart from 

another tree and clusters, groups of tree stems less than two meters apart from each other. The 

first plot had a few scattered strawberry guava individuals; the second plot had a mix of 

strawberry guava clusters and individuals; and the third plot was completely dominated with 

dense strawberry guava stands and individuals. The goal of surveying these plots was to capture 
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the variability of strawberry guava abundance at this site and further investigate my modelôs 

performance detecting strawberry guava trees. Plot A was dominated by óǾhióa trees (21 trees) 

with a few individual strawberry guava tree stems (nine individual tree stems, one cluster of four 

tree stems) (Table 2). Plot B was a mix of óǾhióa (13 trees), strawberry guava (25 tree individual 

tree stems and 15 tree clusters of four or more tree stems), and other non-native trees, including 

tropical ash and red cedar (four trees) (Table 2). Plot C was completely dominated by strawberry 

guava (13 individual tree stems and 27 tree stem clusters) and one óǾhióa tree (Table 2). I did not 

record GPS points in plot C due to the dense cover of strawberry guava throughout the plot. 

Instead, I created points in ArcGIS Pro (version 3.1) and used cross sections of the point cloud in 

Global Mapper Pro (version 25.0) to identify the individual stems and clusters of strawberry 

guava tree stems in plot C. Images taken at the site that overlap with the ground truth plots 

(Figure 10) were not used during training and were instead used to test the model and evaluate its 

performance.   
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Figure 9. A map of the ground truth points I surveyed using the Trimble GPS equipment 

(Trimble Inc., Sunnyvale, CA). The brown points are clusters and individuals I surveyed to get a 

sense of what strawberry guava looks like in the data. I also surveyed every tree in three 20 m by 

20 m plots. Plot A on the right is dominated by óǾhióa with individual strawberry guava trees 

mixed in. Plot B in the middle has a mix of strawberry guava, óǾhióa, and other trees. Plot C on 

the left-hand side is dominated by strawberry guava trees.  

 

Table 2. The number of strawberry guava individuals, strawberry guava clusters, óǾhióa trees, 

and other non-native recorded tree points in each plot. 

 Strawberry guava 

individual tree stems 

Strawberry guava 

clusters (> 4 tree stems) 

óǽhióa Other non-native 

trees 

Plot A 9 1 21 0 

Plot B 25 15 13 4 

Plot C 13 27 1 0 
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Figure 10. Georeferenced images taken via sUAS (top row) and helicopter (bottom row) of the 

ground truth plots used to test the CNN model after training to see if it identifies the strawberry 

guava in these plots. 

I created polygons around the strawberry guava and other non-strawberry guava trees to 

extract the forest structural metrics from the lidar data. I used Esriôs ArcGIS Pro (version 3.1) to 

digitize an image orthomosaic generated by Pix4D Mapper (version 4.8.4) and derived from the 

sUAS imagery for strawberry guava trees and other trees for the random forest training data 

(Figure 11). I digitized a total of 501 strawberry guava polygons and 902 polygons of other trees 

including óǾhióa, tropical ash, and red cedar grouped together as non-strawberry guava trees at 

the study site. For the ground truth plots, I used Global Mapper Pro to classify the point cloud for 

strawberry guava trees and other non-strawberry guava trees and created polygons around these 

classified areas to verify every tree in the plots were recorded. Plot A had 21 óǾhióa polygons, 

one other non-native tree polygon, and one strawberry guava polygon (Table 3). Plot B had 11 

óǾhióa polygons, 13 strawberry guava polygons, and two other non-native tree polygons (Table 

3). Plot C had one óǾhióa polygon, one other non-native tree polygon, and 17 strawberry guava 

polygons (Table 3). I also used these digitized polygon areas to compare how well I could 

identify strawberry guava trees compared to the actual ground truth points and the model 

predictions in these three plots (Figure 9 & 11).  
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Figure 11. A map of the study site showing the 450 m by 100 m area of interest for the point 

cloud outlined in the red rectangle on top of the image orthomosaic. Strawberry guava trees were 

digitized in orange and other tree species such as óǾhióa and tropical ash were digitized in blue. 

The map also shows the polygons I created using the point cloud for the three 20 m by 20 m 

plots, highlighted in purple.  

Table 3. The number of polygons for strawberry guava trees and other trees in each plot. 

 Strawberry guava Other trees 

Plot A 1 22 

Plot B 13 13 

Plot C 17 2 

2.2.9 Evaluation  

The CNN and random forest models were evaluated by calculating precision, recall, and 

F1 score. In addition to these metrics, mAP was calculated for the CNN models and accuracy 
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was calculated for the random forest model. Precision evaluates how good the model is at 

predicting whether the species is detected (Padilla et al., 2019; Siblini et al., 2020; Zhang et al., 

2021). This is represented by the ratio of labeled trees that are correctly identified, or true 

positives, out of all the predicted detections and classifications shown below in equation A 

(Padilla et al., 2019; Siblini et al., 2020; Zhang et al., 2021). Recall evaluates the percentage of 

predicted detections and classifications it got correct based on the ground truth labeled trees 

(Padilla et al., 2019; Siblini et al., 2020; Zhang et al., 2021). This is represented by the ratio of 

correctly identified true positives, out of all ground truth labeled trees shown below in equation 

B (Padilla et al., 2019; Siblini et al., 2020; Zhang et al., 2021).  

Intersection over union (IoU) is a metric used by the CNN models to measure the overlap 

between the model predicted boxes and ground truth boxes to determine whether a predicted box 

is correct (Everingham et al., 2010). The IoU threshold that metrics are based on for the CNN 

models is the ratio of the area of overlap and area of union of the ground truth and model 

predicted boxes shown below in equation C (Everingham et al., 2010; Weinstein et al., 2019; 

Zhang et al., 2021). IoU thresholds can range from 0, no overlap, to 1, where both the ground 

truth and model predicted box are the same and completely overlap (Weinstein et al., 2019). The 

typical IoU threshold for object detection problems is 0.5 indicating at least half of the model 

predicted box and ground truth box overlaps to be considered a correct prediction (Weinstein et 

al., 2019). However, Weinstein et al. (2019) found that the standard IoU threshold of 0.5 does 

not capture all the true positive predicted boxes, so their standard IoU threshold for tree crown 

detection is set to 0.4. This means predicted boxes that overlap with ground truth boxes by 40% 

or more are a true positive and those that overlap less than 40% are considered negative 

predictions (Everingham et al., 2010).  The CNN models also used prediction threshold of 0.5 or 

greater to assess the probability of a model predicted box. In this case, if a model predicted box 

is positive with 50% or greater probability, it is a positive prediction. However, if a model 

predicted box is positive with less than 50% probability, it is considered a negative prediction. 

Average precision (AP) is a metric used to evaluate the overall performance and accuracy 

of object detection models by calculating the area under the precision and recall curve. The mean 

average precision (mAP) is an evaluation metric that calculates the AP for each class in a dataset 

at a fixed prediction threshold and IoU. The fixed thresholds mAP was calculated with in these 

models are prediction threshold of 0.5 and an IoU of 0.4 (Rezatofighi et al., 2019). F1 score 
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brings together precision and recall metrics and is calculated as the harmonic mean of precision 

and recall shown below in equation D (Padilla et al., 2019; Siblini et al., 2020; Zhang et al., 

2021). F1 score is another form of assessing the modelôs accuracy by considering the true 

positive predictions, calculated by precision, and how well the model identified the ground truth 

labeled trees, calculated by recall. F1 score and mAP are also good for balancing and averaging 

the results of multi-class dataset results, but in this project, I only focused on detecting and 

classifying one class, strawberry guava. The random forest model also assesses the modelôs 

accuracy when making predictions on the test data. This is calculated by the proportion of correct 

classifications out of the total number of classifications made shown below in equation E.  
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2.2.10 Statistical Analysis 

 In addition to the evaluation metrics discussed in the previous section, I conducted 

statistical analyses in R to examine patterns in the ground truth plots. I conducted a Wilcoxon 

signed-rank test to compare visible strawberry guava tree crown area between detected and 

undetected tree crowns. I also measured this pattern with the lidar data by conducting a 

Spearmanôs rank correlation test to see if there was a relationship between visible strawberry 

guava tree crown area and the probability of strawberry guava presence. For the lidar derived 
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forest structural metrics, I also used Wilcoxon signed-rank tests to compare differences in each 

metric between strawberry guava trees and other non-strawberry guava trees in the training data 

along with calculating Cohenôs d to measure the effect size of the significance. For the ground 

truth plots, I conducted a Kruskal-Wallis test comparing the probability of strawberry guava 

presence across the three plots and comparing the forest structural metric values across the three 

plots along with the Dunnôs test to identify which plots had significant differences. I conducted 

another Wilcoxon signed-rank test to compare the probability of strawberry guava presence 

values between strawberry guava trees and other non-strawberry guava trees along with 

calculating Cohenôs d to measure the effect size of the significance. 

2.2.11 Computer resources 

The computer used for processing data, training models, and evaluation had the following 

CPU and GPU specifications: CPU (19-12900KF @ 3.19GHz) and GPU (NVIDIA GeForce 

RTX 3090 w/ 24GB RAM). 

2.3 Results 

 2.3.1 Ground truth points versus digitized areas in plots 

 I compared the recorded ground truth points within the three 20 x 20 m plots and 

digitized areas of strawberry guava to investigate differences between what was on the ground 

versus what I saw remotely in the imagery and lidar data (Figure 12). In plot A, the single 

strawberry guava polygon overlapped with the single strawberry guava cluster point and one out 

of the nine (11%) of the individual strawberry guava tree points (Table 4). My digitized area 

missed five individual strawberry guava points, however, that were hidden under a eucalyptus 

tree and three individual strawberry guava points next to óǾhióa. In plot B, 13 out of the 15 (87%) 

ground truth strawberry guava cluster points overlapped with my digitized strawberry guava 

polygon areas (Table 4). The two cluster points that were missed were very close to the digitized 

boundary and did not overlap due to large GPS error in this plot. 19 out of the 25 (76%) ground 

truth strawberry guava individuals overlapped with the digitized strawberry guava polygons 

(Table 4). Five of the individual points were close to the digitized boundary and did not count 

due to GPS error in this plot and one of the individual strawberry guava points that were missed 
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were hidden under a non-native tree. Because I created the points for plot C points in ArcGIS Pro 

due to high strawberry guava density throughout the plot, all the polygons overlapped with the 

strawberry guava cluster points and individual points seen in Global Mapper Pro from the point 

cloud were not easily seen in the aerial imagery (Table 4). I was able to identify 41 out of 43 

(95%) strawberry guava clusters from my digitized polygons but only 33 out 47 (70%) individual 

strawberry guava trees (Table 4). 

 

Figure 12. Comparing the ground truth points to my digitized polygons of the canopy from an 

image orthomosaic across the three 20 m by 20 m plots. Orange points and polygons represent 

strawberry guava and blue points and polygons represent trees that are not strawberry guava. 

Table 4. The counts and percentage of ground truth strawberry guava individual tree points and 

cluster points overlapping with my digitized polygons of strawberry guava. 

 Plot A Plot B Plot C Total 

Strawberry guava trees points 

indicating individuals within the 

digitized polygons 

1 out of 9 

(11%) 

19 out of 25 

(76%) 

13 out of 13 

(100%) 

33 out of 47 

(70%) 

Strawberry guava trees points 

indicating clusters within the 

digitized polygons 

1 out of 1 

(100%) 

13 out of 15 

(87%) 

27 out of 27 

(100%) 

41 out of 43 

(95%) 

 2.3.2 Object Detection CNN Using Aerial Imagery 

The models created with sUAS imagery of the green phenology stage results versus the 

models created with helicopter imagery of the red phenology stage results can be found in Table 

5. The models created with the helicopter imagery of the red phenology stage performed better 
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than the models created with the sUAS imagery of the green phenology stage (Table 5, Figure 

13). 

Table 5. The average precision, recall, mAP, and F1 score results and their standard deviations 

for the sUAS and helicopter imagery CNN cross validation models and the sUAS lidar random 

forest model detecting strawberry guava. 

Data Collection 

Method 

Phenology Precision Recall mAP F1 score 

sUAS-imagery 

(0.34 cm resolution) 

Green 0.37 (0.02) 0.77 (0.03) 0.79 (0.02) 0.50 (0.02) 

Helicopter-imagery 

(1.89 cm resolution) 

Red 0.44 (0.03) 0.84 (0.01) 0.85 (0.02) 0.58 (0.023) 

sUAS-lidar Green 0.78 0.67  -  0.72 

 

Figure 13. Precision and recall curves for the 10-fold cross validation models for the helicopter 

imagery and red phenology on the left and sUAS imagery and green phenology on the right. The 

red phenology models had a higher average mAP of 0.85 than the green phenology models 

average mAP of 0.79.  

 

When evaluating both object detection modelsô performance on the ground truth survey 

plots, 7 out of 10 (70%) of the green phenology model predictions were correct and 13 out of 13 

(100%) of the red phenology model predictions were correct (Figure 14, Table 6). The model 

trained on the green phenology stage was given a test image and generated three incorrect 

prediction boxes that range in confidence from 53% to 70% that overlapped with plot A (Figure 
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14, Table 6). Two of the boxes overlapped with the eucalyptus in the plot and the other box was 

on a patch of vegetation that was not surveyed as a tree in the plot. The model trained on the red 

phenology stage was given a test image of the same area and one prediction box with a 

confidence of 76% that overlapped with the only cluster of strawberry guava plot A (Figure 14, 

Table 6).  

The model trained on the green phenology stage was given a test image of plot B and 

generated four correct prediction boxes that range in confidence from 55 to 75% (Figure 14, 

Table 6). These correct prediction boxes captured five out of the 13 (38%) digitized strawberry 

guava polygons, 13 out of the 25 (52%) individual strawberry guava point, 13 out of the 15 

(87%) strawberry guava cluster points, and one óǾhióa tree point (Figure 14, Table 6). When the 

model trained on the red phenology stage was given a test image of plot B, six correct prediction 

boxes were generated and that range in confidence from 62% to 93% (Figure 14, Table 6). These 

correct prediction boxes captured five out of the 13 (38%) digitized strawberry guava polygons, 

six out of the 25 (24%) individual strawberry guava point, 11 out of the 15 (73%) strawberry 

guava cluster points, and one óǾhióa tree point (Figure 14, Table 6).  

Lastly, the models predicted on test images of the plot C. The green phenology stage 

model generated three correct prediction boxes that range in confidence from 68% to 77% 

(Figure 14, Table 6). These prediction boxes captured six out of the 17 (35%) digitized 

strawberry guava polygons, two out of the 13 (15%) individual strawberry guava points, and 17 

out of the 27 (63%) strawberry guava cluster points (Figure 14, Table 6). The phenology stage 

model generated six correct prediction boxes that range in confidence from 58% to 87% (Figure 

14, Table 6). The prediction captured six out of the 17 (35%) digitized strawberry guava 

polygons, two out the 13 (15%) individual strawberry guava points, and 15 out of the 27 (56%) 

strawberry guava cluster points (Figure 14, Table 6).  
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Figure 14. The top row shows the green strawberry guava canopy model predictions on images 

of the ground truth plots, shown by the red boxes. The bottom row shows the red flush 

strawberry guava canopy model predictions on images of the ground truth plots. The ground 

truth points and digitized polygons of the canopy are overlaid on the three 20 m by 20 m plots to 

assess how well the model performed. Orange points and polygons represent strawberry guava 

and blue points and polygons represent trees that are not strawberry guava. 
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Table 6. The number of correct model predictions, the box confidence range and the number of 

digitized strawberry guava polygons and points the model prediction boxes overlapped with in 

each plot and both phenology stages. 

Plot Phenology # of correct 

predictions 

out of all 

the 

predictions 

in the plot 

Prediction 

confidence 

range 

# of polygons 

detected out 

of all 

polygons 

# of 

strawberry 

guava 

individual 

points 

detected out 

of all 

individual 

points 

# of 

strawberry 

guava cluster 

points 

detected out 

of all cluster 

points 

Plot A Green 0/3 53-70% 0/1 (0%) 1/9 (11%) 0/1 (0%) 

Plot B Green 4/4 55-75% 5/13 (38%) 13/25 (52%) 13/15 (87%) 

Plot C Green 3/3 68-77% 6/17 (35%) 2/13 (15%) 17/27 (63%) 

Plot A Red 1/1 76% 1/1 (100%) 0/9 (0%) 1/1 (100%) 

Plot B Red 6/6 62-93% 5/13 (38%) 6/25 (24%) 11/15 (73%) 

Plot C Red 6/6 58-87% 6/17 (35%) 2/13 (15%) 15/27 (56%) 

 

 As densities of strawberry guava are higher across the plots, the number of detected 

strawberry guava trees is also higher, shown in Figure 14 and Table 6. To further investigate the 

significance of this relationship, the detected and undetected digitized polygons of strawberry 

guava and their tree crown area were compared. There is a statistically significant difference 

between the tree crown area of strawberry guava detected and undetected among all three plots 

during the red phenological stage (W = 46, p-value < 0.05) with a medium effect size (Cohenôs d 

= -0.78). The mean crown size detected during the red phenological stage is 22.51 m² with a 

minimum size of 1.09 m² and maximum size of 126.86 m². The mean crown size not detected 

during the red phenological stage is 4.31 m² with a minimum size of 1.60 m² and maximum size 

of 29.44 m². There is also a statistically significant difference between the crown size of 

strawberry guava detected and undetected among all three plots during the green phenological 

stage (W = 31, p-value < 0.05) with a large effect size (Cohenôs d = -1.03). The mean crown size 

detected during the green phenological stage is 26.12 m² with a minimum size of 1.72 m² and 
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maximum size of 126.86 m². The mean crown size not detected during the green phenological 

stage is 3.12 m² with a minimum size of 1.09 m² and maximum size of 10.96 m². The bar plots 

below show smaller sized crowns undetected by the models and then at slightly larger size start 

to be detected by the models (Figure 15). 

 

Figure 15. Bar plots demonstrating the relationship between strawberry guava tree crown area by 

detected versus undetected trees by the red phenology model (left) versus the green phenology 

model (right). 

2.3.2 Random Forest Classification Using Lidar Data 

After training the random forest model with the forest structural metrics derived from 

lidar data with 500 trees, it achieved an accuracy of 0.63, a precision of 0.78, a recall of 0.67, and 

F1 score of 0.72 (Table 5). When assessing variable importance for detecting strawberry guava 

trees from lidar data, PAI received the highest MDA of 67.96, meaning it is the most significant 

predictor of strawberry guava versus other trees. PAI was closely followed by CHM with an 

MDA of 53.58, FHD with an MDA of 43.99, and point density from z-values of four to six 

meters with an MDA of 40.10 (Figure 16). When further investigating each of the individual 

forest metrics derived from lidar data, I found that there are statistically significant differences 

between strawberry guava trees and other non-strawberry guava trees used in the training data 

for CHM (W = 3120793, p-value < 0.01), FHD (W = 2839049, p-value < 0.01), and PAI (W = 

2621668, p-value < 0.0001), though all had a small effect size (Cohenôs d < 0.22). There was not 

a statistically significant difference between strawberry guava trees and non-strawberry guava 
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trees used in the training data for point density at z-values equal to four to six meters (W = 

3022688, p-value = 0.34) with a small effect size (Cohenôs d < 0.1) (Figure 17).  

 

Figure 16. A plot showing the mean decrease accuracy (MDA) across all the forest structural 

metrics derived from lidar data demonstrating the most important metrics to the least. PAI and 

CHM had the highest MDA followed by FHD and point density from four to six meters. 
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Figure 17. Box plots showing the distributions of canopy height (CHM), foliage height diversity 

(FHD), plant area index (PAI), point density at z-values equal to four to six meters for strawberry 

guava compared to the other trees that are not strawberry guava at the site, like óǾhióa, tropical 

ash, and red cedar.  

When evaluating the random forest modelôs performance on the ground truth survey 

plots, a raster output was generated where each cell contained the probability of strawberry 

guava classification between zero and one based on the forest structural metrics derived from 

lidar data (Figure 18). The probability is the proportion of trees in the random forest that voted 

strawberry guava as the predicted class of the raster cell based on the forest structural metrics 

derived from lidar data. Areas within the plots where CHM, PAI, FHD, and point density at z-

values equal to four to six meters are equal to zero were excluded because these values indicate 

ground, ferns, or other vegetation less than four meters tall, not trees. This is why some areas 

within the plot do not have cells with probability values.  

There is an overall statistically significant difference between the probability values 

across all three plots (Chi-squared = 104.58, p-value < 0.0001) (Figure 19). The mean 

probability of strawberry guava presence in plot A was 0.56, plot B was 0.64, and plot C was 

0.73. To further investigate the statistically significant differences in probability, I compared the 

forest structural metric values between the plots (Figure 18). The Kruskal Wallis test revealed 

that there were statistically significant differences in CHM (Chi-squared = 14.334, p-value < 

0.001), FHD (Chi-squared = 9.4722, p-value < 0.01), PAI (Chi-squared = 63.099, p-value < 
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0.0001), and point density at z values of four to six meters (Chi-squared = 34.911, p-value < 

0.0001) among the plots (Figure 20). The specific statistically significant differences between the 

plots can be found in Figure 20. 

 

Figure 18. The random forest modelôs predictions on one by one meter raster cells on the ground 

truth plots based on the forest structural metrics derived from the lidar data. The ground truth 

points and digitized polygons of the canopy are overlaid on the three 20 m by 20 m plots to 

assess how well the model performed. Orange points and polygons represent strawberry guava 

and blue points and polygons represent trees that are not strawberry guava. 
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Figure 19. A box plot showing the distribution of probability of strawberry guava presence for 

one by one meter pixels with displayed values (excluded raster cells values where CHM, PAI, 

FHD, and point density at z-values equal to four to six meters were equal to zero from the test 

data) across all three ground truth plots. There is a statistically significant (Chi-squared = 104.58 

p-value < 0.0001) difference between all three plots and the probability of strawberry guava 

classification. 
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Figure 20. Box plots of comparisons for the four metrics derived from lidar between each ground 

truth plot. There are statistically significant differences between CHM, FHD, PAI, and point 

density at z-values from four to six meters across the plots. ñ*ò indicate significant differences 

and ñnsò indicate no significant differences between plots.  

 

 When evaluating the differences in classification probabilities between strawberry guava 

and other non-strawberry guava trees, I extracted the probability values from the polygons 

(Figure 21). There was a statistically significant difference between the probability of 

classification of strawberry guava trees and other non-strawberry guava trees (W = 61837, p-

value < 0.0001) with a medium effect size (Cohenôs d = 0.77). The mean probability of 

strawberry guava classification from strawberry guava polygons in all the plots was 0.73 and the 

mean probability of strawberry guava classification in other trees polygons in all the plots was 

0.57. This means that based on the forest structural metrics, 57% of the trees in the random forest 

predicted strawberry guava for a non-strawberry guava tree cell. Because the probability of 
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detecting trees was hypothesized to be greater with a greater stand size and crown area, a 

correlation test was used to determine if there is a relationship between the two variables. There 

is no correlation between crown size and probability of strawberry guava presence in the plots (S 

= 2962, R = 0.27, p-value = 0.1556), even when the single outlier point is removed (S = 2962, R 

= 0.19, p-value = 0.33). 

 

Figure 21. Histograms of the probability of strawberry guava presence values extracted from the 

polygons (top row) for strawberry guava trees and other non-strawberry guava trees. There is a 

significant difference in the probability of strawberry guava values extracted from the polygons 

(W = 61837, p-value < 0.0001). 

2.4 Discussion 

2.4.1 Object Detection CNN Using Aerial Imagery 

Seasonal phenological changes in strawberry guava trees does impact detection in high 

resolution RGB aerial imagery. The red phenology model performed better than the green 
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phenology model across all evaluation metrics (Table 5). This indicates that the red leaf canopy 

that occurs for a short period during springtime is more identifiable by the model than the green 

leaf canopy, an example of this is shown in Figure 22. This is important to note for future 

mapping work for strawberry guava from aerial imagery. Similar work has been done on tree 

crown detection from high resolution aerial imagery with a CNN based on DeepForest, but I 

could not find any studies specifically detecting invasive tree species or examining detection 

during different phenological stages, besides periods of flowering (Gan et al., 2023; Jemaa et al., 

2022; Persson, 2024). Gan et al. (2023) reported similar results to this project with an F1-score 

of 0.52 for trees in a temperate deciduous forest, compared to my F1-score of 0.58 from the 

models trained on images during the red phenology stage and 0.50 from the models trained in 

images during the green phenology stage. However, the other two studies received higher F1-

scores ranging from 0.73 to 0.95 for trees in an orchard and homogeneous coniferous forest 

(Jemaa et al., 2022; Persson, 2024). Gan et al. (2023) reported their lower recall and F1-score 

results were generally due to heterogeneous forest conditions where forests with different shapes, 

sizes, and species of tree had a negative impact on tree crown detection, also reported in other 

studies (Berra, 2020; Hastings et al., 2020). This also is true because the forests in the studies 

with higher F1-scores were detecting tree crowns in homogenous forests and orchards with only 

one tree species present (Jemaa et al., 2022; Persson, 2024). In terms of the study site being a 

heterogeneous forest, these results are comparable to other studies doing tree crown detection 

with CNNs. 
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Figure 22. An example of an image taken with an sUAS zoomed into a strawberry guava patch 

during the green phenology stage (left) and an image taken via helicopter zoomed into the same 

strawberry guava patch during the red phenology stage (right). 

 

Another factor that may have contributed to the performance of the CNN models were 

the other objects in the images that were incorrectly predicted as strawberry guava. Examples of 

false positives generated by both models include edges of óǾhióa trees, skeletons of trees, branchy 

bases of trees before the leaves begin, patches of uluhe ferns, grass and ground patches (Figure 

23). Strawberry guava canopy has less foliage than other surrounding trees at this site, causing it 

to look more branchy than fuller canopies. Some of these false positive predictions make sense 

because they have similar structures although incorrect. Other examples of false positives 

specific to the model trained on red strawberry guava canopy were red óamaóu ferns (Sadleria 

spp.) and cases where the red canopy looked brown and blurred due to being at the edge of the 

image and not annotated. Other studies with CNN models based on DeepForest trained on tree 

crowns also experienced similar cases of false positives. These included other trees that were not 

the tree species of interest, other patches of vegetation such as bushes, and if the tree species of 

interest was smaller or not as distinct, the model missed it altogether (Jemma et al., 2022; 

Persson, 2024).  
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Figure 23. Examples of false positive predictions made by the model at a confidence threshold of 

0.5 or greater highlighted by the yellow circles: A) patches of ground and uluhe ferns, B) 

skeletons and dead trees, C) the trunks of trees below the base of the canopy, and D) red óamaóu 

ferns. 

 

While bounding boxes are simple and the standard method of annotating objects for 

object detection tasks, boxing irregularly shaped objects like clusters of strawberry guava trees, 

can lead to challenges. Strawberry guava trees donôt cluster in a uniform way and their crowns 

are all shapes and sizes from an aerial view. Due to these irregular crowns, they can be boxed in 
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a variety of ways. If my boxes were not tight around the canopy, they would likely include other 

trees and irrelevant background vegetation in the annotation labeled as strawberry guava. Other 

causes of variation in the model results could be that the training images for the sUAS and the 

helicopter were slightly different resolutions, approximately 1.5 cm GSD difference (Figure 22). 

To create a more robust model, more images should be annotated and taken at a variety of 

resolutions and locations. 

When examining the modelsô performance on the ground truth plots, 34% of the 

individual strawberry guava points and 70% of the cluster of strawberry guava points were 

detected in the image with green phenology and 17% of the individual strawberry guava points 

and 63% of the cluster of strawberry guava points were detected in the image with red phenology 

(Table 6). There are more clusters of four or more strawberry guava trees being detected than 

individuals across the plots and both models showed a statistically significant difference in 

visible tree crown area between detected and not detected strawberry guava trees. A review on 

tree species detection methods discusses how the round and conical shapes of a tree crown is 

helpful for species recognition of deciduous trees (Michağowska & RapiŒski, 2021). However, 

the variability of tree crown area, shape, and number of trees that cluster make it difficult to 

prove this relationship within these three plots. The points and detections that do overlap show 

that clusters of strawberry guava trees are detected more than individuals in these plots, despite 

visible tree crown area. Overall, high resolution RGB aerial imagery is useful for identifying 

where clusters of trees are located to get a general sense of where most of the population is 

distributed. Because eradication of this invasive species is impossible on Hawaiói Island, 

identifying clusters of strawberry guava trees is also useful for future biocontrol releases to 

increase the probability of successful landing in the canopy, spreading to more trees, and running 

a detection model for strawberry guava in new areas to see if these efforts are effective at 

reducing the spread.  

 2.4.2 Random Forest Classification Using Lidar Data 

 Forest structural metrics including canopy height, foliage height diversity, and plant area 

index ranked as important predictors for strawberry guava detection. Canopy height is often an 

important metric for detecting tree species in other studies in forest settings (Ghosh et al., 2022; 

Li et al. 2022). Many studies also use CHMs to segment and delineate one species from another 
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to create training data (Shen & Cao, 2017; Weinstein et al., 2019). Although some of the studies 

that use CHMs in their process of detection, they do acknowledge many smaller trees are missed 

due to taking the maximum height in a raster cell or voxel (Michağowska &  RapiŒski, 2021; 

Shen & Cao, 2017). This may also link to why individual target trees next to other trees may 

have been missed or show low detection probabilities. While I wanted to investigate other forest 

metrics to identify strawberry guava, canopy height still proved to be one of the most important 

predictors to the model with the second highest MDA.  

At the beginning of this project, I hypothesized that point density at z-values between 

four to six meters where the high density of tree trunks is located would be a significant metric 

when identifying strawberry guava. However, it was the least significant variable in the model 

and plant area index was the most significant variable in the model. This may be due to variable 

uluhe also located at these vertical slices climbing up both strawberry guava and other trees at 

this site. The presence of uluhe calculated into the treeôs point density, and other metrics 

including FHD and PAI. This resulted in an inaccurate representation of the density of tree 

trunks that were there (Figure 24). This would not be an issue if uluhe occurred at a consistent 

height in the understory, but it was present at various heights in the understory at this site. 

Despite the uluhe, plant area index being ranked the highest predictor for the model can also be 

linked to large stands and cluster of strawberry guava, having a lot more plant area than a single 

óǾhióa tree. I did attempt to mitigate the uluhe presence by using treeseg, an open-source 

software used to extract individual trees from dense lidar point clouds, but the diameter at breast 

height (dbh) was too small to extract strawberry guava trees from within the uluhe (Burt et al., 

2018). 
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Figure 24. An example of uluhe ferns in the understory, climbing up strawberry guava trees in 

the field (left) and in the point cloud (right). 

 

The classification model received the highest values of precision and F1 score compared 

to the CNN models (Table 5). Other studies also extracting metrics from lidar for tree species 

detection received F1-scores ranging from 0.74 to 0.98, compared to my F1-score of 0.72 

(Airlangga, 2024; Krishna Moorthy et al., 2020). My results fall approximately two standard 

deviations away from the other F1 scores of similar work using random forest for tree species 

detection. However, their accuracy values were 0.90 and above compared to my accuracy of 0.63 

(Airlangga, 2024; Krishna Moorthy et al., 2020). Some of the models receiving higher accuracies 

and F1-scores could be due to more metrics being extracted from the lidar including other height 

distribution metrics, vertical structure metrics, and shape and orientation features (Airlangga, 

2024; Krishna Moorthy et al., 2020). It could also be due to the variable densities of uluhe 

mentioned above. 

 When examining the performance on the ground truth plots, the model was able to 

capture the greater abundance in strawberry guava across the plots resulting in greater 

probabilities of strawberry guava presence (Figure 19). While tree crown area did not have a 

strong relationship with high probabilities of strawberry guava presence, likely due to the 

variability in tree crown area and structural metrics in clusters versus individuals, other structural 
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metrics did show a relationship to strawberry guava presence. When breaking down each metric 

per plot, canopy height is smallest in plot A and plot B is slightly larger than plot C, 

demonstrated in Figure 20 and 25. FHD is the lowest in plot A because there are a lot of 

individual strawberry guava trees without a lot of uluhe in the understory whereas FHD is similar 

between plot B and C due to the large stands and variable uluhe climbing up the trunks leading to 

more foliar diversity (Figure 20 & 25). Like the box plot showing increasing strawberry guava 

probability across the plots, PAI shows a similar pattern. Again, there is not a lot of plant area 

among individual trees in plot A (Figure 20 & 25). There is a mix of high plant area with large 

clusters, but also low plant area with individual trees in plot B (Figure 20 & 25). The largest 

plant area is recorded in plot C where strawberry guava dominates the plot, but also has the most 

uluhe contributing to this PAI calculation (Figure 20 & 25). And there is an increase in point 

density at z-values from four to six across the plots as strawberry guava abundance is greater 

(Figure 20 & 25).  

 

 

 

 

 

 



51 
 

 

Figure 25. Cross sections of the point cloud for plot A, B, and C demonstrating the progressively 

greater strawberry guava abundance across each plot. Purple points indicate strawberry guava, 

dark purple points are clusters and light purple are individual strawberry guava trees. The 

yellow-green colored points are other trees, in this case óǾhióa trees. 

2.4.3 Comparing aerial imagery and lidar  for detecting strawberry guava 

 Overall, both remote sensing methods and models can detect strawberry guava, especially 

clusters of strawberry guava trees. The random forest classification model trained with forest 

structural metrics derived from lidar performed better in terms of precision than the object 

detection CNN model while the CNN model trained with high resolution RGB aerial images of 

the forest canopy performed better in terms of recall than the random forest model (Table 5). 

However, the performance of the CNN model can be equalized to match the random forest by 

adjusting the confidence threshold. The model based on forest structural metrics consisted of 

four different metrics, whereas the model trained on aerial images consists of RGB spectral 

information. Having more information about this tree may have helped its ability to identify this 

invasive species in the lidar data, but both models and remotely sensed data contain valuable 

information about strawberry guava.  

A different amount of effort went into processing and annotating the data to train the 

machine learning models. The data collection process was very similar for both datasets, 
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attaching the sensor units to an aircraft and flying over the site. With the RGB aerial imagery, 

raw images were cropped and ready for annotating, whereas with the lidar information there 

were a lot more processing steps to prepare the data for training. In terms of annotation, 

digitizing the image orthomosaic to classify the lidar point cloud took approximately 10 hours 

and drawing boxes around strawberry guava tree crowns took about 20 hours for each image 

dataset including time to review and check the annotations. If given a new image dataset to 

detect strawberry guava, no preprocessing would need to be completed, and this already trained 

model can be used to predict where strawberry guava is located in raw images. Although, 

cropping and annotating a few of the new images may improve model performance to integrate a 

different resolution or time of day. If given a new lidar dataset to identify areas of strawberry 

guava presence, this already trained model could classify a raster dataset, but images and ground 

truth data from this new area is needed to confirm if the model predicted correctly. 

There were several examples of false positives that led to low precision in the models 

trained with aerial imagery that could be eliminated with lidar information. Scenarios where 

patches of ground or uluhe were falsely predicted by the object detection CNN model are areas 

where lidar can detect strawberry guava correctly because canopy height is a metric considered 

in the random forest model. Scenarios where óǾhióa and skeletons of trees were falsely predicted 

by the object detection CNN model are areas where lidar can detect strawberry correctly because 

foliage height diversity and distribution of point density is considered. However, when the 

random forest model trained on lidar metrics identifies a tree that is not strawberry guava, the 

RGB aerial imagery can likely capture the differences in spectral information, like during periods 

of red flushing. Several studies combine spectral and point cloud data when training a CNN on 

these data and they have shown to have successful models when using both types of data (Li et 

al., 2022; You et al., 2023). Future work could implement both RGB imagery and lidar together 

to better target and map strawberry guava presence. By identifying true positive predictions 

made by both models, there is higher confidence that strawberry guava is present and false 

positive predictions made by both models can be eliminated to confirm absence.
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CHAPTER 3. BRAZILIAN SCALE  DETECTION

3.1 Introduction 

The Brazilian scale (Tectococcus ovatus) is a scale insect that is only known to target a 

single host, strawberry guava (Johnson, 2016; State of Hawaii, 2011). The goal of bringing this 

insect to Hawaiói and using it as a biocontrol is not to kill the trees, but to reduce strawberry 

guava tree growth, reproduction, fruit and seed production, and the need for chemical or 

mechanical control (Johnson, 2016). Once established on a leaf in a strawberry guava tree, the 

Brazilian scale continues to target new leaf growth in the tree and surrounding trees by crawling 

onto new leaves and forming pale, swollen growths that cause strawberry guava trees to use 

more energy, which reduces energy allocation to the production of seeds and fruit (Johnson, 

2016; State of Hawaii, 2011). Populations of this insect are expected to reach effective numbers 

on a target strawberry guava tree within a few years after release and spread beyond the initial 

deployment site via wind (State of Hawaii, 2011).  

In April 2023, the United States Forest Service, Big Island Invasive Species Committee, 

and SDAV lab began a project to explore different methods of deployment for the Brazilian scale 

from the ground and from the air via multiple sUAS and a helicopter. Strawberry guava leaves 

inoculated with the scale insect were tied to string, white tissue, and blue field tape and deployed 

at the canopy level via these various methods (Figure 26). These trees have since been monitored 

three, six, and 12 months after deployment in a portion of the óǽlaóa Forest Reserve (Figure 4). 

SDAV lab geospatial analysts have manually scanned the images to take note of any signs of 

biocontrol spread. This is a tedious, time-consuming task to go through hundreds of photos to 

look for galls. Using computer vision methods with high resolution RGB aerial imagery has been 

used for monitoring the effects of biocontrol and galling (De Sá et al., 2018; Pádua et al., 2020), 

but not specifically yet for the Brazilian scale. The goal of this chapter is to implement an object 

detection CNN model to automate the process of identifying and monitoring the biocontrol 

spread, or leaf galling, with the high resolution RGB aerial imagery collected by sUAS. 
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Figure 26. Examples of strawberry guava canopy from an aerial view showing the initial location 

of the biocontrol deployment indicated by the blue field tape and white tissue and how it has 

spread six months later indicated with the red circle. Signs of clustering, pale, circular, external 

growths on reddish leaves or new growth are showing here indicating the biocontrol is spreading 

from the initial deployment. (Source: SDAV lab, 2023). 

3.2 Methods 

3.2.1 Study site 

Like Chapter 2 of this paper, óǽlaóa Forest Reserve is the site where the biocontrol 

deployment and monitoring occurred (Figure 4). At this location, biocontrol was deployed to 129 

strawberry guava trees in April 2023, 62 by the pole method and 67 by the sUAS method. 

Leaves with galls were deployed on the north side of the road by sUAS and on the south side of 

the road by pole. The RTK location of each tree was recorded to revisit and monitor every few 

months.  

3.2.2 Imagery collection 

A subset of 80 trees were revisited for monitoring at this site, 39 pole trees and 41 sUAS 

trees. Images of each of these trees were taken on the day of deployment (April 2023), two 

months (June 2023), six months (October 2023), and a year (April 2024) after deployment. 

These images were taken with a DJI Mavic 3 sUAS with its built-in camera and DJI Matrice 300 
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sUAS with a DJI Zenmuse P1 camera (DJI, Shenzen, China). The sUAS took most of these 

images approximately three meters above the canopy with a 0.05 cm per pixel GSD to see the 

biocontrol spread. Images that had strawberry guava leaves with galls were annotated and used 

for training. If an image did not show any galling, the image was left out of training the model. 

Additional photos were taken to use as training data down the road at the intersection of 

Stainback Highway and North Kulani Road, in the moku or district of Puna, on Hawaiói Island 

(Figure 27). This is an area where biocontrol has been established in trees for approximately four 

to five years.  
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Figure 27. A map of the study site at óǽlaóa Forest Reserve. The orange points represent 

strawberry guava trees where Tectococcous ovatus was deployed along the road and images were 

taken to be annotated for this project in the inset map in the upper left-hand corner. The inset 

map in the middle represents another site down the road on North Kulani and Stainback 

Highway where I took additional photos of trees with the Brazilian scale established in the trees 

for additional training data. 

3.2.3 Machine learning 

This section uses the same object detection CNN model based on the python library 

DeepForest workflow and evaluation metrics introduced in Chapter 2 (Figure 28). While this 

problem could also be addressed with an image classifier, I used the existing CNN architecture 

used in Chapter 2 to see how well galling could be identified in the aerial images. Each image 

was also cropped into 1,000 x 1,000 pixel segments for annotation. If a leaf with galls is in an 

image, that leaf is labeled by drawing a bounding box around it which is recorded in an .xml file 

using LabelImg (Figure 29). The annotations include the context of the leaf instead of only 
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annotating galls because they are tiny and sometimes crowded together. I annotated 1,033 

images and made 4,656 annotations (Table 7). Before training began, I created 10 folds, 

randomly sampled equal subsets of images from the whole dataset, to conduct cross validation. 

This means that 10 models on each dataset were created, and each model took out a different fold 

of the dataset to be used as the validation data, which is used to evaluate the modelôs 

performance during training. For this image dataset, 930 images and their bounding box 

annotations are used for training and 103 images and their annotations are used during validation 

(Table 7). All models were trained for 50 epochs in batches of 6 data examples at a time because 

the results stay consistent beyond these many passes through the dataset. All models also had a 

learning rate of 0.001, a non-maximum suppression (nms) threshold of 0.05, and image 

augmentation, which generates random images based on the training data by rotating 90 degrees, 

horizontal flipping, and randomly adjusting the scale of the image. The evaluation metrics were 

calculated based on a prediction confidence threshold of 0.5 and IoU threshold of 0.4.  
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Figure 28. Workflow showing how to prepare the image data to train an object detection CNN 

model based on DeepForest to detect Brazilian scale galls. 
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Figure 29. Examples of 1,000 by 1,000 pixel RGB aerial images with boxes drawn around 

strawberry guava leaves with galls in LabelImg. These are the annotations exported as .xml files 

that are used to train the object detection CNNs. 

Table 7. The total number of images and annotations in this dataset and the portion of images in 

training and validation for each of the 10 cross validation folds. 

# of all images # of all 

annotations 

# of images in training 

fold 

# of images in validation 

fold 

1,033 4,656 930 103 

3.3 Results  

3.3.1 Object Detection CNN with DeepForest 

The models trained with sUAS imagery to detect strawberry guava leaves with galling 

results can be found in Table 8 and visualized in Figure 30. Because there are hundreds of leaves 

to predict on in one full-sized image, the model was given a single, full sized test image. This 

image of a strawberry guava canopy was located at a different site where the Brazilian scale has 

been established for several years, and the model detected almost every leaf with galls with very 

few false positives ranging in confidence from 12% to 98% (Figure 31). 
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Table 8. The average precision, recall, mAP, and F1 score results and their standard deviations 

for the drone imagery detecting Brazilian scale galls on strawberry guava leaves. 

Precision Recall mAP F1 score 

0.27 (0.02) 0.80 (0.02) 0.57 (0.02) 0.40 (0.02) 

 

 

Figure 30. Precision and recall curve for the 10-fold cross validation models detecting strawberry 

guava leaves with Brazilian scales. These models had an average mAP of 0.57.  
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Figure 31. A full -sized test image (8,192 pixels by 5,460 pixels) of a strawberry guava tree 

canopy where the Brazilian scale has been established for several years. One of the trained 

models was used to make prediction boxes (red) on leaves that have galling. 

3.4 Discussion 

The CNN model created with DeepForest was able to identify the annotations of leaf 

galling in the validation data shown by the recall value in Table 8. However, the models received 

an overall low precision, indicating many false positive predictions, but the precision and recall 

curves indicate that the model is capable of high precision predictions, meaning the most 

confident predictions will likely have galls (Table 8). After scanning through the modelôs 

predictions to determine why it was receiving low precision values, the model made consistent 

incorrect predictions on a few features. First, the images taken after rain showed strawberry 

guava leaves with raindrops that left clear circular marks on the leaves that the model predicted 

to be leaf galls (Figure 32A). Images trained and validated on during the month of April  showed 

strawberry guava trees beginning to bud where the buds appear to look like galls at the base of 

the leaf, where it connects to the stem (Figure 32C). Leaves with patches of discoloration (Figure 


















