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ABSTRACT 

Estuaries and shallow lagoons are the most productive marine systems in the world and 

contribute to the maintenance of coastal biodiversity by providing various unique habitats 

for aquatic species. However, due to the inputs of nutrients, sediments and pollutants from 

the surrounding landscape, light availability and primary productivity can be strongly 

restricted, which may trigger rapid ecological change over time and cause substantial loss 

of coastal flora and fauna. This thesis explores the use of Sentinel-2 remote sensing 

imagery to monitor water properties of shallow intertidal tidal estuaries, for the purposes 

of managing the estuaries of New Zealand.  

The first goal (Chapter 2) was to develop a method to remove the influence of water 

bottom substrate reflectance in order to detect the true water colour (represented by 

dominant wavelength) and diffuse attenuation coefficients from Sentinel-2 imagery, in 

the case study estuary of Tauranga Harbour. The new methodology used direct 

measurement of bottom reflectance of intertidal areas while exposed, and used a 

regression estimator to derive subtidal bottom reflectance from particle size (developed 

using the intertidal properties). The method required the water depth to be known (from 

LiDAR) and reflectance observations from multiple water depths (either extracted along 

transects or at the same location at different tides). The method was applied to all 

available Sentinel-2 images and showed seasonal fluctuations and strong correlations 

with chlorophyll-a, suspended sediments and coloured metal ions collected by the 

regional council monitoring programme. This methodology was then applied to 12 

estuaries and the results were interpreted in terms of ecological changes (Chapter 5). 

The second goal (Chapter 3) was to detect the distribution or density of seagrass/sandflats 

(where microphytobenthos (MPB) thrive) and use this as a basis to estimate their gross 

primary productivity (GPP). The new methodology combined Sentinel-2 imagery, 

machine learning and literature-derived photosynthesis-irradiance (P – I) curves. The 

machine-learning model included (1) supervised classification with random forest to 

delineate seagrass and sandflat areas (2) and three machine learning regressions (artificial 

neural network (ANN), support vector machine (SVM) and random forest regression 

(RFR)) to predict the density of seagrass. The result showed ANN was the optimal 

algorithm to predict seagrass coverage. By adjusting the input water depth and light 
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intensity, the methodology could be further developed to predict the response of seagrass 

and MPB to sea level rise.  To counteract the negative impact of increased turbidity 

caused by coastal erosion and sediment resuspension due to sea level rise and climate 

change, controlling sediment loading in coastal waters could be an effective solution for 

maintaining current productivity throughout the entire harbour. 

Considering monitoring suspended sediment concentration (SSC) is essential for 

understanding the resilience of coastal wetlands, a prediction model in Chapter 4 

consisting of satellite imagery, numerical simulation and machine learning was developed 

to enable continuous estimation of SSC. The prediction model included two steps: (1) 

comparing the Delft3D-derived SSC with corrected satellite data and using K-means 

classification to categorise the differences into classes; (2) developing a random forest 

regression model for each class to predict the satellite-derived SSC using Delft3D-derived 

SSC and other physical parameters. Comparison of the prediction model with in situ 

measurement showed high accuracy, and the model provided the basis for estimating the 

accumulated sediment in wetlands. The results showed strong sensitivity to different ways 

of accounting for incoming SSC supply coastal wetlands. Therefore, employing a model 

based on real-time observations, like the one developed here, would substantially improve 

sediment budget estimates in coastal wetlands. 

Dominant wavelength and diffuse attenuation coefficients (Kd) can form the basis of 

ecologically relevant indicators. Therefore, in Chapter 5, classification based on these two 

indicators was developed to cluster New Zealand estuaries with similar states into groups 

as a basis for management. The dominant wavelength and Kd were derived from the 

Sentinel-2 images using the seabed correction model developed in Chapter 2. Three 

groups, including less impacted, moderately impacted and highly impacted, were created 

which were in broad agreement with other in situ measurements and indicator models 

such as those focused on light availability and benthic health. Therefore, satellite-derived 

dominant wavelength and Kd can be two good indicators to reflect estuarine water 

properties for management. 
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1.1 Introduction 

As important transitional habitats that link terrestrial, fresh river water and open ocean, 

the ecological health of our estuaries is of increasing public concern. A thriving and 

biodiverse estuary depends on relatively low nutrient inputs, consistent tidal flow, good 

water quality, stable sediment transport and healthy surrounding ecosystems (Fairweather, 

1999). However, anthropogenic and climate change related stress poses a substantial 

challenge to estuarine health (Tallam & White, 2023) because they are often associated 

with the introduction of additional nutrients and toxic substances (Costanza et al., 2014; 

Mastrocicco et al., 2019). Currently, the land-use further up catchments together with 

land degradation throughout coastal flooding and erosion due to sea level rise controls 

the inloads of sediment entering marine systems (Borrelli et al., 2020; Ward et al., 2009). 

The increased suspended sediment concentration in the estuarine water can impact the 

sediment budget and light availability at the seabed (Neverman et al., 2023).  Therefore, 

this thesis was developed to meet the growing need to establish robust 

monitoring/predicting systems for estuarine health, including optical water quality, the 

extent of aquatic primary producers and suspended sediment concentrations.   

1.2 Research aims 

The overarching objectives of this thesis are to develop remote-sensing based models to 

monitor New Zealand's estuarine health and to use these in case studies to illustrate how 

these new methods can provide a step change in our understanding of potential factors 

affecting the coastal ecosystems. This was accomplished through (1) extracting satellite-

derived estuarine optical water quality parameters at scale, (2) detecting the distribution 

of coastal primary producers and assessing the benthic primary productivity using 
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machine learning, (3) combining remote sensing and numerical model to provide better 

evaluation of the control of suspended sediment supply on estuarine wetland resilience, 

and (4) proposing a nationwide remote-sensing based monitoring system for New 

Zealand estuaries based on new optical indicators and classifying 12 estuaries as a 

component on which to base future management.  

1.3 Background 

1.3.1 Monitoring estuarine health via indicators 

1.3.1.1 Estuarine health indicators 

Estuarine indicators are tools that are used to monitor the condition and functionality of 

these delicate ecosystems (Cloern et al., 2016). These indicators include physical, 

chemical and biological measures that best represent water quality, habitat health, 

biodiversity or overall system resilience (O’Brien et al., 2016). By monitoring estuarine 

health indicators, researchers and policymakers can better understand the impact of 

anthropogenic activities, climatic variations, and other external effects on estuarine 

habitats. There are a wide range of indicators in common useage, including turbidity, 

clarity, chlorophyll-a concentration etc. This study mainly focuses on water colour, 

diffuse attenuation coefficient (Kd), suspended sediment concentration (SSC) and benthic 

primary productivity because remote-sensing may be a way to collect information on 

these efficiently and at scale. 

Water colour and Kd are the two major indicators that reflect estuarine optical properties. 

The colour of estuarine water is primarily influenced by the presence of coloured 

dissolved organic matter (CDOM), chlorophyll-a pigments, and suspended particulate 
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matter (SPM), all of which contribute to the unique optical properties observed (Kirk, 

1994). CDOM strongly absorbs short wavelength light ranging from 400 nm to 500 nm, 

which often gives the water a characteristic yellow-brown hue. Similarly, chlorophyll-a 

contributes to a greenish colour, especially during bloom conditions (Bricaud et al., 1981). 

These inherent optical properties directly impact Kd, which quantifies the decrease in light 

intensity with depth, governed by absorption and scattering processes within the water 

column  (Gallegos, 2001). Variability in Kd has substantial implications for ecosystem 

processes, including photosynthesis in submerged aquatic vegetation and benthic habitats, 

and is crucial for the management of estuarine resources (Davies-Colley et al., 2003). In 

addition, advancements in remote sensing technology have facilitated the simultaneous 

monitoring of water colour and Kd on larger scales, providing valuable insights into 

ecosystem dynamics, water quality, and the potential impacts of climate change (Binding 

et al., 2008). 

Suspended sediment generally comprises a mix of inorganic particles (ranging in size 

from fine clay and silt to coarser sand), microorganisms, organic materials, and interface 

spaces (pores) that are carried within the water column (Droppo, 2001). These particles 

and organic matter, are fundamental to various ecological, geological, and 

biogeochemical processes within aquatic systems (Syvitski et al., 2005). The presence, 

concentration, and distribution of suspended sediment in water bodies can be influenced 

by many factors including river discharge, wind patterns, tidal action, human activities, 

and catchment land use (Owens et al., 2005). Due to the scattering and absorption 

properties of suspended sediment, it can substantially influence light penetration of the 

water column and thus limit the light availability to coastal primary producers (Kirk, 

1994). Consequently, primary productivity and the larger food web dynamics in aquatic 
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ecosystems are likely to be strongly restricted (Kirk, 1994). Furthermore, these particles 

often function as carriers for pollutants, nutrients, and organic carbon, potentially 

impacting water quality and marine biota (Bianchi, 2011). Therefore, tracking suspended 

sediment concentrations and understanding their dynamics is imperative for managing 

water quality, maintaining ecosystem health, and understanding sediment transport 

processes (Walling, 2006).  

Benthic primary productivity is the production of organic substances by benthic 

photosynthetic producers, predominantly composed of macroalgae, aquatic plants 

(seagrass) and microalgae (Ask et al., 2016). These primary producers play a crucial role 

in energy transfer within aquatic food webs as they can convert inorganic carbon into 

organic matter, which serves as the food source for the majority of benthic fauna 

(Pinckney & Zingmark, 1993). Therefore, benthic primary productivity can indicate the 

general health of coastal vegetation and micro/macroorganisms. In addition to the trophic 

significance, benthic primary productivity can also influence sediment stability, 

biochemical cycling, and optical properties of the surrounding environment (Cahoon, 

2002). For example, the metabolic activities of primary producers can enhance sediment 

oxygenation and modulate nutrient fluxes between particles and water columns (Jensen 

et al., 1993). Given the ecological importance of benthic primary productivity, 

establishing a monitoring system and understanding its fluctuation and distribution are 

becoming vitally important for assessing the health and function of coastal ecosystems 

1.3.1.2 Monitoring techniques 

Methods of monitoring and evaluating estuarine health mainly can be broadly separated 

into two categories: traditional field measurements and remote sensing. Field 
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measurements are usually carried out on a small or moderate scale and provide immediate 

and reliable results relating to classic indicators  (i.e. salinity, clarity, turbidity etc.) at 

specific data collection points (Borkman & Smayda, 1998). For example, in order to 

measure water colour and turbidity, the Forel-Ule scale and Secchi disc are commonly 

used in fieldwork (Wernand & Van der Woerd, 2010; Wernand, 2010). However, the 

spatial limitations of field measurement and the associated costs strongly restrict the 

feasibility of using such methods at scale. 

Compared to traditional methods, changes to estuarine health at scale can be effectively 

evaluated by a number of environmental/ecological indicators and indices derived by 

satellite remote sensing. Therefore, remote sensing has rapidly become the predominant 

technique for large-scale monitoring. After the launch of the first generation of satellites 

like Nimbus-7, equipped with the coastal zone colour scanner (CZCS), a series of water 

quality parameters started to be derived at scale including salinity and ocean temperature 

(Vette, 1991). The sensors equipped on the second generation of water colour scanners 

(e.g. SeaWiFS) possessed better sensitivity, more bands and higher spectral resolution, 

which allowed for a more detailed and accurate analysis of aquatic environments (Bailey 

& Werdell, 2006). Numerous studies emphasized the proficiency of third generation 

satellite platforms, such as Landsat-8 and Sentinel-2, in delineating detailed water quality 

parameters like chlorophyll-a concentration (Kuhn et al., 2019), turbidity (Maciel & 

Pedocchi, 2022) and SSC (Liu et al., 2017) via building empirical or semi-empirical 

relationships with in situ measurements. In addition, the spectral reflectance can also be 

used as a basis for derived indices including, for example, the normalized difference 

vegetation index (NDVI) and the tropical state index (TSI), which can provide general 

insights into vegetation and eutrophication detection (Claverie et al., 2018; Sekertekin, 
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2021). The overarching benefit of satellite remote sensing lies not just in its cost-

efficiency, but also in its ability to provide consistent and comprehensive observations 

across vast aquatic systems including both water and surrounding intertidal vegetation.  

Regardless of the advantages of broad coverage and periodic measurements, monitoring 

estuarine health using satellites still presents specific challenges due to observation 

conditions and errors. One primary limitation is temporal resolution. Many satellites like 

Landsat may not capture the fine-scale dynamics in the small estuarine systems (Petus et 

al., 2014). The long time between revisits of satellites, as well as poor atmospheric 

conditions like extensive cloud cover, can also substantially restrict the detection of swift 

changes in the coastal regions (Mouw et al., 2015). Additionally, the adjacency effect, 

where light from a bright pixel (like sandy shores) spills over to adjacent darker pixels 

(like deep water), can result in misleading interpretations (Zhang et al., 2022).  With a 

mix of terrestrial and marine inputs, the complex and dynamic nature of coastal waters 

further complicates the retrieval algorithms (Mannino et al., 2008). The shallow depths 

in coastal regions can also cause bottom reflection to influence the remote sensing signal, 

making it difficult to differentiate between water column effects and seabed contributions 

(Hedley et al., 2018). These effects can introduce significant errors in the values derived 

from satellite observations. Therefore, additional in situ measurements or numerical 

modelling might be required to validate and rectify these discrepancies. 

With the advance of Artificial Intelligence (AI) in recent years, machine learning models, 

capable of operating in multidimensional spaces and utilizing complex non-linear 

relationships, demonstrate their robustness in addressing various spatial data analysis 

challenges. Artificial neural networks (ANN), support vector machines (SVM) and 

random forest (RF) techniques are widely used to retrieve chlorophyll-a concentration, 
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SSC, turbidity and other water quality indicators (Dehkordi et al., 2021; Kim et al., 2014). 

Another common use of machine learning on satellite data is classification. Due to the 

unique spectral signatures of different landcovers (Talukdar et al., 2020), convolutional 

neural networks (CNN) and RF show their broad utility for detecting objects in the coastal 

environment including seagrass (Ha et al., 2020), algal blooms (Baek et al., 2021) and 

turbid waters (Nazemi Ashani et al., 2023). The results derived from these models usually 

show a high agreement with in situ measurements or ground truth points because most 

machine learning models make use of iterative learning to minimize and maximize the 

error and fit of the models, respectively (Ray, 2019). However, machine learning models 

can be prone to overfitting based on the size of the training data and their parameter 

settings, especially when they have multiple collinear training variables like narrow 

hyperspectral bands (Hafeez, 2022; Rocha et al., 2017). The independent training/testing 

datasets and appropriate input features/variables can help promote the accuracy of the 

machine learning models (Ray, 2019). 

1.3.1.3 New Zealand estuarine health 

The health of New Zealand's estuaries has increasingly been the focus of environmental 

concern. Over recent decades, in line with global trends in estuarine health, many 

domestic estuarine areas have been subjected to degradation primarily due to the 

increased frequency of storms and extreme weather events as well as anthropogenic 

factors (Dudley et al., 2017; Robins et al., 2016; Sheahan et al., 2013; Thrush et al., 2004). 

Based on thirteen-year continuous water quality measurements (from 2003 to 2020), 

about 48% of estuaries in New Zealand have exhibited signs of eutrophication (turning 

green) at some point, which has been attributed to nutrient loading from agricultural 

runoff and wastewater discharge (Fraser et al., 2021; Hume et al., 2010).  
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Locally, the estuarine health of New Zealand is highly dynamic depending on site and 

time. Some studies find that estuaries from the west coast (Raglan & Kaipara) are 

generally less clear and more variable in Kd than those on the east (e.g. Tauranga Harbour 

& Tairua) (Gall et al., 2019). Estuaries including Manukau, Waitemata and Avon-

Heathcote/Ihutai receive additional loading of sediments from industrial or urban 

pollution which strongly impacts the surrounding seagrass beds and benthic communities 

(Dudley et al., 2017). However, the variation patterns within these estuaries are not 

consistent with each other in terms of magnitude and time. Other estuaries in the far north 

like the Hokianga and Rangaunu show much more consistent patterns and vary with 

extreme natural events such as storms and floods (Fraser et al., 2021). Such challenges 

underscore the need for proactive monitoring systems; these estuaries are of great 

importance for biodiversity, Māori cultural values, and the nation's economy (Kettle, 

2021). 

1.3.2 Simulating sediment dynamics and predicting accumulation 

1.3.2.1 Sediment dynamics and accumulation 

Sediment transport and accumulation in estuaries is a complex and dynamic process 

influenced by surrounding discharges, tidal action, vegetation, morphology and salinity 

gradients. The primary source of fine sediment in an estuary is riverine input, which 

brings in loads of suspended and bedload sediment from upstream (Douglas et al., 2009). 

As riverine water velocity decreases as it enters the wider (and sometimes deeper) 

environment of the estuary, the coarser particles (diameter > 63μm) start to deposit while 

finer sediments (silt and clay) remain suspended in the water column (Papenmeier, 2012). 

With the effect of physical forces of attraction and repulsion between particles, the 
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suspended fine sediments start to flocculate when fresh and salt mix (Partheniades, 1962; 

Stone et al., 2021). This process involves the clumping of fine particles into larger 

aggregates (flocs) due to the presence of salts in the water (Manning & Dyer, 2007), 

which neutralize the electrical charges on the particle (Martin et al., 1986). The increased 

size and weight of these flocs result in faster settling and deposition in fringing 

environments such as mangrove and salt marsh wetlands (Manning & Dyer, 2007). The 

vegetation functions as a physical barrier to sediment transport because the stems and 

leaves obstruct the flow and further reduce the water velocity (Krauss et al., 2003). This 

reduction in water speed allows cohesive sediments to settle out and accumulate around 

the plant structures (Krauss et al., 2003). Over time, the accumulated sediments undergo 

consolidation, resulting in reduced volume and heightened density. This process is also 

affected by microorganisms and plant roots, which help stabilize the sediment and prevent 

erosion of the seabed. (Lee et al., 2014; Roskoden et al., 2020). For coastal wetlands, the 

rate of sediment deposition is the major control to counteract the effects of increased 

erosion due to the sea level rise. 

1.3.2.2 Numerical simulation 

Simple modelling approaches have been used to quantify the accumulated sediments in 

the fringing wetlands. Most of these approaches are based on the zero-dimensional mass 

balance equation over each tidal cycle (French, 1993; Krone, 1987). As confirmed by 

point field measurements (Reed et al., 1999), Temmerman et al. (2003) developed an 

empirical model that links sedimentation to increasing elevation, distance to channels and 

marsh edges. Another model based on the advection-dispersion equation,  simplified for 

the study of sediment transport over marsh platforms, suggests that factors like 
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settling/flow velocity and inundation dept are key drivers of how sediment concentration 

attenuates along a line running perpendicular to the marsh edge (Fagherazzi et al., 2012).  

Spatially and temporally-resolved numeric simulation is further developed to understand 

sediment dynamics, quantify sediment accumulation and forecast morphological changes 

in coastal environments. Based on in situ measurements such as surface elevation tables 

(SET) and sediment core analysis (Thomas & Ridd, 2004), popular models including 

Regional Ocean Modelling System (ROMS) and Delft3D are widely used in 

hydrodynamic simulations and shallow flows of coastal areas. However, ROMS and 

Delft3D have different emphases in simulation. ROMS highlights the interaction between 

between cohesive sediments and broader oceanographic processes including currents, 

eddies and thermohaline structures (Sherwood et al., 2018). In contrast, by incorporating 

relevant sediment characteristics (e.g. D50, density, settling velocity), Delft3D focuses 

on the detailed behaviour of SSC in various estuarine and nearshore environments using 

different hydrodynamic conditions (Flow or Wave model) (Roelvink & van Banning, 

1995). Additionally, Delft3D concentrates on the dynamics between various physical 

processes that have a direct impact on sediment transport (Roelvink & van Banning, 

1995), which provides opportunities to solve the impact of coastal vegetation on 

turbulence and estuarine exchange dynamics (Temmerman et al., 2005). 

Other useful tools include the Princeton Ocean Model (POM) (Doglioli et al., 2004) and 

the Shallow Water Hydrodynamic Finite Element Model (SHYFEM) (Umgiesser et al., 

2004). POM  provides precise sediment transport simulation in both deep and shallow 

waters by solving the nonlinear, hydrostatic, primitive equations with time-dependent 

parameters including wind stress, heat flux, free-slip lateral boundary condition and 

quadratic bottom friction (Blumberg & Mellor, 1987). Conversely, SHYFEM addresses 
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the shallow water equations using a semi-implicit algorithm (fully valid for gravity 

waves). The resulting 3-dimensional model computes water level and velocity for each 

numerical domain node, which functions as the basis to estimate rates of sediment erosion 

and deposition (Umgiesser et al., 2004). Each simulation model caters to different aspects 

of sediment research, from Delft3D’s broad range of applications to SHYFEM's 

specialization in shallow waters.  

The recently developed numerical models have significantly advanced in their ability to 

capture the role of vegetation in sediment dynamics and its counteracting role in abating 

escalating coastal erosion. Based on the in situ measurements and numerical simulations,  

several studies have found that vegetation in the fringing environments can promote 

sediment deposition by increasing the erosion threshold of seabed sediments (Chen et al., 

2012) and by providing extra drag force to trap cohesive sediments (Chen et al., 2016). 

Through incorporating the role of mangrove density in Delft-3D models, Horstman et al. 

(2015) have confirmed that tropical shorelines are strongly sensitive to coupled sediment-

vegetation dynamics. The process-based models integrating biophysical feedback 

indicate that marshes can provide resilience to the sea level rise by offsetting accretion 

loss with deposited sediments in sediment-sufficient environments (Kirwan et al., 2016). 

The new vegetation model based on ROMS suggests that seagrass is important for 

sediment resuspension within coastal embayments and the long-term survival of coastal 

wetlands because seagrass can increase the sediment storage budget but reduces the total 

amount of sediments delivered to marsh platforms at high tides (Donatelli et al., 2018). 
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1.4 Thesis structure 

This thesis consists of four scientific chapters in addition to the Introduction (Chapter 1) 

and the General Discussion (Chapter 6). Each scientific chapter in this thesis was intended 

as a self-contained document for submission to a peer-reviewed journal. However, they 

are strongly interconnected and systematically address the overarching theme of the study. 

A detailed description of each chapter follows below.  

In Chapter 2, in order to monitor the water health of Tauranga Harbour in the long term, 

I extracted two water optical parameters, dominant wavelength (a numeric way to 

represent water colour) and diffuse attenuation coefficient (Kd) from satellite images. Due 

to the significant contribution of the seabed to the water reflectance in the optically 

shallow regions, I needed to develop methods to correct the biased reflectance in visible 

bands by using Lyzenga’s algorithm. Empirical relationships between median particle 

size and seabed reflectance were developed during correction. This paper was published 

in Remote Sensing.  

In Chapter 3, in order to monitor the vegetation health of Tauranga Harbour in the long 

term, I developed a machine learning (random forest) model to detect seagrass percentage 

coverage and sandflat distribution (microphytobenthos, MPB) using Sentinel-2 imagery. 

The results were compared to in situ measured seagrass percentage coverage to evaluate 

the performance of the machine learning model. The results derived from machine 

learning were combined with literature-derived P – I curves and the light equation to 

estimate the benthic primary productivity at scale. This paper was published in Science 

of the Total Environment. I am also pleased to note that the detection model is currently 

being used by the Bay of Plenty Council and Tasman District Council to investigate the 

spatiotemporal variation of seagrass areas over the past decades. 
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The derivation of C0 was of great importance in estimating the change in the sediment 

budget of the coast wetland that might accompany sea level rise. Therefore, in Chapter 4, 

the study aimed to determine the possibility of using the combination of satellite images, 

numeric simulation and machine learning to predict the incoming cohesive sediment (C0) 

in a fringing environment (Ōhiwa Harbour). This paper is in preparation, and will likely 

be submitted to Ocean Modelling. 

In Chapter 5, I used the method proposed in Chapter 1 to obtain the dominant wavelength 

and Kd Blue derived from the corrected reflectance at 13 different estuaries across New 

Zealand. I investigated the spatial and temporal patterns of these two indicators and 

attempted to find their correlations with other ecological factors. Additionally, the results 

from 13 sites were classified based on dominant wavelength and Kd Blue using K-Means 

clustering. This paper is in preparation, and will likely be submitted to Estuaries and 

Coasts. 
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Chapter 2  

Extracting Remotely Sensed Water Quality 

Parameters from Shallow Intertidal Estuaries 

 

 

Shao, Z., Bryan, K. R., Lehmann, M. K., & Pilditch, C. A. (2023). Extracting remotely 

sensed water quality parameters from shallow intertidal estuaries. Remote Sensing, 15(1), 

11. 

 

 

The southern entrance of Tauranga Harbour 

(Source: Bay of Plenty Regional Council)  
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Abstract 

Sentinel-2 imagery is potentially ideal for providing a rapid assessment of the ecological 

condition of estuarine water due to its high temporal and spatial resolution and coverage. 

However, for optically shallow waters, the problem of isolating the effect of seabed 

reflectance from the influence of water properties makes it difficult to use the observed 

surface reflectance to monitor water quality. In this study, we adopt a methodology based 

on Lyzenga’s model to estimate water quality properties such as the dominant wavelength 

and diffuse attenuation coefficient (Kd) of shallow estuarine waters. Lyzenga models the 

observed reflectance (R) using four parameters: total water depth (z), sea-bed reflectance 

(Rb), water reflectance (Rw) and Kd. If Rb is known a priori and multiple observations of 

R are available from different total water depths, we show that Lyzenga’s model can be 

used to estimate the values of the remaining two parameters, Kd and Rw. Observations of 

R from different water depths can either be taken from the same image at different 

proximal locations in the estuary (“spatial method”) or from the same pixel observed at 

different tidal stages (“temporal method”), both assuming homogeneous seabed and water 

reflectance properties. Tests in our case study estuary show that Kd and Rw can be 

estimated at water depths less than 6.4 m. We also show that the proximity restriction for 

the reflectance correction with the temporal method limits outcomes to monthly or 

seasonal resolution, and the correction with the spatial method performs best at a spatial 

resolution of 60 m. The Kd extracted from the blue band correlates well with the observed 

Kd for photosynthetically active radiation (PAR) (r2 = 0.66) (although the relationship is 

likely to be estuary-specific). The methodology provides a foundation for future work 

assessing rates of primary production in shallow estuaries on large scales. 
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2.1 Introduction 

Human effects on estuarine water quality include increased levels of nutrients and 

suspended solids and reduced light penetration, all with ecological flow-on effects 

(Tallam & White, 2023). The optical properties of estuarine water determine light 

availability and can control both submerged benthic and pelagic primary production by 

shortening the depth of the photic zone in turbid water (Gattuso et al., 2006). It can also 

alter vertical heat stratification, influencing nutrient availability and the photosynthetic 

activity of aquatic plants (Chiarelli et al., 2019; Gattuso et al., 2006). The impacts of 

reduced microphytobenthos (MPB) and macrophyte (e.g., seagrass) productivity are 

diminished food supply and nursery habitat, as well as changes to ecological interaction 

networks, which may trigger tipping points in ecological states and contribute to 

eutrophication cycles (Mangan et al., 2020; Rodriguez et al., 2021; Sundback & Miles 

2002; Thrush et al., 2021). Considering the relationship between MPB/seagrass and their 

surrounding aquatic environment, there is a clear need to monitor the optical properties 

and turbidity levels of estuarine water at scale to inform sound management practices that 

will prevent potential habitat loss. 

To monitor water optical properties at large temporal and spatial scales, remote sensing 

is widely used to assess water column turbidity, coloured dissolved organic (CDOM) and 

chlorophyll-a (chl-a) concentrations by building empirical or semi-empirical regression 

models between remotely sensed colour bands and in situ data (Brezonik et al., 2019; 

Kamerosky et al., 2015). Recent work has also used water colour evaluated by dominant 

wavelength as an intuitive way of monitoring water quality (e.g., Lehmann et al., 2018) 

since it can reflect the water colour as perceived by the human eye in a numerical way. 

Woerd and Wernand (2015) proposed empirical algorithms to estimate the hue (the 
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dominant wavelength) and intensity of light using a weighted linear sum of remote 

sensing reflectance blue, green and red bands, which made it possible to transform 

satellite signals into colour science data (Wyszecki & Stiles, 1982). These algorithms 

have been extended to other sensors deployed on Landsat and Sentinel-2 (Woerd & 

Wernand, 2018). However, there are few studies using satellite-derived watercolour as a 

compound indicator of water quality in shallow coastal waters due to the difficulty of 

obtaining true water reflectance. 

The accuracy of using remotely sensed observations for water quality and water colour 

monitoring depends on the methods of obtaining the true remote sensing reflectance from 

observations. In optically shallow water, the seafloor contributes significantly to the 

water-leaving signals because photons reflected by the seabed contribute to the measured 

radiance (Kanno et al., 2013; McKinna et al., 2018). This reflected radiance is a function 

of the seabed properties (e.g., presence of vegetation, grain size) and causes biases (i.e., 

a non-water column signal) in remote sensors from which estimates of water quality are 

derived. Internally reflected light can be ignored because it is not the dominant source of 

additional upwelling radiance (Lyzenga, 1981). Seabed reflectance can be removed in 

intertidal regions if the bottom types are known, and light is assumed to attenuate 

exponentially with depth during submergence (Palandro et al., 2004). The seabed 

reflectance in visible bands can be estimated by the particle size when the sediments are 

exposed (Sadeghi et al., 2018). Based on Lyzenga’s theories, Maritorena et al. (1994) 

proposed an equation to demonstrate the relationship between observed reflectance, 

bottom reflectance and deep-water reflectance, in which the bottom is assumed to be a 

Lambertian object: 

𝑅 = (𝑅𝑏 − 𝑅𝑤)𝑒−2𝐾𝑑𝑧 + 𝑅𝑤  (1) 
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where R is the reflectance of a visible band observed by sensors just above the water 

surface (spectral dependency is omitted for simplicity of notation); Rb is seabed 

reflectance; Rw is water reflectance at infinite depth; z is water depth and Kd is (the band-

specific) diffuse attenuation coefficient. The spectral analysis software Hydrolight 

provides several theoretical bed reflectance characteristic models, which can be used in 

addition to in situ water quality measurements and Lyzenga’s model to 

extract Kd and Rw from imagery (Mobley & Sundman, 2022). Recent extensions to the 

Hydrolight capability include wind speed and zenith angle in methods to estimate the true 

water surface reflectance (Albert & Mobley, 2003). 

The primary objective of this study was to develop a methodology based only on 

Lyzenga’s model (without the need for in situ water quality measurements) to remove the 

seabed reflectance and isolate the water reflectance and diffuse attenuation coefficient for 

optically shallow estuarine water. The corrected water reflectance could then be used to 

extract true watercolour (dominant wavelength) and to evaluate the relevance of this 

information (as well as Kd) to monitoring the estuarine ecological state. We also show 

how an established regression between the median sediment particle size and reflectance 

could be used to extend the corrections to shallow subtidal waters. 

2.2 Materials and methods 

2.2.1 Study area and required data 

The study was conducted in Tauranga Harbour (37°39′S, 176°11′E, New Zealand), 

including its many sub-estuaries (Figure 2.1a). The harbour is large (242 km2), 

predominantly shallow (60% intertidal), with a semi-diurnal spring and neap tidal range 
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of 1.62 m and 1.24 m, respectively (Tay et al., 2011). Seagrass (Zostera muelleri) only 

occurs in the intertidal regions (22.5% of the emerged area), with the remaining seafloor 

consisting of unconsolidated soft sediments. The seagrass biomass has a seasonal 

fluctuation where it gradually decreases in winter and reaches a minimum value in early 

spring (Ha et al., 2020). Fine sediment accumulates in the upper reaches of the estuary, 

and the main freshwater source of sediment is the Wairoa River (Hume et al., 2022). 

Therefore, these two factors have long-term and seasonal effects on water colour 

signatures and influence seabed characteristics. 

This study used the Sentinel-2 Level-2A data product downloaded from the European 

Space Agency. In this product, satellite-measured top-of-atmosphere radiances have been 

corrected for atmospheric effects to yield surface reflectance. We used the bands (blue, 

green and red) at their native 10m pixel resolution. Fifty-one Level-2A images with cloud 

coverage less than 5% were selected for the Tauranga Harbour region. These images were 

divided into the northern and southern harbour at the natural sand barrier (dashed white 

line, Figure 2.1) to compare the difference in water optical quality between basins. 

Water depth at each pixel at the time of data acquisition was derived from a merged 

elevation-bathymetry map and tide levels. The merged map was created by combining a 

digital elevation model (collected by airborne light detection and ranging (LiDAR)) of 

the intertidal regions with subtidal bathymetric data (single and multi-beam) assembled 

by the Port of Tauranga. The bathymetry has an accuracy of ±0.13 m (Stewart, 2021). 

Sediment grain size observations (Figure 2.1) were made into a spatial map with inverse 

distance weighting by Rullens et al. (2021) (Figure 2.1b–d). Photosynthetically-active 

radiation (PAR) measurements used in Flowers et al. (2023) were also collected at the 

sites shown in Figure 1a. 
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Figure 2. 1 Optically deep-water regions (where no corrections were needed) and in situ 

measurement (sediment and PAR) locations in Tauranga Harbour. (a) The in situ sediment data 

in the intertidal (for regression) and subtidal (for extrapolation) were provided by Clark et al. 

(2018) and Ellis et al. (2017), respectively (see Methods). The PAR data were provided by 

Flowers et al. (2023). The location of the spatial transect shown in the figure in Section 2.2.2.1 

is marked with a black circle. The black dashed line is the natural barrier that isolates Tauranga 

Harbour into the northern and southern harbours. The selected transect was close to the northern 

entrance of the harbour. (b–d) Maps of sediment content percentages (gravel, sand and mud) 

from Rullens et al. (2021). The background image is from Sentinel-2. 

2.2.2 Methods 

Equation 1 shows that the reflectance measured at the water surface contains a 

contribution of Rb, which depends on Kd and z. To solve Equation 1, Rw, Rb and Kd must 

be approximated. For Rb, we either measured it directly when the sediments were exposed 

at low tide (intermittently exposed, Figure 2.2), or we used the relationship 

between Rb and particle size to infer Rb in permanently inundated regions (Figure 2.2) 
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(details in Section 2.2.2.1). With Rb constrained, we then optimised Equation (1) using 

observed reflectance collected over multiple water depths, assuming that Rb, Rw, 

and Kd are constants over these water depths (detail in Section 2.2.2.2). In the deep 

channels, z was large enough relative to Kd that R~Rw (deep water in Figure 2.2). 

 

Figure 2. 2 Flow diagram showing how pixels are treated with respect to extracting the bottom 

and water reflectance, depending on whether they are permanently, temporally or never 

exposed. 

The spectral information of intertidal vegetation (generally seagrass) in the harbour is 

different from the soft sediments, which change Rb. Intertidal areas where seagrass is 

abundant can be mapped using a supervised classification scheme tested by Ha et al. 

(2020). For simplicity, here we exclude these areas and use non-seagrass regions to 

extract Rw and Kd. However, seagrass areas could also be used by measuring the Rb of 

these regions while exposed (Tauranga Harbour has almost no subtidal seagrass). 
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2.2.2.1 Estimation of seabed reflectance 

Our method for estimating Rb depended on whether the region was inundated, and so each 

pixel in the Tauranga Harbour image collection was classified in a simple way: exposed, 

intermittently inundated and perpetually inundated (Figure 2.2). Pixels were classified as 

exposed or inundated using the normalised deviation water index (NDWI) calculated with 

Band 3 (Green) and Band 8 (NIR) from the Sentinel-2 data (McFeeters, 1996). The 

variation of the NDWI has been shown to be good for the detection of waterbodies or 

changes in water level, using 0.3 as a threshold (McFeeters, 2013). 

NDWI =
𝑅(𝐺𝑟𝑒𝑒𝑛) − 𝑅(𝑁𝐼𝑅)

𝑅(𝐺𝑟𝑒𝑒𝑛) + 𝑅(𝑁𝐼𝑅)
(2) 

For the intermittently exposed sediments, Rb could be derived from images taken at low 

tide. The curve in Figure 3.3a shows a synthetic example of R calculated using Equation 

1 as a function of water depth ranging from 0 m (exposed) to 1.2 m (inundated). In the 

exposed region, the depth was set to zero and the reflectance was constant (the red 

rectangle in Figure 3.3a), and in the inundated region, the reflectance decreased 

exponentially to deep water, with the rate of decay dependent on Kd. Note that each visible 

band (blue, green and red) has a different decay rate and a different Rb. The observed 

reflectance confirmed the expected theoretical trend (examples shown in Figure 2.3b); 

the reflectance of the exposed pixels varied only slightly due to minor changes in the bed 

substrate, and R decreased asymptotically with water depth. 
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Figure 2. 3 (a) The theoretical dependence of R on water depth according to Equation (1). In this 

example, Kd was set to 0.5 m−1, Rb was 0.11, Rw was 0.028, and the inundated region was at a 

water depth greater than 0 m. (b) Examples of the observed reflectance from the transect shown 

in Figure 2.1 in Band 2 (blue) plotted against seabed elevation for two different tides (in which 

the tidal elevation is 0.41 m and 0.36 m below mean sea level). 

For the perpetually inundated regions, Rb needs to be estimated to correct R (Figure 2. 2) 

because it is not possible to obtain direct observations of Rb. To do this, we trialled three 

relationships (linear, logarithmic and exponential) between the in situ measured median 

particle size (d) and the reflectance of exposed pixels in each visible band (following 

Sadeghi et al., 2018), which we then applied to predict Rb using grain size maps for 

subtidal regions. Although Rb may depend on mineralogical composition as well as 

particle size, in Tauranga Harbour, the sediments in deeper water are from the same 

source as those in shallow water, which should restrict the variations in grain composition. 

The in situ median particle size data (115 samples) were derived from an ecological 
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survey of Tauranga Harbour (Ellis et al., 2017) and monthly measurements collected by 

the Bay of Plenty Regional Council in the intertidal regions (Figure 2.1a). Combined with 

45 samples from subtidal regions collected by Clark et al. (2018), Rullens et al. (2021) 

used these in situ data to create sediment texture maps by using inverse distance weighting 

interpolation (Figure 2.1b–d). These sediment texture maps were resampled from 100 m 

to 10 m (Figure 2.1b–d) and were used to estimate the median particle size of each pixel 

in the perpetually inundated regions. In summary, spatial maps of Rb were constructed 

using direct measurements of seabed reflectance in regions that were exposed at low tide 

and using inferred values in subtidal regions (inferred using the intertidal relationships 

between median particle size and reflectance (Figure 2.2)). 

2.2.2.2 Calculation of Rw and Kd 

Having established a protocol to determine Rb across the range of elevations in the 

harbour, the next step was to solve the optimization problem and extract an estimate 

of Rw from an observed signal R using Equation 3 (Equation 1 rearranged). A numerical 

search algorithm was applied to seek the value of Rw that minimised the variance (V) and 

trend (S) in Kd(i) over a range of depths zi (assuming that the water properties are 

homogeneous across these pixels and any systematic differences in Kd at different depths 

were caused by the incorrect choice of Rw). 

𝐾𝑑(𝑖)(𝜆) =
1

2𝑧𝑖
ln (

𝑅𝑏(𝜆) − 𝑅𝑤(𝜆)

𝑅𝑖(𝜆) − 𝑅𝑤(𝜆)
) (3) 

where Ri is the reflectance at pixel i with water depth zi in band λ. To be assumed to be 

homogeneous, the pixels needed to be in close proximity. From here on, we drop the 

notation λ for clarity, but all analyses were performed separately for each visible band. 
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Given those proximal pixels (either in space or time) would have different depths in a 

shallow estuary, either because the depth changed gently over the intertidal region (spatial 

changes) or because the tide changed through time (temporal changes), the requirement 

of evaluating Equation 3 at multiple water depths to solve the optimization problem could 

be satisfied. An example of how S (the slope) and V (the variance) of Kd(i) changed over 

water depth was provided in Figure 2.4, where each line represented a different “guess” 

of the value of Rw. The correct Rw in this example was 0.031 because it provided the 

same Kd at all depths while minimising V. Once Rw is known, the corresponding Kd value 

can also be calculated by using Equation 3. 

 

Figure 2. 4 (a) The relationship between Kd (Equation 3) and z, where each line corresponds to 

a different estimate of Rw (shown by the colour scale). The depths associated with areas that are 

exposed or covered by both sediments and vegetation are excluded. (b,c) are respectively the 

trend (S) and variance (V) of each line plotted in (a). S and V are evaluated over the same range 

of pixels as shown in (a) and clearly show a defined minimum corresponding to the true value 

of Rw (0.031 in this example). 
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Proximal pixels with varying water depths could either be selected from a single image 

where the water depth varied spatially due to the gently sloping intertidal bathymetry or 

could be selected from a series of images collected at the same location but at different 

tides. Hereafter, we called these two approaches the “spatial method” Rws and “temporal 

method” Rwt, respectively. In the first case, Rws retained the original temporal resolution, 

but the spatial resolution was reduced. To retain cross-shore resolution across the 

intertidal, we implemented the spatial method using square tiles of pixels with different 

water depths rather than transects. Therefore, the size of the tiles determined the spatial 

resolution of Rws. In the second case (Rwt, reflectance corrected by the temporal method), 

the spatial resolution was the same as the original images (10 m), but the temporal 

resolution was sacrificed depending on the time period over which the images were 

selected and associated with different tides. 

In order for the methods to work, the underlying water properties and bed properties 

should be uniform over the region of proximal pixels. Therefore, we conducted an 

unsupervised classificating using maximum likelihood on visible and NIR bands to 

precisely identify the zones where land cover variations were significant, which reauired 

additional additional manual check. This manual check could avoid areas where seagrass 

and sediment varies substantially or where seagrass and bare sediment occurred together 

within the same tile. Considering the spectral information of seabed coverage did not vary 

substantially over short time frames, we expect variation in vegetation (seagrass) will not 

have a significant effect on the temporal method. 
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2.2.2.3  Assessing the optimal resolution to use in spatial and temporal corrections 

There is a trade-off between the number of pixels that are used to evaluate Rw and the 

requirements for homogeneity. More input data should allow Equation 3 to be optimised 

with greater confidence but may increase the possibility of non-uniform reflectance, in 

which case it is difficult to detect a minimum in the variance and slope of Equation 3. In 

total, we tested the spatial method with tile sizes of 40, 60, 80 and 100 m and the temporal 

method with images from the same month, season and year. Where values were missing 

due to the algorithm not finding a minimum within a likely range, nearest neighbour 

interpolation was used to fill gaps in the maps. We assumed that the variation caused by 

errors in the method should be reduced across the region when the optimal resolution is 

used for processing. The resolution should maximise the information used to calculate 

the correction at each location but should still be smaller than large-scale changes in the 

environment (such as seasonal changes to estuarine characteristics caused by, e.g., 

changes to seagrass areas, and spatial changes to estuarine characteristics, such as those 

caused by, e.g., changes to sediment grain sizes). The standard deviation (STD) of 

corrected reflectance (Rw) in each visible region (using either the spatial or temporal 

method) from shallow water regions was used as a measure to evaluate the model. In 

addition, a successful correction should return small missing value rates (n), where the 

missing value rate is the percentage of pixels where Equation 3 could not be solved (where 

no minima are found). Therefore, STD and n were assessed to evaluate the best temporal 

and spatial resolution. 

2.2.2.4 Validating Kd 

Due to the difficulty of obtaining direct measurements of Kd at a specific wavelength, we 

instead used the in situ measured PAR values (Ed) (Flowers et al., 2023) at the same 
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locations but at two different water depths (z) to calculate the Kd PAR using Equation 4. 

The in situ measured PAR values were collected using light loggers at 8 sampling sites 

across the Harbour (Figure 2 .1) from February to March in 2020. We then compared 

the Kd values in visible bands to Kd PAR  to verify the model for ecological use in shallow 

water regions. 

𝐾𝑑 𝑃𝐴𝑅  =  
1

𝑧2 − 𝑧1
𝑙𝑛 [𝐸𝑑(𝑧2)/𝐸𝑑(𝑧1)]), (4) 

where Ed is downward irradiance over the wavelengths of PAR. 

2.2.2.5 Calculation of dominant wavelength using Rw 

The dominant wavelength, which reflects the natural colour of objects, is the wavelength 

of pure spectral colour derived as the intersection of the line joining the white point to the 

point of interest (in the form of chromaticity coordinate pairs (CIE x, CIE y)) at the border 

of the Commission Internationale de l’Eclairage (CIE) horseshoe chart (Wyszecki & 

Stiles, 1982) shown in Figure 2.5. 
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Figure 2. 5 CIE horseshoe chart showing the location of the white point, the point of interest 

(orange circle) and the associated dominant wavelength. The distance between the white point 

and the point of interest corresponds to the intensity. 

The chromaticity coordinates (CIE x, CIE y) are calculated by normalising tristimulus 

values (X, Y, Z) (Equations 5 & 6), which can be obtained by using the multiple linear 

regression relationships developed in Woerd & Wernand (2015) (Equations 7–9). The 

chromaticity coordinates provide a measure of watercolour from the reflectance of blue, 

green and red bands (separately corrected for the effect of the seabed). 

𝑥 =
𝑋

𝑋 + 𝑌 + 𝑍
(6) 
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𝑦 =
𝑌

𝑋 + 𝑌 + 𝑍
(7) 

X =  6.423𝑅𝑤(Blue) +  53.696𝑅𝑤(Green) +  32.028𝑅𝑤(Red) (8)  

Y = 22.289𝑅𝑤(Blue) + 65.702𝑅𝑤(Green) + 16.808𝑅𝑤(Red)   (9)  

 Z = 31.101𝑅𝑤(Blue) + 1.778 𝑅𝑤(Green) + 0.015𝑅𝑤(Red)       (10)  

2.3 Results 

2.3.1 Estimation of Rb in shallow water 

For the exposed regions, Rb was measured directly, but in permanently inundated 

regions, Rb was inferred. One hundred and sixteen in situ samples were used to develop 

a regression fit between exposed reflectance Rb and seabed particle size (21 samples were 

excluded due to the presence of seagrass and other vegetation or because the pixel at that 

location was inundated at the time that the reflectance image was collected). Of the three 

regression models trailed, the logarithmic regression provided the relationship with the 

highest r2 values (Table 2.1), explaining between 5% and 11% more variation than other 

models. 

Table 2. 1 The r2 values and coefficients of the logarithmic regression (𝑅𝑏=𝑎1log(𝑑)+𝑎2 for the 

blue, green and red bands from 2018 to 2020 (p < 0.05), where d is the median particle size (μm). 

Year Band a1 a2 r2  

2018 Blue -0.008 0.107 0.61 

 Green -0.010 0.120 0.66 

 Red -0.006 0.105 0.45 
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2019 Blue -0.008 0.102 0.64 

 Green -0.007 0.112 0.53 

 Red -0.007 0.107 0.55 

2020 Blue -0.006 0.090 0.72 

 Green -0.008 0.119 0.61 

 Red -0.006 0.102 0.56 

The seabed optical properties did not change greatly over three years, as indicated by the 

small changes in the standard deviation of reflectance in each band as well as minor inter-

annual variation in the fitting coefficients (Table 2.1 and Figure 2.6). These regression 

relationships were applied to estimate Rb in the perpetually inundated regions (i.e., 

where Rb could not be observed directly). A spatially resolved example of Rb is shown 

in Figure 2.7. The Rb values in the visible bands remain similar in the perpetually 

inundated regions (where the grainsize is similar) and reach lower values (particularly in 

the red band) in the middle, intertidal regions of the harbour where seagrass is the 

dominant vegetation. 
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Figure 2. 6 Scatterplots for Rb regressions in each visible band for 2018 (a–c), 2019 (d–f) and 

2020 (g–i). 

 

Figure 2. 7 Maps of (a) median particle size derived from the sediment texture maps in Figure 

2.1 b–d using the cumulative curve and the estimated Rb (from empirical relationships) in the (b) 

blue, (c) green and (d) red bands. 
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2.3.2 Correcting reflectance and assessing the optimal resolution 

2.3.2.1 Correction with the temporal method 

In the case of the temporal method (Rwt), four, nine and sixteen Sentinel-2 images taken 

at low tides with low cloud coverage were selected to be used in the monthly (February 

2019), seasonal (Summer 2018–2019) and annual (2019) corrections, respectively. Using 

only a month’s worth of images meant that conditions varied less, but there were fewer 

degrees of freedom used to estimate reflectance. Nevertheless, extraction using the 

monthly and seasonal corrections had a greater success rate with a lower standard 

deviation (STD) in the optimal values of Rwt (Figure 2.8) and n (Table 2.2). The annually 

resolved correction performed the worst, with more than 50% of pixels returning missing 

values in each visible band and a high value of averaged STD after using temporal 

methods. Therefore, we selected monthly-resolved Rwt to calculate the dominant 

wavelength and Kd of shallow water in Tauranga Harbour. 

Table 2. 2 The STD and n of the Rwt in visible bands after monthly, seasonal and annual 

correction, respectively. 

Band Evaluator Monthly Seasonally Annually 

Blue 
STD 

n 

0.012 0.011 0.012 

17.98% 35.62% 54.06% 

Green 
STD 0.011 0.010 0.013 

n 16.28% 27.21% 50.18% 

Red 
STD 0.007 0.006 0.008 

n 15.15% 34.61% 52.69% 
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Figure 2. 8 Maps of averaged reflectance of blue, green and red from the selected four images in inundated regions before (a–c) and after (d–f) correction 

using the temporal method (applied monthly). The reflectance before the correction was averaged over four images in February 2019, so it could be 

better compared to the corrected maps, which are based on four images collected at different water depths. Reflectance in emerged (exposed sediment) 

regions and optically deep channels did not need correction, which are marked in grey and yellow, respectively. The missing values due to nonuniform 

input data are marked in white. 
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Correcting for seabed reflectance using the temporal method changed the signals 

substantially in most regions, removing the patterns in R caused by the effect of Rb (the 

uncorrected images showed patterns associated with underwater channels (Figure 2.8)). 

Although in regions of large spatial variations (such as near the interface of sediment and 

water), the method was less effective, some original signatures of the seabed were still 

evident. The corrected Rwt in shallow water was reduced to a similar range as that of the 

deep channels (Figure 2.8), where no correction is needed, which also contributed to a 

reduction in STD. Sometimes large seagrass meadows in shallow water made it difficult 

to obtain Rwt because Rb varied too much. The pixels that were difficult to correct (where 

a solution to Equation 3 could not be found) were either close to a deep channel or 

surrounding irregular seabed features (missing values in Figure 2.8). 

The dominant wavelength of shallow water decreased by ~20 nm after correction using 

the temporal (applied monthly) method, from yellow (reflecting the influence of the 

generally sandy bed) to a greener colour (compare Figure 2.9b&c). The corrected colour 

of shallow water was close to that of deeper channels near the entrance, where the bottom 

was assumed not to contribute to water reflectance (Figure 2.9d). The exposed sediments 

had fairly homogeneous optical properties with a dominant wavelength of ~570 nm 

(Figure 2.9a). 
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Figure 2. 9 The dominant wavelength of exposed sediments (a) and underwater regions before (b) 

and after correction with the temporal method (applied monthly) in January 2019 (c,d). (a) The 

colour of exposed sediments not needing correction (the area of which varies with tidal state). (b) 

The monthly averaged dominant wavelength of the shallow and deep water prior to any correction. 

(c) The colour after correction of the optically shallow regions (deep water pixels are not 

corrected, Rw~R), where the colour scale (right) reflects the true dominant wavelength. (d) The 

same data as in (c), only with a different colour scale for readability (scale at the bottom). 

Consistent with Figure 2.8, the exposed regions and missing values are marked in grey and white, 

respectively. 

2.3.2.2 Correction with the spatial method 

The spatial method (Rws) decreased the original spatial resolution (10 m) depending on 

the size of the tile used to fit Equation (3). We tested the optimal number of pixels to use 
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in fitting the Sentinel-2 image on 5 February 2019 at high tide. The optimum resolution 

of the spatial method was 60 m, where the STD of corrected reflectance was also minimal 

relative to other resolutions with a low missing data rate (Table 2.3). The 40-m or 80-m 

resolved corrections provide similar results and are useable when a higher or lower 

resolution of data is needed, respectively. The 100-m resolved correction was poorer, 

with n of 21.89%, 23.54% and 21.29% in each visible band (Table 2.3). Therefore, in this 

study, we used a 60-m resolved correction to remove the seabed reflectance and calculate 

the dominant wavelength and Kd. 

Table 2. 3 The STD and n of the Rws in visible bands using four different tile sizes with spatial 

method (40, 60, 80 and 100 m), respectively. 

Band Evaluator 40 m 60 m 80 m 100 m 

Blue 
STD 0.012 0.008 0.012 0.011 

n 16.35% 19.67% 20.18% 21.89% 

Green 
STD 0.014 0.013 0.011 0.012 

n 15.72% 17.31% 18.65% 23.54% 

Red 
STD 0.010 0.009 0.011 0.010 

n 17.19% 18.85% 20.72% 21.29% 

Although the spatial method generally showed good performance in shallow water, the 

results might be missing or biased in the regions where the input reflectance of the seabed 

varies substantially. These regions included the interfaces between exposed sediments 

and shallow water, between shallow water and deep water and between vegetation and 

sediments or water. In shallow water, the corrected reflectance in each band was 

significantly reduced, by 13% (blue), 25% (green) and 23% (red), relative to the 

uncorrected one (Figure 2.10). 
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Figure 2. 10 Maps of blue, green and red band reflectance in inundated regions before (a–c) and after (d–f) correction using the spatial method (with a 

60-m tile size). The reflectance before correction was derived from the Sentinel-2 image on 5 February 2019 at high tide. Reflectance in emerged (exposed 

sediment) regions and optically deep channels did not need correction, which are marked in grey and yellow, respectively. The missing values due to 

nonuniform input data are marked in white. 
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The area of the exposed seabed (reflectance values not needing correction) was small in 

this example (compared to Figure 2.9) because high tide covered the sediments (Figure 

2.11a). The colour of shallow water regions after correction was significantly different 

from that before correction. In the uncorrected image (Figure 2.11b), the seabed 

morphology was clearly evident, with the shallow regions differentiated from the green 

channels; these patterns disappeared after correction (Figure 2.11c). When the corrected 

image was replotted using a finer resolution colour scale (Figure 2.11d), the intersection 

between channels and shallow water regions might show a slightly erroneously high value 

of the dominant wavelength. This might result from a drop in the number of uniform data 

points used in the processing to estimate the true water reflectance. The deep channel was 

not substantially affected by the seabed reflectance, and so it did not need correction 

(Figure 2.11d). 
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Figure 2. 11 The dominant wavelength of sediments and underwater regions, corrected using the 

spatial method (with a 60-m tile size) in Tauranga Harbour on 5 February 2019 (a case with a 

high tide). (a) The colour of exposed sediments along the coastline and mangroves in the middle 

harbour. (b) The dominant wavelength of shallow and deep water regions before correction. (c) 

The colour of shallow water regions after correction with the scale of the true dominant 

wavelength (Rw~R in the deep channels). (d) The colour of the water regions after correction with 

a different colour scale for readability. Consistent with Figure 2.10, the exposed regions and 

missing values are marked in grey and white, respectively. 

The effect of our bottom correction on dominant wavelengths can be visualised using chromaticity 

coordinate plots (Figure 2.12). The spatial and temporal methods showed consistent results, 

comparing the dominant wavelength before and after correction. The dominant wavelength 

ranged between 520 nm and 578 nm and between 540 and 580 nm for uncorrected data, and from 

521 nm to 574 nm and from 572 nm to 540 nm after correction with the temporal and spatial 

methods, respectively (Figure 2.12). The scatter using the spatial method declined partially 

because the spatial method decreased the spatial resolution (Figure 2.12a), while results from the 

temporal method were not affected in the same way (Figure 2.12b). In both plots, some points 
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collected in shallow water with a dominant wavelength over 570 nm before correction likely 

showed the effect of seabed reflectance on the true water reflectance, considering their colour was 

almost the same as exposed sediments. There were clusters of points at the dominant wavelength 

of 560 nm~570 nm before correction. After correction using both methods, the dominant 

wavelength of these pixels returned toward the greener region (<565 nm) and the majority of 

pixels from shallow water cluster around the dominant wavelength of between 540 and 560 nm. 

The lower limit of watercolour before and after correction is close because seabed reflectance did 

not need correcting in deeper channels (520 nm~540 nm). Some pixels from the shallow water 

region showed a similar colour to the deep water after correction, which meant the seabed 

reflectance was effectively removed. 

 

Figure 2. 12 The chromaticity coordinates of reflectance at each inundated pixel (shallow water 

and deep water) for Tauranga Harbour before (black) and after (blue) correction using the 

temporal (monthly) (a,b) spatial method (60 m) has been applied. The selected Sentinel-2 image(s) 

were the same set as used in Figure 2. 9 and Figure 2.11. 

2.3.2  The diffuse attenuation coefficient (Kd) 

The Kd values derived after the application of both spatial and temporal correction 

methods to the visible bands shared similar features. Here we show Kd (Blue) as an 

example (Figure 2.13). The missing values mainly came from pixels in the deep channels 
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(it was only possible to estimate Kd where the seabed can be detected, Equation 1) and 

exposed sediments. Kd (Blue) usually had a minimum value (~0.12) in the pixels close to 

the deep channels, which reflected the probability that turbidity would be low and clarity 

high in areas that were more flushed with open ocean water. Conversely, the Kd (Blue) 

tended to be higher at the margins of shallow water and exposed sediments. These regions 

were usually close to the surrounding sub estuaries and river mouths, where sediment was 

stirred into the water column by wave action, or delivered to the estuary by the river. 

 

Figure 2. 13 Estimated Kd (Blue) based on the temporal method (applied monthly) (a) and the 

spatial method (with a 60-m tile size). (b) The images selected corresponding to Figure 2.8 and 

Figure 2.10, respectively. The exact number of images used for each pixel in the temporally 

corrected map varied due to tidal conditions. (c) The averaged Kd values (±standard deviation) 

for each visible band derived from shallow water regions after correction in the northern harbour 

(black) and southern (grey) harbour. 

In order to assess the ecological relevance of the satellite-derived Kd, Kd in each visible 

band was then compared to the in situ measured Kd PAR  (the measurement location is 

shown in Figure 2.1). Although the correlation between Kd from each visible band and Kd 

PAR is usually estuary-specific, depending on turbidity/chl-a concentrations, the fairly high 

correlation (Figure 2.14) between the in situ Kd PAR and Kd (Blue) might indicate 
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that Kd (Blue) could be used as a proxy for Kd PAR for routine ecological monitoring over 

large regions. 

 

Figure 2. 14 The correlations between Kd (Blue) (a), Kd (Green) (b), Kd (Red) (c) derived from 

the spatial method (tile size: 60 m) and Kd PAR with the r2 values of 0.66, 0.23 and 0.47, 

respectively (p < 0.05). Kd PAR was measured in situ (Flowers et al., 2023) on 26 February and 12 

March 2020, coinciding with a Sentinel-2 overpass. 

2.3.4 Monthly variations in watercolour and Kd 

Monthly variations of shallow and deep reflected water colour over a three-year period 

showed an apparent seasonal fluctuation, whereas, by comparison, the exposed sediments 

had near-stable optical properties using a combination of the temporal (monthly) and 

spatial method (60 m) (when image number was fewer than four per month, we used the 

spatial method instead and averaged the results for that month) (Figure 2.15a & b). The 

dominant wavelength decreased to a minimum in winter and returned to the maximum in 

summer, which meant that the watercolour became greener in summer than in winter (the 

colour scale on the left of Figure 2.15a,b reflected true colour). The southern Harbour had 

a slightly greener water colour in shallow and deep water regions (Figure 2.15b), but the 

overall water colour in Tauranga Harbour was still stable from 2018 to 2020. 
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We found that diffuse attenuation was mainly affected by location, suggesting that tidally 

driven variation in light-attenuating material was small relative to tidal conditions. Kd of 

the southern harbour was higher in the blue, green and red bands than that of the northern 

harbour (Figure 2.13c), meaning a generally lower-light state. The red and green bands 

of both harbours had the largest and smallest values of Kd, respectively. The Kd in the 

band red also had the greatest standard deviation in both harbours. The seasonal 

fluctuation of Kd (Blue) was small, but the values tended to increase in spring and autumn 

(Figure 2.15c). The tide conditions seemed to have a weak effect on Kd. The Kd value of 

ebbing water tended to be higher than that of flooding water (Figure 2.15d). 
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Figure 2. 15 The dominant wavelength of deep water, shallow water and exposed sediments in Tauranga Harbour from 2018 to 2020 using the temporal 

method (applied monthly), with the spatial method used when there were fewer than four images available in a month (with a tile size of 60 m). (b) 

Histograms of the annually averaged dominant wavelength of deep water, shallow water and exposed sediments from 2018 to 2020 in the northern and 

southern harbours. (c) The monthly-resolved Kd (Blue) of shallow water from 2018 to 2020, separated by ebbing/flooding (brown/blue) conditions in 

Tauranga Harbour. (d) Histograms of the annually averaged Kd Blue measured during ebbing/flooding tides (brown/blue). All panels: Missing values 

indicate the unavailability of low cloud coverage Sentinel—two images for those months. 
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2.4 Discussion 

In this study, we developed a new application of Lyzenga’s model to provide detailed 

measurements of watercolour and Kd from satellite reflectance measurements of shallow 

intertidal estuaries by removing the effect of seabed reflectance. The fraction of reflectance 

accounted for as the bottom signal by our method was the greatest in shallow water and 

decreased with water depth in a manner consistent with the law of exponential light attenuation 

in water (Figure 2.16). Note that the error depends on Kd (high Kd weakens the signal from the 

bottom at the surface), and the example shown here is for our case study. Compared to 

traditional geostatistical methods for creating maps of water quality (e.g., inverse distance 

weight interpolation applied to in situ measurements, which are more suitable when water 

quality does not vary spatially substantially), this application can provide a more accurate 

representation of a large region by accounting for substantial spatial variations in water quality. 

Therefore, the ecological information provided by this new measurement is useful in these 

settings to underpin management actions such as setting loading limits for estuaries and 

monitoring the general health of waters. 

 

Figure 2. 16 The ratio of the dominant wavelength of water after (λa) and before (λb) correction with 

the spatial method (with a 60-m tile size) against water depth from three locations. At depths > 6.4 m 

(purple dashed line), the dominant wavelength did not need correction. 
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We propose that water colour corrected for bottom effects is a useful measure for water quality 

monitoring because it integrates the effect of suspended particles and coloured dissolved 

substances in the water column, including chl-a (Boyer et al., 2009), CDOM (Brezonik et al., 

2005) and suspended particular matters (SPM) (Bowers et al., 2004). The dominant 

wavelengths reached a peak (shift toward green) in summer (Figure 2.14a), which was 

consistent with the patterns observed in the in situ chl-a concentrations in Tauranga Harbour 

(Scholes, 2014). Though the concentrations of CDOM, SPM, salinity and suspended sediments 

varied seasonally (Bowers et al., 2004), chl-a is usually the principal colourant in low-level 

turbidity estuaries (Lunetta et al., 2009). We found averaged dominant wavelength values of 

shallow and deep water in the green part of the spectrum (528 nm and 545 nm, respectively) 

(Figure 2.15b), confirming the importance of phytoplankton pigments for optical water quality 

in Tauranga Harbour. Moreover, the dominant wavelength in the yellow to red part of the 

spectrum in the upper fringes of the inundated regions (Figure 2.9 and Figure 2.11) was 

consistent with CDOM and SPM loading from rivers and sub-estuaries as well as bottom 

sediment resuspension driven by waves (Cussioli et al., 2019; Lehmann et al., 2018; Lunetta et 

al., 2009). Note that because of the requirement in our method of a set of proximal pixels with 

uniform reflectance, the bottom correction using the spatial method could not be applied at the 

edge of subtidal and intertidal regions where high variation of chl-a and CDOM concentrations 

occur (Clark et al., 2018). These both cause significant local variations in bottom reflectance 

and the water depth correction. 

Another ecologically relevant parameter that can be derived from satellites is the diffuse light 

attenuation rate, which governs the photosynthetic rate of inundated areas and thus the 

productivity of microphytobenthos and submerged seagrass. The variation of Kd responds to 

multiple drivers and reflects temperature, the input of sediment and the hydrodynamic regime, 
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which the resolution of our remotely sensed data allows us to explore. Our results showed an 

increasing trend of Kd in spring, likely associated with phytoplankton blooms triggered by 

temperature increases, which usually bring elevated chl-a concentrations depending on the cell 

size and pigments (Fujiki & Taguchi, 2002) (Figure 2.13). For the remaining seasons, SPM 

and CDOM generally dominated the turbidity, which would also affect Kd (Gall et al., 2019). 

In autumn, Kd remained similar to the spring value because CDOM contributes to higher 

absorption coefficients and compensates for the loss of chl-a due to the degradation of organic 

matter that is added to the CDOM pool at the seafloor (Lund-Hansen et al., 2004). 

The maps of Kd (Figure 2.13) showed that location (northern versus southern harbours) and 

tidal state are the two main drivers of differences in diffuse attenuation in the shallow water 

regions of the harbour. Considering Tauranga Harbour has several sub-estuaries, the 

introduction of extra CDOM from the river mouths might create a gradient toward the estuary 

mouth (observed in Cussioli et al., 2018). This might explain the higher Kd of pixels at the 

landward margins compared to those close to the deep channels (Figure 2.13a&b). Generally, 

the more urbanised southern harbour had a higher Kd (Figure 2.13c). About 45% of sediments 

were introduced to the harbour from the Wairoa River annually, and therefore this region 

showed a high value of SPM and Kd (Parshotam et al., 2022). The dredged navigational channel 

in Stella Passage also yielded 25% of sediment loads to the southern harbour and likely had 

more resuspended sediments from port activities like ship movement (Gall et al., 2019). 

The Kd difference between ebbing and flooding water might result from tidal differences in the 

resuspension and transport of suspended solids caused by tidal currents and waves (Figure 

2.13c) (Davies-Colley & Healy, 1978). Kd associated with ebbing tides tended to be higher than 

that of flooding tides because the ebbing tidal currents drained off the shallow water regions 

where wave-induced bed shear stress is higher (Cussioli et al., 2019). 
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The primary production of seagrass and microphytobenthos is not only affected by the total 

amount of light (light quantity) but also the distribution of energy with wavelength (light 

quality). Light quality can be affected by the source of sediments (Cussioli et al., 2020). Our 

results allow us to assess Kd at three different wavelengths (Figure 2.14), so we can make 

spatial and temporal estimates of light quality, ultimately allowing an understanding of the 

implications of, for example, terrestrial run-off events. 

Limitations 

Our study describes a method to determine the bulk characteristics (Figure 2.15) of an estuary 

using satellite remote sensing. Our method can be used to complement in situ monitoring for 

management purposes. Although we did not validate the results due to the difficulty of 

obtaining direct measurements of Kd, when we made estimates of Kd derived from images from 

similar adjacent days, the results were consistent (the same was true of the dominant 

wavelength; details are provided in Figure 2.12 and Supplementary material S1). The variation 

of Kd between these images remains small over a short temporal scale and within the same 

season. In situ measurements of Kd (PAR) by Cussioli et al. (2020) also show that Kd does not 

vary over short timescales. The good correlation between Kd (Blue) and Kd (PAR) also 

supported the potential of using Kd (Blue) to estimate Kd (PAR) in ecological studies (Figure 

2.14). 

An assumption of the method is that the seabed and water properties do not change substantially 

between the collections of pixels that are used to optimise Equation 3. To test the effect of these 

assumptions, we provided additional modelling in Supplementary material S2 where random 

noise was superimposed on known values of Kd and Rw, and then Equation 3 was optimised to 

determine how well the correct values of Kd and Rw could be retrieved. The magnitude of the 
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error caused by lack of homogeneity was within 10% as long as variations over the set of 

proximal pixels were less than 10%. The temporal and spatial patterns (or clusters in water and 

seabed properties (Dimitriadis et al., 2021)) can also increase non-uniformity in the input 

proximal pixels in our model and increase STD and n (Dimitriadis et al., 2021). For example, 

in the temporal methods, if the selected temporal resolution is too long (e.g., annually), long-

range variations in the water cycle can contribute to outliers and confuse Lyzenga’s model, and 

therefore is not an optimal time resolution to use (a shorter one is better). 

In the intertidal regions, our estimates of Rb were based on direct satellite observations and 

were therefore spatially explicit at pixel resolution and capable of detecting variations caused 

by, e.g., seagrass beds. However, in the subtidal regions, Rb depended on the in situ 

measurements used to create a model (in our case, the median particle size), which was fairly 

sparse. Future work will develop better ways to model this and address this weakness. The 

effect of poor knowledge of Rb was explored in Supplementary material S2, where we showed 

that underestimates of Rb in shallow water could lead to large errors in Rw and Kd, (a bias of 5% 

could lead to an error of ~15%), whereas in deeper water (>2 m), the error is much lower. We 

did not use pixels with seagrass to develop our model. If the method was extended to Rb of 

seagrass regions, extrapolations of relationships developed for the intertidal to the subtidal may 

not account for potential species composition differences. In addition, seasonal variations in 

growth characteristics (e.g., in Ulva and seagrass) (Liu et al., 2022) and other environmental 

cycles would not be accounted for in the subtidal Rb. This bias shown in Supplementary 

material S2 would be particularly relevant to seagrass beds due to their lower reflectance in 

visible bands. 

The method will not work well in areas with a very small intertidal range where Rb cannot be 

measured directly in the shallower waters and used to design a subtidal model. With additional 
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work, it will be possible to develop models based on radiative transfer equations, for example, 

as provided by software packages such as “Hydrolight”. In the intertidal regions, the errors of 

the model for estimating Rb for permanently inundated areas originated from the precision of 

the median particle size extraction and whether the seabed was covered by seagrass. The model 

was developed using the reflectance of unvegetated exposed pixels because, in our case study, 

seagrass did not grow subtidally. The existence of subtidal seagrass would create a bias in 

deeper water; however, the correction becomes quickly unnecessary at these depths. A more 

sophisticated classification of the sediments may increase the accuracy of the median particle 

size values used in the regression model. Several machine-learning-based detection techniques 

(e.g., Ha et al. 2020 and Liu et al. 2022) can provide the spatial distribution of vegetation in 

the exposed regions, which could be used to provide values of Rb for seagrass regions in order 

to extend our method for use in sites with subtidal seagrass. We also assumed that Rb did not 

change before and after flooding, an assumption that might also introduce errors because the 

dry and wet sediments might have different reflectance in each band (Verpoorter et al., 2014). 

This method cannot be applied to images that have been histogram stretched or contrast-

enhanced because this kind of image manipulation would skew the optical relationship between 

targets and measurements used to develop Equations 7–9. In addition, the spatial method 

correction requires remote sensing images with a high original spatial resolution. The use of 

images with a lower resolution, e.g., 20 m or 60 m, increases the mixing of nonuniform 

reflectance and generates more missing values in the correction process. The images from a 

medium-resolution spectral imager, such as MODIS and Sentinel-3, are not suitable for the 

spatial method in these types of estuaries. 
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2.5 Conclusion 

In this paper, we propose corrections that exploit changes in water depth, either spatially (for 

good temporal resolution) or temporally (for good spatial resolution), to remove the effect of 

seabed reflectance on water surface reflectance. For the perpetually inundated regions, the 

relationship between reflectance in different visible bands and the median particle size was 

established using exposed information, which was then used (with the inundated sediment 

texture) to estimate the water bottom reflectance of each underwater pixel needed for correction. 

The most suitable spatial and temporal resolutions for corrections were 60 m and monthly or 

seasonally, respectively, within the water depth of 6.4 m. The good correlation 

between Kd (Blue) and Kd PAR indicated that satellite-derived information could be used to 

estimate the production of light-dependent inundated estuarine plants. Future work will be 

directed towards applying this methodology to other estuaries in New Zealand to evaluate their 

primary production level and predict the changes if turbidity or water depth fluctuates. 

Supplementary materials 

S1 Consistency check on Kd 

In order to overcome the difficulty of a lack of direct measurement of Kd to use in validation, 

we conducted a consistency check on the Kd maps from adjacent satellite revisiting days. Here, 

we first took 1 and 31 January 2021 and 20 February 2021 as examples. These images were 

scanned at high tides (~0.36 m) and low wind speeds (~2 kts). These three images showed a 

very similar distribution of Kd with mean values of 0.45 m−1, 0.42 m−1 and 0.50 m−1, 

respectively (Figure S1). 
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Figure S1 Examples of Kd maps derived from images from the same month with similar conditions ((a) 

1 January 2021, (b) 31 January 2021, (c) 20 February 2021). Reflectance in emerged (exposed sediment) 

regions and optically deep channels did not need correction, which are marked in grey and yellow, 

respectively. The missing values due to nonuniform input data are marked in white. 

Additionally, in order to avoid arbitrary selection on images, we calculated the mean values 

of Kd from all adjacent days (less than 30 days) in each season. Due to the availability of remote 

sensing imagery, the number of images selected for consistency checks might be different in 

each season. The variation of Kd was small, which meant the consistency of this model was 

fairly high. 

Table S1 The consistency check of Kd derived from adjacent days in each season from 2020 to 2021. 

Seasons Number of Images Mean Values 

Summer 3 0.45, 0.42, 0.50 

Autumn 2 0.42, 0.40 

Winter 4 0.36, 0.38, 0.36, 0.40 

Spring 5 0.48, 0.5, 0.46, 0.52, 0.56 
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S2 Ascertaining the sensitivity of the model to assumptions 

There were two major assumptions that might affect the accuracy of the results significantly. 

Firstly, the assumption that water properties do not vary substantially over the set of proximal 

pixels with different water depths is used to optimise Equation 3. Here, we use Band Blue as 

an example. In order to evaluate the accuracy of the model used in this study in water depths 

less than 2 m, where the seabed effect is greatest, we used three groups of synthetic data where 

we assumed a constant Rw and Kd over the set of proximal pixels and then superimposed known 

levels of random variation on these variables (Figure S3). The error was then quantified as the 

difference between the known value of Rw and Kd and the one derived by optimising Equation 

3. The result showed the model could still provide low-error results when the standard deviation 

of Rw was within 10%, even if the Kd of these regions varies as well (where Kd was modelled 

with a mean of 0.8 m−1 and a standard deviation of 0.2, encompassing the differences between 

blue and green bands (red attenuates quickly, and so is less relevant) (Figure S2). 
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Figure S2 The errors Kd and Rw estimated from synthetic tests (see text) averaged over water depths 

less than 2 m. 

To study the second assumption, we repeated this modelling to evaluate how poor knowledge 

of Rb leads to errors in Rw and Kd within 2 m (a) and between 2 m and 6 m (b) of water depth, 

using Rb values that range from 50% too small to 50% too large. The overestimated Rb did not 

affect the values of Rw and Kd greatly (Figure S3). Although the underestimated Rb could 

strongly bias the result, the variation of Rb in Tauranga Harbour was actually very limited 

(0.083 ± 0.03 for >2 m and 0.095 ± 0.01 for <2 m) and unlikely to be biased to that extent. 

 

Figure S3 The errors of Rw and Kd averaged for water depths of <2 m (a) and between 2 m and 6 m (b) 

are caused by an error in the value of Rb. 
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Chapter 3  

Scaling up Benthic Primary Productivity Estimates in a 

Large Intertidal Estuary using Remote Sensing 

 

Shao, Z., Bryan, K. R., Lehmann, M. K., Flowers, G. J., & Pilditch, C. A. (2023). Scaling up 

benthic primary productivity estimates in a large intertidal estuary using remote sensing. 

Science of The Total Environment, 167389. 

 

 

 

Seagrass in the northern Tauranga Harbour 

(Source: Zhanchao Shao) 
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Abstract 

As two main primary producers in temperate intertidal regions, seagrass and 

microphytobenthos (MPB) support estuarine ecosystem functions in multiple ways including 

stabilizing food webs and regulating sediment resuspension among others. Monitoring estuary 

productivity at large scales can inform ecosystem scale responses to environmental stressors 

(climate change, pollution and habitat degradation). Here we use a case study to show how 

Sentinel-2 data can be used to estimate estuary-wide emerged and submerged gross primary 

productivity (GPP) on intertidal flats by coupling a new machine learning model to map 

seagrass and unvegetated habitats with literature-derived photosynthesis-irradiance (P – I) 

relationships. The model consisted of (1) supervised classification with random forest to 

delineate seagrass and unvegetated areas and (2) artificial neural network (ANN) regression to 

predict % seagrass coverage. Our seagrass delineation by supervised classification had an 

overall accuracy of 0.96, while the ANN regression on seagrass coverage provided high 

predictive accuracy (R2 = 0.71 and RMSE = 0.11). The estimated GPP showed seagrass 

contributed slightly more to intertidal benthic productivity than MPB in the case-study estuary 

over the 3-year study period. This model can be used to predict the response of seagrass and 

MPB GPP to sea level rise, which shows that the future state may be very sensitive to increased 

turbidity. For example, by the year 2100, the model shows a sharp decline in productivity with 

sea level rise, assuming current turbidity trends, (loss of up to 52–53 % for seagrass and 23–

45 % for MPB, a function of whether shoreward migration of seagrass is incorporated). 

However, GPP under conditions of unchanging turbidity (and no seagrass migration), exhibits 

minimal negative impact of sea level rise (loss of 3 % for seagrass and increase of 29 % for 

MPB). Therefore, controlling water turbidity might be an efficient solution to maintaining the 

current GPP as the sea level rises. 
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3.1 Introduction 

Estuaries and shallow coastal lagoons in temperate regions are regarded as one of the most 

productive marine systems in the world (Heip et al., 1995). In these ecosystems, seagrass 

meadows and microphytobenthos (MPB) dominate primary production and play important 

roles in regulating sediment resuspension (Reidenbach and Timmerman, 2019), recycling 

carbon and nutrients (Duarte et al., 2013) and stabilizing intertidal food webs (Jankowska et 

al., 2019). Anthropogenic effects accompanied by continuing coastal squeeze in the intertidal 

have degraded the contribution of seagrass and MPB to ecosystem functioning (Orth et al., 

2006). Efforts to manage these effects and restore primary productivity are impeded by a lack 

of fast-response monitoring data collected at scale. 

Estimating the gross primary productivity (GPP) of seagrass and MPB is relevant because it 

plays a major part in the biogeochemical cycles of intertidal ecosystems (Staehr et al., 2012). 

GPP is generally modelled as a function of photosynthetically active radiation (PAR) in 

estuaries dominated by seagrass and MPB (Thrush et al., 2012). In turn, light availability is 

strongly related to turbidity levels and solar irradiance during submergence and emergence 

respectively (Miles & Sundbäck, 2000). As fine sediments can be held in suspension for 

prolonged periods, increased input of terrestrial sediments can increase water-column turbidity 

and thus reduce seafloor light availability (Mangan et al., 2020). Changes in nutrient supply 

may also affect primary producers depending on their growth response curves and storage 

capacities (Grover et al., 1997), and sometimes sensitivity to light and nutrients act in tandem. 

For example, seagrass is well adapted to oligotrophic environments where turbidity is relatively 

low because seagrass can take up nutrients from the sediments (Evrard et al., 2005). The actual 

contribution from seagrass and MPB to the carbon budget in coastal ecosystems is still 
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relatively unknown, mainly due to the unavailability of GPP estimates at the ecosystem scale 

(Legge et al., 2020). 

 

As a key indicator of ecosystem functioning, modeling the GPP of the dominant primary 

producers in an intertidal ecosystem, including spatial and temporal variations at scale, can 

yield comprehensive insights into responses to different environmental stressors that alter light 

levels and biomass distribution. Although the loss and migration patterns of seagrass are 

challenging to observe over large scales without satellite remote sensing (e.g., Short and 

Neckles, 1999), in situ point measurements of GPP, such as those using benthic chambers 

(Flowers et al., 2023), diel-change techniques (Miles & Sundbäck, 2000), or eddy covariance 

techniques (Rodil et al., 2019), provide critical data for extrapolating GPP to whole regions. 

The heterogeneity of the spatiotemporal distribution of MPB in unvegetated areas also 

complicates large-scale GPP quantification. However, these in situ measurements, including 

photosynthetic-irradiance (P-I) curves, are essential for understanding the photosynthetic 

responses to environmental changes and for developing accurate models of GPP. Such models 

can enhance our understanding of changes driven by sea level rise and climate change (Hope 

et al., 2020). Many in situ studies have shown that intertidal vegetation suffers under limited 

light conditions (e.g., Rullens et al., 2022). Therefore, better maps of GPP for seagrass and 

MPB at large scales, derived from near real-time satellite data and validated with in situ 

measurements, would enable a deeper understanding of widespread stressors, such as turbidity 

and changing light conditions, on food webs. This approach would help identify and 

characterize shifting production hotspots and at-risk areas of productivity for conservation, 

thereby forming an effective tool to map the health of estuarine ecosystems. 



63 
 

An efficient tool for monitoring at scale is spaceborne remote sensing, especially open medium 

resolution (10–100 m) satellite imagery (e.g., Landsat and Sentinel-2). Free and open access of 

this data means that it represents a cost-effective option for mapping large and continuous 

changes in seagrass and MPB coverage. The most prevalent technique for evaluating MPB 

production in unvegetated areas is using the normalized difference vegetation index (NDVI) as 

a proxy for benthic chlorophyll-a biomass (e.g. Barillé et al., 2011; Daggers et al., 2018; Van 

der Wal et al., 2008). Difficulties in delineating seagrass using satellites are primarily caused 

by the lack of a unique spectral signature within the complement of spectral bands of the 

satellite (Ball et al., 2014). However, these difficulties can be mitigated by employing advanced 

algorithms. For instance, supervised classification using a maximum likelihood algorithm 

trained directly on reflectance data is widely used to distinguish seagrass and non-seagrass 

areas with acceptable accuracy (~60%), after applying radiation calibration and atmospheric 

correction to the reflectance measurements (Ha et al., 2020). New indices aimed at detecting 

seagrass from visible-band remote sensing reflectance, such as the depth-invariant index (DII) 

(Thalib et al., 2018), bottom reflectance index (BRI) (Sagawa et al., 2010), and relative water 

depth index (RWDI) (Hafizt et al., 2017), provide more accurate results when seagrass is 

distributed in the subtidal because they reduce the water-column effect on surface reflectance. 

The use of machine learning (ML) classifiers, such as support vector machines, random forest, 

and rotation forests, has significantly improved the accuracy of remotely-sensed seagrass 

mapping to over 85% (Ha et al., 2020; Traganos and Reinartz, 2018b). These ML algorithms 

benefit from integrating raw spectral information with derived multi-band indices, enhancing 

their ability to identify important elements in the data. While spectral unmixing algorithms rely 

heavily on spectral differences and are affected by water column depth, ML algorithms, when 

combined with additional indices, offer improved classification outcomes. Nevertheless, there 

is potential for empirical thresholding algorithms that could eliminate the need for ML if 
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multiple indices are used effectively. Despite the advancements in detecting seagrass extent, 

only a limited number of studies have explored the potential for estimating vegetation 

productivity using spectral indices and environmental variables (e.g., Vahtmäe et al., 2021). 

Therefore, developing algorithms to estimate GPP based on vegetation coverage derived from 

satellite data would provide substantial insights into the ecosystem state. 

 

The objectives of this study were to develop a novel model to predict the spatial distribution of 

seagrass and unvegetated flats coverage by combining remote sensing data and machine 

learning and to use this as a basis for estimating temporal changes to system-wide benthic 

primary productivity. The study was conducted in a 218 km2 temperate intertidal estuary 

(Tauranga Harbour, New Zealand). A field survey which recorded the seagrass coverage data 

was carried out to train the machine learning seagrass coverage model. In this study, we aimed 

to (1) to fill an important technical gap on how to upscale empirical photosynthesis-irradiance 

curves, derived from limited sampling information to a spatial distribution map of productivity 

needed to manage complex heterogeneous estuaries and; (2) show how this technique could be 

the basis of studies on the drivers of current and future changes to seagrass and MPB GPP. 

3.2 Methods and materials 

3.2.1 Study area 

This study was conducted in the intertidal and shallow subtidal of Tauranga Harbour (Figure 

3.1) which has relatively extensive seagrass (Zostera muelleri) coverage (22.5 % of the whole 

Harbour area) and variable benthic light availability associated in part with the semidiurnal 
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tidal regimes (Mangan et al., 2020; Tay et al., 2011). The remaining seagrass-free intertidal 

unvegetated areas provide a suitable substrate for MPB to thrive (Morelle et al., 2020). 

Chlorophyll-a levels in the water column are generally low in the Harbour (0.71–2.23 μg L−1) 

and trending downwards, thus is currently unlikely to be threatened by excessive phytoplankton 

blooms and eutrophication (Zygadlo, 2021). Therefore, suspended sediment is the primary 

factor that controls light attenuation in the Harbour. Annually over 124 t km−2 of fine sediments 

from multiple sources, such as agricultural activities and urban development (Hicks, 2019), are 

introduced to the Harbour each year (Bricaud et al., 1981; Matheson and Schwarz, 2007), 

which may reduce benthic primary production and seagrass and limit the depth distribution of 

seagrass (Pratt et al., 2014; Cussioli et al., 2019). 
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Figure 3. 1 Map of in situ sampling sites with an example of a quadrat photo collected at the Ōmokoroa 

site (inset). Areas of manually-labelled pixels (coloured regions) used for supervised classification (N 

= 163,342) and ground truth samples (yellow circles) for machine learning regression (N = 500, 

collected at 6 sites) in Tauranga Harbour are marked. The light blue dashed lines divide the Harbour 

arbitrarily into three parts: northern, middle, and southern. The delineation of the subtidal regions is 

based on tide levels derived from local gauges. 
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3.2.2 Mapping seagrass coverage and unvegetated area using machine 

learning 

Here we define “seagrass coverage” as the % of an area covered with seagrass, where the area 

can be a photo quadrat or a remotely sensed pixel (10 m × 10 m resolution for the Sentinel-2 

data used for this study). Machine learning and photo quadrats were used to develop an 

algorithm to convert between the Sentinel-2 images and seagrass % coverage in each pixel. 

The algorithm was developed in two steps. Firstly, supervised classification based on Sentinel-

2 visible and near-infrared bands (Band 2, 3, 4 and 8) using a random forest machine learning 

classifier was used to detect the presence of seagrass or unvegetated flats. This step used images 

taken at low tide only (< −0.38 m relative to mean sea level) to avoid biases on machine 

learning due to light attenuation in water (Sagawa et al., 2008). Secondly, once pixels with 

seagrass present were identified, the reflectance and indices of pixels from these areas were 

used in combination with ground-truth data (field survey described below) to finalize the 

algorithm for predicting percentage seagrass coverage within these pixels. For this, three 

widely used methods that have achieved high accuracies in estimating coastal vegetation 

coverage (e.g. Cooper et al., 2019 & Pham et al., 2018) were trialled: artificial neural network 

(ANN), support vector regression (SVR) and random forest regression (RFR). 

3.2.2.1 Required data and pre-processing 

An atmospheric corrected Sentinel-2 image (L2A) with low cloud and shadow coverage from 

low tide on 25th Feb 2022 was selected for supervised classification (Section 3.2.2.2) and to 

build machine learning models to predict seagrass % coverage (Section 3.2.2.3). Labelled 

pixels (N = 163,342) were used for supervised classification and were collected by manually 

digitizing image regions (shown in Figure 3.1) associated with areas of sparse and dense 

seagrass and unvegetated flats and combined with existing maps from Park (2020). 
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We also carried out a field survey to collect ground truth points for the % coverage prediction 

algorithm at the end of the peak summer growth period of seagrass (March 2nd, 2022). The 

assessments of seagrass % coverage were based on high-resolution photographs of 500 

quadrats (0.5 m × 0.5 m) collected along transects at 6 sites at low tide (yellow circles, Figure 

3.1). The quadrats were collected over the widest possible spatial range (to maximize the 

diversity of training data), opting for spacing between quadrats that was greater than the 10 m 

× 10 m dimensions of the Sentinel-2 pixels. Quadrat locations were chosen in expanses of 

homogeneous seagrass that were greater than the resolution of Sentinel-2, to maximize the 

correspondence between the RGB signature and the % coverage. Although when the trained 

model is applied to detect % coverage in pixels from new images, in particular in sparse 

seagrass, it is possible that this signature corresponds to either small patches (smaller than the 

pixel resolution) or genuinely sparse seagrass. Garmin Etrex loggers were used to measure and 

calibrate the geocoordinates of these samples with an accuracy of 2 m. All seagrass photos 

were processed by Coral Point Count with Excel extensions (CPCe) software, designed to 

measure substrate coverage in a picture (Kohler and Gill, 2006), to calculate the seagrass % 

coverage. The complete machine learning model was later applied to 18 L2A images scanned 

at low tides from 2019 to 2022 covering different seasons, to assess spatiotemporal variations 

in seagrass % coverage. 

3.2.2.2 Delineating seagrass and unvegetated regions using supervised classification with 

random forest 

Random forest is an ensemble learning method which operates by building a number of 

decision trees, which is then optimized by comparing the outcomes to the ground-truthing or 

labelling data (Breiman, 2001). Since the principle of random forest is to average the results 

across multiple trees, the variance between models is averaged to provide a more robust 
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prediction (Hastie et al., 2009). In our model, input variables were the reflectance in Sentinel-

2 visible bands (Blue Rb, Green Rg, Red Rr) and the near-infrared band (RNIR). RNIR was 

included to help detect the seagrass in the subtidal regions (Traganos and Reinartz, 2018a, 

Traganos and Reinartz, 2018b). Each leaf on the decision tree represents the reflectance 

signature associated with the presence/absence of seagrass, with more detailed trees allowing 

a greater degree of refinement in the reflectance signatures associated with presence/absence. 

Datasets were randomly split into training/validation (70 %) and testing (30 %). Fivefold cross-

validation was applied to the training/validation portion to obtain the optimum values for 

hyper-parameters used in the random forest. To assess the model's accuracy when applied to 

different images, we randomly selected 200 pixels from each of these other images. These 

additional images were manually labelled in the same way as the training data, and predicted 

classes were validated using this dataset. 

In order to evaluate the performance of supervised classification, four variables were used: 

accuracy; precision; recall; and F1-score (Equations 1 – 4): 

Accuracy =
TP + TN

TP + TN + FP + FN
(1) 

Precision =
TP

TP + FP
(2) 

Recall =
TP

TP + FN
(3) 

F1 − score =
2 × Recall × Precision

Recall + Precision
(4) 
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where TP, TN, FP, FN are true positive, true negative, false positive and false negative, 

respectively. 

3.2.2.3 Estimating seagrass coverage using machine learning regressions 

In the second stage of the modelling, Rb, Rg, Rr, and RNIR from the pixels covered by seagrass 

were then used to develop machine learning regression models to estimate % coverage. We 

also included normalized difference vegetation and water index (NDVI & NDWI, Equations 5 

& 6) as input data, which has been shown to be sensitive to seagrass coverage (Hossain et al., 

2019). 

NDVI =
𝑅𝑁𝐼𝑅 − 𝑅𝑟

𝑅𝑁𝐼𝑅 + 𝑅𝑟

(5) 

NDWI =
𝑅𝑔 − 𝑅𝑁𝐼𝑅

𝑅𝑔 + 𝑅𝑁𝐼𝑅

(6) 

Because very few studies have tried to use machine learning to estimate seagrass % coverage 

based on its spectral properties, we trialled three different techniques (ANN, SVR and RFR) to 

find the optimal model (using Google Colaboratory and TensorFlow, Scikit-learn and Random 

Forest Regressor, respectively). 

3.2.2.3.1 Artificial neural network (ANN) 

The ANN model is a supervised decision-based deep learning technique, which simulates the 

human brain processes and works as a quantitative predictive model for linear and nonlinear 

prediction (Yegnanarayana, 2009). The information (reflectance in each band and indexes) 

from input layers was passed to two hidden layers. In the connections between the hidden layers, 
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and between the hidden layer and the output layer, weights and activation functions are 

summed to pass the information through the network. The output layer returned an exact 

number representing the percentage of seagrass cover in each target pixel. The selection of 

activation functions, numbers of hidden layers and nodes determine the accuracy of results. 

However, for most models, two hidden layers can represent an arbitrary decision boundary to 

arbitrary accuracy with rational activation functions, and thus approximate any smooth 

mapping to any accuracy (Goodfellow et al., 2017). In the present study, we optimized the 

activation function, node numbers and learning rates used in the hidden layers. The learning 

rate is the degree to which the activation function weights are changed between iterations. 

3.2.2.3.2 Support vector regression (SVR) 

SVR is a supervised learning algorithm used to predict discrete values by training nonlinear 

system models (Vapnik et al., 1996). Because it is based on a structural risk minimization 

principle and statistical learning theory, SVR has the potential to provide better performance 

than ANN under similar training conditions even if the training samples are limited (Kim et al., 

2014). Kernel functions are used to separate and transform the input data, and therefore the 

accuracy of the model is controlled by the choice of kernel function (Mountrakis et al., 2011). 

In this study, we tested two kernel functions (linear and Gaussian radius bias) at different 

regularization levels (parameter C) and Gamma to obtain the optimal model. 

3.2.2.3.3 Random forest regression (RFR) 

RFR is an extension of random forest classification (used in Section 3.2.2.2), which uses the 

ensemble learning method for regression. Due to using predictions from multiple machine 

learning algorithms, RFR is highly likely to produce more precise predictions than a single 
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model (Breiman, 2001). By adjusting the tree numbers, maximum tree depth and minimum 

number of samples at a leaf node, the most appropriate parameters were set to estimate the 

seagrass % coverage with reflectance in each visible band. 

3.2.2.3.4 Selecting the optimal model 

For all three models, we randomly selected 80 % of the data for training, 10 % for validating 

and the remaining 10 % for testing. The loss function, mean square error (MSE) (Equation 7) 

and coefficient of determination (R2), were used to determine the optimum parameters for each 

model using the training and validation data. The overall fit was evaluated by comparing the 

root mean square error (RMSE) (Equation 8) and R2 of predicted and observed seagrass 

percentage cover using the testing data. 

MSE =  
1

𝑛
∑(𝑋𝑜𝑏𝑠 − 𝑋𝑝𝑟𝑒)

2
𝑛

𝑖=1

(7) 

RMSE =  √
1

𝑛
∑(𝑋𝑜𝑏𝑠 − 𝑋𝑝𝑟𝑒)

𝑛

𝑖=1

(8) 

where Xobs is the observed seagrass % coverage and Xpre is the predicted % coverage. In order 

to evaluate the model’s performance on the different dates, we compared the model derived 

results with published seagrass % coverage data collected at different dates in the same estuary 

(Flowers et al., 2023; Park, 2020).  
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3.2.3 Modelling gross primary productivity in Tauranga Harbour 

In order to model the GPP of seagrass and MPB in Tauranga Harbour, we used published in 

situ relationships between rates of photosynthesis and light (P – I relationships). We assumed 

that seagrass and MPB were the only two benthic primary producers in the intertidal region 

and that their production is more limited by light than by, for example, temperature or nutrients. 

Adding on a literature-derived temperature dependence would not likely increase the difference 

between summer and winter productivity substantially because the annual air/water 

temperature variations (16 ~ 23 ℃) are not enough to have significant effects on GPP (Flowers 

et al., 2023).  Therefore, ignoring temperature in this case study would not add further 

understanding of the spatial complexities and scaling that we aim to demonstrate here.  

GPP calculated using P – I relationships was scaled by estimated proxies of seagrass or MPB 

biomass. For seagrass, the modelled GPP at each pixel was scaled by the % coverage derived 

from machine learning as an indicator of productive biomass. Seagrass % coverage was 

mapped for each image in the collection, and so changed with season. MPB was assumed to 

occupy all the pixels where no seagrass was detected (unvegetated areas) and the pixels where 

seagrass occurred but did not cover the entire pixel, in which case MPB occupied the remaining 

fraction of the pixel.  In those areas, MPB GPP was scaled by the estimated chlorophyll-a 

concentration within that pixel; chlorophyll-a has been shown in many studies to be a good 

indicator of MPB biomass in estuaries (Jacobs et al., 2021). A significant empirical linear 

regression between in situ chlorophyll-a measurements and satellite-derived NDVI was used 

to produce a Harbour-wide map of chlorophyll-a from NDVI (see Supplementary material 1).  

The photosynthetic response (P, µmol C m−2 h−1) of seagrass and MPB to variation in light 

intensity (I) was modelled using (Equation 9) (Webb et al., 1974):  
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𝑃 = 𝑃𝑚𝑎𝑥  (1 − 𝑒
−

𝛼𝐼
𝑃𝑚𝑎𝑥) (9) 

where α is the initial slope and Pmax (µmol C m-2 h-1) is the maximum potential photosynthetic 

rate for each species. α and Pmax may vary depending on whether the habitat is submerged or 

emerged (Flowers et al., 2023). When submerged, the diffuse attenuation coefficient for 

photosynthetically active radiation (Kd PAR) and light intensity (I0) at the water surface control 

the amount of light absorbed at a specific depth (z) (Equation 10). Light intensity data were 

derived from hourly measurements at Tauranga Airport (downloaded from the CliFlo data 

portal https://cliflo.niwa.co.nz/) and were used in calculations of productivity. Tidal levels 

extracted from local tide gauges (see Figure 3.1) and a digital elevation model, created by 

combining airborne LiDAR data and single and multibeam data collected by the Port of 

Tauranga, were used to calculate the water depth at each pixel in the Sentinel-2 images. Water 

depth helps to distinguish tidal zones and whether a pixel is emerged or submerged at the time 

of image acquisition.  

𝐼 = 𝐼0𝑒−𝑘𝑑 𝑃𝐴𝑅 𝑧 (10) 

Although there is no direct method to measure Kd PAR using satellite reflectance, Shao et al. 

(2022) tested empirical linear regressions between Kd PAR and Kd associated with blue light, 

which was derived from an application of Lyzenga’s model (Lyzenga, 1981) to reflectance 

measured in shallow water.  This method was used to extract Kd PAR from the Sentinel-2 imagery. 

Data from Flowers et al. (2023) was used to parameterise Equation 9, and to derive a 

relationship to scale seagrass GPP by % seagrass coverage and MPB GPP by sediment 

chlorophyll-a concentration.   Flowers et al. (2023) evaluated the Pmax and α for both seagrass 
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and MPB-dominated habitats in Tauranga Harbour seasonally over two years by measuring 

changes in GPP as a function of light intensity using benthic chambers during submerged and 

emerged periods (Table 1). Although both Pmax and α varied somewhat between sample dates 

we used the seasonally averaged values which provided a very good fit to the empirical data 

assuming they were applicable to all regions of the Harbour. 

Table 3. 1 In situ measured seasonally averaged (± 1 SD) Pmax and α for seagrass and MPB at 

emergence (n= 7 sampling events over two years) and submergence from Flowers et al. (2023). 

 
Seagrass Sandflat 

 
Submerged Emerged Submerged Emerged 

Pmax 6240 ± 540 4519 ± 418 3485 ± 484 1194 ± 98 

α 32.4 ± 5.1 22.5 ± 6.2 13.5 ± 2.7 8.0 ± 3.0 

Pmax – photosynthetic maximum (µmol C m−2 h−1), α – photosynthetic efficiency μmol C m−2 h−1 (μmol 

photons m−2 s−1) −1. 

To account for the spatial/temporal variations in % seagrass coverage and chlorophyll-a content 

derived from the satellite images we used empirically derived relationships to adjust Pmax for 

changes in primary producer biomass. Using previously published data we fitted quantile 

regressions (90th percentile; Q90) to measurements of GPP and primary producer biomass (see 

Supplementary material S2):  

𝑃𝑚𝑎𝑥 𝑠𝑒𝑎𝑔𝑟𝑎𝑠𝑠 = {
   54.8 × 𝑆𝐺𝐶 + 2372.0 (𝑆𝑢𝑏𝑚𝑒𝑟𝑔𝑒𝑑)

   119.5 × 𝑆𝐺𝐶 − 1298.5   (𝐸𝑚𝑒𝑟𝑔𝑒𝑑)
(11) 
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𝑃𝑚𝑎𝑥 𝑀𝑃𝐵 = {
30.4 × 𝐶ℎ𝑙𝑎 + 2086.5    (𝑆𝑢𝑏𝑚𝑒𝑟𝑔𝑒𝑑)

    1574.0                                  (𝐸𝑚𝑒𝑟𝑔𝑒𝑑)
(12) 

where SGC is % seagrass coverage and Chla is chlorophyll-a concentration. Equations 11 and 

12 were then used together with Equations 9 and 10 to upscale GPP to the whole Harbour. 

Other factors including light, temperature, macrofauna activity etc contributed to the variability 

of GPP under the Q90 lines (Figure S2). For the Q90 relationships between GPP and 

chlorophyll-a, additional published measurements were added to increase degrees of freedom 

(Pratt et al., 2014; Flowers et al., 2023; Mangan et al., 2020). The relationship between emerged 

MPB GPP and chlorophyll-a was not significant, so was set as the 90th percentile of all emerged 

treatments. GPP in seagrass treatments was corrected for the contribution of MPB prior to 

fitting the Q90 regression. Note that to accommodate self-shading at high % seagrass coverage 

(e.g. Carstensen et al., 2016; Clavier et al., 2011), we assumed that Pmax remained constant 

when the seagrass coverage was over 80% (mainly in the subtidal areas) but neglected the 

effect of seagrass shading on MPB productivity. The seagrass canopy (Zostera muelleri) is 

short and thin in New Zealand (10 cm in length and 0.1~ 0.4 cm in width, Morrison et al., 2014) 

and % seagrass coverage over 80% was very rare (see Results and Figure S3), and so neglecting 

the effect of shading of seagrass on MPB was unlikely to introduce significant errors to the 

results. 

In Equation 10, Io and z vary a lot with time (due to tide, season and weather), whereas Kd PAR 

does not vary substantially within one season (Shao et al., 2023). In addition, Sentinel-2 image 

availability limited satellite-derived information to longer timescales. A flow diagram showing 

the steps which were taken to develop maps of productivity is shown in Figure 2.  
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Figure 3. 2 The flow chart showing how the GPP of seagrass and MPB were calculated after the 

seagrass and MPB coverage maps were obtained by image classification. 

3.2.4 Predicting the GPP responses of seagrass and MPB to climate-related 

stressors 

The spatially-resolved GPP model can be used to explore future pathways, which we highlight 

by examining changes that might occur with sea level rise. Although the impact of sea level 

rise and climate change will be site-specific (Oppenheimer & Hinkel, 2018), projections 

indicate that a substantial rise in turbidity is likely, due to more frequent severe storms/floods 

and extra coastal erosion, which both deliver more fine sediment to the estuary and enhances 

sediment resuspension within the estuary increasing Kd (Björk et al., 2008; Heyes et al., 2004). 

Here we established a response model to simulate the changes of intertidal  GPP associated 

with sea level rise and accompanying turbidity changes (Scenario 1-present day turbidity; 
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Scenario 2-increasing turbidity). The distribution of seagrass and MPB were initially assumed 

to remain the same, but z and Kd (Equation 10) are adjusted using the New Zealand 

Representative Concentration Pathways (NZ RCP 8.5, 1.1 m sea level rises by 2100) (Van 

Vuuren et al., 2011) and nominal linear increase in light attenuation (Kd increased 0.37 m-1 per 

25 cm sea level rise). Projected changes to Kd were derived from global potential trends 

reported in the literature, and transformed from total suspended solid concentration (Davis et 

al., 2016; Ogston & Field, 2010; Pitarch et al., 2021). We also trialled a version (Scenario 3) 

in which seagrass was allowed to migrate to more suitable areas. To determine future suitable 

areas, the relationship between current average seabed light intensity and current seagrass 

coverage was used. MPB was assumed to occupy the area unoccupied by seagrass after 

migration. The current relationship between average seabed light intensity and chlorophyll-a 

distribution was used to scale MPB GPP in its new location (see Supplementary material S3 

and Figure S4 for more details). Although the GPP response model is highly simplified, it can 

be used to inform more detailed studies (such as to identify key parameters or areas of particular 

sensitivity). 

3.3 Results 

3.3.1 Performance of machine learning methods 

The supervised classification of seagrass presence/absence using random forest reproduced the 

verification data with high precision (>0.85) and confidence (F1-Score > 0.89) with optimized 

settings for hyper-parameters (Table 2). The selected values for hyper-parameters including 

the number of trees, minimum sample split, minimum sample leaf and maximum tree depth 

were 280, 4, 4 and 9, respectively. The model returned the highest precision (0.97) in predicting 

dense seagrass due to its distinct spectral signatures. The precision for sparse seagrass regions 
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was slightly lower because of its similarity to bare sediments, especially when the seagrass 

coverage ratio is extremely low and in very shallow water. To assess the model's accuracy 

when applied to the remaining images, we randomly selected 200 pixels from each of these 

other images. These additional images were manually labelled in the same way as the training 

images, and predicted classes were validated using this dataset. The outcomes demonstrated 

that despite being trained on data from a single day, the model achieved good accuracy when 

applied to other images. 

Table 3. 2 Performance results of supervised classification with random forest for different habitat 

classes based on the image scanned on 25th Feb 2022 and all remaining images. 

Scanning 

date 

Class Overall 

accuracy 

Accuracy Precision Recall F1-

Score 

Support 

(Sample 

numbers) 

25 Feb 

22 

Sparse 

seagrass 

0.96 0.91 0.86 0.91 0.89 20912 

 Dense 

seagrass 

 0.98 0.97 0.97 0.97 32301 

 Unvegetated 

flats 

 0.93 0.92 0.94 0.93 16178 

Rest Sparse 

seagrass 

0.88 0.81 0.78 0.81 0.80 1085 

 Dense 

seagrass 

 0.92 0.89 0.88 0.91 1676 

 Unvegetated 

flats 

 0.84 0.83 0.85 0.82 839 

The optimum values of hyper-parameters for each machine learning regression developed to 

predict seagrass coverage (% cover) were confirmed by comparing the MSE and R2 values of 
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validation datasets. (Table 3.3). After each regression model had the optimal parameters, the 

best technique from the three methods to predict the seagrass coverage was then determined by 

comparing the performance of the three models when applied to the testing dataset (Figure 3.3). 

Table 3. 3 The optimum values of hyper-parameters were selected for ANN, SVR and RFR. 

Model Hyper-parameters Optimum values Validations 

MSE R2 

ANN Activation function Rectified linear unit 

(Relu) 

0.023 0.625 

 
Number of hidden 

layers 

2 

Number of neurons 10 

Learning rate 0.01 

SVR Kernel function Radial basis 

function (rbf) 

0.024 0.612 

Gamma 0.1 

C 13 

RFR Number of 

estimators 

20 0.021 0.644 

Max depth 10 

Min samples leaf 1 

Min samples split 4 

Both the ANN and SVR models provided precise results with high correlations (R2 = 0.711 & 

0.723) and low RMSE (0.111 & 0.126) between measured and predicted data (Figure 3.3). The 

lowest performance was observed for RFR with the R2 value and RMSE of 0.709 and 0.129, 

respectively (Figure 3.3). Considering the minimum detectable threshold was 9 % with ANN 

(compared to 16 % with SVR and 7 % with RFR) and also considering other performance 

statistics (Table 3.3), we selected the ANN regression to predict the seagrass coverage in 
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regions classified as having seagrass present in Tauranga Harbour. When the ANN regression 

was applied to other images, the estimated seagrass coverage was consistent with the values 

collected in the field (Figure 3.3d). This good performance (R2 = 0.69 & RMSE = 0.06) 

indicated that the ANN model was appropriate for predicting % seagrass coverage of the 

Harbour. 

 

Figure 3. 3 Comparisons of in situ measured and predicted seagrass coverage derived from the (a) 

ANN, (b) SVR and (c) RFR and (d) accuracy assessment when the ANN model derived estimate was 

compared to in situ measurements (Flowers et al., 2023; Park, 2020). 

3.3.2 Seagrass and unvegetated tidal flat distribution 

The classification map derived from the random forest method showed that sparse seagrass, 

dense seagrass and unvegetated flats respectively occupied 10.5, 15.3, and 16.7 % of the area 

of the whole Harbour (Figure 3.4b). It also showed large seagrass meadows, especially in the 

middle of Tauranga Harbour where dense seagrass thrived (Figure 3.4b). Additionally, the 
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classified map indicated high-coverage seagrass thriving in shallow subtidal areas. These 

thriving areas were also well represented in in situ samples from the field survey (Figure 3.1). 

Sparse seagrass was mainly distributed in the mid-intertidal. 

 

Figure 3. 4 The maps of (a) original satellite data from Feb 24, 2022 at low tide; (b) spatial distribution 

of dense seagrass, sparse seagrass and unvegetated flats after classification using random forest; and 

seasonal variations in seagrass coverage in winter (c) and summer (d) after regression using ANN. The 

data were derived from images taken on Aug 3rd 2021 (c) and Feb 24th 2022 (b & d). The magenta 

dashed lines arbitrarily divide the Harbour into three parts: northern, middle, and southern. 

The extracted seagrass % coverage maps, trained using ANN, provided more detailed 

spatiotemporal changes in both the subtidal and the intertidal between summer and winter 

(example shown in Figure 3.4c & d). At the end of summer, although the area where seagrass 

grew in the subtidal regions was small, the seagrass % coverage in these regions reached the 

highest (over 70 %) of the whole Harbour. Most of the thriving seagrass meadows were 

distributed in the middle Harbour and % coverage declined from subtidal/intertidal areas 
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toward the coastline (Figure 3.4d). The northern Harbour had a greater area of seagrass (245.7 

ha and the % coverage was higher (by 10 %) than in the southern Harbour. In winter, the 

seagrass area tended to decrease to a minimum, especially in the middle of the Harbour, likely 

due to restricted photosynthesis at lower light levels. Although seagrass still existed in winter 

in the other regions of the Harbour, the % coverage was significantly lower than in summer 

(by at least 10 %). 

Although both classification (presence/absence) and regression (% coverage) methods are of 

similar utility for understanding seagrass trends, the regression method is likely to yield more 

precise results due to its capacity to provide sub-pixel detail on coverage (Figure 3.5a & b). In 

the case of classification, the seagrass area is calculated by simply adding the pixels occupied 

by seagrass (adding dense and sparse classes together) and multiplying this number by pixel 

area (Figure 3.5b). In the case of regression, the seagrass area in each pixel is calculated using 

the % cover, and then the area of seagrass of all pixels is summed (Figure 3.5a). In both cases, 

the area unoccupied by seagrass is allocated to unvegetated (MPB occupied area). The seasonal 

statistics derived from the % coverage (Figure 3.5a) and the presence/absence models (Figure 

3.5b) show comparable interannual variations of the seagrass and unvegetated area over three 

years where imagery was available. The sum of the intertidal and subtidal seagrass area reached 

the minimum (1296 ha) in spring 2019, after which an increasing trend occurred (Figure 3.5a). 

From 2019 to 2022, the seagrass area (inter- and subtidal) recorded its largest expansion (493 

ha) between Spring 2021 and Summer 2022. The interannual patterns of change were also 

evident in the data derived only using supervised classification (so not incorporating within-

pixel coverage) (Figure 3.5b) while the changes for unvegetated flats were generally opposed. 

Note that the subtidal seagrass area (shown as a separate line) also varies substantially from 

year to year, and is particularly large in spring 2019 (Figure 3.5a& b). 
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Figure 3. 5 The extent of seagrass and unvegetated flats in the intertidal regions of Tauranga Harbour 

from 2019 to 2022, as determined by the % coverage map (a) and supervised classification map (where 

dense and spare were amalgamated) (b). In a, the fraction of pixel area occupied by seagrass is 

calculated and then summed over all pixels and in b the number of pixels occupied by seagrass are 

summed and then multiplied by the area of a pixel. Winter 2020 was not present due to the unavailability 

of good-quality remote sensing images in this season. Note that although unvegetated and intertidal 

seagrass are evaluated over the same intertidal area, subtidal seagrass is evaluated separately. 

3.3.3 Gross primary production of seagrass and MPB 

The maps of GPP for seagrass in the Harbour showed spatial clusters (hotspots) and strong 

variations with time consistent with the coverage maps. These hotspots were mainly distributed 

in the subtidal regions of the middle Harbour and surrounding intertidal areas where the GPP 

values reached the highest (1.25–1.58 g C m−2 d−1) in summer (Figure 3.6b). A clear decline in 

productivity from hotspots to upper intertidal regions occurred. This decline ended in the 

supratidal regions where seagrass did not grow or in turbid shallow water where intolerably 

high Kd PAR values occurred and thus limited light availability. Compared with the northern and 

middle Harbour, the southern Harbour contributed the least to productivity due to limited 

seagrass distribution in both winter and summer (Figure 3.6a & b). The distribution of GPP in 

the Harbour mainly corresponded to the coverage of seagrass (Figure 3.4). 
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Figure 3. 6 The spatial distribution of seagrass (a and b) and MPB (c and d) GPP in winter and summer, 

respectively. The magenta dashed lines divide the Harbour into three parts: northern, middle, and 

southern. 

In the large unvegetated intertidal areas, MPB GPP was much less productive than seagrass. 

The productivity declined shoreward as the probability of exposure increased (lower Pmax when 

emerged, Equation 12). The MPB GPP usually declined to a minimum (0.24 g C m−2 d−1), 

which generally occurred in the regions where seagrass thrived (e.g. middle Harbour). The 

maximum MPB GPP was observed in the lower intertidal regions close to the middle Harbour 

and the southern Harbour (Figure 3.6c & d). These regions usually had the highest chlorophyll-

a concentrations and relatively low elevations which means MPB was submerged for longer 

and Pmax would be significantly higher than that when emerged. 

The dominant contributor to the total GPP in Tauranga Harbour depended on location and 

season. Between winter 2019 and autumn 2020 (also autumn 2021), both seagrass and MPB 
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contributed similar amounts to the entire Harbour productivity (Figure 3.7a) In the remaining 

seasons, seagrass contributed the highest productivity (56–65 %). In terms of location, the 

middle region was the most productive in the Harbour (accounting for 62 % ~ 66 %) due to its 

high coverage of seagrass (Figure 3.7b). Seagrass and MPB took turns to become the dominant 

contributor in the northern Harbour (Table 3.4). In the middle Harbour, seagrass was the 

dominant contributor, and exhibited minimal seasonality (Table 3.4). Conversely, MPB GPP 

derived for the southern Harbour was highest (52–64 %) due to fairly large unvegetated 

sandflats in these regions (Figure 3.4). In general, the GPP of the entire Tauranga Harbour had 

a clear seasonal spatial variation. 

 

Figure 3. 7 The variation of productivity (fixed carbon) with season from 2019 to 2022. (a) The 

averaged contributions to the entire Harbour from seagrass and MPB (b) and from the northern, middle 

and southern Harbour. 

3.3.4 Future responses of seagrass and MPB 

The response model shows how the Harbour-wide productivity estimates could alter with 

changes in turbidity and water depth. Assuming no migration of seagrass the response models 

show that with just sea level rise (Scenario 1, Figure 3.8) MPB productivity could be enhanced 
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(by 31 %) and barely impacts seagrass GPP (− 2.2 %). The increase in MPB GPP with sea level 

rise is because productivity increases substantially when it spends less time emerging (Flowers 

et al., 2023). With sea level rise and increased turbidity (Scenario 2) MPB GPP initially 

increased until it was submerged too much of the time, triggering a decline in GPP due to the 

increased turbidity and decreasing seafloor light sea levels rise (Figure 3.8). Unlike MPB, 

seagrass GPP was predicted to drop substantially (−51 %) by the year 2100 which meant they 

would no longer dominate Harbour GPP even in summer. However, the potential migration of 

seagrass habitat as sea level rises along with increased turbidity can cause a big difference in 

predicted productivity, particularly for seagrass (Scenario 3, Figure 3.8). Seagrass initially 

shows a rapid increase in productivity as it migrates shoreward to the present upper intertidal 

area, which was previously occupied by MPB reducing MPB production (relative to the case 

with no migration). Nevertheless, MPB still maintained a slow increase in their GPP despite 

the expansion of seagrass. This was because the elevated productivity associated with the 

additional time MPB was submerged compensated for the smaller habitats. As sea level 

continues to rise, turbidity and water depth restrict light availability substantially, the 

productivity of both seagrass and MPB will suffer a decline by the end of this century. 
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Figure 3. 8 The relationships between the sea level rise (year) and the rate of change of seasonally 

fixed carbon from seagrass and MPB without (Scenario 1) and with increasing turbidity (Scenario 2) 

and with allowing expansion of seagrass meadows (and including the effect of varying turbidity) 

(Scenario 3). 

3.4 Discussion 

In this study, we demonstrate how seagrass coverage derived using machine learning and 

remote sensing can be used as a basis for estimates of seagrass and MPB GPP over large 

complex estuarine systems. With the use of remote sensing imagery, this model can identify 

productivity hotspots in inaccessible areas, deal with patchy environments and upscale the 

results from sparse in situ measurements to create broad-scale assessments. By using these 

detailed seagrass coverage maps with a locally-informed P – I model, and changing the 

environmental parameters in the model (i.e. light intensity, light attenuation, water depth), GPP 

distribution can be predicted and used to project the potential impact of future responses to 
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environmental conditions (e.g. turbidity changes and sea level rise) by changing diffuse 

attenuation coefficients and water depth. In addition, by retraining the classification on other 

input spectral information, this model could be extended to detect other types of seagrass (e.g. 

Thalassia, Syringodium and Halodule) in other estuaries and/or for different seasons because 

of their different reflectance in red and NIR bands (Thorhaug et al., 2007). Therefore, the 

spatial GPP results provided by this model can underpin management actions aimed at, for 

example, selecting sites for restoration in the intertidal or monitoring the general health status 

of vegetation in estuaries and potentially as a basis for understanding changes to blue carbon 

storage. In Tauranga Harbour, restoring seagrass to all intertidal areas of the Harbour to achieve 

the same GPP as the middle Harbour could potentially result in a twofold rise in the amount of 

carbon fixed by the Harbour. 

Although machine learning techniques have been used to detect presence/absence in previous 

studies, here we extend these techniques to estimating percentage coverage, producing 

promisingly accurate spatially-resolved seagrass distribution results. Supervised classification 

using random forest provided an overall accuracy of 0.96 (Table 3.2), which was substantially 

higher than using maximum likelihood, support vector machine or convolution neural network 

(e.g. Ha et al., 2021a; Scarpetta et al., 2022). This is likely because random forest can maintain 

accuracy by automatically estimating missing data and balancing the errors from biased classes 

(Breiman, 2001). For % coverage prediction, all three models returned relatively good results 

although RFR performed the least well compared to ANN or SVR when the % coverage is low 

(the % coverage values around 0.29 decreased the accuracy) (Figure 3.4). Due to the 

introduction of % coverage, the seagrass area derived from this model is more nuanced, 

allowing the characterisation of small seagrass growth hotspots relative to the direct use of 

supervised classification (Ha et al., 2021). Although subtidal training data were not collected 
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for seagrass coverage and high attenuation could potentially change the spectral information of 

submerged seagrass, the accuracy of subtidal estimates was confirmed (the difference was −4.8 

± 9.1 %) by comparing intertidal seagrass detected at mid-tide (when submerged) and low tide 

(when emerged) using images from adjacent dates (Figure S5). Tauranga Harbour has very 

little subtidal seagrass, and the existing subtidal seagrass is mostly distributed in shallow water. 

Therefore, errors arising from water column effects are unlikely to significantly impact the 

results. 

The machine learning derived estimates of seagrass and MPB GPP were relatively consistent 

with the literature. Our seasonally averaged seagrass GPP (1.52 ± 0.14 g C m−2 d−1, estimated 

from Figure 5a & 7) was similar to in situ measurements (0.64–1.87 g C m−2 d−1, transformed 

from hourly measurements) collected in 3 estuaries across New Zealand (Bulmer et al., 2018). 

Globally, our values also correspond to the estimates generated from similar temperate 

environments (0.9–1.28 g C m−2 d−1; Erftemeijer et al., 1993; Moriarty et al., 1985). At an 

annual scale, the unvegetated flat GPP we estimate was 105 ± 9 g C m−2 year−1, similar to that 

calculated by Migné et al. (2004) (110 g C m−2 year−1) and close to the range reported by 

Méléder et al. (2020) (3.7–94 g C m−2 year−1). Generally, MPB GPP in the harbour (0.27–0.31 

g C m–2 d−1) was somewhat higher than other sites in Europe (e.g. 0.08–0.11 g C m−2 d−1, Jacobs 

et al., 2021) but the latter estuaries are muddier and likely more turbid than in New Zealand, 

which could significantly restrict the primary production (Douglas et al., 2018). 

The GPP model developed in this study is useful to determine the dominant primary producer 

in the Harbour, and to investigate the potential contributing factors to the existing hotspots. 

The Pmax values for MPB were lower than those of seagrass during both tidal states (submerged 

and emerged), and in both habitats, Pmax was lower during emergence (Flowers et al., 2023). 

Season and location are the two main factors controlling the spatial distribution of intertidal 
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GPP. Seagrass was more likely to dominate the gross primary production in the whole Harbour 

in warm seasons and its dominance is trending upward in recent years due to its higher Pmax 

and expanding areal distribution (even now extending to subtidal areas) (Crawshaw et al., 

2023). The expansion is likely because Tauranga Harbour water temperatures have been 

increasing in winter which would increase the growth of seagrass (Lee et al., 2007) even though 

temperature is not included in our model, temperature would correlate with reduced light 

intensity in winter and spatial patterns are likely driven by variations in light availability caused 

by emergence/submergence time and turbidity (Gattuso et al., 2006). 

Upscaling from in situ measurements, the model neglects a number of ecophysiological 

adaptations in both seagrass and MPB as well as their interactions with the surrounding 

environment (Keyzer et al., 2020; Repolho et al., 2017). For example, seagrass has 

morphological plasticity as an adaptation to limited light conditions (i.e. changes in pigment 

compositions, Davey et al. (2018) and Ferguson et al., 2016) and chronic temperature increases 

(i.e. reductions in leaf and shoot coverage, York et al. (2013)). Seagrass has the capacity to up-

regulate productivity to compensate for insufficient GPP during submergence while MPB does 

not possess this feature (Drylie et al., 2018). Neglecting these effects is likely to result in an 

underestimation of the seagrass GPP. However, considering that Tauranga Harbour currently 

remains relatively stable with respect to turbidity and temperature, most seagrass and MPB 

receive sufficient light for photosynthesis. Therefore, the missing GPP is not expected to 

significantly alter the overall GPP values. 

The GPP model can provide some insight into the potential impact of sea level rise and climate 

change on the current seagrass and MPB GPP distribution (Figure 3.8 and Figure S6). 

Obviously, such a simple model neglects many effects such as changes to hydrodynamic 

conditions, morphology and potential habitat gains and losses. Nevertheless, the model can 
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highlight hotspots that are expected to experience a substantial decline in GPP due to sea level 

rise and climate change (such as the middle Harbour, Figure S6). The future GPP distribution 

maps suggest that seagrass and MPB might migrate shoreward to access improved light 

conditions (Figure S6), as shown in other studies (Short and Neckles, 1999). Indeed, when we 

allowed the seagrass in the model to migrate to better light conditions, seagrass productivity 

was enhanced. Our model highlights the important role of future turbidity changes on rates of 

GPP, although in reality, resuspended sediments caused by storms in the future may make it 

difficult to detect trends caused by sea level rise (Pu et al., 2014). The model projections 

suggest that the soft sediment ecosystems in Tauranga (consisting of seagrass and MPB) were 

highly sensitive to changes in turbidity, as are many low-nutrient/high light systems (Pratt et 

al., 2014). Such behaviour is an example of the non-linear feedback that drives environmental 

conditions in estuaries. For example, our higher-turbidity projections show stable MPB 

productivity for a long period of time, but ultimately a decline after 60 years (Scenario 2, Figure 

3.8), showing how the dependency between water depth and turbidity can show rapid changes 

over short time frames. Although the model only includes changing turbidity, turbidity inputs 

in Tauranga are associated with the introduction of nutrients, generally occurring during high 

catchment run-off winter months (Tay et al., 2011). This highlights the complex relationship 

between turbidity and nutrients that often occur in estuaries, where turbidity changes could 

trigger a cascade of ecological impacts. Although the reduced turbidity scenario clearly shows 

better outcomes for seagrass and MPB productivity, reduced turbidity would be associated with 

reduced nutrient loading (Statham, 2012), and therefore may ultimately limit productivity in a 

low-nutrient environment like Tauranga Harbour. 

The model presented in this study shows how a large-scale, rapid, and relatively precise 

assessment of the gross primary productivity (GPP) of the dominant primary producer species 
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can be undertaken in an intertidal estuary using remotely-sensed information. The model has 

many simplifying assumptions, for example, that literature-derived parameters of P – I curves 

are consistent everywhere in the Harbour and productivity scales with % coverage (seagrass) 

and chlorophyll-a (MPB) with no sensitivity to other environmental factors. In a future study, 

more drivers could be included in the model to improve the accuracy of prediction like 

temperature (positively affects metabolic rates), salinity (impacts the osmotic pressure in the 

cells), oxygen (supplies metabolism) and nitrogen and phosphorous (necessary nutrients), all 

of which will contribute to productivity (Pratt et al., 2014). 

3.5 Conclusion 

In this study, we show how freely available remote sensing information and machine learning 

can be used as a basis of a model to estimate the seagrass distribution and coverage, which in 

turn was used as a basis for designing a spatially-resolved GPP model. Compared to the in situ 

measurements, the seagrass coverage was accurately predicted (R2 = 0.71, RMSE = 0.111). By 

referencing the P – I curves for seagrass and MPB, this model was extended to provide a spatial 

map of GPP with the input of water depth, solar irradiance and Kd PAR. We show the utility of 

our model by applying it to a complex case-study estuary (Tauranga Harbour) and found that 

the dominant contributor to the GPP in the entire Harbour depends on both location and season. 

Projections using this simple model describe how sea level rise and climate change might affect 

the dominant role of seagrass within this estuary as a result of increasing turbidity. As such, 

for Tauranga Harbour, controlling water turbidity will be critical to prevent losses of GPP from 

sea level rise and climate change. 
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Supplementary materials 

S1 Estimating MPB chlorophyll-a concentration 

Previous studies indicated that NDVI (normalized difference vegetation index) can accurately 

predict chlorophyll-a concentrations in the unvegetated flats (e.g. Daggers et al. 2018). 

Therefore, by establishing an empirical relationship between NDVI and in situ measured 

chlorophyll-a concentration from Flowers et al. (2023) and Park (2020) (Figure S1). We were 

able to create a spatial distribution map of chlorophyll-a concentration. 

 

Figure S1 (a) The empirical regression between NDVI and in situ measured chlorophyll-a 

concentration (μg g-1). (b) The spatial distribution of chlorophyll-a concentration based on the 

empirical regression (a), where the NDVI has been weighted by (1-seagrass % coverage) (2022 summer 

image). 

S2 Estimating seagrass Pmax and MPB Pmax 

In order to obtain the spatial distribution of Pmax, we employed quantile regressions (Figure S2) 

between literature-derived seagrass coverage (%) and GPP (Flower et al., 2023). It is important 

to note that the recorded seagrass GPP encompassed a significant proportion of MPB GPP 

(seagrass coverage varied within the range of 38% to 64% (Figure S3), with the remaining 
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fraction occupied by MPB as evidenced by the chlorophyll-a content of the sediments from 

these treatments). Therefore, we refined the seagrass GPP calculation by excluding the MPB 

contribution (as detailed in Equation S1) based on the P – I curve developed for unvegetated 

flats, with parameters listed in Table 1. 

𝐺𝑃𝑃𝑠𝑒𝑎𝑔𝑟𝑎𝑠𝑠 = 𝐺𝑃𝑃𝑖𝑛 𝑠𝑖𝑡𝑢 − (1 − 𝐶𝑆𝐺) × 𝐺𝑃𝑃𝑀𝑃𝐵 𝑃𝐼 (𝑆1) 

where GPPMPB PI was derived from the MPB P – I curve. GPPin situ and CSG are the recorded 

seagrass GPP and seagrass coverage, respectively. 

Quantile regressions from Q50 to Q90 were then tested to establish the best relationship 

between true seagrass GPP and coverage at submergence and emergence. Both Q90 regressions 

were found significant (0.011 when submerged and 0.000 when emerged, Figure S2). 
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Figure S2: Q90 regressions between literature derived seagrass coverage (%) and GPP when 

submerged (a) and emerged (b) (from Flowers et al., 2023). Q90 regressions between literature derived 

MPB Chlorophyll-a and GPP when submerged (a) and emerged (b) (from Flowers et al., 2023, Mangan 

et al., 2020, Pratt et al., 2014). 

By combining the Q90 regressions and machine learning derived seagrass coverage maps, we 

upscaled the literature-derived point measurements to the entire Harbour. We also investigated 

the cumulative probability distribution of the seagrass % coverage mapped over the whole 

Harbour (using summer 2019), to examine whether these data had the same range as those used 

in the Q90 regression. The results revealed that only 5% of seagrass coverage surpassed 80%, 

indicating minimal impact on seagrass GPP estimates if Pmax remains constant beyond this 

threshold (Figure S3). 

 

Figure S3: The cumulative probability function of the machine learning derived seagrass coverage (%) 

in 2019 summer. 

Similarly, to the seagrass method, quantile regressions from Q50 to Q90 were tested to 

establish the best relationship between chlorophyll-a concentration and MPB GPP (Figure S2). 
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More literature derived data were included in the analysis (Flower et al., 2023; Mangan et al., 

2020; Pratt et al., 2014) to improve the degrees of freedom.  

S3 Estimate of migration 

Although the expansion of seagrass habitats as sea level rises is unknown, to provide insight 

into how this might change future predictions, we assume that seabed light intensity is the 

primary control on the distribution of seagrass habitat (coverage) and MPB chlorophyll-a. 

Therefore, we used the current seasonally averaged seagrass % coverage and chlorophyll-a 

concentration to establish the relationships with current seabed light intensity (Figure S5). 

Future seabed light intensity was then used to determine future seagrass distribution (with the 

remaining area occupied by MPB). MPB productivity was scaled with estimated future 

chlorophyll-a. Additionally, we assumed that seagrass could only expand from the existing 

meadows to surrounding areas (pixels) at ~20 m2 per year (averaged value derived from in situ 

measurement, Matheson et al., 2022).  
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Figure S4 The observed relationship between seasonally averaged seabed light intensity and seagrass 

coverage and MPB Chlorophyll-a concentration, fitted to observations on Feb 24th, 2022. 

S4 Comparison between the detected seagrass coverage maps 

In order to validate the accuracy of the predicted seagrass coverage, we compared intertidal 

seagrass detected at mid-tide and low tide using images from adjacent dates.  

 

Figure S5 The difference between the detected seagrass coverage at a low tide and middle tide on the 

adjacent days (September 7 and 19, 2021). 
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S5 The spatial distribution of percentage changes of seagrass and MPB 

 

Figure S6 The comparisons at each pixel in the intertidal between the GPP of seagrass and MPB at the 

present and when a 1 m increase in sea level occurs with/without varying turbidity due to sea level rise 

and climate change, respectively.  
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Chapter 4  

Toward Improved Estimates of Suspended Sediment 

Delivery to Fringing Estuarine Wetlands 

Shao, Z., Bryan, K. R., Vetrova, V.  Toward Improved Estimates of Suspended Sediment 

Delivery to Fringing Estuarine Wetlands.  In preparation to submit to Ocean Modelling. 

 

 

 

 

Ōhiwa Harbour 

(Source: New Zealand Geographic) 
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Abstract 

As a dynamic component of the coastal ecosystem, suspended cohesive sediment in fringing 

regions influences geomorphological features, controls light availability, and serves as a 

transport medium for pollutants. Therefore, monitoring suspended sediment concentration 

(SSC) at scale is essential for understanding the resilience of wetlands and thus safeguarding 

the surrounding coastal ecosystem. In this study, a novel model was developed to enable 

continuous estimation of SSC in present and future estuarine environments, by combining 

intermittent satellite observations with numerical process-based modelling (Delft3D-Flow). 

Specifically, the prediction model consisted of two steps: (1) comparing the Delft3D-derived 

SSC with corrected satellite data and using K-means classification to categorise the differences 

into classes; (2) developing a random forest regression model for each class to predict the 

satellite-derived SSC using Delft3D-derived SSC and other physical parameters. The 

prediction model demonstrated impressive accuracy in predicting SSC testing data (R² = 0.80, 

MAE = 10.10), and was a substantial improvement on the SSC predictions derived solely from 

Delft3D simulations, assessed by comparing to a short-term deployment of in situ sensors (49% 

improvement). Different ways of accounting for incoming SSC supply to fringing wetlands 

(C0) in elevation models show strong sensitivity to method. Therefore, using a real-time 

observation-based model such as our prediction model may result in a step change in accuracy 

in estimates of sediment budgets for coastal wetlands.  
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4.1 Introduction 

In estuaries and coastal lagoons, suspended sediment concentration (SSC) plays a critical role 

in controlling light attenuation and dynamics of net erosion-accretion, impacting benthic 

primary productivity and contributing to shaping seafloor geomorphology (Elias et al., 2012; 

Miller & Zepp, 1979). Variations in SSC in the water column depend on both natural factors 

(e.g., river discharges, rainfall, tidal and wave action) (Wang et al., 2018) and anthropogenic 

parameters (e.g. land use, dredging and navigation) (Shin et al., 2013). By enhancing the 

accretion of mud flats, coastal vegetation helps maintain coastal resilience by controlling the 

balance between the supply of SSC to the coast and sedimentation (D’Alpaos et al., 2007). 

Moreover, in recent years, the escalating challenges of sea level rise and climate change have 

contributed to land degradation through the increased intensity of coastal flooding and erosion 

(Borrelli et al., 2020), ultimately associated with an upward trend of SSC in coastal waters (e.g. 

Asia and New Zealand, Neverman et al., 2023; Yunus et al., 2022). Therefore, there is 

increasing pressure to establish methods to provide continuous and accurate SSC predictive 

models for coastal regions on which to base effective mitigation and adaptation methodologies.  

As a significant constituent of suspended sediment, the bio-physical interactions between fine-

scale cohesive sediment and fringing areas during accumulation can ultimately determine the 

fate of the low-lying wetlands. The accumulation process begins with the transport of fine 

particles such as clay and silt (with particle diameter＜63μm) (Bordovskiy, 1965). The 

suspended cohesive sediment in the water column tends to flocculate and form larger 

aggregates, known as flocs, due to the inter-particle and physical-chemical forces of attraction 

and repulsion (Partheniades, 1962; Stone et al., 2021). The increased size of these flocs allows 

for faster settling and deposition in fringing environments such as mangrove and salt marsh 
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wetlands (Manning & Dyer, 2007) because the presence of their intricate root systems can 

cause frictional reductions, attenuating the incoming water velocities and trapping suspended 

flocs (Krauss et al., 2003; Lee et al., 2014). Over time, these deposited sediments consolidate, 

reducing in volume and increasing in density. This process is further influenced by 

microorganisms and plant roots, which stabilize the sediment and restrict seabed erosion (Lee 

et al., 2014; Roskoden et al., 2020) with higher exposure temperatures and durations increasing 

erosion thresholds (Nguyen et al., 2019). Therefore, for vulnerable low-lying coastal wetlands, 

the rate of sediment deposition is a major control on surface elevation and thus on resilience to 

the effect of sea level rise (Krauss et al., 2014).  

In order to quantify the importance of SSC and sediment accumulation on wetland resilience, 

a combination of local measurements and model simulation is the most common approach. 

Surface elevation tables (SET) and sediment core analysis are widely used in situ methods for 

smaller-scale assessments (Thomas & Ridd, 2004). These local results provide accurate 

cohesive fraction accumulation rates and function as validation for large-scale modelling of the 

coastal environments (Thomas & Ridd, 2004). Popular spatially and temporally-resolved 

models include Regional Ocean Modelling System (ROMS) and Delft3D, which were 

developed for hydrodynamic simulations over deep bathymetry (Shchepetkin & McWilliams, 

2005) and shallow flows in coastal areas (Roelvink & Van Banning, 1995), respectively. 

ROMS emphasizes the interaction of cohesive sediments with broader oceanographic 

processes, such as currents, eddies, and thermohaline structures (Sherwood et al., 2018). 

Conversely, Delft3D  was more developed around the detailed behaviour of SSC occurring 

under various estuarine and nearshore hydrodynamic conditions (in the flow Flow or Wave 

modules) and incorporating a range of relevant sediment characteristics (Lesser et al., 2004). 

Delft3D has a strong focus on the interactions between physical processes directly affecting 



105 
 

sediment transport, such as turbulence, wave-current interactions, and bed shear stress (Lesser 

et al., 2004). A significant impediment to these highly-resolved models is the availability of 

calibration and verification data needed to ensure accuracy, particularly of the suspended 

sediment modelling components. Other more simple modelling approaches have been used to 

quantify the accumulated sediments in the coastal wetlands over large scales based on the zero-

dimensional mass balance equation during each tidal cycle (French, 1993; Krone, 1987). These 

models are aimed at understanding long-term sediment accumulation at a specific point, which 

is presumed to represent the sediment dynamics of the entire marsh platform (Kirwan & 

Temmerman, 2009; Morris et al., 2002; Temmerman et al., 2003; Temmerman et al., 2004). 

Although the computation efficiency of these models is attractive, the assumptions needed to 

simplify their structures are not well tested. 

Spaceborne remote sensing equipped with high-resolution sensors is one of the efficient tools 

for monitoring SSC at a large scale. With appropriate correction on the reflectance of optically 

shallow water, spaceborne remote sensing equipped with high-resolution sensors is one of the 

efficient tools for monitoring coastal SSC at a large scale with appropriate correction on water 

reflectance. As a consequence, remote sensing is increasingly used to monitor the overall water 

health including sediment conditions, particularly after the launch of large-swath ocean colour 

satellites (i.e., Landsat, Sentinel-2, Terra and Aqua) (Groom et al., 2019). Although the 

incoming/outgoing tides and seafloor returns can significantly bias the signals in the coastal 

fringing regions, several correction techniques (such as using Hydrolight and Lyzenga’s model) 

are available to obtain true water reflectance in visible bands and thus allow observations of 

light attenuation (Lyzenga, 1981; Mobley & Sundman, 2008; Shao et al., 2022). By building 

empirical relationships with in situ measurements, the corrected visible bands and near-infrared 

band (NIR) can be used to quantify and analyse the spatial and temporal variations of surface 
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SSC in turbid coastal environments (Doxaran et al., 2009; P. Li et al., 2019; Zhang et al., 2014). 

With the implementation of machine learning (e.g. convolutional neural network) on retrieval 

algorithms, the accuracy of estimating SSC based on reflectance has significantly improved 

(Han et al., 2018). The relatively straight forward detection of shorelines using remote sensing 

makes it possible to record substantial and obvious changes in coastlines due to sediment 

accretion and erosion (Fan et al., 2018). However, due to the limited hydrodynamic and 

geomorphic information conveyed by remote sensing, there are very few models using satellite 

imagery to provide instant accurate temporal and spatial predictions of SSC, which can be used 

to model sediment accumulation. 

In this study, we address an important technical gap in how to evaluate the control of suspended 

sediment supply on estuarine wetland resilience. To achieve this, we developed a machine 

learning model that was trained on remote sensing imagery and also enhanced with process-

based information for improved predictive accuracy. Specifically, we integrated basic 

spatially-resolved hydrodynamic and geomorphic data from numerical modelling (Delft3D), 

and bathymetric/topographic surveys to optimize the predictive model. The improvements 

provided by the machine learning model were then assessed in an application of simple models 

(0-point models)for settled/deposited sediments in a fringing mangrove wetland.  

4.2 Methods and materials 

4.2.1 Study area and required data 

This study was conducted in Ōhiwa Harbour (-37.99°, 177.09°), which is a large intertidal 

estuary (approximately 26.4 km2) enclosed by two barrier sand spits (Figure 4.1) in New 

Zealand. The Harbour is predominantly shallow with approximately 83% of its area composed 
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of emerged sand and mudflats during low tide (Park, 2005). Infilling and rapid changes in the 

Harbour are primarily driven by the introduction of sediments from the open coast, particularly 

through the harbour entrance where channelization occurs (Park, 1991). Close to the southern 

extent of their range, the dominant vegetation in the fringing wetland areas are mangroves 

(Avicennia marina subsp. australasica). Such mangrove environments have been shown to 

buffer the effects of storms by reducing erosion from wave action, slowing peak flows during 

flooding and enabling the additional deposition of sediment/nutrients in the intertidal regions 

(Mazda et al., 2002).  

 

Figure 4. 1  Map of long-term in situ SSC sampling using Aquadopp and OBS3+ deployed by Bryan et 

al. 2023( Site 1 – 5) and short-term in situ SSC measurements (ML081799 & ML335393) collected by 

the Bay of Plenty Council as well as the locations of river discharges and sediment release points. The 

water depth of deep channels was retrieved at 11:16 AM, January 20th 2023 based on the Delft3D 

hydrodynamic model mentioned in Section 4.2.2.  
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This study used a combination of the Sentinel-2 Level-2A atmospheric corrected data products 

(downloaded from the European Space Agency) and the hydrodynamic and geomorphic results 

derived from a Delft3D-Flow model. A total of 47 Sentinel-2 images ranging from 2019 to 

2022 at 10 m resolution with cloud coverage less than 5% were selected for the study.  In order 

to calibrate parameters used in the Delft3D model, a field survey was carried out to collect in 

situ measured hydrodynamic and suspended sediment observations at Site 1 – 5 using Nortek 

Aquadopps equipped with optical backscatter sensors (OBS3+) from 19th April to 17th May 

2021 (summarised here, with further detail provided in Bryan et al., 2023). The suspended 

sediment concentration in the water column derived from the sensors was calibrated in the 

laboratory with a mixture of native sediments collected through extensive grab sampling across 

the Harbour, which were also used to inform the numerical modelling configuration (Bryan et 

al., 2023 & La Croix, 2022). These in situ SSC measurements were used to tune the Delft3D 

model and to develop a relationship to convert satellite reflectance to SSC.  

4.2.2 Methods 

Figure 2 shows a flow chart of the approach used to develop a new predictive model for SSC. 

In Bryan et al. (2023), the Delft3D-Flow model was tuned using the in situ SCC measurements 

in the water column (locations shown in Figure 4.1), forming the basis of the new prediction 

model. Nine data points collected at Site 1 – 5 from the in situ observations, which matched up 

with the pixels when Sentinel-2 revisited, were used to develop a conversion between 

reflectance and SSC. Two machine learning techniques were involved in developing the 

prediction model: K-Means classification and random forest regression. The techniques were 

utilized for two purposes respectively: (1) to group pixels into clusters based on discrepancies 

between satellite and Deflt3D-Flow derived SSC data and (2) to develop prediction models 

trained on satellite imagery for each cluster with Deflt3D-derived SSC and other 
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geomorphic/hydrodynamic parameters using random forest regression (Figure 4.2). The 

discrepancies in step 1 were quantified by root mean square error (RMSE), as a measure of the 

difference between observed (satellite-derived SSC) and numerical modelling derived results. 

The predictive SSC model was then compared with other common ways of representing SSC 

in simple (e.g. 0-point) models to estimate sediment deposition in a fringing wetland region in 

Ōhiwa Harbour.  

 

Figure 4. 2 The flow chart showing how the prediction model was developed based on numerical models 

and in situ measurements using machine learning. 

4.2.2.1 Delft3D-Flow model setup and satellite data processing 

In this study, we used a 2D depth-averaged approach — Delft3D-Flow model, which solves 

unsteady shallow water equations. The model was developed for a study on the sediment 

dynamics of Ōhiwa Harbour (Bryan et al., 2023), and consisted of two non-cohesive fractions 
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(sand) and two cohesive fractions (silt/mud), with spatially varying bed composition. The 

modelling of non-cohesive sediment involved specifying the median sediment diameter (D50) 

and bed density (Table 4.1). For the cohesive fraction, the parameter set included reference 

density for hindered settling, specific and dry bed density, fresh and saline settling velocity, 

and critical bed shear stress for both erosion and deposition (Table 4.1). The Engelund-Hansen 

sediment transport formulation was used (Engelund & Hansen, 1967), and parameters were 

confirmed using in situ observations of water level, current and SSC collected by Nortek 

Aqudopps and OBS3+ (location in Figure 4.1). Although hydrodynamic calibration yielded 

Brier Skill Scores of 0.59 – 0.92 (Bryan et al., 2023), spatial sediment calibration was more 

challenging. The difficulty arose from inadequate knowledge of the parameters required for 

configuring the sediment model, coupled with a lack of spatially-resolved calibration data 

(Bryan et al., 2023). Addressing this difficulty was the motivation for the new methodology 

presented here. Here we focused on the modelled cohesive sediment fractions (the two mud 

fractions) as a basis for an improved method to model SSC because these are key drivers of 

fringing wetland resilience and are more likely to be well detected by satellite reflectance.  

Table 4. 1 Parameters set for the Deflt3D-Flow model to derive SSC. 

Sediment types 
Cohesive 

fractions 

Non-cohesive 

fractions 

 Mud-1 Mud-2 
Coarse 

sand 

Fine 

sand 

Reference density for Hindered settling (kg m-3) 1600 1600 1600 1600 

Specific density (kg m-3) 2650 2650 2650 2650 

Dry bed density (kg m-3) 500 500 1600 1600 

Fresh settling velocity (mm s-1) 0.1 0.1 — — 

Saline settling velocity (mm s-1) 0.15 0.1 — — 

Critical bed shear stress for sedimentation (N m-2) 1000 1000 — — 

Critical bed shear stress for erosion  (N m-2) 0.1 0.05 — — 
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D50 (μm) — — 350 64 

 

Band Red (665 nm) and Band Near Infrared (NIR, 833 nm) from Sentinel-2 were selected as a 

basis for spatially-resolved observations of SSC because of their strong correlation with 

sediment concentration in shallow (Caballero et al., 2018) and deep channels (Caballero et al., 

2018; Isidro et al., 2018), respectively. Therefore, we established empirical relationships 

between reflectance in Band Red and SSC in the shallow water and between reflectance in 

Band NIR and SSC in the deep channels using the nine in situ data points from the short-term 

measurements. Due to the significant contribution from the seabed to the water reflectance 

(especially visible bands) in the shallow regions (water depth < 2m), we applied seabed 

correction on Band Red using modified Lyzenga’s algorithms (Lyzenga, 1981; Shao et al., 

2022). This seabed correction reduced the spatial resolution of the original data from 10m to 

20m, which aligned with the Delft3D flow model grid size (20m). Band NIR was directly used 

to estimate SSC in the deep channels (without seabed correction) as the NIR reflectance 

remains constant in shallow water and decreases significantly afterwards due to the high 

frequency of the NIR electromagnetic waves and water absorption properties in this band 

(Filippucci et al., 2022; Gilvear et al., 2007).  The satellite-derived SSC was then used as 

observed data for comparison with Delft3D-derived SSC, facilitating the development of the 

SSC prediction model. 

4.2.2.2 Using machine learning to develop the prediction model  

4.2.2.2.1 K-means clustering classification 

In order to evaluate the spatial distribution of the difference between satellite and Delft3D-

derived SSC, we calculated the root mean square error (RMSE) (Equation 1). Through the 
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process of classification, the areas requiring the same correction could be effectively grouped 

based on their RMSE values. 

RMSE =  √
1

𝑛
∑(𝑆𝑆𝐶𝑠𝑎𝑡 − 𝑆𝑆𝐶𝐷𝑒𝑙𝑓𝑡)

𝑛

𝑖=1

(1) 

where SSCsat is the satellite-derived SSC and SSCDelft is the Delft3D-derived SSC. 

In this study, we used K-means clustering to process classification on the RMSE map. K-means 

clustering is an unsupervised machine learning algorithm based on Euclidean distance, which 

aims to partition the data into optimal numbers of groups without prior assumptions about the 

error types (Sinaga & Yang, 2020). The selected method for determining the optimal number 

of clusters is the elbow method in which the within-cluster-sum of squared errors (WSS) are 

calculated (Sinaga & Yang, 2020). This method can identify the spatial patterns of RMSE 

derived from satellite and Delft3D SSC, which enables the characterization and categorization 

of different types of errors presented in the SSC maps (Sinaga & Yang, 2020). The selected 47 

images ranging from 2019 to 2022 were used to calculate the RMSE to obtain the 

classifications. 

4.2.2.2.2 Random forest 

In order to predict SSC based on the Delft3D-derived results within each class defined by the 

K-means clustering, we used random forest regression. As a supervised learning algorithm, 

random forest combines the principles of decision trees and ensemble learning, which makes 

it particularly effective for both classification and regression (Breiman, 2001). Considering 
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both Delft3D and satellite-derived SSC might contain a certain number of outliers (clouds, 

shadows, exposed regions etc.), random forest is the optimal technique because of its low 

sensitivity to outliers. This is because random forest builds multiple regression trees 

independently by using different bootstrapped sample subsets and thus each tree relies on its 

subset (Steinberg & Colla, 2009). In this process, the robustness against anomalies or exposed 

regions is enhanced, as each tree is based on a unique subset of data, reducing the impact of 

outliers that may be present in one subset but not in others. In addition, random forest 

demonstrates robustness against overfitting as each node of a tree is partitioned based on a 

randomly selected independent variable from the entire set of variables. (Liaw & Wiener, 2002), 

which can substantially reduce the biases on the predicted SSC values. 

In the prediction model using random forest, the input features included the SSC extracted at 

each grid cell from the Delft3D cohesive sediment transport model, the location of each grid 

cell (X, Y), the distance from each grid cell to the entrance of the Harbour, water depth, 

gradients in water level (calculated as the difference between two consecutive water levels at 

10 min intervals), wind speed and direction (Figure 4.2). The location of the grid cell affects 

how cohesive sediments are transported, influenced by river inflow and anthropogenic 

activities. The distance is also highly related as cohesive sediment can travel long distances 

during a single tide,  and cohesive sediment tends to deposit the furthest from the entrance 

(Whiting et al., 2005). Water depth and tidal height gradients effectively indicate the 

hydrodynamic conditions at each grid cell, indicating whether it is exposed or inundated and 

whether the tide is incoming or outgoing (Allen et al., 1980; Williams, 1970). Wind speed and 

direction can influence the surface waves and current patterns and thus result in sediment 

resuspension (Chao et al., 2008). Wind waves were not included in the Delft3D modelling, and 
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we hypothesise that these effects can be learned from the wind conditions, location and distance 

from the entrance, where the latter two would determine the fetch.  

Datasets were randomly split into training/validation (70%) and testing (30%). Grid search 

with five-fold cross-validation was introduced to obtain the optimal values for two main 

hyperparameters of random forest (number of estimators and maximum depth). Two variables, 

mean absolute error (MAE, robust to outliers) and coefficient of determination (R2), were used 

to evaluate the performance of the model when different values of hyperparameters were 

applied (Equations 2 & 3). Apart from the testing data, we also compared the cohesive SSC 

values from the prediction model with long-term measurements collected by the Bay of Plenty 

Council at two sites shown in Figure 1 and the SSC values from the five continuous in situ 

measurements (collected by Bryan et al., 2023, Figure 4.1) to evaluate the prediction model’s 

overall performance.  

MAE =  
1

𝑛
∑ |𝑦 − 𝑦̂|⬚

⬚

⬚

(2) 

𝑅2 = 1 −
∑(𝑦 − 𝑦̂)2

∑(𝑦 − 𝑦̅)2
(3) 

Where 𝑦̅  represents the mean value of satellite-derived SSC and 𝑦̂  represents a value of 

corrected data using random forest. Note that in situ measurements were used to tune the 

numerical model and to develop a conversion between the remotely-sensed reflectance and 

SSC, so only the comparison with the council's long-term measurements constitutes an entirely 

independent test of performance. Nevertheless, the comparison to in situ measurements is a 

measure of the new model’s ability to capture temporal variability not already captured by 
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Delft3D  A despiking algorithm (moving median, window size = 50) was applied to eliminate 

the outliers from the predictions from the new model (Arce, 2005).  

4.2.3 Calculating the incoming cohesive sediments and accumulation 

In order to determine the importance of our new predictive model to estimate the sediment 

accumulation in fringing mangrove areas accurately and thus understand the wetland resilience,  

we trialled four different approaches to applying simple (0-point) models and compared their 

results. In these trials, we used either the in situ measured, the Delft3D-derived or the new 

prediction model derived values to inform the appropriate value to use for incoming cohesive 

sediments supply to the fringing wetland in the simple models (C0) (Table 4.2). Site 5 was 

selected for the trial as it was located seaward of the main mangrove-dominated fringing 

environment in Ōhiwa Harbour. The models were run for 23 days from April to May 2021. 

Table 4. 2 Three trialled models using different assumptions on the incoming cohesive sediments and 

ebbing sediments. 

Model name The incoming 

cohesive 

sediments  

(C0) 

The ebbing 

cohesive 

sediments  

(C1) 

Data source Reference 

Krone’s model Constant None Short-term in situ 

measurements 

Krone, 1987 

Temmerman’s 

model 

Time-varying None Linear model 

based on water 

level and short-

Temmerman et 

al. 2003 & 2004 
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term in situ 

measurements 

Model Cout=0 Time-varying None Delft3D or the new 

prediction model 

 

Model Cout variable Time-varying Time-varying Delft3D or the new 

prediction model 

 

Notes: “None” indicates that there is no sediment flux during ebb tides. The in situ measurements were 

from Site 5 (Figure 4.1) in Bryan et al. (2023). 

The four models incorporated different assumptions on how C0 and ebbing suspended sediment 

concentration (C1) were evaluated (Table 2). Krone’s model assumed that C0 was constant for 

all inundation cycles and that there was no sediment flux during ebbing tides. We used the 

temporally averaged SSC derived from the short-term in situ measurements collected during 

flood tides (Figure 4.1, Bryan et al., 2023).  

Temmerman’s model assumed that C0 was linearly related to vegetation inundation height 

recorded at high tide while still neglecting the export of sediment during ebbing tides (Equation 

4): 

𝐶0 = 𝑘(ℎ𝐻𝑊𝐿 − 𝑧) (4) 

where ℎ𝐻𝑊𝐿 is the water level at high tide (m), 𝑘 is an empirical parameter (kg m-4), and z is the 

elevation of the wetland surface (m). In this study, the value of 𝑘 was calculated as 0.015 kg 

m-4 which was derived from the short-term in situ measurements at site 5 (which consisted of 

46 high tides).  
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In the additional two new models, “Model Cout=0” was parameterised assuming that C0 was 

time-varying. In this case, C0 could be derived either from the Delft3D model or the new 

prediction model. The model also assumed that there was no flux of cohesive sediments from 

the wetland platform during ebbing tides. In contrast, the “Model Cout variable” was parameterised 

with both C0 and C1 time-varying. The variations of C0 and C1 were obtained using either the 

Delft3D model or using our new prediction model. 

The results derived from each model were then transformed into the mineral sediment accretion 

(S) to understand the impact of different parameterisation methods on the sediment 

accumulation in the fringing environment (Equation 6): 

𝑆 =  ∫
𝑠𝐶(𝑡)

𝜌

⬚

𝑡

(6) 

where 𝐶(𝑡) is the time-dependent depth-averaged suspended sediment concentration (SSC) (kg 

m-3), 𝜔𝑠 (m s-1) is the settling velocity of the suspended sediment and 𝜌 (kg m-3) is the dry bulk 

density of the deposited sediment (Temmerman et al., 2004). We upscaled the results to annual 

accretion by assuming the deposited amount remained the same and neglecting seasonal 

variations. 

4.3 Results 

4.3.1 Performance of K-means clustering 

In order to obtain the spatial distribution of SSC extracted from the satellite images at the same 

time as the cohesive SSC extracted from the Delft3D model, reflectance in Band NIR and Red 

was compared to the short-term in situ measured SSC collected by Bryan et al. (2023). The 
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good correlations indicated that Band NIR and Red could be used as proxies for the spatial 

distribution of SSC (Figure 4.3).

 

Figure 4. 3  The exponential relationships between (a) satellite-derived reflectance in Band NIR and 

SSC in deep channels and (b) reflectance in Band Red and SSC in shallow waters collected by Bryan 

et al. (2023). 

The difference between satellite-derived SSC and Delft3D-derived SSC was used to determine 

the 4 main classes of error. Based on the RMSE of Delft3D and satellite-derived SSC, the K-

means classifier identified an elbow point at K = 4, which suggested that the correction pattern 

in the Harbour could be categorized into four distinct classes (Figure 4.4a). The areas of 

shallow waters and exposed sediments were mainly classified as Class 1 & 2 as well as the 

shoal at the entrance of the Harbour. Class 3 contains relatively small areas at the interface of 

the water and land, for example in the north of the deep channel (Figure 4.4). Although 

encompassing a significant proportion of upper intertidal regions in the western part of the 

Harbour, Class 4 mainly consisted of the deep channels and their surrounding tributaries.  
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Figure 4. 4 The elbow method for optimal k-selection (a) and the map of classification based on the 

RMSE of Delft3D and satellite-derived SSC with mangrove distribution in the Harbour (b). In panel b, 

the white areas are the supratidal regions which have no significant suspended sediments. The 

mangrove distribution in the Harbour was mapped by training a classification based on manually 

labelled data (following Shao et al., 2023). 

4.3.2 Performance of the random forest prediction model  

After fivefold cross-validation, the optimum values of hyper-parameters for the random forest 

prediction model were confirmed by comparing the MAE and R2 values of validation datasets 

(Figure 4.5). The optimum values for the number of estimators and maximum depth for Class 

1 to Class 4 were as follows 140, 140, 160 160 and 60, 40, 60, and 50, respectively.  
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Figure 4. 5  Comparison between the satellite-observed SSC and corrected SSC, where the latter was 

predicted using the random forest model with all fivefold cross-validating data (a) and separate 

validating data in each class (b – e) categorized by K-means (Figure 4.4). The ellipses in panel a are 

generated based on data with 50% density in each class (b – e). 

In testing, our prediction model demonstrated high accuracy in correcting the numerical model 

derived SSC, achieving good overall R2 and MAE values when comparing corrected SSC with 

in situ measurements (Figure 4.6a). The best performance was observed in both Class 1 and 

Class 2 after removing the contribution of seabed reflectance from the water reflectance data. 

This process increased the homogeneity of the data, as indicated by the significantly lower 

MAE values (9.84 and 4.97 mg L-1) than other sites. Class 3 had slightly higher errors compared 

to other classes, which consisted of deep channels but with some exposed area and the 

interfaces of sand and water at the upper intertidal regions. Those areas were barely scanned 

when the satellite revisited the region (Figure 4.4). Similar to Class 3, although Class 4 had a 

significant proportion of deep channels where uniform SSC could be observed, areas near the 

boundary introduced relatively high errors and reduced the general MAE of the entire region 

(Figure 4.4). 
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Figure 4. 6 Comparison between the satellite-observed SSC and corrected SSC using the random forest 

prediction model with all testing data (a) and separate testing data in each class (b – e) categorized by 

K-means (Figure 4.4). The ellipses in panel a were generated based on data with 50% density in each 

class (b – e). 

The sensitivity of the prediction model was evaluated by measuring the average decrease in 

prediction accuracy, which reflects the model's responsiveness to specific variables (Table 4.3). 

The smallest contribution came from location and water depth while Delft3D-derived SSC, 

distance and water level gradient were found as the three main variables contributing to the 

prediction model. Class 3 and Class 4 shared the same importance for each variable, which was 

consistent with the similarity of their classification (deep channels).  

Table 4. 3 The importance of selected features in the prediction model for each class. 

Variables/features Class 1 Class 2 Class 3 Class 4 

Delft3D derived SSC 16% 15% 18% 18% 

Location X 12% 12% 15% 15% 

Location Y 6% 8% 6% 6% 
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Water depth 6% 8% 6% 6% 

Distance 16% 17% 21% 21% 

Water level gradient 18% 20% 17% 17% 

Wind speed 13% 10% 7% 7% 

Wind direction 13% 9% 10% 10% 

By integrating Delft3D-derived SSC and other selected physical features, the prediction model 

provided accurate estimates of SSC over an extended period, which was essentially needed for 

predicting wetland resilience (Figure 4.7). While the prediction model initially struggled to 

provide accurate corrections at most sites on the first day (which is likely due to the Delft3D 

model, which forms the basis of the new predictive model still spinning up from initial 

conditions), it subsequently exhibited substantial improvement, as indicated by the low MAE 

values ranging from 5.73 to 17.31 mg L-1 (Figure 4.7). This performance surpassed the errors 

derived from the uncorrected (but calibrated) Delft3D model (9.53 to 18.98 mg L-1). The MAE 

derived at Sites 1 and 5 were the lowest from Day 5 to Day 15 (under calm wind conditions) 

with slight overestimates thereafter (Figure 4.7a&e). Due to the significant overestimations in 

the first 3 days, Sites 3 and 4 displayed relatively weaker performance when compared to other 

sites (12.19 and 17.31 mg L-1 in MAE, respectively). However, the prediction model 

successfully captured the uptrend of SSC observed at Sites 2, 3 and 4. Due to the application 

of the despiking algorithm, the peak values were likely to be underestimated. The long-term 

SSC dataset collected by the council (Figure 4.1) also demonstrated the new prediction model’s 

utility in long-term applications. According to the R2 and MAE values (Figure 4.8), although 

the predicted SSC values were somewhat overestimated, the prediction model suggested a 

relatively high level of agreement with the long-term in situ measurements.  
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Figure 4. 7 Comparison among the Deleft3D derived SSC, corrected SSC using the prediction model and in situ measured SSC (Site 1 – 5, a – e) for the 

period at the beginning of the deployment.
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Figure 4. 8  Scatterplots of the SSC predicted using the new random forest-based predictive model 

and the long-term in situ measured SSC collected at the two sites in Figure 4.1 by the Bay of 

Plenty Council (from 2018 to 2022). 

4.3.3 Comparisons of C0 and accumulated sediments using different 

methods 

After confirming the performance of the prediction model for SSC, the output was used 

to inform the way in which sediment delivery C0 was parameterised in simple marsh 

elevation modelling. The results showed that the use of different models caused 

substantial differences in C0 estimation, which further affected the understanding of 

sediment accumulation and consequently fringing wetland resilience. At this particular 

location in Ōhiwa Harbour, the way in which C0 is parameterised is nearly an order of 

magnitude difference in sediment delivery to fringing wetlands, with the constant and the 

new predictive model showing lower delivery than the other two methods.   
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The variability in C0 would lead to even greater differences when they were applied to 

different sediment accumulation models. In Krone’s model, the use of a constant C0 

resulted in markedly lower sediment accumulation values (1.92 mm/yr) than in 

Temmerman’s model and Model Cout = 0 which assumed a time-varying C0 and no exported 

sediments during ebbing tides. Temmerman's model, aligning with its higher C0 in the 

linear model, projected the highest annual sediment accretion (3.7 mm/yr) (Figure 4.9). 

Conversely, the estimates from Cout variable were the lowest among the four models, 

regardless of whether using Delft3D (1.37 mm/yr) or prediction model derived C0 (1.13 

mm/yr) (Figure 4.9b). This difference implied a significant export of sediment during 

ebbing tides, which was neglected in Krone’s, Temmerman’s and Cout = 0 models.  

 

Figure 4. 9 (a) The boxplots of the estimated C0 using different methods corresponding to Table 

4.1 and (b) the estimated annual mineral accretion using C0 from different methods. 
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4.4 Discussion 

In this study, we demonstrate how to develop a robust machine-learning model to correct 

Delft3D-derived SSC data by incorporating satellite observations and 

environmental/physical parameters. With the use of numerical simulation, this model can 

provide accurate continuous spatial distribution maps of SSC at scale and thus supplement 

satellite observations (such as to fill gaps during cloudy conditions). In addition to filling 

in gaps using the prediction model in the hindcast mode, since the predictive model is 

driven by Delft3D model output, which in turn is forced by tides at the ocean boundary, 

river discharge and suspended sediment concentration, wind speed and direction, it could 

be nested inside catchment flooding and weather models to be run in more of a forecasting 

mode. Future SSC projections would inform the potential combined impact of sea level 

rise and climate change related changes to weather conditions. Combined with sediment 

accumulation algorithms, this model can also be extended to predict sediment transport 

over a period, estimate the settling of fine particles during flood tides and thus estimate 

the effect of sediment deposition on the resilience of fringing wetlands. Therefore, 

sediment dynamics information provided by this model can help underpin coastal 

management actions aimed at, for example, monitoring sediment transport at a large scale 

or evaluating the loading limits for the coastal environments. Understanding future SSC 

is also an important component in determining the wider-reaching implications of climate 

change to estuarine ecosystems, for example as a basis for predicting seabed light 

conditions which fuel primary productivity in estuarine settings  (Mangan et al., 2020; 

Shao et al., 2024).  

Although the approach of combining numerical simulation, remote sensing, and machine 

learning to predict SSC in intertidal estuaries is in a preliminary stage, this trial has 
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demonstrated the capacity to produce promisingly accurate SSC predictions based on the 

error classification map. While increasing the K values in our K-means clustering could 

lead to more detailed class distinctions, we chose to fix K at 4 in consideration of the bias-

variance trade-off (Agarwal & Mustafa, 2004). At K = 4, the clustering model returned a 

relatively low WSS value, and the classifications exhibited a high consistency with the 

original geomorphic features of the estuary (Figure 4.4). After classification, despite the 

presence of outliers, the random forest model still achieved an accurate prediction of the 

testing data with the R2 and MAE values of 0.8 and 10.10, respectively (Figure 4.6).  

This is probably because random forest algorithms can preserve accuracy by 

autonomously estimating missing data and counterbalancing errors in biased SSC values 

(Breiman, 2001). For the short-term continuous monitoring at five sites in the deep 

channels, the random forest prediction model produced relatively accurate SSC results 

with the MAE values ranging from 5.73 mg L-1 to 17.31 mg L-1, which yielded a 

substantial improvement compared to Delft3D-derived SSC (errors were reduced by up 

to 49%) (Figure 4.7). Additionally, the random forest prediction model still outperformed 

(errors were reduced by up to 42%) in comparison with the alternative methods such as 

applying data assimilation in a similar estuary (Chen et al., 2022). However, a significant 

proportion of the errors were caused by data spikes during the initial days. These errors 

could be attributed to the contrasting trends between Delft3D-derived SSC and in situ 

measurements (Figure 4.7b and Table 4.3), or possibly to unusual features during that 

period (Table 4.3). By incorporating spatial features (such as location and distance), the 

random forest model produced a more nuanced prediction of the SSC data, enabling 

relatively precise estimations over the entire Harbour including in shallow waters.  
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Derivation of more accurate suspended sediment concentration is essential for predicting 

wetland resilience since modelled accumulation rates are very sensitive to the way in 

which new sediment is delivered to the wetland (C0). Indeed, there are many recent 

studies predicting sediment accumulation in the fringing wetlands, conducted in an 

attempt to determine their resilience to sea level rise in various settings. These models 

vary substantially in the way in which they characterise processes such as consolidation 

(Gallegos et al., 2023), root biomass production (Schile et al., 2014) and channelization 

(Grossman et al., 2020). However, these models are also dependent on the assumption 

relating to incoming sediment supply (C0). For example, the wetland accretion rate model 

of ecosystem resilience (WARMER), which incorporates hydrodynamics and marsh 

topography, demonstrated sensitivity to the variations of incoming sediment inputs 

(Swanson et al., 2014),  aligning with the in situ observations by Stralberg et al. (2011). 

Other research also indicated that an increase in the flooding sediment supply could result 

in a twofold rise in the estimates of accumulated accretion when using the sediment 

accretion and migration model based on hydro-simulation and vegetation cover (Breda et 

al., 2021). Rather than setting C0 as a constant (eliminating the dependency of C0 on time) 

(Krone, 1987) or modelling C0 by relating sedimentation to platform elevation (neglecting 

the export of sediments during ebbing tides) (Temmerman et al., 2003), our prediction 

model yielded relatively accurate temporal patterns in C0, which were close to the in situ 

measurements (Figure 4.7 & 4.8). The difference between our new model and the other 

models we trialled caused a range in accumulation rates between 1 and 3.5 mm/yr, which 

is substantial when sea level rise in this area of New Zealand is estimated at 4.2 mm/yr 

(https://www.searise.nz/). In reality, such zero-point models do not incorporate processes 

such as attenuation of flows and energy across the marsh. Although more complex models 

still neglect incorporating biophysical feedback (e.g. Bouma et al., 2007), the 
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vulnerability and resilience of fringing environments to sea level rise derived from these 

models tend to be less biased than the zero-dimensional (0-D) models (Kirwan et al., 2016; 

Raposa et al., 2016). 

The six ways that were trialled to estimate sediment delivery to fringing wetlands are each 

associated with different approximations of processes.  The constant C0 obviously 

neglects the variability induced by events in the estuary which cause greater localised (in 

time and space) sediment resuspension and seabed erosion (Krone, 1987; Storlazzi et al., 

2011). Using a representative dataset to determine an appropriate constant C0 would allow 

more accurate prediction, but if such measurements were available, it would be better 

simply to use a time-varying C0 directly from observations. Although Temmerman’s 

linear model related the sediment accumulation to inundation time and the distance to the 

marsh edge, the two main physical parameters that controlled sediment transport in the 

wetland were neglected: sediment properties and hydrodynamics (Temmerman et al., 

2003). Applying such 0-D models in long large channels might lead to biases in sediment 

accumulations because velocity, total kinetic energy and suspended sediments attenuate 

significantly with distance from the marsh edge (Leonard & Croft, 2006; Zhang et al., 

2019). The assumptions that there is no exported sediment used in Krone’s, 

Temmerman’s model and Model Cout = 0 will likely overestimate accumulation; for 

example, other studies (e.g. marsh wetlands in Poplar Island) observed significant 

amounts of outgoing sediment during ebbing tides (Fleri et al., 2019). Using a real-time 

model to estimate C0 and C1 seems an efficient and appropriate way to ensure the 

contribution of ebbing tides to the budget is incorporated. 

In this study, we developed a new prediction model to estimate the incoming cohesive 

sediment concentration, which was less labour-intensive than obtaining sufficient 
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calibration and validation data to inform a dynamic sediment transport model while 

maintaining accuracy. The prediction model could be easily scaled up to multiple 

estuaries without the need to collect substantial in situ measurements (as long as long-

term monitoring data are available to provide local conversions between satellite 

reflectance and SSC) and therefore may be of greater utility to resilience planning than 

dynamic based models (Ganju & Schoellhamer, 2009) or highly simplified models (such 

as advection-dispersion model, Fagherazzi et al., 2012). 

Limitations 

Using the modified Lyzenga’s seabed correction model and the empirical relationships to 

derive SSC may introduce unneglectable errors to the prediction model and thus impact 

its feasibility. For the shallow waters (water depth < 2m), we used Lyzenga’s model to 

remove the contribution of seabed reflectance to the true water reflectance with the 

assumption that spatial variations in the water and seabed characteristics were small over 

local scales (Shao et al., 2022). This prediction model tended to result in additional errors 

in regions where nonuniform sediment properties exist. In addition, the R2 value of the 

logarithmic regression between reflectance in Band Red and in situ measured SSC for 

shallow waters was relatively low (0.63), which likely accounts for the degree of scatter 

in Figure 4.5 and 4.6. Therefore, further development of our prediction model is limited 

by the availability of match-ups to calibrate the reflectance data. To enhance the 

prediction model's accuracy, future research should also focus on comparing the 

performances of different machine learning algorithms and expanding the range of 

features considered, such as incorporating anthropogenic activities (Yunus et al., 2022), 

and thus provide a more nuanced understanding of SSC dynamics within the estuary. 
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4.5 Conclusion 

In this study, we demonstrated the application of random forest in predicting the incoming 

cohesive sediment concentration to a coastal wetland in Ōhiwa Harbour using Delft3D 

and geomorphic features as training and satellite images as the target. We show how this 

model could be used in conjunction with simple fringing wetland sediment accumulation 

models to understand sediment budgets and resilience of these fringing environments due 

to sea level rise. Our results indicated a high level of accuracy in predicting SSC when 

compared to testing data (R² = 0.80, MAE = 10.10). Furthermore, when compared to the 

in situ measurements from two sources, the prediction model showed a notable increase 

in accuracy (reducing errors by up to 49% in comparison to the direct use of the Delft3D-

Flow model) (Figure 4.7) and compared to long term monitoring datasets (Figure 4.8). 

Testing showed that different ways of estimating C0 in sediment accumulation models 

could cause significantly different accumulation rates, highlighting the importance of 

further research on this critical parameter. Therefore, using a real-time prediction derived 

from long-term and spatial observation such as our prediction model can help reduce the 

biases in prediction. 
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 Classifying Estuaries using New Satellite-derived 

Optical Indicators 
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Satellite image of New Zealand  
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Abstract 

Satellite reflectance images, such as from Sentinel-2, are widely used to monitor coastal 

water by quantifying the concentration of optically active constituents (OAC) in the 

waterbody. However, these indicators are not commonly used to supplement estuarine 

monitoring programmes due to the complexity of application to shallow intertidal water 

bodies. Therefore, in this study, we use the modified Lyzenga’s model to demonstrate 

how satellite-derived dominant wavelength and diffuse attenuation coefficient in band 

blue (Kd Blue) can be used as indicators to monitor estuarine water health over large scales 

in 12 New Zealand estuaries. These two indicators integrate several parameters including 

chlorophyll-a, coloured dissolved organic matters (CDOM) and suspended particular 

matters (SPM) due to their high correlation with OACs. Although smaller scale variability 

was site-specific, both indicators showed a strong seasonality in summer and winter. In 

addition, dominant wavelength and Kd Blue were correlated (R = 0.83) which meant that 

Kd Blue to be inferred in deep channels. Using K-means clustering for classification, 

twelve estuaries were categorised into three groups including less impacted, moderately 

impacted and highly impacted. Classes were well-aligned with other in situ monitoring 

methods such as light availability, benthic health model scores and eutrophication index. 

The study provides a foundation for future work assessing estuarine health automatically 

using satellites, which can provide a step change in spatial and temporal resolution, and 

allow improved detection of impending system state changes.   
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5.1 Introduction 

Estuaries and shallow coastal lagoons in temperate regions are highly sensitive to 

anthropogenic effects such as additional suspended solids, pollution and nutrients (Ellis 

et al., 2015). These extra sediments can substantially alter estuarine optical properties, 

reduce light penetration and shorten the depth of the photic zone in the water, which flows 

to a decrease in light availability and benthic productivity (Gattuso et al., 2006). Without 

preservation and restoration, the impact on the ecological balance of these aquatic 

environments is likely to trigger regime shifts in estuarine health and eventually lead to 

eutrophication or degradation (Rodriguez & Heck, 2021), evidence of which can already 

be found in in situ observations (Clark et al., 2022).  Developing a suite of remotely 

sensed indicators of estuarine health, applied at scale across many estuaries, which can 

be collected routinely, would provide a basis to classify and benchmark estuaries with 

similar conditions into groups to detect trends and target conservation strategies. 

Remote sensing is widely used to monitor coastal inherent optical properties (IOP) at 

large temporal and spatial scales by quantifying absorption (a) and backscattering (bb) of 

light. Therefore, absorption and backscattering are commonly used as a basis for 

indicators due to their strong correlation with optically active constituents (OAC) such as 

suspended sediment concentration (SSC), coloured dissolved organic matter (CDOM) 

and chlorophyll-a concentration (Boss et al., 2009; Pavlov et al., 2015). The retrieval 

algorithms derived from empirical or semi-analytical relationships between remote 

sensing reflectance and in situ measured OAC concentrations have allowed the precise 

estimation of a and bb (Ogashawara et al., 2017). For example, a simple empirical model 

between chlorophyll-a concentration and reflectance in band green (O'Reilly, 2000) or 

the normalized difference chlorophyll index (NDCI) (Mishra & Mishra, 2012) have been 
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used to detect absorption by pigments in the coastal water region. Compared to simple 

empirical approaches, semi-analytical models are more robust (Vos et al., 2003), as these 

models integrate detailed spectral information from each IOP, allowing for a more precise 

and reliable interpretation of watercolour (Astuti et al., 2018). However, due to 

interference by the seabed on detection of true water reflectance, the accuracy of satellite-

derived a and bb is restricted especially in Case 2 optically shallow water regions. 

New seabed reflectance correction models have allowed the recent development of 

satellite-derived indicators for estuaries, which can provide a direct and detailed 

understanding of estuarine optical properties such as dominant wavelength and diffuse 

attenuation coefficient (Kd) (Shao et al., 2023). Based on the radiative transfer equation 

and a complete spectral library of different land covers, Hydrolight and Water Colour 

Simulator (WASI) have become the two most frequently used models to quantify the true 

water reflectance (Gege, 2005; Mobley & Sundman, 2008). In addition, the 

reconfiguration of Lyzenga’s algorithm also provides an opportunity to correct the seabed 

reflectance by using the exponential relationship between water depth and received 

signals (Lyzenga, 1981; Shao et al., 2023).  

Once corrected, dominant wavelength and diffuse attenuation coefficient can be derived 

from the water reflectance, which we hypothesize may provide a solid basis for 

investigating estuarine health at scale. Woerd and Wernand (2015) proposed empirical 

algorithms to connect satellite-derived reflectance to tristimulus values using multilinear 

regressions based on blue, green and red bands, which bridges the gap between remote 

sensing and colour science data. This method has been expanded to a series of high- and 

middle-resolution satellites such as Landsat 8, Sentinel-2 and Worldview-3 (Woerd & 

Wernand, 2018). Converted from tristimulus values, the use of dominant wavelength is 



137 
 

an intuitive way to evaluate water colour since it can reflect the water colour numerically 

as perceived by the human eye (Lehmann et al., 2018; Post, 1997). The diffuse attenuation 

coefficient reflects how light at a specific wavelength dissipates with depth in water, 

which can be used as an alternative measure of water turbidity and clarity due to their 

high correlation (Mitchell & Holm-Hansen, 1991). The derivation of Kd includes building 

empirical relationships with remote sensing reflectance (such as blue-to-green ratio) 

(Mueller, 2000), applying the radiative transfer model (Lee et al., 2005; Sokoletsky et al., 

2014) or using the modified Lyzenga’s model (Shao et al., 2022). However, few studies 

explore the possibility of using dominant wavelength and Kd to evaluate the intertidal 

estuarine optical properties on the national scale. 

The traditional satellite-based classification of estuarine health usually relies on one index 

or parameter, which is limited in its ability to describe the state of coastal water 

completely. The Trophic State Index (TSI), based on the chlorophyll-a concentration, is 

widely used to classify waters with similar eutrophication levels (Martins et al., 2017). 

Other parameters used to group waterbodies include normalized difference turbidity 

index (NDTI) (Garg et al., 2017), water surface temperature (Schaeffer et al., 2018) and 

salinity (Geiger et al., 2013). The latter can be derived from visible bands using empirical 

relationships based on in situ measurements (Ansari & Akhoondzadeh, 2020). However, 

the classification based on individual indexes provides relatively limited information 

compared to multi-indicators because one index is unlikely to capture all aspects of water 

quality due to the complexity of coastal water (O'Brien et al., 2009).  

The objectives of this study were to (1) evaluate the feasibility of assessing intertidal 

estuarine health using satellite-derived dominant wavelength and Kd and (2) to use this to 

classify estuaries which could form the basis of a satellite-based monitoring system on a 
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nationwide scale. The study was carried out in 12 temperate intertidal coastal 

environments across New Zealand using the Sentinel-2 data collected from 2019 to 2023. 

We aimed to detect the seasonal and locational features for each site and connect this 

information to potential contributing factors, with the long-term goal of underpinning 

coastal management and restoration plans. 

5.2 Materials and methods 

5.2.1 Study area and required data 

Twelve estuaries across New Zealand were involved in this study (Figure 5.1), chosen for 

their distinctive ecological and environmental features. These estuaries were Mahurangi, 

Manukau, Raglan, Tauranga, Whangārei, Whangateau, Whitianga, Akaroa, Avon, 

Newriver, Delaware, and Waimea. These sites provide a diverse representation of New 

Zealand's estuarine environments, ranging from relatively pristine ecosystems like 

Mahurangi (Patel, 2011) to urban-influenced estuaries such as Manukau (Davies, 2015). 

The contrasting sediment sources, from uniform black sands in Raglan (Phillips et al., 

2001) to a mixture of rocky and sandy shores in Whangārei (Spörli & Harrison, 2004), 

present varied settings for water quality assessment. This variety ensures that the study's 

findings can inform a wide range of management and conservation strategies for estuarine 

environments in New Zealand and beyond.  
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Figure 5. 1 The distribution map of selected estuaries across New Zealand.  

In this study, we chose Sentinel-2 data (available on the European Space Agency) because 

its high spatial (10 m) and temporal resolution (revisiting New Zealand every five days) 

allowed for the continuous observation of selected estuaries. The Sentinel-2 images were 

captured between 2019 and 2023 from the Level-2A collection (after atmospheric 

correction). A total of 352 images with cloud coverage less than 5% were obtained for 

the study. Water depth at each pixel was estimated by the combination of the local 

elevation model (airborne light detection and ranging (LiDAR)) downloaded from Land 

Information New Zealand (LINZ, https://www.linz.govt.nz/) and tide levels provided by 

the National Institute of Water and Atmospheric Research (NIWA, 

https://tides.niwa.co.nz/).  

https://tides.niwa.co.nz/


140 
 

5.2.2 Methods 

Figure 5.2 shows a flow diagram of the approach used to classify estuaries using diffuse 

attenuation coefficient in band blue and dominant wavelength derived from corrected 

reflectance in visible bands. The approach mainly included three steps: (1) using 

normalized difference water index (NDWI), LiDAR and tide heights to derive the 

intertidal regions; (2) correcting the water reflectance for seabed effects and calculating 

dominant wavelength and Kd Blue; (3) classifying estuaries based on these two indicators. 

 

Figure 5. 2 The flow chart showing how to apply seabed correction and calculate Kd Blue and 

dominant wavelength. 
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5.2.2.1 Reflectance correction and calculation of Kd 

Water depth derived from LiDAR and local tide levels and NDWI were used to confirm 

the inundated regions for images at each site because the variation of the NDWI can 

effectively detect waterbodies and or water level changes (McFeeters, 2013). The 

threshold we applied here was 0.3 using band Green (560 nm) and band NIR (883 nm) 

(Equation 1). 

NDWI =
𝑅(𝐺𝑟𝑒𝑒𝑛) − 𝑅(𝑁𝐼𝑅)

𝑅(𝐺𝑟𝑒𝑒𝑛) + 𝑅(𝑁𝐼𝑅)
(1) 

In order to correct contributions from the seabed to the water surface reflectance (Rw) and 

calculate the associated Kd, we applied the “spatial method” with the tile size of 60m from 

the modified Lyzenga’s model in the intertidal regions to estimate Kd and Rw (Equation 

2) (Lyzenga, 1981; Shao et al., 2022).  

𝐾𝑑(𝑖) =
1

2𝑧𝑖
ln (

𝑅𝑏 − 𝑅𝑤,

𝑅𝑖 − 𝑅𝑤
) (2) 

The three variables Ri, zi and Rb correspond to satellite-derived reflectance and water 

depth at pixel i as well as averaged seabed reflectance of the selected pixels when exposed 

at low tides, respectively. The model was repeatedly applied to band blue, green and red 

to obtain the corrected reflectance in each visible band.  

The values of Rb can be derived at low tide when the intertidal regions emerge. 

Considering the spatial method for seabed correction assumes that water and seabed 

properties are homogeneous across the selected proximal pixels (the tile), excluding 

pixels with different seabed cover (such as seagrass) within each tile can help reduce the 
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errors in estimates of Kd and Rw. Therefore, we applied a supervised classification using 

random forest to detect pixels with sediments, seagrass, mangroves and Ulva (Shao et al., 

2024) using manual labelling of pixels with different covers as training data. The 

appropriate Rb was then derived by averaging the reflectance with all pixels remaining 

after the different classes were excluded. Outliers in the selected pixels were excluded by 

using random sample consensus (RANSAC) as RANSAC is a robust method widely used 

in uniform data with noise (Derpanis, 2010). For the deeper subtidal regions, Kd is not 

derivable using the spatial method, and R can be approximated to Rw as the seabed has a 

very limited impact on the surface in the deep waters (Lodhi & Rundquist, 2010).  

5.2.2.2 Calculation of chromaticity and dominant wavelength 

Chromaticity analysis characterizes the colour of an object as it is perceived by the human 

eye regardless of its luminance (Bukata et al., 1995), and can be visualized as coordinate 

pairs in the CIE horseshoe chart (Figure 5.3). The chromaticity coordinates (x, y) can be 

easily transformed by normalizing tristimulus values (X, Y, Z), as detailed in Equations 

3 and 4) (CIE, 1932): 

𝑥 =
𝑋

𝑋 + 𝑌 + 𝑍
(3) 

𝑦 =
𝑌

𝑋 + 𝑌 + 𝑍
(4) 
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Figure 5. 3 The location of the white point, the point of interest (chromaticity coordinate) and the 

associated dominant wavelength in the CIE horseshoe chart. 

The tristimulus values (X, Y, Z) are calculated as integrals of the upwelling reflectance 

spectrum, weighted within the range of 390-740 nm, which corresponds to the region 

sensitive to human eyes (Bukata et al., 1995). Although most satellite remote sensing 

including Sentinel-2 does not provide full spectral coverage, a multilinear weighted sum 

of reflectance after correction in visible bands can be used to approximate the tristimulus 

values (X, Y, Z) (Equation 5 – 7) (Lehmann et al., 2018; Woerd & Wernand, 2015). 

X =  6.423𝑅𝑤(Blue) +  53.696𝑅𝑤(Green) +  32.028𝑅𝑤(Red) (5)  

Y = 22.289𝑅𝑤(Blue) + 65.702𝑅𝑤(Green) + 16.808𝑅𝑤(Red)   (6)  

 Z = 31.101𝑅𝑤(Blue) + 1.778 𝑅𝑤(Green) + 0.015𝑅𝑤(Red)       (7)  
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The dominant wavelength, which represents the natural colours of objects in a numeric 

way, can be calculated based on the chromaticity coordinate pairs. It is the wavelength of 

pure spectral colour derived as the intersection of the line joining the white point to the 

point of interest (in the form of Commission Internationale de l’Éclairage (CIE) 

chromaticity coordinates) in the horseshoe chart (Figure 5.3). To investigate the patterns 

of optical properties of the selected estuaries, we calculated the Kd Blue and dominant 

wavelength for each site and transformed them to seasonal or locational results for 

detailed analysis.  

5.2.2.3 Classifying estuaries using K-means clustering 

In this study, we used K-means clustering to classify the estuaries based on their dominant 

wavelength and diffuse attenuation coefficient in band Blue. K-means clustering is a 

robust unsupervised machine learning method to partition a dataset into distinct groups 

based on Euclidean distance (Agarwal & Mustafa, 2004). In order to match up the existing 

water health levels, we set the number of classified groups (K) as 3. Each class 

corresponds to less impacted, moderately impacted and highly impacted, respectively. In 

order to confirm the usefulness of such classification, the results were compared to 

relative datasets such as Benthic Health Model scores (BHM) (Clark et al., 2018) and 

available photosynthetically active radiation (PAR) (Mangan et al., 2020).  

5.3 Results 

5.3.1 Dominant wavelength 

Clear location-specific differences in dominant wavelength between the estuaries across 

the North and South Islands of New Zealand were detected. In the North Island, most 
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estuaries except Manukau showed a broad range of dominant wavelength values 

approximately spanning from 556 nm to 565 nm, which indicated diverse water colour 

conditions over five years in each site (Figure 5.4a). In the South Island, especially, 

Akaroa and Blueskin featured tighter interquartile ranges and thus suggested a more 

homogenous colour, with the results clustered around 555 to 560 nm and 564 to 568 nm, 

respectively (Figure 5.4b). Therefore, in general, estuaries from the South Island reflected 

a yellower colour than those from the North. As to the comparisons among individual 

sites, Blueskin from the South Island was observed as the yellowest estuary with a median 

of 567 nm while Mahurangi from the North Island exhibited the lowest median at 555 nm 

(a greener colour) (Figure 5.4). Despite the site-specific differences, the median values 

across the locations tend to be relatively uniform, hinting at underlying commonalities in 

the estuarine water colour of New Zealand. 
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Figure 5. 4 The boxplots of dominant wavelength converted from chromaticity coordinates of 

each estuary across the North Island (a) and South Island (b) where the scale (right) 

corresponded to the natural colours. For the pixels in the intertidal regions, seabed correction 

was applied to each visible band to retrieve the true water reflectance. Note that the dominant 

wavelength of Blueskin only included the subtidal regions due to the lack of LiDAR data for the 

intertidal areas. 

The variations in the dominant wavelength of most estuaries across New Zealand 

exhibited evident seasonal patterns. For most estuaries, especially in the South Island, the 

dominant wavelength reached the peak (green) either in summer or spring and decreased 

to the lowest (blue) in winter (Figure 5.5). However, Whitianga displayed a noticeable 

exception with a significant increase from autumn to winter, which was opposite to the 

regular pattern. The estuaries such as Manukau, Raglan and Tauranga showed relatively 
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consistent median values throughout the seasons with minimal fluctuations, suggesting a 

more stable seasonal influence on the dominant wavelength (Figure 5.5). In general, the 

results indicated that while there were estuary-specific variations, a generic seasonal trend 

was observed in most locations, with the most evident changes typically occurring in 

spring and summer. 
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Figure 5. 5 The boxplots of dominant wavelength of each estuary across the North Island (a – g) and South Island (h – f) against seasons, where the scale (right) 

corresponded to the natural colours. The data were consistent with Figure 5.3. Note SU, A, W and SP represent summer, autumn, winter and spring, respectively. 
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5.3.2 Diffuse attenuation coefficient (Kd Blue) 

The results revealed distinct spatial variability across the studied locations. Opposite to 

the patterns of dominant wavelength patterns,  the diffuse attenuation coefficient (Kd Blue) 

in the estuaries from the South Island had wider but similar ranges (Figure  5.6). Most 

sites in the South Island such as Akaroa and Avon had values ranging between 0.24 m-1 

and 0.74 m-1. Only Waimea showed a relatively narrower range from 0.22 m-1 to 0.48 m-

1, suggesting  clear water conditions. The range of Kd Blue was relatively more unique in 

each site of the North Island. The smaller estuaries such as Mahurangi had uniform results 

among all the sites with a range from 0.22 m-1 to 0.31 m-1. In contrast,  the interquartile 

range at Raglan, Tauranga, Whangateau and Whitianga suggested a higher variability in 

water clarity, respectively. Generally, although we observed the highest Kd Blue in 

Akaroa with a value of 1.32 m-1, the majority of estuaries had a low level of diffuse 

attenuation with all median values less than 0.5 m-1. 
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Figure 5. 6 The boxplots of Kd Blue in each estuary across the North Island (a) and South Island 

(b). Note that due to the lack of LiDAR data for the intertidal regions, able to Kd Blue values from 

Blueskin could not be derived.  

The seasonality of Kd Blue across New Zealand depended on location. Similar to 

dominant wavelength, the diffuse attenuation coefficient Kd Blue indicated a strong 

seasonal pattern in most northern sites, which was accompanied by a strong variability in 

winter. In the North Island, the Kd Blue values decreased to the lowest in summer and the 

highest in winter in most sites such as Mahurangi, Manukau, Tauranga, and Whangateau 

(Figure 5.7). Particularly in Tauranga and Whangateau, the variability of Kd Blue in 

winter was significantly higher than that in other seasons, which was also observed at 

Avon from the South Island. The seasonality of Kd Blue was less evident in the Southern 
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Island. Sites like Newriver and Waimea were affected by season where the Kd Blue values 

remained at similar levels at all times. Although the peaks were observed at both Akaroa 

and Avon in winter, the Kd Blue values remained at relatively high levels. Another 

exception we found was Delaware, where in both summer autumn and spring, the estuary 

exhibited the highest Kd Blue vales. 
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Figure 5. 7 The boxplots of Kd Blue converted corrected reflectance in the intertidal regions of each estuary across the North Island (a – g) and South Island 

(h – I) against seasons. Note that due to the lack of LiDAR data for the intertidal regions, Kd Blue values could not be derived for Blueskin.  
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5.3.3 Classifying estuaries using new indicators 

The dominant wavelength and Kd Blue clusterings from all sites showed consistent 

patterns in summer and winter. In summer, the estuaries tended to have higher dominant 

wavelength values (indicating a yellower colour) but lower Kd Blue values accompanied 

by reduced variability (Figure 5.8). Conversely, with increased variability of the dominant 

wavelength of Kd Blue, these estuaries exhibited bluer colours and had higher diffuse 

attenuation levels in winter (Figure 5.8). Therefore, using the combination of dominant 

wavelength and  Kd Blue was a good indicator to distinguish and classify the data derived 

from warm and cold seasons. 

 

Figure 5. 8 The scatterplots of dominant wavelength against Kd Blue using the data collected at 

all sites in winter and summer. 

Three categories were classified based on the two newly identified optical properties 

using K-means algorithms: “less impacted”, “moderately impacted” and “highly 
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impacted” (Figure 5.9c shows the 3 classes). The two highly impacted estuaries, Newriver 

and Whitianga, were associated with medians of dominant wavelength and Kd Blue 

exceeding 563 nm and 0.45 m-1 (Figure 5.9c), respectively. In contrast, less impacted 

estuaries such as Mahurangi, Raglan, Waimea, Akaroa and Delaware displayed reduced 

variability with medians of dominant wavelength and Kd Blue less than 558 nm and 0.4 

m-1. Other estuaries were classified as moderately impacted regions characterized by 

either a yellower colour (e.g. Manukau) or a higher diffuse attenuation level (e.g. 

Whangarei). Due to the strong seasonal fluctuations in dominant wavelength and Kd Blue, 

an obvious seasonal variability was observed in several estuaries like Akaroa, Delaware, 

Tauranga and Whangateau during classification, which led to some whiskers from these 

estuaries overlapping other categories. 

We observed a strong correlation between dominant wavelength and Kd Blue, particularly 

evident in summer and across the five-year dataset. The correlation coefficients (R) for 

summer and overall data were 0.72 and 0.83, respectively, with both p-values less than 

0.001. However, the correlation was somewhat weaker in winter, with an R value of 0.36 

and a p-value less than 0.001. This variation can be attributed to high Kd Blue values 

observed in Akaroa and Avon, and low dominant wavelength values observed in 

Whitianga (Figure 5.9c). For long-term monitoring, the relationship between dominant 

wavelength and Kd Blue offers a relatively accurate method for estimating Kd Blue in 

deeper channels where Lyzenga's model is less effective (i.e. the deep channels). 
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Figure 5. 9 The variability of dominant wavelength and Kd Blue derived from 12 sites in summer 

(a), winter (b) and all seasons (c). The scatters represented the median while the whiskers 

represented the 25th and 75th percentiles. K-means clustering was applied to the entire dataset to 

classify 12 sites into three categories: Highly Impacted, Moderately Impacted and Lowly 

Impacted. Due to the lack of Kd Blue, Blueskin was not included in the classification. 

5.4 Discussion 

In this study, we explored the possibility of using dominant wavelength and diffuse 

attenuation coefficient in band Blue as estuarine health indicators to reflect the water 

optical properties of 12 estuaries across New Zealand over five years. The selected 12 

estuaries possessed different characteristics including turbid, pristine, and mesotrophic. 

Based on the seasonal and location-specific patterns we observed, both dominant 

wavelength and Kd Blue were useful in detecting the fluctuations of estuarine optical 
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properties and classifying estuaries based on these two new indicators. Considering the 

strong connections between eutrophication and water colour (Li et al., 2021),  the 

continuous monitoring of these two indicators across the country can underpin 

management actions aimed at, for example, selecting degrading estuaries for restoration 

or preserving threatened sites from further damage.  

The combination of satellite-derived dominant wavelength and Kd as an indicator had 

some encouraging consistencies with existing monitoring methods such as the benthic 

health model scores (BHMS) (Clark et al., 2020), in situ measured ratio of submerged to 

emerged photosynthesis active radiation (PAR) between sites (Mangan et al., 2020) and 

estuary trophic index susceptibility bands (ETISB) (Zeldis & Plew, 2022). BHMS can 

characterize variations in the structure of macrofaunal communities in response to 

ecological stressors by applying Canonical Analysis of Principal coordinates on metal 

and mud data (Clark et al., 2020). The comparisons between the classifications on 

estuaries derived from our method and BHMS indicated a high consistency with each 

other such as Raglan, Tauranga, Whangarei, Whangateau, Whitianga, Newriver and 

Delaware (Figure 5.10). The in situ measured ratio of PAR, which reflected the light 

attenuation and water turbidity, was continuously collected at the intertidal regions of 

these sites over seven months (Mangan et al., 2020). Our results showed that the same 

state classifications in Manukau, Tauranga, Whangarei, Whangateau, Avon and Newriver 

as those derived from the ratio of PAR (Figure 5.10). Similar results were found that most 

sites returned the same state classifications except Manukau, Raglan, Avon and Waimea 

(Figure 5.10b) when our classifications were compared to those derived from ETISB, 

which was converted by ecological factors such as total nitrogen, total phosphorous, 

sediment loads, heavy metals etc using Bayesian Belief Network (Zeldis & Plew, 2022). 
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Although the existing indicators do not provide consistent measures, the combination of 

dominant wavelength and Kd exhibited the potential of reflecting the general optical 

properties of estuaries, especially for those with fewer variations in water colours (Figure 

5.9). The combination might be less accurate and useful when dominant wavelength or 

Kd
  had a particular range such as Akoroa (Figure 5.9). 

 

Figure 5. 10 The comparisons of normalized results (a) and states of 12 estuaries using different 

ways of monitoring (b). The three monitoring ways include the combination of dominant 

wavelength and Kd Blue (DW & Kd), the in situ measured photosynthesis active radiation (PAR) 

(Mangan et al., 2020) and the benthic health model scores (BHMs) (Clark et al., 2020) (see 

Supplementary material 2). Blueskin was not involved due to the lack of Kd Blue data. 

Dominant wavelength and Kd can be two useful indicators to measure estuarine optical 

health considering both indicators integrate the effects of optically active constituents (i.e. 

chlorophyll-a, CDOM and SSC). Although the ranges of dominant wavelength were site-

specific (Figure 5.3), we observed seasonal patterns of dominant wavelength in most 

estuaries where water colour shifted toward green in summer and returned to blue in 
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winter (Figure 5.4), which was consistent with the seasonal fluctuations of in situ 

chlorophyll-a concentrations in these estuaries (Fraser et al., 2021). For relatively non-

turbid regions, the continuous introduction of CDOM and SSC can also increase the 

dominant wavelength (turn the colour yellow) (Bowers et al., 2004). Dominant 

wavelength can also indicate the trophic levels of the waterbody since the estuarine colour 

is sensitive to algal blooms and scum (water colour turns green) (Zaldívar et al., 2008). 

As an alternative measure of turbidity and clarity, the variations of Kd can respond to 

multiple drivers including water temperature and hydrodynamic regimes as well as 

optically active constituents (Zhao et al., 2013). Our results suggested that Kd mainly 

increased in warmed winter and spring corresponding to phytoplankton blooms triggered 

by increased temperatures (Figure 5.6), which can substantially elevate the sediment 

concentration and thus attenuate the light (Fujiki & Taguchi, 2002). Several studies have 

successfully used this connection to detect or predict spring blooms with satellite-derived 

Kd (He et al., 2013; Yang et al., 2020).  

Combined with light intensity equations, Kd can be used to estimate the total amount of 

light (light quantity) and distribution of energy with wavelength (light quality) at the 

seabed (e.g. Shao et al., 2024). Many studies have emphasised the importance of 

sufficient light in a relatively turbid estuary as light is the primary condition for 

photosynthesis (e.g. Mangan et al., 2020). However, to species in intertidal regions such 

as seagrass and microphytobenthos (MPB), the availability of preferred light at a specific 

range of wavelengths can determine the photosynthetic process and thus primary 

productivity (Livingston et al., 1998). For example, seagrass mainly absorbs light 

optimally at a wavelength less than 500 nm and between 650 nm and 700 nm (Cussioli et 

al., 2020). Therefore, the Kd values derived in these bands could be extended to estimate 
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the potential productivity. In addition, by spatially mapping the optimal spectral 

wavelength range of invasive species such as the exotic seaweed (Caulerpa brachyurus), 

the mapping of areas that may be susceptible to invasion could be a useful tool to 

safeguard the ecological balance of intertidal ecosystems (Kilroy et al., 2008). 

In this study, we showed how to evaluate the estuarine optical properties rapidly using 

two satellite-derived indicators on a large scale and use this as a basis to classify estuaries 

into different levels for highly efficient coastal restoration. Although the derivation of the 

two indicators is limited by the availability of water depth and seabed reflectance data, 

the observations of dominant wavelength and Kd Blue covered the major areas of the 

intertidal regions. In a future study, more in situ measured dominant wavelength (e.g. 

using phone cameras, Busch et al., 2016) and diffuse attenuation coefficient data (e.g. 

using radiometric sensors, Chauhan et al., 2003) can be collected to expand the dataset 

and thus cover more coastal waters. 

5.5 Conclusion 

In this study, we used Lyzenga’s model to obtain satellite-derived dominant wavelength 

and diffuse attenuation coefficient in band Blue to assess the optical properties of 12 

estuaries across New Zealand, which in turn were used as indicators to classify the 

estuaries. Although the variations and variability of dominant wavelength and Kd Blue 

were site-specific, we observed most estuaries indicated a strong but reverse seasonality 

of the two indicators. Estuaries tend to have higher dominant wavelength values (turn 

yellower) but lower Kd Blue values (less turbid) in summer and vice versa in winter, 

which is consistent with the seasonal fluctuations of chlorophyll-a and CDOM. In 

addition, we found a strong correlation (R = 0.83 and p = 0.001) between the dominant 
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wavelength and Kd Blue derived from five-year continuous monitoring, and so dominant 

wavelength could be used to estimate Kd Blue values in the deep water. Compared with 

other ways of monitoring, the classification based on dominant wavelength and Kd Blue 

using K-means clustering returned a high consistency with the in situ measured light 

availability and cohesive sediment concentration. Therefore, satellite-divide optical 

properties, dominant wavelength and Kd Blue are the two useful and comprehensive 

indicators to reflect the overall health of estuaries. 
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Supplementary materials 

S1 Complete data of dominant wavelength  

 

Figure S1. The boxplots of dominant wavelength against seasons from 2019 to 2023 at each site 

in the North Island. Due to the unavailability of good-quality satellite images, in some seasons, 

several sites did not present data. 
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Figure S2. The boxplots of dominant wavelength against seasons from 2019 to 2023 at each site 

in the South Island. Due to the unavailability of good-quality satellite images, in some seasons, 

several sites did not present data. 

S2 Complete data of Kd Blue 
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Figure S3. The boxplots of diffuse attenuation coefficient in band blue (Kd Blue) against seasons 

from 2019 to 2023 at each site in the North Island. Due to the unavailability of good-quality 

satellite images, in some seasons, several sites did not present data. 
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Figure S3. The boxplots of diffuse attenuation coefficient in band blue (Kd Blue) against seasons 

from 2019 to 2023 at each site in the South Island. Due to the unavailability of good-quality 

satellite images, in some seasons, several sites did not present data. 

S3 States of estuaries based on PAR and BHMS 

The states of estuaries based on the ratio of immersed to emerged median PAR were 

manually classified into three categories (lowly impacted, moderated impacted and highly 

impacted), which were consistent with those derived from dominant wavelength and Kd 

Blue (Mangan et al., 2020). The ratios higher than 0.6, between 0.4 and 0.6, and lower 

than 0.4 were recognized as lowly impacted, moderately impacted and highly impacted 

estuaries, respectively (Table S1). The data was collected from March to November 2017. 
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Table S1. The state of each site derived from different ways of monitoring. 

Sites The ratio of immersed to 

emerged median PAR 

Benthic health model scores 

 Value State Value State 

Mahurangi 0.43 Moderately impacted 4.2 Moderately impacted 

Manukau 0.21 Highly impacted 2.8 Moderately impacted 

Raglan 0.43 Moderately impacted - - 

Tauranga 0.59 Moderately impacted 3.4 Moderately impacted 

Whangarei 0.41 Moderately impacted 4.1 Moderately impacted 

Whangateau 0.47 Moderately impacted 2.6 Moderately impacted 

Whitianga 0.38 Highly impacted - - 

Akaroa 0.34 Highly impacted 3.5 Moderately impacted 

Avon 0.85 Lowly impacted 4.9 Moderately impacted 

Newriver 0.38 Highly impacted Out of limit Highly impacted 

Delaware 0.65 Lowly impacted - - 

Waimea 0.47 Moderately impacted 4.1 Highly impacted 

 

The states of estuaries based on the benthic health model scores (mud) were originally 

classified into five categories (Clark et al., 2020). In order to match up the classification 

we had for this study, we updated the ranges for different categories and obtained three 

categories. The scores with the ranges of 1.0 – 2.6, 2.7 – 4.3, and 4.4 – 6.0 corresponded 

to “lowly impacted”, “moderately impacted” and “highly impacted”, respectively. The 

data provided by the regional councils was collected from 2002 and updated annually. 
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Chapter 6  

Conclusions 
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6.1 Summary of findings 

In this study, I developed several models to monitor the estuarine health indicators 

(including water colour, diffuse attenuation coefficient, benthic primary productivity and 

suspended sediment concentration), focused on issues that are particularly important to 

New Zealand estuaries (Figure 6.1). I used these models to show how this new 

information could be used as a basis for scaling up benthic primary productivity and 

fringing wetland sediment accumulation, as case study examples (Figure 6.1). To add to 

the information derived from satellite imagery, I also used machine learning and numeric 

modelling. The study focused on two shallow intertidal estuaries — Tauranga Harbour 

and Ōhiwa Harbour, which have relatively high vegetation (seagrass and mangroves) 

coverage and significant sediment and nutrient inputs from various discharges, 

respectively, and both have complex intertidal geomorphologies. Therefore, these two 

sites are optimal for exploring the temporospatial patterns of estuarine optical properties, 

benthic primary productivity and sediment transport/settlement in fringing environments. 

The study in Tauranga Harbour was later expanded to other 12 estuaries across New 

Zealand to explore the spatial and temporal patterns of water colour and diffuse 

attenuation. Based on these two indicators, estuaries with similar health states were 

classified into the same group for consistent management and restoration.  
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Figure 6. 1 The circular chart showing the logic of the development of different health indicators 

with the basis of the seabed reflectance correction model. 

The extraction of water quality parameters from satellite imagery in intertidal areas is not 

trivial due to the influence of seabed properties, and developing these techniques 

underpinned all the outcomes of this research. To achieve this,  I introduced two 

innovative methods based on Lyzenga’s model for correcting water reflectance in shallow 

regions (Chapter 2). While applying these methods necessitated a trade-off between the 

spatial or temporal resolution of the original images, the resulting reflectances were 

highly consistent with one other. The models were then utilized to calculate the dominant 

wavelength and Kd of the water column. I analysed these two indicators over three years 

during both flood and ebb tides. The findings revealed an evident seasonal fluctuation in 

the estuary's water colour, aligning with the observed spring bloom. Kd was mainly 

affected by location because the introduction of extra CDOM from the river discharges 

might create a gradient to the estuary mouth. However, both indicators indicated that 

Tauranga Harbour remained in a good state in optical properties from 2018 to 2021. In 
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addition, the robust correlation between Kd Blue and in situ Kd PAR suggested that Kd Blue 

could be used as a proxy for routine ecological monitoring at scale. For monitoring 

estuarine health using satellite data, this chapter is of great importance since the corrected 

reflectance and available Kd are the foundation of coastal vegetation detection and light 

estimation. 

In the first case study application (Chapter 3), I combined remote sensing and machine 

learning to develop a detection model for seagrass coverage and unvegetated flats which 

showed high accuracy. By referencing productivity-irradience curves (P-I curves) derived 

from the literature, the model could provide a detailed spatial map of gross primary 

productivity (GPP) with the input of water depth, available light and Kd PAR. The model 

successfully captured the hotspots of GPP and their variations with time. The distribution 

of hotspots was consistent with the distribution of seagrass because MPB in the 

unvegetated flats was much less productive. However, for the entire Tauranga Harbour, 

the dominant contributor to the total GPP depended on location and season. Seagrass 

usually contributed more in warm seasons, especially in the northern and middle Habour 

while MPB GPP was highest in the southern Habour due to the decent distribution of 

unvegetated flats.  By adjusting the water depth and Kd, projections using this model could 

describe the effect of sea level rise and climate change on the current dominant role of 

seagrass. Seagrass might suffer a significant loss as a high frequency of extreme events 

could lead to sediment resuspension and thus increase water turbidity substantially. 

Therefore, keeping the current water clarity is key to mitigating GPP losses from sea level 

rise and climate change. 

In the second case study application, I attempted a primary trial of combining numeric 

simulation (Delft3D-Flow), remote sensing and random forest machine learning to 
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predict the incoming cohesive sediment concentration (C0) and used this as a basis to 

simulate the sediment accumulation using different assumptions and models. The 

prediction model I developed in this chapter could be used to understand the sediment 

budget in the fringing coastal wetlands and thus help coastal management. The estimates 

from the prediction model were consistent with the short-term and long-term in situ 

measurements, which implied that the technique could be used for estuarine monitoring 

over an extended period. After applying the various C0 values (derived from constant, 

linear, Delft3D and the prediction model) to four accumulation models (Krone’s, 

Temmerman’s, Cout = 0 and Cout variable),  I found that the variability in C0 could result in 

great differences when different sediment accumulation models were applied. The 

accumulated sediments varied from 1.13 mm/yr to 3.70 mm/yr, which was substantial 

considering the sea level rise in this area of New Zealand is about 4.2 mm/yr. Therefore, 

using a real-time prediction with the combination of in situ measurements and spatial 

observation could help reduce the biases in prediction. 

To wrap the thesis up, the final Chapter showed how these new water quality 

measurements could be used to compare and benchmark estuaries over scale.  Twelve 

estuaries across New Zealand were selected to be classified based on the satellite-derived 

dominant wavelength and Kd Blue using the seabed correction model proposed in Chapter 

2. I found that although the variability of dominant wavelength and Kd Blue was site-

specific, most estuaries exhibited strong but reverse seasonal patterns in dominant 

wavelength and Kd Blue, which provided an opportunity to cluster the results from all 

estuaries into summer and winter. In addition, a significant correlation (R = 0.83) was 

observed between the dominant wavelength and Kd Blue, which could be used to estimate 

the values when the other was not derivable (e.g. in the deep channels where seabed 
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reflectance and water depth were not available). Based on these results, thirteen estuaries 

were grouped into “less impacted”, “moderately impacted” and “highly impacted”. The 

most impacted sites included Newriver and Whitianga while Akaroa, Delaware and 

Waimea remained in a heathy state.  The derived classifications were later compared to 

other in situ measurements (e.g. light availability, Mangan et al., 2020) and judging 

criteria (e.g. benthic health model scores, Clark et al., 2020). The results showed that the 

satellite-derived classification indicated a relatively high consistency with other datasets. 

Therefore, it was likely to apply dominant wavelength and diffuse attenuation coefficient 

to monitor the estuarine health at scale as two new optical properties.  

6.2 Suggestions for future research 

In Chapter 2, especially when using the “spatial method”, multiple observations of the 

same water at different water depths were needed to develop the correction for seabed 

effects. For this, I assumed that the seabed and water optical properties do not vary 

substantially among the selected pixels in the tiles. Therefore, the occasional introduction 

of pixels from different objects might influence the uniformity. Instead of manually 

categorising the pixels into different classes, a classification model (e.g. Luo et al., 2019), 

which can detect the objects during exposure and submergence based on their visible 

bands, could be helpful in excluding the pixels of different land covers in the tile and thus 

maintaining uniformity.  

Another suggestion is to improve the accuracy of estimating seabed reflectance (Rb) in 

the intertidal/subtidal regions. One possible method is to conduct seasonal in situ 

measurements using spectral radiometers or underwater photographs, which could be 

converted to reflectance at a specific wavelength (such as blue, green or red) (Hochberg 
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& Atkinson, 2003). This approach promises to mitigate the influence of temporal 

variations in the vegetation-covered seabed like seagrass and Ulva. Several other studies 

reference Hydrolight to simulate the reflectance of seabeds either using the default 

settings or mixtures of different bottom types (Ma et al., 2021; Wang et al., 2022). 

Together with the classification model, this method is likely to reduce the bias on Rb 

estimates and thus improve the accuracy. 

Water depth can also contribute errors to the correction model. Although the 

hydrodynamics model derived from Delft3D can return accurate tidal heights (Stewart, 

2021), the complex setup and long processing time might restrict the application of the 

correction model. Therefore, using the satellite-based water depth retrieval algorithm 

could be a good replacement. Due to the high penetration, the ratio of reflectance between 

blue and green is widely used to estimate the bathymetry in the optically deep channels 

by establishing empirical relationships with in situ measurements (Jagalingam et al., 2015) 

or applying Stumpf’s band ratio model (Stumpf et al., 2003; Zhu et al., 2020). For shallow 

waters, the new machine learning based method using visible bands and near-infrared 

bands yields robust bathymetric estimates (Sagawa et al., 2019), which can provide a 

complete distribution map of water depth in the intertidal regions.  

In Chapter 3, improvements could be made by increasing the accuracy of predicting 

seagrass area when submerged and modelling the potential seagrass distribution trend. 

Although the results showed water depth did not significantly affect the detection 

accuracy, seagrass coverage might be biased due to the effects of the water column on 

reflectance. Therefore, rather than using absolute values of seagrass reflectance, applying 

the bottom reflectance index (BRI) converted from visible bands (Sagawa et al., 2010), 

which creates different indexes for different seabed types (Ha et al., 2020), is likely to 
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increase the detection model’s performance. Meanwhile, more ground truth points should 

be collected over the subtidal regions to be compared with the machine learning model 

derived results, which will be particularly important if seagrass continues to thrive and 

expand. For the prediction of future benthic primary productivity, instead of adding the 

restrictions of light and averaged annual growth area to seagrass, a model which can 

provide expansion/degradation details of seagrass based on current distribution would be 

much more accurate. Several parameters may contribute to this model including 

heatwaves (Clemente et al., 2023), nutrients (Li et al., 2019), natural events (Cussioli et 

al., 2019), as well as light availability (Bulmer et al., 2016).  

More biological effects from the surrounding environment and ecophysiological 

adaptations from both seagrass and MPB could be included in estimating productivity. 

For example, the increased mud content can significantly reduce the photosynthetic 

efficiency of MPB while seagrass is barely affected (Flowers et al., 2023). Seagrass can 

also adapt to limited light conditions by changing pigment compositions and up-regulate 

productivity to compensate for lack of energy (Davey et al., 2018; Keyzer et al., 2020).  

The MPB communities instead are able to tolerate the wide temperate variation (Salleh 

& McMinn, 2021) and desiccation (Coelho et al., 2009). These factors were ignored in 

my model but were worthwhile adding in future studies for more accurate GPP estimates. 

In Chapter 4, considering the accuracy of the prediction model strongly depends on the 

satellite observation, it is of great importance to develop better algorithms to estimate 

SSC, especially in shallow waters. Several methods may useful than the method I used, 

such as applying end-to-end neural interpolation on satellite images (Vient et al., 2022), 

extracting the amplitudes and phases of SSC through coupling the Lomb-Scargle 

Periodogram with phase-folded diagrams (Lin et al., 2022) and using the empirical model 



174 
 

based band ratio (Red/Green) (Markert et al., 2018). These methods all returned accurate 

estimates of SSC, which can provide a solid basis for predicting cohesive sediment 

concentration in the fringing environments of estuaries.  

More features can be included in the prediction model to improve the accuracy of C0. The 

model did not include rainfall (extreme weather), waves and human effects, which are all 

significant contributors to hydrodynamic conditions and thus sediment concentration 

variations. Therefore, future projects can be connected to meteorological models (Sokol 

et al., 2021) and quantify the anthropogenic effects on estuarine sediments (Grasso et al., 

2021). The cohesive sediment concentration should be derived from the wave model of 

Delft3D, which fully considers the effect of waves on sediment dynamics. 

In Chapter 5, the results showed that dominant wavelength and Kd Blue could be used to 

classify the states of 12 estuaries across New Zealand. Although I compared the results 

with other in situ measurements and evaluation models, more detailed criteria should be 

added to the classification model to avoid errors due to seasonal variations in water 

properties. Fieldwork on measuring the water colour and diffuse attenuation should also 

be carried out to assess and correct the errors from satellite-derived results. In addition, 

more estuaries should be involved in the study so that a nationwide classification system 

can be established to provide instant and relatively precise results of estuarine optical 

properties.  

6.3 Conclusions 

Due to anthropogenic stress, the coastal environment is currently under immense pressure 

which continues to worsen with climate change, increased pollution and decreased 
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biodiversity. Enormous economic and biological loss may come rapidly with the 

degradation of coastal habitats, made worse by the loss of resilience in the human 

communities and natural ecosystems. Therefore, there is a clear need for us to change the 

way we interact with the environment. The effects of human behaviours and natural 

processes need to be numerically quantified using in situ and remote sensing measures, 

to provide strong evidence to incite behavioural change. With the support of great data at 

scale, using health indices derived from multiple coastal stressors and indicators can be 

the basis for a comprehensive assessment of coastal waters. The quantified changes in 

estuarine indicators can provide coastal restoration teams with precise and locally-

relevant tools, enabling timely and effective intervention and the data to persuade local 

communities to actively participate in protective actions. 

The research chapters above provided a comprehensive understanding of estuarine health 

derived from the combination of satellite images, machine learning and numerical 

simulation. The main thesis outcome was to assess estuarine health based on different 

criteria including water optical properties, surrounding vegetation health and coastal 

sediment budget. The key innovations and findings from this study were: 

• The development of a seabed reflectance correction model based on Lyzenga’s 

algorithms. The seabed reflectance correction model provided a simple way to 

calculate the true water reflectance in visible bands in optically shallow regions, 

which was the basis for deriving water surface optical properties accurately. Based 

on the assumptions I made, the diffuse attenuation coefficient could be computed 

by applying the “spatial” or “temporal” method. 

• The development of a new machine-learning-based model to estimate seagrass 

percentage coverage, unvegetated flat distribution and thus benthic primary 
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productivity. Due to the application of machine learning, the model was the first 

model which could provide accurate estimates of the areas of seagrass and other 

vegetation. By combining satellite images, random forest models and literature-

derived photosynthesis parameters, this model filled an important gap in how to 

upscale empirical P – I relationships derived from limited samples to a spatial 

distribution map of productivity. By adjusting the water depth and diffuse 

attenuation coefficient, this model could be further used to predict the impacted 

GPP due to sea level rise and climate change. 

• The derivation of the incoming cohesive sediment concentration. In this chapter, 

a new model to estimate the cohesive sediment concentration and to predict 

sediment accumulation in the fringing environment was proposed using a 

combination of satellite imagery, machine learning and numerical simulation 

(Delft3D). Although previous studies explored the possibility of assimilating 

satellite-derived data into numeric models to provide complete and long 

monitoring of SSC, the new prediction model could predict spatially-resolved 

sediment dynamics precisely and quickly. In addition, this chapter was also the 

first to investigate how sediment accumulation in simple wetland models was 

sensitive to the parameterisation of SSC of the incoming estuarine water. 

• The classification of estuaries across New Zealand based on dominant wavelength 

and diffuse attenuation coefficient. There are limited papers on classifying 

estuaries using two satellite-derived optical properties. Many previous studies 

focused on one index or indicator, which can not convey complete information 

about the estuaries. Classifying estuaries with similar optical conditions into 

groups can contribute to consistent coastal management and restoration of benthic 
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vegetation because dominant wavelength and diffuse attenuation coefficient 

control the light availability at the seabed. 

• The models developed in this study are generally applicable to other sites, and so 

can contribute to a more complete understanding of estuarine health on which to 

base more accurate predictions for other estuaries.  
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