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Abstract
Examining the decline of an ecosystem should be done through a holistic and interdisciplinary lens to fully understand all factors which might contribute to this ecosystem imbalance. This dissertation focuses on the declining ecosystem of Mosquito Lagoon, Florida which started to see a significant decrease in health since the early 2010s due to a variety of factors. The dissertation is separated into three papers: quantifying the total decline of seagrass in Mosquito Lagoon from 2000 to 2020, the effects of this seagrass and overall ecosystem decline on stakeholders’ livelihoods, and the regrowth of seagrass in 2023 after the events of Hurricanes Ian and Nicole. Using GeoAI and a mixed-methods approach, there was a large fluctuation in seagrass coverage in Mosquito Lagoon from 2000 to 2023, and it can be used as an indicator of overall ecosystem health. These changing conditions have drastically impacted the stakeholders in the lagoon, as they cannot depend on the ecosystem to be stable enough to support the local fishing industry. These studies demonstrate new methodologies to quantify critical seagrass loss and produce community-engaged results to contextualize the struggles of stakeholders and advocate for change for both people and the environment. 
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Ecosystems globally have been collapsing due to a variety of factors, including climate change, deforestation, urbanization, and more (Sato & Lindenmayer, 2017). An ecosystem in decline has consequences for all those living in it, from flora and fauna to stakeholders. Looking at ecosystem decline through a holistic, spatiotemporal, and geographical lens allows for all these factors to be considered and addressed (Dick et al., 2016; Karmarkar, 2023). Research using this approach produces findings that are well-rounded and can be used in tandem with local ecological knowledge (LEK) to support conservation efforts. 
While quantifying the collapse of ecosystems around the globe can be difficult, this research strives to bring light to a marine ecosystem in crisis, Mosquito Lagoon (ML), Florida, to introduce novels ways to study ecosystem decline and to promote conservation. Geography and conservation are complementary fields and have become more widely discussed through sub-disciplines like quantitative conservation geography, as we have seen a rise in climate change and globalization (Ackerly et al., 2010; Minin et al., 2022; Zimmerer, 2006). It is crucial to investigate ecosystem collapse through the lens of quantitative conservation geography, as it allows studies to determine when, where, and what conservation strategies should be used to help mitigate threats to biodiversity and to monitor human-environment interactions (Minin et al., 2022). 
A decline in ecosystem services can manifest in multiple ways, from a decrease in biodiversity, to habitat loss, to a negative socio-economic impact on a livelihoods (Chapin et al., 1998; Dobson et al., 2006; Moate, 2023). It can be difficult to determine variables related to ecosystem decline and to quantify all the consequences of a collapsing ecosystem, but the importance of highlighting these ecosystems and the challenges they face must be done to begin to address this global decline.
[bookmark: _Toc165218624]The Dissertation

The overarching goal of this dissertation is to use novel techniques to understand the effect ecosystem decline has had on ML through ecological and socioeconomic lenses. This dissertation uses GeoAI to track seagrass patterns and a survey/workshop to explore the social component. 
This dissertation consists of five chapters. Chapter 1 provides a background to the history of ecosystem decline in Mosquito Lagoon and its contributing factors. 
Chapter 2 examines the loss of keystone species of seagrass in ML, Florida, which has been exacerbated by factors such as nutrient-overloading and human activities. Using Landsat imagery and Deep Learning techniques, a significant decline in seagrass abundance post-2013 is quantified, emphasizing the need for policy interventions to facilitate ecosystem recovery.
Chapter 3 investigates LEK among stakeholders in ML to understand perceptions of ecosystem health, impacts on livelihoods due to seagrass loss, and potential mitigation actions. Using mixed methods, including an online survey and focus group discussion, findings reveal a decline in ecosystem health, significant loss of seagrass cover, and economic damage to fisheries communities, contrasting with governmental data. 
Chapter 4 records the resurgence of seagrass in ML after Hurricanes Ian and Nicole which occurred in Fall 2022. This study uses Harmonized Landsat Sentinel data and the Random Forest methodology from September 2022 to January 2024 to map where and when seagrass returned. Chapter 2 has been accepted for publication in a peer-reviewed journal, Chapter 3 is currently under review, and Chapter 4 will soon be under review.
Chapter 5 summarizes the conclusions from the studies discussed in Chapters 2 through 4. Then connections are drawn to current research efforts relevant to these ideas and discuss possible directions and goals for future research and action. 
[bookmark: _Toc165218625]Study Area

Florida’s Indian River Lagoon (IRL) system consists of a group of estuaries that spans the Atlantic Coast and is one of the most biodiverse system of estuaries in the world due to its unique geography (Dybas, 2002). ML (Figure 1-1) is the northernmost estuary within the IRL and contains shallow water, open water areas, and mangrove islands (Garvis et al., 2015). The lagoon is within both Volusia and Brevard Counties on the mid-Atlantic coast and is a Marine Protected Area (MPA). The northernmost part of ML is designated for aquatic preservation, but most of it lies within the Cape Canaveral National Seashore. The southern part of ML is bordered by NASA’s Kennedy Space Center and the Merritt Island National Refuge.
ML consists of a mix of seagrass, oyster beds, sand, and mud, and has an average depth of four feet. The seagrass species present in ML are shoal grass (Halodule wrightii), manatee grass (Syringodium filiforme), widgeon grass (Ruppia maritime), and star grass (Halophila engelmannii) (St Johns River Water Management District, 2020a). Within the lagoon, seagrass meadows provide high value to local communities. It has been estimated that seagrass meadows provide (adjusted for inflation) a value of $34,850 USD per hectare of area per year in ecosystem services (Costanza, 2020).Each hectare of seagrass brings in tens of thousands of dollars of economic activity and supports around 100,000 fish and 100 million invertebrates, the species’ survival is vital for the surrounding economy and environment (Florida Oceanographic Society, 2019; St Johns River Water Management District, 2020a). The entire IRL system generates approximately 30 million dollars in revenue with its fishery activities and accounts for about fifty percent of fish harvest on Florida’s east coast (St Johns River Water Management District, 2020b). Seagrass in ML has been in severe decline due to human activities and other environmental factors, such as algal blooms.
Human activities in the region have been detrimental to the ecosystem of ML. Since World War II, there has been a large influx of people moving to the “Space Coast” (defined as the area around Cape Canaveral), causing the population to dramatically increase from around 100 individuals to 9,930 (Lethbridge, 2023). The activities of the nearby Kennedy Space Center and the increase in population have caused a major increase in pollutants and nutrients entering the lagoon. This makes ideal environmental conditions for algal blooms, which then leads to a decrease in seagrass meadows and other biodiversity (Phlips et al., 2015; Waymer, 2018). The high presence of the algal bloom A. lagunesis in ML is detrimental to seagrass because it grows at a rapid rate and is very resilient. In this rapid growth, the blooms will take up the nutrients and oxygen needed for other species and cloud the water, blocking the sunlight needed for seagrass to receive vital nutrients (Florida Oceanographic Society, 2019; St Johns River Water Management District, 2020a). The most significant algal bloom (or “superbloom”) occurred in ML from 2011 through 2013 and lasted about seven months in total. It is believed that this superbloom contributed to over a 40% loss of seagrass in the lagoon, and since then, algae presence has been high, and seagrass presence has been low (Lopez et al., 2021).
Efforts to research drastic seagrass loss over the last decade on a larger spatial scale and finer temporal scale in the lagoon have only recently been publicized (largely due to high numbers of manatee deaths), so there is a substantial need to investigate the extent of seagrass meadow decline. It is important to track this decrease in seagrass over time so that baselines can be established, trends can be monitored, and restoration / conservation efforts can be made. There are only limited reports for ML that have monitored seagrass coverage beyond our time period (2000–2024). A report by Morris et. al (2018) that documented seagrass extent using multiple methods from 1943 to 2017 in ML stated a total of 20.25% loss in the whole of ML. When divided up further spatially, the loss was most significant in the most northernmost part of the ML at 93.43%. For the whole of ML, they found that the largest loss (almost 60%) occurred from 1943 to 1992, although a major weakness of this finding is that there was no data between those years. It has been documented from prior research that in the early 2000s, seagrass within the entire lagoon was much healthier than it is now, so those years are useful for comparison when looking at more recent algal blooms and seagrass loss (Florida Oceanographic Society, 2019; Gobler et al., 2013; Phlips et al., 2015). From field observations, almost all seagrass was lost across the whole of ML as of 2022.
[bookmark: _Toc165218626]Relevance to current research priorities

This dissertation uses a holistic and interdisciplinary approach to analyze ecosystem decline. While most research of ecosystem decline usually focuses only on the physical aspects, such as water quality, aquatic species etc., this work is created through a geographical perspective. Therefore, it is important to consider multiple subdisciplines of geography, 
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including physical, human, and GIST, when evaluating this ecosystem and its conservation (Dick et al., 2016; Karmarkar, 2023).
Conservation of an ecosystem is a difficult task due to the relationship between complex ecological and human systems (Dick et al., 2016). With an increase in climate variability and overall pollution, it is apparent that most ecosystems have been declining because of human influence. Negative changes in ecological systems create negative changes in human systems. Evaluating all these factors holistically through the lens of conservation geography allows for research of this subject to be more well-rounded, which is the goal of this dissertation. (Minin et al., 2022).
Chapters 2 and 4 of this dissertation focus more on the physical impact of ecosystem decline on seagrass in ML, and also considers how this decline was caused by the actions of humans. In addition, these chapters use GeoAI methodologies, which are a set of methodologies increasing in popularity within the geographic discipline, to address this complex ecosystem and species within it. Geographers are starting to use more GeoAI in their GIST research due to its ability to handle complex datasets and provide more accurate predictions. This research supports the use of this methodology because of its capacity to make predictions with limited human input (Gao, 2021).
As one of the five major themes of geography, human-environment interaction is an important topic to discuss in research such as this and the mixed-methods approach used in this dissertation aims to highlight the importance of this theme (Rosenberg, 2019). Chapter 3 demonstrates the utility of an interdisciplinary approach, which demonstrates the impact the ecosystem decline of ML has had on local stakeholders and their livelihoods. By incorporating the seagrass data produced in the other chapters along with a survey and workshop distributed to stakeholders, insights into the human-environment relationship in this study area are gained. 
The findings from this work also support the broader research of Florida agencies and organizations that are aiding in the conservation of ML. Specifically, this dissertation contributes to the mission of the Lagoon Watermen Alliance, which is an organization comprised of stakeholders and scientists that aim to “protect the entire Indian River Lagoon system by advocating for science-based solutions that will lead to improved water quality, protection of imperiled habitats, and safeguarding of gamefish populations” (Lagoon Watermen Alliance, 2024). The findings of Chapters 2 and 4 also provide an established record of seagrass loss and recover in ML from 2000–2020 and from 2022–2024, which can be used by the St. John’s River Water Management District, who tracks seagrass throughout the entire Indian River Lagoon system (St Johns River Water Management District, 2017). 
Overall, the purpose of this holistic research supports current literature in the field and uses contemporary methods of GeoAI, conservation geography, and human-environment interaction to address a study area in critical need of conservation. The findings provide a well-rounded story of ecosystem decline and will equip other researchers in the use of their interdisciplinary methodology. 
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A version of this study was accepted and will be published in July 2024 in collaboration with Dr. Hannah Herrero, Russ Limber, William Wolfson, and Clancy Oliver in Photogrammetric Engineering and Remote Sensing.
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The ecosystem of Mosquito Lagoon, Florida, has been rapidly deteriorating since the 2010s, with a notable decline in keystone seagrass species. Seagrass is vital for many species in the lagoon, but nutrient overloading, algal blooms, boating, manatee grazing, and other factors have led to its loss. To understand this decline, a deep neural network was used to analyze Landsat imagery from 2000 to 2020. Results showed significant seagrass loss post-2013, coinciding with the 2011–2013 super algal bloom. Seagrass abundance varied annually, with the model performing best in years with higher seagrass coverage. While the Deep Learning method successfully identified seagrass, it also revealed that recent seagrass coverage is almost non-existent. This monitoring approach could aid in ecosystem recovery if coupled with appropriate policies for Mosquito Lagoon's restoration.
[bookmark: _Toc165218629]2.2 Background

Seagrasses are vital species to many aquatic ecosystems, as vast species of fauna, including sea turtles, manatees, fish, crabs, and shrimp, depend on seagrasses for shelter, habitat, or as a food source, making the grasses a “foundation species” (Reynolds, 2018; St. Johns River Water Management District, 2020a). However, around the globe, these foundational species of seagrass are disappearing. Seagrass is vital for supporting underwater ecosystems as well as the economy surrounding it, so this loss is detrimental to both biodiversity and socioeconomics (Florida Oceanographic Society, 2019; St. Johns River Water Management District, 2020a). Seagrass is unique in that it is a plant that flowers underwater, and when it forms into a meadow, the area can become a hotspot of biodiversity (Reynolds, 2018). Seagrass has also been identified as an important ecological engineer, meaning it can alter the characteristics of its environment, including water flow and nutrient cycling, in the coastal waters where it grows (Jones et al., 1994). Seagrass forms root systems that help stabilize the sediments on which they grow, facilitating sedimentation and helping prevent erosion (Orth et al., 2006; Hughes et al., 2009; Lefebvre et al., 2009). Seagrass meadows form a structured leaf canopy above the sediment, in areas that would not have much vegetation structure otherwise, providing important habitat for a variety of marine species (Hughes et al., 2009). Juvenile fish and smaller aquatic animals depend on seagrass meadows as a main source of shelter, making them critical for supporting many populations of aquatic animals and fish (Orth et al., 2006; Hughes et al., 2009). Seagrass is a food source for larger marine animals, which graze on its leaves, including manatees, dugongs, and sea turtles (Orth et al., 2006); and it helps provides food for animals that feed on algae growing on the seagrass (Lefebvre et al., 2009). Seagrasses are excellent indicators of overall ecosystem health due to their sensitivity to environmental changes (St. Johns River Water Management District, 2020a). Seagrasses are also an important component of the global blue carbon cycle, which is the carbon sequestration contribution by coastal ecosystems. Seagrass meadows can store up to twice the megagrams of carbon per hectare than terrestrial forests, much of it stored in the sediment and soil under seagrass meadows (Fourqurean et al., 2012). With such extensive potential to sequester carbon, climate change reduction efforts should be prioritized through the protection of seagrass meadows. 
There are multiple factors contributing to seagrass decline, including higher temperatures, disease outbreaks, waves and storms, and grazing (specifically from manatees and sea turtles) (Valentine and Duffy, 2006; Reynolds, 2018). There are also several human-driven factors that cause seagrass loss. Boating is a major detriment to many species of life but especially to seagrasses because the propellers can create scars within the seagrass meadows (Reynolds, 2018). Other factors like overfishing and introduction of invasive species have been causing seagrass population to decrease, and humans have also caused high levels of pollutants to be released into waterways globally. Nutrient pollution through releasing excessive nutrients and chemicals in the water can lead to eutrophication. Extensive lawns causing prevalent fertilizer usage and sewage discharge result in such nutrient chemicals reaching extreme levels.  High levels of nutrients coupled with high temperatures cause large algal blooms, which have been adding to the environmental crises (Reynolds, 2018). Mosquito Lagoon has experienced a few “superblooms” throughout the past two decades because of these high nutrient levels, which can be tied to the drastic seagrass loss witnessed (Phlips et al., 2015; Lopez et al., 2021). It is apparent that conservation of the ecosystem is needed to mitigate these factors and promote recovery of seagrass and general ecosystem health. 
Satellite imagery is a useful tool for mapping seagrass loss due to its historical temporal extent and consistent repeat time. There is availability to map trends over space and time, as well as this being an affordable method with freely available imagery and processing software, which can include the use of Machine Learning classifications (Howard et al. 2014). Some issues that may be encountered with using satellite imagery to view seagrass are water turbidity, color, and sun glint (Howard et al., 2014). Previous studies support that satellite imagery can be used to map seagrass, but more statistically robust methods can improve the accuracy of such classifications. Coarse 30-m resolution imagery used with traditional classification methods will produce accuracies between 60 and 80%, but finer resolution data and/or a more sophisticated classification algorithm can allow these accuracies to increase even further (Roelfsema et al., 2009; Pu et al., 2012; Kovacs et al., 2018). Aerial photography has been used successfully as well, so a combination of aerial photos, satellite imagery, and extensive fieldwork may be the best option for improving the accuracy of seagrass mapping (Roelfsema et al., 2009; Pu et al., 2012; Howard et al., 2014).
Seagrass has been mapped using more conventional classifications (like Random Forest [RF]), but there has been a draw to do species classifications in a way that models the more complex nature of the species (Watanabe et al., 2020). Deep Learning has not been used frequently to map seagrass, but these methods have been used before to map different plants, trees, and other underwater species. The most popular Deep Learning approach, convolutional neural networks (CNNs), have proven to have over a 96% accuracy in an automated classification of fish species, and D-leaf (a CNN-based method) was more effective (94.88% accuracy) at classifying leaf veins than support vector machine and K-Nearest Neighbor classifications (Rathi et al., 2017; Tan et al., 2020). 
Although these Deep Learning models are popular, they require a large number of training samples. A Deep Learning model that is used in the field because of its ability to robustly predict with relatively smaller data sets is a deep neural network (DNN) (Arora et al., 2018). This model has been used for a variety of remote sensing applications, including weed mapping for precision agriculture, plant species classification, landcover classification, and crop disease recognition (Sa et al., 2018; Shi et al., 2022) Even though it is not always the most common option, the DNN model has been successful in image classification of remote sensing data sets with promising results, matching or exceeding the image classification metrics of Support Vector Machine and  K-Nearest Neighbor classifications (Yuksel et al., 2018). DNNs have been applied specifically to seagrass monitoring in limited studies and were found to be more useful and efficient than U-Nets, SegNet, DeepLab, and other models in identifying seagrass (Wang et al., 2020). It was found that not only are DNNs more accurate than human classification, but they are also faster in annotating seagrass beds (Weidmann et al., 2019).
The purpose of this project is to use a Deep Learning classification for the study area of ML across images dates from 2000 to 2020 (2000, 2007, 2013, and 2020) to understand the trends and spatial extent of the loss of seagrass meadows, in addition to determining whether Deep Learning is a viable method for seagrass meadow classification. This research seeks to evaluate whether DNNs are a useful tool in seagrass coverage classification, as well as creating a published record of seagrass decline in Mosquito Lagoon, Florida. The research questions of this study are (1) Is a DNN classification an effective way to map seagrass loss? (2) What are the trends in seagrass loss within the lagoon from 2000 to 2020?
[bookmark: _Toc165218630]2.3 Data and Methods

2.3.1 Landsat Imagery
The satellite imagery used to analyze seagrass in ML came from Landsat 5 Thematic Mapper and 8 Operational Land Imager at 30-m resolution to encompass the temporal extent of this study. Four Landsat images were preprocessed and collected in about 7-year increments from Google Earth Engine to span the time period of 2000 to 2020, with the dates for each image being 30 August 2000, 1 July 2007, 17 July 2013, and 1 May 2020 (Gorelick et al., 2017). The dates of the data, across the boreal summers of each year 2000, 2007, 2013, and 2020, were chosen specifically to avoid environmental conditions like water turbidity and sun glint that may affect the image quality. They were also chosen because boreal summer is peak biomass for seagrass here, and because these years aligning with dates that stakeholders identified as being important for change in seagrass (Dawes et al., 1995; Phlips et al., 2015; Herrero, 2021). Due to the difference in the number of bands between Landsat 5 and Landsat 8, the seven bands used in this analysis were blue, green, red, near infrared (NIR), shortwave infrared (SWIR) 1, thermal, and SWIR 2. As shown in Figure 2-1, seagrass can be seen in Landsat imagery as a dark shade within the water (examples are highlighted in green). 
2.3.2 Field Data
In addition to the Landsat data, field data were collected during boreal summers of 2020, 2021, and 2022 to validate the seagrass seen on the imagery. This seagrass signature was developed and used to identify seagrass areas in the earlier imagery, as well as the use of a Geographic Information Science (GIS) seagrass layer provided by the St. Johns River Water Management District. For each field season, coordinates of seagrass patch locations throughout the lagoon were recorded through GPS and then entered into Excel. These seagrass coordinates were then made into a shapefile, which was used in training and validating the DNN classifications. In addition, our research team has strong connections with guides and fishermen in ML who have worked on the lagoon for decades and validated the results the model produced in terms of the locations of seagrass.  
2.3.3 Background of Deep Neural Network Classifications

Deep Learning is an expansion of Machine Learning, a branch of artificial intelligence that uses data and algorithms to form a model that can learn and adapt with limited human input and that uses hidden layers within the model to look for deeper patterns and features within an artificial neural network (Zhu et al., 2017; Ma et al., 2019; Yuan et al., 2020). This type of learning can use large data sets and can gain insight into underlying nonlinear patterns. It is a method well suited 
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[bookmark: _Toc165216380][bookmark: _Toc167468273]Figure 2‑1: Landsat imagery of 2000 with seagrass patch locations highlighted in green (band combination: band 3 (red), band 2 (green), and band 1 (blue), true color composite).










to handling complex situations and ecosystems, but the drawback to this is it requires a large amount of training samples and computational time (Zhu et al., 2017; Yuan et al., 2020). Deep Learning models also suffer from the “black box problem,” because the user is unclear of exactly what is happening throughout the hidden layers. It is difficult to understand how the model came to its conclusion, so the results need to be carefully analyzed (Samek et al., 2017).
There are many different types of Deep Learning models, so selecting the correct one should be done according to the purpose of the model and the data being used. Although as mentioned before, CNNs are widely used for classifications like these, the filtering function from the convolutional aspect of the network does require a large amount of training samples (Arora et al., 2020). Because the training data in this system is relatively limited, a Deep Neural Network was selected instead. A Deep Neural Network is more suited for this classification because it does not need the same amount of data as a CNN, and it is more geared towards dealing with pixels (as our true labels are just by pixel) rather than an entire raster or image. 
A Deep Neural Network is a collection of neurons that are organized in multiple layers, in which the neurons receive input from the neurons in the previous layers and then a single computation (like a weighted sum) is performed (Montavon et al., 2018). The model can be programmed to keep improving its accuracy through validation and training data, so in the end it will be as accurate as possible. These networks are successful in image classification, object classification, semantic segmentation, and more functions (Yuan et al., 2020). It is a relatively simple Deep Learning model, but it will be very useful in determining whether Deep Learning is a suitable model for seagrass mapping and classification.



2.3.4 Model Used

The four Landsat images for 2000, 2007, 2013, and 2020 were uploaded into Environmental Systems Research Institute (ESRI)’s ArcGIS Pro, and training samples were made for two classes: seagrass and non-seagrass. This made it so a binary classification could be run and specifically focus on the identification of seagrass by the model. Polygons (example shown in Figure 2-1) were created for each year and class, but they varied in number as seagrass started to decline in 2013. The creation of these polygons was influenced by fieldwork conducted in 2020 through 2022, when seagrass coordinates were sampled to validate the location of the patches on the imagery. These polygons were transformed into arrays and then entered into the DNN code, which was written using Python and TensorFlow because it is a heavily used, open-source, software library that can handle Deep Learning models (Abadi et al., 2016; Pang et al., 2020). A single model was created by one-hot encoding each of the 4 years measured. The data were separated into training, validation, and testing through stratified random sampling in which each stratum is the year the data were collected for. The ratio for training, validation, and testing was 0.6, 0.2, and 0.2 respectively.
     The models were compiled using Adam (an optimization algorithm) with binary cross-entropy, or log loss, as the cost function (Kingma and Ba, 2015). This function looks at the log of corrected predicted probabilities and calculates a negative average (Saxena, 2023). The final model for each year had six hidden layers each one using the rectified linear unit (ReLu) activation function, which is a piecewise linear function that will make the output the input directly if it is positive, otherwise the output will be zero (Brownlee, 2020). This function has been rising in popularity in the Deep Learning field because models that use the ReLu function can have better performance and be easier to train (Hara et al., 2015; Brownlee, 2020). The numbers of neurons per layer from first to sixth are: 128, 448, 128, 448, 384, and 32. The final output layer uses the sigmoid activation function, and the learning rate selected was 0.001. These hyperparameters were selected using the KerasTuner API and Bayesian selection was used for hyperparameter tuning (O’Malley et al., 2019). The data were then calculated about precision, accuracy, recall, and the F1 score from the classification, as well as a confusion matrix and change trajectory over the years and models.

[bookmark: _Toc165218631]2.4 Results

2.4.1 Spatialized results

Figure 2-2 shows the spatial distribution of seagrass produced by the DNN for the four dates. Seagrass has declined over this time period. Seagrass extent was largest around 2007, with a similar percentage in 2013 (~15% seagrass). However, the change from 2013 to 2020 represents an almost complete loss in seagrass (less than 1% seagrass remaining), and this timing coincides with the super algae bloom event (Lopez et al. 2021). Seagrass extent over time is supported by the pixel-by-pixel counts/percentages for our classes (seagrass versus non-seagrass) in Table 1. 
Figures 2-3 and 2-4 show the change in seagrass between 2000 and 2020. Figure 2-3 has seagrass layers from each of the years overlaid. This is an efficient way to show seagrass spatial distribution differences over the year.  This figure clearly demonstrates that the largest extents of seagrass occurred in 2007 and 2013. The year 2020 had very little seagrass in the DNN. Figure 2-4 is a pixel-by-pixel change trajectory with the different permutations of class change over time. Of the changes that occurred over time, 99.84% of these changes were a seagrass to non-seagrass conversion at some date, whereas only 0.16% of the change that occurred was a conversion towards seagrass (Table 2-2). 
The identification of these seagrass patches within the model were validated by fieldwork and history from guides and fishermen who are active in the lagoon, so although there may be some misclassifications, it can be derived that where the model placed seagrass is accurate. It is important to note that in the northernmost part of ML, there is an extreme lack of seagrass throughout all years, but that is normal because there has not been seagrass witnessed there—oyster reefs dominate the lagoon bottom in that area.
2.4.2 Precision

Precision is the metric which measures how precise the model is in predicting a specific category, like seagrass, at what proportion the identifications were actually correct. As evidenced in Table 2-3, precision significantly increased throughout the years of the DNN classification, from 0.786 to 1.0. The 1.0 precision in 2020 is likely due to there being an extreme lack of seagrass in the image for the classification to identify, so it was easier for the classification to identify those patches. This 1.0 value for 2020 signals that the model produced no false positives. The lowest accuracy was recorded in 2000 at 0.786, which had less visible seagrass than 2007 or 2013, so some predictions were missed. Overall, the models had high precision, especially from 2007 on, so a DNN can predict the location of a seagrass meadow. 
2.4.3 Accuracy

This metric looks at how correct the model was at identifying all classes (seagrass vs non-seagrass). Accuracy was relatively high for most years (Table 2-3), but especially for 2020 where seagrass was minimal and easier to identify. 2007 and 2013 had the same result at 0.982 although seagrass coverage varied within each image, with 2013 having slightly less seagrass than 2007. As with precision, 2020 had the highest accuracy of all the years with 0.988 which could be correlated 
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[bookmark: _Toc165218678]Table 2‑1: Pixel Counts/Percentages for Seagrass vs non-Seagrass
	
	2000
	2007
	2013
	2020

	Non-seagrass
	189,913
(89.9%)
	176,175
(83.4%)
	179,244
(84.8%)
	211,178
(99.9%)

	Seagrass
	21,384
(10.1%)
	35,122
(16.6%)
	32,053
(15.2%)
	119
(0.1%)
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[bookmark: _Toc167468275]Figure 2‑3: Seagrass overlay from the dates 2000, 2007, 2013, and 2020 from the DNN Classification
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[bookmark: _Toc167468276]Figure 2‑4: Change Trajectory Permutations for the dates 2000 > 2007 > 2013 > 2020, where S = Seagrass and N = non-Seagrass
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[bookmark: _Toc165218679]Table 2‑2: Pixel Counts/Percentages for Change Trajectory, where S = Seagrass and N = non-Seagrass
	Class Trajectory
	Count/Percentage
	Conversion to Seagrass
	Conversion to Non-seagrass

	SNNN
	11,631 (24.82%)
	
0.16%
	
99.84%

	NSNN
	3,086 (6.59%)
	
	

	SSNN
	7,487 (15.98%)
	
	

	NNSN
	4,159 (8.88%)
	
	

	SNSN
	11,914 (25.43%)
	
	

	NSSN
	8,461 (18.06%)
	
	

	SSSN
	45 (0.10%)
	
	

	NNNS
	17 (0.04%)
	
	

	SNNS
	21 (0.04%)
	
	

	NSNS
	4 (0.01%)
	
	

	SSNS
	19 (0.04%)
	
	

	NNSS
	8 (0.02%)
	
	

	SNSS
	4 (0.01%)
	
	

	SSSS
	1 (0.00%)
	
	


N = non-seagrass; S = seagrass.
























with there being less seagrass to identify, so the model was able to classify most pixels as non-seagrass. 

2.4.4 Recall

Recall, or the true positive rate, was also calculated but varied throughout the years to understand the model’s ability to find positive samples. Like with accuracy, 2007 and 2013 had a very high recall with the model correctly classifying 94.6% and 94.5% of positive samples, respectively (Table 2-3). There was a significant drop in recall for 2000 at 0.437 and for 2020 at 0.083. The lack of seagrass in 2020 could be the reasoning for this statistic, but further investigation into the recall of 2020 was conducted. A high precision can sometimes mean that recall is lower, so it is not unheard of for a recall to be this low while high precision is present in this trade-off (Google Developers, 2022). 

2.4.5 F1-Score

An F1-Score is another metric which looks at the correctness of the classification, by taking the harmonic mean of precision and recall:

		F1 Score = 2 X ((Precision x Recall) / (Precision + Recall))

As this metric is a combination of precision and recall, it is understandable that for 2007 (0.956) and 2013 (0.972) the F1-Score is close to 1 as with the other metrics. 2000 still had a high score at 0.751 but it was brought down compared to 2007 and 2013 because of its lower recall. 2020 had the lowest score at 0.584 as although it had the highest precision at 1.0, it had the lowest recall (0.584). 
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[bookmark: _Toc165218680]Table 2‑3: Metric results from DNN Classification per Year
	
	2000
	2007
	2013
	2020

	Precision
	0.786
	0.905
	0.967
	1.0

	Accuracy
	0.869
	0.982
	0.982
	0.988

	Recall
	0.437
	0.946
	0.945
	0.083

	F1 score
	0.751
	0.956
	0.972
	0.584



































2.4.6 Confusion Matrix

In addition to the above results, a confusion matrix (Table 2-4) was produced to look further into the accuracy of the models, and the statistics align to what was reported earlier. The highest overall accuracy (98.77%) was for 2020 which had limited seagrass, followed by 2013 (98.25%), 2007 (98.18%), and then 2000 (86.87%). The Kappa coefficient varied throughout the years and had a similar pattern to the recall results. 2007 and 2013 which have a had a much larger extent of seagrass, had the highest Kappa coefficient (>= 0.915), but there was a decline in the value to 2000 (0.492) and 2020 (0.151). In the most recent date, this Kappa statistic (along with the error of omission) suggested that grass pixels may have been assigned by the classification at chance and that real seagrass may have been missed out on in the classification, however, fieldwork coinciding with this date can verify that this is not the case due to the extremely low extent of observed seagrass in 2020. 
[bookmark: _Toc165218632]2.5 Discussion and Conclusion

[bookmark: _heading=h.z337ya]The results from the classification support that Deep Learning (specifically DNNs) is a viable method for identifying seagrass in ML because of its efficiency and accuracy, and also support that there is a significant decline of seagrass in ML (Weidmann et al., 2019; Wang et al., 2020). When looking through the available technical metrics, it is evident that precision and accuracy produced the best results, with precision equaling or exceeding 0.786 and accuracy being higher than 86.9% for all years. With those two metrics alone, 2020 produced the best results, which may be due to the very limited amount of seagrass present for the model to identify. The year 2000 produced lower results by most metrics, and this could be due to some seagrass patches being missed because fieldwork was not conducted in that year, so additional 

[bookmark: _Toc165218681]Table 2‑4: Confusion Matrix for 2000 – 2020 Models
	
	Non-seagrass
	Seagrass
	Total
	Class Commission Error (%)
	Kappa Coefficient
	Overall Accuracy (%)

	
	
	
	
	Producer’s Accuracy
	User’s Accuracy
	
	

	2000
	0.492
	86.87

	 Non-seagrass
	5172
	715
	5887
	2.84
	12.16
	

	 Seagrass
	151
	556
	707
	56.25
	21.36
	

	 Total
	5323
	1271
	6594
	
	
	

	2007
	0.915
	98.18

	 Non-seagrass
	6430
	48
	6478
	1.33
	0.74
	

	 Seagrass
	87
	833
	920
	5.45
	9.46
	

	 Total
	6517
	881
	7398
	
	
	

	2013
	0.945
	98.25

	 Non-seagrass
	5873
	82
	5955
	0.81
	1.38
	

	 Seagrass
	48
	1416
	1464
	5.47
	3.28
	

	 Total
	5921
	1498
	7419
	
	
	

	2020
	0.151
	98.77

	 Non-seagrass
	8024
	100
	8124
	0
	1.23
	

	 Seagrass
	0
	9
	9
	91.74
	0
	

	 Total
	8024
	109
	8133
	
	
	
















training samples might be required (Emmanuel et al., 2021). Both 2007 and 2013 produced similar results throughout the different metrics because seagrass coverage was about the same and in relative abundance. However, as discussed, results varied for 2000 and 2020. For 2000, the varied results could be due to a lack of samples, but 2020 had a very low Kappa coefficient, recall, and F1 score most likely due to the drastic loss of seagrass witnessed. With minimal seagrass for the model to look for, it is understandable that these other metrics are low for this year. However, using a binary classification for the models was in favor of the results, because we were able to focus on the identification of seagrass versus non-seagrass solely and did not allow for the complication of other classes (Karabiber, 2023). Training and tuning simply on accuracy appeared to be the most effective method for preparing the model because there was not a great enough discrepancy between the binary classes to require an alternative metric (i.e., recall or precision). 
Although the model did successfully identify seagrass throughout our time period, it was still a very time-consuming methodology. This is to be expected with Deep Learning, because it can be computationally costly (Zhu et al., 2017; Yuan et al., 2020). Even though there can be drawbacks to the method, it does allow for the process of seagrass mapping to become automated (Weidmann et al., 2019; Sun et al., 2020). A Random Forest Classification was previously run for the area, but it was found to not be as effective in identifying seagrass. Random Forest cannot capture underlying continuous patterns, whereas a DNN can. Also, a DNN can generalize better to observations that are outside of the range of inputs, which can be misinterpreted by a RF (Yoo et al., 2019; Thompson, 2019). The main benefit of this method is that it is freely available and can be taught to stakeholders and agencies that monitor seagrass in the lagoon, and they can continue the process of mapping seagrass but with limited human input required, which might be appealing to organizations who are already limited on time and resources for conservation.  
When looking at the satellite imagery and models, there is a noticeable overall decline in seagrass coverage from 2000 to 2020 in ML. The largest extent of seagrass amount was observed in 2007 (16.6%) and patches continued to decline steadily throughout the years to only 0.1% in 2020, which is detrimental to the surrounding ecosystems and economy (Florida Oceanographic Society, 2019; St. Johns River Water Management District, 2020a). Morris et al. (2018) observed a 20.25% loss of the seagrass of ML from 1943 to 2013, and it is apparent from our study that the loss has been rapidly increasing in the recent years observed from 2013 to 2020 (Morris et al., 2018). This drastic loss of seagrass has caused a loss of habitat, which extends then to a decline in manatees, fish, and other species in the lagoon (Allen, 2021; St. Johns River Water Management District, 2020a). The loss of these subsequent species has lasting implications for the lagoon from an ecosystem biodiversity perspective but also for the economy because stakeholders who rely on the fish population in ML for their livelihood are now struggling to operate their businesses under these poor environmental conditions (Rotne, 2020). This team has also conducted interviews to better quantify the staggering negative effect on livelihoods linked to this seagrass loss.
As stated, many species depend on these seagrass patches to survive, and after observing a significant decline since 2013 and minimal detectable patches in 2020, further research and fieldwork is necessary to determine the effect on other species in the lagoon due to this decline (Florida Oceanographic Society, 2019; St. Johns River Water Management District, 2020a). This drop of coverage between 2013 and 2020 may be linked to the 2011−2013 super bloom event, which would have caused water conditions in the lagoon to decline drastically and coincided with the apparent almost total loss of seagrass, although further investigation is necessary (Lopez et al., 2021). Regardless of factors, it is apparent that conservation of the ecosystem is urgently needed for ML to recover to what it once was, environmentally and economically. 
Although ML represents a relatively small area of seagrass, this research supports the findings of other studies that seagrass is declining globally (Orth et al., 2006; Unsworth et al., 2018). Because seagrasses are a keystone and foundation species, it is vital that conservation efforts are made to combat this decline (Reynolds, 2018; St. Johns River Water Management District, 2020a). In addition, we know that seagrass is a gauge of ecosystem health; therefore, this rapid loss is an alarming indicator for this entire ecosystem (St. Johns River Water Management District, 2020a). We know that some variables related to this decline may be nutrient overloading, manatee grazing, boating effects, or other factors that have not been determined yet, but there is a lack of causation research in ML, which this team plans to address in the future (Valentine and Duffy, 2006; St. Johns River Water Management District, 2020a). 
The limitations of this study are mainly focused on the drawbacks of a Deep Learning approach. It is not possible to determine what happened within the model to identify the seagrass patches, as the model is a “black box” (Samek et al., 2017). There was also a relatively limited amount of training data, but this can be improved for the future by increasing the number of training classes or adding more satellite imagery/years to the analysis (Emmanuel et al., 2021). Lastly, there can be some confusion in the seagrass patch identification within the classification. This may potentially be a confusion with oyster reefs, because they look similar on the imagery. However, spatially within the lagoon, there is a clear distinction between where these two classes are located, so it was easier to avoid this issue in this study area. One other limitation is related to the spectral resolution of the Landsat data, which can only identify seagrass as a vegetation group, but not the distribution of individual species of seagrass within ML. Some of these limitations did also pose as challenges that are encountered when using a Deep Learning methodology. Other obstacles included this model being a time-consuming methodology to develop, which is expected when using Deep Learning, as well as requiring a significant amount of computational time to run the analysis (Zhu et al., 2017; Yuan et al., 2020). For a data set with limited training samples like this study, a more simplistic method of classification like Machine Learning might be a more applicable and faster method (Southworth et al., 2024).
     This study concludes that Deep Learning, specifically DNNs, is successful in seagrass identification and mapping, as well as that the need for conservation of seagrass in ML has reached a crucial point. As an ecosystem in crisis, ML is an excellent environment to deploy a method like this, as the complexity of the ecosystem makes it an ideal candidate for Deep Learning. However, the implementation of a tool of this caliber is only useful if it influences the community and subsequent decisions concerning conservation of the ecosystem. A method like this allows for the automation of seagrass mapping, which gives another tool to stakeholders rather than researchers to continue the monitoring of these species. Although the models varied in accuracy and precision per year, overall, they were able to identify seagrass locations and document the significant decline of seagrass throughout the period. This drastic loss in seagrass can be seen especially from 2013 onward, and this loss will affect other species in the ecosystem as well as the surrounding community. The DNN can be a useful tool for managers to monitor seagrass change at the landscape spatial and consistent temporal scales, so target areas for conservation can be developed given limited resources.
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[bookmark: _Toc165218634]3.1 Abstract 

Understanding local community perceptions of biodiversity loss and ecological systems change can better inform scientific study and policy interventions around socio-ecological resilience and adaptation. This study examines the local ecological knowledge (LEK) held by fisheries communities around Mosquito Lagoon, Florida. The objectives of the study are to understand: 1) how community stakeholders perceive the health of the ecosystem; 2) how community stakeholder livelihoods have been impacted by and have adapted to seagrass loss and ecosystem collapse; and 3) what actions community stakeholders think could be helpful to mitigate this environmental crisis and promote recovery. The study used mixed qualitative methods that compared LEK findings with remote sensing methods of studying seagrass changes. The qualitative methods relied on an online survey (n = 105) and a focus group discussion (n = 75). Results from the study show that fisheries stakeholders observed an overall decline in ecosystem health, a precipitous decline in seagrass cover, and overall decline in the size and quantity of culturally valuable fish. These findings contradict some of the findings of governmental agencies data on ecosystem wellbeing of this lagoon. Fisheries communities also reported major economic damage from the ecological change. In sum, the results of this research indicate that communities that once made a living at fishing are having a very difficult time continuing those livelihoods in Mosquito Lagoon. These findings are important for more fully conceptualizing the socio-ecological resilience, transformation, and adaptation of coastal landscapes in a changing climate.

[bookmark: _Toc165218635]3.2 Background

3.2.1 The Story


	Mosquito Lagoon (ML), Florida is no ordinary place. Many that visit the lagoon are taken with its beauty.  Locals say that the majesty of the lagoon cannot be adequately described in words. It is teeming with life and has been one of the premiere red fishing destinations in the world, or at least it was until 2010. 
ML (Figure 3-1) stretches approximately 50 km along Florida's east coast and is the northernmost portion of the Indian River Lagoon (IRL) system (~250km in total). ML is an incredibly ecologically rich ecosystem that includes an estuary with dense seagrass and oyster bars (in tidal areas), salt marshes, islands dominated by several mangroves species, and a dune system buffering against the Atlantic Ocean. ML is a shallow body of water, with an average depth of four feet (St John’s River Water Management District, 2020). The northern boundary of ML is Ponce Inlet, and the southern boundary is NASA’s Kennedy Space Center / Merritt Island National Wildlife Refuge. Due to its extensive biodiversity of birds, fish, and other marine life, ML is well known for its fishing, duck hunting, birdwatching, and kayaking. It is also home to the beloved keystone species, the Florida Manatee. The lagoon is a protected area at multiple levels of government, including the federal (Canaveral National Seashore) and the county levels. Agencies involved in the management of ML include St. John’s River Water Management District, National Park Service, U.S. Fish and Wildlife Service, Florida Fish and Wildlife Conservation Commission, Volusia County, Brevard County, the Indian River Lagoon National Estuary Program, Brevard Indian River Lagoon Coalition, Save Our Indian River Lagoon, Marine Resources Council, Marine Discovery Center, several other NGOs and academic institutions, and the cities that sit alongside the lagoon. This protected area contributes to Florida's environmental conservation efforts, but for more than a decade, this ecosystem has been in crisis.
Following anomalously cold winters of 2010 and 2011, there was a die off seagrass, which was further compounded by an algae “superbloom” event (Lopez et al., 2021). This led to an algae-dominated system, including an introduced species from Texas, Aureoumbra lagunensis, where seagrass could no longer thrive and all the species that depended on the seagrass, such as various fish, crabs, shrimp, sea turtles, and manatees became in severe decline too. Another major issue in this system that contributes to the algal blooms is nutrient loading, pollution that is both point source and non-point source from outflows such as septic systems, wastewater treatment systems, and lawns. This system has been stuck in a positive feedback loop for more than a decade. However, after back-to-back Hurricanes Ian and Nicole in the late fall 2022, which included both high amounts of rainwater and washouts of the dune system leading to a large influx of saltwater from the Atlantic Ocean, there has now been recovery of seagrass to pre-collapse density and extent. At this time, no studies have been conducted to investigate the exact drivers of this recovery. 
One of the authors grew up around ML and has been witnesses to the decline in ecosystem health. They are a co-founder of the stakeholder-based non-profit, Lagoon Watermen Alliance (LWA), whose mission is to educate, inform, and create science-based change to preserve the IRL system for future generations, with a specific focus on reducing nutrient loading (Lagoon Watermen Alliance, 2023). As a member of the ML fishing community, they have personal insight into how seagrass loss was negatively impacting charter captains and recreational fishermen. In total, there are seventy-five permitted fishing guides (charter captains) in ML and after speaking with several of the most experienced guides in the community, it became clear that further study was needed on their perceptions of ecosystem decline and how their livelihoods have been impacted by it. Because of the author’s unique position in the community, which has built rapport over many years, they were able to receive approximately a 45% response from permitted charter captains on the electronic survey, and a great deal more from other lagoon stakeholders. 
Based on preliminary data and our remote sensing results (Insalaco et al., 2024), we expected fish populations to have declined along with the loss of seagrass to only 1% of previous coverage, making it very difficult for charter captains to make a living in the ML. This hypothesis was supported by the survey results across a variety of investigative categories. 
3.2.2 Literature Review

Political ecologists have long studied how knowledge about ecologies is itself a site of contestation (Blaikie, 1985; Brookfield, 2016; Fairhead & Leach, 1996; Goldman et al., 2011; Neimark et al., 2019; West, 2006). Political ecologists that draw upon science and technology studies have frequently described ecological knowledge as a field of power–one where the ability to claim knowledge over an ecological process can reinforce power relations (Kosek, 2010; Krupar, 2013; Lave, 2012a; Moore et al., 2003). Here we draw on this long lineage in political ecological studies to consider how knowledge about seagrass and fish populations is contested and becomes a site where local knowledge comes into contest with state official accounts. 
We also pair physical geography data and research about seagrass with a political ecology approach to inform a critical physical geography research project. Critical physical geography is an emerging field of study that uses social theory to consider the eco-social research questions, examining how power relations, and their material effects, shape and manifest within biophysical systems (Lave et al., 2018). Critical physical geography projects have studied questions about geomorphology and hydrology (Blue & Brierley, 2016; Dufour et al., 2017), and the 
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[bookmark: _Toc167468277]Figure 3‑1: Map of Study Area (Mosquito Lagoon, Florida)











[bookmark: _heading=h.1ci93xb]implementation of such science in applied ecological restoration work, such as stream restoration (Lave, 2012b). Here we build on other studies of critical physical geography that consider the role of remote sensing in the politics of environmental knowledge (Braun, 2021). Bringing local ecological knowledge (LEK) into our analysis, we consider how at-risk populations that rely on natural resources for livelihoods produce extensive knowledge about fish populations and fisheries ecologies that is incongruent with that of resource managers. We build on a critical physical geography body of scholarship, responding to calls to understand how scientific practices and values underlying measurement influence data outcomes (Braun, 2021), we illustrate how valuing LEK can inform both better science and resource management.
	LEK is useful in assessing how communities experience socio-ecological changes, as well as documenting ecological change at localized scales. LEK can be most useful in areas facing ecological transformation, where differing data and lenses of analysis offer divergent or even contradictory results. In such cases, LEK can offer a situated body of knowledge (Haraway, 1988), with the origins and the implications of the knowledge clearly stated, as opposed to frequently more abstract and at times unapproachable dataset offered from scientific bodies and environmental resource management agencies. Furthermore, LEK is useful in understanding how human communities perceive ecological change and what human communities identify as most important for their livelihoods and wellbeing in the ecologies they operate within (Aswani et al., 2018). 
LEK has long been a key source of data for researchers seeking to better understand socio-ecological transitions (Anadón et al., 2009; Aswani et al., 2018; Davis & Wagner, 2003). In particular, scholars of climate change have looked to LEK to understand localized perceptions of change and to understand how communities are adapting to climatic changes. Kupika et al. (2019) argue that LEK is a critical way to understand and promote human community resilience in the face of climatic changes, studying LEK and climate changes in the Zambezi Biosphere Reserve. 
Scholars argue that LEK can produce better (and far less expensive) results of ecosystem inventories than non-local-community-based methods. For instance, Anadon et al. (2009) found that LEK could be a more effective and far less expensive sampling methodology for low-density populations in extensive landscapes.
LEK can at times provide surprising results that may contradict the knowledge produced from governmental resource managing agencies, and from scientific bodies. In particular, fisheries researchers have long found that LEK provides useful additions to wider bodies of scientific data and can help direct scientific researchers to ask different and more precise questions (Sáenz‐Arroyo et al., 2006). Sivlano and Valbo-Jorgensen argue that more than simply ‘fisherman’s tales,’ data collected with and by fishermen can offer unique and methodologically rigorous insights into often difficult-to-study, and largely unknown underwater ecologies (Silvano & Valbo-Jørgensen, 2008).  
It is important, however, to note the difference between LEK and traditional ecological knowledge (TEK). While LEK comes from ecological resource users and individuals that have highly specific knowledge of landscapes, TEK usually comes from Indigenous communities that have developed and maintained non-Western knowledge systems about ecological systems (Chisholm Hatfield et al., 2018; Wyllie de Echeverria & Thornton, 2019). TEK, therefore, offers other ways of knowing and datasets interpreted upon epistemological grounds than scientists and university or government researchers rely. LEK, in contrast, can involve any collected users of ecological resources and relies on their specified knowledge of the ecosystems they inhabit, rather than necessarily the ontological differences between the scientists and the resource users. 
LEK fits within a broader body of literature within geographic scholarship that studies the politics of socio-ecological change. As mentioned, geographers have long engaged in political ecological approaches to questions of socio-ecological change (Kosek, 2006; Sundberg, 2011; Neimark et al., 2019; Watts & Peet, 1996), illustrating how the question of whose knowledge is valued and considered valid has widespread implications for issues of equity and human wellbeing in natural resource management (Ahmad-Khan, 2022).           
Building on critical physical geography, political ecology, and studies of LEK, this study contributes to a growing body of geographic scholarship on climate change adaption and resilience. As numerous scholars have pointed out, the first step in identifying pathways for community resilience in a changing climate is identifying what changes are most relevant and felt in these communities (Taylor and Bhasme, 2020). Resilience scholars have pointed out that resilience cannot come only from technological or ecological interventions, but must understand the full social implications, histories, and contexts within which communities face vulnerabilities (Derickson, 2016; MacKinnon & Derickson, 2013). As we study the ways that a community that faces significant changes to their livelihood due to novel climatic irregularities (fishermen and fishing communities of ML), we identify the ways that documenting their knowledge and perception of ecological change can influence how best to promote socio-ecological resilient systems in future landscape management.  
Finally, we leverage remote sensing science to inform our critical physical approach. Satellite imagery proves invaluable in tracking seagrass loss because of its extensive historical record and consistent periodicity (Insalaco et al, 2024). This approach offers the added benefit of being cost-effective, as it relies on readily available imagery and processing software, often supplemented by Machine Learning techniques (Howard et al., 2014). However, it is worth noting that challenges like water turbidity, color discrepancies, and sun glint can affect the accuracy of seagrass assessments through satellite imagery (Howard et al., 2014). While previous research demonstrates the viability of satellite imagery for seagrass mapping, there is room for enhancement in accuracy through statistically rigorous methods. Traditional classification methods paired with 30-meter resolution imagery yield accuracy rates ranging from sixty to eighty percent. Yet, employing higher-resolution data or advanced classification algorithms can further boost precision (Kovacs et al., 2018; Pu et al., 2012; Roelfsema et al., 2009). Additionally, a comprehensive approach that combines aerial photography, satellite imagery, and extensive fieldwork may be the optimal strategy for enhancing seagrass mapping accuracy (Howard et al., 2014; Pu et al., 2012; Roelfsema et al., 2009). Previous studies have integrated remote sensing data with LEK, which provides us with a unique and better understanding of socio-ecological change (Brown et al., 2018; Del Rio et al., 2018; Egeru et al., 2015; Kong et al., 2015; Naidoo & Hill, 2006; Paltsyn et al., 2019; Takasaki et al., 2022; Tucker et al., 2021). For example, in Eddy et al. (2017), the researchers used vegetation indicators of Normalized Difference Vegetation Index coupled with participatory mapping to identify target areas for conservation due to overgrazing of rangelands of Kyrgyzstan.      
Drawing on the above remote sensing approaches and previous knowledge, we paired survey (LEK) data with remote sensing of seagrass in ML to test our hypothesis that local knowledge and seagrass data conflict with ML resource management practices. This research seeks to evaluate and potentially confirm the hypotheses that 1) LEK data collected from stakeholders in ML conflicts with data presented from resource managers 2) LEK confirms that fish populations have drastically declined with seagrass decline, causing economic distress and 3) the economy surrounding ML is suffering due to this ecosystem decline. These data are important findings, not only about the changing ecology of Florida’s coast, but also for policy makers to use when considering economic and ecological adaptation in a rapidly changing landscape.	
[bookmark: _gjdgxs][bookmark: _Toc165218636]3.3 Data and Methods

3.3.1 Survey
	
The survey concerning opinions of the state of the ecosystem of ML was sent to guides, recreational users, and other stakeholders of the lagoon in September 2022 after obtaining IRB approval (UTK IRB-22-07081-XM) and was closed on 1 March 2023. Below are the quantitative and qualitative questions from the survey, separated by question type. The goal of these sections was to collect a variety of information from respondents that spoke to several topics and issues present in the lagoon. Questions within the “General Questions” topic would establish the age and occupation of participants, while questions within the “Health of the Lagoon” section asked participants to give their opinion on the decline witnessed (or not witnessed) in ML with specific follow up questions asking when they noticed the aforementioned decline and what in their opinion caused it. 
As the decline in seagrass has been reported to cause a drop in the fish population needed for the majority of participants to maintain their livelihood, the next two sections “Business Questions” and “Fisheries” gather information on this notion. Questions from this section asked about income before and after the noticed decline, travel, adaptations, fish caught before and after decline, as well as the spatial distribution of where fish are located in the lagoon. “Recovery and Policies” prompted participants to think about what practices would need to be put in place depending on the decline they described in above sections. Questions from this section asked about what policies or methods they have seen in place or would like to see, opinions on catch and release policy, and a discussion about their hopefulness for recovery in general. The last section “Seagrass Specific” was created to gather specific information to connect to an ongoing seagrass classification of the lagoon. Answers from this section would confirm or disprove current model predictions of seagrass density in the lagoon throughout the years and gather more feedback about why stakeholders think seagrass is disappearing rather than state agencies and organizations. The specific survey questions for each section are listed in Table 3-1 below. 
3.3.2 Survey Questions

General Questions: Age? What type of business or involvement do you have in Mosquito Lagoon (chartering, fishing, etc.)? What year did you start this business? 
Health of the Lagoon: Have you witnessed a decline in the health of the lagoon / a decline in the amount of fish? What specifically have you noticed? Around what year did you notice this decline? What factors do you think are causing the drop in ecosystem health / species? What do you think is the most influential factor? 
Business Questions: What was your average income before the decline? After the decline, did you notice a drop in income or business? How far did you used to travel for work (in both your truck and your boat)? How far do you now have to travel for work (in both your truck and your boat)? What adaptations have you made because of this decline (different boat, different bait, different location, different target species etc.)? How much have these adaptations cost your business? 
Fisheries: How many fish would you catch on a given day before seeing the ecosystem decline? How many fish do you catch per day in the present day? Please specify how many of each species you are catching. Have you noticed any changes in fish spatial distribution? 
Recovery and Policies: What methods or practices could be put in place to help restore the ecosystem? Do you know of any current policies that might be influencing the health of the lagoon? If you have seen an ecosystem decline, do you believe that the lagoon will eventually recover? How do you feel about catch and release only policies? Do you think catch and release would have a positive or negative effect on your business? Please explain. 
Seagrass Specific: Have you witnessed a decline in seagrass in any parts of the lagoon? Around what year did you start to see a major loss in seagrass? What factors do you think are damaging seagrass?
The survey was initially distributed by obtaining a list of guides from the U.S. Fish and Wildlife Service and those from the list were emailed in Fall 2022, but response to that initial push was slow. Social media was a very helpful tool in advertising this survey to increase the number of responses. In addition, members of the LWA board shared this survey on their pages after the initial email to eventually increase the number of survey responses to 105 from a variety of participants involved with the lagoon.
After survey closure, responses were exported into Microsoft Excel and Word for analysis. For questions that received quantitative responses like age or year that the decline was noticed, the average was calculated for each question along with natural breaks to see the distribution of responses. If needed, pie charts and bar graphs were produced to visually represent the values. The majority of other questions were qualitative so responses from participants varied in length and content. With these questions, general patterns and trends were recorded to look for frequent themes in answers among participants but outliers or significant responses were also noted. 
3.3.3 Workshop
	
To expand on the survey, the 2023 Mosquito Lagoon Stakeholder Workshop was organized to give results back to the stakeholders and gather more feedback. The event was held at Hell's Bay Boatworks in Titusville, Florida on 22 July 2023, as it was a centralized location to a majority of previous survey participants. The event was advertised to participants through the previous guide email list as well as a flier posted on various social media pages, as before. This event was open to the public and was of special interest to all who are involved in the ML to some capacity.
Approximately seventy-five stakeholders attended the workshop from various occupations, agencies, and organizations. The workshop started with a presentation of results from the deep neural network classification of seagrass in ML, which was previously mentioned, as well as another presentation of the results of the survey. After that, discussion was opened to those in attendance to speak on if they agreed or disagreed with the results of the presentation, as well as any other topics they wanted to discuss. After discussion of the survey, participants were asked to break off into groups of approximately 4–6 people for 10–15 minutes to write down on provided pieces of paper what they thought was important to discuss going forward as well as any anecdotes or opinions they wanted recorded. 
After the break off groups ended, another general discussion was held where one participant from each group discussed what was written down on their paper. This led to deeper discussion about topics concerning ML, but every participant had a chance to speak to the overall audience if they chose to do so. The data and results gathered from the workshop were recorded on the papers distributed to the participants/groups, as well as from what stood out to the researchers throughout the conversations. This data was compiled into a document for analysis, where major themes/trends were again extracted but strong opinions or personal stories / perspectives were also recorded. 
3.3.4 Pairing with Remote Sensing Data

The survey data that we conducted pairs with previously explored remote sensing data in the area (Insalaco et al, 2024). Various agencies and researchers have been monitoring seagrass in ML using satellite and aerial imagery since 1943 (St Johns River Water Management District, 2017; Yarbro & Carlson, 2016). Most reports from managers that mention seagrass tracking only focus on the Indian River Lagoon (IRL) as a whole system, where the most notable finding was that there was a 58% loss in seagrass from 2011-2019 (Morris et al., 2022). But Morris et al. (2018) conducted a study on seagrass extent in ML, employing various methods to assess changes from 1943 to 2017. The overall findings indicated a 20.25% loss in seagrass coverage across ML. Upon spatial analysis, the most substantial loss, amounting to 93.43%, was identified in the northernmost region of ML during this period. The period from 1943 to 1992 marked the most significant decline in seagrass, although data gaps during those years are acknowledged as a limitation. Despite the absence of data, this timeframe still witnessed an approximately 60% loss. An updated report by Morris et al. was published in 2022 though that changed the methodology used to map seagrass extent, and saw findings that were much more severe. Along with the 58% loss in seagrass in the IRL system, the mean coverage extent of seagrass declined from approximately 27.5% to 2.5% from 1994 to 2018 (Morris et al., 2022). 
However, these earlier reported numbers differed from what we heard in engaging with stakeholders of the ML region of the IRL specifically. So, in addition to the St. Johns River Water Management district having an ongoing database of seagrass extent in the IRL (including ML), our team has conducted a Deep Learning (Deep Neural Network) classification of seagrass in ML from 2000–2020. Fieldwork data coupled with Landsat imagery was used for the basis of this classification. This study found that by 2020, seagrass covered only ~0.1% of ML (Insalaco et al., 2024). This was a 99.6% decrease since the seagrass extent observed in 2013, showing that seagrass loss in ML might be more severe than previously reported and that further work understanding how this loss has impacted stakeholders is needed (Insalaco et al., 2024).
[bookmark: _Toc165218637]3.4 Results

     This electronic survey received 105 responses. Some basic information about respondents’ relationship and experience with the ML was collected. The median age of the respondents was 34 years old. While there were many different stakeholders represented as shown in Figure 3-2, the primary relationship that respondents had with ML were as fishermen. Based on natural breaks statistics (Figure 3-3), the majority of the respondents have had 10-20 years of experience on ML, with one person having experience back to 1946. These provide perspectives about ML long before the ecosystem collapse around 2010. 
The survey then transitioned into addressing the core of the research questions: what are the changes the respondents have observed in ML and how are these changes impacting them? 99% of the respondents noted declines in the ML ecosystem health in various ways. While 1% noted that this past year specifically was “okay”. There was a strong theme of decline and loss of the seagrass, the fish, and the ecosystem. Without any prompting in the question, 63% of respondents mentioned “seagrass” a total of sixty-five times in this response. This was an overwhelmingly unexpected finding for this question, as
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it was anticipated that responses would focus on fish due to the livelihoods of the participants. This highlights stakeholder understanding of the direct connection between foundational seagrass and ecosystem decline. The word “decline” was mentioned fifty-nine times throughout this response by 52% of respondents, which further emphasizes the thematic core of these survey results. As was expected, various fish including redfish, snook, trout, black drum, and even bait fish were repeatedly mentioned in the answers. Of interest is that one person noted a shift in species presence with an increase in black drum, which is considered a hardier, but less desirable trophy species. Manatees were also mentioned in 8% of responses, which given anecdotal evidence, was less than expected. Some of the most impactful statements from their responses included: 
· “Decline in habitat, decline in fish numbers. Due to the habitat loss fish have been forced to move to different locations for better water quality, better food source, and a place for refuge from predators. Also, most adult redfish have moved to new locations because their old habitats can’t support their pre and post spawning habits.” 
· “I noticed a lack of Seagrasses on sand flats, which were shown to have Seagrass on them from satellite images taken in previous years. I primarily targeted redfish on fly spending about 3 days a week on the lagoon for a period of 5 months. Video footage of mosquito lagoon fishing from roughly 2010 or earlier showed large Seagrass beds and schools of redfish seemed abundant: I saw one pond full of Seagrass and 1 agitated school of 15 or more redfish in my entire time on the water.”
· “Incredible loss of seagrass and a much more difficult fishery to perform well in, while working as a guide.”
· “The lagoon has had zero seagrass until this year since I started fishing. In the summer there was significant growth and then the hurricanes killed almost all of the growth.”
· “Total loss of the fishery.”
· “Yes, water quality obviously. I encourage you to look into the sewer line leaks and the events (or lack thereof) that followed by the city (Melbourne specifically). Seagrass is almost nonexistent. Amount of fish and in turn fishing limits.”
· “Yes. Absolutely barren, no seagrass to be seen. Except this year I finally saw by whale tail. Nothing anywhere else.”
· “Yes. Have witnessed complete seagrass die off and a severe decline of fish in those areas that previously has Seagrass from Edgewater to Mims.”
· “Yes. Shortly after the seagrass mostly died, there was a significant decline in red drum and spotted seatrout. I have also witnessed a considerable decline in blue crabs, pompano, and sheepshead within the lagoon.”
When asked about the timing of the decline, most respondents (88%) noted 2010 or later. Fifteen of the respondents referred specifically to the anomalous freeze events of 2010–2011, which can be confirmed with climate data. When asked about what they believe the factors causing this ecosystem decline were, there was a strong theme around water quality, which does align with what is known about ML (Lopez et al., 2021; Phlips et al., 2015). They expressed this in several different ways including runoff, septic tanks, fertilizer, pollution, algal blooms, water quality, and chemicals. But overall, 77% of respondents indicated that the most important factor was nutrient loading. One exception to the answers was manatees which was brought up as an issue in 18% of responses. Given anecdotal evidence, these numbers were similar to what was expected. 
The next questions address the impact of ecosystem decline on businesses, the majority of which were charter captains in ML. When asked if they had observed a drop in their business, 69% said yes. This includes one respondent who went out of business altogether. Several respondents mentioned having to warn clients of bad conditions, finding other areas to fish, and having to work much harder to make the same amount of money. 15% of respondents did not observe a drop in business and 13% of stakeholders began their business after the decline and so did not have a perspective on this.  This study wanted to gain insight into adaptations business owners took. When asked specifically about how far they had to travel in both their truck and their boat before and after the collapse, 58% of respondents said they had to travel further both by truck and by boat in order to find adequate fish to satisfy clients. 33% of respondents stated that they travel the same amount. And 8% stated that they travel less. This is likely due to a change in spatial distribution of their homes compared to current fish patterns. Several people noted that they now have to travel to different regions or states in order to make ends meet, such as the Florida Keys or Louisiana. This also has impacts on family / social structures (Neef et al., 2018). When asked in an open-ended way about what other sort of adaptations business owners have had to make, which may include strategies such as a different boat, different locations, different target species, it became clear that people have had to make costly adjustments that they had not planned or prepared for in order to achieve the same financial outcomes. 96% of respondents were forced to make significant adjustments that were often expensive. One of the adjustments they specified included traveling to different locations, which included leaving the lagoon seasonally (as noted in the previous question) or altogether. Some other adjustments included pursuing different target species, which was not always the preference of the client, as well as purchasing new bigger non-flats boats, which often came with costs of $60,000 to over $100,000. Several people also changed their careers to guiding only part time or leaving their career in fisheries entirely. Some of the most salient statements from their responses included: 
· “Left commercial blue crabbing due insufficient numbers of crabs. Only fish recreationally for small tarpon. Trout and redfish are gone due to seagrass die off beginning 2015.”
· “I still spend a lot of time in the lagoon. Probably more than most other guides. Lots of guides bought bay boats and offer a different experience. I now travel to the keys to fish and currently have a second boat on order to fish the keys better.”
· “Double my normal cost of business since the decline because I’ve had to purchase an additional boat.”
· “New boat-$60,000 plus travel time.”
· “Over 100k.”
· “Harder to find fish so working harder and longer for the same price.”
· “I went out of business last October.”
During the stakeholder focus group, held six months after this survey closed there was another prospective development from oyster farmers. Due to the poor water quality in the ML system and human health concerns because of algae blooms, all oyster sales were banned starting 1 July 2023, and lasted until the end of September 2023, resulting in the loss of three months of income. Farmers still must work their farms daily and continue to invest capital into their operations, but it was unsafe for them to sell any of their product. They described how they have diversified by selling t-shirts or picking up odd jobs to make ends meet for their families. 
The backbone of these charter captains’ careers is their ability to catch fish. One of the authors determined, based on anecdotal evidence and reports from fishermen, that they are suffering significantly in terms of their fish catch numbers. Anecdotally, some charter captains described that a typical day on the lagoon for them meant catching 100+ fish and seeing individual 
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[bookmark: _heading=h.1pxezwc]schools with hundreds on “tailing” fish. This is a behavior where fish are very near the surface and anglers can see their tails. It means that they can sight fish their targets, and generally is thought to be indicative of “happy” fish. It was noted that fish are rarely seen at the surface anymore and schools are significantly smaller. When asked to compare how many fish they typically caught before vs after the decline (Figure 3-4), before the decline, anglers reported numbers from 4 to 100 (with an average of 23), and after the decline, they reported numbers from 1 to 17 (with an average of 5). 95% of respondents also noted that there was a change in spatial distribution of the fish, indicating that they were sparser, making it more difficult to fish. The survey then asks about seagrass specifically, as it was not expected that the first question would evoke so many answers about seagrass included in ecosystem decline. When asked when respondents observed seagrass loss, the majority said from 2010, which aligns with the results earlier in the survey around overall ecosystem decline. One of the most surprising, but reinforcing results was that not a single respondent estimated seagrass loss to be less than 50%, but 95% of respondents estimated seagrass loss to be more than 75%, with 84% of respondents saying loss was higher than 90%. These numbers support what the authors found in a Deep Learning study of seagrass loss over time using satellite imagery (loss of 99.6% from 2013-2020) and [only] the latest finding from the St John’s River Water Management District (loss of 91% from 1994–2018) (Morris et al., 2022). The intimate knowledge by stakeholders of the system supports our previous findings and suggests that the situation with seagrass loss is dire not only for the ecosystem, but for the stakeholders. Some of the most impactful statements respondents made included: 
· “This fall alone almost all of the grass is dead.”
· “ALL”
· “Widespread loss has occurred everywhere I look except a few pockets in the Mosquito Lagoon. I would visually estimate the loss at well over 95%. Many flats are limited to a few isolated blades of seagrass.”
· “1000s of acres”
· “The entire lagoon system has lost sea grass, Indian, banana, and mosquito. I would say 95% of grass is gone.”
· “A ton! Most areas are dry as a desert. I’d say out of the whole lagoon 85% has been lost.”
· “Just about everywhere became sand / mud bottom.”
· “All of it at one point. I’ve fished out there over 20 years of my life. I watched every single square inch of seagrass completely die out.”
· “90% and when I do find any grass there are usually manatees in the area.”
· “Total loss”
· “Almost all of it is gone. The green vibrant sea grass is almost all gone.”
Potential Policy Recommendations

Given their knowledge that the respondents have of this system, the survey sought their ideas on methods that could help to restore the lagoon. Here we compile some of those responses as policy recommendations, connecting the LEK of respondents with potential applications in resource management.
There was a recurrent theme around nutrient loading, which was noted earlier in the survey as well. Respondents indicated that government regulation and enforcement of laws to prevent/mitigate nutrient dumping into the lagoon is lacking. 81% of respondents referred to needing better policies and management around nutrient dumping into the lagoon. 16% also mentioned manatee management, which included the restoration of the natural migration of these charismatic mammals. However, it should be noted that manatees are cultural migrators, so if their mothers did not teach them, they won’t know where / when to go (Reynolds & Odell, 1991). 12% of the respondents mentioned using catch and release of all species in the lagoon, and based on conversations with charter captains, this is a practice that has become increasingly in favor. The use of clams and oysters for anchoring sediment was also noted as important, along with replanting seagrass. 
· “Cities need to be held responsible, with increasing fine amounts for each "accidental" discharge into the river. New growth should require zero impact on the IRL through Low Impact Development. Muck removal needs to be prioritized in areas where it is still an issue. Herbicide spraying needs to be completely eliminated. HOAs should be banned from requiring yard treatment for any neighborhoods within 1 mile of the river or in areas where drainage ditches run to the river. Finally, the placement of underground pipes in strategic locations in the south Mosquito Lagoon, North Indian River, and the Banana River to allow seawater to enter and help flush the system.”
· “All fish within the refuge should be catch and release only. I also feel we need to reduce the amount of untreated run off that is allowed to flow into the lagoon.”
· “Finish all city and town sewer projects to eliminate all waste unlawfully or lawfully entering anywhere into the Mosquito Lagoon system.”
· “City of Titusville still discharges "treated" sewer water into the river on a daily / weekly basis during the rainy season; an investigation is supposed to be opened as the state gave them funds to eliminate this a few years ago. Several HOAs along the river require homeowners to have monthly yard treatment from companies to maintain "green" yards. The County of Volusia still sprays herbicides (Glyphosate based) to treat all drainage ditches that run into the river.”
· “Oyster mats, plant clams”
· “Reduction in local population expansion and development; the region is becoming too populated. Ban on sale and application of fertilizer with nitrogen and phosphorus. Make wastewater spills have a level of accountability that encourages fixing the problem instead of fine paying. Use retention ponds for stormwater. End thermal pollution from the FPL power plant and Desoto Canal.”
· “Manatee feeding is catastrophic for the lagoon and must stop. They have overgrazed every surviving seagrass meadow down to the nub. Ongoing clam restoration is good as is the catch and release ruling for redfish.”
As mentioned above, catch and release policies in the lagoon could help recovery in the sense that it would take some pressure off the fisheries. Somewhat surprisingly, 95% of respondents fully supported catch and release. Based on speaking with charter captains, this is a different figure than what the same community surveyed a few decades ago would have responded with. Captains have become more in favor of these policies over time, as lagoon health has continued to decline, and the fishing has become more limited. They have recognized that for the sustainability of their careers, these kinds of policies have become increasingly important. In 2022, the Florida Fish and Wildlife Conservation Commission passed regulation that redfish (the ideal primary target for trophy fishing in the lagoon) are now catch and release only. And they will continue to evaluate this as an option for other species as well. 17% of respondents mentioned that they would welcome this expansion of these policies into different species. Two respondents also mentioned the ideas of applying for tags to keep fish in order to raise more money for fisheries conservation. When asked how they view the impact of catch and release on their businesses, 67% of respondents though it would have a very positive or positive effect on their business as well as create long term sustainability in the ecosystem. An additional 12% thought it would have no impact. And 21% thought it would have a negative impact. Overall, the support for catch and release is there. 
· “All for it! I only practice catch and release. Even with my clients…. Very positive effect. The lagoon is barely hanging on. We need every breading age fish in the lagoon as possible. There are not the same numbers of redfish like there use to be.”
· “Amazing!... Positive effect. The water is not clean enough to eat the fish yet anyways.”
· “Catch and release is the only thing that has kept this river alive. I believe catch and release should be mandatory for all fish in the Indian and Banana River. No exemptions or exceptions. …Positive. It’s tough to keep fish when you can’t even catch them.”
· “I am in favor of catch and release only. … Positive effect, more fish would be available to catch. People are keeping too many fish, then wonder why they can’t go catch 100 fish every time they go out.”
· “I believe it’s necessary until the habitat is restored and the numbers of fish rebound. I also think that catch and release should stay enforced within the boundaries of the Canaveral National Seashore and Merritt Island Wildlife Refuge. …Positive. It’s simple! The more fish there are the more opportunities we will have on any given day. My clientele are conservationists and could care less about Keeping fish.”
· “I have fully supported and pushed for catch and release long before 90% of the fishing guides. The new regulation on redfish is a start, but it needs to be expanded to include other species, to increase their numbers as well…. My business is 95% catch and release. Therefore, it would have no impact on my business.”
· “100% support. …I have been doing catch and release only for 18 years of guiding and it works just fine. The guys killing all the fish do it mostly to get a tip from people for filleting the fish. There are still some who think saltwater equals unlimited supply, but most cannot possibly believe that killing fish out of a nearly closed system is good for future catching.”
· “It’s a love hate feeling for me. I don’t like to eat redfish in general. I see all fish like my pets and my means of income. I get more enjoyment out of watching them being released. At the same time if I want to keep a redfish, trout, snook, etc. I want to have that option available! …. I try and promote my business for fly fisherman and light tackle artificial bait fisherman. Meaning I fish with individuals who want to release fish regardless of if they’re in season or not. I believe it would have positive impacts for the clients that want to catch that fish again so to say. But for those who have their heart set on keeping and eating what they caught it’ll have a negative impact.” 
· “Might help a few fish live to swim another day but will not solve our water quality problems, which is truly the hard issues that we need to be addressing. … I would say neither here nor there. My customers could take it or leave it for the most part and are totally content catch and release fishing in the lagoon.”
· “Practicing it since 2014. … Depends on the client. I do not wish to keep fish caught so I would not have my clients keeping fish either.”
· “Strongly support …Not the solution to recovery, but it is a measure that will help to maintain a better than otherwise fishery.”
Finally, when asked about their attitude towards lagoon recovery, 89% participants did think it could recover, though of those, 70% thought it could only happen conditionally if policies were changed and enforced. It was also noted repeatedly that things could only change if they worked together as a community, which further reinforces the need for having an organization that can be one community voice. 11% did not think that the lagoon would recover stating things like “Not in my lifetime” and “It will never be the same”. These statements from respondents illustrate the depth of the challenges of rapid socio-ecological system changes:
· “It will require radical changes that I do not believe older generations, or the current economic and political system would be willing to embrace. It is possible than younger generations in the future fix the issues. However, the Mosquito Lagoon will lose its unique features and resemble a tidal estuary soon because climate change is causing stronger, slower moving, and poleward hurricanes that will almost certainly punch an inlet.”
· “With a little bit of help I believe the health of the fishery will rebound but not sure if it will ever fully recover.”
· “The lagoon will not recover until the issues associated with the eutrophication are resolved.”
· “I remain hopeful, but my confidence is fading.”
· “Not if we don’t do something about it. Our local and state governments only act reactionary, no proactive plans to protect and build back the lagoon. It’s depressing to think of what might be lost.”
[bookmark: _Toc165218638]3.5 Discussion and Conclusion
It is evident from these results that ML is in crisis, both environmentally and economically. 99% of respondents to the survey reported seeing a decline in the ecosystem, and this was supported by statements made in the stakeholder workshop. In survey responses, themes of seagrass, fish, habitat, water quality, and more are tied to this decline, with mentions of these topics sometimes being unprompted. 
     This research documents a mounting ecological crisis that is at risk of going undocumented by resource managers until the effects are perhaps irreversible. 95% of respondents reported that seagrass loss is over three-quarters, and this was reaffirmed by other respondents who stated that “ALL” the seagrass is gone or when asked how much seagrass coverage has been lost “A ton! Most areas are dry as a desert. I’d say out of the whole lagoon 85% has been lost.” These findings support the DNN classification of seagrass study by Insalaco et al. in 2024 that recorded seagrass loss in 2020 at approximately 99.6% and closer to the more recent study from resource managers with updated methodology, but contradict past reports and other existing databases (Morris et al., 2018; Morris et al., 2022; St. John’s River Water Management District, 2017). The St. John’s River Water Management District also provides a database with seagrass maps from 1943–2021, and more recent maps in that dataset show more seagrass coverage than what was reported in the DNN mapping effort (Insalaco et al., 2024; St John’s River Water Management District, 2017). When the results from the Insalaco et al. 2024 study were shown to stakeholders at the in-person workshop, there was widespread agreement that their experiences aligned with the percentages of loss presented and it opened a conversation about seagrass conservation in the community. This discrepancy between agency reports of seagrass coverage mentioned above and those from researchers is alarming and illustrates the need to take stakeholder opinion and LEK into account when collecting data on ecosystems, particularly difficult-to research aquatic ecosystems (Silvano & Valbo-Jørgensen, 2008). This recorded loss and the opinions of it by stakeholders support broader literature that shows seagrass is significantly declining globally, and it will not recover without conservation (Orth et al., 2006; Unsworth et al., 2018).
This research also provides a detailed account of an economic crisis for fisheries stakeholders. This loss in seagrass also led to decrease in habitat and therefore fish as seagrass is a “foundation species” which other species rely on for shelter, habitat, or a food source in ML (Reynolds, 2018; St Johns River Water Management District, 2020). The decline in fish has been most impactful to stakeholders as most rely on catching fish to support their livelihoods. 95% of respondents reported that the spatial distribution of fish was significantly sparser since the decline, and the majority of respondents noted that they catch less fish (on average 78% less). The entire IRL system generates approximately 30 million dollars in revenue with its fishery activities and accounts for about fifty percent of fish harvest on Florida’s east coast, so a decline in fish is detrimental to the overall community but especially these stakeholders (St Johns River Water Management District, 2020). 
Climate variability continues to threaten people’s well-being, especially for people who rely on natural resources for their livelihoods (Shaffril et al., 2017). Communities must increasingly adapt to climate variability or they will face dire economic, health and wellbeing consequences. One understudied group that is increasingly facing the socio-ecological effects of climate variability are small-scale fishermen in the United States (Shaffril et al., 2017).  As discussed in the results, stakeholders have had to adapt to this dramatic loss of income. 96% of respondents stated that they had to make significant adaptations to continue their business, including targeting new species, purchasing new boats, or even relocating to another location which has a more abundant fish population. Some respondents in the survey and the workshop even mentioned that they have reduced their fishing careers to part-time or even left the industry entirely, and this coupled with the other adaptations will have lasting socio-economic implications. It is evident that this ecosystem decline in ML has changed the balance of the ecosystem, but also      altered the livelihoods of the community stakeholders.
     Our findings illustrate that while many fisheries stakeholders have been able to adapt, adaptation has come at great personal economic and emotional cost. Furthermore, as they adapt to a new landscape, they are also vocal about intervention they consider necessary for government entities to take in managing the lagoon. A strong theme among respondents when discussing why this environmental decline has been occurring was nutrient loading, which contributes to the algal blooms and therefore the decrease in water quality in ML (Lopez et al., 2021; Phlips et al., 2015). As discussed above, respondents call for cities to be held accountable for the dumping of sewage into the lagoon as well as a call for a more stringent ban of fertilizer usage as that contributes to the overabundance of nutrients (Phlips et al., 2015; Waymer, 2018). Other recommendations concerned more management of the lagoon, with suggestions of manatee management and mainly catch and release policies. 
When asked about catch and release policies, 67% of respondents believed it would have a positive impact on the ecosystem and their livelihoods. Many studies and agencies support catch and release because of its proven ability to improve fish populations worldwide, although this policy has to be used in tandem with other policies to promote restoration (Cooke & Schramm, 2007; National Parks Service, 2018). A strong majority (89%) of respondents believe that the lagoon can recover to some extent, but this would require the implementation of conservation-forward practices, like catch and release. Many mention that the lagoon even with positive environmental policies enacted will “never be the same” and lagoon recovery would require “radical changes that I do not believe older generations, or the current economic and political system would be willing to embrace.” It is evident to see any sort of ecosystem restoration, then local governments and agencies need to be proactive in their work and take into account the knowledge of the community (Anadón et al., 2009; Sáenz‐Arroyo et al., 2006; Silvano & Valbo-Jørgensen, 2008).     
This study illustrates that LEK is vital in understanding the state of an ecosystem through the lens of community stakeholders. Applying a mixed-methods approach to studying LEK in a study like this allowed for community knowledge to be taken into account in assessing socio-ecological conditions, a key dataset to validate remote sensing studies being conducted in the area. If managing bodies can incorporate more LEK into their decisions, the system may adapt and perhaps even return to pre-collapse state, but at minimum resource management would be better informed provide benefit to both people and the environment. 
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[bookmark: _Toc165218640]4.1 Abstract

Hurricanes Ian and Nicole hit Mosquito Lagoon, Florida in the Fall of 2022 and since then, the ecosystem has greatly shifted. Prior to these storm events, seagrass in Mosquito Lagoon was almost non-existent due to poor ecosystem conditions but made a sudden recovery in 2023. To study this change, a Random Forest Classification was implemented using Harmonized Landsat Sentinel imagery semi-monthly from September 2022 to January 2024. A model was created for each date in the period, and it was evident that while seagrass was still in a significant decline until March 2023, it came back to pre-collapse levels in summer 2023 and beyond. This recovery could be linked with the hurricane events as they would have redistributed seagrass fragments throughout the lagoon to promote growth and altered water conditions, but more research (outside the scope of this investigation) is necessary to determine why exactly seagrass has recovered to this extent. Seagrass density varied throughout each date, as well as the accuracy of each model depending on the amount of seagrass present. This method was successful in identifying seagrass in limited quantities, and this study raises awareness to the bigger picture that constant seagrass monitoring is need in Mosquito Lagoon to promote conservation of the ecosystem.
[bookmark: _Toc165218641]4.2 Background

On 29 September 2022, and 10 November 2022, respectively, Hurricane Ian and Hurricane Nicole hit the east coast of Florida. Hurricane Ian was initially projected not to directly strike the east coast of Florida, but it changed trajectory as it approached the state, leaving many in its path unprepared. This disaster brought devastation to the communities in the Brevard and Volusia counties as homes and infrastructure were flooded and destroyed due to the winds and rainfall brought by the hurricane. Shortly after Ian, Hurricane Nicole also hit the area, further hindering the recovery of communities and ecosystems on the east coast. 
The damage from these storms was far greater than anyone had predicted. After Ian, NOAA reported extensive beach erosion and damage to piers (Bucci et al., 2022; San Antonio et al., 2024). Many neighborhoods in the area suffered extensive flooding and loss, forcing a significant number of residents to move (temporarily or permanently) or rebuild (Carillo, 2023). Although there is a need to study the substantial damage of all the communities and ecosystems affected by these storms, this study will be focusing on the ecosystem of Mosquito Lagoon, Florida, as a few months after these disasters, the ecosystem flourished.
Mosquito Lagoon (ML) before the hurricanes was already suffering from a severe ecosystem decline. Human activities have been detrimental to the ecosystem of ML since the 1960s as the activities of the nearby Kennedy Space Center and the increase in population has caused a major increase in pollutants and nutrients into the lagoon (Lethbridge, 2023). This makes a suitable environment for algal blooms, which then leads to a decrease in seagrass meadows and other biodiversity (Phlips et al., 2015; Waymer, 2018). There was an almost complete loss of seagrass in the lagoon since the 2010s (Insalaco et al., 2024). This loss in seagrass and biodiversity has also caused a significant decrease in the surrounding economy. Stakeholders (guides/fishermen) who used to depend on the ecosystem to fish now are struggling to run their businesses due to the low numbers of fish, and are having to turn to alternative locations or even a different type of business (Chapter 3 above; Rotne, 2020). At the center of all the above issues is seagrass, which almost nonexistent in 2020, but suddenly started to flourish in 2023.
Seagrass, a crucial component of underwater ecosystems and the surrounding economy, is facing a global decline (Florida Oceanographic Society, 2019; St Johns River Water Management District, 2020a). Its unique nature as a flowering plant underwater transforms areas into biodiversity hotspots when forming meadows (Reynolds, 2018). Designated as a "foundation species," seagrasses play a vital role in providing shelter, habitat, and food for numerous species (St Johns River Water Management District, 2020a). Additionally, they act as ecological engineers, influencing the coastal environment's characteristics (Jones et al., 1994). The root systems of seagrass stabilize sediments, preventing erosion and facilitating sedimentation (Hughes et al., 2009; Orth et al., 2006). Seagrass meadows create structured leaf canopies, offering essential habitat for marine species (Hughes et al., 2009). Crucially, juvenile fish and smaller aquatic animals rely on seagrass meadows for shelter, supporting various aquatic populations (Hughes et al., 2009). Larger marine animals, such as manatees, dugongs, and sea turtles, graze on seagrass, contributing to the ecosystem's balance (Orth et al., 2006). Furthermore, seagrasses serve as indicators of overall ecosystem health due to their sensitivity to environmental changes (St Johns River Water Management District, 2020a).
In the context of the global blue carbon cycle, seagrass meadows can sequester significant amounts of carbon, emphasizing their role in climate change mitigation (Fourqurean et al., 2012). However, seagrass is declining due to multiple factors, including higher temperatures, disease outbreaks, storms, and grazing by marine animals (Reynolds, 2018; Valentine & Duffy, 2006). Human activities, such as boating, overfishing, and nutrient pollution, further contribute to seagrass loss, necessitating conservation efforts to protect these vital ecosystems (Reynolds, 2018).
Satellite imagery emerges as a valuable tool for monitoring seagrass loss, offering historical temporal extent and consistent repeat time. Despite challenges like water turbidity and sun glint, satellite imagery provides an affordable and accessible method, with Machine Learning classifications enhancing accuracy (Howard et al., 2014). Combining aerial photos, satellite imagery, and extensive fieldwork can optimize seagrass mapping accuracy, crucial for effective conservation strategies (Howard et al., 2014; Pu et al., 2012; Roelfsema et al., 2009).
Extensive literature about a hurricane's impact on seagrass exist., Most studies support that hurricanes either have a limited impact on seagrass or actually aid in its recovery (Anton et al., 2009; Byron & Heck, 2006). In Alabama, sites of seagrass in the state were surveyed both before and after Hurricane Ivan (2004) and Hurricane Katrina (2005). 82% of sites that had seagrass before Ivan still supported seagrass, and no loss of seagrass was recorded after Katrina, a hurricane that devastated Alabama and the Gulf Coast (Byron & Heck, 2006). Seagrass in the Gulf of Mexico that would have been affected by Katrina was heavily studied, and findings support that seagrass is highly resilient to a category 3 hurricane like Katrina (Anton et al., 2009; Byron & Heck, 2006).
This idea of seagrass resilience to hurricanes extends to Florida as well. A study was conducted following Hurricane Michael, a category 5 storm, in several study areas with seagrass in FL and LA that experienced a gradient of storm intensity: St. George Sound (FL), Cedar Key (FL), and the Chandeleur Islands (LA). Quadrats in these areas were studied to determine estimates of seagrass cover, shoot count, and canopy height before, during, and, after the storm event. While some water quality changes were also observed, seagrass in each location was minimally affected with: seagrass in St. George Sound declining slightly after the hurricane, but rising back to normal levels one year after the storm; percent seagrass cover in Cedar Key remained high pre and post storm; and change in the Chandeleur Islands was insignificant due to there being no storm surge or winds in the area (Correia et al., 2023).
While the majority of studies have found little effect of hurricanes on seagrass, there were some cases where storms to this caliber did significantly damage seagrass. For example, after Hurricane Georges hit Florida in 1998, in the Florida Keys there was an immediate loss of 3% of the density of T. testudinum and 19% loss of S. filiforme (Fourqurean & Rutten, 2004). The seagrass beds at three of the stations studied were “completely obliterated” by the hurricane and even after three years past the storm some of the study areas saw minimal recovery. Overall, Fourqurean and Rutten found that hurricanes could boost the variety of benthic macrophytes (seagrasses) by generating patches of disturbance within the environment. However, moderate storm activity might lower macrophyte diversity by eliminating early successional species from seagrass beds comprising various species (Fourqurean & Rutten, 2004).
Each storm and study area will vary in the extent of its impact on seagrass and its conditions. Specifically for the case of Hurricane Ian, the storm lingered over the ML area for approximately a day, which led to the influx of large amounts of freshwater, and this could have affected the ecosystem and caused coastal erosion (Waymer, 2022). Hurricane Nicole arrived soon after Ian and had a different effect, causing washovers (small delta-like features / fans shown in Figure 4-1) between ML and the Atlantic Ocean where the dunes were destroyed, causing saltwater to enter ML (Hails, 2014). Washovers after a major storm can be expected and can have lasting implications (Rodriguez et al., 2020). How these conditions affected the environment for seagrass in the lagoon is yet to be assessed. 
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[bookmark: _Toc167468281]Figure 4‑1: Study Area and Location of Washouts in Mosquito Lagoon (Planet imagery from 09/03/23)

	The purpose of this project is to understand the spatial extent of seagrass meadows before, during, and after back-to-back Hurricanes Ian and Nicole in ML using a Random Forest Classification. This research seeks to evaluate the density and distribution of seagrass regrowth after the hurricanes in 2022. The overarching research question is: What trends in post-hurricane seagrass resurgence are there in ML?
[bookmark: _Toc165218642]4.3 Data and Methods

4.3.1 Imagery
Given data constraints due to climate and image availability, the imagery for this project was taken from NASA’s Harmonized Landsat Sentinel (HLS) initiative’s HLSL30 and HLSS30 (Sentinel Hub, 2024). This imagery and approach allowed for a wide variety of dates and images to be analyzed as opposed to other more traditional satellites. HLS is a combination of surface reflectance data from the Operational Land Imager (OLI) from Landsat 8-9 and the Multi-Spectral Instrument (MSI) aboard the Sentinel-2 satellite. The input products from each satellite are Collection 2 Level 1 top-of-atmosphere reflectance from Landsat and L1C top-of-atmosphere reflectance from Sentinel-2. NASA radiometrically harmonizes these products to the maximum extent, resamples to common 30-meter resolution, and then grids using the Sentinel-2 Military Grid Reference System UTM grid (Google, 2024; Sentinel Hub, 2024). This combination allows for observations every 2 to 3 days and the dates chosen for this project are listed below. 
The time period selected includes dates before Hurricane Ian (9/12/22), before Nicole (10/25/22), and after Nicole/Ian (11/29/22–1/5/24). Some imagery was also collected that occurred during and right after the storm events, but due to the winds and water turbidity during the events, seagrass was not visible for classification in these images. This time period and the dates chosen allow for the study of the phenology of seagrass throughout the seasons as well. Although the goal was to collect images on a monthly basis, some months were lacking imagery due to cloud cover, sun glint, water turbidity, and more conditions that would not allow for the identification of seagrass (Howard et al., 2014). Images were downloaded as tiffs in 32-bit format, high resolution, within the coordinate system of WGS 84, and with all raw bands from Sentinel Hub. The imagery dates are given in Table 4-1
4.3.2 Field Data
Training samples from the field were collected throughout all seasons in 2022, 2023, and 2024. Locations of seagrass were recorded throughout the entire lagoon, with individual coordinates being recorded through GPS during each fieldwork session and then transferred into a shapefile for reference in building training samples.
4.3.3 Model 
	The model chosen for this analysis was a Random Forest Classification, which is a Machine Learning algorithm. This method allows for the use of a non-traditional classifier for nonparametric testing with multiple variables, and the most important variables for prediction will be produced as an output. This is a widely popular method in land cover classification that uses multi-spectral imagery and has been used previously to map seagrass (Aydin et al., 2022; Upadhyay et al., 2020). This technique's classification accuracy might surpass that of traditional methods due to its utilization of an ensemble of statistical trees. These trees collectively "vote" for the most prevalent class, enabling the incorporation of a diverse range of variables of any type (Briemen, 2001). Any variable deemed relevant can be introduced to the model, and the Random Forest algorithm will identify the most significant covariates. This method is an easy-to-use algorithm due to its simplicity and low computational costs, which made it an excellent candidate for this study which necessitated a quick turnaround time of results to be given to stakeholders (Gómez-Carmona et al., 2019; Whitfield, 2024).
Each date of imagery was entered into ENVI (Environment for Visualizing Images) in order to stack the layers needed for analysis. A total of 7 bands from the HLS imagery (coastal aerosol, blue, green, red, NIR, SWIR 1, and SWIR 2) were added in the layer stack per each image and then transferred into ESRI’s ArcGIS Pro for analysis. Training samples (informed by previous fieldwork) were created for the study area of ML for the classes of seagrass and non-seagrass, so a binary classification could be run. Training samples had to be created per each image as imagery conditions (algae blooms, cloud cover) greatly varied between dates. These samples were created in ArcGIS Pro and used in the Classification Wizard tool. The random trees classification (pixel based) was chosen within the wizard and the following parameters were chosen: Maximum Number of Trees: 100; Maximum Tree Depth: 30; Maximum Number of Samples per Class: 1000.
Individual classified images per month were produced along with a confusion matrix. To create the confusion matrix, the Create Accuracy Assessment Points tool was used to make 100 random ground truth points sampled within the training samples using the Equalized Stratified Random sampling strategy. After these were analyzed for each class, they were entered into the Compute Confusion Matrix tool where the resulting table was outputted. Confusion matrices allow for the performance of a model to be evaluated by comparing the classified and ground truth data (ESRI, 2021). This matrix produces metrics of user’s accuracy (how often the classes in the resulting classification will be present on the ground) and producer’s accuracy (how often features on the ground are correctly shown on the classified map), both which look at the accuracies of individual classes, as well as the overall kappa index of agreement which can be used to determine overall accuracy (ESRI, 2021; Knudby, 2021).  These results were compiled into tables and figures for analysis, and a change trajectory was produced to understand how seagrass coverage fluctuated between each date. These maps were then compared to the paths of each hurricane and information from Tropical Cyclone Reports to potentially link these events and growth of seagrass during the selected time period. 

[bookmark: _Toc165218682]Table 4‑1: Pixel Counts/Percentages of Non-Seagrass and Seagrass
	Date
	Non-Seagrass
	Seagrass

	9/05/22
	106377 (95.52%)
	6789 (6%)

	10/25/22
	111237 (98.3%)
	1929 (1.7%)

	11/29/22
	112714 (100%)
	452 (0.4%)

	12/29/22
	113166 (100%)
	0 (0%)

	2/7/23
	113166 (100%)
	0 (0%)

	2/27/23
	113051 (99.9%)
	115 (0.1%)

	3/23/23
	112884 (99.8%)
	282 (0.2%)

	5/10/23
	98450 (87%)
	14716 (13%)

	7/22/23
	90164 (79.68%)
	23002 (20.32%)

	8/22/23
	102056 (90.26%)
	11110 (9.74%)

	9/23/23
	97859 (86.42%)
	15307 (13.52%)

	10/20/23
	105298 (91%)
	7868 (9%)

	11/19/23
	108175 (95.6%)
	4991 (4.4%)

	1/5/24
	108302 (95.7%)
	4864 (4.3%)
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[bookmark: _Toc167468282]Figure 4‑2: Bar Graph of Seagrass Coverage Over Time
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4.4.1 Spatial Distribution and Percentages of Seagrass
Table 4-1 depicts the pixel counts for each date separated into seagrass and non-seagrass, as well as the percent cover which is shown in Figure 4-2 for seagrass. Before Hurricane Ian, there was visible seagrass within the lagoon, but it was an extremely minimal amount (6%); after Ian (10/25/22) there was a 4.3% decrease. After Hurricane Nicole, seagrass in ML went to an extreme decline similar to 2020 levels (0.1%) as only 0.4% of seagrass was seen on 11/29/22, 19 days after Nicole. No visible seagrass was detected on 12/19/22 and 2/27/23, and there was only a slight increase to 0.1% on 2/27/23. This significant decline could be due to a combination of factors, such as the force of the storm disturbing existing grass, or the colder temperatures in the winter season (Joyce et al., 2022; St Johns River Water Management District, 2020a). 
As spring arrived with warmer temperatures, there was a small increase in seagrass seen in March (0.2%) but then a very significant increase in May to 13% seagrass coverage. July (7/22/23) saw the highest amount of seagrass at 20.32% which can be attributed to peak biomass for seagrass being during summer months (Dawes et al., 1995; Phlips et al., 2015). The next three dates of imagery fluctuated between 9% to 13.5% of seagrass coverage, but the last two dates (11/19/23 & 1/5/23) saw a decrease to approximately 4% due to winter conditions.
As seen in Figures 4-3 and 4-4, the spatial distribution of seagrass greatly varies between each date and season. Before Hurricane Ian (9/5/22), there was a significant amount in the central part of the lagoon along the shoreline of mangroves. There was some misclassification of seagrass in the northern parts of the lagoon, and that continued on through 11/29/22 (after Nicole) as seagrass in ML decreased. There was no visible seagrass detected on 12/29/22 or 2/7/23, and a small amount was witnessed in the central lagoon on 2/27/23. Seagrass on 3/23/23 was more 
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[bookmark: _Toc167468283]Figure 4‑3: Random Forest Classifications of Seagrass vs Non-Seagrass in Mosquito Lagoon
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Figure 4-3 Continued
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[bookmark: _Toc167468284]Figure 4‑4: Timelapse of Seagrass Change in ML
sporadic throughout ML, with seagrass pixels being seen in areas that charter captains identified as normally having grass. Since 5/10/23, the majority of seagrass for each date is seen in the southern and central parts of ML near mangroves and islands which was also witnessed in the DNN study for 2000 through 2020 (Insalaco et al., 2024).  
	July had the most amount of seagrass observed, especially in the southern portion of the lagoon. As seagrass started to decrease after July, which some captains suggest could be related to high water levels and temperatures, most of the decline was witnessed in the south, leaving a minimal amount of seagrass in this area on 1/5/24. From these dates with seagrass above 4%, the majority of seagrass was seen in the central lagoon along mangroves but there still was some misclassification of seagrass in the northern ML.

4.4.2 Confusion Matrix Results
Table 4-2 shows results for each date for its resulting confusion matrix. Results vary throughout the dates, mainly because of the differing amounts of seagrass seen in each date. As seen in the previous DNN classification, dates with minimal seagrass (under 1%) had lower accuracy (around 50%) and other results because the algorithm did not have as many training samples to use to inform the analysis, resulting in some misclassification. Dates with minimal seagrass tended also to overestimate seagrass in the northern parts of the lagoon, because of similar spectral signatures in the area from deep water, oyster reefs, or just the imagery itself. 
[bookmark: _Toc165218683]As seagrass percentage rises, so does the resulting Kappa coefficient and overall accuracy for each date. 3/23/23 still has minimal seagrass but was able to correctly identify small patches of grass in the southern lagoon to get an accuracy of 77% The remaining dates all saw an overall accuracy of 84% or above, with the highest accuracy being recorded for 9/5/22 and 11/19/23 at 96%. These dates with accuracy of 84% or higher had seagrass levels of 4% and above, demonstrating that the Random Forest algorithm is more well-suited to handle this classification when a decent amount of seagrass is present. As explained above, there was some misclassification of non-seagrass as seagrass in the northern parts of ML still in these dates, as well as some abnormalities with deep water.
















Table 4‑2: Confusion Matrix Results
	Error Matrix
	Non-Seagrass
	Seagrass
	Total
	Producer's Accuracy
	User's Accuracy
	Kappa Coefficient
	Overall Accuracy

	9/5/22
	0.92
	0.96

	Non-Seagrass
	49
	1
	50
	0.94
	0.98
	
	

	Seagrass
	3
	47
	50
	0.98
	0.94
	
	

	Total
	52
	48
	100
	
	
	
	

	10/25/22
	0.68
	0.84

	Non-Seagrass
	49
	1
	50
	0.77
	0.98
	
	

	Seagrass
	15
	35
	50
	0.97
	0.7
	
	

	Total
	64
	36
	100
	
	
	
	

	11/29/22
	0.08
	0.53

	Non-Seagrass
	49
	1
	50
	0.52
	0.98
	
	

	Seagrass
	45
	4
	49
	0.83
	0.1
	
	

	Total
	94
	5
	99
	
	
	
	

	12/29/22
	1
	1

	Non-Seagrass
	100
	0
	100
	1
	1
	
	

	Seagrass
	0
	0
	0
	No data
	No data
	
	

	Total
	100
	0
	100
	
	
	
	


Table 4-2 Continued
	2/7/23
	1
	1

	Non-Seagrass
	100
	0
	100
	1
	1
	
	

	Seagrass
	0
	0
	0
	No data
	No data
	
	

	Total
	100
	0
	100
	
	
	
	

	2/27/23
	0.04
	0.52

	Non-Seagrass
	50
	0
	50
	0.51
	1
	
	

	Seagrass
	48
	2
	50
	1
	0.04
	
	

	Total
	98
	2
	100
	
	
	
	

	3/23/23
	0.54
	0.77

	Non-Seagrass
	44
	6
	50
	0.72
	0.88
	
	

	Seagrass
	17
	33
	50
	0.85
	0.66
	
	

	Total
	61
	39
	100
	
	
	
	

	5/10/23
	0.8
	0.9

	Non-Seagrass
	48
	2
	50
	0.86
	0.96
	
	

	Seagrass
	8
	42
	50
	0.95
	0.84
	
	

	Total
	56
	44
	100
	
	
	
	

	7/22/23
	0.84
	0.93




Table 4-2 Continued
	Non-Seagrass
	49
	1
	50
	0.89
	0.98
	
	

	Seagrass
	6
	44
	50
	0.98
	0.86
	
	

	Total
	55
	45
	100
	
	
	
	

	8/22/23
	0.74
	0.87

	Non-Seagrass
	46
	4
	50
	0.83
	0.92
	
	

	Seagrass
	9
	41
	50
	0.91
	0.82
	
	

	Total
	55
	45
	100
	
	
	
	

	9/23/23
	0.86
	0.93

	Non-Seagrass
	50
	0
	50
	0.88
	1
	
	

	Seagrass
	7
	43
	50
	1
	0.86
	
	

	Total
	57
	43
	100
	
	
	
	

	10/20/23
	0.84
	0.92

	Non-Seagrass
	48
	2
	50
	0.89
	0.96
	
	

	Seagrass
	6
	44
	50
	0.96
	0.88
	
	

	Total
	54
	46
	100
	
	
	
	

	11/19/23
	0.92
	0.96

	Non-Seagrass
	50
	0
	50
	0.93
	1
	
	


Table 4-2 Continued
	Seagrass
	4
	46
	50
	1
	0.92
	
	

	Total
	54
	46
	100
	
	
	
	

	1/5/24
	0.9
	0.95

	Non-Seagrass
	49
	1
	50
	0.92
	0.98
	
	

	Seagrass
	4
	46
	50
	0.98
	0.92
	
	

	Total
	53
	47
	100
	
	
	
	


















[bookmark: _Toc165218644]4.5 Discussion and Conclusion

From the given results, it is evident that seagrass in ML has gone through great fluctuations throughout the years and seasons. Seagrass in ML hit a significant low in 2020 with only 0.1% of seagrass remaining after the super algal bloom of 2011–2013, and that decline continued into early 2023 as shown in this study (Insalaco et al., 2024; Lopez et al., 2011). Although minimal amounts of seagrass were observed before Hurricane Ian on 9/05/22 (6%) and before Nicole on 10/25/22 (4.09%), very small amounts of seagrass or no visible seagrass could be observed on the imagery from 11/29/22 to 2/27/23. This extreme lack of seagrass could be attributed to the colder temperatures of the season as this species does grow slower and can lose leaves in the winter, but the changing of the ecosystem from the hurricanes could also be a factor (Fourqurean & Rutten, 2004; St Johns River Water Management District, 2020a). 
	Looking past the date of 2/27/23, we start to see a distinct change in the density of seagrass as spring and summer temperatures approach, creating a more suitable environment for seagrass (Bulthuis, 1987). Some grass started to reappear on 3/23/23, but it came back to a significant amount (13%) on 5/10/23 when higher biomass for seagrass is observed during the summer due to the higher temperatures (Bulthuis, 1987; Dawes et al., 1995; Phlips et al., 2015). The peak amount of seagrass was seen in July at approximately 20%, higher than levels seen prior to the post-2013 loss. Seagrass coverage continued to fluctuate between the dates of 8/22/23 through 01/5/2024, varying between percentages of 4% to 13.5% depending on the season, but the coverage is nothing comparable to what was observed from 2013 to 2020 previously.
	The reasoning behind this significant increase in seagrass has not been confirmed. This study seeks to track the regrowth in seagrass post- Hurricane Ian and Hurricane Nicole, but a correlation cannot be established with the available data.  The hurricanes may have played a part in wiping out all remaining seagrass in Fall 2022 due to the extreme lack of seagrass after Nicole. Considering the decline of seagrass, the force of the storms and the excess water and debris they brought could have created an unsuitable environment for seagrass (Joyce et al., 2022). Looking at the tracks of the hurricanes as seen in Figure 4-5, ML was not in the direct path of either hurricane (direct path depicted by points and blue line). Hurricane Ian’s track was closest to ML with the eye approximately 28 miles away from the lagoon center, and Hurricane Nicole’s eye 75 miles away. A WeatherFlow station (80 miles from the north from the center of Ian) in New Smyrna Beach, Florida near ML during Hurricane Ian recorded sustained winds of 63 knots and a peak gust of 83 knots on September 29th, making it a Category 1 Hurricane at the time of impact (Bucci et al., 2023). Locations near ML recorded about 10-20 inches of rainfall during the event as well, resulting in flooding of local waterways and roadways (Bucci et al., 2023).
	Figure 4-5 also shows that the track of Hurricane Nicole is further away from ML. The WeatherFlow station in New Smyrna Beach recorded a maximum wind gust of 65 knots and sustained winds between 50 and 60 knots, making it closer to a tropical storm by the time it hit ML (Beven & Alaka, 2023). Rainfall (approximately 3-6 inches) and flooding during Nicole was much less than during Ian, with most of the damage and intensity being seen in the Caribbean. It is evident that Hurricane Ian was the stronger storm in comparison, but as outer bands of both storms hit the ML area, they both contributed to the damage of the lagoon and its community.
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[bookmark: _Toc167468285]Figure 4‑5: Hurricane Tracks of Ian and Nicole Compared to Mosquito Lagoon








 The extreme increase of seagrass in Summer 2023 can be attributed to a variety of factors according to a wide range of scientists and researchers. Some believe the hurricanes did have an impact on the rise in coverage. With Hurricane Ian, the large influx of freshwater may have led to a die off in macroalgae like Caulerpa prolifera that has a more difficult time thriving in lower salinity water (Briggs, 2021). And with Hurricane Nicole, the three or more washouts created between the shoreline allowed for the brackish water of ML to mix with the saltwater of the Atlantic, which likely changed the water quality of ML and increased the salinity, which is the environment seagrass prefers (Reynolds, 2018; Potouroglou et al., 2022). 
	Some other theories about why seagrass has come back have been discussed by local agencies. The St Johns River Water Management District also noticed that seagrass began recovery in summer 2023, and in a local committee meeting they stated it could be because of improved water clarity (caused by increased rainfall and saltwater due to storms) and increased recruitment of seagrass through fragment drift and distribution of seeds (Brevard County Save Our Indian River Lagoon, 2023). It is possible that this series of storms caused seagrass to uproot and some fragments of it to relocate to previously unpopulated areas, root down, and form a new patch (Brevard County Save Our Indian River Lagoon, 2023). The District stated that conditions have to be just right for this to happen, and none of these theories have been scientifically supported at this time. It is evident that further research is needed to determine why seagrass has resurfaced, and how the community can maintain it. 
	Some marine ecosystems have been resilient to climatic and foundational disturbances, as nearshore ecosystems have the characteristics and conditions necessary to resist and recover from current impacts (Bernhardt & Leslie, 2013; O’Leary et al., 2017). As the frequency of these events is increasing, it is important to study how these ecosystems respond. Literature supports that remaining biogenic habitat, physical setting, recruitment/connectivity, and management of local-scale stressors contribute to resilience of an ecosystem, which is shown in this case of ML (O’Leary et al., 2017). As discussed in the introduction, many ecosystems that have seagrass exhibit resilience after a disturbance like a hurricane, but ultimately resilience and recovery will be dependent on the ecosystem’s current conditions and its management (O’Leary et al., 2017; Fourqurean & Rutten, 2004; Nowicki et al., 2017).
	Considering the Random Forest model, the metrics varied throughout the years. With dates that contain minimal seagrass, the model was intensive to train because of the lack of seagrass training samples available. Imagery with less seagrass presence is where lower accuracy (around 50%) is seen, so another algorithm and methodology might be necessary for ecosystems with low amounts of seagrass. The DNN classification was able to avoid some of this confusion for the low amount of seagrass seen in 2020, so Deep Learning, which is a more complex method, might be needed for imagery with low visible seagrass (Insalaco et al., 2024). DNN does include the limitation of higher computational cost and processing time though, so the use of Random Forest in this study allowed for fast and accurate results to be produced. The simplicity and time needed to run this algorithm cannot be matched by a DNN, making it still an excellent choice for the processing of a dataset to this caliber and the resulting dissemination of seagrass mapping to stakeholders (ESRI, 2021; Knudby, 2021). 
Besides lack of seagrass impacting resulting metrics, issues with imagery such as cloud cover, algal blooms, and water turbidity (especially for dates near the hurricanes) affected the visibility of seagrass in the lagoon and therefore the accuracy of the methodology (Howard et al., 2014). There was also an issue encountered with non-seagrass pixels in the northern lagoon being confused for seagrass which impacted accuracy, as there are areas that have similar spectral signatures in this region like oyster reef or deep water that can confuse the algorithm. Unfortunately, there was not an abundance of imagery available for the period selected, so this could be improved for other study areas and time periods with different satellite data. 
	Although there were some limitations encountered, the model performed well for dates with no seagrass and dates with a significant amount of seagrass (4% and higher). With some more tuning of the training samples and parameters, Random Forest can be a reasonable and accessible tool to stakeholders so they can continue to track seagrass loss in ML in the future. Random Forest also requires lower computation demands compared to a more complex method like Deep Learning that needs large amounts of data (Montantes, 2020). The purpose of this study was not purely to evaluate the use of Random Forest in mapping seagrass, but to document the rise of seagrass in ML post-hurricanes for conservation purposes and to add literature to the community. There is also potential to investigate these changes in the context of ecological tipping points.  Tipping points signal an abrupt shift from one stable state of an ecosystem to another, when environmental conditions cross a certain threshold, triggered by a disturbance event (Dakos et al., 2019; Milkoreit et al., 2018). As echoed in this study, societal stakes associated with these tipping points can be high due to the impact a declining ecosystem can have on stakeholder livelihoods (Milkoreit et al., 2018). Future research is necessary to determine if ML is experiencing this abrupt ecosystem shift and if the shift occurred due to the severity of the hurricanes, as this information would be invaluable to the community and conservation of the lagoon.
	This study concludes that seagrass in ML has recovered significantly since the initial collapse post-2013, and that the storm events of Hurricane Ian and Hurricane Nicole may have had some impact on this recovery. Anecdotally, captains have said that fishing conditions have also improved, but not yet back to their previous state, suggesting there may be a lag in whole system recovery (Lira et al., 2019; Watts et al., 2020). Although a direct link cannot be determined, the amounts of seagrass seen in May and July of 2023 show that there was likely some change in the environment during this time. The accuracy of the Random Forest method varied throughout the analysis depending on the amount of seagrass present so a more complex method like Deep Learning may be more applicable to some imagery. Regardless of accuracy, the methodology used in this study can be easily communicated to stakeholders due to the accessibility of the algorithm in ArcGIS Pro or Google Earth Engine, and then the local community can track seagrass recovery and fluctuations in the future to continue to promote conservation in ML. 
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[bookmark: _Toc165218646]5.1 Dissertation Theme
The overarching goal of this dissertation is to understand the effect ecosystem decline has had on Mosquito Lagoon (ML) through a holistic and interdisciplinary approach. As seagrass is a keystone species in the lagoon and an environmental indicator, this species is used as a proxy of ecological health in two of the chapters to understand the general ecological trends in the lagoon. The first chapter uses Deep Learning, specifically Deep Neural Networks, along with Landsat imagery to map seagrass in 2000, 2007, 2013, and 2020. The results demonstrated that seagrass started to experience a severe decline after 2013, which coincided with a severe freeze event and super algal bloom in the lagoon. The percentage loss of seagrass was evaluated as well as resulting metrics from the model to understand the exact coverage decline of seagrass, as well as the applicability of Deep Learning to a lagoon ecosystem with seagrass species.
As this severe loss of seagrass witnessed in the second chapter would have lasting implications on the ecosystem and local economy, a mixed-methods approach was then used in the third chapter to understand how this decline has impacted the local stakeholders and community. A survey and workshop were conducted with local stakeholders to understand their beliefs on why the ecosystem has entered such severe decline and how exactly it has impacted their business. The survey responses and workshop were examined under the LEK framework, and it was apparent that stakeholders are suffering from this decline, but also that their knowledge of the area will be vital in its recovery.
Lastly, GeoAI methods were used again in the fourth chapter to map seagrass recovery in ML after Hurricanes Ian and Nicole. Random Forest methodology combined with Harmonized Landsat Sentinel imagery was used to record seagrass before, during, and after Ian and Nicole as well as through the seasons. These results were qualitatively compared with data and the tracks from each hurricane to see if there may be a connection with the rise in seagrass witnessed and the storms. Many dates prior to Summer 2023 lacked seagrass and had a resulting lower accuracy, but it is evident that seagrass has made a recovery to pre-collapse levels in ML, but that coverage is also dependent on phenology.
[bookmark: _Toc165218647]5.2 Major Conclusions and Future Directions
5.2.1 Using GeoAI to Map Seagrass Loss

The research findings from Chapter 2 suggest that Deep Learning, particularly Deep Neural Networks (DNNs), are effective in identifying seagrass in ML, owing to their efficiency and accuracy. Notably, precision and accuracy metrics consistently yielded high results across various years, with 2020 exhibiting the best performance due to the limited presence of seagrass for identification. However, the year 2000 showed lower metrics, potentially attributed to insufficient training samples, as fieldwork was not conducted that year. The binary classification approach favored the results, focusing solely on distinguishing seagrass from non-seagrass areas, without complicating other classes, which indicates that training the model primarily on accuracy was the most effective strategy.
Despite the success of the Deep Learning model in identifying seagrass, the methodology remains time-consuming and computationally intensive. Nevertheless, it offers automation in seagrass mapping which can be advantageous for stakeholders and agencies involved in seagrass monitoring, enabling them to continue the mapping process with minimal human intervention. The observed decline in seagrass coverage from 2000 to 2020 in ML underscores the urgency of conservation efforts to mitigate the detrimental effects on surrounding ecosystems and the economy.
The significant decline in seagrass coverage since 2013 highlights the need for further research and fieldwork to assess its impact on other species in ML. This decline may be attributed to various factors such as nutrient overloading, manatee grazing, and boating impacts, warranting additional investigation. This study emphasizes the importance of seagrass conservation efforts, given their role as keystone and foundation species indicative of ecosystem health. Despite the limitations associated with the Deep Learning approach, such as the "black box" nature of the model and spectral resolution constraints, this research concludes that it presents a valuable tool for seagrass identification and mapping, essential for informing conservation decisions and monitoring ecosystem changes over time.
5.2.2 Community-Engaged Research and Local Ecological Knowledge
The research findings from Chapter 3 about ML and its community brings to light a significant environmental and economic crisis. A staggering 99% of respondents in the survey reported witnessing a decline in the ecosystem. Seagrass loss, a critical component of the lagoon's ecology, was highlighted as particularly concerning, with 95% of participants noting a decline exceeding three-quarters. These findings are echoed by stakeholders' experiences, emphasizing the urgency for resource managers to integrate stakeholder perspectives and local ecological knowledge (LEK) into monitoring efforts. The divergence between stakeholder observations and agency reports emphasizes the necessity of considering local perspectives, especially in complex aquatic environments.
The ecological crisis has profound economic implications for fisheries stakeholders. The decline in seagrass leads to habitat loss and diminished fish populations, with catches down by an average of 78%. This poses a significant threat to livelihoods reliant on the lagoon's fisheries, which play a vital role in the local economy. Climate variability compounds these challenges, requiring stakeholders to adapt, often at significant personal and economic cost. Stakeholders' calls for governmental intervention underscore the interconnectedness of environmental and economic concerns, highlighting the need for proactive management strategies.
The study emphasizes the crucial role of LEK in understanding and managing ecosystem dynamics. By integrating mixed-methods approaches that incorporate community knowledge, managing bodies can better address socio-ecological challenges and potentially facilitate ecosystem recovery. Stakeholders' endorsement of conservation-forward practices, such as catch-and-release policies, demonstrates the potential for collaborative solutions to mitigate ecosystem decline. Ultimately, incorporating LEK into decision-making processes offers hope for fostering resilience and promoting the well-being of both communities and the environment in ML. This approach holds promise for navigating the complex challenges facing the lagoon and offers a pathway towards sustainable management practices that benefit both people and the ecosystem.

5.2.3 Recovery of Seagrass and Possible Connection to Hurricane Events
This study highlights significant fluctuations in seagrass coverage within ML over the years and seasons, as it previously reached a low point in 2020 with only 0.1% remaining after an algal bloom. The decline persisted into early 2023, exacerbated by Hurricanes Ian and Nicole. However, a significant increase in seagrass density was observed from May 2023, coinciding with spring and summer temperatures, peaking at 20% coverage in July 2023, when the highest amount seen in the previous DNN classification was 16.6% in 2007. Despite some fluctuations in later winter months, seagrass never dropped below 4% coverage after the initial recovery.
The reasons behind this resurgence remain uncertain, with hypotheses including the potential impact of hurricanes and improved water clarity. Further studies are needed to scientifically link the rise in seagrass with the hurricanes, however the hurricanes may have created favorable conditions for seagrass growth through freshwater mixing and increased recruitment. 
This study also covered the use of a Random Forest model for mapping seagrass, noting challenges such as low accuracy in areas with minimal seagrass and issues with imagery clarity. Despite limitations, the model performed well for dates with significant seagrass presence, suggesting its potential as a tool for stakeholders to track seagrass loss and recovery. This research aims to document seagrass resurgence for conservation purposes and contribute to literature on the topic. Overall while the exact mechanisms remain unclear, the rise in seagrass highlights changes in the environment. The findings emphasize the accessibility of the methodology to stakeholders and calls for continued monitoring to promote conservation efforts in the area. With this recovery there is promise for the future of the ecosystem, but human systems must be vigilant to decrease their negative impacts, such as through nutrient reduction and responsible boating. 
[bookmark: _Toc165218648]5.3 Summary of Contribution
In this dissertation, the ecosystem decline and recovery of ML was examined through a holistic ideology to understand the effect of this severe decline on seagrass in the ecosystem as well as the impact on stakeholders and overall community. To determine these results, a variety of data sources and methodologies were drawn from, including Deep Learning, Machine Learning, various satellite imagery, fieldwork, survey responses from human subjects, and a stakeholder workshop. Each of the three research studies shown in this dissertation are novel contributions to the fields of conservation, GIST / remote sensing, and LEK that will be published in well-respected, peer-reviewed journals for dissemination to stakeholders and researchers. The author hopes to continue to pursue similar research in the future and to promote the conservation of Earth’s valuable ecosystems.
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