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Executive Summary 

Surface runoff from agricultural operations is one of the biggest ongoing threats to water quality in North 

America. The addition of nutrients including nitrogen, phosphorus and potassium to agricultural crop 

lands is necessary in improve yield and ensure healthy plant growth. However, losses of nutrients, 

especially phosphorus and nitrogen, through surface runoff and wind erosion are important drivers of 

eutrophication in surface waters. 

Nutrient pollution within an ecosystem can be difficult to manage on a large scale, as nutrients can 

originate from both point and non-point sources, comprised of natural and anthropogenic sources. Non-

point sources of nutrients are much more difficult to monitoring and manage. Often non-point source 

nutrient pollution is unintentional and is aided through natural processes such as erosion. The impacts of 

non-point sources tend to be locally smaller than a single point source, but their effects are often 

prevalent throughout a watershed, which can accumulate resulting in major impacts to receiving waters. 

In areas where non-point sources are widespread, such as a watershed dominated by agricultural 

watershed, where nutrients from agricultural operations may be transported to receiving waters through 

stormwater runoff, in may be very difficult implement strategies to reduce nutrient inputs. This can be 

especially true when the amount of nutrients being transported through non-point sources is 

unquantified. As a result, programs aimed at reducing the impacts of non-point sources can be difficult to 

target where they are most effective. 

The Lake Simcoe watershed, located in central Ontario has been identified as an area impacted heavily by 

both point and non-point source nutrient pollution. This has led to the eutrophication of Lake Simcoe and 

a number of its tributaries.  Lake Simcoe is the largest lake in southern Ontario and though continued 

nutrient monitoring and management efforts have improved water quality from historically lows, its 

importance recreationally, commercially and ecologically, require further restoration effort (Palmer et al. 

2011). 

The model framework and subsequent series of demonstrations outlined in this report aims to address 

this challenge by providing a map detail areas of high and low concentration of phosphorus across the 

landscape. This identification is an important step in targeting management actions aimed at reducing 

nutrients entering the aquatic ecosystem. 

The overall goal of this pilot project is to understand and test whether multispectral satellite imagery is 

able to provide information that can be used to infer soil phosphorus levels at regional (watershed) 

scale. 

Using the relationship between nutrient availability and plant productive response we should be able to 

take a multispectral image from a satellite or other similar data source and be able to identify “hotspots” 

of phosphorus across the landscape. It is hoped that through this work a tool able to better understand 

the location and abundance of nutrients across the watershed can be developed. 

Satellite imagery was found to be an effective method of identify non-point sources of phosphorus across 

the landscape. Satellites able to identify vegetation health and productivity, through multispectral data, 

showed strong correlation between spectral signals and soil samples throughout the Pefferlaw/Uxbridge 

and Beaver sub-watersheds. These sub-watersheds are highly variable in land use composition, with high 

amounts of agriculture and naturalized lands. This ability to closely predict phosphorus was found to be 
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generally strong throughout both sub-watersheds, suggesting that this tool can be exported to other 

similar sub-watersheds with minimal loss of predictive ability. Additionally, this tool demonstrates 

reasonable robustness in its ability to accurately predict soil phosphorus through the mid- to late summer 

months. As a result, this tools serves as a strong method for identifying phosphorus hotspots, which can 

inform management activities and direct remediation and best management practices, to reduce 

phosphorus loss across the landscape. 

The success of this project hinges on the evaluation of two primary performance measures: 

Performance Measure 1: Level of effectiveness of remote sensing as a means to assess non-point 

sources of nutrients 

The success of this performance measure was gauged by whether or not remote sensing is determined to 

be highly effective. We demonstrated through this project that a tool or model can be built using 

multispectral remote sensing information, and with a relatively good degree of accuracy predict observed 

soil phosphorus test points.  Additionally, this model appears to be temporally and spatially robust enough 

for use during the summer months throughout the Lake Simcoe watershed. It is however unknown what 

the limits to this robustness is, but it is expected that seasonal effects outside of the known summer 

conditions will diminish the quality of results. In instances where high soil phosphorus is observed, the 

accuracy of predictions may also be diminished, due to a muted spectral response and limited training 

data. Additional work is need to continue to improve the quality of the model, if it is to be used to 

quantitatively assess phosphorus loading sources. Conversely, if the role of this tool is simply to identify 

areas of high concentrations of non-point sources of nutrients, reduced accuracy may not be viewed as 

significant barrier. 

Performance Measure 2: Amount of knowledge gained 

The success of this performance measure is gauged by the ability to make recommendations on methods 

to improve the spatial modeling of nutrient loads across landscapes. In general it is clear from the findings 

of this project, that we are able to identify many of the strengths and weaknesses of this tool moving 

forward. In order to continue to improve this tool, additional input data focusing on different landcover 

types, higher nutrient concentrations and a broad spatial and temporal distribution will be needed.  

Additionally, continued and more sophisticated efforts to link predictions of non-point nutrients to water 

quality represent a crucial step forward in making this a much more powerful tool for use in watershed 

management. The lessons learned from this project and outlined in this report have led to the 

development of the following recommendations: 

1) Continue to improve the training dataset by increasing the number of quality soil samples 

collected from a variety of landcover and vegetation types and a range of soil phosphorus 

concentrations. 

2) Robust assessment of the spatial and temporal reliability of soil phosphorus estimates both within 

and outside the Lake Simcoe watersheds, as well as through multiple points within the growing 

season. 

3) Understanding of how soil phosphorus maps can be better link to water quality, through existing 

watershed models such as SWAT or through the development of a Lake Simcoe specific nutrient 

flow model. 
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4) Examine the use of hyperspectral imagery to improve estimates of soil phosphorus, reduce 

confounding effects (such as soil moisture) and possibly map other contaminants or soil 

constituents of interest. 

5) Develop methods of automating the processing of images, such that the tool can by presented in 

a platform which is more user friendly for a broader range of stakeholders. 

It is believed that the tool developed and examined in this pilot study represents an important step 

forward in the monitoring of nutrients within a watershed, however it is important to continue to engage 

with stakeholders to ensure that this tool can be refined for use in watershed management. 
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Section 1 – Background and Introduction 

Introduction 

Surface runoff from agricultural operations is one of the biggest ongoing threats to water quality in North 

America (Carpenter et al. 1998). The addition of nutrients including nitrogen, phosphorus and potassium 

to agricultural crop lands is necessary in improve yield and ensure healthy plant growth. However, losses 

of nutrients, especially phosphorus and nitrogen, through surface runoff and wind erosion are important 

drivers of eutrophication in surface waters (Levine and Schindler 1989). In most freshwater systems in 

North America, phosphorus is the nutrient which limits algal growth, therefore its abundance strongly 

dictates productivity and growth throughout the aquatic foodweb (Vitousek et al. 2010; Schindler 1977). 

Soil testing combined with progressive agricultural practices such as maintaining buffer zones near 

waterways, are included in most nutrient management strategies or guidelines, with the aim of reducing 

impacts of nutrient runoff (Sims et al. 2000). The push to reduce nutrient runoff has been driven equally 

by regulation and incentives protecting surface waters as well as cost management, as excessive nutrients 

can result in diminished net yields. As a result, there are incentives to managing applied nutrients 

effectively, and financial consequences for managing them poorly (Sharpley et al. 1994). 

Nutrient pollution within an ecosystem can be difficult to manage on a large scale, as nutrients can 

originate from both point and non-point sources, comprised of natural and anthropogenic sources. Point 

sources historically have been easier to manage as they represent a funneling point for nutrients, to a 

single known point of discharge. The best example is effluent discharge from an industry or wastewater 

treatment facility, where relatively high strength pollutants are released into the environment. Although 

these point sources may be major contributors to the overall degradation of a water system, their single 

discharge points make it logistically simple to monitor, regulate and mitigate. This is often thought of at 

end-of-pipe management, in which a single polluter can be held accountable for their discharge.  By 

working with stakeholders and regulators, polluters can be encouraged through incentive or consequence 

to alter their processes to improve the quality of their effluent. For example, agencies tasked with water 

quality management may l offer incentives such as grants to upgrade the facility to improve the quality of 

its discharge, ultimately improving the quality of receiving waters. 

Non-point sources of nutrients are much more difficult to monitoring and manage. By definition, non-

point sources of nutrients are either undefined or unknown and are generally comprised of nutrients 

carried off of the landscape through stormwater runoff, atmospheric or aerial deposition and transient 

activities. Often non-point source nutrient pollution is unintentional and is aided through natural 

processes such as erosion. The impacts of non-point sources tend to be locally smaller than a single point 

source, but their effects are often prevalent throughout a watershed, which can accumulate resulting in 

major impacts to receiving waters (Carpenter et al. 1998). In areas where non-point sources are 

widespread, such as a watershed dominated by agricultural watershed, where nutrients from agricultural 

operations may be transported to receiving waters through stormwater runoff, in may be very difficult 

implement strategies to reduce nutrient inputs (Sharpley et al. 1994). This can be especially true when 

the amount of nutrients being transported through non-point sources is unquantified. As a result, 

programs aimed at reducing the impacts of non-point sources can be difficult to target where they are 

most effective. 
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The Lake Simcoe watershed, located in central Ontario has been identified as an area impacted heavily by 

both point and non-point source nutrient pollution. This has led to the eutrophication of Lake Simcoe and 

a number of its tributaries.  The geomorphology of the Lake Simcoe basin is highly variable, with rich fertile 

soils in the southern portion of the watershed, including the East and West Holland, Black, 

Pefferlaw/Uxbridge and Beaver River sub-watersheds. Lake Simcoe is the biggest lake in southern Ontario 

and though continued nutrient monitoring and management efforts have improved water quality from 

historically lows, its importance recreationally, commercially and ecologically, require further restoration 

effort (Palmer et al. 2011). 

Remote Sensing Basics 

Humans perceive the world around them within the visible colour spectrum (e.g. red, orange, yellow, 

green, blue, indigo and violet). These colours are produced by energy of differing wavelengths being 

emitted and reflecting from an objects surface. For example, a rose is red because the structures in its 

petals are able to absorb much of the sun’s incoming light energy, except for that in the red portion of the 

spectrum.  Rather than be absorbed, red light energy is reflected by the surface of the flower, giving it its 

red colour. Energy’s characteristics including that of light is defined by its wavelength (frequency) and 

amplitude (intensity). Light energy in the visible spectrum has wavelengths that range between 

approximately 390 nm and 700 nm, however energy can have wavelengths of any lengths and can be 

found anywhere along the electromagnetic spectrum (Figure 1). 

 

Figure 1 - Diagram of the electromagnetic spectrum, progressing from long (left) to short (right) wavelengths.  The project focuses 
on wavelengths which range between infrared and ultraviolet. 

In addition to light observed in the visible spectrum, various sensors and devices have been developed 

which are able to send and detect energy at other points along the electromagnetic spectrum. These 

devices allow us to allow us to enjoy a variety of modern conveniences such as television and radio which 

send signals in the form of longwave energy.  

Instruments able to detect energy at various wavelengths can be equipped to satellites and unmanned 

aerial vehicles (UAVs), to provide remote sensing data. Sensors used in remote sensing such as is the case 

with earth observational satellites such as the LandSat series, Radarsat-1 and GOES series are equipped 

https://www.google.ca/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwiyzJyvsuXTAhXG6oMKHQkmBngQjRwIBw&url=http://www.chromacademy.com/lms/sco736/02-The-Electromagnetic-Spectrum.html?fChannel%3D22%26fCourse%3D97%26fSco%3D736%26fPath%3Dsco736/02-The-Electromagnetic-Spectrum.html&psig=AFQjCNEPW_CHOEYV7aViFmW7EXexw6HgeQ&ust=1494507975590860
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with sensors which are designed to view the earth at multiple ranges of the electromagnetic spectrum 

and are used to monitor weather, map terrain and assist in environmental monitoring. These sensors 

effectively act like cameras, taking pictures of the earth’s surface in various wavelengths. 

Spectral Imagery 
In the case of satellites, which detect surface radiation (reflected and emitted energy) such as LandSat 8, 

MODIS and Sentinel 2 satellites, they rely on the detection of energy from the sun which is reflected by 

the earth’s surface, as well as any light generated on the surface of the Earth (e.g. forest fires and 

streetlights). Because different materials absorb and reflect unique amounts of energy, different materials 

have their own unique spectral signature. For example, chlorophyll contained in health vegetation has the 

ability to absorb high amounts of energy in the blue and red portions of the electromagnetic spectrum, 

while reflecting green and infrared energy. A satellite viewing a vegetated area would show high amounts 

of green and infrared energy, relative to blue and red energy. By examining the ratios in observed energy, 

an energy or electromagnetic signature can be developed for different materials (Hoffer and Johannsen, 

1969). This begins to form the premise of many remote sensing principles, including multispectral image 

analysis. 

Depending on what specific or range of wavelengths and how many sections of the spectrum (known as 

bands) an instrument is observing, determines the utility and application of an instrument. For example, 

instruments which provide observations in the visible spectrum (red, green and blue colour bands) are 

used for general surveillance applications, whereas satellites which observe infrared radiation (shortwave 

infrared bands), are useful in determining surface temperature. 

Data collected from the analysis of spectral bands can provide significant information by themselves, 

however it can also be advantageous to examine the interaction and ratios of combinations of spectral 

bands (Cohen and Goward 2004). These combinations, known as spectral indices, can provide targeted 

information about environmental patterns including vegetation health and soil moisture content. Spectral 

indices are generally designed to target specific attributes through spectral trends which are consistent 

globally (Field et al. 1995). For example one of the most commonly used spectral index used for 

environmental observation is the Normalized Difference Vegetation Index (NDVI). This index infers 

vegetation growth by examining the ratio of near infrared (NIR) and red energy (Equation 1) 

Equation 1 - Normalized ration between energy observed in the near infrared (NIR) and red portions of the spectrum, known as 
the Normalized Difference Vegetation Index (NDVI).  This index is used widely as a tool to assess vegetation health and 
productivity 

𝑁𝐷𝑉𝐼 =  
(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑)
 

The NDVI acts as a strong indicator of vegetation growth global because it exploits a common principal of 

plant biology, which is that when a plant is healthy (or abundant) it will produce a high amount of 

chlorophyll. Chlorophyll, the pigment found in chloroplasts, uses red light from the sun to drive 

photosynthesis. Conversely, plants lack pigments able to handle infrared (and NIR) light, therefore if it is 

absorbed by a plant, its energy can damage plant cells. Plants have adapted to produce compounds and 

structures able to reflect infrared (and NIR) rather than absorb it. Therefore a healthy plant will have an 

NDVI value close to 1, whereas unhealthy vegetation or bare soil which may absorb relatively more NIR, 

will have an NDVI value closer to 0. Principally, spectral indices are used as simplistic, single variable 
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measures of attributes (such as NDVI which is an estimate of healthy vegetation), but can be analyzed in 

combination with other indices or bands to tease out additional information (Bannari et al. 1995). 

Data sources 
Spectral image data can be sourced through a number of means, including directly with cameras, 

microscopes and handheld instruments for high resolution analysis (<2 cm), UAVs for moderate resolution 

(<10 m) or aircraft and satellites for coarse resolution analysis (>2 m). Principally, image resolution as well 

as the number of bands examined presents a trade-off between resource availability, project scale and 

project goals. Instrumentation able to observe more spectral bands becomes increasingly expensive as 

the number is increased.  Furthermore instruments able to observe more spectral bands generally require 

additional physical equipment to capture data and processing power to interpret observations, increasing 

the physical size of the payload. Therefore, instruments able to capture a high number of spectral bands 

(known as hyperspectral imagery), are often limited to ground based imagery (such as a handheld 

camera). Similarly, the scale of a project may determine how imagery is sourced, as it may not be feasible 

to collect imagery data of a large sample area using a handheld camera or UAV. Conversely if a sample 

area is small, satellites or aircraft may not provide suitable resolution. 

For studies examining regional and global trends, there are a range of internationally funded satellites 

that provide data for research purposes. This data is offered through a variety of government agencies 

including the United States Geological Survey and European Space Agency. While this data is free to its 

users, users have no input on the operation of the instruments and limited redundancy in the case of 

technical malfunction (Loveland and Dwyer 2012).  Alternatively for studies that require either fine 

resolution imagery, or that are temporally sensitive, data acquisition through the use of private satellites, 

UAVs or instrumentation, may be the only feasible option. Private sources of data, may provide higher 

spatial and temporal resolution of images, which can often allow the user more control over the data, 

however for many research applications the added cost of acquiring private data sources may not make 

it a feasible option. 

Project Objectives and Goals 

The Lake Simcoe watershed is one of the most at-risk watersheds in Ontario due to continued 

eutrophication as a result of increased urbanization (both low and high density development) and intense 

agricultural activities (Palmer et al. 2011). 

The overall goal of this pilot project is to understand and test whether multispectral satellite imagery is 

able to provide information that can be used to infer soil phosphorus levels at regional (watershed) scale. 

The mechanism behind this conceptualization is that phosphorus, although not visible by itself, influences 

plant growth through structural development and the increase in primary productivity. Plants respond to 

increased resource availability by increasing primary productivity, the structural development of the 

organism (Shen et al. 2011). Included with the structural development is the increase in photosynthetic 

structure, providing the plant energy. Chloroplasts are the primary cellular structure which drives 

photosynthesis, and contain high amounts of the pigment chlorophyll. Chlorophyll, being able to absorb 

different wavelengths of light in different abundances, provides a unique and detectable signal in the 

visible and non-visible parts of the spectrum. Therefore, healthy plants, where soil nutrients such as 

phosphorus are increased, should have more chlorophyll development in response. 



 
Remote Sensing of Terrestrial Phosphorus at Watershed Scale 

 

 Page | 5 
 

If increased chlorophyll is observed in response to increases in soil phosphorus, than we should be able 

to correlate plant response to soil phosphorus observations. Using this principle we should be able to take 

a multispectral image from a satellite or other similar data source and be able to identify “hotspots” of 

phosphorus across the landscape. It is hoped that through this work a tool able to better understand the 

location and abundance of nutrients across the watershed can be developed. 

In addition to the overall project objective, two important sub-objectives will be investigated to 

understand how the toll can be applied in realistic circumstances: 

1) Examine how estimates of soil phosphorus across the landscape relate to observed water quality 

(total phosphorus) throughout the watershed. This will provide a practical measure of how the 

tool can be utilized to track nutrient flow and loading throughout the watershed. 

2) Examine the temporal robustness of the developed model in order to understand how seasonal 

growth patterns impact the ability of the model to accurately predict soil phosphorus 

concentrations.  

By developing a greater understanding of not only the effectiveness of the tool a single time series, but 

also its robustness and applicability in watershed management, we can better assess the overall 

versatility. 
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Section 2 – Soil Phosphorus Model Development 

Introduction 

Understanding sources of nutrients within the Lake Simcoe watershed is paramount to improving nutrient 

management and water quality management strategies (MOECC 2010). Historically, much emphasis has 

been placed on managing point source inputs of nutrients and encouraging reduction of non-point source 

nutrients through best management practices. It is therefore of great interest to watershed managers to 

improve our understanding of where nutrients are located in high concentrations (MOECC 2017). As a 

result the primary goal of this project is to develop a tool able to predict or identify areas of high 

phosphorus content, both as a result of anthropogenic activities and natural processes or deposition. 

Methods 

Examinations of phosphorus in terrestrial systems (e.g. soil phosphorus), has been limited compared to 

those focusing on aquatic systems. However, previous studies suggest that a strong relationship between 

soil total phosphorus and response in multispectral imagery, specifically in the NIR band, exists (Kim et al. 

2014). Based on the work conducted by Kim et al. (2014) in tropical wetland environments, we further 

applied similar methodology to the temperate landscape of southern Ontario, to relate soil phosphorus 

with multispectral imagery. 

Site Selection 
Soil sample sites were selected based on a strategically selected stratified approach. The first priority was 

to achieve a 0.4 km-2 sampling intensity across the Uxbridge Brook portion of the Pefferlaw/Uxbridge sub-

watershed. This sample density was a balance of the methods of Kim et al. 2014 who used a 0.5 km-2 

sampling density and resource availability. Once the sample density was established, using a grid matrix, 

sample sites were initially placed in the centroid of each grid cell and then manually moved where 

necessary using ArcGIS 10.4.1 (ESRI, 2015). Sites were moved to ensure that sample locations were 

accessible by field crews as well represented the full range of landuse observed within the 

Pefferlaw/Uxbridge sub-watershed. 

Water sample sites were generally based on road access. Sample sites were located at each intersection 

between road and water, as well as in areas where public access permitted.  

Soil Sampling 
Soils samples were collected in four sampling events over two years (August 24-29, 2016, November 17-

22, 2016, July 11-16, 2017 and September 12-14, 2017).  

Soil was collected by coring a 10-15 cm deep hole into the ground at each sample location. Efforts were 

made to remove as much organic material as possible (e.g. above and below ground vegetation), as well 

as large stones from the soil sample. Soil was then placed in a sealed bag, and were kept in a cooler prior 

to being shipped to a lab for analysis. Samples were collected in duplicate, with soil being collected from 

two individual holes 0.5 – 1 m apart. Duplicate samples were used to assess local soil variability. Since in 

many cases, soils are difficult to homogenize, soils collected in duplicate and then averaged provide a 

more accurate assessment of the local soil conditions. Sample sites where duplicates differed by more 

than 50% were discarded from further analysis. 
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The focus of Year 1 (2016) sampling, was to analyze soil from the Pefferlaw/Uxbridge sub-watershed for 

total phosphorus. Soil total phosphorus was found to have limited predictive value using multispectral 

remote sensing, results were not included in the development of the predictive model. Further 

information about the relationship between total phosphorus, plant available phosphorus and 

multispectral signals is presented in Appendix 1.  Soil samples collected in Year 2 (2017) focused on the 

analysis of the plant available phosphorus (Olsen phosphorus), both within the Pefferlaw/Uxbridge and 

the neighbouring Beaver River sub-watershed, in an attempt to test and improve the spatial robustness 

of the model. In total 1152 soil samples were collected Table 1.  

Table 1 - Overview of the soil samples collected during Year 1 and Year 2 sampling events. Note: soil samples collected in 
November 2016 were not analyzed in duplicate. 

Sample Parameter (Sub-watershed) 
August 
2016 

November 
2016 

July 
2017 

September 
2017 

Soil Total Phosphorus (Pefferlaw/Uxbridge) 286 112 50 - 

Plant Available Phosphorus 
(Pefferlaw/Uxbridge) 

- 112 240 198 

Soil Total Phosphorus (Beaver) - - - - 

Plant Available Phosphorus  (Beaver) - - 154 - 

 

Figure 2 illustrates the coverage of soil sampling locations throughout the Pefferlaw/Uxbridge and Beaver 

River watersheds for each respective sampling event. 
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Figure 2 - Maps depicting sampling locations throughout the Pefferlaw/Uxbridge (West) and Beaver (East) sub-watersheds, during 
the August 2016 (A), November 2016 (B), July 2017 (C), September 2017 (D) 
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Spectral Data Acquisition and Preparation 
Satellite images were acquired from four primary satellites during this project: LandSat 8, MODIS, Sentinel 

2A and Sentinel 2B. Additional information from LandSat 7 was examined, however due to a Scan Line 

Corrector failure (an issue with the instrument’s ability to correct for spin of the Earth while data is being 

collect), LandSat 7 images have a series of parallel data gaps covering approximately 25% of the data. 

While there are methods that can be employed to interpolate data values of affected pixels, for the 

purpose of this project, data from LandSat 8 will be sufficient. 

LandSat data is the most widely used satellite data source by researchers, spanning a wide range of 

disciplines. As a result, its acquisition has been made simple through the Earth Explorer website, hosted 

by the United States Geological Service. LandSat 8 images are collected of any given location every 9 days, 

with data being made publically available in near real-time. 

MODIS data, though having a lower spatial resolution than LandSat (250 m x 250 m), provides significantly 

higher temporal resolution, capturing images of any given location approximately once daily. Images can 

be collected and processed daily through the LANCE-MODIS data hub, or also the Earth Explorer website. 

Sentinel 2A and 2B satellites are operated by the European Space Agency. Data from these identical 

satellites combine to provide images of any given locations at least once every 5 days. Images are made 

available in near real-time through the European Space Agency’s Copernicus data hub. 

Image Evaluation 

Images quality were evaluated based on the amount of visible ground observed in an image. One of the 

greatest limitations with using satellite imagery in the visible and near visible reaches of the spectrum to 

detect changes on the Earth’s surface is that it requires a clear view of the Earth’s surface. As a result, 

images with cloud cover are often of no use. Therefore each image is assigned a quality value, based on 

the amount of cloud cover impeding the view of the Earth’s surface.  

Image Pre-processing 

Satellite imagery provides a very powerful tool for analyzing changes across the surface of the Earth. 

However, images generally have to be pre-processed in order to correct for fluctuations in the 

atmosphere, angle and distance of the sun, which impart variations in the images unrelated to actual 

changes observed on the Earth’s surface (Figure 3; Young et al. 2017). Furthermore, although all satellite 

imagery used in this project follows the same general workflow, the acquisition and pre-processing steps 

are unique for each satellite. 
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Images are collected by downloading compressed GeoTIFF files from the Earth Explorer website. These 

files contain spectral band .tif files (Appendix 6), as well as a quality assurance band which provides 

information about the quality and surface visibility of each pixel. 

Image Clipping and Mosaicking 

Satellite images are very large, detailed files (e.g. each band is approximately 750 MB), as a result 

processing and analyzing images can require significant resources and computing power especially in 

instances where images from multiple dates are required. It is often advantageous to reduce the size of 

each image by clipping out the area of interest and creating a smaller file from this clipped image. For this 

project, all images were clipped to the boarder around the Pefferlaw and Beaver watershed. 

In cases where the study region is large, it may bridge over multiple images (this is the cased with Sentinel 

2 images). As a result, images will need to be mosaicked and colour corrected. This process effectively 

Image Acquisition 

Conversion from DN to reflectance 

Correct for sun angle  

(convert sensor values to surface 

reflectance) 

Optional: Clip Images to reduce 

processing time and mosaic images 

for large scenes 

Correct for Atmospheric Variation  

(Dark-Object Subtraction) 

Cloud Masking 

Figure 3 - Flowchart illustrating the workflow required to utilize Level 1 satellite data. Some providers offer data in higher 
processing levels (e.g. pre-processed), however algorithms used to correct for atmospheric variation was found to confound 
surface reflectance values and therefore inappropriate for this project. Adapted from Young et al. 2017. 
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blends multiple images together into a single larger scene.  From this point the area of interest can be 

clipped to a smaller file size for processing. 

Cloud Masking 

When satellite images are downloaded from their respective data hubs, an additional band known as the 

quality assurance band is included. This band uses an algorithm to provide an assessment of the quality 

of each pixel in the form of a category number as well as includes information whether it is landcover, 

water or cloud cover pixel. Using these values, pixels which do not provide a view of landcover are deleted 

from further analysis as they do not provide useful information. 

Conversion to Surface Reflectance 

Once collected, images must be corrected for the sun angle and atmospheric effects, unique 

characteristics in each image. Prior to correcting for sun angle and atmospheric effects, we elected to 

convert pixel values from Digital Numbers to reflectance values (Equation 2). 

Equation 2 - Conversion formula used to convert Digital Numbers (Mp) to reflectance values (ρλ’). Qcal and Aρ represent sensor 
specific calibration constants found in sensor metadata. 

𝜌𝜆′ = 𝑀𝜌𝑄𝑐𝑎𝑙 + 𝐴𝜌 

By default, satellite images are expressed as Digital Numbers, which is a unitless value proportionate to 

the intensity of the energy of an object observed at the satellite sensor. By converting Digital Numbers to 

radiance pixel values become meaningful (representing W/m2 of energy reflected by an object), as well 

can be used to calculate spectral indices, and compared to images from other time periods. Spectral bands 

representing light energy (0.435-2.294 µm) can be transformed to reflectance as a representation of light 

reflected on the Earth’s surface. Spectral bands representing thermal energy (10.60-12.51 µm), are left as 

Digital Numbers, as their relative values and variance are sufficient for the purposes of this project. 

Images are then corrected for sun angle, in order to account for seasonality caused by the tilting of the 

Earth (Equation 3). Variation in the sun angle can cause images to vary in total light intensity impacting 

the ability to compare images temporally. 

Equation 3 - Sun angle correction formula. Reflectance values (ρλ’) are corrected by the sun angle in radians (θSE). 

𝜌𝜆 =  
𝜌𝜆′

sin(𝜃𝑆𝐸)
 

Atmospheric Correction 

The final step of pre-processing is correcting for atmospheric variation. Atmospheric conditions can vary 

seasonally, depending on regional and continental scale environmental events, including forest fires, dust 

storms, smog and major weather events. Particulate in the atmosphere caused by these events can alter 

the amount of light which is scattered both on its way from the sun to the Earth’s surface as well as 

reflected light from the Earth’s surface 

There are many methods that can be employed to correct for atmospheric variation, with the most 

accurate of which employing ground based atmospheric sensors. The USGS offers “Level 2” data which 

employs ground based sensor information, however it is only available for MODIS, LandSat 7 and LandSat 

8 datasets, meaning Sentinel 2 data would have to rely on a separate algorithm to correct for atmospheric 
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conditions. Additionally, while ground sensor based correction provides the best overall correction for 

regional data (e.g. across the entire image), it can unintentionally introduce error into otherwise clear 

pixels in a non-uniform manner (Young et al. 2017). A simpler, yet still effective method of correcting for 

atmospheric conditions is through Dark-Object Subtraction (DOS; Chavez 1996). The DOS method 

normalizes each image based on the assumption that a dark object such as a deep lake reflects minimal, 

(for practical purposes zero) light energy it receives from the sun. Provided there is little to no change in 

the reflectance in the designated dark object, all images can be calibrated and normalized to a common 

value. Values which have been atmospherically corrected are known as surface reflectance images and 

are comparable to image data collected by aircraft or handheld instrumentation. 

Another approach to relative radiometric correction, involves the use of pseudo invariant pixels (pixel 

values which do not change such as buildings, to act as reference points). This approach is more targeted 

than DOS however requires significant processing and image manipulation software which we not 

deemed necessary for this project. 

Calculation of Spectral Indices 

With each satellite, the information each spectral band provides is powerful, however can be furthered 

through the use of spectral indices. Spectral indices create values based on the interaction of multiple 

bands. Appendix 6 outlines the indices applied for each satellite. 

Inspection and Evaluation of Soil Sample Points  

To establish a high quality dataset relating soil samples to satellite imagery, it is important to ensure that 

the pixel representing the landscape where each soil sample was collected, is representative of the on-

the-ground conditions observed at that location. Remote sensing imagery is comprised of individual pixels 

which represent that observed conditions of the landscape within an area equal to the sensors spatial 

resolution. For example LandSat 8 has a spatial resolution for most of its bands equal to 30 m x 30 m. 

Therefore each pixel in an image represents the average energy emitted from a 30 m x 30 m section of 

landscape (for each part of the spectrum). As a result pixels capturing energy from transition zones 

between one landcover feature (e.g. a large parking lot) and another (e.g. a stand of trees), may be a 

representation of the average energy between these two landcover features, rather than one or the other. 

Pixels in close proximity to the transition between two or more landcover types can be less reliable. 

 

 

 

 

 

 

Soils sample locations were spatially plotted over a false colour composite image. Images are comprised 

of several spectral bands which can be displayed as individual black and white bands or three colour 

composite bands – red, green and blue. Often when observing remote sensing imagery as three colour 

composite, the image is viewed as a true colour composite, where the red colour in the image represents 

Figure 4 - Comparison of high resolution (left) and low resolution (right) imagery. Low resolution imagery can make it difficult to 
define spatial boarders around objects and landcover types. 
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the intensity of the red spectral band, the green colour represents the intensity of the green band and the 

blue colour represents the intensity. A true colour composite results in an image equivalent to what would 

be observed by someone looking at the Earth’s surface from space. A false colour composite uses the 

image’s red colour to represent NIR, green to represent the intensity of the red band and blue to represent 

the intensity of the green band. A false colour composite results in an image where vegetation is 

represented in a deep red colour and non-vegetated landcover appears purple, blue or black. Since we 

employ vegetation growth as a proxy for nutrient availability, samples sites captured by pixels which fail 

to indicate vegetation were assigned to a neighbouring pixel which adequately captures, or deleted if 

sample could not be moved. 

Supplementary Data 
In addition to data gathered from soil, water and imagery data, additional spatial attributes were included 

as supplementary data. Specifically, remotely sensed landcover maps (MNRF 2002), digital elevation maps 

(MNRF 2013), soil characteristics (Agriculture and Agri-food Canada, 2011) and surficial geology (MNDM 

2012) maps of the Pefferlaw/Uxbridge and Beaver subwatersheds were included as additional 

independent descriptors of soil phosphorus. 

Data Extraction 
Once images have been pre-processed, imagery data, spectral indices and supplementary data was 

extracted at the soil sample sites. Each soil sample site corresponds to a single pixel in each of the imagery 

data bands, spectral indices and supplementary data. The nature of the supplementary data is that it is 

slow to change, as a result, the same supplementary datasets were used for all time series. Conversely as 

the surface conditions of the Earth are continually changing, most notably with seasonal vegetation 

growth, satellite images can change significantly over a short period of time.  As a result, data extracted 

and associated with each soil sample point for satellite images as well as the spectral indices derived from 

them, was taken from the temporally closest image collected after on-the-ground soil sampling was 

conducted. By matching imagery dates with sample dates, we attempt to assess near real-time 

phosphorus concentrations. The exception to this is that for the development of the model, the training 

soil data collected in July 2017, was associated with LandSat 8 imagery from August 20, 2017, as this date 

provided nearly completely clear imagery data. 

Model Development 
Soil and remote sensing data from July 2017 soil sampling event was used to develop the initial model, 

with sample data from the remaining soil sampling events used to test the temporal reliability of the data. 

Upon completion of image processing, inspection and evaluation of the sample points, 209 sites across 

both the Pefferlaw/Uxbridge and Beaver watershed were used to develop the predictive model.  Several 

models were developed and explored in order to assess which performed optimally.  In each case 10-fold 

cross-validation was used to assess the quality of the model.  The 209 data points were used to train and 

develop a total of three individual models using Weka and R statistical software packages.  

The first set of models were based on employing a simplistic approach, in which a linear predictive curve 

was fit to the training dataset based on the relationship between soil phosphorus (dependent variable) 

and individual spectral bands (independent variable).  



 
Remote Sensing of Terrestrial Phosphorus at Watershed Scale 

 

 Page | 14 
 

The second set of models employed a similar approach however used multivariate predictor data to 

develop multiple linear regression models. Forward stepwise selection was used to limit predictors to only 

those which were significant. 

The third set of models focused on network and decision tree models, specifically random forest. These 

models are far more complex, acting largely as a black box (data is input and predictions are output), with 

little user knowledge about the internal processing of the data. However, the advantage that these models 

have is that they do not rely on consistent patterns between dependent and independent data, rather 

they focus on relationships observed within and amongst datasets. 

Model Evaluation 
Each regression model was evaluated, both to assess the accuracy of the predictions using 10-fold cross 

validation, analysis of R2 correlation to initial input values and an assessment of mean error. Models were 

cross-compared in order to identify the overall most effective model. 

Univariate Regressions 

Information provided by the near infrared portion of the spectrum is most effective for assessing 

vegetation growth. This is a result of the uniquely high amount of near infrared radiation reflected by 

healthy vegetation. As a result assessment of individual variables identified the NIR band and spectral 

indices that utilize the NIR band as the most effective in predicting soil phosphorus concentrations. 

Univariate regression models demonstrated limited ability to predict soil phosphorus concentration due 

in part to the non-linear relationship between nutrient availability and vegetation productivity (Chaplin III 

1986). Leaf Area Index 

(LAI) was observed to be 

the single best linear 

predictor of soil 

phosphorus, yielding a R2 = 

0.655 (p-value = 5.55 x 10-

27) and a root mean 

squared error of 10.20. 

Indices which rely on Band 

5 (NIR) information or 

transformation of Band 3 

(Green) (DVI, EVI, GDVI, 

GEMI, GNDVI, GRVI, GVI, 

IPVI, MNLI, MSR, NDVI, 

OSAVI, RDVI, SAVI, SR and 

TDVI) were also found to 

be significant predictors of 

soil phosphorus. 

Figure 5 - Plot of observed (X) and predicted (Y) soil phosphorus values based on a simple 
linear regression model. 
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Figure 6 - Map of predicted soil phosphorus values throughout the Pefferlaw/Uxbridge and Beaver sub-watersheds based on a 
simple linear regression model. Values illustrated in red represent high phosphorus concentrations, whereas values illustrated in 
blue represent low phosphorus concentrations. 
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Multivariate Regression 

Predictive variables along with continuous supplementary data was combined to create a multiple linear 

regression to incorporate interactive effects between predictive variables. Automatic stepwise forward 

selection was use select 

the optimal variables 

based on variable 

significance (α = 0.05). 

Band 5 (NIR) Band 6 

(SWIR1), Band 4 (Red), 

GEMI and GDVI all were 

retained to develop the 

model. The developed 

model was found to have 

an R2 = 0.648 (p-value = 

3.14 x 10-26). Cross-

validation of the dataset 

revealed a root mean 

squared error of 10.34 

based on 214 instances. It 

is important to note that 

at sites where low spectral 

intensity was observed in 

predictor values, 

predictions were below 0 

mg/kg. 

 

 

Figure 7 - Plot of observed (X) and predicted (Y) soil phosphorus values based on a multiple 
linear regression model. 
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Figure 8 - Map of predicted soil phosphorus values throughout the Pefferlaw/Uxbridge and Beaver sub-watersheds based on a 
multiple linear regression model. Values illustrated in red represent high phosphorus concentrations, whereas values illustrated 
in blue represent low phosphorus concentrations.  
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Random Forest (Regression Model) 

Random forest regression modelling is a method of predictive modelling based on multiple iterations of a 

decision tree framework.  Decision trees can be an effective method of understanding relationships 

between datasets as they can adapt to non-linear data as well as incorporate non-continuous data. To 

limit model overfitting, trees were pruned to a maximum of five nodes. 

Manual forward selection based on variable contribution was used to identify significant drivers of total 

phosphorus. Variables 

contributing the least 

amount to the model 

prediction were 

sequentially removed, 

until the correlation 

coefficient no longer 

improved.  LAI, EVI, GEMI, 

GVI, and sample date were 

found to be the most 

significant predictors.  The 

best model achieved using 

Random Forest with 10-

fold cross-validation was 

found to have an R2 = 

0.706 (p-value = 6.80 x 10-

33), and a root mean 

squared error of 9.55 

based on 209 instances 

and 10 folds. The 

relationship between 

observed soil phosphorus 

and predicted soil phosphorus is outlined in Figure 9. As illustrated in Figure 10, minimum and maximum 

predicted values for the two sub-watersheds are comparable to those which were observed in the 

collected soil samples. 

Figure 9 - Relationship between observed phosphorus values and values predicted based on 
Random Forest model, using 10-fold cross-validation. 
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Figure 10 - Map of predicted soil phosphorus values throughout the Pefferlaw/Uxbridge and Beaver sub-watersheds based on a 
random forest regression model. Values illustrated in red represent high phosphorus concentrations, whereas values illustrated 
in blue represent low phosphorus concentrations. 
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Discussion 

The random forest regression model was best able to best predict observed soil phosphorus using a 

combination of multispectral satellite imagery, spectral indices and supplementary data regarding the 

local land cover, geomorphology and soil dynamics. The random forest based model was able to 

outperform other models largely due to its non-linear and non-continuous mode of examining 

relationships between datasets. The relationship between observed soil phosphorus concentrations and 

satellite imagery is not direct (i.e. soil phosphorus is not directly measured but rather inferred through 

plant growth) and as a result, the relationship between soil concentrations and what is observed is not 

linear. Many of the spectral bands collected by the satellites utilized do not relate to plant growth and as 

a result do not show any trend with increasing phosphorus concentration.  LandSat 8 Band 5 (NIR) and 

some of the spectral indices employed are able to demonstrate a strong relationship with plant growth 

however as demonstrated by examination of simple regressions, generally demonstrate an increased 

intensity rate with an increase in nutrient level.  A relationship best described by a non-linear or broken 

linear regression.  Additional models not described here including non-linear regression models and 

neural networking were explored, however were not able to provide better results than those produced 

by the random forest model.  Network based machine learning models such as artificial neural networks 

or Deep Learning algorithms have the potential to make highly accurate and insightful predictions, but 

require very large datasets.  Given the continuing advancements in machine learning techniques, the 

model platform may be worth revisiting in the future. 

In all of the models developed in this project, predictive error increased in proportion to the observed 

phosphorus values. This is possibly the result of two factors interacting with each other: 1) low statistical 

power at very high observe phosphorus concentration; and 2) diminished plant response to very high soil 

phosphorus concentrations (Chapin III et al. 1987). In the first instance, our models are limited in the 

amount of training data available of very high soil phosphorus levels (e.g. >100 mg/kg). It is anticipated 

that the inclusion of additional sites with very high soil phosphorus concentration to train models, all of 

the models utilized would be able to better predict sites with very high soil phosphorus and ultimately 

reduce the amount of error or noise in the predictions.  The second instance presents a greater problem 

as plants generally can only show a limited response to very high levels of soil nutrients. Plants can only 

respond to increased nutrient availability to a certain point before other nutrients or biological conditions 

limit growth (Chapin III et al. 1987). It is at this point where although the model will still provide a 

prediction of high soil phosphorus, it is likely that the prediction will become increasingly erroneous with 

further increases in variation. Further work is needed to identify the point at which various plant 

communities no longer respond to increases in soil phosphorus. 

Random forest models are less intuitive than other more widely used models (e.g. linear regression) for 

predicting values. This presents a minor challenge as standard statistical software such as SPSS, is unable 

to perform random forest assessments; however as its use has become increased with improvements in 

computer processing, packages for random forest assessment are becoming widely available through 

more complex statistical programs such as R (R Core Team 2013), KNIME (Berthold et al. 2008) and WEKA 

(Frank et al. 2016). A package such as this would be required to execute the model developed through 

this project. Furthermore, the amount of remote sensing data that is available as well as the amount of 

effort required to manually pre-process, process and analyze images, it is strongly recommended that if 

this tool is to be adapted for broader usage that effort be made to automate some if not all of the steps, 

such that the end-user is able to simply interpret the model data.  Automating the processing of images 
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would significantly reduce the amount of resources required to acquire information and implement 

findings into active management.  

Taking into account the limitations soil phosphorus prediction caused by confounding environmental 

effects and resource limitations, this approach still provides a strong method of identifying locations 

where nutrients are prevalent.  Furthermore compared to alternative methods which may rely on the 

routine collection of many soil samples a relatively high cost, these predictions provide a step forward in 

nutrient management. Further efforts could encourage landowners to contribute self-performed soil 

nutrient monitoring data to improve the model training database established by this project.
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Section 3 – Connectivity between Land and Water 

Introduction 

Excessive phosphorus has been identified as the most significant cause of water quality impairment in the 

Lake Simcoe basin, as it drives unwanted productivity which can lead to alterations in ecosystem 

dynamics. The Lake Simcoe Phosphorus Reduction Strategy outlines the framework which guides 

phosphorus management and recovery efforts within the Lake Simcoe Basin (MOECC 2010). Through this 

framework, several recommendations detail priorities for improving our understanding of how 

phosphorus enters Lake Simcoe and its tributaries, through novel an innovative monitoring actions. 

Specifically moving forward form the 2010 framework and reiterated in the 2015 Minister’s Five Year 

Report (MOECC 2016), recommendations include fine-tuning and improvement of existing lake water 

quality models related to total phosphorus loads and promoting actions related to reducing phosphorus 

loadings from agricultural, rural and urban sources. 

One application of a model able to identify areas of non-point source nutrients is to estimate how diffuse 

nutrient sources contribute to water quality within the Lake Simcoe watershed. This application directly 

aligns with the Lake Simcoe Phosphorus Reduction Strategy goal of understanding and targeting non-point 

sources.  Additionally, by mapping sources which directly impact water quality, mitigation projects 

including best management practices and interventions can be further targeted and tailored to improve 

results. 

Water quality is primarily influenced by both upstream conditions, within water processes as well as local 

activities in the surrounding catchment. We attempt to assess the influence of the activities and 

phosphorus in the surrounding catchment, and examine the relationship between soil phosphorus 

predictions established in Section 2 of this report and water total phosphorus collected through both the 

Beaver and Pefferlaw/Uxbridge sub-watersheds. 

Methods 

Water Sampling 
Water samples were collected over three sampling events (August 24-29, 2016, November 17-22, 2016 

and July 11-16, 2017), as described in Table 2. 

Table 2 - Overview of the water samples collected during Year 1 and Year 2 sampling events by sub-watershed. 

Sample Parameter (Sub-watershed) 
August 
2016 

November 
2016 

July 
2017 

September 
2017 

Water Total Phosphorus (Pefferlaw/Uxbridge) 33 34 31 - 

Water Total Phosphorus (Beaver) - - 23 - 

 

Water samples were collected either at bridge crossing locations or from streamside locations. Water was 

collected from bridge locations by lowering a clean stainless steel bucket into the centre of the stream 

channel and triple rinsed with stream water. After rinsing, the bucket was filled with water which was 

then used to fill total phosphorus sample bottles. A YSI multisonde was placed into the bucket with the 
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remaining stream water, providing an in situ assessment of dissolved oxygen, temperature, conductivity 

and pH. Water collected from stream bank locations, was collected by placing the downstream facing 

sample bottle approximately 30 cm below the water surface, until bottle was filled. Similarly, in situ 

measurements were taken upstream of the water collection site, by placing the multisonde directly into 

the water. 

Soil Phosphorus Estimates 
Building on the random forest model developed in Section 2 of this report, we used spectral imagery 

acquired in close temporal proximity to water sampling events, to establish estimates of soil phosphorus 

throughout the associated watersheds. Figure 11 outlines, the sampling points throughout the watershed 

as well as the immediate upstream catchments. Catchments were aggregated for downstream sites. 

Soil-Water Relationship 
The relationship between soil 

phosphorus estimates and observed 

water samples was examined by two 

simplistic methods: 

Approach 1: Mean Upstream Soil 

Phosphorus Concentration 

Correlation between observed water 

total phosphorus and mean upstream 

soil phosphorus concentrations was 

examined. For each water sample 

point, the upstream catchment area 

was delineated using a localized digital 

elevation model (DEM; MNDM 2012). 

Upstream catchment area includes all 

of the area which drains into a given 

point. The mean upstream soil 

phosphorus concentration was then 

established by calculating the mean 

estimated phosphorus value for all of 

the pixels in the upstream catchment 

area.  For each water total phosphorus 

sampling point, Spearman correlation 

analysis was applied to provide an 

understanding of whether a significant 

relationship exists between estimates 

of soil phosphorus and water total 

phosphorus. 

Figure 11 - Map of the Pefferlaw/Uxbridge and Beaver sub-watersheds as well 
as each of the water sampling points and their immediate basins. 
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Distance-Weighted Upstream Accumulated Soil Phosphorus 

Concentration 

Landscape features are expected to influence how phosphorus is 

transported from soil to water. As a result, a simplistic method to 

account for this effect is to weight the influence of estimated soil 

phosphorus concentration inversely by distance. This has the effect of 

soils closer to a water sample point having a proportionately higher 

influence on water total phosphorus. Each pixel in the upstream 

catchment of a given water sample point was distance weighted by 

Equation 4 and then summed for each water quality sampling point. 

This relationship is exemplified by Figure 12, as pixels closer to the 

sample point and with higher soil phosphorus values are highlighted in 

darker colours.  

Equation 4 - Distance-weighting formula used to reduce the influence of distant points 
within the upstream catchment on water quality predicted at the sampling point. 

𝑉𝑤 =  ∑ 𝑃𝑥 ∙
30

𝑑𝑤
𝑖=𝑥

 

Where V is the accumulated value P, of all upstream pixels x, inversely 

proportionate to distance d from each water sampling point w.  

Correlation between accumulated soil phosphorus values (V) and 

observed water total phosphorus at each sampling point (w), was 

assessed for significance using Spearman correlation analysis. Water 

quality inherently fluctuates as a result of variability in environmental conditions, so relationship between 

observed water total phosphorus values and those in the landscape around are not direct.  Therefore 

analysis of correlation acts as a robust assessment of the overall trend between terrestrial and aquatic 

values. 

For both tests of mean upstream soil phosphorus concentration and distance-weighted upstream 

accumulated soil phosphorus concentrations, as they related to water TP, water samples and soil 

estimates from August 2016 and July 2017 were pooled together to increase the statistical power. 

  

Figure 12 - Example watershed, 
illustrating pixels with higher 
influence on sampling sites based 
on fluvial proximity and estimated 
soil phosphorus content. 
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Results 

Mean Upstream Soil Phosphorus Concentration 
Analysis of the mean estimated soil phosphorus concentration values in the upstream catchment as it 

related to water TP samples collected throughout the catchment demonstrated significant correlation 

(Spearman’s ρ = 0.278; p-value = 0.011; n=83). Rank correlation was used rather than Pearson correlation, 

as the water samples were non-parametric in nature.  As demonstrated by Figure 13, although there is a 

relationship between mean upstream soil phosphorus estimates and water TP concentrations, the 

relationship is not linear or direct. As a result, mean upstream phosphorus concentration only serves as a 

weak proxy for understanding water chemistry downstream. 

 
Figure 13 - Relation between observed water TP and mean soil concentrations from the upstream basin of each water sample 

point, estimated using a random forest model and multispectral imagery. 

Distance-Weighted Upstream Soil Phosphorus Concentration 
Analysis of the distance-weighted upstream soil phosphorus concentration as it related to water TP 

samples collected throughout the catchment demonstrated no significant correlation  

(Spearman’s ρ = -0.217; p-value = 0.135; n = 49). As demonstrated by Figure 14, there is no apparent 

relationship between observed water TP values and the total accumulated distance weighted soil 

phosphorus concentration. 
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Figure 14 - Relation between observed water TP and the accumulated distance-weighted phosphorus values from the upstream 

basin of each water sample point, estimated using a random forest model and multispectral imagery.  

Discussion 

Water quality at any given point in a watershed is influence by upstream factors which include point and 

non-point sources of contaminants and nutrients. This implies that natural and artificial sources of 

contaminants and nutrients found within upstream waters as well as the upstream basin may contribute 

to water quality downstream. The amount of influence these sources have is directly related to the 

magnitude of a source, the ability of a given chemical constituent to mobilize and the proximity of a 

source to the point of interest. 

Point sources of contaminants and nutrients are generally highly mobile as they are often released 

directly to a body of water, such is the case with effluent from a wastewater treatment plant. The 

impact on a given point downstream of the contributing point source, is generally dictated by the 

strength of the source effluent and distance it must travel to reach a point of interest. The role that the 

strength of source effluent plays is intuitive as it dictates the total abundance of a nutrient or 

contaminant that enters into a water system. Proximity, is also important as once a contaminant or 

nutrient is in a water system, loss of the contaminant or nutrient occurs due to biological uptake, 

chemical decomposition and sedimentation can occur, reducing the impact a source has proportionate 

to the distance. 
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Non-point source of contaminants act in a similar manner with respect to initial strength and proximity; 

however often when non-point sources are terrestrial in nature, contaminants and nutrients are far less 

mobile. Soil variation, vegetation, slope and other environmental factors can act as physical barriers to 

contaminants and nutrients being released from the terrestrial landscape. Contaminants and nutrients 

can be impaired or permanently bound, restricting their ability to mobilize and influence water quality. 

The two methods of relating non-point sources of nutrients in the soils in upstream reaches of the 

collection basin and observations of water total phosphorus were intended to examine whether there 

was a positive trend between the two values.  

In the first approach, the mean estimate soil phosphorus concentration from the upstream catchment 

demonstrate modest correlation to water quality. In general it was expected that sub-basins with 

greater mean soil phosphorus values, dominated by agricultural activity, would have poorer water 

quality. This approach works well at a coarse scale, however does not take into consideration the 

distance within the basin that phosphorus needs to travel in order to reach each given sampling point.  

As a result, a high mean soil phosphorus concentration may always have proportionately high 

phosphorus transport, or loading.  Similarly, this approach also does not fully take into consideration 

catchment area or size of stream size, which limited the analysis to the relative trends. 

The second approach attempted to correct for the distance which phosphorus had to travel in order to 

move from source to each respective sampling point. The distance-weighted accumulation method 

employed is widely used in flood mapping, as conceptually, all of the points within a basin are assigned a 

count value equal to the number of upstream points which drain into them, such that a point at the top 

of the basin would have a value equal to 0 and the value at the bottom of the basin (e.g. the sampling 

point), would have a value equal to the total number of individual points within a basin).  To account for 

distance and magnitude points throughout the watershed were weighted by these values. Although this 

provides perhaps a more realistic estimate of nutrient loading into a water system, it does not account 

for variation in the ability to mobilize and assumes that distance is the only impairment to phosphorus 

reaching a sampling point.  Additionally, as values were distances weighted based on the location of the 

sampling point, non-point sources away from the immediate proximity of the sampling site were heavily 

down-weighted. 

Obtaining reliable estimates of non-point sources has always been seen as an important step forward in 

improving predictions of water quality. In Section 2 we demonstrated the strength of our model in 

estimating soil phosphorus concentrations, which serve as a strong proxy for non-point sources within 

agriculturally dominated watersheds. This may act as an important tool in active watershed 

management moving forward; however further work needs to be conducted to better understand the 

relationship between soil phosphorus concentration across the landscape and mobilization into water 

systems. 

Moving forward and further developing this tool as a method of not only tracking non-point sources of 

phosphorus, but also as a method of improving estimates of phosphorus loading from these non-point 

source, efforts should be made to identify nutrient transportation models. This includes examining 

whether watershed models such as the Soil Water Assessment Tool (SWAT) or Revised Universal Soil 

Loss Equation (RUSLE2) can be integrated into the source mapping identified in this project.  
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Section 4 – Incorporating Temporal and Species Composition Variation 

Introduction 

Seasonal growth patterns in Ontario although are predictable, but present a number of significant 

challenges in the development of a nutrient detection model, since vegetation is used as a proxy for soil 

phosphorus concentrations.  Chiefly among these challenges is that through the course of a year, 

vegetation is constantly in a state of flux.  During the winter months, analysis of vegetation is largely 

impossible due to snow cover and seasonal dormancy. In early spring, vegetation although generally not 

obscured by snow, is often undetected by coarse scale imagery as green leafy vegetation is limited. This 

is specifically true of planted crops which are planted at different points during the spring depending on 

field conditions and growing lengths. Vegetation in the summer months is generally in a state of continued 

and predictable growth (Rathcke and Lacey 1985)), however can be obscured by plant maturity, moisture 

content and harvesting of crops. Vegetation reaches a late summer production maximum and eventually 

experiences the death of photosynthetic tissues, which limits the observed reflective intensity of 

vegetation (Carter and Knapp. 2001). 

Compounded with the issue of seasonality, vegetation type can respond differently both to changing 

environmental conditions not captured by this project as well as soil phosphorus concentrations (Boyer 

1982). The most obvious comparison is that between deciduous and coniferous vegetation. Given that 

deciduous vegetation lose their leaves during the autumn and winter months, their seasonal progression 

of growth is much more dramatic. Coniferous trees which do not lose their foliage tend to be in more of 

a static state, however do increase primary production during the summer months.  Differences in 

vegetation communities can provide differing spectral signals depending on timing and species 

composition. As a result it is important to partition out the influence of temporal and composition 

variation in the development of a model. 

It is of importance that we understand how temporally robust the model is, as this will define the window 

which this tool can be utilized. 

Methods 

Seasonality plays a very large role in the variation in spectral values acquired through remote sensing.  

Fortunately, for natural landscapes the growth progression of a given plot of land remains relatively 

constant year-over-year. In most models, pixel values can be corrected with a relatively high degree of 

accuracy provided that the acquisition date of remote sensing data is known. 

As an alternative to correcting pixels on an individual basis, the use of a Random Forest model can 

incorporate variables such as image acquisition date and provided it has been trained with a dataset that 

ranges across a broad enough time series, the model can naturally incorporate temporal influence. The 

models developed in Section 2 of this report focus on pooled training data from samples collected in July 

2017, and September 2017 through both the Pefferlaw/Uxbridge and Beaver River watersheds.  To test 

the temporal robustness of the combined model, Pearson correlation p-values and root mean squared 

error will be compared between the combined model as well as models trained using July 2017 and 

September 2017 data individually. In each case, 10-fold cross correlation will be employed to test models. 

The goal of this test is to identify whether a combined summer model can be equally effective as models 

created and tested on samples from individual dates. 
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Random forest models will be developed following the steps outlined in Section 2 of this report, images 

associated with July 2017 and September 2017 were acquired and processed, extracting spectral values 

for each sample location. Spectral values for all sample points were manually examined prior to analysis 

insuring that samples were associated with live vegetation. 

Results 

Significant correlation between observed soil phosphorus samples and predicted values was observed for 

each of the three models tested. As reported in Section 2, the combined model utilizing both July 2017 

and September 2017 data revealed an R2 = 0.706 (p-value = 6.80 x 10-33) and a RMSE = 9.50 based on 209 

samples. The second model developed and tested based on only July 2017 produced an R2=0.659 (p-

value= 1.11 x 10-15) and a RMSE = 8.76 based on 115 samples. Finally, the third model developed and 

tested based on only September 2017 data produced an R2= 0.687 (p-value = 2.08 x 10-14) and a RMSE = 

10.24 based on 94 samples. All three cases demonstrate similar abilities to accurately predict soil 

phosphorus values (Figure 15), however the models which only use a single time set tend to demonstrate 

greater error throughout the observed range. 

 

Figure 15 - Scatterplot comparing the relative predictive abilities of random forest model trained and tested using July 2017 
data (circle), September 2017 (triangle) and a combination of both July and September 2017 (square). 
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Discussion 

The model developed in Section 2 of this project, showed generally good robustness when tested against 

the two individual models. Overall the combined model demonstrated slightly better than the individual 

models and similar amounts of error. This implies that at the combined model should be at least as good 

during the late summer months as models developed using individual sampling events. Generally it can 

also be suggested that there is only modest variation in spectral signatures between July and August 

sampling events.  

It is noteworthy that sampling events were timed to capture mid-summer plant production maximums 

(July event) and late summer maturity (September event), as a result sampling was aimed to limit 

variation. It was observed that in early September when samples were collected, crops (especially soy) 

had yet to begin to visibly brown. As a result, in most cases September spectral signals are anticipated to 

be similar to what would be observed at any point during maturity. Conversely, a handful of samples were 

collected from harvested fields (e.g. hay), which when observed on-the-ground as well as by satellite 

imagery were noticeably impacted by the bare soil or dead vegetation remaining.  For the analysis of 

temporal variation, these sites were excluded. 

Overall, this exercise demonstrated that the combined model serves as a temporally robust indicator of 

soil phosphorus during the summer months, where vegetation has or nears maturity.  Further work is 

needed to understand the limits to this robustness, specifically identifying the approximate dates where 

the model accuracy begins to diminish. The inclusion of meteorological variables such as temperature, 

precipitation and degree days may improve predictions in the face of seasonality, as weather plays an 

important role in the timing and rate of plant growth through the season. Additional sampling during the 

spring and mid-fall months may also be incorporated into future versions of the model in order to further 

improve the robustness during these periods. 
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Section 5 – Successes and Challenges Associated with Remote Sensing of Soil 

Phosphorus 

Introduction 

Understanding how non-point source nutrients enter and impact lakes and rivers has been a long standing 

goal of aquatic ecosystem management worldwide (Smith et al. 2006). Because it is difficult to even 

quantify non-point sources let alone identify their source, nutrient management efforts are often forced 

to focus on reducing point source nutrient loadings, as they are relatively “low hanging fruit”.  Targeting 

point source nutrients can be an effective mode of nutrient management in some environments; however 

in other landscapes where nutrients occur in abundance either naturally as a result of high amounts of 

erodible material or artificially due to agricultural production, point source nutrients may only represent 

a fraction of nutrient loading within a watershed. In these environments, the targeting of point source 

nutrients may have only a limited effect on improving water quality.   

In instances where management agencies do attempt to manage non-point sources through passive best 

management approaches or active regulation and intervention, results may be limited by resource 

availability.  This can especially be true in instances in larger watersheds; however efforts may be made 

more effective by targeting management activities and interventions to where they are needed. 

The model framework and subsequent series of demonstrations outlined in this report aims to address 

this challenge by providing a map detail areas of high and low concentration of phosphorus across the 

landscape. This identification is an important step in targeting management actions aimed at reducing 

nutrients entering the aquatic ecosystem. 

Management Implications 

Several documents and regulations such as the Lake Simcoe Protection Plan (MOECC 2009A), the Lake 

Simcoe Phosphorus Reduction Strategy (MOECC 2010) and the Lake Simcoe Protection Plan (MOECC 

2009B), outline the goals and implementation plan outlined for improving water quality both within Lake 

Simcoe as well as the surrounding basin. Human activities and modifications to the landscape have been 

identified as the primary driver of diminished water quality, through the introduction of excessive 

nutrients, contaminants and pathogens. These activities within the watershed are responsible for 

contributing more than 50% of the 67-77 Tonnes of phosphorus per year which enters Lake Simcoe 

(MOECC 2009A). It is estimated that, the total phosphorus load would need to be reduced to less than 44 

Tonnes in order to meet a water quality target of 7 mg/L. In order to meet this target it is recognized that 

a balanced approach to phosphorus reduction must be taken, reducing nutrients from all sources.  Within 

the Lake Simcoe Protection Plan, the Ministry of Environment and Climate Change (MOECC) along with 

key stakeholders have identified the importance of routine monitoring of water quality both within Lake 

Simcoe as well as its tributaries, monitoring nutrients and validation of the phosphorus loading goal, 

enhancing existing lake water quality models and consider new models used in other aquatic ecosystem.  

As a result, the MOECC has identified the strategic need to identify and quantify nutrient contributions 

from all sources including an improved understanding of non-point sources throughout the watershed.  

In addition to the direct goals and initiatives which focus on reducing nutrient (specifically phosphorus) 

loading within the Lake Simcoe Watershed, the MOECC maintains provincial water quality objectives, 
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aimed at ensuring surface waters throughout the province are of a quality which is satisfactory for aquatic 

life and recreation. These provincial water quality objectives although confined in some situations to 

natural variation in environmental conditions, often speak to the reduction of anthropogenic nutrient 

loading. For example it is recognized that nutrients when present in excess can upset ecosystem 

processes, such as primary production, ecological structure and the maintenance of minimum biologically 

required dissolved oxygen levels. As a result in instances where provincial water quality objectives are not 

met, “all practical measures shall be taken to upgrade the water quality to the Objectives”. This includes 

applying site-specific guidance for nutrients and metals, which could be aided by the use of remote 

sensing nutrient mapping.  

Ensuring that nutrient loading is kept in check is a goal identified by a variety of key stakeholders, in order 

to maintain water quality for ecological, commercial and recreation integrity. Under the Great Lakes 

Water Quality Agreement, Lakewide Action and Management Plans (LAMPs) for each of the five Great 

Lakes have been developed (IJC 2012). For each plan, nutrient management and phosphorus loading 

assessments have been identified as important indicators of water quality. Understanding how nutrients 

enter each lake is made much more difficult given the size and complexity of each basin. As a result the 

use of remote monitoring has been identified as a potentially important contribution to watershed 

monitoring programs throughout the Great Lakes Basin (IJC 2018).   

Given the broad need for understanding and managing nutrients sources in aquatic systems, the 

development of a tool aimed at mapping non-point sources has wide-ranging applications.  

Successes 

Satellite imagery was found to be an effective method of identify non-point sources of phosphorus across 

the landscape. Satellites able to identify vegetation health and productivity, through multispectral data, 

showed strong correlation between spectral signals and soil samples throughout the Pefferlaw/Uxbridge 

and Beaver sub-watersheds. These sub-watersheds are highly variable in land use composition, with high 

amounts of agriculture and naturalized lands. This ability to closely predict phosphorus was found to be 

generally strong throughout both sub-watersheds, suggesting that this tool can be exported to other 

similar sub-watersheds with minimal loss of predictive ability. Additionally, this tool demonstrates 

reasonable robustness in its ability to accurately predict soil phosphorus through the mid- to late summer 

months. As a result, this tools serves as a strong method for identifying phosphorus hotspots, which can 

inform management activities and direct remediation and best management practices, to reduce 

phosphorus loss across the landscape. 

Limited analysis linking soil phosphorus predictions to observations of water quality, has demonstrated 

that with additional refinement, this tool may be used to identify phosphorus loading contributions at 

various point throughout the Lake Simcoe watershed. Significant relations were observed between 

estimated soil phosphorus levels in the upstream catchment and water total phosphorus at various 

sampling points throughout the two sub-watersheds examined. This finding paves the way for future work 

aimed at linking phosphorus mobilization, transport and deposition into waterways, which can be 

connected with phosphorus source maps. 

Satellite imagery used focused on open-access data sources rather than private pay-per-access sources, 

as a measure of limiting cost. Cost and a wealth of existing literature as significant benefits to using open-

access public data sources over private, however this comes at the expense of sampling frequency and 
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additional spatial and spectral band resolution. It was found that data from sources such as LandSat 8, is 

sufficient to develop effective models. Only in the instance of spectral contamination of pixels which 

boarder landcover transitions (Appendix 3), was it found that spatial band resolution was not sufficient. 

The addition of additional spectral resolution, or observational bands may provide additional insight, 

however was not investigated in this study. Continued use of LandSat 8 satellite data, should be sufficient 

for future applications. 

Challenges 

The greatest challenge which faces the use of satellite based remote sensing as presented in this report is 

that it relies on using vegetation as a proxy for soil phosphorus rather than measuring phosphorus directly. 

This presents problems when utilizing this tool in temperate climates as vegetation must be mature and 

therefore limits this tool to use during the summer growing months. Additionally, as phosphorus in the 

form of manure or fertilizer is often applied, and made available to the environment during the early 

spring, this tool has limited ability to detect movement or an influx of nutrients to the watershed during 

this period. By missing landscape contributions during the spring freshet and rainier spring months, 

significant phosphorus loading is missed. 

Weather conditions play a large role in the quality of data acquired be satellite remote sensing.  Spectral 

information in the visible and much of the infrared sections of the electromagnetic spectrum, such as that 

utilized in this tool are unable to penetrate dense cloud cover. As a result, imagery data is only useful 

when the ground unobstructed. This problem is compounded when satellites are only able to collect data 

every 5-10 days, as persistent cloudiness may leave large temporal gaps in a dataset. This was observed 

during the 2017 summer months, when persistent cloud cover obscured much of the Lake Simcoe 

watershed for much of May, June and July, limiting the available data.  To overcome this issue, data may 

be acquired from private satellites which are able to alter sensing trajectory; however this comes at 

significant financial cost. 

In general terms the tool developed in this project provides good estimates of soil phosphorus 

concentration through much of the observed range. This led to an absolute mean error of 6.66 mg/kg, 

which although appearing large is generally driven by under prediction at the upper end of the phosphorus 

range. It is at this end of the range that the tool lacks training data and therefore has increased predictive 

error. Unfortunately from a management perspective, it is in the upper regions of the phosphorus range 

where it is most important to identify accurate phosphorus values, as these areas may be the most 

important non-point source contributors. It is likely that predictions may be improved by further 

increasing the amount of samples used to train the model, focusing on site with high amounts of 

phosphorus. However as a potential workaround, predicted values may be classified based on their 

potential contribution to phosphorus loading, using risk or concentration categories. This would still allow 

managers to focus on areas of high concern but would limit their ability to quantify the specific risk. 

Project Evaluation 

The goal of this pilot study is to understand whether remote sensing can be used to identify non-point 

sources of nutrient across the Lake Simcoe watershed. Success of this project hinges on two primary 

performance measures: 



 
Remote Sensing of Terrestrial Phosphorus at Watershed Scale 

 

 Page | 34 
 

Performance Measure 1: Level of effectiveness of remote sensing as a means to assess non-point 

sources of nutrients 

The success of this performance measure was gauged by whether or not remote sensing is determined to 

be highly effective. We demonstrated through this project that a tool or model can be built using 

multispectral remote sensing information, and with a relatively good degree of accuracy predict observed 

soil phosphorus test points.  Additionally, this model appears to be temporally and spatially robust enough 

for use during the summer months throughout the Lake Simcoe watershed. It is however unknown what 

the limits to this robustness is, but it is expected that seasonal effects outside of the known summer 

conditions will diminish the quality of results. In instances where high soil phosphorus is observed, the 

accuracy of predictions may also be diminished, due to a muted spectral response and limited training 

data. Additional work is need to continue to improve the quality of the model, if it is to be used to 

quantitatively assess phosphorus loading sources. Conversely, if the role of this tool is simply to identify 

areas of high concentrations of non-point sources of nutrients, reduced accuracy may not be viewed as 

significant barrier. 

Performance Measure 2: Amount of knowledge gained 

The success of this performance measure is gauged by the ability to make recommendations on methods 

to improve the spatial modeling of nutrient loads across landscapes. In general it is clear from the findings 

of this project, that we are able to identify many of the strengths and weaknesses of this tool moving 

forward. In order to continue to improve this tool, additional input data focusing on different landcover 

types, higher nutrient concentrations and a broad spatial and temporal distribution will be needed.  

Additionally, continued and more sophisticated efforts to link predictions of non-point nutrients to water 

quality represent a crucial step forward in making this a much more powerful tool for use in watershed 

management. The lessons learned from this project and outlined in this report have led to the 

development of the following recommendations: 

1) Continue to improve the training dataset by increasing the number of quality soil samples 

collected from a variety of landcover and vegetation types and a range of soil phosphorus 

concentrations. 

2) Robust assessment of the spatial and temporal reliability of soil phosphorus estimates both within 

and outside the Lake Simcoe watersheds, as well as through multiple points within the growing 

season. 

3) Understanding of how soil phosphorus maps can be better link to water quality, through existing 

watershed models such as SWAT or through the development of a Lake Simcoe specific nutrient 

flow model. 

4) Examine the use of hyperspectral imagery to improve estimates of soil phosphorus, reduce 

confounding effects (such as soil moisture) and possibly map other contaminants or soil 

constituents of interest. 

5) Develop methods of automating the processing of images, such that the tool can by presented in 

a platform which is more user friendly for a broader range of stakeholders. 

It I believed that the tool developed and examined in this pilot study represents an important step forward 

in the monitoring of nutrients within a watershed, however it is important to continue to engage with 

stakeholders to ensure that this tool can be refined for use in watershed management. 
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Appendix 1 – Relationship between TP, OP and Plant Growth 

Plant Nutrient Requirements 

Plants, like all organisms require nutrients to grow and sustain themselves. They take up nutrients found 

in the surrounding soil through their root system. Although there are a wide range of nutrient which plants 

require, nitrogen, phosphorus and potassium are of greatest importance and are required in the highest 

abundance. Nitrogen and phosphorus are vital to a number of plant processes including the development 

of proteins, lipids, energy molecules and structures associated with the photosynthetic pathway. 

Phosphorus Deficiency 

Phosphorus deficiency in plants can have a wide range of impacts on plant structure.  Generally, 

phosphorus deficient plants take on a darker green colour, or even a purple or red colour as a result of 

low amounts of chlorophyll pigments and relatively high amounts of anthocyanin pigments, a pigment 

which reflects high amounts of red visible light. In extreme cases of phosphorus deficiency, vegetative 

material may show signs of death, due to low photosynthetic activity. 

The detection of phosphorus deficiency can be very difficult as plants can survive in very low soil 

phosphorus concentrations, and its effects may be similar to nitrogen deficiency. Soil tests are typically 

used to diagnose phosphorus deficiency, however spectral or chemical analysis of leaves can also provide 

significant insight, into the plants nutrient uptake. 

Total Phosphorus and Plant Available Phosphorus 

Total phosphorus is generally regarded as a blanket indicator of nutrient abundance in freshwater 

ecosystems. In these systems, phosphorus is generally the limiting nutrient which limits primary 

production and as a result is often regarded as the most important nutrient or contaminant to manage in 

order to maintain good water quality. Total phosphorus is used widely as it represents an analytically 

affordable chemical proxy, which often varies directly with total algal productivity, abundance taxa 

responsible for taste and odor events and dissolved oxygen content. In water, as in soils, total phosphorus 

includes phosphorus fractions which are not reactive or otherwise available to plants or algae for uptake. 

This poses less of an issue in water where total phosphorus generally varies in proportion to available 

forms of phosphorus. Phosphorus in soils can often be found in unreactive forms bound to sediment and 

as a result total phosphorus can vary significantly in is relationship with plant available phosphorus. 

Additionally, soil bound phosphorus is only able to mobilize as a result of erosion or other mechanical 

processes. Plant available phosphorus is generally characterized by phosphorus which can be extracted 

or mobilized by water. As a result, plant available phosphorus fractions are inherently much more mobile 

across the landscape. 

In Year 1 of the study we focused on the assessment of soil total phosphorus, due largely to its widespread 

use in aquatic systems. Plants did not demonstrate a strong spectral response to variation in soil total 

phosphorus concentrations.  As a result, in Year 2 of the project a shift was made to examine the 

relationship with plant available phosphorus. 

During the July 2017 sample event, at 50 sample sites, soil was collected and analyzed for both total 

phosphorus and plant available phosphorus in order to observe the relationship between these two 

fractions and assess whether total phosphorus samples could be used at any point of the model 
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development or testing.  Pearson correlation analysis found that significant correlation did exist between 

total phosphorus and plant available phosphorus (p-value < 0.001), however this is driven largely by sites 

where phosphorus concentrations are high. This pattern implies that the trend is only representative of 

areas where plant available phosphorus contributes highly to total phosphorus, such as in areas where 

fertilizers have been applied to the landscape. 

 

 

Figure 16 - Relationship between total phosphorus (TP) and plant available phosphorus (PAP) in soil samples from 50 sites.
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Appendix 2 – Impacts of Land Cover/Vegetation Type on Spectral Signature and 

Values 

 

Spectral reflectance and ultimately the signal observed by remote sensing devices, is influence greatly by 

the object or landcover being observed. Conceptually this can be understood by noticing that various 

objects on the Earth’s surface have different colours associated with. This is because different objects 

have the ability to absorb and reflect light from varied portions of the visible spectrum in a way which is 

unique to the material that they are made from.  For example, plants are very good at absorbing light in 

the blue and red portions of the visible spectrum, crucial for driving photosynthesis, however generally 

reflect large amounts of light in the green portion of the spectrum, giving them a healthy green plant 

colour. Conversely, fresh asphalt absorbs light energy from the full range of the visible spectrum almost 

equally, resulting in very little light being reflected resulting in a dark black colour. This pattern of 

absorbance and reflectance can be observed not only in the visible spectrum, but through a broad range 

of the spectrum. The resulting combination of wavelengths reflected by an object under normal lighting 

conditions (e.g. ambient light from the sun), produces a spectral signature for all materials, surfaces of 

landcovers. Under most normal circumstances, spectral signature patterns hold true around the world 

allowing the development of remote sensing techniques which classify objects based on general spectral 

trends (e.g. vegetation, water, urban landuse). 

The relationship between different spectral intensities in plant material, is what defines healthy versus 

non-healthy plant growth and ultimately underpins the prediction of nutrient availability for a plant (e.g. 

a ‘greener’ plant is assumed to be more productive as a result of having access to more nutrients in the 

soil).  To this end, different plant communities may have modestly different responses to the availability 

of nutrients. For example, a coniferous tree and a soybean plant have subtle yet meaningful variation in 

spectral signatures at the same level of nutrient availability based on their cellular structure).  This 

presents an issue in the estimation of nutrients across the landscape comprised not only of different plant 

species, but also different landcovers and environments completely. 

To address this issue it is important to include supplementary data where available. Data of primary 

interest is fine scale landcover information, collected either in the field or as an additional dataset (such 

is the case in Ontario with the Ministry of Natural Resources Landcover Database). This information can 

be incorporated into the model development as a nominal predictive variable. In the case of a network of 

decision tree based approach, sites become effectively coded by landcover, which is taken into 

consideration when providing predictions. Alternatively, if model training data is abundant and high 

landcover specific accuracy is required, the data can be a priori partitioned to develop a series of models.  

The main problem with this second approach is that the number of landcover or surfaces that may exist 

in a study area can be very large resulting in the need to develop numerous iterations of a model. 

For the purposes of this project, a landcover dataset available from the Ontario Ministry of Natural 

Resources was sufficient to assign all training and test sites a landcover category prior to analysis. These 

assignments were cross referenced with field notes to ensure accuracy.  Figure 17 outlines the relationship 

between observed phosphorus and predicted phosphorus for four of the major landcover types: 

Agricultural (Forest, Corn, Hay, Soy, Wheat, Pasture), Forest (Coniferous, Deciduous and Mixed), 
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Naturalized Lands (Meadow, Wetland) and Other Lands (partially urbanized and other non-classified low 

productivity lands). 
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Figure 17 - Relationship between observed and predicted phosphorus based on landcover grouping (A – agricultural lands, 
including planted crops and pasture; B – forested lands, including coniferous, deciduous and mixed forest stands; C – naturalized 
lands, including meadows, scrubland and wetlands; D – other lands, other non-classified low productivity lands). In general a 
continuous positive correlation is observed, however as noted in the overall model, at high phosphorus concentrations, the 
model consistently under predicts values.  
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Appendix 3 – Spatial Resolution 

Overview 

Digital information in the form of remote sensing data is comprised of many individual sampling points 

known as pixels. Satellites, UAVs, or other remote sensing instruments collect data from each one of these 

sampling points, which when comprised form a recognizable image. This process is not unlike how a 

standard household digital camera works. The specific spatial resolution varies between remote sensing 

images and is often a trade-off between how much data is collected and how often it is collected. 

Generally satellites able to capture high resolution imagery, can only capture smaller total areas (known 

as frames). This is because instruments must focus on a smaller area at a time and often have to be closer 

to the surface of the Earth, as technological limitations and the curvature of the Earth restrict how much 

fine scale data can be collected at once. Therefore because coarse-scale instruments can cover more area 

in a given frame they require fewer passes and can resample a given location with greater frequency.  

Fortunately as the number of earth observational satellites and data sources increase, the end-user has 

more spatial resolution options as well as redundancy, allowing for more frequent data collection. 

In order for the end user to employ the optimal remote sensing data for their application, one must weigh 

the benefits of spatial resolution and frequency of remote sensing data collection. Through this project, 

we have focused on the utilization of LandSat 8 satellite data. The LandSat series of satellites dates back 

to the early 1970s with the Earth Resources Technology Satellite (LandSat 1) and have provided 

continuous data ever since. This data as of 2008 is 

free to all end users, and provides moderate spatial 

resolution as well as 12 spectral bands which provide 

information. As a result, LandSat is widely used by 

researchers as a reliable source of remote sensing 

information.   

To understand the benefits of using LandSat 8 data, 

or that from a satellite with different spatial 

resolution, we retrained our random forest model 

with data provided by MODIS (coarse spatial 

resolution) and Sentinel 2 (high spatial resolution) 

and compared their ability to predict observed soil 

phosphorus using the July 2017 soil data.  

Low Spatial Resolution – MODIS >250 m 

Resolution 

The MODIS (Moderate Resolution Imaging 

Spectroradiometer) satellite is a long running earth 

observational instrument run by the United States 

Geology Survey. This satellite provides coarse spatial 

information on high frequency basis (daily for the 

Lake Simcoe watershed). Spatial resolution of the 

MODIS instrument varies between 250 m to 5600 m, 

Figure 18 -Map of MODIS soil phosphorus predictions across 
the Pefferlaw/Uxbridge and Beaver sub-watersheds. Note the 
image is distorted as a result of the earth's curvature. 
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depending on the sensor and application. As the MODIS satellite has 36 spectral bands, it is used for a 

wide range of applications including crop mapping, vegetation health, precipitation, pollution mapping, 

forest fire activity and oceanic processes. 

Using 250 m resolution information, information from the MODIS satellite demonstrate a limited ability 

to predict observed soil phosphorus concentrations. Observations made both in the field as well as by 

using high spatial resolution imagery suggests that although soil was locally homogenous (e.g. samples 

collected 20-50 m apart generally showed low variation), the landscape of the Pefferlaw/Uxbridge and 

Beaver sub-watersheds demonstrated high amounts of heterogeneity (R2 = 0.141; p-value = 0.039; RMSE 

= 13.25).  As a result, even at the highest spatial resolution (250 m), the MODIS satellite can only detect 

broad landscape trends, which is not sufficient for our application (Figure 18).   

Moderate Spatial Resolution – LandSat 30 m Resolution 

The LandSat 8 (Operational Land Imager and Thermal Infrared Sensor) satellite, provide moderate spatial 

resolution data (30 m) and data collection frequency (approximately every 8 days for the Lake Simcoe 

watershed). This satellite is operated by the United States Geological Survey and serves as a replacement 

for the LandSat 7 satellite, which although still 

operational produces low quality data due to 

equipment malfunction.   

The data from the LandSat 8 satellite demonstrated 

the highest predictive ability, compared to the other 

satellites (R2 = 0.706; p-value = 6.80 x 10-33; RMSE = 

9.55). The spatial resolution provided by LandSat 8 

is sufficient for detecting variation in soil 

phosphorus concentration in most situations, as 30 

m resolution can generally define boundaries 

between different land cover types (Figure 19), 

which is where the greatest amount of variation in 

soil phosphorus concentration can be observed. 

The LandSat series of satellites have been 

continuously used for more than 40 years, allowing 

a significant body of literature to develop focusing 

on the use and application of band data. This 

includes spectral indices based on detecting 

vegetation health and primary productivity.  As a 

result, use of LandSat 8 or an equivalent satellite 

employing similar spectral bands, provides an 

advantage in predicting soil phosphorus. 

 

 

 

Figure 19 - Map of LandSat 8 soil phosphorus predictions 
across the Pefferlaw/Uxbridge and Beaver sub-watersheds.  
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High Spatial Resolution – Sentinel 2 10 - 115 m Resolution 

The Sentinel 2 satellites (Sentinel 2A and Sentinel 

2B) are relatively new satellites operated by the 

European Space Agency and are designed to 

complement observations collected by the LandSat 

satellites. Like the LandSat satellites, the Sentinel 

satellites collect 12 bands of spectral information 

ranging from ultrablue (near ultraviolet) to thermal 

areas of the electromagnetic spectrum. Importantly, 

the Sentinel satellites have two spectral bands 

which detect near infrared imagery. One broad 

spectrum sensor collects data at a 115 m resolution 

while the other a narrow spectrum sensor collects 

data at a 20 m spatial resolution, both of which 

capture a higher wavelength than that of the 

LandSat satellites.  

Data collected by Sentinel 2B was used to predict 

soil phosphorus observations and although the 

spatial resolution is higher, the correlation between 

predicted values and observed values was lower 

than that of the predictions provided by LandSat 8 

data (R2 = 0.569; p-value = 2.13 x 10-19; RMSE = 

11.31)). Higher spatial resolution should provide 

equivalent if not better predictive results, as the 

imagery is better able to respond to proximal 

variations in soil phosphorus concentrations (Figure 20). However, given that the model we have 

developed in this project relies significantly on the use of spectral indices (transformations of spectral 

band information), it is thought that because generally indices have been developed for LandSat data, the 

small differences in wavelength detection by the Sentinel 2 sensors, limit the number or effectiveness of 

the indices that can be used. 

Conclusion 

Through this project, we examined the use of data from three open-access satellites. Our brief analysis 

examining three spatial resolutions demonstrated that although there appears to be a minimal spatial 

resolution required, high spatial resolution may not yield significantly better results when examining 

watershed scale patterns. The focus of our project was to identify non-point sources of phosphorus across 

the landscape and as a result imagery able to distinguish between minor variations in soil phosphorus 

concentration, is generally not required. Rather it is more important that areas of high and low 

concentration are definable in a general sense.  As a result, a satellite such as LandSat 8 is able to provide 

sufficient data for watershed scale analysis, aided more by the rich literature surrounding its application 

than by its spatial resolution. 

Spatial and spectral resolution as well as sensing frequency are important for end-users to consider, but 

should be determined by the application. For example, small scale projects such as crop assessments or 

Figure 20 - Map of Sentinel 2 soil phosphorus predictions across 
the Pefferlaw/Uxbridge and Beaver sub-watersheds. 



 
Remote Sensing of Terrestrial Phosphorus at Watershed Scale 

 

 Page | 46 
 

the analysis of individual fields would be much better served by the use of a UAV able to collect very fine 

scale spatial resolution and repeat sampling on-demand. Similarly, depending on what is being detected, 

higher spectral resolution (the range of wavelengths detected by a single band) or a greater number of 

bands detected, may be required. For example various chemical contaminants can be detected directly 

or indirectly through remote sensing, however often they have spectral signatures which can only be 

distinguished by looking at either specific wavelengths or cumulatively across a broad range of 

wavelengths. This is known as hyperspectral imagery and can provide vast amounts of spectral data 

however are generally limited to UVAs or other small scale remote sensing devices and therefore is not 

applicable for large scale monitoring. Future work may look to employing different spectral bands and 

combinations for other applications.
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Appendix 4 – Soil Variability Assessment 

In an attempt to capture local variation in soil samples as well as to observe how well satellite images 

were able to register subtle and localized shifts in soil nutrient levels, high spatial resolution soil samples 

were collected. Soil samples from test plots were collected in 2016, in which 35 samples were collected 

approximately 25 m (7 samples by 5 samples) apart within an open meadow and analyzed for TP. Soil 

samples were also collected in 2017, following a mostly wooded transect, collecting a total of 42 samples 

approximately 25 m apart and analyzed for plant available phosphorus. 

Examination of soil variation across small scales revealed that soils remain largely homogeneous at small 

scales. Soil samples were not found to vary greatly between adjacent samples, unless landuse was also 

observed to change. 

This was corroborated by analysis of duplicate soil samples which generally showed minimal variation 

between soil samples. Unlike water samples from flowing streams which are constantly in a state of flux 

due to continuous agitation, and are generally homogeneous, soil samples can vary greatly from one 

sample to another. This is because nutrients can bind to soils differently based on the composition of the 

soil matrix. As a result, soils with non-homogeneous physical matrix can produce phosphorus samples 

with equally variable results.  For this project, in an attempt to limit the amount of variability in nutrient 

estimates, samples were collected in duplicate and averaged for each site. Duplicate samples which were 

observed to deviate by more than 50% were deemed unreliable and removed from further analysis. 

 

A B 

Figure 21 - (A) soil total phosphorus samples relative to model predicted values at a fine spatial scale. (B) Soil Olsen 
phosphorus samples 
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Appendix 5 – Soil Phosphorus Estimates Based on Observation Interpolation 

Introduction 

The use of remote sensing data generally presents a trade-off between accuracy and efficiency. For 

example elevation estimates of a landscape can be acquired through remote sensing however, these 

estimates may only be accurate to the metre or centimetre. This is contrasted with on-the-ground survey 

work which can acquire millimetre accuracy under ideal circumstances. Taking on-the-ground 

measurements may be simple for small parcels of land, but it is not feasible for large, landscape scale land 

parcels. The same is true for collecting soil chemistry information. For small field scale assessments where 

the soil is mostly homogeneous, on-the-ground soil collection and analysis can provide sufficient soil 

maps, however again this becomes unfeasible at larger geographic scales. 

An assessment of soil chemistry at a sub-watershed scale may be conducted by the collection of soil 

samples, with interpolations between sites used to estimate values between sample locations. Without 

the use of remote sensing techniques, this would be the only feasible method of conducting a survey at 

such a large scale. 

Methodology 

To mimic this hypothetical situation in the Pefferlaw/Uxbridge sub-watershed, we employed Inverse 

Distance Weighted (IDW) interpolation to estimate phosphorus values between the July 2017 soil sites 

and compared it to the remote sensing model predictions. This method took into account the nearest soil 

sample values, and weighted their influence based on distance to estimate phosphorus throughout the 

watershed. To evaluate the ability of the interpolated values to provide accurate measurements of soil 

across the Pefferlaw/Uxbridge sub-watershed we compared estimated values to observed values from 

25% of the dataset initially left out of the interpolation.  Pearson Correlation between estimated and 

observed values was then compared to that of a comparison between the test sites and values estimated 

by the Random Forest model developed in Section 2. 

Results 

Both IDW and the Random Forest Model Developed in Section 2 were found to be significant predictors 

of test data. IDW estimates demonstrated a Pearson correlation of 0.506 (n=43; p-value<0.01), based on 

a maximum of 12 neighboring points. Conversely the Random Forest model demonstrated a Pearson 

correlation of 0.706 (n=209; p-value<0.001). Of greatest concern when examining soil phosphorus 

estimates produced by IDW models is that spatial interpolation is reliant on physical sampling as well as 

its resolution is determined by sample density. Because the IDW incorporates physical samples into its 
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interpolation, and the fact that in general soil does not vary greatly across small spatial gradients, the IDW 

model can be very accurate in predicting soil values close to sampling points. Unfortunately, a gradual 

distance weighted interpolation also means that the model is unable to detect sudden changes in soil 

nutrient profiles as a result of landuse boundaries (Figure 22). 

Discussion 

Interpolation estimates of soil nutrient profiles such as can be performed by IDW, are of use in areas 

where soil nutrient profiles are homogeneous or have gradual variation. The greatest limitation to an 

interpolation based on physical soil samples is that it requires physical samples to be collected each time 

soil values are required. This process can come at great expense, if conducted over a large geographic 

area. In the case of a land area such as a watershed, often landuse variability and subsequently soil 

nutrient variability is too great for an interpolation based model to be used effectively.  Additionally, 

watersheds the size of the Pefferlaw/Uxbridge or Beaver sub-watersheds, routine sampling of the 

watershed is not feasible. 

Given that the remote sensing based model demonstrated greater effectiveness and once trained does 

not require additional large scale soil sampling, it provides a better means of estimating soil phosphorus 

at a large scale. 

Figure 22 – Relationship between IDW predicted phosphorus 
values and observed phosphorus values for a subset of test 
data (A); Relationship betweenRandom Forest predicted 
phosphorus values and observed phosphorus values (B); and 
map illustrating IDW interpolation across the 
Pefferlaw/Uxbridge and Beaver sub-watersheds. 

A 

B 
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Appendix 6 – Satellite Data 

Table 3 - Table of satellites utilized in this project as well as their respective electromagnetic imagery bands and spatial resolution 
used in this project. Note data from LandSat 7 (absent) is only used as supplementary data due to equipment malfunction. 

Satellite Spectral Band Wavelength (µm) Spatial Resolution (m) 

LandSat 8 

Band 1 – Ultra Blue 
Band 2 – Blue 
Band 3 – Green 
Band 4 – Red 
Band 5 – Near Infrared (NIR) 
Band 6 – Shortwave Infrared (SWIR) 1 
Band 7 – Shortwave Infrared (SWIR) 2 
Band 8 – Panchromatic 
Band 9 – Cirrus 
Band 10 – Thermal Infrared (TIRS) 1 
Band 11 – Thermal Infrared (TIRS) 2 

0.43 – 0.45 
0.45 – 0.51 
0.53 – 0.59 
0.64 – 0.67 
0.85 – 0.88 
1.57 – 1.65 
2.11 – 2.29 
0.5 – 0.68 

1.36 – 1.38 
10.60 – 11.19 
11.50 – 12.51 

30 
30 
30 
30 
30 
30 
30 
15 
30 

100 
100 

MODIS 

Band 1 – Land/Cloud/Aerosols Boundaries 
Band 2 – Land/Cloud/Aerosols Boundaries 
Band 3 – Land/Cloud/Aerosols Properties 
Band 4 – Land/Cloud/Aerosols Properties 
Band 5 – Land/Cloud/Aerosols Properties 
Band 6 – Land/Cloud/Aerosols Properties 
Band 7 – Land/Cloud/Aerosols Properties 

0.62 – 0.67 
8.41 – 8.76 
4.59 – 4.79 
5.45 – 5.65 

12.30 – 12.50 
16.28 – 16.52 
21.05 – 21.55 

250 
250 
500 
500 
500 
500 
500 

Sentinel 2 

Band 1 – Ultra Blue 
Band 2 – Blue 
Band 3 – Green 
Band 4 – Red 
Band 5 – Visible and Near Infrared (VNIR) 1 
Band 6 – Visible and Near Infrared (VNIR) 2 
Band 7 – Visible and Near Infrared (VNIR) 3 
Band 8 – Near Infrared (NIR) 1 
Band 8a – Near Infrared (NIR) 2 
Band 9 – Shortwave Infrared (SWIR) 1 
Band 10 – Shortwave Infrared (SWIR) 2 
Band 11 – Shortwave Infrared (SWIR) 3 
Band 12 – Shortwave Infrared (SWIR) 4 

0.443 
0.490 
0.560 
0.665 
0.705 
0.740 
0.783 
0.842 
0.865 
0.940 
1.375 
1.610 
2.190 

60 
10 
10 
10 
20 
20 
20 
10 
20 
60 
60 
20 
20 
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Table 4 - Spectral indices utilized as predictive variables. 

Index Formula 

Difference Vegetation 

Index (DVI) 
𝐷𝑉𝐼 = 𝑁𝐼𝑅 − 𝑅𝑒𝑑 

Enhanced Vegetation Index 

(EVI) 
𝐸𝑉𝐼 = 2.5 × 

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 6 × 𝑅𝑒𝑑 − 7.5 × 𝐵𝑙𝑢𝑒 + 1)
 

Global Environmental 

Monitoring Index (GEMI) 

𝐺𝐸𝑀𝐼 = 𝑒𝑡𝑎(1 − 0.25 ∗ 𝑒𝑡𝑎) −
𝑅𝑒𝑑 − 0.125

1 − 𝑅𝑒𝑑
 

Where: 

𝑒𝑡𝑎 =  
2(𝑁𝐼𝑅2 − 𝑅𝑒𝑑2) + 1.5 ∗ 𝑁𝐼𝑅 + 0.5 ∗ 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 0.5
 

Green Atmospherically 

Resistant Index (GARI) 

𝐺𝐴𝑅𝐼 =  
𝑁𝐼𝑅 − (𝐺𝑟𝑒𝑒𝑛 −  𝛾(𝐵𝑙𝑢𝑒 − 𝑅𝑒𝑑))

𝑁𝐼𝑅 + (𝐺𝑟𝑒𝑒𝑛 − 𝛾(𝐵𝑙𝑢𝑒 − 𝑅𝑒𝑑))
 

Where: 

𝛾 = 1.7 

Green Difference 

Vegetation Index (GDVI) 
𝐺𝐷𝑉𝐼 = 𝑁𝐼𝑅 − 𝐺𝑟𝑒𝑒𝑛 

Green Leaf Index (GLI) 𝐺𝐿𝐼 =
(𝐺𝑟𝑒𝑒𝑛 − 𝑅𝑒𝑑) + (𝐺𝑟𝑒𝑒𝑛 − 𝐵𝑙𝑢𝑒)

(2 ∗ 𝐺𝑟𝑒𝑒𝑛) + 𝑅𝑒𝑑 + 𝐵𝑙𝑢𝑒
 

Green Normalized 

Difference Vegetation 

Index (GNDVI) 

𝐺𝑁𝐷𝑉𝐼 =  
(𝑁𝐼𝑅 − 𝐺𝑟𝑒𝑒𝑛)

(𝑁𝐼𝑅 + 𝐺𝑟𝑒𝑒𝑛)
 

Green Optimized Soil 

Adjusted Vegetation Index 

(GOSAVI) 
𝐺𝑂𝑆𝐴𝑉𝐼 =

𝑁𝐼𝑅 − 𝐺𝑟𝑒𝑒𝑛

𝑁𝐼𝑅 + 𝐺𝑟𝑒𝑒𝑛 + 0.16
 

Green Ratio Vegetation 

Index (GRVI) 
𝐺𝑅𝑉𝐼 =  

𝑁𝐼𝑅

𝐺𝑟𝑒𝑒𝑛
 

Green Vegetation Index 

(GVI) 

𝐺𝑉𝐼 = (−0.2848 × 𝐵1) + (−0.2435 ×  𝐵2) + (−0.5436 ×  𝐵3)

+ (0.7243 × 𝐵4) + (0.0840 × 𝐵5) + (−0.1800 × 𝐵7) 

Infrared Percentage 

Vegetation Index (IPVI) 
𝐼𝑃𝑉𝐼 =  

𝑁𝐼𝑅

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 

Leaf Area Index (LAI) 𝐿𝐴𝐼 = (3.618 × 𝐸𝑉𝐼 − 0.118) 
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Index Formula 

Modified Non-Linear Index 

(MNLI) 
𝑀𝑁𝐿𝐼 =

(𝑁𝐼𝑅2 − 𝑅𝑒𝑑) × (1 + 𝐿)

(√𝑁𝐼𝑅
𝑅𝑒𝑑

) + 1

 

Non-Linear Index (NLI) 𝑁𝐿𝐼 =
𝑁𝐼𝑅2 − 𝑅𝑒𝑑

𝑁𝐼𝑅2 + 𝑅𝑒𝑑
 

Normalized Difference 

Vegetation Index (NDVI) 
𝑁𝐷𝑉𝐼 =  

(𝑁𝐼𝑅 − 𝑅𝑒𝑑

(𝑁𝐼𝑅 + 𝑅𝑒𝑑)
 

Optimized Soil Adjusted 

Vegetation Index (OSAVI) 
𝑂𝑆𝐴𝑉𝐼 =

1.5 × (𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 0.16)
 

Renormalized Difference 

Vegetation Index (RDVI) 
𝑅𝐷𝑉𝐼 =

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

√(𝑁𝐼𝑅 + 𝑅𝑒𝑑)
 

Soil Adjusted Vegetation 

Index (SAVI) 
𝑆𝐴𝑉𝐼 =

1.5 × (𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 0.5)
 

Simple Ratio (SR) 𝑆𝑅 =
𝑁𝐼𝑅

𝑅𝑒𝑑
 

Transformed Difference 

Vegetation Index (TDVI) 
𝑇𝐷𝑉𝐼 =  √0.5 +

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑)
 

Visible Atmospherically 

Resistant Index (VARI) 
𝑉𝐴𝑅𝐼 =

𝐺𝑟𝑒𝑒𝑛 − 𝑅𝑒𝑑

𝐺𝑟𝑒𝑒𝑛 + 𝑅𝑒𝑑 − 𝐵𝑙𝑢𝑒
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Appendix 7 – Soil Sample Information 

Soil (Total Phosphorus) 

Table 5 - August 2016 total phosphorus samples 

Site UTMx UTMy Total Phosphorus (mg/kg) 

SOIL-1 644909.7 4916125.4 1330 

SOIL-3 646236.5 4915225.2 815 

SOIL-9 649796.1 4915026.3 945 

SOIL-7 648150.4 4914680.5 861 

SOIL-2 644622.0 4914714.0 2290 

SOIL-8 648304.6 4914597.1 1080 

SOIL-6 646900.6 4914047.2 1180 

SOIL-10 650875.1 4913734.8 1050 

SOIL-5 645374.5 4913528.1 721 

SOIL-12 647328.7 4913325.7 633 

SOIL-17 643837.0 4912778.3 791 

SOIL-14 645759.0 4912205.7 766 

SOIL-13 645917.4 4912096.3 936 

SOIL-15 645117.5 4911851.6 621 

SOIL-18 643267.6 4911721.0 692 

SOIL-D 649095.2 4911672.3 1150 

SOIL-32 639324.4 4911167.5 1000 

SOIL-19 642650.5 4911001.1 623 

SOIL-30 640855.0 4910806.7 639 

SOIL-20 643386.4 4910624.7 1010 

SOIL-26 648239.2 4910676.2 700 

SOIL-21 642169.2 4910533.7 834 

SOIL-22 644541.1 4910346.0 843 

SOIL-23 644620.4 4910381.0 740 

SOIL-31 640813.0 4909755.4 689 

SOIL-C 646682.4 4909446.6 587 

SOIL-28 648445.5 4908520.4 1190 

SOIL-29 646983.4 4907829.0 956 

SOIL-B 645528.6 4907390.8 749 

SOIL-36 642485.1 4907169.9 672 

SOIL-A 641269.1 4906805.1 478 

SOIL-45 647419.2 4906743.1 752 

SOIL-41 646050.3 4906161.3 850 

SOIL-39 643588.5 4905376.0 132 

SOIL-43 645693.4 4905218.9 1030 

SOIL-44 645583.8 4905193.3 408 

SOIL-46 648069.3 4904840.5 935 
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Site UTMx UTMy Total Phosphorus (mg/kg) 

SOIL-38 642464.0 4904227.7 1030 

SOIL-122 641414.0 4903847.9 281 

SOIL-47 648456.6 4903576.9 728 

SOIL-48 647662.9 4903711.0 916 

SOIL-49 645091.6 4903464.8 626 

SOIL-50 644881.3 4902004.9 579 

SOIL-55 648978.9 4902053.7 810 

SOIL-56 648971.8 4901081.3 506 

SOIL-52 645370.8 4900946.6 869 

SOIL-54 647580.6 4900929.1 695 

SOIL-53 647190.6 4900721.7 592 

SOIL-57 649430.6 4900578.1 842 

SOIL-61 652642.5 4899379.7 816 

SOIL-66 646928.0 4898488.5 627 

SOIL-60 648874.9 4898096.3 453 

SOIL-62 650896.2 4897343.6 820 

SOIL-63 648884.8 4896907.9 1000 

SOIL-120 652871.1 4896912.7 683 

SOIL-65 646748.1 4896602.6 699 

SOIL-64 647010.3 4896300.3 737 

SOIL-119 652340.8 4896265.0 968 

SOIL-68 644980.6 4895544.2 507 

SOIL-67 645262.1 4895379.2 340 

SOIL-117 650393.5 4894973.8 872 

SOIL-72 647409.0 4894667.5 1140 

SOIL-69 645374.3 4894547.3 1110 

SOIL-70 645409.2 4894306.1 604 

SOIL-73 647801.6 4893616.8 753 

SOIL-116 650019.9 4893555.7 669 

SOIL-115 650938.5 4893352.5 799 

SOIL-74 648018.0 4893013.9 882 

SOIL-75 647231.7 4891977.8 906 

SOIL-76 647006.2 4891898.4 1010 

SOIL-77 645876.0 4891556.4 1120 

SOIL-114 650689.8 4891442.2 673 

SOIL-113 650900.4 4891506.7 753 

SOIL-78 644915.0 4891219.9 840 

SOIL-82 646709.9 4890528.9 990 

SOIL-79 644567.9 4890261.0 1300 

SOIL-121 648348.5 4890163.3 502 

SOIL-112 651155.5 4889987.0 599 

SOIL-83 647149.1 4888995.4 873 
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Site UTMx UTMy Total Phosphorus (mg/kg) 

SOIL-80 644301.2 4888878.8 768 

SOIL-111 650150.1 4888603.7 569 

SOIL-TEST-1 649898.0 4887451.0 596 

SOIL-110 648855.2 4887335.1 697 

SOIL-84 645590.2 4887136.8 627 

SOIL-109 650218.0 4887072.4 666 

SOIL-108 650090.2 4886320.5 918 

SOIL-85 648092.1 4886268.1 650 

SOIL-105 649928.9 4885597.4 561 

SOIL-102 651060.8 4885467.9 578 

SOIL-106 649097.6 4885441.1 731 

SOIL-107 648603.3 4885386.5 795 

SOIL-101 650539.6 4885315.7 620 

SOIL-87 647683.6 4884791.5 846 

SOIL-103 651501.2 4884756.7 727 

SOIL-104 650668.6 4884424.1 620 

SOIL-100 652498.2 4884318.9 651 

SOIL-86 645998.8 4884201.0 506 

SOIL-88 646741.7 4883669.7 390 

SOIL-91 649707.5 4883617.1 568 

SOIL-99 652742.9 4883629.0 486 

SOIL-89 646752.3 4883616.8 823 

SOIL-90 649280.2 4883298.3 731 

SOIL-98 653870.7 4882781.1 711 

SOIL-92 649326.2 4882685.5 533 

SOIL-97 652559.7 4882187.7 448 

SOIL-93 648754.7 4881965.8 634 

SOIL-94 649976.7 4881843.7 465 

SOIL-95 651677.3 4881905.9 336 

SOIL-96 651698.5 4881857.0 517 
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Table 6 - November 2016 total phosphorus samples 

Site UTMx UTMy Total Phosphorus (mg/kg) 

SOIL-1 644909.7 4916125.4 749 

SOIL-10 650875.1 4913734.8 980 

SOIL-100 652498.2 4884318.9 561 

SOIL-101 650539.6 4885315.7 614 

SOIL-102 651060.8 4885467.9 772 

SOIL-103 651501.2 4884756.7 810 

SOIL-104 650668.6 4884424.1 666 

SOIL-105 649928.9 4885597.4 643 

SOIL-106 649097.6 4885441.1 786 

SOIL-107 648603.3 4885386.5 728 

SOIL-108 650090.2 4886320.5 860 

SOIL-109 650218.0 4887072.4 773 

SOIL-11 648946.2 4913209.8 773 

SOIL-110 648855.2 4887335.1 742 

SOIL-111 650150.1 4888603.7 870 

SOIL-112 651155.5 4889987.0 803 

SOIL-113 650900.4 4891506.7 801 

SOIL-114 650689.8 4891442.2 786 

SOIL-115 650938.5 4893352.5 902 

SOIL-116 650019.9 4893555.7 854 

SOIL-117 650393.5 4894973.8 999 

SOIL-119 652340.8 4896265.0 1070 

SOIL-12 647328.7 4913325.7 866 

SOIL-121 648348.5 4890163.3 584 

SOIL-122 641414.0 4903847.9 435 

SOIL-13 645917.4 4912096.3 990 

SOIL-14 645759.0 4912205.7 835 

SOIL-15 645117.5 4911851.6 881 

SOIL-16 644125.4 4912950.3 955 

SOIL-17 643837.0 4912778.3 750 

SOIL-18 643267.6 4911721.0 620 

SOIL-19 642650.5 4911001.1 452 

SOIL-2 644622.0 4914714.0 984 

SOIL-20 643386.4 4910624.7 1150 

SOIL-21 642169.2 4910533.7 661 

SOIL-22 644541.1 4910346.0 928 

SOIL-23 644620.4 4910381.0 886 

SOIL-24 647028.6 4911024.6 588 

SOIL-25 647881.3 4911803.5 768 
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Site UTMx UTMy Total Phosphorus (mg/kg) 

SOIL-26 648239.2 4910676.2 727 

SOIL-28 648445.5 4908520.4 1100 

SOIL-29 646983.4 4907829.0 700 

SOIL-3 646236.5 4915225.2 1020 

SOIL-30 640855.0 4910806.7 740 

SOIL-31 640813.0 4909755.4 1050 

SOIL-32 639324.4 4911167.5 841 

SOIL-34 641240.8 4907713.7 345 

SOIL-35 641289.5 4907519.0 287 

SOIL-36 642485.1 4907169.9 541 

SOIL-37 641554.3 4905412.9 420 

SOIL-38 642464.0 4904227.7 873 

SOIL-39 643588.5 4905376.0 79 

SOIL-41 646050.3 4906161.3 637 

SOIL-43 645693.4 4905218.9 978 

SOIL-44 645583.8 4905193.3 449 

SOIL-45 647419.2 4906743.1 925 

SOIL-46 648069.3 4904840.5 857 

SOIL-47 648456.6 4903576.9 745 

SOIL-48 647662.9 4903711.0 1430 

SOIL-49 645091.6 4903464.8 542 

SOIL-5 645374.5 4913528.1 998 

SOIL-50 644881.3 4902004.9 618 

SOIL-52 645370.8 4900946.6 651 

SOIL-53 647190.6 4900721.7 451 

SOIL-54 647580.6 4900929.1 1120 

SOIL-56 648971.8 4901081.3 332 

SOIL-57 649430.6 4900578.1 826 

SOIL-58 648841.6 4899526.4 771 

SOIL-6 646900.6 4914047.2 813 

SOIL-60 648874.9 4898096.3 439 

SOIL-61 652642.5 4899379.7 806 

SOIL-62 650896.2 4897343.6 880 

SOIL-63 648884.8 4896907.9 512 

SOIL-64 647010.3 4896300.3 696 

SOIL-66 646928.0 4898488.5 624 

SOIL-67 645262.1 4895379.2 267 

SOIL-68 644980.6 4895544.2 448 

SOIL-69 645374.3 4894547.3 1070 

SOIL-7 648150.4 4914680.5 844 

SOIL-70 645409.2 4894306.1 474 

SOIL-71 645355.3 4893554.5 780 
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Site UTMx UTMy Total Phosphorus (mg/kg) 

SOIL-72 647409.0 4894667.5 662 

SOIL-73 647801.6 4893616.8 897 

SOIL-74 648018.0 4893013.9 755 

SOIL-75 647231.7 4891977.8 936 

SOIL-76 647006.2 4891898.4 1070 

SOIL-77 645876.0 4891556.4 676 

SOIL-78 644915.0 4891219.9 881 

SOIL-79 644567.9 4890261.0 877 

SOIL-8 648304.6 4914597.1 831 

SOIL-80 644301.2 4888878.8 904 

SOIL-81 646903.6 4889727.7 1060 

SOIL-82 646709.9 4890528.9 861 

SOIL-83 647149.1 4888995.4 739 

SOIL-84 645590.2 4887136.8 624 

SOIL-85 648092.1 4886268.1 636 

SOIL-86 645998.8 4884201.0 507 

SOIL-87 647683.6 4884791.5 744 

SOIL-88 646741.7 4883669.7 446 

SOIL-89 646752.3 4883616.8 532 

SOIL-9 649796.1 4915026.3 1120 

SOIL-90 649280.2 4883298.3 738 

SOIL-91 649707.5 4883617.1 634 

SOIL-92 649326.2 4882685.5 540 

SOIL-93 648754.7 4881965.8 652 

SOIL-94 649976.7 4881843.7 509 

SOIL-95 651677.3 4881905.9 507 

SOIL-96 651698.5 4881857.0 357 

SOIL-97 652559.7 4882187.7 518 

SOIL-98 653870.7 4882781.1 872 

SOIL-99 652742.9 4883629.0 624 
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Table 7 - July 2017 total phosphorus samples 

Site UTMx UTMy Total Phosphorus (mg/kg) 

SOIL-104A 650644 4884415 520 

SOIL-104B 650644 4884415 520 

SOIL-109A 650230 4887076 510 

SOIL-109B 650230 4887076 530 

SOIL-114A 650646 4891414 520 

SOIL-114B 650646 4891414 490 

SOIL-122A 641113 4903715 600 

SOIL-122B 641113 4903715 660 

SOIL-12A 647459 4912870 670 

SOIL-12B 647459 4912870 640 

SOIL-17A 643793 4912852 670 

SOIL-17B 643793 4912852 620 

SOIL-18A 643197 4912004 780 

SOIL-18B 643197 4912004 800 

SOIL-1A 644983 4915383 580 

SOIL-1B 644983 4915383 540 

SOIL-25A 647736 4912114 350 

SOIL-25B 647736 4912114 530 

SOIL-31A 638823 4909323 960 

SOIL-31B 638823 4909323 1000 

SOIL-32A 639311 4911202 730 

SOIL-32B 639311 4911202 740 

SOIL-39A 643211 4905944 71 

SOIL-39B 643211 4905944 59 

SOIL-47A 648439 4903661 600 

SOIL-47B 648439 4903661 610 

SOIL-48A 647712 4903743 960 

SOIL-48B 647712 4903743 940 

SOIL-54A 647736 4900959 660 

SOIL-54B 647736 4900959 660 

SOIL-61A 652485 4899294 670 

SOIL-61B 652485 4899294 740 

SOIL-67A 645269 4895420 900 

SOIL-67B 645269 4895420 900 

SOIL-6A 647064 4193985 350 

SOIL-6B 647064 4193985 450 

SOIL-73A 647776 4893640 800 

SOIL-73B 647776 4893640 830 

SOIL-78A 644904 4891181 450 

SOIL-78B 644904 4891181 530 



 
Remote Sensing of Terrestrial Phosphorus at Watershed Scale 

 

 Page | 60 
 

Site UTMx UTMy Total Phosphorus (mg/kg) 

SOIL-7A 648169 4914785 590 

SOIL-7B 648169 4914785 620 

SOIL-83A 647133 4889125 620 

SOIL-83B 647133 4889125 660 

SOIL-89A 646447 4883122 400 

SOIL-89B 646447 4883122 460 

SOIL-94A 649970 4881845 430 

SOIL-94B 649970 4881845 460 

SOIL-99A 652845 4883502 670 

SOIL-99B 652845 4883502 670 
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Soil (Olsen Phosphorus) 

Table 8 - November 2016 Olsen phosphorus samples 

Site UTMx UTMy Olsen Phosphorus (mg/kg) 

Soil - 100 652498.2 4884319 64.99 

Soil - 101 650539.6 4885316 7.76 

Soil - 102 651060.8 4885468 7.41 

Soil - 103 651501.2 4884757 20.65 

Soil - 104 650668.6 4884424 10.2 

Soil - 105 649928.9 4885597 11.66 

Soil - 106 649097.6 4885441 5.75 

Soil - 107 648603.3 4885386 3.33 

Soil - 108 650090.2 4886321 3.8 

Soil - 109 650218 4887072 18.76 

Soil - 110 648855.2 4887335 7.99 

Soil - 111 650150.1 4888604 18.13 

Soil - 112 651155.5 4889987 23.63 

Soil - 113 650900.4 4891507 7.17 

Soil - 114 650689.8 4891442 5.47 

Soil - 115 650938.5 4893352 9.48 

Soil - 116 650019.9 4893556 12.61 

Soil - 117 650393.5 4894974 50.93 

Soil - 121 648348.5 4890163 9.55 

Soil - 122 641414 4903848 6.25 

Soil - 28 648445.5 4908520 18.16 

Soil - 29 646983.4 4907829 4.48 

Soil - 30 640855 4910807 3.16 

Soil - 31 640813 4909755 6.21 

Soil - 32 639324.4 4911167 4.98 

Soil - 34 641240.8 4907714 2.67 

Soil - 35 641289.5 4907519 1.8 

Soil - 36 642485.1 4907170 4.65 

Soil - 37 641554.3 4905413 4.65 

Soil - 38 642464 4904228 11.49 

Soil - 39 643588.5 4905376 6.49 

Soil - 44 645583.8 4905193 4.72 

Soil - 45 647419.2 4906743 16.88 

Soil - 46 648069.3 4904841 5.6 

Soil - 47 648456.6 4903577 7.47 

Soil - 48 647662.9 4903711 9.31 

Soil - 49 645091.6 4903465 3.35 

Soil - 50 644881.3 4902005 4.41 

Soil - 52 645370.8 4900947 9.57 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

Soil - 53 647190.6 4900722 7.77 

Soil - 54 647580.6 4900929 85.18 

Soil - 56 648971.8 4901081 22.87 

Soil - 57 649430.6 4900578 5.07 

Soil - 58 648841.6 4899526 12.02 

Soil - 6 646900.6 4914047 7.81 

Soil - 60 648874.9 4898096 5.47 

Soil - 61 652642.5 4899380 17.26 

Soil - 62 650896.2 4897344 7.23 

Soil - 63 648884.8 4896908 4.56 

Soil - 64 647010.3 4896300 4.05 

Soil - 66 646928 4898489 5.86 

Soil - 67 645262.1 4895379 4.01 

Soil - 68 644980.6 4895544 9.27 

Soil - 69 645374.3 4894547 8.4 

Soil - 71 645355.3 4893555 16.77 

Soil - 72 647409 4894667 39.87 

Soil - 73 647801.6 4893617 27.97 

Soil - 74 648018 4893014 22.38 

Soil - 75 647231.7 4891978 43.52 

Soil - 76 647006.2 4891898 19.95 

Soil - 77 645876 4891556 19.55 

Soil - 78 644915 4891220 8.4 

Soil - 79 644567.9 4890261 10.31 

Soil - 80 644301.2 4888879 22.24 

Soil - 81 646903.6 4889728 17.84 

Soil - 82 646709.9 4890529 10.38 

Soil - 83 647149.1 4888995 7.58 

Soil - 84 645590.2 4887137 12.47 

Soil - 85 648092.1 4886268 7.83 

Soil - 86 645998.8 4884201 12.31 

Soil - 87 647683.6 4884792 8.38 

Soil - 88 646741.7 4883670 7.19 

Soil - 89 646752.3 4883617 7.2 

Soil - 90 649280.2 4883298 22.09 

Soil - 91 649707.5 4883617 9.28 

Soil - 92 649326.2 4882685 7.24 

Soil - 93 648754.7 4881966 8.69 

Soil - 94 649976.7 4881844 7.14 

Soil - 95 651677.3 4881906 22.84 

Soil - 96 651698.5 4881857 8.36 

Soil - 97 652559.7 4882188 24.61 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

Soil - 98 653870.7 4882781 19.39 

Soil - 99 652742.9 4883629 17.01 

Soil -1 644909.7 4916125 8.24 

Soil -10 650875.1 4913735 30.66 

Soil -11 648946.2 4913210 7.49 

Soil -119 652340.8 4896265 65.84 

Soil -12 647328.7 4913326 3.39 

Soil -13 645917.4 4912096 7.7 

Soil -14 645759 4912206 6.33 

Soil -15 645117.5 4911852 7.06 

Soil -16 644125.4 4912950 6.83 

Soil -17 643837 4912778 15.45 

Soil -18 643267.6 4911721 8.58 

Soil -19 642650.5 4911001 7.75 

Soil -2 644622 4914714 7.42 

Soil -20 643386.4 4910625 29.53 

Soil -21 642169.2 4910534 8.41 

Soil -22 644541.1 4910346 4.17 

Soil -23 644620.4 4910381 4.06 

Soil -24 647028.6 4911025 5.37 

Soil -25 647881.3 4911804 14.31 

Soil -26 648239.2 4910676 5.78 

Soil -3 646236.5 4915225 3.26 

Soil -41 646050.3 4906161 5.81 

Soil -43 645693.4 4905219 21.4 

Soil -5 645374.5 4913528 7.7 

Soil -7 648150.4 4914680 10.43 

Soil -70 645409.2 4894306 3.78 

Soil -8 648304.6 4914597 3.34 

Soil -9 649796.1 4915026 20.66 
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Table 9 - July 2017 Olsen phosphorus Samples 

Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-1A 644983 4915383 6.19 

SOIL-1B 644983 4915383 5.17 

SOIL-2A 644588 4914633 14.29 

SOIL-2B 644588 4914633 17.15 

SOIL-3A 646206 4915228 7.08 

SOIL-3B 646206 4915228 5.73 

SOIL-4A    

SOIL-4B    

SOIL-5A 645510 4913520 8.05 

SOIL-5B 645510 4913520 6.38 

SOIL-6A 647064 4193985 4.93 

SOIL-6B 647064 4193985 4.91 

SOIL-7A 648169 4914785 5.42 

SOIL-7B 648169 4914785 5.5 

SOIL-8A 643235 4914600 3.2 

SOIL-8B 643235 4914600 3.24 

SOIL-9A 649902 4914988 5.21 

SOIL-9B 649902 4914988 5.61 

SOIL-10A 650798 4913772 31.44 

SOIL-10B 650798 4913772 41.08 

SOIL-11A 647825 4912792 6.76 

SOIL-11B 647825 4912792 4.1 

SOIL-12A 647459 4912870 6.38 

SOIL-12B 647459 4912870 6.07 

SOIL-13A 645347 4912107 9.16 

SOIL-13B 645347 4912107 7.5 

SOIL-14A 645825 4912140 5.17 

SOIL-14B 645825 4912140 4.63 

SOIL-15A    

SOIL-15B    

SOIL-16A 644107 4913050 7.29 

SOIL-16B 644107 4913050 5.54 

SOIL-17A 643793 4912852 12.8 

SOIL-17B 643793 4912852 14.19 

SOIL-18A 643197 4912004 7.14 

SOIL-18B 643197 4912004 9.13 

SOIL-19A 642494 4910945 3.4 

SOIL-19B 642494 4910945 3.89 

SOIL-20A    

SOIL-20B    
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-21A 642152 4910515 7.01 

SOIL-21B 642152 4910515 8.59 

SOIL-22A 644565 4910413 4.32 

SOIL-22B 644565 4910413 4.25 

SOIL-23A 644562 4910420 4.52 

SOIL-23B 644562 4910420 4.27 

SOIL-24A    

SOIL-24B    

SOIL-25A 647736 4912114 7.31 

SOIL-25B 647736 4912114 7.2 

SOIL-26A 648256 4910571 7.65 

SOIL-26B 648256 4910571 7.43 

SOIL-27A    

SOIL-27B    

SOIL-28A    

SOIL-28B    

SOIL-29A 646936 4908019 7 

SOIL-29B 646936 4908019 5.21 

SOIL-30A 641011 4910452 5.72 

SOIL-30B 641011 4910452 6.15 

SOIL-31A 638823 4909323 20.92 

SOIL-31B 638823 4909323 19.45 

SOIL-32A 639311 4911202 4.64 

SOIL-32B 639311 4911202 4.97 

SOIL-33A    

SOIL-33B    

SOIL-34A 641275 4907757 4.34 

SOIL-34B 641275 4907757 3.85 

SOIL-35A    

SOIL-35B    

SOIL-36A 642923 4906742 6.6 

SOIL-36B 642923 4906742 6.86 

SOIL-37A 641513 4905373 3.59 

SOIL-37B 641513 4905373 3.93 

SOIL-38A 642448 4904167 4.19 

SOIL-38B 642448 4904167 4.09 

SOIL-39A 643211 4905944 7.11 

SOIL-39B 643211 4905944 6.24 

SOIL-40A    

SOIL-40B    

SOIL-41A 6464107 4906242 8.52 

SOIL-41B 6464107 4906242 7.9 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-42A    

SOIL-42B    

SOIL-43A 645872 4905329 17.14 

SOIL-43B 645872 4905329 17.23 

SOIL-44A    

SOIL-44B    

SOIL-45A 647547 4906734  

SOIL-45B 647547 4906734  

SOIL-46A 648048 4904776 5.74 

SOIL-46B 648048 4904776 6.49 

SOIL-47A 648439 4903661 13.05 

SOIL-47B 648439 4903661 18.46 

SOIL-48A 647712 4903743 36.25 

SOIL-48B 647712 4903743 7.84 

SOIL-49A 645005 4903476 6.61 

SOIL-49B 645005 4903476 6.88 

SOIL-50A 644733 4901898 5.69 

SOIL-50B 644733 4901898 6.65 

SOIL-51A    

SOIL-51B    

SOIL-52A 645349 4900980 9.81 

SOIL-52B 645349 4900980 9.5 

SOIL-53A 647232 4900751 6.42 

SOIL-53B 647232 4900751 6.27 

SOIL-54A 647736 4900959 22.19 

SOIL-54B 647736 4900959 24.58 

SOIL-55A    

SOIL-55B    

SOIL-56A 648989 4901072 4.82 

SOIL-56B 648989 4901072 5.43 

SOIL-57A 649600 4900568 31.44 

SOIL-57B 649600 4900568 32.95 

SOIL-58A 648770 4899514 4.87 

SOIL-58B 648770 4899514 4.59 

SOIL-59A    

SOIL-59B    

SOIL-60A 648912 4898090 8.12 

SOIL-60B 648912 4898090 10.84 

SOIL-61A 652485 4899294 34.85 

SOIL-61B 652485 4899294 40.5 

SOIL-62A 650658 4897230 7.7 

SOIL-62B 650658 4897230 7.28 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-63A 648917 4896943 5.89 

SOIL-63B 648917 4896943 6.08 

SOIL-64A 646889 4896367 8.22 

SOIL-64B 646889 4896367 7.81 

SOIL-65A    

SOIL-65B    

SOIL-66A 647061 4898503 14.06 

SOIL-66B 647061 4898503 13.65 

SOIL-67A 645269 4895420 5865 

SOIL-67B 645269 4895420 65.04 

SOIL-68A 644994 4895630 14.62 

SOIL-68B 644994 4895630 16.84 

SOIL-69A 645326 4894629 169.64 

SOIL-69B 645326 4894629 175.33 

SOIL-70A 645413 4894361 11.43 

SOIL-70B 645413 4894361 11.56 

SOIL-71A    

SOIL-71B    

SOIL-72A 647414 4984713 26.01 

SOIL-72B 647414 4984713 23.73 

SOIL-73A 647776 4893640 27.56 

SOIL-73B 647776 4893640 28.27 

SOIL-74A 647981 4892979 18.21 

SOIL-74B 647981 4892979 21.33 

SOIL-75A 647242 4891994 41.94 

SOIL-75B 647242 4891994 43.01 

SOIL-76A 647048 4891928 28.5 

SOIL-76B 647048 4891928 21.9 

SOIL-77A 645667 4891445 26.67 

SOIL-77B 645667 4891445 29.98 

SOIL-78A 644904 4891181 8.41 

SOIL-78B 644904 4891181 7.57 

SOIL-79A 644574 4890331 19.95 

SOIL-79B 644574 4890331 19.26 

SOIL-80A 644356 4888853 32.88 

SOIL-80B 644356 4888853 32.4 

SOIL-81A 646972 4889625 29.75 

SOIL-81B 646972 4889625 29.16 

SOIL-82A 646633 4890436 30.58 

SOIL-82B 646633 4890436 31.38 

SOIL-83A 647133 4889125 7.25 

SOIL-83B 647133 4889125 9.86 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-84A    

SOIL-84B    

SOIL-85A 643083 4886242 12.13 

SOIL-85B 643083 4886242 11.8 

SOIL-86A 645865 4884202 17.47 

SOIL-86B 645865 4884202 14.46 

SOIL-87A 647657 4884771 7.09 

SOIL-87B 647657 4884771 6.97 

SOIL-88A 646683 4883934 5.23 

SOIL-88B 646683 4883934 5.48 

SOIL-89A 646447 4883122 11.59 

SOIL-89B 646447 4883122 11.04 

SOIL-90A 649239 4883264 19.1 

SOIL-90B 649239 4883264 22.56 

SOIL-91A 649730 4883700 13.1 

SOIL-91B 649730 4883700 13.5 

SOIL-92A 649239 4882675 4.52 

SOIL-92B 649239 4882675 3.9 

SOIL-93A 649143 4882899 29.42 

SOIL-93B 649143 4882899 34.84 

SOIL-94A 649970 4881845 8.09 

SOIL-94B 649970 4881845 8.45 

SOIL-95A 651678 4881863 18.2 

SOIL-95B 651678 4881863 13.07 

SOIL-96A 651675 4881868 14.28 

SOIL-96B 651675 4881868 12.76 

SOIL-97A 652613 4882193 14.91 

SOIL-97B 652613 4882193 14.72 

SOIL-98A 654054 4882170 55.12 

SOIL-98B 654054 4882170 56.25 

SOIL-99A 652845 4883502 21.03 

SOIL-99B 652845 4883502 20.35 

SOIL-100A 652492 4884295 41.03 

SOIL-100B 652492 4884295 34.73 

SOIL-101A 650462 4885239 9.33 

SOIL-101B 650462 4885239 8.15 

SOIL-102A 651014 4885355 12.03 

SOIL-102B 651014 4885355 12.61 

SOIL-103A 651450 4884815 32.18 

SOIL-103B 651450 4884815 24.91 

SOIL-104A 650644 4884415 13.83 

SOIL-104B 650644 4884415 8.87 



 
Remote Sensing of Terrestrial Phosphorus at Watershed Scale 

 

 Page | 69 
 

Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-105A 649959 4885765 10.64 

SOIL-105B 649959 4885765 10.37 

SOIL-106A 649258 4885524 8.85 

SOIL-106B 649258 4885524 8.24 

SOIL-107A 643630 4885366 4.29 

SOIL-107B 643630 4885366 3.19 

SOIL-108A 650080 4886276 5.56 

SOIL-108B 650080 4886276 5.58 

SOIL-109A 650230 4887076 18.84 

SOIL-109B 650230 4887076 16.42 

SOIL-110A 643796 4887281 10.45 

SOIL-110B 643796 4887281 10 

SOIL-111A 650097 4888609 39.12 

SOIL-111B 650097 4888609 47.28 

SOIL-112A 651104 4890054 10.88 

SOIL-112B 651104 4890054 18.72 

SOIL-113A 650944 4892020 6.7 

SOIL-113B 650944 4892020 5.68 

SOIL-114A 650646 4891414 6.14 

SOIL-114B 650646 4891414 5.69 

SOIL-115A 650896 4893372 15.08 

SOIL-115B 650896 4893372 14.01 

SOIL-116A 649972 4893570 9.82 

SOIL-116B 649972 4893570 9.07 

SOIL-117A 650322 4895067 43.46 

SOIL-117B 650322 4895067 42.01 

SOIL-118A   

SOIL-118B   

SOIL-119A 652351 4896238 77.01 

SOIL-119B 652351 4896238 68.23 

SOIL-120A   

SOIL-120B   

SOIL-121A   

SOIL-121B   

SOIL-122A 641113 4903715 13.84 

SOIL-122B 641113 4903715 12.92 

SOIL-200 654056.5 4884529 4.28 

SOIL-200 654056.5 4884529 3.42 

SOIL-201 654245.4 4886134 10.02 

SOIL-201 654245.4 4886134 9.42 

SOIL-202 652168.7 4888051 5.58 

SOIL-202 652168.7 4888051 6.82 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-203 654263.7 4889189 5.14 

SOIL-203 654263.7 4889189 5.54 

SOIL-204 651552.2 4891307 37.71 

SOIL-204 651552.2 4891307 36.36 

SOIL-205 653349.5 4890402 9.39 

SOIL-205 653349.5 4890402 8.37 

SOIL-206 655662.8 4891233 7.2 

SOIL-206 655662.8 4891233 6.92 

SOIL-207 651179.1 4892724 13.82 

SOIL-207 651179.1 4892724 17.54 

SOIL-208 653417.3 4893486 4.68 

SOIL-208 653417.3 4893486 5.83 

SOIL-209 655372.3 4892674 140.11 

SOIL-209 655372.3 4892674 153.67 

SOIL-210 652861.9 4894833 56.12 

SOIL-210 652861.9 4894833 20.18 

SOIL-211 653457.5 4895074 162.44 

SOIL-211 653457.5 4895074 198.44 

SOIL-212 656316.9 4894576 6.25 

SOIL-212 656316.9 4894576 6.92 

SOIL-213 658248.1 4895162 10.99 

SOIL-213 658248.1 4895162 10.39 

SOIL-214 653595.1 4896675 36.65 

SOIL-214 653595.1 4896675 37.03 

SOIL-215 655572.1 4897379 7.8 

SOIL-215 655572.1 4897379 7.99 

SOIL-216 657882.9 4896777 12 

SOIL-216 657882.9 4896777 11.05 

SOIL-217 649789.8 4898788 45.14 

SOIL-217 649789.8 4898788 46.1 

SOIL-218 653843.3 4898244 10.18 

SOIL-218 653843.3 4898244 9.8 

SOIL-219 656107.2 4898504 29.6 

SOIL-219 656107.2 4898504 30.37 

SOIL-220 651690.1 4900543 21.1 

SOIL-220 651690.1 4900543  

SOIL-221 654646.5 4900342  

SOIL-221 654646.5 4900342  

SOIL-222 655673.9 4899482  

SOIL-222 655673.9 4899482  

SOIL-223 657303.5 4900964  

SOIL-223 657303.5 4900964  
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-224 649565.4 4902832 15.51 

SOIL-224 649565.4 4902832 16.66 

SOIL-225 651521.8 4902821 5.55 

SOIL-225 651521.8 4902821 4.91 

SOIL-226 654462.8 4902615 11.65 

SOIL-226 654462.8 4902615 12.01 

SOIL-227 654060.5 4903010 7.37 

SOIL-227 654060.5 4903010 7.21 

SOIL-228 657577.3 4902466 26.39 

SOIL-228 657577.3 4902466 30.68 

SOIL-229 650433.3 4904283 24.63 

SOIL-229 650433.3 4904283 26.24 

SOIL-230 652525.9 4905251 13.19 

SOIL-230 652525.9 4905251 13.06 

SOIL-231 653882.9 4904777 6.79 

SOIL-231 653882.9 4904777 6.41 

SOIL-232 654990 4905190 10.04 

SOIL-232 654990 4905190 9.51 

SOIL-233 657872.4 4905682 6.5 

SOIL-233 657872.4 4905682 6.32 

SOIL-234 649914.7 4907543 15.39 

SOIL-234 649914.7 4907543 16.22 

SOIL-235 655200.3 4906700 13.72 

SOIL-235 655200.3 4906700 15.36 

SOIL-236 658355.2 4906706 8.89 

SOIL-236 658355.2 4906706 9.55 

SOIL-237 649697.7 4908856 52.48 

SOIL-237 649697.7 4908856 62.5 

SOIL-238 652399.9 4909639 25.14 

SOIL-238 652399.9 4909639 22.69 

SOIL-239 653631.1 4908730 21.08 

SOIL-239 653631.1 4908730 26.66 

SOIL-240 655233.7 4907737 5.45 

SOIL-240 655233.7 4907737 5.23 

SOIL-241 658071.9 4908666 9.85 

SOIL-241 658071.9 4908666 11.25 

SOIL-242 659759.1 4907758 7.49 

SOIL-242 659759.1 4907758 6.11 

SOIL-243 653143.4 4896503 14.1 

SOIL-243 653143.4 4896503 14.33 

SOIL-244 657219.2 4900883 25.44 

SOIL-244 657219.2 4900883 29.73 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-245 658063.7 4902645 34.74 

SOIL-245 658063.7 4902645 38.74 

SOIL-246 649553 4902879 41.37 

SOIL-246 649553 4902879 44.58 

SOIL-247 652504.8 4905325 9.19 

SOIL-247 652504.8 4905325 8.3 

SOIL-248 654240.3 4885228 11.44 

SOIL-248 654240.3 4885228 11.1 

SOIL-249 655112.3 4906730 8.16 

SOIL-249 655112.3 4906730 7.5 

SOIL-250 660411.7 4907915 9.95 

SOIL-250 660411.7 4907915 9.77 

SOIL-251 656323 4900584 7.84 

SOIL-251 656323 4900584 8.13 

SOIL-252 656256 4900631 9.64 

SOIL-252 656256 4900631 9.88 

SOIL-253 656277 4900673 8.8 

SOIL-253 656277 4900673 8.84 

SOIL-254 656306 4900720 9.12 

SOIL-254 656306 4900720 9.04 

SOIL-255 656332 4900761 9.34 

SOIL-255 656332 4900761 7.69 

SOIL-256 656361 4900812 5.15 

SOIL-256 656361 4900812 5.85 

SOIL-257 656387 4900861 6.21 

SOIL-257 656387 4900861 7.68 

SOIL-258 656414 4900904 5.2 

SOIL-258 656414 4900904 5.71 

SOIL-259 656441 4900950 5.82 

SOIL-259 656441 4900950 5.04 

SOIL-260 656461 4900991 8.78 

SOIL-260 656461 4900991 9.56 

SOIL-261 656483 4901034 7.76 

SOIL-261 656483 4901034 8.19 

SOIL-262 656516 4901077 8.62 

SOIL-262 656516 4901077 9.31 

SOIL-263 656538 4901123 12.05 

SOIL-263 656538 4901123 10.76 

SOIL-264 656565 4901166 6.38 

SOIL-264 656565 4901166 5.39 

SOIL-265 656591 4901210 9.17 

SOIL-265 656591 4901210 9.12 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-266 656618 4901253 9.45 

SOIL-266 656618 4901253 9.76 

SOIL-267 656639 4901290 9.83 

SOIL-267 656639 4901290 11.77 

SOIL-268 656668 4901340 8.68 

SOIL-268 656668 4901340 9.94 

SOIL-269 656696 4901387 8.05 

SOIL-269 656696 4901387 8.13 

SOIL-270 656721 4901429 6.27 

SOIL-270 656721 4901429 4.69 

SOIL-271 656747 4901477 6.63 

SOIL-271 656747 4901477 7.22 

SOIL-272 656774 4901515 9.77 

SOIL-272 656774 4901515 10.69 

SOIL-273 656797 4901558 7.77 

SOIL-273 656797 4901558 8.62 

SOIL-274 656823 4901606 13.95 

SOIL-274 656823 4901606 12.14 

SOIL-275 656846 4901643 8.01 

SOIL-275 656846 4901643 7.37 

SOIL-276   8.77 

SOIL-276   8.63 

SOIL-277 656998 4901897 10.29 

SOIL-277 656998 4901897 9.64 

SOIL-278 657074 4902035 9.66 

SOIL-278 657074 4902035 10.65 

SOIL-279 657149 4902162 8.26 

SOIL-279 657149 4902162 9.34 

SOIL-280 657229 4902294 10.55 

SOIL-280 657229 4902294 9.67 

SOIL-281 657306 4902422 9.96 

SOIL-281 657306 4902422 9.79 

SOIL-282 657381 4902549 9.01 

SOIL-282 657381 4902549 10.43 

SOIL-283 657456 4902676 14.91 

SOIL-283 657456 4902676 11.97 

SOIL-284 657523 4902798 5.06 

SOIL-284 657523 4902798 6.03 

SOIL-285 657612 4902934 5.8 

SOIL-285 657612 4902934 6.31 

SOIL-286 657689 4903059 11.22 

SOIL-286 657689 4903059 10.91 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

SOIL-287 657770 4903179 9.34 

SOIL-287 657770 4903179 7.91 

SOIL-288 657039 4903327 10.01 

SOIL-288 657039 4903327 9.1 

SOIL-289 657917 4903459 7.79 

SOIL-289 657917 4903459 8.05 

SOIL-290 657987 4903592 19.22 

SOIL-290 657987 4903592 20.4 

SOIL-291 658066 4903721 32.71 

SOIL-291 658066 4903721 49.16 

SOIL-292 658138 4903847 13.28 

SOIL-292 658138 4903847 9.59 

SOIL-293 658219 4903974 11.92 

SOIL-293 658219 4903974 9.03 

SOIL-294 658308 4904092 9.98 

SOIL-294 658308 4904092 9.57 

SOIL-295 658409 4904205 12.56 

SOIL-295 658409 4904205 13.6 
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Table 10 - September 2017 Olsen phosphorus samples 

Site UTMx UTMy Olsen Phosphorus (mg/kg) 

A01X 644985.1 4915891 5.18 

A02X 644612.5 4914664 10.72 

A03X 646096.8 4915184 5.62 

A05X 645468.9 4913496 8.82 

A06X 645459.1 4913936 6.2 

A07X 647043.4 4914798 5.72 

A08X 648250.6 4914645 7.36 

A09X 649875.4 4914993 14.76 

A100X 652511.1 4884319 30.9 

A101X 650478.9 4885220 21.89 

A102X 650996.6 4885399 15.92 

A103X 651453.4 4884806 14.61 

A104X 650665.9 4884454 17.78 

A105X 649906.1 4885817 10.03 

A106X 649233.6 4885520 4.68 

A107X 648599 4885433 1.93 

A109X 650219.3 4887065 9.95 

A110X 648816.4 4887327 3.1 

A111X 650097.6 4888596 25.79 

A112X 651148.1 4889959 19.26 

A113X 650958.3 4892125 16.26 

A114X 650591.3 4891559 5.65 

A115X 650907.1 4893369 20.81 

A116X 649961.5 4893567 21.55 

A117X 650349.6 4895073 39.87 

A119X 652344.7 4896271 61.28 

A11X 647853.9 4912799 5.91 

A121X 647637.8 4903883 12.7 

A122X 641314.5 4903744 2.86 

A12X 647435.3 4912917 8.47 

A13X 645865.1 4912117 10.32 

A14X 645789 4912132 7.93 

A15X 645154.7 4911907 7.84 

A16X 644096.3 4913073 10.68 

A17X 643842.9 4912872 21.05 

A18X 643144.6 4911989 6.88 

A19X 642577.8 4910982 6.16 

A20X 643733.2 4910668 39.99 

A21X 642174.1 4910536 10.84 

A22X 644540.9 4910395 7.44 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

A23X 644571 4910416 5.29 

A24X 646930.4 4915568 15.16 

A25X 647853.3 4911769 11.13 

A26X 648243.6 4910561 44.48 

A28X 643301.2 4908486 20.45 

A29X 646841.8 4907985 9.79 

A30X 641019.9 4910738 12.57 

A32X 639286 4911199 8.93 

A34X 641245 4907824 3.91 

A35X 641347.5 4907512 3.38 

A37X 641559.6 4905392 3.71 

A38X 642433.3 4904185 7.06 

A39X 643283.7 4905942 5.69 

A43X 645860.2 4905364 52.32 

A46X 648069.7 4904791 20.06 

A47X 648433.3 4903662 8.71 

A49X 644891 4903405 4.66 

A50X 644796.9 4901945 3.88 

A53X 647236.4 4900724 4.57 

A54X 647718.7 4900944 44.15 

A56X 648939.4 4901068 8.1 

A57X 649447.4 4900572 54.26 

A58X 648733.3 4899474 13.04 

A61X 652508.9 4899296 46.38 

A62X 650704.7 4897250 9.17 

A64X 646769.6 4896413 7.42 

A66X 647080.9 4898514 24.02 

A67X 645280.8 4895420 49.91 

A68X 645005.9 4895560 15.8 

A69X 645354.1 4894518 9.59 

A71X 645391.8 4893535 6.45 

A72X 647413.5 4894673 59.53 

A73X 647797.5 4893602 39.11 

A74X 647979.2 4893048 45.8 

A75X 647276.5 4891988 151.99 

A76X 647039.5 4891916 72.92 

A77X 645868.3 4891525 14.06 

A78X 644852.4 4891160 10.02 

A79X 644564.3 4890315 16.53 

A80X 644310.9 4888859 42.64 

A81X 646906 4889715 25.89 

A83X 647176.9 4888930 8.84 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

A84X 645627 4887126 54.96 

A85X 648095.5 4886220 40.45 

A86X 645923.9 4884201 12.39 

A87X 647685.4 4884694 10.35 

A88X 646752.2 4883686 5.53 

A89X 646918.3 4883184 4.99 

A90X 649264.6 4883267 26.54 

A91X 649711.6 4883692 9.24 

A92X 649260.2 4882755 3.36 

A94X 649974.9 4881855 8.88 

A95X 651649.7 4881843 20.4 

A96X 651641.5 4881850 10.51 

A97X 652673.4 4882207 18.09 

A98X 654019.5 4882317 29.93 

A99X 652826.5 4883496 10.94 

B01X 644985.1 4915891 5.42 

B02X 644612.5 4914664 11.07 

B03X 646096.8 4915184 5.22 

B05X 645468.9 4913496 7.23 

B06X 647062 4913972 6.59 

B07X 648160.2 4914823 6.06 

B08X 648250.6 4914645 8.58 

B09X 649875.4 4914993 15.32 

B100X 652511.1 4884319 33.23 

B101X 650478.9 4885220 23.46 

B102X 650996.6 4885399 18.12 

B103X 651453.4 4884806 13.3 

B104X 650665.9 4884454 15.25 

B105X 649906.1 4885817 8.09 

B106X 649233.6 4885520 4.62 

B107X 648599 4885433 2.58 

B109X 650219.3 4887065 16.8 

B110X 648816.4 4887327 3.49 

B111X 650097.6 4888596 32.68 

B112X 651148.1 4889959 13.11 

B113X 650958.3 4892125 19.8 

B114X 650591.3 4891559 5.22 

B115X 650907.1 4893369 20.33 

B116X 649961.5 4893567 20.78 

B117X 650349.6 4895073 38.11 

B119X 652344.7 4896271 75.19 

B11X 647853.9 4912799 5.37 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

B121X 647637.8 4903883 5.81 

B122X 641314.5 4903744 2.83 

B12X 647435.3 4912917 7.3 

B13X 645865.1 4912117 11.74 

B14X 645789 4912132 6.73 

B15X 645154.7 4911907 7.23 

B16X 644096.3 4913073 10.55 

B17X 643842.9 4912872 19.07 

B18X 643144.6 4911989 6.76 

B19X 642577.8 4910982 7.3 

B20X 643733.2 4910668 39.5 

B21X 642174.1 4910536 8.54 

B22X 644540.9 4910395 5.94 

B23X 644571 4910416 4.36 

B24X 646930.4 4915568 8.27 

B25X 647853.3 4911769 9.17 

B26X 648243.6 4910561 131.62 

B28X 643301.2 4908486 28.8 

B29X 646841.8 4907985 8.17 

B30X 641019.9 4910738 13.52 

B32X 639286 4911199 9.03 

B34X 641245 4907824 3.71 

B35X 641347.5 4907512 2.61 

B37X 641559.6 4905392 5.76 

B38X 642433.3 4904185 5.67 

B39X 643283.7 4905942 4.72 

B43X 645860.2 4905364 54.97 

B46X 648069.7 4904791 16.01 

B47X 648433.3 4903662 13.32 

B49X 644891 4903405 4.44 

B50X 644796.9 4901945 4.02 

B53X 647236.4 4900724 4.07 

B54X 647718.7 4900944 40.45 

B56X 648939.4 4901068 5.48 

B57X 649447.4 4900572 63.54 

B58X 648733.3 4899474 14.78 

B61X 652508.9 4899296 44 

B62X 650704.7 4897250 8.39 

B64X 646769.6 4896413 7.65 

B66X 647080.9 4898514 26.91 

B67X 645280.8 4895420 57.66 

B68X 645005.9 4895560 14.97 
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Site UTMx UTMy Olsen Phosphorus (mg/kg) 

B69X 645354.1 4894518 11.39 

B71X 645391.8 4893535 6.44 

B72X 647413.5 4894673 54.97 

B73X 647797.5 4893602 39.38 

B74X 647979.2 4893048 49.38 

B75X 647276.5 4891988 168.79 

B76X 647039.5 4891916 51.03 

B77X 645868.3 4891525 12.88 

B78X 644852.4 4891160 10.28 

B79X 644564.3 4890315 29.91 

B80X 644310.9 4888859 47.12 

B81X 646906 4889715 24.59 

B83X 647176.9 4888930 8.01 

B84X 645627 4887126 46.47 

B85X 648095.5 4886220 9.9 

B86X 645923.9 4884201 15.89 

B87X 647685.4 4884694 10.26 

B88X 646752.2 4883686 5.76 

B89X 646918.3 4883184 4.63 

B90X 649264.6 4883267 28.5 

B91X 649711.6 4883692 12.59 

B92X 649260.2 4882755 3.4 

B94X 649974.9 4881855 8.02 

B95X 651649.7 4881843 16.38 

B96X 651641.5 4881850 8.24 

B97X 652673.4 4882207 25.29 

B98X 654019.5 4882317 27.33 

B99X 652826.5 4883496 10.95 
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Appendix 8 – Water Samples 

Table 11 - August 2016 total phosphorus samples 

Site UTMx UTMy Total Phosphorus (mg/L) 

LD-1 646994 4896295 0.048 

LD-2 645345.3 4894566 0.054 

LD-3 645346.1 4893517 0.072 

LD-4 644867.1 4891176 0.057 

LD-5 644583 4890303 0.051 

PF-1 642051.4 4911195 0.045 

PF-2 642085.8 4910137 0.033 

PF-3 643739 4908395 0.038 

PF-4 643140.4 4907453 0.036 

PF-7 644060 4903152 0.041 

PF-8 643730.4 4901547 0.025 

PF-9 643446 4904267 0.031 

RE-1 642079 4911071 0.08 

RE-2 642540.4 4910948 0.152 

RE-3 645040.1 4909918 0.869 

TOWN-1 652745 4883645 0.062 

TOWN-2 650526.4 4885305 0.026 

TOWN-3 650818.5 4884434 0.014 

TOWN-4 650657 4885060 0.021 

TOWN-5 650299.9 4885345 0.026 

TOWN-6 649932.4 4885572 0.054 

TOWN-7 650042.7 4885011 0.019 

TOWN-8 649274.4 4882706 0.02 

UX-1 644871.9 4902367 0.059 

UX-11 650947.8 4888891 0.026 

UX-12 650206 4887068 0.022 

UX-3 646138 4902389 0.058 

UX-4 647199.3 4900738 0.072 

UX-7 648905 4896942 0.074 

UX-9 649442.3 4894083 0.142 

WF-1 643790 4908423 0.03 

WF-2 645677.7 4909136 0.049 

WF-3 647028.6 4911025 0.15 
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Table 12 - November 2016 total phosphorus samples 

Site UTMx UTMy Total Phosphorus (mg/L) 

TOWN-2 650526.4 4885305 0.028 

TOWN-3 650818.5 4884434 0.01 

TOWN-4 650657.0 4885060 0.012 

TOWN-5 650299.9 4885345 0.007 

TOWN-6 649932.4 4885572 0.005 

TOWN-7 650042.7 4885011 0.013 

TOWN-8 649274.4 4882706 0.063 

UX-1 644871.9 4902367 0.017 

UX-3 646138.0 4902389 0.017 

UX-4 647199.3 4900738 0.013 

UX-7 648905.0 4896942 0.018 

UX-8 649291.5 4895278 0.028 

UX-9 649442.3 4894083 0.021 

UX-11 650947.8 4888891 0.048 

UX-12 650206.0 4887068 0.019 

LD-1 646994.0 4896295 0.012 

LD-2 645345.3 4894566 0.016 

LD-3 645346.1 4893517 0.021 

LD-4 644867.1 4891176 0.022 

LD-5 644583.0 4890303 0.023 

PF-1 642051.4 4911195 0.082 

PF-2 642085.8 4910137 0.012 

PF-3 643739.0 4908395 0.013 

PF-4 643140.4 4907453 0.014 

PF-6 4903742.7 643545.9 0.014 

PF-7 644060.0 4903152 0.012 

PF-8 643730.4 4901547 0.01 

PF-9 643446.0 4904267 0.013 

WF-1 643790.0 4908423 0.013 

WF-2 645677.7 4909136 0.01 

WF-3 647028.6 4911025 0.016 

RE-1 642079.0 4911071 0.039 

RE-2 642540.4 4910948 0.072 

RE-3 645040.1 4909918 0.046 
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Table 13 - July 2017 water total phosphorus samples 

Site UTMx UTMy Total Phosphorus (mg/L) 

PF-1 642051.4 4911195 0.076 

PF-2 642085.8 4910137 0.034 

PF-3 643739 4908395 0.036 

PF-4 643140.4 4907453 0.034 

PF-6 643545.9 4903743 0.038 

PF-8 643730.4 4901547 0.03 

PF-9 643446 4904267 0.074 

UX-1 644871.9 4902367 0.035 

UX-4 647199.3 4900738 0.038 

UX-5 648658.1 4898035 0.036 

UX-7 648905 4896942 0.034 

UX-9 649442.3 4894083 0.322 

UX-11 650947.8 4888891 0.035 

UX-12 650206 4887068 0.028 

RE-1 642079 4911071 0.279 

RE-2 642540.4 4910948 0.254 

RE-3 645040.1 4909918 0.053 

WF-1 643790 4908423 0.045 

WF-2 645677.7 4909136 0.045 

WF-3 647028.6 4911025 0.035 

TOWN-3 650818.5 4884434 0.043 

TOWN-4 650657 4885060 0.032 

TOWN-5 650299.9 4885345 0.019 

TOWN-6 649932.4 4885572 0.018 

TOWN-7 650042.7 4885011 0.021 

TOWN-8 649274.4 4882706 0.038 

LD-1 646994 4896295 0.068 

LD-2 645345.3 4894566 0.046 

LD-3 645346.1 4893517 0.053 

LD-4 644867.1 4891176 0.056 

LD-5 644583 4890303 0.163 

WATER-A 653837.2 4890643 0.022 

WATER-B 654800.9 4898613 0.025 

WATER-C 651688.9 4900518 0.043 

WATER-D 655015.1 4903127 0.018 

WATER-E 650236.9 4904144 0.032 

WATER-F 655950.3 4906403 0.019 

WATER-G 657670.1 4905565 0.052 

WATER-H 652913.7 4885197 0.023 

WATER-I 657749 4908631 0.035 
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Site UTMx UTMy Total Phosphorus (mg/L) 

WATER-J 650729.3 4906268 0.103 

WATER-K 649995.2 4907572 0.074 

WATER-L 656854.4 4894736 0.028 

WATER-M 655519.4 4895814 0.166 

WATER-N 657350.1 4900962 0.023 

WATER-O 651865.4 4911160 0.077 

WATER-P 653700.2 4911745 0.06 

WATER-S 646870.4 4921322 0.061 

WATER-T 651168.4 4919956 0.06 

WATER-U 650116.1 4918708 0.081 

WATER-V 654028.8 4916433 0.019 

WATER-W 657996 4919008 0.053 

WATER-X 654254.6 4916563 0.05 

WATER-Y 652519.6 4915876 0.059 
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Appendix 9 – Sample Maps 
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