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Abstract 

Wetlands are critical ecosystems in our environment. They cover only 6% of the Earth’s 

surface but about 40% of all plants and animal species live in wetlands for some portion of their 

life (United Nations 2024). The objective of this research study was to explore the relationship 

between machine learning complexity and the duration of data variations on the accuracy of 

wetland identification for six wetland classes in the Hawaiian Islands. The research aimed to 

compare the models’ classification maps across three distinct durations of imagery data. This 

exploration used remote sensing imagery and machine learning to classify diverse types of 

wetlands across three regions of the island of O’ahu. A U-Net convolution neural network was 

used as the architecture for the model to conduct three experiments: one year of data, two years 

of data, and three years of data. The only variable to change in the model is the input imagery 

data. Each experiment used Python programming language.  

This study advanced the understanding of how temporal changes affect machine learning 

models used in environmental studies. By determining the optimal duration of imagery that 

enhances model accuracy, this study contributes to effective monitoring of coastal wetlands in 

Hawai’i. Enhancing conservation strategies would allow for more targeted, timely, and focused 

management of wetland ecosystems. Furthermore, the findings could provide insights into the 

dynamic changes occurring within wetland ecosystems over time. This research fills a gap in 

previous studies which have not systematically compared how dataset duration influences 

machine learning models’ ability to accurately delineate coastal wetlands in Hawai’i. 

 The results of the study showed that the overall accuracy improved as more data was 

added. Experiment one had an overall accuracy of 56.57%. The overall accuracy increased to 

60.46% in experiment two. Experiment three had the highest overall accuracy of 61.27%. These 
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results indicate that adding more years of imagery provides more context into the deep learning 

modeling to learn more details about the characteristics of wetlands and their change over time. 

Using the F1 score to measure each class finds pond, forested wetland, and “other” returned the 

highest improvement from one year of imagery to three years of imagery. The insights gained 

from this study may provide a foundation for further research to focus on refining the model to 

better distinguish difficult classes. Future research should focus on improving the overall 

accuracy of the wetland classes for the Hawaiian Islands.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



4 

 

Table of Contents 

 
Abstract ........................................................................................................................................... 2 

Table of Contents ............................................................................................................................ 4 

List of Tables................................................................................................................................... 6 

List of Figures ................................................................................................................................. 7 

CHAPTER 1. INTRODUCTION ................................................................................................. 13 

CHAPTER 2. LITERATURE REVIEW....................................................................................... 16 

2.1 Wetlands .............................................................................................................................. 16 

2.2 Wetland Loss ....................................................................................................................... 18 

2.3 Wetland Classification ........................................................................................................ 20 

2.4 Remote Sensing and AI in Wetland Monitoring ................................................................. 21 

2.4.1 Image Classification..................................................................................................... 25 

2.5 Gap in Literature ................................................................................................................. 31 

CHAPTER 3. METHODOLOGY ................................................................................................ 33 

3.1 Study Area........................................................................................................................... 33 

3.2 Wetlands .............................................................................................................................. 36 

3.3 Data Collection ................................................................................................................... 37 

3.3.1 Imagery Datasets.......................................................................................................... 37 

3.3.2 Label Dataset................................................................................................................ 40 



5 

 

3.4 Data Processing................................................................................................................... 41 

3.4.1 Data Tiling ................................................................................................................... 41 

3.4.2 Image Stacking............................................................................................................. 45 

3.5 Modeling ............................................................................................................................. 46 

CHAPTER 4. RESULTS .............................................................................................................. 48 

4.1 Model Comparison.............................................................................................................. 49 

4.2 Accuracy Assessment .......................................................................................................... 54 

CHAPTER 5. DISCUSSION ........................................................................................................ 80 

5.1 Visual prediction discussion................................................................................................ 84 

5.2 Recommendations ............................................................................................................... 87 

5.2.1 Establishing training imagery differently .................................................................... 87 

5.2.2 Customized labels for each year in the study............................................................... 88 

5.2.3 Merge wetland labels ................................................................................................... 91 

5.2.4 Increasing the amount of training data......................................................................... 94 

5.3 Challenges ........................................................................................................................... 94 

CHAPTER 6. CONCLUSION...................................................................................................... 97 

Bibliography................................................................................................................................ 102 

Appendix 1: U-Net Model R Script ............................................................................................ 107 

 



6 

 

List of Tables 

Table 1: Planet imagery specification for each year in the study. ................................................. 38 

Table 2: Number of polygons per class and per area of interest. .................................................. 40 

Table 3: Imagery set up for each experiment: four imagery bands and one elevation bands 

establish experiment one; eight imagery bands and one elevation band establish experiment two; 

twelve imagery bands and one elevation band establish experiment three. ................................. 46 

Table 4: Class accuracy across three experiments. ....................................................................... 52 

Table 5: Site location and points evaluated for accuracy assessment. .......................................... 55 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



7 

 

List of Figures 

Figure 1: A visual comparison of spatial resolution when observing a wetland located on O’ahu. 

A NAIP image was resampled to simulate other spatial resolutions for color consistency: a) 0.6 

m (NAIP), b) 3 m (Planet simulated), c) 30 m (Landsat simulated)............................................. 25 

Figure 2: U-Net for 32x32 pixels at lowest resolution. Blue boxes are multi-channel maps, with 

channel numbers above and size at the bottom left. White boxes are copied maps, arrows indicate 

operations (Ronneberger, Fischer, and Brox 2015). ..................................................................... 31 

Figure 3: Map of the Hawaiian Islands. ........................................................................................ 34 

Figure 4: Map of the O’ahu and three areas of interest: Haleiwa, Kahuku, and Kawainui Marsh.

....................................................................................................................................................... 34 

Figure 5: a) Haleiwa AOI boundary; b) Kahuku AOI boundary; c) Kawainui Marsh AOI 

boundary. Google Imagery. ........................................................................................................... 35 

Figure 6: a) Image data: USDA NAIP for high resolution comparison (collected 2021 – 2023); b) 

Kawainui Marsh example of label dataset. ................................................................................... 37 

Figure 7: a) Haleiwa 2018; b) Haleiwa 2019; c) Haleiwa 2020. .................................................. 39 

Figure 8: a) Kahuku 2018; b) Kahuku 2019; c) Kahuku 2020. .................................................... 39 

Figure 9: a) Kawainui Marsh 2018; b) Kawainui Marsh 2019; c) Kawainui Marsh 2020. .......... 39 

Figure 10: Examples of the input data and unified label data: a) vector GeoPackage file of 

classes, b) C-CAP dataset to fill-in “other” pixels not classified as wetlands, c) unified label 

dataset used for deep learning. ...................................................................................................... 43 

Figure 11: Initial grid of tiles for each AOI, totaling 803: a) Haleiwa AOI tiles; b) Kahuku AOI 

tiles; c) Kawainui Marsh AOI tiles. Google Imagery.................................................................... 44 



8 

 

Figure 12: Wetland label dataset for each AOI. a) Haleiwa; b) Kahuku; c) Kawainui Marsh. 

Imagery data: USDA NAIP (collected 2021 – 2023).................................................................... 44 

Figure 13: Selected tiles for training the deep learning model a) Haleiwa selected tiles (42); b) 

Kahuku selected tiles (48); c) Kawainui Marsh selected tiles (60). Imagery data: USDA NAIP 

(collected 2021 – 2023)................................................................................................................. 45 

Figure 14: Experiment one accuracy as it trained across 500 epochs........................................... 49 

Figure 15: Experiment two accuracy as it trained across 500 epochs. ......................................... 50 

Figure 16: Experiment three accuracy as it trained across 500 epochs. ....................................... 50 

Figure 17: Class accuracy across three experiments..................................................................... 51 

Figure 18: F1 score across three experiments. .............................................................................. 53 

Figure 19: Experiment one F1 score by class. .............................................................................. 53 

Figure 20: Experiment two F1 Score by class. ............................................................................. 54 

Figure 21: Experiment three F1 Score by class. ........................................................................... 54 

Figure 22: a) Kaelepulu Wetland Bird Preserve: open water (21.37476365, -157.739012)......... 57 

Figure 23: b) Kaelepulu Wetland Bird Preserve: emergent wetland (21.37461998, -157.7387801).

....................................................................................................................................................... 58 

Figure 24: c) Kaelepulu Wetland Bird Preserve: pond (21.37541424, -157.7392635). ............... 58 

Figure 25: (Left) 2018 Planet natural color image. (Right) False color infrared image for site 

location Kaelepulu Wetland Bird Preserve. .................................................................................. 59 

Figure 26: (Left) Ground truth labels for site location Kaelepulu Wetland Bird Preserve. a) open 

water; b) emergent wetland; c) pond. (Right) Classification map from Experiment One for site 

location Kaelepulu Wetland Bird Preserve. .................................................................................. 59 



9 

 

Figure 27: (Left) 2019 Planet natural color image. (Right) False color infrared image for site 

location Kaelepulu Wetland Bird Preserve. .................................................................................. 60 

Figure 28: (Left) Ground truth labels for site location Kaelepulu Wetland Bird Preserve. a) open 

water; b) emergent wetland; c) pond. (Right) Classification map from Experiment Two for site 

location Kaelepulu Wetland Bird Preserve. .................................................................................. 60 

Figure 29: (Left) 2020 Planet natural color image. (Right) False color infrared image for site 

location Kaelepulu Wetland Bird Preserve. .................................................................................. 61 

Figure 30: (Left) Ground truth labels for site location Kaelepulu Wetland Bird Preserve. a) open 

water; b) emergent wetland; c) pond. (Right) Classification map from Experiment Three for site 

location Kaelepulu Wetland Bird Preserve. .................................................................................. 61 

Figure 31: (Left) 2020 Planet natural color image. (Right) False color infrared image for site 

location Kaelepulu Wetland Bird Preserve highlighting the point classified as forest. ................ 62 

Figure 32: (Left) Ground truth labels for site location Kaelepulu Wetland Bird Preserve. a) open 

water; b) emergent wetland; c) pond. (Right) Classification map showing the point location 

classified as forest from experiment three. ................................................................................... 63 

Figure 33: Kaelepulu Wetland Bird Preserve: forested wetland identified from experiment three 

(21.37436848 -157.7388698)........................................................................................................ 63 

Figure 34: Wide view of site location Nā Pōhaku o Hauwahine outlining the pond location. ..... 65 

Figure 35: d) Nā Pōhaku o Hauwahine: pond (21.39145517, -157.761936)................................ 65 

Figure 36: (Left) 2018 Planet natural color image. (Right) False color infrared image for site 

location Nā Pōhaku o Hauwahine. ................................................................................................ 66 

Figure 37: (Left) Ground truth labels for site location Nā Pōhaku o Hauwahine. d) pond. (Right) 

Classification map from Experiment One for site location Nā Pōhaku o Hauwahine.................. 66 



10 

 

Figure 38: (Left) 2019 Planet natural color image. (Right) False color infrared image for site 

location Nā Pōhaku o Hauwahine. ................................................................................................ 67 

Figure 39: (Left) Ground truth labels for site location Nā Pōhaku o Hauwahine. d) pond. (Right) 

Classification map from Experiment Two for site location Nā Pōhaku o Hauwahine. ................ 67 

Figure 40: (Left) 2020 Planet natural color image. (Right) False color infrared image for site 

location Nā Pōhaku o Hauwahine. ................................................................................................ 68 

Figure 41: (Left) Ground truth labels for site location Nā Pōhaku o Hauwahine. d) pond. (Right) 

Classification map from Experiment Three for site location Nā Pōhaku o Hauwahine. .............. 68 

Figure 42: e): Near Ulupō Heiau State Historic Site: pond (21.38770455, -157.7528827) ......... 70 

Figure 43: f): Near Ulupō Heiau State Historic Site: emergent wetland (21.38790205, -

157.7528735). ............................................................................................................................... 71 

Figure 44: (left) 2018 Planet natural color image. (Right) False color infrared image for site 

location near Ulupō Heiau State Historic Site. ............................................................................. 72 

Figure 45: (Left) Ground truth labels for site location near Ulupō Heiau State Historic Site. e) 

pond; f) emergent wetland. (Right) Classification map from Experiment One for site location 

near Ulupō Heiau State Historic Site. ........................................................................................... 72 

Figure 46: (Left) 2019 Planet natural color image. (Right) False color infrared image for site 

location near Ulupō Heiau State Historic Site. ............................................................................. 73 

Figure 47: (Left) Ground truth labels for site location near Ulupō Heiau State Historic Site. e) 

pond; f) emergent wetland. (Right) Classification map from Experiment Two for site location 

near Ulupō Heiau State Historic Site. ........................................................................................... 73 

Figure 48: (Left) 2020 Planet natural color image. (Right) False color infrared image for site 

location near Ulupō Heiau State Historic Site. ............................................................................. 74 



11 

 

Figure 49: (Left) Ground truth labels for site location near Ulupō Heiau State Historic Site. e) 

pond; f) emergent wetland. (Right) Classification map from Experiment Three for site location 

near Ulupō Heiau State Historic Site. ........................................................................................... 74 

Figure 50: (Left) Haleiwa 2018 Imagery. (Middle) Ground truth labels for Haleiwa. (Right) 

Experiment one classification map. .............................................................................................. 75 

Figure 51: (Left) Haleiwa 2019 Imagery. (Middle) Ground truth labels for Haleiwa. (Right) 

Experiment two classification map. .............................................................................................. 75 

Figure 52: (Left) Haleiwa 2020 Imagery. (Middle) Ground truth labels for Haleiwa. (Right) 

Experiment three classification map. ............................................................................................ 76 

Figure 53: (Left) Kahuku 2018 Imagery. (Middle) Ground truth labels for Kahuku. (Right) 

Experiment one classification map. .............................................................................................. 76 

Figure 54: (Left) Kahuku 2019 Imagery. (Middle) Ground truth labels for Kahuku. (Right) 

Experiment two classification map. .............................................................................................. 77 

Figure 55: (Left) Kahuku 2020 Imagery. (Middle) Ground truth labels for Kahuku. (Right) 

Experiment three classification map. ............................................................................................ 77 

Figure 56: (Left) Kawainui Marsh 2018 Imagery. (Middle) Ground truth labels for Kawainui 

Marsh. (Right) Experiment one classification map. ..................................................................... 78 

Figure 57: (Left) Kawainui Marsh 2019 Imagery. (Middle) Ground truth labels for Kawainui 

Marsh. (Right) Experiment two classification map. ..................................................................... 78 

Figure 58: (Left) Kawainui Marsh 2020 Imagery. (Middle) Ground truth labels for Kawainui 

Marsh. (Right) Experiment three classification map. ................................................................... 79 

Figure 59: Example of how “other” class was over predicted with the introduction of imagery 

bands from each experiment. False-color infrared Planet Labs image: a) 2018; b) 2019; c) 2020. 



12 

 

d) Label dataset. Prediction results from: e) experiment one; f) experiment two; g) experiment 

three............................................................................................................................................... 91 

Figure 60: Example of how emergent wetland and aquatic bed have similar color and texture 

characteristics. False-color infrared Planet Labs image: a) 2018; b) 2019; c) 2020. d) Label 

dataset. Prediction results from: e) experiment one; f) experiment two; g) experiment three...... 93 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



13 

 

CHAPTER 1. INTRODUCTION 

 Wetlands are vital ecosystems in the Earth’s environment. Wetlands store and clean water, 

protect shorelines, store carbon, and provide habitats for countless plants and animals (Roulet 

2000; Bridgham et al. 2006; Lal 2008; Mitsch et al. 2013). Wetlands are critical habitats for 

endemic and endangered animal and plant species in the state of Hawai’i, including the Hawaiian 

coot, Hawaiian stilt, Hawaiian moorhen, and Hawaiian duck for animal species, and Hawaiian 

quillwort, ‘ihi’ihi, spike moss, nehe, and loulu hiwa (Erickson and Puttock 2006) Hawaii is 

unique in its diversity of habitat types, including wet forests to dry coastal grasslands because of 

its elevation and climates (Shallenberger 1977). Human activities, like agriculture, introduction 

of invasive species, and urban development have led to the decline of many habitats, resulting in 

an estimated loss of 42% of native wetlands throughout the Hawaiian Islands (Conry 2010, 157).  

For the protection of endemic and endangered species, we must maintain the existence of their 

wetland habitats in the face of threats from human activity and climate impacts. We must 

enhance our ability to inventory and monitor our wetlands efficiently.   

 Traditional methods of wetland field surveys are invaluable for their detailed and direct 

observations; however, surveys involve extensive on-the-ground fieldwork, require significant 

preparation and time, and present challenges such as harsh conditions and limited access due to 

remoteness or surrounded by dense vegetation. Additionally, the amount of information that can 

be gathered during a survey is limited by the time and effort required, often only allowing for 

small, specific areas to be covered at one time. 

The integration of remote sensing and artificial intelligence (AI) can complement 

traditional methods of wetland field surveys by automating the process of classifying different 

wetland types using satellite imagery and machine learning models. Machine learning (ML) 
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models can be trained to recognize patterns in satellite images by learning from examples of 

what different wetland classes look like. Satellites can image large areas of the Earth’s surface at 

one time. Machine learning models can analyze images quickly to make sense of the wetlands 

within the imagery scene limiting the need for precise on-site visits. Remote sensing and 

machine learning allows for better allocation of resources and time by providing flexibility to 

monitor specific areas, offering quicker responses to changes in wetland environments. Remote 

sensing provides a non-intrusive approach to monitor wetlands without disturbing their natural 

state. 

This study addresses the limitations of traditional fieldwork by leveraging remote sensing 

satellite imagery and machine learning models. It explores the impacts of increasing depths of 

remote sensing imagery bands on the accuracy of machine learning models in mapping different 

wetlands in the Hawaiian Islands. This study has three objectives:  

1. Train a deep learning model using three separate sets of input imagery data to explore 

how using imagery data from one year, two consecutive years, and three consecutive 

years influences the model’s precision in predicting wetland classification in Hawai’i.  

2. Assess the prediction accuracy for each experiment by employing statistical metrics, 

conduct an accuracy assessment evaluation, and visually inspect the prediction results for 

each experiment.  

3. Synthesize findings to understand the implications of using a data stacking approach for 

wetland prediction, focusing on how the color and texture characteristics of remote 

sensing data influences wetland predictions.  

Through a structured experimental design, the research will compare the model’s 

classification maps across three distinct stacks of imagery data: 5-band stack for one year of 
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imagery, 9-band stack for two years of imagery, and 13-band stack for three years of imagery. 

This approach allows for a rigorous examination of the influence on dataset stacking has on the 

machine learning models and assessing their performance in wetland classification. This study 

advances the understanding of how increasing the bands of imagery to include multiple years 

affects the performance of machine learning models used in environmental studies. Enhancing 

conservation strategies would allow for more directed, timely, and focused monitoring and 

management of wetland ecosystems. Previous studies have not systematically compared how 

dataset image band depths influence machine learning models’ ability to delineate coastal 

wetlands in the Hawaiian Islands. 

The following chapter (2) presents a literature review. Chapter 3 presents the 

methodology. Chapter 4 presents the results. Chapter 5 presents the discussion. Chapter 6 

presents the conclusion. 
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CHAPTER 2. LITERATURE REVIEW 

2.1 Wetlands 

 Wetlands are comprised of three basic elements: water, soil, and vegetation. Water is 

essential to the creation and maintenance of all wetlands. As water moves slowly through the 

soil, it remains on site long enough to establish wetland conditions. Soil properties, such as 

composition, structure, and nutrient content, are foundational for the growth and survival of plant 

and animal ecosystems in wetlands (Bantilan-Smith et al. 2009, 1024). Plants and other 

vegetation depend on wetland soils for survival, especially hydrophytes, which are often used by 

wetland ecologists as quantifying indicators of the health and functionality of wetlands (Erickson 

and Puttock 2006, 17). 

Wetlands are complex ecosystems with varying characteristics, resulting in numerous 

definitions. In this study wetlands are defined using the Cowardin et al. (1979) definition, which 

states,  

Wetlands are lands transitional between terrestrial and aquatic systems where the water 
table is usually at or near the surface or the land is covered by shallow water. For 
purposes of this classification wetlands must have one or more of the following three 

attributes: (1) at least periodically, the land supports predominantly hydrophytes1; (2) the 
substrate is predominantly undrained hydric soil2; and (3) the substrate is nonsoil and is 

saturated with water or covered by shallow water at some time during the growing season 
of each year (Cowardin et al. 1979, 3). 

This definition established the classification system developed by wetland ecologists3 at the 

United States Fish and Wildlife Service (FWS). The goal of defining the wetland classification 

 
1 “Hydrophyte: Any plant growing in water or on substrate that is at least periodically deficient in oxygen as a result 

of excessive water content” (Cowardin et al. 1979, 40).  
2 “Hydric soil: Soil that is wet long enough to periodically produce anaerobic conditions, thereby influencing the 

growth of plants” (Cowardin et al. 1979, 40). 
3 “Wetland ecology is the study of causal factors (climate, hydrology, fertility, grazing, disturbance) that determine 

wetland properties and processes (area, distribution, productivity, biomass, richness, competition, predation), as well 
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system at the national level was to adopt consistency in terminology across federal, state, and 

local levels (Cowardin and Golet 1995, 139). The classification system in use by the Fish and 

Wildlife Service today and is the basis for the National Wetland Inventory (NWI). The National 

Wetland Inventory is a database of classified wetlands within the United States which began 

quantifying national wetlands in the 1950s.  

 Wetlands in the Hawaiian Islands are substantially different from wetlands found in the 

continental United States due to the island’s steep topography and microclimates. An example 

can be drawn by comparing how many lakes and large-scale lacustrine systems4 are present in 

steep topography versus flat topography. Take the island of O’ahu for example; O’ahu has steep 

topography with an elevation range from sea level to 4,000 feet above sea level, all within less 

than 600 square miles. There are only seven lakes according to the criteria from the National 

Wetland Inventory. O’ahu’s steep terrain limits the possibility of forming many large lakes. 

Instead, water travels from the mountainous terrain and gathers in small, isolated wetland areas 

that are able to adapt to changes in water flow and volume (Hawaii’s Coastal Nonpoint Pollution 

Control Program: Management Plan, Volume I 1996, 231). In comparison, Rhode Island is a 

state that’s roughly the same size as O’ahu but has an elevation range from sea level to 800 feet 

above sea level and has over 350 lakes according to the criteria from the National Wetland 

Inventory. The relatively flat landscape lets the water slowly move resulting in a greater number 

of developed large-scale lacustrine systems. These locations are very different in their elevation, 

geography, and climate which influence the natural environment that persists in each. These 

 
as the measures of consequences arising from these properties and processes (oxygen, light, temperature, hydrology, 

substrate, methane)” (Keddy 2010, 426).  
4 Lacustrine systems refer to wetland and deepwater habitats within a topographic depression or dammed river 

channel that lack trees, shrubs, or emergent vegetation, and exceed eight hectares in total area. (Cowardin et al. 

1979, 16). 
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differences impact the biodiversity within their respective ecosystems and affect how we should 

approach their conservation and restoration efforts. It also emphasizes the need for region-

specific wetland mapping.  

2.2 Wetland Loss  

In the United States, early inventories of wetlands were used to justify reclamation of 

suitable lands after drainage and clearing for agriculture development and urban development. 

For much of the early twentieth century, wetlands were viewed as obstacles to land development 

for agriculture. In 1906 the United States Department of Agriculture (USDA) surveyed states 

east of the 115th meridian (i.e. east of Idaho, Nevada, California) to build an inventory of what 

lands could easily be “reclaimed” as suitable lands for agriculture. The resulting inventory and a 

subsequent inventory in the 1920s by the Bureau of Agricultural Economics department of the 

USDA documented over 91 million acres of various wetland types, 75 million of which were 

assessed as suitable for crops if subjected to drainage (Shaw and Fredine 1965, 6). In 1940 the 

Soil Conservation Service, now known as the Natural Resources Conservation Service (NRCS), 

conducted a wetland survey which estimated that there were over 97 million acres of “wet, 

swampy and overflow land outside organized drainage enterprises” in the United States. Based 

on USDA surveys between the 1920s and 1950s, an estimated 45 million acres within the 48 

contiguous United States were altered by a combination of clearing, drainage, and flood control 

on land (Shaw and Fredine 1965, 6). 

It is impossible to determine an accurate number of wetland acres lost in the United 

States due to alterations of wetlands based on these inventories because they are not directly 

comparable. Crops, pasture, and other dry land uses now occupy millions of acres of what were 

once primitive marshes, swamps, and seasonally flooded lands throughout the United States. The 
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trend of significant wetland alteration and loss is not confined to the continental United States. 

Similar patterns of environmental impact are observed in the Hawaiian Islands.  

An inventory of wetland loss in Hawai’i since human settlement used evidence of hydric 

soil5 data and found the majority of loss occurs in low-density development and agriculture areas 

from filling or alterations of the local hydrology for drainage and irrigation (Van Rees and Reed 

2014, 340). During the 18th and 19th centuries in Hawai’i, the boom of pineapple and sugarcane 

cultivation altered the natural occurrence of wetlands. This is evident in Kaua’i where the largest 

wetland on the west coast was lost due to water diversions for sugarcane agriculture (Swedberg 

1967, 38; Shallenberger 1977, 13). Wetland loss is also apparent in Haleiwa on O’ahu where 

most of the wetland agriculture that had grown rice and taro has succumbed to housing 

development and the expansion of sugarcane fields (Shallenberger 1977, 235). Wetland loss 

across Hawai’i is not uniform and correlates with the increase in human settlement over time 

(Van Rees and Reed 2014, 336). The most populus island in Hawai’i, O’ahu, has experienced a 

significant loss of wetlands since human settlement, accounting for approximately 55% of the 

statewide losses (Van Rees and Reed 2014, 339). In Kaua’i, development of suburban areas 

along the southwest and east coasts have contributed to a considerable decrease in wetland areas. 

By comparison, less populated islands such as Moloka’i have seen less wetland loss, due to their 

lower levels of development and human settlement. Agricultural growth and urban development 

have changed Hawai’i’s wetland landscape, highlighting the need for improved wetland 

inventories to effectively capture changes that have occurred over time and prepare for changes 

that may continue in the future is vital for crafting successful conservation strategies.  

 
5 “Hydric soils are soil types that show physical and chemical signs of periods of anoxia and inundation with water 

which can persist in the environment after alteration of the landscape and hydrological regime and are often used as 

indicators of lost wetlands” (Moorhead 1991 cited by Van Rees and Reed 2014, 337). 
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As a result of loss of wetlands experienced throughout the islands, there has been a 

concerted efforts by the state and local governments to remedy this by implementing restoration 

plans. The need to restore wetlands for the purposes of habitats for native waterbirds came into 

focus beginning in the mid-20th century. With an increasing awareness of the ecological and 

cultural importance of wetland ecosystems, restoration efforts have been gaining momentum. 

Accurate mapping and classification of the wetlands in Hawai’i are a critical first step in 

ensuring these restoration efforts is targeted and effective.  

2.3 Wetland Classification  

Traditional methods of inventorying and classifying wetlands involve extensive field 

surveys and manual observations, but these methods come with limitations that can impede 

comprehensive and efficient data collection. It was not until the 1970s that satellite remote 

sensing allowed for a hybrid approach of manual photo interpretation and traditional field 

surveys for verification. The National Wetland Inventory (NWI), produced by the Fish and 

Wildlife Service, is one example of a hybrid approach. The wetland classification is conducted 

by manual photo interpretation to map wetland spatial distribution. The National Wetland 

Inventory database contains an inventory of wetland classification for the Hawaiian Island; 

however, the majority of the data is from the 1970s. With the exception of Kaua’i and O’ahu6 

and one small section on Maui,7 these classifications have not been updated in over fifty years. 

The National Oceanic and Atmospheric Administration (NOAA) is another federal entity which 

produces wetland classification maps through the Coastal Change Analysis Program (C-CAP). 

Similarly to the temporal currency of the NWI dataset, the C-CAP data available for the 

 
6 The most recent National Wetland Inventory data for Kaua’i and O’ahu are from 2005.  
7 The most recent National Wetland Inventory data on Maui is from 2013 located at Keālia Pond National Wildlife 

Refuge.  
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Hawaiian Islands is has not been updated since 2011. The information from the NWI and C-CAP 

datasets are insufficient of wetland monitoring in the Hawaiian Islands because they are 

outdated. Regular updates are necessary to track changes. While traditional methods of wetland 

inventory and classification provide invaluable insights, their limitations highlight the necessity 

for innovative approaches in improving the overall temporal resolution of wetlands in Hawai’i. 

2.4 Remote Sensing and AI in Wetland Monitoring 

Artificial Intelligence (AI) has revolutionized the way environmental science is 

conducted by providing new tools to enhance data analysis and decision-making processes across 

wetland studies to include the integration of remote sensing data with machine learning. Remote 

sensing is defined as the process of capturing, measuring, and interpreting imagery from non-

contact systems. Remote sensing provides a means for collecting information about an area 

without disturbing the natural environment. Remote sensing encompasses a broad range of 

processes and technology. The electromagnetic energy, measured for wavelength, frequency, or 

placement within the electromagnetic spectrum, ranges from high-energy gamma radiation at one 

end, to low-energy radio wave radiation at the other end (Toth and Jóźków 2016, 30). The most 

commonly utilized wavelengths in remote sensing are the visible, near infrared, middle infrared, 

and thermal infrared wavelengths.  

Since the launch of satellite sensors in the 1970s researchers have used satellite images 

for wetland mapping purposes (Mahdianpari et al. 2020, 4). Satellite sensors introduced the use 

of the visible and the near-infrared (NIR) spectrum bands. The NIR band is capable of imaging 

plants and vegetation better than the visible spectrum alone. This assist in more accurately 

locating water and plants, facilitating the identification of wetlands and the observation of 

changes over time (Mahdavi et al. 2018a, 624). The NIR band is the most useful optical band in 
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detecting wetlands because it captures differences in vegetation (Schmidt and Skidomore 2003; 

Adam, Mutanga, and Rugege 2010; Hong et al. 2015; Mahdavi et al. 2018b) The Landsat archive 

began imaging the Earth in 1972, offering a depth of data unparalleled by most other remote 

sensing sources. The robustness of the Landsat archive has made it a go-to for many researchers 

in wetland studies. Not only does Landsat have a historic archive of imagery data freely 

available, but it also has high spectral resolution, offering imagery with visible, NIR and short-

wave infrared (SWIR) bands. In a meta-analysis of wetland classification using remote sensing, 

researchers found that Landsat sensors are the most commonly used sensor (Mahdianpari et al. 

2020, 16). Several articles have leveraged Landsat data for a variety of purposes. For instance, 

some researchers have used Landsat’s time-series data to monitor changes in wetland areas over 

time, providing valuable insights into the effects of human activities or climate change (Han, 

Sun, and Xu 2007, 363; Li et al. 2013, 111; Sica et al. 2016, 968; Ashok, Rani, and Jayakumar 

2021, 1). Other authors have used multispectral bands in combination with other sensors to 

identify and classify diverse types of wetlands based on their unique spectral signatures (Grenier 

et al. 2007, 29; Gong et al. 2013, 2609; LaRocque et al. 2020, 3). 

While Landsat has its merits, it also has limitations, notably a spatial resolution of 30 

meters (m). This resolution is sufficient for identifying large wetlands, but it falls short for many 

wetland managers who need maps at an individual wetland level, which is largely the case for 

wetlands in Hawai’i. Furthermore, Landsat imagery alone may not be enough to differentiate 

between wetland classes due to its low spatial resolution and often causes confusion between 

classes. As one study finds, the low spatial resolution of Landsat’s Thematic Mapper (TM) 

imagery confused marsh with forest (Ozesmi and Bauer 2002, 383). This issue was highlighted 

by Canadian wetland researchers who recommended incorporating more optical and synthetic 
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aperture radar datasets to enhance the Canadian wetland inventory map (Amani et al. 2021, 48). 

The insufficient spatial resolution of Landsat imagery can lead to inaccurate classification of 

wetlands systems, emphasizing the need to evaluate higher spatial resolution satellite imagery.  

Commercial remote sensing companies began launching satellites for land observations 

beginning in the 1990s, filling the need for higher spatial resolution multispectral imagery. In 

2015, Planet Labs launched Dove sensors as a large constellation of small satellites, capable of 

imaging much of Earth’s landmass daily. With a pixel size of approximately 3 m, Planet Labs 

imagery offers high-frequency, high spatial resolution data for ecological and environmental 

applications, an improvement over Landsat’s 30 m spatial resolution. In addition to high-

frequency imaging Planet images are four-band, covering the visible and NIR spectrum. The 

higher spatial resolution enables more detailed observations. Frequent revisit rates are valuable 

for tracking rapidly changing environmental changes and managing resources effectively.  

However, there are drawbacks to Planet Labs data acquisition. Cloud cover and 

atmospheric conditions limit clear viewing and can impact the quantity and quality of available 

data. Another consideration is the constellation is limited to four bands of the visible and NIR 

area of the spectrum, as compared to other satellite sensors such as Landsat which has eleven 

spectral bands including short-wave infrared. 

In addition to satellite sensors, aerial sensors can capture a much higher spatial resolution 

because they are much closer to the area of interest as they are typically mounted in aircraft. The 

United States Department of Agriculture's (USDA) Farm Service Agency (FSA) facilitates and 

partially funds the collection of airborne imagery through the National Agriculture Imagery 

Program (NAIP) via the Aerial Photography Field Office (APFO). The NAIP imagery is 

resampled to a ground sample distance (GSD) of 0.6-1 m and orthorectified before it is 
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distributed by the United States Geological Survey (USGS), where it is freely available to the 

public. NAIP provides the only freely, publicly available source of imagery with a spatial 

resolution of 1 m or less for the Hawaiian Islands. Studies have used NAIP imagery for mapping 

forest characteristics, impervious surfaces, and land cover classification (Hogland et al. 2018, 1; 

Nagel and Yuan 2016, 63; Maxwell et al. 2017, 437). For example, the strengths and weaknesses 

of NAIP data for land cover and feature extraction tasks were presented in one study and found 

including a terrain variable strengthened the ability of feature extraction in machine learning 

(Maxwell et al. 2017, 445). 

Flight time and cost are limiting characteristics of this type of airborne imagery, and the 

process of compiling the data can be complex. Images from specific flightlines are mosaicked 

together. These mosaics often include flightlines from different dates, making NAIP data 

challenging to use effectively for time series analysis. One consideration for NAIP should be the 

tradeoff of using a higher spatial resolution scale at which NAIP data is provided is the optimal 

scale for analysis. 

The ideal selection of an appropriate remote sensing tool for wetland research requires a 

balance between spatial, spectral, and temporal resolution requirements. It is important to 

consider for machine learning the number of pixels required to cover the same spatial area as 

well as the trade-off between spatial resolution and spectral resolution when developing machine 

learning models. Additionally, the temporal resolution is critical when conducting time series 

analysis, and having more images of a given wetland over longer periods of time can provide a 

more comprehensive understanding of changes and trends in the ecosystem. Landsat is high in 

temporal and spectral resolution, but low in spatial resolution, limiting its capability to gain 

valuable information from smaller wetlands. Landsat may be ideal for regional to global scale 
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time-series investigations, while Planet and NAIP may be more appropriate for studies requiring 

a higher level of detail. NAIP imagery is low in spectral resolution but high in spatial resolution. 

Although the higher spatial resolution is ideal for seeing more detail in wetlands, it comes at the 

cost of not having a NIR band, severely limiting its capability of imaging water. Planet data 

offers a balance between Landsat and NAIP imagery; it has more spectral dimensionality than 

NAIP and has more spatial resolution than Landsat. To demonstrate how variations in spatial 

resolution can affect applications related to wetlands, Figure 1 illustrates a visual representation 

of the level of detail that may be captured or missed at different pixel sizes. NAIP imagery was 

used to simulate the spatial resolution of each visual to maintain color and composition 

consistency.  

 

Figure 1: A visual comparison of spatial resolution when observing a wetland located on O’ahu. A NAIP image was resampled to 

simulate other spatial resolutions for color consistency: a) 0.6 m (NAIP), b) 3 m (Planet simulated), c) 30 m (Landsat simulated). 

2.4.1 Image Classification 

One area of focus in wetland studies is image classification tasks using machine learning. 

Image classification is a process by which pixels from the imagery are classified as a distinct 

class. Image classification is a common method of data analysis and is often used in studies of 

land cover change (Amani et al. 2021, 33; Mahdianpari et al. 2020, 21). Image classification is a 

key component in wetland mapping because it allows for identification and classification of 

a b c 



26 

 

diverse types of wetland cases based on their spectral signatures. Remote sensing and spatial data 

are used as inputs to identify wetland distribution through classification algorithms. The 

literature on image classification techniques comprises machine learning and deep learning, 

including pixel-based and object-based classification algorithms. 

2.4.1.1 Machine Learning  

Machine learning, a subfield of artificial intelligence, uses automation to expedite tasks 

that would be more time-consuming if conducted by humans. This technology is particularly 

beneficial in fields that handle large volumes of data or require complex calculations, as it can 

rapidly analyze and process information with a higher degree of accuracy than human 

processing. The increasingly ubiquitous availability and ease of access to large volumes of 

geospatial data is playing a significant role in driving the advancement of machine learning, 

particularly in the field of image classification. Machine learning, when used for image 

classification, a model is trained to recognize patterns in visual data. The model is “fed” with a 

set of images that have been labeled with their corresponding classification and learns from the 

examples, identifying patterns and features that correspond to each classification. After the 

learning phase, the model can process a new, unlabeled image and predict its classification based 

on the patterns it learned during training. Machine learning methods for wetland classification 

build spatial models based on the training dataset. These models are applied to predict the 

occurrence of wetlands, which can later be evaluated through traditional field surveys. 

There are two primary pixel-based classification algorithms used in machine learning: 

supervised and unsupervised. In supervised classification, pixels of a known class are used to 

determine the signature reflectance of the class. Supervised classification algorithms require the 

user to have knowledge of the region in question and involves the analyst identifying image 
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pixels representative of known land cover types. For instance, if a supervisor is classifying land 

cover using a class named “forest”, they would select pixels from areas in the image that they 

know are covered by forest. The reflectance values of these pixels across different bands of the 

image would be classified to create a signature for the forest class. Any other pixels in the image 

that have similar reflectance values would then be classified by an algorithm as forest. This 

process uses pixels, known as training pixels, to recognize different classes. These training pixels 

help “train” the classification algorithm during processing. The classification algorithm’s 

accuracy is assessed by holding back some data during training, to be used as validation pixels. 

The algorithm’s performance is evaluated based on its ability to correctly predict classes using 

these validation pixels. The supervised classification approach has certain disadvantages. The 

classes indicated by the analyst during the training phase may not align with natural spectral 

classes in the data. Moreover, the accuracy of the classification relies heavily on the quality of 

the training data, which can vary depending on the analyst’s expertise and the availability of 

reliable “ground truth” data. 

In unsupervised classification, the classifier sorts image pixels into classes based on 

naturally detected spectral groupings among the image values. It does not use training pixels as 

the basis for classification, as supervised classification does. Instead, this method groups pixels 

with similar spectral values by clustering, and each cluster is classified as a land cover class. For 

instance, an unsupervised classifier might group satellite image pixels into classes like water, 

vegetation, and urban areas based on their similar spectral values. This process doesn’t require 

any prior input or training data. Common unsupervised classification methods include K-means 

clustering and the Iterative Self-Organizing Data Analysis Technique Algorithm (ISODATA). K-
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means clustering requires the number of clusters to be known beforehand, while the ISODATA 

algorithm allows for a varying number of clusters (Ball and Hall 1965; Lloyd 1982). 

Object-based classification is a method used to group pixels into representative vector 

shapes based on their sizes and geometries (Granger et al. 2021, 1). Unlike pixel-based 

classification, where each pixel is classified individually, object-based classification considers 

multiple pixels as a single object. This approach considers the shape, size, and spatial 

relationship of image objects. Object-based classification is particularly useful in scenarios 

where the spatial distribution and content of objects are important. For example, in a study by 

Dang et al. (2020), distinguishing between “farm ponds” and “aquaculture ponds” proved 

challenging through pixel-based classification. However, class distinguishability was achieved 

through object-based classification, which considered the larger shape and size of aquaculture 

ponds in comparison to the smaller, uniformly distributed size of farm ponds. 

2.4.1.2 Deep Learning  

Deep learning is a subfield of machine learning and an emerging topic in wetland 

classification research. Deep learning can augment traditional field mapping techniques, 

providing an effective way to monitor and evaluate wetlands in vulnerable coastal regions. All 

deep learning algorithms are neural networks, consisting of interconnected “neurons” that are 

organized in layers. Deep learning neural networks are constructed in different architectures.  

Convolutional neural networks (CNN) have proven particularly well-suited for image 

analysis due to their ability to process spatial hierarchies of patterns (Nogueira et al. 2017, 539; 

Rezaee et al. 2018, 3038; Mahdianpari et al. 2020, 26; Jamali et al. 2021, 1083). Each layer of 

the convolutional network transforms the input data through a series of mathematical operations, 

before passing the result to the next layer (Nogueira et al. 2017, 540). The initial layer of the 
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network learns low-level features, such as edges and lines. As the information is passed through 

subsequent layers, the network begins to identify more complex features, including shapes and 

textures. In the final layers, the neural network is able to recognize high-level concepts, such as 

specific objects or entities with a high level of accuracy.  

Multiple researchers have successfully applied deep learning methods in classifying 

wetlands. Utilizing a deep learning model, one study was able to identify intertidal wetlands in 

Vietnam. Their research indicated the deep learning model can accurately map coastal wetland 

areas and could be used for real-time monitoring of wetland changes (Dang et al. 2020, 1). CNNs 

provided better results in various scenarios, especially in the field of remote sensing, as one 

study found. Researchers fine-tuned an existing CNN to classify remote sensing imagery, 

suggesting optimizing existing models could be an effective strategy for data analysis in remote 

sensing field (Nogueira et al. 2017, 539).  

Deep learning techniques such as InceptionResNetV2 and U-Net convolutional networks 

have shown greater performance over machine learning models in mapping complex land cover, 

including wetlands, musing multispectral remote sensing imagery data (Mahdianpari et al. 2018, 

2; Dang et al. 2020, 2). In a study which compared the results of deep learning and machine 

learning wetland classification found deep learning to be a superior option for addressing 

complex scenes in remote sensing, particularly for wetlands (Mahdianpari et al. 2018, 1).  

The use of deep learning applications in wetland mapping is a growing field, especially in 

Canada. There have been a number of studies that evaluate the effectiveness of deep learning for 

inventorying wetlands (Amani et al. 2021; LaRocquet et al. 2020). The finding of one such study 

compared the results of the deep learning model with a machine learning model, finding their 

framework for mapping wetlands has potential to provide land cover data for larger areas 
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(DeLancey et al 2019, 15). compared the effectiveness of deep learning and traditional machine 

learning for large-scale wetland classification in Alberta, Canada. The study highlighted the 

potential of CNNs for classifying wetlands on a larger, regional scale. In a study by Li et al, 

(2021) the application of U-Net for wetland mapping proved effective in identifying salt marshes 

on the South Carolina coast. The result achieved an impressive 90% accuracy, surpassing 

alternative methods. In a study by Mahdianpari et al. (2018), the potential of deep learning 

techniques to accurately classify complex wetland classes using multispectral RapidEye optical 

imagery was explored. The results demonstrated the improved learning capability of machine 

learning in mapping wetlands using multispectral remote sensing imagery. Furthermore, Jamali 

et al. (2022) investigated the use of advanced deep learning models, such as Swin Transformer, 

and CNNs for coastal classification using Sentinel-1, Sentinel-2, and LiDAR data; the study 

showed promising results in accurately classifying complex coastal wetland areas. These studies 

explore and address the potential to compensate for the limited available ground-truth data for 

large-scale wetland mapping. They do this by adaptively synthesizing wetland training data 

based on each class’s data availability, resulting in a neural network classifier that achieved an 

overall accuracy of over 97 percent.  

The integration of deep learning has advanced the classification and mapping of complex 

wetland classes, demonstrating its capability as a useful tool in wetland monitoring (Mahdianpari 

et al. 2020, 26). Building on this technology, U-Net architecture (Figure 2) has been used in a 

number of studies since its inception by Ronneberger, Fisher, and Brox (2015). In the original 

paper, the authors developed U-Net as a tool for cell segmentation tasks in biomedical images. 

Since, the U-Net has been utilized for a multitude of image segmentation tasks, such as mapping 

salt marsh along coasts (Li et al. 2021, 121), extracting roads (Zhang, Liu, and Wang 2018, 749), 
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detecting landslides (Meena et al. 2022, 1209), detecting deforestation (John and Zhang 2022, 2), 

cell detection and cell segmentation (Falk et al. 2019, 67), and extracting buildings (Wang and 

Miao 2022, 72). The development of artificial intelligence from basic image classifier algorithms 

to task specific architectures like U-Net has greatly enhanced our ability to analyze and interpret 

complex datasets.  

 

Figure 2: U-Net for 32x32 pixels at lowest resolution. Blue boxes are multi-channel maps, with channel numbers above and size 

at the bottom left. White boxes are copied maps, arrows indicate operations (Ronneberger, Fischer, and Brox 2015). 

2.5 Gap in Literature  

The introduction of AI in environmental studies aids traditional methods of wetland 

classification and shows promise in advancing researchers capability to map and monitor 

wetlands over time. This is a critical step in furthering wetland restoration efforts. While there 

have been significant contributions in the literature about deep learning for wetland classification 

for several regions of the world, there remains a gap when it comes to applying these tools for 

wetland classification in Hawai’i. Currently, existing maps are outdated and may not accurately 

reflect the characteristics of wetlands unique to Hawai’i. This study focuses on the unique 
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characteristics and needs of Hawaiian wetlands. Hawai’i’s isolated island ecosystem, steep 

terrain, and geography, and microclimates creates wetlands that are substantially different than 

those found on the continental United States, requiring a tailored approach in mapping. 

Addressing this gap, this study introduces a novel approach to wetland mapping in Hawai’i by 

leveraging deep learning techniques. 
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CHAPTER 3. METHODOLOGY 

In this study, three experiments were designed to compare the performance of a deep 

learning model’s ability to classify seven classes: six wetland classes and one catch-all “other” 

class. Each experiment contains a distinct dataset representing a different stacks of Planet Labs 

imagery data: stack of one image per year for one year, two years, and three years. Each dataset 

also contains a digital elevation model. This study will provide insights into the model’s 

performance, including its learning progression when presented with an increasing quantity of 

data. This approach allows for a rigorous examination of the influence of dataset duration on the 

machine learning models and assessing their performance in wetland classification.  

3.1 Study Area 

 The study area for this thesis is set in the Hawaiian Islands (Figure 3). Located 

approximately 2,300 miles from any neighboring land mass, this is the most isolated region on 

Earth, fostering a unique ecosystem that supports diverse plants and animals. The specific areas 

of interest (AOIs) selected for this research is based on Shallenberger’s Ornithological Survey of 

Hawaiian Wetlands (1977). In Shallenberger’s survey, over 80 wetlands across five islands 

(Kaua’i, O’ahu, Moloka’i, Maui, and Hawai’i) were surveyed, 1) to compile an inventory of bird 

species across these sites; 2) assess the conditions of waterbird habitats; 3) gather data on 

wetland bird populations; 4) and consolidate existing data on wetland sites (Shallenberger 1977, 

12). Three wetlands from Shallenberger survey are selected for this study: Haleiwa, Kahuku, and 

Kawainui, (Figure 4). 



34 

 

 

Figure 3: Map of the Hawaiian Islands. 

 

Figure 4: Map of the O’ahu and three areas of interest: Haleiwa, Kahuku, and Kawainui Marsh. 
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This study focuses on coastal wetlands. Using a geographic information system (GIS), 

specifically the QGIS software, polygons were drawn to create three AOIs: Haleiwa, Kahuku, 

and Kawainui Marsh (Figure 5).  

 

 

Figure 5: a) Haleiwa AOI boundary; b) Kahuku AOI boundary; c) Kawainui Marsh AOI boundary. Google Imagery. 

Haleiwa lowlands, located in the Waialua district of O’ahu, play a significant role in the 

local ecosystem. This area features a mix of emergent wetland and shrub wetland sustained by a 

network of streams and rivers. This region is home to the ‘Uko’a Marsh and Loko Ea wetland, 

the third largest on O’ahu, including historical fishponds and taro fields, which have been 

overtaken by invasive vegetation since the 1950s (Henry 2006, 49). 

Numerous wetlands on O’ahu, including the James Campbell National Wildlife Refuge 

(NWR), have been granted various forms of protective statuses. Located in the Kahuku 

ahupua’a, on the north shore was once a vast marshland sustained by springs, intermittent storm 

runoff, and groundwater (Shallenberger 1977, 223). This site is surrounded by land formerly 

cultivated with sugarcane. The Kahuku Plantation Company initially relied on pumped spring 

water, stream water, and rain to irrigate the sugarcane, until this was insufficient, then it relied on 

artesian wells (Sinoto and Nakamura 1981, 8). The plantation was in operation from around 1889 

to 1971 (Sinoto and Nakamura 1981, 10). In 1977 the Campbell National Wildlife Refuge was 

established to provide a habitat for endangered Hawaiian waterbirds (Sinoto and Nakamura 

a b c
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1981, 10). The area has undergone significant alterations over the years and today it’s 

predominantly aquaculture ponds.  

The Kawainui Marsh Wildlife Sanctuary, located in Kailua on the windward side of 

O’ahu, is the largest remaining wetland in Hawai’i (Van Rees and Reed 2014, 339). This site 

covers over 330 hectares and is sustained by stream runoff (Henry 2006). Historically, this site 

included a large fishpond, however, the construction of a flood control levee has disrupted its 

natural hydrology (Henry 2006). This has led to a dense amount of vegetation cover. 

3.2 Wetlands 

Six types of wetlands and one additional “other” class comprise the classification scheme 

established for this study (Figure 6). They are: 1) pond; 2) emergent wetland; 3) aquatic bed; 4) 

shrub wetland; 5) forested wetland; 6) open water; and 7) other. Ponds are characterized by open 

water within wetlands, including purpose-built open water ponds such as fishponds or shrimp 

ponds. Emergent wetlands are characterized by ground-level vegetation that maintains the same 

appearance year after year. Aquatic beds are characterized by ground-level vegetation such as 

floating mats that may take over open water within wetlands. Shrub wetlands are characterized 

by shrub-scrub-height vegetation (less than 6m) that may represent stage leading to forested 

wetland. Forested wetlands are characterized by a dominance of tree-height vegetation (more 

than 6m). Open water is characterized by water contained within a channel such as rivers, large 

open water areas such as lakes and ocean. “Other” is characterized by any type of land cover not 

explicitly described as one of the first six wetland classes including road, developed, impervious, 

forest, agriculture, etc.  

These six wetland classes were defined and developed by manual photo interpretation of 

Planet Labs imagery for each year of data in the study. These images in their natural color and 
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false-color infrared aided manual interpretation to distinguish color and texture of the iamges. 

Several reference materials also aided the development of these six classes, including the 

National Wetland Inventory dataset, digital elevation models (DEM), digital canopy high models 

(CHM), high-resolution National Agriculture Imagery Program (NAIP) imagery from 2017, and 

Google Earth Satellite imagery. 

 

  

Figure 6: a) Image data: USDA NAIP for high resolution comparison (collected 2021 – 2023); b) Kawainui Marsh example of 

label dataset. 

3.3 Data Collection  

3.3.1 Imagery Datasets 

 This study uses atmospherically corrected multispectral imagery from Planet Labs 

matched to the extent of each AOI. Imagery was clipped to each AOI’s shapefile and downloaded 

for each year in the study; depending on the cloud cover determine how many images were 

downloaded for each AOI. The imagery was filtered to less than 6% cloud cover. Some images 

are composites of two images files from the same day. Table 1 details the images collected for 

a b



38 

 

each AOI. All images are four bands (red, green, blue, near-infrared), have a pixel resolution of 

3-meters, and were downloaded on January 26, 2024. Figures 7 – 9 are the whole image tiles. 

Area of Interest Image Date Image Composite Metadata 
Clear 

Percent 

Haleiwa 2018 2018-01-12 
20180112_202936_1005_metadata 

20180112_202935_1005_metadata 
98 

Haleiwa 2019 2019-01-11 
20190111_204225_0f28_metadata 

20190111_204224_0f28_metadata 
100 

Haleiwa 2020 2020-01-21 
20200121_193157_1053_metadata 

20200121_193156_1053_metadata 
100 

Kahuku 2018 2018-02-19 20180219_203101_1008_metadata 99 

Kahuku 2019 2019-03-15 20190315_213928_17_1062_metadata 99 

Kahuku 2020 2020-01-22 20200122_192857_1_0f3c_metadata 100 

Kawainui Marsh 

2018 
2018-01-26 

20180126_211742_0f49_metadata 

20180126_211743_0f49_metadata 

20180126_202912_1011_metadata 

94 

Kawainui Marsh 

2019 
2019-01-25 

20190125_203942_1029_metadata 

20190125_203943_1029_metadata 
98 

Kawainui Marsh 

2020 
2020-01-24 

20200124_204501_100a_metadata 

20200124_204500_100a_metadata 
99 

Table 1: Planet imagery specification for each year in the study. 
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Figure 7: a) Haleiwa 2018; b) Haleiwa 2019; c) Haleiwa 2020. 

Figure 8: a) Kahuku 2018; b) Kahuku 2019; c) 

Kahuku 2020. 

Figure 9: a) Kawainui Marsh 2018; b) Kawainui Marsh 2019; c) Kawainui Marsh 2020. 
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In addition to the imagery, elevation data was gathered for O’ahu. The digital elevation 

model (DEM), a product of the United States Geological Survey, 3D Elevation Program (3DEP), 

was incorporated as an additional band to the imagery dataset. The DEM has a 10-meter 

resolution and was obtained using Google Earth Engine, by clipping to the extent of a polygon 

for O’ahu. The elevation data adds a spatial dimension to the imagery data. Incorporating an 

elevation model into the training data helps in understanding the terrain of the AOI which can 

influence the distribution of wetlands.  

3.3.2 Label Dataset 

Six wetland cover classes were developed using QGIS by manual photo interpretation of 

Planet Labs imagery and aided by exiting wetland classes supplied by the National Wetland 

Inventory (NWI) dataset. A photo interpretation using the Planet Labs images for each AOI along 

with “Classification of Wetlands and Deepwater Habitats” as a guide to defining wetland 

characteristics was conducted (Federal Geographic Data Committee 2009). Table 2 details the 

number of polygons per class.  

Label Haleiwa Kahuku Kawainui Total per class 

Ponds 43 247 64 354 

Emergent wetlands 92 70 11 173 

Aquatic beds 2 0 20 22 

Shrub wetlands 9 20 10 39 

Forested wetlands 4 4 4 12 

Open water 19 22 8 49 

Total per AOI 169 363 117  

Table 2: Number of polygons per class and per area of interest. 
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Manually defining the label dataset is a critical step in the development of this study. 

Several factors were considered when determining what label dataset would be used to train the 

deep learning model, such as the reported accuracy and the temporal accuracy. Considerations 

were given to the NWI dataset and the NOAA C-CAP dataset. Preliminary training was 

conducted with the original NWI dataset; however, the dataset was developed in 2005 and the 

wetland classes were either missed or under classified as a result. An important note to consider 

when developing manual labels is the distribution of these wetland classes. The label dataset is 

unbalanced, meaning there are more of one class than there are of another class. Although there 

are more ponds than any other class, the area that emergent wetlands cover is greater than the 

combined area of the pond class. Conversely, forested wetlands have the least representation in 

the label dataset. This reflects the reality of wetlands in Hawai’i.  

3.4 Data Processing  

3.4.1 Data Tiling 

To prepare the imagery dataset and label dataset for machine learning, first it has to be 

processed into small, standardized sizes. Given the varying size of each AOI, R programming 

language was used to process the data into gridded tiles of 384 by 384 meters. A raster file 

containing the imagery for each AOI was loaded into the R program. For each year in the study, 

the imagery for each AOI is combined into a virtual raster (VRT). A VRT is a file format used to 

handle disparate data by combining multiple rasters into a single composite image. This method 

allows for these three different areas to be referenced simultaneously. A VRT was created for 

2018, 2019, and 2020, each containing imagery for Haleiwa, Kahuku and Kawainui Marsh. A 

raster file containing an elevation model for O’ahu is loaded into the program. A GeoPackage 

containing the boundary extents of each AOI is loaded into the program. A GeoPackage is a 
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vector file format used to store geospatial data.  The GeoPackage file is loaded to determine the 

extents of each AOI and create a grid for tiling the imagery, elevation, and labels. Another 

GeoPackage containing the polygon labels’ geospatial information is loaded into the program as 

a data table, which includes columns representing the labels and rows containing each label.  

Finally, a raster file containing the Coastal Change Analysis Program (C-CAP) data is 

loaded into the program. The purpose of the C-CAP file is strictly to supply geospatial 

information to generate the seventh “other” class as part of the unified label dataset.  Labeling 

every pixel is necessary for deep learning to learn spatial features. A unified data table is written 

in the program to take two inputs, the manually photo interpreted label dataset, and the C-CAP 

label dataset, and output one label dataset file for each tile in the study. Figure 10 is an example 

of the two input files and the unified output file. The “other” class is a consolidated category of 

all the other land cover classes within the image scene. Whether it’s a road, building, or cropland, 

all areas assigned the “other” class label to aid the model in learning what is not classified as any 

of the six wetland classes.  

 

 

a
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Figure 10: Examples of the input data and unified label data: a) vector GeoPackage file of classes, b) C-CAP dataset to fill-in 

“other” pixels not classified as wetlands, c) unified label dataset used for deep learning. 

 A grid using the boundary of each AOI in the study is used to systematically process the 

spatial data (vector GeoPackages, raster files) into gridded tiles of 384 x 384 meters (Figure 11). 

The Planet data is 3-meter spatial resolution; therefore, we define the grid size 384 x 384 meters 

to ensure each tile is exactly 128 x128 pixels. At this resolution, each tile allows for feature 

detection without losing any details. In R programming language five new data files are created 

for each tile within the grid and saved as GeoTIFF. Three GeoTIFFs contain the imagery datasets 

(2018, 2019, 2020), one GeoTIFF contains the label dataset, and one GeoTIFF contains the 

elevation dataset. 

b

c
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Figure 11: Initial grid of tiles for each AOI, totaling 803: a) Haleiwa AOI tiles; b) Kahuku AOI tiles; c) Kawainui Marsh AOI 

tiles. Google Imagery. 

 A total of 803 tiles were generated from the initial data processing steps using the extent 

of each AOI. However, the extent of the wetlands data (Figure 12) coverage was a lot smaller. 

Therefore, a selection process was conducted to narrow down the specific tiles that will be used 

for training the deep learning model. A visual inspection of the tiles made it evident that a 

substantial proportion of these tiles were predominately “other” class. Early model results 

demonstrated confusion due to this class’s over-representation, leading us to remove tiles that 

included over 97% of the “other” class from the training dataset. From this determination, 150 

tiles remained (Figure 13). 

   

 

Figure 12: Wetland label dataset for each AOI. a) Haleiwa; b) Kahuku; c) Kawainui Marsh. Imagery data: USDA NAIP (collected 

2021 – 2023). 

A critical step in machine learning and deep learning is a training and testing split which 

is the process of randomly assigning data into a training dataset and a testing dataset to training 

the model to predict features form the input data. In addition to splitting the data a portion of the 

a b c

a b c
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data is reserved to conduct an accuracy assessment. Of the 150 tiles, 10 percent, or 15 tiles were 

separated and stored as a holdout set to perform an accuracy assessment. The remaining 90 

percent, or 135 tiles of the training dataset were randomly split using a 70/20 split, for training 

and testing. The training dataset contains 105 tiles, and the testing dataset contains 30 tiles. 

These 105 tiles were assigned a “random state” within the programming environment to ensure 

the same 105/30 tiles are assigned training/testing for each experiment. 

   

Figure 13: Selected tiles for training the deep learning model a) Haleiwa selected tiles (42); b) Kahuku selected tiles (48); c) 

Kawainui Marsh selected tiles (60). Imagery data: USDA NAIP (collected 2021 – 2023). 

3.4.2 Image Stacking 

Once the data was clipped into standard sizes the imagery had to be stacked. Stacking the 

data is the process of adding imagery bands to the raster GeoTIFF file. For this study the first 

experiment involves one year of data, which includes four imagery bands and one elevation band 

to create a five-band stack. For the second experiment, we stacked two years of imagery data 

along with one elevation band, resulting in a nine-band stack. For the third experiment, we 

stacked three years of imagery data along with one elevation band, resulting in a thirteen-band 

stack. Table 3 details the experimental set up for image stacking.  

 

 

 

a b c
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Band 1 2 3 4 5 6 7 8 9 10 11 12 

Spectrum Red Blue Green NIR Red Blue Green NIR Red Blue Green NIR 

Band 13 

Type Digital elevation model 

Experiment 

One 

One year of data plus 

elevation 
 

Experiment 

Two 
Two years of data plus elevation  

Experiment 

Three 
Three years of data plus elevation 

Table 3: Imagery set up for each experiment: four imagery bands and one elevation bands establish experiment one; eight 

imagery bands and one elevation band establish experiment two; twelve imagery bands and one elevation band establish 

experiment three. 

3.5 Modeling  

Three experiments were designed for modeling. The only variable that changed between 

the experiments was the input imagery data. The deep learning model is built in Python 

programming language using Keras framework with a TenserFlow backend, allowing for easy 

customization and scalability. A standard U-Net was configured for this study to classify each 

pixel of an image into one of seven distinct classes. The model is adaptable to take in various 

input channels to account for multi-spectral image analysis. The encoder path takes in an image 

in its clipped input size, 384 x 384, with a variable number of channels, 5, 9, or 13, depending on 

how many years of data is in the input image. This layer is followed by a series of convolutional 

layers and batch normalization operations, which serve to refine the feature maps while 

maintaining data integrity. Each convolution in the contracting path uses a 3x3 kernel with “relu” 

activation and “he normal” kernel initialization, ensuring effective feature learning without 

overfitting. After each pair of convolutional layers, a dropout of 10% is applied to prevent 

overfitting, followed by a max-pooling operation with a 2x2 window to reduce the spatial 

dimensions. The bottom of the U-Net conducts additional convolutions without reducing the 
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spatial dimension, capturing the most high-level features of the input data. In the decoding path, 

transposed convolutions upsample the feature map. These maps are concatenated with the 

corresponding feature maps from the encoding path (skip connections). These skip connections 

supply the decoding path with context information to make accurate predictions. This is followed 

by similar blocks using batch normalization and dropout as in previous layers, before finalizing 

the segmentation map. The model’s final layer is a 1x1 convolution that maps the multi-channel 

feature map to the set number of classes using a “softmax” activation function. This yields a 

probability distribution over the classes form each pixel. The model is compiled with an “adam” 

optimizer and uses “categorical cross entropy” as the loss function. Each model ran for 500 

epochs of training.  
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CHAPTER 4. RESULTS 

 Evaluation metrics are employed to compare the results of each experiment. To compare 

the experiments fairly, each is evaluated by the same metrics using overall accuracy and F1 

score. Overall accuracy is the number of samples in the dataset that were correctly classified 

divided by the total number of samples. Overall accuracy is a common metric in reporting the 

measure of accuracy within machine learning, but it is not the only metric worth exploring. The 

overall accuracy is a weighted average of the sensitivity (how well it is at identifying true 

positive cases, such as correctly classifying wetland land cover types) and its specificity (how 

well it is at confirming true negative cases, such as correctly identifying when a wetland land 

cover type is not present). The weights of these two are based on how common each wetland 

land cover type appears in the dataset. For the results of this study, some classes are not very 

common.  

In addition to overall accuracy the F1 score is a metric is employed in this study. The F1 

score keeps the balance between precision and recall. This metric is often used for imbalanced 

class distribution, which is especially useful in this study where the majority of samples fall 

within the “other” class and some wetland classes are less common. The F1 score is the harmonic 

mean of the precision and recall of the classification model. Precision is a metric of the true 

positive results divided by true positive plus false positive results. Recall, also known as 

sensitivity, is a metric of true positive results divided by true positive plus false negative results. 

By employing the F1 score we can effectively assess the performance of each experiment, 

considering the imbalance in class distribution.  



49 

 

4.1 Model Comparison  

The experiments show gradual improving results, with the overall accuracy of experiment 

one being 56.57%, increasing to 60.46% in experiment two, and reaching 61.72% in experiment 

three. Each experiment trained over 500 epochs. During the training process, experiment one 

exhibited a steady increase in accuracy until around epoch 150, where the training leveled out 

(Figure 14). Experiment two displayed a continuous increase in accuracy through the training, 

appearing to continue to increase as it reached the 500th epoch (Figure 15). In experiment three, 

the accuracy increase continues to steadily as it reached the 500th epoch, with a slight plateau the 

400th epoch (Figure 16). 

 

 

Figure 14: Experiment one accuracy as it trained across 500 epochs. 
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Figure 15: Experiment two accuracy as it trained across 500 epochs. 

 

Figure 16: Experiment three accuracy as it trained across 500 epochs. 

 

Figure 17 and table 4 compare the accuracy of each class across all three experiments. In 

the first experiment the accuracies for each class vary significantly. Class pond and emergent 

wetland show relatively low accuracies of 23.63% and 32.99% respectively. Aquatic bed, shrub 

wetland and forest wetland show extremely low accuracies, indicating high miss classification. 

Open water shows moderate accuracy of 34.57% and class “other” shows the highest accuracy at 

87.22%.  

 The second experiment shows changes and improvements in the accuracy as compared to 

the first experiment. Pond and emergent wetlands show improvements in accuracy, while open 
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water actually show decreases of approximately 3% in accuracy. Aquatic bed, shrub wetland, 

and forest wetland still show low accuracies; however, slight improvements are observed. Class 

“other” maintained a consistently high accuracy in experiment two.  

 The third experiment further improved some classes. Pond had the highest accuracy 

across all three experiments, improving by 17% in accuracy. Emergent wetland saw a minor 

decrease from the experiment two. Aquatic bed class decreased in accuracy, whereas shrub 

wetland and forested wetland saw improvements in accuracy. Open water’s accuracy is similar to 

experiment two’s accuracy with slight improvement. Class “other” maintained the highest 

accuracy of 89.81% among all the classes and saw an improvement over experiment one and 

two. The “other” class is a combined group of all different land cover types in the image, such as 

grassland, impervious, buildings, bare earth, etc. This class label was necessary to include to help 

the model understand what does not fall into any of the six wetland classes by provide a catch-all 

label class. 

 

Figure 17: Class accuracy across three experiments. 
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Class Experiment One Experiment Two Experiment Three 

Pond 0.2363 0.3876 0.4094 

Emergent Wetland 0.3299 0.4230 0.3872 

Aquatic Bed 0.0039 0.0113 0.0023 

Shrub Wetland 0.0029 0.0047 0.0255 

Forested Wetland 0.0071 0.0476 0.0620 

Open Water 0.3457 0.3099 0.3180 

Other 0.8722 0.8722 0.8981 

Table 4: Class accuracy across three experiments. 

Besides evaluating overall accuracy of each experiment, it is important to consider the F1 

score of each class for each experiment. The F1 score is an important metric for evaluating 

imbalanced classes, such as this wetland dataset. Figure 18 shows the F1 score across all three 

experiments, followed by figures 19, 20, 21 which show the F1 score for each experiment 

independently. Pond and forested wetland saw the most improvement after each experiment. 

Open water saw a slight decrease after experiment one and maintained similar F1 scores for 

experiment two and experiment three. Emergent wetland saw an increase in F1 score from 

experiment one to two but saw a decline in F1 score in experiment three. Class “other” saw 

consistent improvement in F1 scores across the three experiments. Aquatic bed struggled to see 

any improvement across all three experiments. Shrub wetland saw no improvement from 

experiment one to two but saw a slight improvement in experiment three. 
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Figure 18: F1 score across three experiments. 

 

Figure 19: Experiment one F1 score by class. 
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Figure 20: Experiment two F1 Score by class. 

 

Figure 21: Experiment three F1 Score by class. 

4.2 Accuracy Assessment 

 A field site visit survey was conducted on April 21, 2024. Points of interest were selected 

using QGIS to evaluate the labels, experiment one, experiment two, and experiment three’s 
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results by visiting each point and taking photos of the environment Table 5 describes the site 

locations, point locations and the results from each experiment along with a visual inspection 

comment. Of the fifteen tiles withheld from training, three were chosen to conduct a field site 

survey. These three tiles were determined based on ease of access to the physical site and 

variation in the wetland classes. The first site is Kaelepulu Wetland Bird Preserve, located at 

1460 Kiukee Pl, Kailua. The second site is from a viewpoint at Nā Pōhaku o Hauwahine, located 

at 100 Kapa’a Quarry Rd, Kailua. The third site is near Ulupō Heiau State Historic Site, located 

in Kailua. Table 5 details the site location, the point location, the class assigned to the point, the 

results from each experiment, as well as visual inspection notes form the field survey.  

 

Site Location 
Point 

Location 

Latitude, 

Longitude 

Label 

Data 

Experiment 

Number 

Model 

Prediction 
Visual Inspection 

Kaelepulu 

Wetland 

Bird 

Preserve 

a 
21.37476365, 

-157.739012 

Open 

water 

1 Open water This point is open 

water and was clearly 

visible from vantage 

point. 

2 Other 

3 Other 

b 
21.37461998, 

-157.7387801 

Emergent 

wetland 

1 
Emergent 

wetland 
This point is 

emergent wetland. 2 
Emergent 

wetland 

3 Other 

c 
21.37541424, 

-157.7392635 
Pond 

1 Pond This point is a pond 

within an emergent 

wetland. 

2 Pond 

3 Other 

NǕ PǾhaku o 

Hauwahine 
d 

21.39145517, 

-157.761936 
Pond 

1 Pond This point is a pond, 

visible from a 

viewpoint near 

Kawainui Marsh. 

2 Pond 

3 Pond 

Near UlupǾ 

Heiau State 

Historic Site 

e 
21.38770455, 

-157.7528827 
Pond 

1 Open water This point is a pond, 

surrounded by 

multiple taro patch, 

or lo’i. 

2 Pond 

3 Pond 

f 
21.38790205, 

-157.7528735 

Emergent 

wetland 

1 
Emergent 

wetland 
This point is an 

emergent wetland, 

behind the pond. 

2 
Emergent 

wetland 

3 
Emergent 

wetland 

Table 5: Site location and points evaluated for accuracy assessment. 
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 Three points located at Kaelepulu Wetland Bird Preserve were evaluated. The label data 

at the first point (a) is open water. Experiment one’s results were the only one to correctly 

identify this as open water. Experiments two and three identified this point as “other.” The next 

point (b) is emergent wetland. This location was correctly identified in experiment one and 

experiment two’s results. Experiment three struggled to find this point as emergent, and instead 

labeled this point as “other.” The final point from this site location is pond (c). This point 

location was correctly identified in experiment one and two. However, similarly to the previous 

point location, experiment three was not able to correctly identify this point, and instead labeled 

it as “other.”  

What is interesting about the Kaelepulu Wetland Bird Preserve field site is the images 

used to train the model for this location show quite a bit of changes. The 2018 natural image and 

false color infrared image show clear boundaries from where the open water surrounding the 

emergent wetland exists. The pond located within the emergent wetland is a bit difficult to 

distinguish to the eye. These three classes were all correctly identified in the first experiment. 

Only two of the three points were correctly identified in the second experiment. In the third 

experiment, none of these points were correctly identified. The natural image and false color 

infrared image from 2019 added to conduct experiment two also maintains clear boundaries of 

open water surrounding emergent wetland and provides a bit more context to the model in color 

variation within the emergent wetland. The pond is also a bit more distinguishable in the 2019 

natural and false color infrared image, supplying more context to correctly predict the pond class. 

In the third experiment the 2020 image added shows even greater color variations and the 

boundary between open water and emergent wetland. In the false color infrared image, some 

areas are brighter red than others. This shows variations in the vegetation. The 2020 natural 
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image contains darker pixels within the scene, showing more open water class within the 

emergent wetland; however, this was not depicted in the classification maps from experiment 

three. In fact, open water was not identified at all in the results from experiment three.   

 

 

Figure 22: a) Kaelepulu Wetland Bird Preserve: open water (21.37476365, -157.739012). 

a



58 

 

 

Figure 23: b) Kaelepulu Wetland Bird Preserve: emergent wetland (21.37461998, -157.7387801). 

 

 

Figure 24: c) Kaelepulu Wetland Bird Preserve: pond (21.37541424, -157.7392635). 

 

 

 

b

c
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Figure 25: (Left) 2018 Planet natural color image. (Right) False color infrared image for site location Kaelepulu Wetland Bird 

Preserve. 

  

 

Figure 26: (Left) Ground truth labels for site location Kaelepulu Wetland Bird Preserve. a) open water; b) emergent wetland; c) 

pond. (Right) Classification map from Experiment One for site location Kaelepulu Wetland Bird Preserve. 
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Figure 27: (Left) 2019 Planet natural color image. (Right) False color infrared image for site location Kaelepulu Wetland Bird 

Preserve. 

  

 

Figure 28: (Left) Ground truth labels for site location Kaelepulu Wetland Bird Preserve. a) open water; b) emergent wetland; c) 

pond. (Right) Classification map from Experiment Two for site location Kaelepulu Wetland Bird Preserve. 
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Figure 29: (Left) 2020 Planet natural color image. (Right) False color infrared image for site location Kaelepulu Wetland Bird 

Preserve. 

  

 

Figure 30: (Left) Ground truth labels for site location Kaelepulu Wetland Bird Preserve. a) open water; b) emergent wetland; c) 

pond. (Right) Classification map from Experiment Three for site location Kaelepulu Wetland Bird Preserve. 

It is important to note the classes that are identified at this site location from experiment 

three’s results. The model struggled to find any open water or pond class, labeling the majority 

of this area as “other,” emergent wetland, and some sections as forested wetland and shrub 
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wetland. There are several areas identified as forested wetland, even though this was not depicted 

in the ground truth data. A closer inspection shows how this may be correct as there were several 

palm trees at the perimeter of the Kaelepulu Wetland Bird Preserve (Figure 33). While the results 

of experiment three showed the most variability in the imagery, its final result was less accurate 

than the results of the first experiment with just one year of imagery data. Experiment three 

predicting these points incorrectly, consistently, are opposite of the expected results. The final 

prediction map of experiment three shows a much worse depiction of these classes than the 

prediction map from experiment one.  

  

Figure 31: (Left) 2020 Planet natural color image. (Right) False color infrared image for site location Kaelepulu Wetland Bird 

Preserve highlighting the point classified as forest. 
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Figure 32: (Left) Ground truth labels for site location Kaelepulu Wetland Bird Preserve. a) open water; b) emergent wetland; c) 

pond. (Right) Classification map showing the point location classified as forest from experiment three. 

 
Figure 33: Kaelepulu Wetland Bird Preserve: forested wetland identified from experiment three (21.37436848 -157.7388698). 

One point (d) was evaluated for the accuracy assessment from site location Nā Pōhaku o 

Hauwahine. Multiple points were selected for evaluation, but visibility was impacted by the 

terrain surrounding this site, therefore only one point was included in the accuracy assessment. 
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This point has a ground truth class of pond, and all three experiments were able to predict this 

class correctly. In the 2018 imagery it is slightly difficult to distinguish pond class from the 

surrounding classes of forested wetland and emergent wetland. Viewing the false color infrared 

image in addition to viewing the natural color composite helps our eyes distinguish the changes 

in land cover. The diversity of pixels in each imagery dataset is more apparent in the false color 

infrared image. In the in the 2019 imagery is slightly more apparent, however the most diversity 

in the pixels is represented in the 2020 imagery. In the 2020 imagery the pond class is easily 

distinguishable from the forested wetland class to the right and the emergent wetland class to the 

left. Having the NIR band helps the model during training by vegetation. The NIR band reflects 

healthy vegetation in various shades of red as opposed to green, enabling our eyes to see the 

details of different land cover classes.  

The results from experiment one was able to capture the pond class and it’s neighboring 

emergent wetland class to the left; however, it did not perform well in identifying the forested 

wetland class to the right. Instead, it labeled a few of these regions as shrub wetland. In 

experiment two the pond was also correctly identified, however the prediction labeled one 

section as “other” for a portion within the pond class. This could be due to the pixel values of the 

imagery and instead of learning the pond class values appearing as it is in the 2019 imagery, it 

learned more of the “other” class and determined these pixel values to be “other.” Finally, in the 

third experiment the imagery shows a clear distinction between the pond and surrounding 

classes. The predicted pond class from experiment three matches the general shape of the pond 

class from the ground truth, although it is more expansive. For instance, a portion of the ground 

truth is labeled as aquatic bed but the results of experiment three labeled the exterior areas of this 

class as pond. This section shows pond surrounding emergent wetland as opposed to the ground 
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truth where aquatic bed is the majority class. In experiment three aquatic bed was over classified 

in the area that should have been classified as forested wetland.  

 

 

Figure 34: Wide view of site location Nā Pōhaku o Hauwahine outlining the pond location. 

 

Figure 35: d) Nā Pōhaku o Hauwahine: pond (21.39145517, -157.761936). 

d
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Figure 36: (Left) 2018 Planet natural color image. (Right) False color infrared image for site location Nā Pōhaku o Hauwahine. 

  

 

Figure 37: (Left) Ground truth labels for site location Nā Pōhaku o Hauwahine. d) pond. (Right) Classification map from 

Experiment One for site location Nā Pōhaku o Hauwahine. 
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Figure 38: (Left) 2019 Planet natural color image. (Right) False color infrared image for site location Nā Pōhaku o Hauwahine. 

  

 

Figure 39: (Left) Ground truth labels for site location Nā Pōhaku o Hauwahine. d) pond. (Right) Classification map from 

Experiment Two for site location Nā Pōhaku o Hauwahine. 
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Figure 40: (Left) 2020 Planet natural color image. (Right) False color infrared image for site location Nā Pōhaku o Hauwahine. 

  

 

Figure 41: (Left) Ground truth labels for site location Nā Pōhaku o Hauwahine. d) pond. (Right) Classification map from 

Experiment Three for site location Nā Pōhaku o Hauwahine. 

Two points were evaluated for the accuracy assessment from site location near Ulupō 

Heiau State Historic Site. The label data for point (e) is pond. Experiment one labeled this point 

as open water. Experiment one’s classification map shows open water surrounded by pond class. 

Experiment two and three correctly labeled this point as pond. When evaluating the natural 
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image and false color infrared image for this point location we can see this point is dark in both 

images. This is true for all three years of image data. Point (e) reflects no vegetation in the color 

infrared image, informing us that there is no vegetation present and does accurately reflect a 

water body. In the case of point (e), it’s noteworthy to analyze why experiment one determines 

this was open water as opposed to pond. This could be due to the points proximity to the 

neighboring emergent wetland class. In the classification map for experiment one this point is 

labeled open water surrounded by labeled pond next to labeled emergent wetland. Looking at the 

classification maps for experiment two and three, point (e) is labeled as pond. The neighboring 

classes in the classification map from experiment two show the pond class isolated, surrounded 

by “other” class and only a portion to the north that is labeled as emergent wetland. When 

looking at the classification map for experiment three, this point is labeled pond; however, in 

comparison to experiment two’s classification map, experiment three also includes more 

emergent wetland class surrounding the pond class. Comparing the classification map of 

experiment three to the ground truth map shows that the majority of the emergent wetland class 

is correctly labeled but the pond class has a smaller footprint than the ground truth.  

The final point (f) evaluated in the accuracy assessment is labeled as emergent wetland in 

the label data map, and each experiment was able to correctly classify this point. Experiment 

two’s classification map shows emergent wetland at this point but also incorrectly labels “other” 

class in areas that should have been classified as emergent wetland. Experiment three does a 

better job than both experiment one and two in correctly classifying the majority of the emergent 

wetland class in its classification map. 

Experiment one under classified the forested wetland at this site location. This 

classification map does not show any area of forested wetland where the label data shows a large 
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portion is forested wetland. Experiment two captured forested wetland in comparison to 

experiment one; however, forested wetland is still largely under classified. Experiment three did 

the best job in capturing areas where forested wetlands exist in the imagery. Overall, forested 

wetlands are difficult to identify in the models resulting in several under classified areas in this 

accuracy assessment. Forested wetlands were challenging because their values represent a lot of 

similar values found in shrub wetland or “other” class.  

 

 

Figure 42: e): Near Ulupō Heiau State Historic Site: pond (21.38770455, -157.7528827) 

e
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Figure 43: f): Near Ulupō Heiau State Historic Site: emergent wetland (21.38790205, -157.7528735). 

 

 

 

 

 

 

f
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Figure 44: (left) 2018 Planet natural color image. (Right) False color infrared image for site location near Ulupō Heiau State 

Historic Site. 

  

 

Figure 45: (Left) Ground truth labels for site location near Ulupō Heiau State Historic Site. e) pond; f) emergent wetland. (Right) 

Classification map from Experiment One for site location near Ulupō Heiau State Historic Site. 
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Figure 46: (Left) 2019 Planet natural color image. (Right) False color infrared image for site location near Ulupō Heiau State 

Historic Site. 

  

 

Figure 47: (Left) Ground truth labels for site location near Ulupō Heiau State Historic Site. e) pond; f) emergent wetland. (Right) 

Classification map from Experiment Two for site location near Ulupō Heiau State Historic Site. 



74 

 

  

Figure 48: (Left) 2020 Planet natural color image. (Right) False color infrared image for site location near Ulupō Heiau State 

Historic Site. 

  

 

Figure 49: (Left) Ground truth labels for site location near Ulupō Heiau State Historic Site. e) pond; f) emergent wetland. (Right) 

Classification map from Experiment Three for site location near Ulupō Heiau State Historic Site. 

 

Figure 50 – 58 show each AOI in the study.  The image for each year in the study is 

displayed along with the ground truth labels and the classification maps for each experiment.  
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Figure 50: (Left) Haleiwa 2018 Imagery. (Middle) Ground truth labels for Haleiwa. (Right) Experiment one classification map. 

       

Figure 51: (Left) Haleiwa 2019 Imagery. (Middle) Ground truth labels for Haleiwa. (Right) Experiment two classification map. 
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Figure 52: (Left) Haleiwa 2020 Imagery. (Middle) Ground truth labels for Haleiwa. (Right) Experiment three classification map. 

 

Figure 53: (Left) Kahuku 2018 Imagery. (Middle) Ground truth labels for Kahuku. (Right) Experiment one classification map.
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Figure 54: (Left) Kahuku 2019 Imagery. (Middle) Ground truth labels for Kahuku. (Right) Experiment two classification map. 

 

Figure 55: (Left) Kahuku 2020 Imagery. (Middle) Ground truth labels for Kahuku. (Right) Experiment three classification map.
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Figure 56: (Left) Kawainui Marsh 2018 Imagery. (Middle) Ground truth labels for Kawainui Marsh. (Right) Experiment one classification map. 

     

Figure 57: (Left) Kawainui Marsh 2019 Imagery. (Middle) Ground truth labels for Kawainui Marsh. (Right) Experiment two classification map.
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Figure 58: (Left) Kawainui Marsh 2020 Imagery. (Middle) Ground truth labels for Kawainui Marsh. (Right) Experiment three classification map.
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CHAPTER 5. DISCUSSION 

This study was conducted to investigate an experimental approach to wetland 

identification based on imagery datasets with one year of data, two years of data, and three years 

of data. This study set out to address how varying durations of remote sensing imagery impact 

the accuracy of machine learning models in mapping different wetland types in the Hawaiian 

Islands. Specifically, how does the classification map results of a training dataset with one year 

of imagery compared to the classification map results of a training dataset with two years of 

imagery, and further, how does the classification map of a training dataset with three years of 

imagery compared to both one year and two years. Experiment one was established to see how 

well a single year’s data could classify multiple wetland classes. Experiment two was established 

to double the temporal resolution to investigate whether more nuanced changes or trends in 

wetland areas could be captured over a two-year period. Experiment three was established by 

combining three years of imagery data to offer the most in-depth temporal analysis in our study.  

Overall, experiment one had the lowest accuracy, followed by an improvement of 3.89% 

in experiment two. Experiment three’s improvement over experiment two was 1.26%. The 

improvement in accuracy from experiment two to three is significantly less than the 

improvement from experiment one to two. While statistically, the additional bands of imagery 

information improved the classification accuracy of the seven classes, the maps tell a different 

story. Further experiments could reveal if the decrease in accuracy between experiment two and 

experiment three was anomalous or show a trend improvement if more data is analyzed. 

Visibility and distinctions between classes varied across the different years of imagery data. The 

NIR band aided the model in distinguishing vegetation from water. Including the NIR band is 

recommended for future experiments because it is a best practice within remote sensing research 
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because it enhances the model’s ability to detect water. This is true for all experiments and 

confirms earlier research that including the NIR band with the visible spectrum bands is the most 

useful optical band in wetland detection because it shows the greatest variation in the red edge 

for vegetation (Mahdavi et al. 2018b).  

The changes seen across these experiments could indicate alterations occurring within the 

wetland ecosystems themselves, possibly driven by human activity, fluctuations in water levels, 

or expansion of vegetation, possibly from growth, or other environmental changes. Assuming 

this is the case, the model shows variations from one experiment to the next because the results 

include changes in the wetlands as the years progress. Changes driven by human activity, 

fluctuations in water levels, or expansion of vegetation are likely to influence the distribution and 

composition of emergent wetlands, underscoring the dynamic nature of wetland ecosystems. It is 

possible that these changes are affecting the accuracy of experiments if comparing one for one 

over time, because the environment will inevitably change to some degree. 

This study was limited to evaluating three years of Planet imagery data as the basis for 

the experiment. However, Planet imagery has been available from 2015 to today, suggesting a 

potential for broader data analysis. It is possible the accuracy percentile would continue to rise if 

the model was trained with four or five years of imagery data. What worked in this study is the 

model’s ability to pick up on details in accurately identifying ponds, forested wetland, and class 

“other.” What didn’t work in the experiments was the model’s ability to better predict key 

wetland features of emergent wetlands and open water. Both classes saw decreased F1 scores as 

more years of imagery data was included. This raises concern that these classes might not be 

well represented in the datasets and should be further investigated to create a more robust 

approach to wetland mapping.  
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Further, it might be beneficial to investigate the reason behind the diminishing returns in 

accuracy with additional years of imagery. Understanding this trend better could provide insights 

into optimizing the amount of data used for training. It’s crucial to note that while machine 

learning models can analyze large amounts of satellite imagery quickly, they are only as good as 

the data they are trained on. Therefore, the diversity and quality of input data play an important 

role in determining the model’s performance.  

Continuing, further research could be conducted to improve the accuracy of the models. 

For example, extending research to compare the results of deep learning models with traditional 

machine learning approaches such as random forest or support vector machine could be an 

avenue to explore. The comparison could provide a comprehensive understanding of the most 

effective machine learning techniques for wetland classification. This is a typically observed 

course of action in existing literature where a deep learning model is compared to traditional 

machine learning and the results are evaluated. An area of future research could be to conduct a 

binary analysis by combining all the wetland classes together to compare against a non-wetland 

class. This approach may provide higher overall accuracy results for the wetland class because 

the combined pixels that are wetland may supply a more equitable distribution of samples for the 

model to train with.   

This study draws from research such as Van Rees and Reed (2014) which evaluated 

wetland loss in the Hawaiian Islands and called for further research to expand the inventory of 

wetland data for the Hawaiian Isands. This study also draws from Rezaee et al. (2018) which 

effectively applied deep learning for wetland classification and mapping in Canada. Their 

research found deep learning was more effective at classifying wetlands over random forest 

classification. This study extends the knowledge by applying deep learning techniques to a new 
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context: mapping different wetlands in the Hawaiian Islands. This is particularly relevant given 

the unique geography and topography of the island and the challenges of traditional fieldwork.  

It is important to address wetlands in the Hawaiian Islands because of their unique 

environment since it’s not directly comparable to wetlands in the continental United States 

because of the steep topography, remote geographic location, and climate which influence the 

natural environment that exists. This study is, to the best of the authors knowledge, the first to 

analyze multi-temporal imagery data with a custom wetland label dataset for wetland 

classification in Hawai’i using deep learning techniques. It enhances our understanding of how 

deep learning models can detect subtle details in wetland environments from more years of 

imagery data. Evaluating the model’s accuracy and F1 score are important metrics in 

understanding what the model detects when exposed to more years of imagery. This is apparent 

in the comparison of experiment one with experiment three specifically, focusing on the pond 

class. For pond, the F1 score went from 29 percent to 54 percent. This significant improvement 

suggests that for the pond class, incorporating more years of data enhanced the model’s 

predictive accuracy.  

These findings have implications on wetland restoration and conservation strategies, 

highlighting the need for ongoing monitoring and adaptive approaches. The ability to map these 

changes not only suggests the potential for its usefulness as a tool for tracking shifts in wetland 

ecosystems, but also supports proactive and responsive conservation efforts, saving time and 

resources when compared to traditional fieldwork.  

When selecting sites for the experiments I chose known wetland areas. These areas 

experience some level of active management such as clearing vegetation to allow for increased 

water flow and movement to restore habitat for birds. The activity that’s experienced in these 
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areas contributes to the changes in the imagery from the three years examined in this thesis. The 

imagery selected for this thesis was chosen because it provides a balance between spectral 

resolution and spatial resolution.  

Traditional machine learning approaches, like decision trees may be a better classification 

approach than deep learning for this specific experiment. I assume this is because there are less 

parameters to evaluate.  

5.1 Visual prediction discussion  

 The input data used to train the model in the first experiment was from one image, one 

instance in time. The model learned characteristics from one instance of the red band, green 

band, blue band, near infrared band, and elevation band associated with the assigned label at 

every pixel. Each pixel from each band is learned to train the model on what label is associated 

to that pixel reflectance value. What complicated the results from experiment two and 

experiment three was the introduction of image bands from different times that reflected changes 

in the landscape, hindering the model from improving its visual representation of the prediction. 

Thus, disproving the hypothesis for this thesis.  

 Introducing a second instance of each band that was from a different year affected the 

model’s ability to generalize and predict. The same can be said about introducing a third instance 

of each band for experiment three. Training the model to learn two instances of the red band, for 

example, means the model learns to associate the assigned label to two red band spectral 

reflectance values. These two reflectance values, although from the same wavelength within the 

electromagnetic spectrum, were captured at two different time periods and the values may be 

very different. Stacking the bands assumes the pixels for the red band of the second imagery 

dataset are the same as the pixels from the red band of the first imagery dataset. What causes 
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these bands to be different could be due to humans’ interaction with the land, like clearing 

vegetation so water is free flowing. The model learns the reflectance values of the two red bands 

(two green bands, two blue bands, and two near infrared bands) associated with a given wetland 

label during training, then when that trained model is used to predict wetlands the imagery bands 

need to meet the criteria of the training data in order to accurately predict the classes. If the 

reflectance values of the imagery to be predicted on do not meet the criteria from the imagery 

used to train the model, then the model does a poor job of generalizing to new data and results in 

less accurate visual representation of the predicted label data. This is the case for all the bands 

except for elevation, because it remained the same for all three experiments  

 For experiment three, there are three instances of red, blue, green, NIR bands. By adding 

another year of bands, their reflectance values are different from year to year, further 

complicating the learning for the model so that its generalizability to predict is less reliant. What 

makes the pixel reflectance values different may be contributed to humans and climate impacts. 

The model trained in experiment three learned the reflectance values of three red bands 

belonging to the provided label. Each red band may show drastically different reflectance values, 

in part because these wetlands are actively managed. For instance, in 2018 one area is an 

emergent wetland, and is labeled as such. Then, in 2019, that same area experienced clearing of 

vegetation by volunteer organizations and the imagery visibly reflects open water. The label data 

remains the same, emergent wetland, but the model now learns the pixel reflectance value of 

vegetation in the area from 2018 and the open water from 2019 for each band. The red band has 

a specific signature for 2018 imagery that reflects vegetation, and the second red band has a 

specific signature for the 2019 imagery that reflects open water. These two very different 

signatures are learned to be associated with the emergent wetland label. When the model is used 
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to predict wetland classes on an image that reflects vegetation in this area, the red bands that 

don’t capture both the signatures of vegetation and open water will not accurately predict this 

pixel/area as emergent wetland because it does not meet the criteria.  

 Due to time limitations, I maintained the same label data for each experiment. This 

approach contributes to the poor performance across the experiments because the labels are not 

specifically customized to each imagery dataset. Let’s use an example of a 2018 pixel that is an 

emergent wetland and is labeled as an emergent wetland. The introduction of the 2019 imagery 

established for experiment two shows the pixel as open water, yet the label remains emergent 

wetland. If a different label dataset was generated to match the 2019 imagery it would have 

labeled this pixel as open water. This raised the question; would that even improve the results for 

experiment two? Because there’s still the imagery from 2018 where the label should be labeled 

emergent wetland. This leads me to believe that maintaining the label dataset from year to year is 

not the correct approach when trying to differentiate specific wetland classes to identify changes. 

Another question is what happens when the 2020 imagery introduced in example three shows the 

pixel as open water? An additional example of open water is now used to train the model with an 

emergent wetland label. Now, 66% of this pixel is incorrectly labeled, resulting in confusion 

between open water and emergent wetland for experiment three. Further, if the pixel reflectance 

value of the 2020 image is vastly different, the results are even more complex because the model 

is trained to recognize three very different values assigned to an emergent wetland label, which 

points to why the visual results of experiment three are worse than experiment two and 

experiment one.  

The classification map for experiment one shows better visual alignment with the classes 

of the label dataset than experiment two and experiment three. Take the accuracy assessment 
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from Kaelepulu Wetland Bird Preserve for example; the map results from experiment one show 

pond, emergent wetland, open water and “other” for the most part in a similar composition as the 

label dataset. The results of experiment two show less pond, less open water and introduces 

aquatic bed as a predicted class. Further, from experiment three, the results appear even worse, 

where pond was not predicted, as well as very little open water. In addition, experiment three’s 

predictions included an area of forested wetland where it wasn’t included in the labeled dataset.  

5.2 Recommendations 

 If I were to go back and establish this experiment, knowing what I know now about 

increasing band depth does not provide better generalizability, there are some changes I would 

make. I would 1) establish the input imagery to train the model differently; 2) improve the label 

data and develop it to fit each year of imagery to increase accuracy; and 3) increase the amount 

of training data, either using data augmentation techniques or extending to other known coastal 

wetlands.  

5.2.1 Establishing training imagery differently 

 Instead of increasing the band depth with different years of imagery, I would separate 

each year of imagery and train a model on one year of imagery independently while maintaining 

the inclusion of the elevation dataset. Experiment one would be the same as it is in this thesis 

because it is only one year of imagery data. Experiment two would be trained on the 2019, 5-

band imagery. Experiment three would be trained on the 2020, 5-band imagery dataset. A 

comparison could be drawn from the results of each experiment which may be able to capture the 

human impact, active management, and climactic impacts that may have occurred in between 

each of the image dates. I would hypothesis that statistical accuracy would maintain around the 

same values at experiment one of this thesis because the same amount of data is being used to 
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train the model and the label data is not customized to each year individually. This brings me to 

my second recommendation: make custom labels for each year in the study.  

Another method not explored in this study but would be worth considering due to climate 

impacts such as fluctuations on water level, is to establish seasonal models, one for the summer 

(May – October) and one for the winter (November – April). The model should maintain a 5-

band image stack, but the imagery would be expanded to include more examples of the wetland 

color, texture, and reflectance values for the model to learn from. By splitting the data into 

seasons, you could account for the changes in water level that typically occur at these different 

periods. One could also conduct a study to determine when the best season is to predict wetland 

classes, between the summer months (less rainfall/less water) or between the winter months 

(more rainfall/more water).  

5.2.2 Customized labels for each year in the study 

 The label dataset used to train three models in this thesis is exactly the same. The labels 

were generated by evaluating each year of the imagery from Planet Labs to increase robustness 

in the model’s ability to predict (it does not match one single year exactly). Three separate label 

datasets should be used so that each is customized to fit each year of imagery in the experiments. 

Having a label dataset that accurately reflects open water when the imagery is open water is 

critical to the model’s predictive accuracy. Using a label dataset that is a bit of an amalgamation 

of multiple years of imagery should not be applied to independent image datasets for training 

because the amalgamated label dataset does not take into consideration the impacts human 

activity and climate factors have on the physical landscape. The label dataset used in this thesis 

created confusion in the results of experiment two and experiment three. I also think the label 
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dataset contributed to the low accuracy results from experiment one. Had the label dataset been 

customized to only the 2018 imagery I believe the overall accuracy would be higher.  

I think the “other” label had the highest accuracy and did well for each experiment 

because the label data for “other” contained so many examples of different reflectance values. 

The “other” class contained all physical landscapes that were not explicitly part of any of the six 

wetland classes. As such, these physical landscapes included roads, buildings, trees, bare earth, 

cropland, etc. Each of these landscapes have different reflectance values for each band. When the 

model is trained to learn all of these different values and label them as a single category together, 

the predictability of this category is able to generalize to new imagery that may contain pixel 

values that align to the “other” class. The “other” class improved accuracy from experiment one, 

to two, to three because it benefited from the introduction of more pixel examples for all the 

landscapes it contained/covered. In experiment one, the model learned one instance of each band 

for a road pixel, let’s say. In experiment two, it learned two examples for each band for the same 

road pixel. In experiment three, the model was shown three examples for each band for the same 

road pixel. This reinforces the models learning and improves the accuracy for the “other” class. 

The “other” class had an advantage as new imagery bands were added to the input imagery 

dataset for a few reasons. First, many of these landscapes remain static like roads and buildings, 

especially in the three-year timespan this thesis evaluated. The additional red bands from the 

2019 and 2020 images will have similar (if not exact) reflectance values, so the model’s training 

is consistent. Secondly, road pixels next to building pixels are both labeled “other.” There is 

inherent pixel diversity within the “other” class. When additional bands are added to train the 

model, it doesn’t lead to confusion, it leads to better performance. The wetland classes contain 
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more diversity with the introduction of imagery bands, which causes the model to predict “other” 

class where it should have predicted one of the six wetland classes. 

 What hurt the wetland classes, helped the “other” class. I think this leads to a conclusion 

that change experienced in the wetland classes is present, but not able to be analyzed because of 

the method used to train the model. The diversity of neighboring pixel values in the “other” class 

supported the model’s ability to learn and predict divers physical landscapes. With each 

experiment, the introduction of imagery bands lead to an over classification of “other” where it 

should have learned and predicted one of the six wetland classes. This can be seen in one of the 

accuracy assessment sites, Kaelepulu Wetland Bird Preserve (Figure 59). The prediction results 

from experiment one has less “other” class than the prediction results from experiment three. The 

inter-band diversity led to the model predicting the pixels as “other” rather than emergent 

wetland, pond, or open water, like the label dataset stated.  
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Figure 59: Example of how “other” class was over predicted with the introduction of imagery bands from each experiment. False-

color infrared Planet Labs image: a) 2018; b) 2019; c) 2020. d) Label dataset. Prediction results from: e) experiment one; f) 

experiment two; g) experiment three. 

5.2.3 Merge wetland labels 

 In addition to overall improvements to the label data, one option is to simplify the 

wetland classes and merge the six wetland labels into similar classes. You could consolidate pond 

and open water; emergent and aquatic bed; shrub and forested wetland. These classes are best 
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simplified in this manner because the characteristics of them are similar enough in reflectance 

values that they may serve to train the model more accurately. For instance, pond and open water 

have very similar color and texture in imagery data. They both appear dark and their red, green, 

blue, and NIR bands have similar spectral reflectance values. Combining these two classes 

would provide the model with a broader example range in classifying wet/water within the scene. 

For instance, as shown in Figure 59, the pond class within the emergent wetland could be 

reclassified as open water to provide the model more context about what the reflectance values 

of water are and perhaps providing a higher classification accuracy for the open water class. 

Emergent wetland and aquatic bed could be considered similar in color, texture and 

spectral reflectance values to be consolidated into one class. Both emergent wetland and aquatic 

bed are characterized by vegetation, low to the ground. These properties are visible in the 

imagery, whereas their vegetation composition cannot be extrapolated from the imager alone. An 

example of this can be seen in Figure 60, where the aquatic bed is within an emergent wetland 

and their color and texture could be attributed to one single “emergent wetland” class to 

encompass all low-lying vegetation within a known wetland area. 
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Figure 60: Example of how emergent wetland and aquatic bed have similar color and texture characteristics. False-color infrared 

Planet Labs image: a) 2018; b) 2019; c) 2020. d) Label dataset. Prediction results from: e) experiment one; f) experiment two; g) 

experiment three. 

 Finally, combining shrub wetland and forested wetland should be employed because they 

too have similarities in terms of color, texture and spectral reflectance values. Similar to how the 

“other” class contains pixels of roads next to pixels of buildings, simplifying the wetland classes 

to include a diversity of pixels could improve the model’s ability to accurately predict wetland 
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classes. I believe this would be the case because we see how “other” class maintains a higher 

accuracy than the wetland classes broken out into six different classes.  

5.2.4 Increasing the amount of training data 

 One common technique to increase training data is data augmentation. This introduces 

the same data but in a different configuration, such as vertical rotation and horizontal rotation. 

Data augmentation was not included in these experiments. I did not explore data augmentation 

within this thesis because I assumed the original data configuration would be enough to train the 

model. You could double or triple the amount of input imagery data and label data (as the labels 

would also need to be augmented to match the rotation of the imagery) to train the model for 

each experiment. Having more training data for the deep learning U-Net model framework 

provides different and more examples for the model to learn from.  

 A second option to increase the amount of training data would be to expand to other 

known coastal wetland areas. This thesis focused on just three areas to maintain a simple 

experiment, however, having more diversity of wetland areas of interest would provide an 

increased number of examples that are different for the model to learn from, making it more 

robust to new data.  

5.3 Challenges 

 Classifying wetlands is an ongoing challenge and will continue to be an evolving field of 

study as more and more artificial intelligence is used in image segmentation tasks. This study 

was not without its challenges. While these classes represent real-world data, there are several 

areas where these models fell short.  

One challenge encountered in this study was the development of the label dataset. The 

National Wetland Inventory (NWI) dataset used to generate these labels was from 2005 and 
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limited the ability to make definitive wetland boundaries based on field surveys while using 

imagery from 2018 – 2020. Ultimately, the label dataset is a “best guess” representation of the 

six wetland categories of wetlands found within these three areas of interests. In addition, the 

amount of label data generated limited the amount of data that could be used for training. Had 

there been more time to extend the label dataset to more than three areas of interest, more label 

and imagery data could be incorporated to train the model.  

Another challenge is ensuring the model’s capacity is sufficient to capture the increased 

complexity. Since the only variable to change was the input dataset with increasing bands of 

data, the model architecture remained the same for all three experiments.  

Despite the overall accuracy improvements from experiment one, to two, to three, the 

model consistently faced challenges in accurately identifying rare classes, such as aquatic bed. 

One reason could be because it contains small geographic space, and the model was unable to 

pick up on this class’s edges and its relationship between the imagery bands. This suggests that 

challenges associated with these classes might require specific adjustments, such as inputting 

more data that include more examples of aquatic bed to account for the imbalanced nature of the 

training data. The shrub wetland struggled to show significant improvement across all three 

experiments. Incorporating more training data for these classes or utilizing other machine 

learning techniques designed to handle class imbalance are options to explore in future research 

to address this challenge. 

In the same vein, the model faced challenges of over classifying “other” class as more 

bands of data were added to the input imagery. Despite the intuition that more data equals higher 

accuracy, we see that in some cases more data leads to higher rates of mis-classification. The 

over classification of the “other” class observed in the third experiment could suggest that the 
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model struggled with the increase in pixel variations, leading to confusion between similar pixel 

values across different classes. The model made for experiment three contained the greatest 

number of pixels and areas that are labeled as any one of the six wetland classes resulted in 

classification of the “other” class because there are so many variations from the input data that 

trained it, confusing the model and predicting “other” more than the wetland classes. Experiment 

three had the most pixel variation, yet this experiment produced the least accurate results for the 

accuracy assessment at site location Kaelepulu Wetland Bird Preserve. This highlights a critical 

challenge in environmental modeling: increased data complexity can sometimes overwhelm a 

model. 
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CHAPTER 6. CONCLUSION 

This study has evaluated wetland classification in the Hawaiian Islands using a custom 

wetland label dataset and leveraging remote sensing satellite imagery and deep learning 

techniques. It explored the impacts of varying duration of high-resolution Planet Labs imagery 

on the accuracy of deep learning models’ ability to map seven different classes, six of them being 

wetlands, in the Hawaiian Islands. Through a structured experimental design, this research 

compared the model’s classification maps across three distinct durations of stacked imagery data: 

one year, two years, and three years.  

It was found that three years of stacked imagery data returned the highest overall 

accuracy. Two years of stacked imagery data returned lower overall accuracy than three years, 

and one year of imagery returned the lowest overall accuracy. Using the F1 score to measure 

each class finds pond, forested wetland, and “other” returned the highest improvement from one 

year of imagery to three years of imagery. It was found that using near infrared (NIR) band with 

the visible bands (red, green, blue) aided the model’s ability to identify wetland classes by 

identifying the presence of vegetation or lack-there-of within wetland ecosystems. In addition, an 

elevation dataset was included in the modeling to address the variability in terrain to aid the 

model’s ability to predict wetland classes. Field site visits provided valuable context into how the 

model predicted the wetland calsses. There were miss-classifications in point locations, 

particularly in open water and pond environments. Seeing the change in classification points 

from pond to open water could show that there have been changes in the wetland environment, 

such as clearing to create more open water for the waterbirds in some wetland areas. However, as 

the model is established with stacks of imagery data, it cannot be determined if the human 
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activity changed the wetlands, or the pixel variations affected the model’s ability to predict 

wetland classes.  

This study evolved from the assumption that adding more bands of data to train a model 

to predict wetland classes would result in higher accuracy and performance. This assumed that an 

additional year of imagery would provide more context to the model in order to accurately 

identify edges, lines, shapes, and areas of six wetland classes and one “other” class. This 

assumption was proven to be inaccurate and resulted in worse visual performance as a result of 

additional imagery bands of data used to train a model. The “other” class maintained a fairly high 

accuracy for each experiment. This leads me to the assumption that consolidating the types of 

land cover in the “other” class as one class strengthened the model’s ability to generalize to new 

data because there were multiple types of land cover within this one “other” class. Whereas the 

six wetland classes were separated out, therefore limiting the model’s ability to learn complex 

pixel combinations in order to predict well.  

The results of this study indicate that adding more bands of data from different years did 

not improve the model’s ability to generalize to new data. The impact of adding an additional 

red, blue, green, and NIR band from a different year of imagery negatively impacted the model’s 

results. These impacts are also present in the addition of adding a third red, blue, green, and NIR 

band like in experiment three. The overall accuracy was highest for experiment three, which is 

misleading because the visual results of this model’s predictions show more “other” class than it 

accurately should be. The over classification of “other” happened for experiment two and three 

because the introduction of more bands of imagery data confused the model. 

Classifying wetlands is an ongoing challenge which has been evaluated with several 

methods including using image classification for deep learning algorithms. This study 
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incorporated a custom wetland classification label dataset with high resolution remote sensing 

imagery with recent trends in wetland classification with deep learning algorithms.  

This study demonstrated the potential for developing a wetland classification map that 

may be used to enhance conservation strategies which would allow for more directed, timely, and 

focused monitoring and management of wetland ecosystems. The study contributes to broader 

understanding of how incorporating more bands of imagery data from different years can impact 

deep learning models used in environmental studies. Future research should focus on improving 

the accuracy of the wetland classes for the Hawaiian Islands. These five recommendations 

provide a framework for future research in this area: 

1. Set up each model with just one year of imagery data. 

a. To evaluate changes within the wetland area, each model should be trained 

with one single year of imagery. This approach is better suited to account for 

year-to-year changes because only one band of red, green, blue, NIR, and 

elevation are used to train the model at one single point in time. 

2. Create custom-tailored label data for each year of imagery used to train a model.  

a. The strategy to create the label dataset should be revisited. Only one image, 

one single point of reference should be used to establish the label data for that 

model’s training. The approach explored in this thesis accounted for multiple 

years of points of reference and does not provide the best basis for training a 

model in identifying wetland categories based on multiple images.  

3. Consolidate wetland class categories based on their color and texture appearance to 

enhance prediction accuracy. 
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a. The custom-tailored label dataset should be consolidated to categories that can 

be determined based on the color and texture within the image scene. 

Categories such as open water should be one to include all areas that appear 

dark in color and flat in texture to account for all water, including pond. 

Vegetation encompassing known wetland areas should be one whole category. 

While vegetation may appear spectrally diverse based on what kind of 

vegetation it is, only the color and texture should be accounted for when 

determining a category to include as emergent wetland extents.  

4. Increase the amount of training data. 

a. More data is necessary to perform deep learning. Deep learning modeling 

deals with millions of parameters. The more data used to train the model 

results in more parameters available for the model to learn from. The current 

model set-up limits how many parameters the model learns from. Increasing 

the amount of imagery and label data is recommended to make the deep 

learning model more robust to learning details about the wetland classes.  

5. Conduct field surveys to evaluate the model results. 

a. A field survey should be conducted to evaluate the results of the model’s 

predictions. This would indicate how well the model performed with real 

world data that can be validated with proper traditional field survey collection. 

In addition, it is recommended that a field survey guide the label dataset when 

creating labels for each year in the study. While the NWI data was used to 

guide the labels employed in this study, it was outdated and hampered the 
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ability to judge the ground truth data provided in comparison to imagery data 

which was 13 – 15 years newer. 

This study did not examine different deep learning model architectures or traditional 

machine learning algorithms. Exploring the impacts of stacked imagery data using traditional 

machine learning algorithms such as random forest could be studies to evaluate if a similar result 

could be achieved, thus concluding that stacking imagery data leads to increased confusion with 

more years of imagery.  

The knowledge, data, and accuracy gained from conducting traditional wetland field 

surveys cannot be replaced by this or any type of artificial intelligence. The unique insights 

gained from field surveys provide a critical understanding about wetland ecosystems that cannot 

be gained through modeling and predicting wetlands. Rather, the advancements in artificial 

intelligence should be used as a supplemental tool for field research. The better we are at pin-

pointing changes in wetlands, the more accurately we can address the changes in the field, and 

direct resources. The ultimate goal in furthering environmental studies is to use these 

technological advances to augment existing methods to conserve and protect coastal wetland 

environments.  
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Appendix 1: U-Net Model R Script 

from google.colab import drive 

drive.mount('/content/drive') 

pip install rasterio 

from keras.models import Model 

from keras.layers import Input, Conv2D, MaxPooling2D, UpSampling2D, 

concatenate, Conv2DTranspose, BatchNormalization, Dropout, Lambda 

from keras.utils import normalize 

import os 

import glob 

import cv2 

import numpy as np 

from matplotlib import pyplot as plt 

import rasterio 

from sklearn.model_selection import train_test_split 

import shutil 

from tensorflow.keras.utils import Sequence, to_categorical 

from tensorflow.keras import losses 

from tensorflow.keras import metrics 

from tensorflow.keras import optimizers 

from tensorflow.keras.layers import BatchNormalization 

from tensorflow.keras.optimizers import Adam 

from tensorflow.keras.callbacks import Callback 

import tensorflow as tf 

from tensorflow.keras.models import load_model 

 
# Assign image and label variables 

x_training_01 = 

sorted(glob.glob(f"/content/drive/MyDrive/data/images/x_training_140/1year_14

0/*.tif")) 

x_training_02 = 

sorted(glob.glob(f"/content/drive/MyDrive/data/images/x_training_140/2year_14

0/*.tif")) 

x_training_03 = 

sorted(glob.glob(f"/content/drive/MyDrive/data/images/x_training_140/3year_14

0/*.tif")) 

y_training = 

sorted(glob.glob(f"/content/drive/MyDrive/data/labels/y_training_140/*.tif")) 

# Split into training and testing datasets (70% train, 22% test) 

x_train_01, x_test_01, y_train, y_test = train_test_split(x_training_01, 

y_training, test_size=0.22, random_state=9) 

x_train_02, x_test_02, y_train, y_test = train_test_split(x_training_02, 

y_training, test_size=0.22, random_state=9) 

x_train_03, x_test_03, y_train, y_test = train_test_split(x_training_03, 

y_training, test_size=0.22, random_state=9) 

 

# Download the training and testing dataset to local location 

# Load the training labels 

destination = '/content/y_train' 

os.makedirs(destination, exist_ok=True) 

for file in y_train: 

dest_file = os.path.join(destination, os.path.basename(file)) 

shutil.copy(file, dest_file) 
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print(f'Copied {file} to {dest_file}') 

directory_path = "/content/y_train" 

entries = os.listdir(directory_path) 

num_files = len(entries) 

print(f"There are {num_files} files in {directory_path}.") 

 

# Load the test labels 

destination = '/content/y_test' 

os.makedirs(destination, exist_ok=True) 

for file in y_test: 

dest_file = os.path.join(destination, os.path.basename(file)) 

shutil.copy(file, dest_file) 

print(f'Copied {file} to {dest_file}') 

directory_path = "/content/y_test" 

entries = os.listdir(directory_path) 

num_files = len(entries) 

print(f"There are {num_files} files in {directory_path}.") 

 

# Load the training images for experiment one 

destination = '/content/x_train_01' 

os.makedirs(destination, exist_ok=True) 

for file in x_train_01: 

dest_file = os.path.join(destination, os.path.basename(file)) 

shutil.copy(file, dest_file) 

print(f'Copied {file} to {dest_file}') 

directory_path = "/content/x_train_01" 

entries = os.listdir(directory_path) 

num_files = len(entries) 

print(f"There are {num_files} files in {directory_path}.") 

 

# Load the test images for experiment one 

destination = '/content/x_test_01' 

os.makedirs(destination, exist_ok=True) 

for file in x_test_01: 

dest_file = os.path.join(destination, os.path.basename(file)) 

shutil.copy(file, dest_file) 

print(f'Copied {file} to {dest_file}') 

directory_path = "/content/x_test_01" 

entries = os.listdir(directory_path) 

num_files = len(entries) 

print(f"There are {num_files} files in {directory_path}.") 

 

# Load the training images for experiment two 

destination = '/content/x_train_02' 

os.makedirs(destination, exist_ok=True) 

for file in x_train_02: 

dest_file = os.path.join(destination, os.path.basename(file)) 

shutil.copy(file, dest_file) 

print(f'Copied {file} to {dest_file}') 

directory_path = "/content/x_train_02" 

entries = os.listdir(directory_path) 

num_files = len(entries) 

print(f"There are {num_files} files in {directory_path}.") 

 

# Load the test images for experiment two 

destination = '/content/x_test_02' 

os.makedirs(destination, exist_ok=True) 
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for file in x_test_02: 

dest_file = os.path.join(destination, os.path.basename(file)) 

shutil.copy(file, dest_file) 

print(f'Copied {file} to {dest_file}') 

directory_path = "/content/x_test_02" 

entries = os.listdir(directory_path) 

num_files = len(entries) 

print(f"There are {num_files} files in {directory_path}.") 

 

# Load the training images for experiment three 

destination = '/content/x_train_03' 

os.makedirs(destination, exist_ok=True) 

for file in x_train_03: 

dest_file = os.path.join(destination, os.path.basename(file)) 

shutil.copy(file, dest_file) 

print(f'Copied {file} to {dest_file}') 

directory_path = "/content/x_train_03" 

entries = os.listdir(directory_path) 

num_files = len(entries) 

print(f"There are {num_files} files in {directory_path}.") 

 

# Load the test images for experiment three 

destination = '/content/x_test_03' 

os.makedirs(destination, exist_ok=True) 

for file in x_test_03: 

dest_file = os.path.join(destination, os.path.basename(file)) 

shutil.copy(file, dest_file) 

print(f'Copied {file} to {dest_file}') 

directory_path = "/content/x_test_03" 

entries = os.listdir(directory_path) 

num_files = len(entries) 

print(f"There are {num_files} files in {directory_path}.") 

 

# Assign variables to each dataset set on the local location 

y_train =sorted(glob.glob(f"/content/y_train/*.tif")) 

y_test=sorted(glob.glob(f"/content/y_test/*.tif")) 

x_train_01 =sorted(glob.glob(f"/content/x_train_01/*.tif")) 

x_test_01 =sorted(glob.glob(f"/content/x_test_01/*.tif")) 

x_train_02 =sorted(glob.glob(f"/content/x_train_02/*.tif")) 

x_test_02 =sorted(glob.glob(f"/content/x_test_02/*.tif")) 

x_train_03 =sorted(glob.glob(f"/content/x_train_03/*.tif")) 

x_test_03 =sorted(glob.glob(f"/content/x_test_03/*.tif")) 

 

# Define data loader for label data 

Def read_image_labels(file_path): 

with rasterio.open(file_path) as src: 

label_image = src.read(1) 

return label_image.astype(np.int32) 

 

# Define data loader for one year of images 

def read_multi_image_withfive(file_path):  

with rasterio.open(file_path) as src:  

bands = [src.read(i) for i in range(1,5)]  

image = np.stack(bands, axis=-1) image = image.astype(float)  

max_value = image.max(axis=(0,1), keepdims=True)  

min_value = image.min(axis=(0,1), keepdims=True)  

image = (image - min_value) / (max_value - min_value)  
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band_five = src.read(5)  

band_five = band_five.astype(float) /band_five.max()  

band_five = np.expand_dims(band_five, axis=-1)  

combined_image = np.concatenate([image, band_five], axis=-1)  

return combined_image 

 

# Define data loader for two years of images 

def read_nine_band_image(file_path):  

with rasterio.open(file_path) as src:  

bands = [src.read(i) for i in range(1,9)]  

image = np.stack(bands, axis=-1) image = image.astype(float)  

max_value = image.max(axis=(0,1), keepdims=True)  

min_value = image.min(axis=(0,1), keepdims=True)  

image = (image - min_value) / (max_value - min_value)  

band_five = src.read(9)  

band_five = band_five.astype(float) /band_five.max()  

band_five = np.expand_dims(band_five, axis=-1)  

combined_image = np.concatenate([image, band_five], axis=-1)  

return combined_image 

 

# Define data loader for three years of images 

def read_thirteen_band_image(file_path):  

with rasterio.open(file_path) as src:  

bands = [src.read(i) for i in range(1,13)]  

image = np.stack(bands, axis=-1)  

image = image.astype(float)  

max_value = image.max(axis=(0,1), keepdims=True)  

min_value = image.min(axis=(0,1), keepdims=True)  

image = (image - min_value) / (max_value - min_value)  

band_five = src.read(13)  

band_five = band_five.astype(float) /band_five.max()  

band_five = np.expand_dims(band_five, axis=-1)  

combined_image = np.concatenate([image, band_five], axis=-1)  

return combined_image 

 

 

# Assign training data and test data variables 

y_train_data = [read_image_labels(file_path) for file_path in y_train] 

y_test_data = [read_image_labels(file_path) for file_path in y_test] 

 

x_train_01_data = [read_multi_image_withfive(file_path) for file_path in 

x_train_01] 

x_test_01_data = [read_multi_image_withfive(file_path) for file_path in 

x_test_01] 

 

x_train_02_data = [read_nine_band_image(file_path) for file_path in 

x_train_02] 

x_test_02_data = [read_nine_band_image(file_path) for file_path in x_test_02] 

 

x_train_03_data = [read_thirteen_band_image(file_path) for file_path in 

x_train_03] 

x_test_03_data = [read_thirteen_band_image(file_path) for file_path in 

x_test_03] 

# Convert the training data and test data for each experiment from a list to 

a NumPy array 

y_train = np.array(y_train_data) 

y_test = np.array(y_test_data) 
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x_train_01 = np.array(x_train_01_data) 

x_test_01 = np.array(x_test_01_data) 

 

x_train_02 = np.array(x_train_02_data) 

x_test_02 = np.array(x_test_02_data) 

 

x_train_03 = np.array(x_train_03_data) 

x_test_03 = np.array(x_test_03_data) 

 

 

# Subtract 1 from the label training data and label test data so the range 

starts at 0.  

y_train_shifted = y_train -1 

y_test_shifted = y_test -1 

 

 

# Convert the shifted training labels into one-hot encoded format. 

`to_categorical` 

y_train_encoded = to_categorical(y_train_shifted, num_classes = 7) 

y_test_encoded = to_categorical(y_test_shifted, num_classes = 7) 

 

 

def unet_model(input_size=(384, 384, 13), num_classes=7):  

inputs = Input(input_size) 

 

# Downsampling (Contracting Path)  

c1 = Conv2D(64, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(inputs)  

c1 = BatchNormalization()(c1)  

c1 = Dropout(0.1)(c1)  

c1 = Conv2D(64, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(c1)  

c1 = BatchNormalization()(c1)  

p1 = MaxPooling2D((2, 2))(c1)  

 

c2 = Conv2D(128, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(p1)  

c2 = BatchNormalization()(c2)  

c2 = Dropout(0.1)(c2)  

c2 = Conv2D(128, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(c2) 

c2 = BatchNormalization()(c2)  

p2 = MaxPooling2D((2, 2))(c2) 

 

# Bottleneck  

c3 = Conv2D(256, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(p2)  

c3 = BatchNormalization()(c3)  

c3 = Dropout(0.2)(c3)  

c3 = Conv2D(256, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(c3)  

c3 = BatchNormalization()(c3) 

 

# Upsampling (Expanding Path) 

u4 = UpSampling2D((2, 2))(c3)  

u4 = concatenate([u4, c2])  
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c4 = Conv2D(128, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(u4)  

c4 = BatchNormalization()(c4)  

c4 = Dropout(0.1)(c4)  

c4 = Conv2D(128, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(c4)  

c4 = BatchNormalization()(c4) 

 

u5 = UpSampling2D((2, 2))(c4)  

u5 = concatenate([u5, c1], axis=3)  

c5 = Conv2D(64, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(u5)  

c5 = BatchNormalization()(c5)  

c5 = Dropout(0.1)(c5)  

c5 = Conv2D(64, (3, 3), activation='relu', 

kernel_initializer='he_normal', padding='same')(c5)  

c5 = BatchNormalization()(c5) 

 

# Output layer  

outputs = Conv2D(num_classes, (1, 1), activation='softmax')(c5) 

 

model = Model(inputs=[inputs], outputs=[outputs])  

model.compile(optimizer='adam', loss='categorical_crossentropy', 

metrics=['accuracy'])  

 

return model 

 

# Create the U-Net model 

model = unet_model() 

print(model.summary()) 

 

 

# Build callback to save predictions during training. 

class SavePredictionCallback(Callback):  

     def __init__(self, x_holdout_dir, output_folder, model_input_size, 

epoch_frequency=5):  

          self.x_holdout_dir = glob.glob(x_holdout_dir)  

          self.output_folder = output_folder  

          self.model_input_size = model_input_size  

          self.epoch_frequency = epoch_frequency 

 

     def on_epoch_end(self, epoch, logs=None):  

          if epoch % self.epoch_frequency == 0:  

               for image_path in self.x_holdout_dir:  

                    with rasterio.open(image_path) as src:  

                         bands = [src.read(i) for i in range(1, 13)]  

         image = np.stack(bands, axis=-1)  

         image = image.astype(float)  

         max_value = image.max(axis=(0, 1), keepdims=True)  

         min_value = image.min(axis=(0, 1), keepdims=True)  

         image = (image - min_value) / (max_value - min_value)  

         band_five = src.read(13)  

         band_five = band_five.astype(float) / band_five.max()  

         band_five = np.expand_dims(band_five, axis=-1)  

         combined_image = np.concatenate([image, band_five], axis=-1)  

        combined_image_batch = np.expand_dims(combined_image, axis=0) 
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               # Predict using the model  

               prediction = self.model.predict(combined_image_batch)  

               prediction_image = np.argmax(prediction, axis=-1)[0, :, :] 

 

               # Prepare the output path  

               output_path = os.path.join(self.output_folder, 

f"epoch_{epoch+1}_{os.path.basename(image_path)}") 

 

               # Save the prediction  

               meta = src.meta.copy()  

               meta.update(dtype=rasterio.uint8, count=1, compress='lzw', 

nodata= None)  

               with rasterio.open(output_path, 'w', **meta) as dst:  

                    dst.write(prediction_image.astype(rasterio.uint8), 1) 

 

# Initialization of the callback 

img_height, img_width = 384, 384 

output_folder = 

"/content/drive/MyDrive/data/model_prediction/threeyear_data/20240418_1448" 

os.makedirs(output_folder, exist_ok=True) 

x_holdout_dir = "/content/drive/MyDrive/data/images/x_test/3year/*.tif"  

# Change this based on which experiment is running. 

 

savepred_callback = SavePredictionCallback(  

     x_holdout_dir=x_holdout_dir,  

     output_folder=output_folder,  

     model_input_size = (img_height, img_width),  

     epoch_frequency=5) 

 

# Initialize the Adam optimizer with a specific learning rate 

adam_optimizer = tf.keras.optimizers.Adam(learning_rate=0.001) 

 

# Compile the model with the optimizer, loss function 

model.compile(optimizer = adam_optimizer, loss = 'categorical_crossentropy', 

metrics = ['accuracy', 'categorical_accuracy']) 

callbacks = [keras.callbacks.ModelCheckpoint(filepath = 

"/content/drive/MyDrive/data/model_prediction/threeyear_data/20240418_1448/20

240418_1448_3.h5", monitor = 'val_loss', save_best_only = True), 

savepred_callback] 

 

# Run the model 

model.fit(three_x_train, y_train_encoded, batch_size=8, epochs=500, 

validation_data=(three_x_test, y_test_encoded), callbacks=[callbacks]) 


