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ABSTRACT 

In this thesis, I establish and explore the role of phenology in understanding the rapidly 

changing environment of a subarctic peatland. First, I demonstrate how digital repeat 

photography can be used to characterize and differentiate distinct plant communities using two 

years of images. Each habitat is composed of different plant functional groups, promoting the 

individualistic approach to characterization that near-earth remote sensing tools can provide. The 

camera-product Relative Greenness successfully characterized interannual variability in seasonal 

growth for each habitat type. Across habitats, there was a direct relationship between 

advancement of spring onset and active season growth though this overall pattern showed 

habitat-specific variance. The camera images were also useful in characterizing the flowering 

phenology of an eriophorum-rich fen habitat, for which a metric named Intensity was created. 

These results suggest that employment of phenology cameras in highly heterogeneous subarctic 

environments is a robust method to characterize phenology on a habitat to species scale. Next, I 

explored the role that this phenology product has in modeling Net Ecosystem Exchange (NEE) 

also measured at the field site. I hypothesized that the explanatory power of the phenology index, 

which is conceptually tied to a measure of photosynthetic capacity, would be tightly linked to the 

timescale it was used for: At sub-daily timescales, environmental forces would dominate, though 

when averaged over days to weekly scales, the biology represented through the camera index 

would be more influential. I show that at multiple time scales the environmental factors 

outperform the camera index when modeling NEE. Together, these studies begin to explore the 

applicability of phenology camera systems in subarctic environments. 
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INTRODUCTION 

Arctic ecosystems are warming at nearly twice the global rate, which is rapidly increasing 

the rate of permafrost soil thaw (IPCC, 2014). As permafrost soils thaw they drastically alter the 

landscape hydrological and geochemical cycling, converting centuries old carbon into 

greenhouse gases by digestion from microbial communities, creating a positive feedback to 

climate warming (McCalley et al., 2014; Christensen et al., 2004). Some of this increased carbon 

release is expected to be compensated for by an increased photosynthetic uptake of plants 

experiencing longer growing seasons, but there is a lot of uncertainty about how diverse plant 

communities in these arctic systems are responding to the combined effects of permafrost soil 

thaw and increasing climate variability (Chapin & Shaver, 2014, Hobbie & Chapin, 1998, 

Cooper et al., 2011). The establishment of robust and consistent plant growth monitoring 

methods that can combine with existing and future experimental infrastructure would promote a 

biology-centered approach to understanding predicted changes in ecosystem structure in 

response to climate change. 

This thesis centers on exploring the capacity to monitor and model highly heterogeneous 

and rapidly changing landscapes in subarctic latitudes. First, the utility of phenology cameras, 

known as “phenocams”,  which have been cited and established as effective plant growth 

monitoring tools (Richardson et al., 2007; Ahrends et al., 2008), will be tested in a novel 

environment with unique illumination challenges. While the utility of phenocam systems 

increase dramatically with the number of years characterized, it is important first to establish the 

capability and limitations for such a system. The field site this system is deployed to is Stordalen 

Mire, Sweden, which has been a site of long-term carbon cycling studies and has a rich history of 
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investigating the fate of carbon trapped in permafrost soils (Malmer and Wallen, 1996; 

Christensen et al., 2004). This work aims to contribute to this legacy of carbon cycling 

exploration by expanding the understanding of the fate of the dominant plant communities in the 

face of a changing climate. 

Using two growing seasons worth of images, the phenocam system showed a robust 

capability for programmatically determining the seasonal transition dates for each of the three 

dominant plant community habitats at Stordalen Mire. The camera utilized the Red Green Blue 

(RGB) color space to create the Relative Greenness index, which is the green signal divided by 

the sum of RGB signals, and has been shown to be sensitive to changes in green vegetation 

(Sonnentag et al., 2012). Additionally, the Relative Greenness index showed to be an effective 

tool for characterizing the extent of flowering for the dominant sedge eriophorum angustifolium 

in the fen-like habitats, which is a phenological metric expected to be highly sensitive to 

changing seasonal temperatures and precipitation (Wipf & Rixen, 2010). 

Additional uses of phenocams have been including them in carbon cycling models as a 

proxy for leafy green biomass accumulation throughout the season (Richardson et al., 2013). 

Approximating biomass accumulation over an area using remote sensing sensors has long been a 

primary application of satellite-based Normalized Difference Vegetation Index (NDVI) (Xie, 

Sha & Yu, 2008), but in these subarctic peatlands the landscape is too heterogeneous, and the 

growing season too brief, to rely heavily on satellite products to scale-up plot-level carbon flux 

measurements. It is in this niche that this phenology camera is inserting itself, and establishing a 

baseline for the inclusion of biologically-relevant indices in Net Ecosystem Exchange models. 
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Stordalen Mire is the site of a long-term automatically sampling chamber system setup in 

March of 2001 that is continuously measuring the fluxes of CO2 and CH4 coming out of each of 

the three distinct habitats (Goulden and Crill, 1997;  Bubier et al., 2003). Using stepwise least 

squares regression, we explored the relative capability for a set of environmental variables and 

our camera-based Greenness index to explain the interannual variability of flux-chamber 

measured NEE over two growing seasons. Also explored was the definition of Relative 

Greenness as a photosynthetic capacity measure, which is a theoretical concept of the maximum 

photosynthetic rate given ideal PAR and non-limiting environmental factors, which we predicted 

would account for significant variance in NEE if combined with PAR measures. We built these 

regression models for data series at multiple time scales, aiming to define the window in which 

biological controls overtake environmental controls in NEE. The results showed that the 

environmental variables PAR, ground and air temperature, and precipitation account for the most 

interannual variability in NEE at bi-weekly and monthly time scales, and that these models 

outperformed the regression models built with Relative Greenness alone. However, the relative 

amounts of explained variance in NEE attributable to each model varied across habitats, 

suggesting different environmental controls dominating respiration and photosynthetic processes 

at different stages of permafrost thaw. This study demonstrates the potential for Greenness to be 

included in NEE models for these habitats as well as the strength in environmental variables in 

fitting NEE. 

Altogether, this study explores and establishes the potential roles for phenocam image 

analysis to contribute to characterizing changes in phenology for a diverse range of plant 

communities, and as a measure of biological growth in the context of carbon cycling models. 
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Abstract 

The compounding effect of increased warming and precipitation variability in Arctic 

ecosystems is predicted to increase the rate of permafrost soil thaw, which will subsequently 

impact plant community structure, function, and phenology. The response of these plant 

communities to long-term climate warming and an increased occurrence of acute weather 

anomalies is not well known and is difficult to measure using satellite-based remote sensing 

techniques. Given the high spatial heterogeneity of permafrost peatlands and the accelerated 

growing season of high-latitude regions, near-surface remote sensing techniques have a high 

potential to expand phenological monitoring in these areas. Using tower-mounted digital repeat 

photography with a four-band camera (Red, Green, Blue, Near-Infrared), we measured and 

characterized the differences in aboveground phenology for discrete plant communities along a 

naturally-occurring permafrost thaw gradient from intact palsa, to thawing bog to fully thawed 

fen. Camera-measured Relative Greenness tracked seasonal growth of vegetation and was used 

to identify two key phenological metrics from two seasons of images: 1) seasonal growth periods 

for each distinct habitat, and 2) a flowering extent index for the fen. We measured an earlier 

growing season onset of 7-13 days for habitats in 2016 than in 2015. This lengthened the active 

season for each habitat overall, but had no significant effect on green-up season length. The 

period of flowering for the sedge-dominated habitat was programmatically measured using a 

distinct signal in the Relative Greenness time series, with a camera-based flowering intensity 

metric calculated as a proportion of image pixels containing flower heads. We conclude that the 

use of high-resolution repeat photography can provide valuable insights for improved 

understanding of plant responses to climatic variability and change in subarctic systems. 
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Introduction 

The high-degree of warming predicted for arctic regions will likely have a profound 

effect on ecosystem structure and function, particularly in areas existing near the zero-degree 

isotherm, such as subarctic peatlands, where minor changes in annual temperature can drastically 

alter the coverage of permafrost soils. Seasonal and inter-annual changes to permafrost cause 

variations in soil structure and topography, which can be observed through resultant effects on 

aboveground plant community structure and productivity. The future of subarctic ecosystem 

structure and function is intimately linked with the response of plant communities to the 

compounding effects of soil thawing and increased climate warming and variability. 

Understanding the sensitivities of plant communities to climate variables, as well as the diversity 

in their responses, will provide a framework in which to predict the fate of peat wetlands in 

future climate scenarios. 

One of the most well-documented phenomena regarding plant response to decadal 

climate change is the advancement of spring onset (Schwartz, et al., 2006; Andrews et al., 2011). 

This has been measured using traditional satellite remote sensing techniques as well as emerging 

“Citizen Science” efforts, including Project BudBurst (http://www.budburst.org) and the 

National Phenology Network (http://www. usanpn.org), with each method raising the number of 

phenological observations on a yearly basis. Though each of these methods have their 

shortcomings and challenges, particularly for remote areas that aren’t easily accessible, where 

visitors are unlikely to frequent enough to record a quality number of observations. Additionally, 

satellite data products can become unreliable for a number of reasons, including in attempts to 
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measure a highly heterogeneous landscape, or a landscape with an accelerated growing season 

and phenology, or a location out of the direct path of satellite sensors and with seasonally dense 

cloud cover. A growing intermediate tool for remote sensing work are near-earth camera 

systems, named phenocams, which have been used to characterize many tropical and temperate 

systems (Ahrends, et al., 2008; Richardson, et al., 2010; Sonnentag, et al., 2012). Phenocams are 

useful tools for they enable image acquisition with high spatial and temporal resolution, and 

highly customizable time series extraction using Regions of Interest. The strengths of the 

phenocam system make them ideal candidates for measuring seasonal phenology in arctic 

regions. 

Arctic ecosystems are warming at nearly twice the global rate, which is rapidly increasing 

permafrost soil thaw (IPCC, 2014). As permafrost soils thaw they drastically alter the landscape 

hydrological and geochemical cycling, converting centuries old carbon into greenhouse gases by 

digestion from microbial communities, creating a positive feedback to climate warming 

(Christensen et al., 2004; McCalley et al., 2014). Some of this increased carbon release is 

expected to be compensated for by an increased photosynthetic uptake of plants experiencing 

longer growing seasons, but there is a lot of uncertainty about how diverse plant communities in 

these arctic systems are responding to the combined effects of permafrost soil thaw and 

increasing climate variability (Hobbie & Chapin, 1998; Cooper et al., 2011; Chapin & Shaver, 

2014). The establishment of robust and consistent plant growth monitoring methods that can 

combine with existing and future experimental infrastructure would promote a biology-centered 

approach to understanding predicted changes in ecosystem structure in response to climate 

change. 
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The use of digital repeat photography to monitor plant growth has expanded over recent 

years, but has primarily been focused on temperate and just recently, tropical ecosystems. 

Comparably, subarctic systems provide unique challenges to photographic systems, including 

extreme seasonal changes in solar zenith angle (SZA) and an accelerated growing season when 

compared with equatorial latitudes. These challenges provide an opportunity to deploy 

commonly used phenology-camera, “phenocam”, methods in a novel environment. To ascertain 

the sensitivity of plant communities to climate variability, we set out to characterize the seasonal 

growth patterns of multiple plant communities existing along sequential stages of permafrost 

thaw continuum using camera-derived vegetation indices. 

 

Methods 

Study communities 

The camera system was installed at Stordalen Mire (68°21’ N, 18° 49’ E, altitude 363 m 

above sea level) located 10 km east of Abisko, Sweden. Stordalen is a subarctic mire system with 

discontinuous permafrost comprised of three dominant sub-habitats: Predominantly frozen 

permafrost-palsa mounds supporting smaller woody shrubs (Betula nana) and ericaceous plants, 

variable permafrost sites with a seasonally variable water table depth dominated by Sphagnum 

spp., and sites experiencing full-permafrost thaw during summer seasons dominated by 

Eriophorum angustifolium sedges in deep thaw-ponds, further referenced as ‘palsa’, ‘sphagnum’, 

and ‘eriophorum’, respectfully. These habitats carry distinctly different hydrological and 

geochemical characteristics, making them interesting to study independently. 

Image collection 



16 
 
 
 

We mounted a JAI camera model AD-130GE atop a 5-meter tower overlooking an 

approximate 50m2 region comprised of the three distinct habitats along the permafrost thaw 

continuum. The camera features two one-third-inch (~0.846cm) CCD progressive area scan 

image sensors for simultaneous capturing of visible and near-infrared light, and was aimed 

northward at a 45° angle below the horizon. The camera was programmatically operated using a 

low-power pc to capture images at 5-10 minute intervals between 12:00 and 15:00 hours at 1024 

x 768 pixel output, at sequential exposure steps and fixed white balance in order to capture 

well-lit images in highly variable lighting conditions. Images were stored as minimal 

compression .tiff images as pairs of red-green-blue combined (rgb) and near infrared (nir) 

grayscale images separately. For 2015, imaged dates range from June to Mid-October with 

intermittent data gaps caused by technical issues, and for 2016 imaged dates range from 

mid-April to late-November with only minor intermittent gaps in data. 

Image Processing 

Images were programmatically processed and analyzed in Matlab (R2016b; The 

Mathworks, Natwick, Massachusetts). This involved sequentially importing the images, 

extracting the time and date information from the file name, and selecting ‘regions of interest’ 

(ROIs) inside each image for analysis. Images were selected for further processing by measuring 

the average digital number value for the blue channel of an EVA foam color reference (white 

was used in 2015, gray was used in 2016) and comparing to an acceptable range of digital 

number (DN) values determined as corresponding to well-lit images. Three ROIs were extracted 

in each image, corresponding to the naturally-existing boundaries of the three distinct habitat 

types (Palsa, Sphagnum, and Eriophorum). Each ROI exists approximately on the same 
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horizontal and vertical plane, minimizing the pixel blending effects of viewing landscapes 

different distances (Figure 1). From these ROIs, individual pixel values were extracted and 

averaged for each color channel separately, and one remote sensing index was calculated from 

these average pixel values. Relative Greenness (Equation 1) is employed here to track the 

seasonal trajectory of plant growth across the different habitat types. All Relative Greenness 

values were corrected for seasonal changes in scene illumination using the color reference pixel 

values using Equation 2 and Equation 3. 

Equation 1) Relative Greenness = Green DN / (Red DN + Green DN + Blue DN) 

Equation 2) Correction Factor = Reference Relative Greenness – Annual Mean Reference 

Greenness 

Equation 3) Corrected Relative Greenness = Relative Greenness – Correction Factor 

 Time Series Processing 

 Once the final set of images had been selected, the Relative Greenness values were 

extracted for each image, and organized by day of year (Figure 2). From here, images were 

further excluded if their color reference Greenness value fell outside of +/- 1 standard deviation 

from the seasonal mean. This procedure removed a total of 16% of data points from the final 

time series. The final high-resolution time series was further reduced to daily values using a 90th 

percentile approach, where the 90th percentile Relative Greenness value was selected from the 

pool of all values organized by day. This approach was adapted from Klosterman et al., 2014, 

except daily values were output instead of per-3 day values.  This daily per90 datatable was used 

for all subsequent analyses. 
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TIMESAT Processing 

TIMESAT is a Matlab software package designed to analyze satellite sensor time series 

data (Jönsson and Eklundh 2002; Jönsson and Eklundh 2004;  Eklundh and Jönsson 2015). The 

per90 data series was loaded into TIMESAT to apply an adaptive Savitzky-Golay filter, which 

fits a 2nd degree polynomial function to a programmable window of 2n-1 data points around a 

center point, from which the center point is adjusted to best fit the polynomial. The 

Savitzky-Golay filter was applied to the per90 time series with seven different windows sizes: 

10, 15, 20, 25, 30, 35, 40 days. For each run, the following seasonal transition dates were 

extracted and recorded: Start of season, corresponding to when the filtered curve reached 10% 

total amplitude, end of Green-up season, corresponding to when the filtered curve reached 90% 

amplitude post-maximum, and the end of the Active season, corresponding to when the filtered 

curve reached 10% amplitude post-maximum. 

Each per90 time series was prepared for fitting in TIMESAT by first extending the 

beginning and end of season “background” Greenness values outward to achieve daily values for 

dates beyond the growing season. Pre-season background values are defined as the average of 

per90 values that occurred before any measurable green-up signal. Post-season background 

values are defined as the average of the per90 values that are measured after any further 

noticeable change in green signal. Next, days with missing data within the growing season were 

filled with placeholder values that were ignored by TIMESAT, creating a final time series that 

contained 365 (counting placeholder values) individual Relative Greenness values. Because the 

2015 time series lacked sufficient pre-and-post season background Greenness levels, the 2016 

background Greenness levels were used instead. Placeholder values were used between the 2016 
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season start day of year and the start of camera operation for 2015 as well as between the end of 

season gap to avoid establishing the seasonal start and end dates of 2015 with the phenology of 

2016 (Figure 3). 

Eriophorum Flowering Characterization 

A color thresholding approach was applied to programmatically identify the area 

coverage of Eriophorum angustifoilium flower heads. For each Eriophorum Region of Interest 

extracted during the flowering portion of the year, the maximum color brightness (digital 

number) was measured. For maximum brightness levels above 120/255, the threshold was set at 

0.35 * the maximum brightness measured. All pixels that had digital number values above this 

threshold for each color band were identified as flower heads. The minimum threshold used was 

42/255, which corresponded to 120/255 * 0.35, for any values below this threshold were showed 

to incidentally mislabel regions of backscatter on plant and water material as flower heads. This 

minimum thresholding value was identified through visual inspection. The percent of pixels 

inside the eriophorum ROI identified as flowers is referred to hereafter as intensity. 
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Figure 1. Habitat Regions of Interest. Palsa, Sphagnum, and Eriophorum habitats as outlined by 
naturally occurring boundaries. Photo taken June 22nd, 2016 

  

Figure 2. High-Resolution Relative Greenness time series for 2015 and 2016, colored according 
to habitat type. 
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Figure 3. Visualization of the 2015 time series loaded into TIMESAT, including the pre and 
post-season background Greenness values from 2016.  

 

Results 

Temporal response of Relative Greenness 

 The values for the Palsa habitat are easily distinguishable from the other habitats, which 

is representative of the more heterogeneous land cover of the palsa habitat, which contains bare 

peat, lichen, and smaller leafy plants with a variety of dominant leaf colors. At peak season, the 

post-flowering eriophorum fen and sphagnum bog habitat values approximately converge, while 

their largest differences occur at the start and end of the season. 

 Figure 4 shows a cross-year comparison on a per habitat basis, showing the earlier start 

to the 2016 season, as well as the earlier start to fall senescence for 2016 when compared to 

2015. In the eriophorum  panel, the dip in values between days of year 180 and 215 is due to the 

dominant flowering signal observed by the camera. Because the Relative Greenness of white is 

approximately 0.33, the white flower heads produce a much lower value than the green sedge 
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leaves, decreasing the entire region Greenness signal. The magnitude of noise is consistent 

across habitat types, but is generally high towards the end of the season when lighting conditions 

become consistently darker and more susceptible to cloud cover. 

Time series analysis 

Figure 5 shows an example Savitzky-Golay smoothing output overlaid the per90 

Greenness product for 2016 and 2015. The vertical lines correspond to the seasonal date 

transitions extracted from the curve. Figure 6 visualizes the cumulative results of seasonal date 

transitions from the range of Savitzky-Golay window size outputs. Error bars correspond to +/- 1 

standard deviation in day of year calculated from the values output using the seven different 

window sizes. Overall, in 2016 spring growth began between 13 and 7 days earlier than in 2015. 

By fitting a least squares error line of best fit through the x,y pairs of date of spring onset and 

season length, we were able to determine the relationship between shifts in spring onset with 

corresponding length of season, in days. This earlier spring onset had no apparent effect on 

green-up season length (slope = 0.003, p > 0.05), and a significant effect on active season length 

(slope = 1.08, p > 0.05). Table 1 displays the results visualized in Figure 6. 

Eriophorum Flowering Characterization 

Data coverage for the 2015 time series was not sufficient for the flowering 

characterization analysis, so only the 2016 dataset was used. The dominant flowering period 

began on day of year 182 and proceeded until day of year 215. This is determined by locating the 

date in which the percent of pixels identified as eriophorum flowers reached above and below 

04% for 3 consecutive days. Over this period, the average flowering intensity was 7.91%, with a 

maximum flowering intensity of 12.53% (Table 2). Figure 7 shows the time period included in 
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this analysis, with the Relative Greenness values overlaid on a bar plot showing the daily average 

flowering intensity, as measured using the high resolution Greenness dataseries. 
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Figure 4. Interannual variability in Relative Greenness across habitat types. Top: Palsa, mid: 
Sphagnum, and bottom: Eriophorum habitats 

 

Figure 5. Savitzky-Golay Smoothing curve overlaying daily per90 Greeness values (Window 
size = 20 points). Vertical lines correspond to Start of Season (curve reaching 10% of amplitude, 
green line); end of Green-Up season (post-maximum curve reaching 90% of amplitude, yellow 
line); end of Active season (post-maximum curve reaching 10% of amplitude, red line). 
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Table 1. Results of the Savitzky-Golay procedure 

Habitat Year Season Start Green-up 
Season Length 

Active Season 
Length 

Palsa 2016 145.00 64.71 150.57 

Palsa 2015 157.43 71.43 139.14 

Sphagnum 2016 143.71 93.71 147.14 

Sphagnum 2015 151.00 104.00 145.57 

Eriophorum 2016 149.29 94.14 137.43 

Eriophorum 2015 162.43 89.29 125.57 

  
Figure 6. Relationship between start of season date and season length for both green-up and 
active seasons, colored by habitat and shaped corresponding to year. Black lines connect habitats 
across years, and error bars are +/- 1 standard deviation. Red dashed lines correspond to the slope 
of a least squares fit best fit line for all points in a specific season, indicating the relationship 
between specific season length and a changing seasonal start date. 
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Table 2. Results of the eriophorum flowering characterization analysis. 

Year Start of 
Flowering 
Period 

End of 
Flowering 
Period 

Average 
Flowering 
Intensity 

Maximum 
Flowering 
Intensity 

2016 182 215 7.91% 12.53% 

 

Figure 7. Visualization of the effect of eriophorum flowering intensity (pink bar plot, right axis) 
on Relative Greenness (blue dots, left axis) . 
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Conclusions 

 We analyzed a two-year image series from a subarctic peatland mire to examine how 

traditional methods of phenocam image analysis would characterize the accelerated growing 

season of a high-latitude system. The Relative Greenness per90 product showed the ability to 

differentiate plant community seasonality, particularly when combined with Savitzky-Golay 

smoothing methods. This initial set of results show a direct relationship between advancing 

spring onset and overall length of season with no observed change in length of green-up season. 

Consequently, the communities studied here experienced longer fall senescence periods in 2016 

than in 2015. 

The spatial and temporal extent of flowering for the eriophorum-rich fen habitat was 

characterized using a percentage of pixel area product called intensity. Intensity was used to 

programmatically identify start and end of the dominant flowering period, a method that took 

advantage of the contrasting bright white flower heads against green vegetation and dark water. 

This method opens the door for expanding the application of phenology cameras in circumpolar 

regions dominated with eriophorum species. 

Discussion 

The flexibility of region of interest analysis combined with the robustness against 

changes in illumination effects of the Relative Greenness phenocam product provides a model 

method for tracking canopy to species-level changes over time (Richardson et al., 2008, 

Sonnentag et al., 2012). Considering the range of uncertainty regarding the future of subarctic 
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carbon cycling and plant communities (Borner et al., 2008; Rogers et al., 2011), we suggest the 

recruitment of phenocam systems in new and existing experimental infrastructure in circumpolar 

systems. While not focused on in this study, Relative Greenness is conceptually linked with 

changes in total photosynthetic leaf area, which has been suggested as being a critical variable in 

efforts to measure ecosystem-scale carbon uptake in subarctic systems (Starr et al., 2008). 

The rapid onset of spring growth in subarctic systems provided a unique challenge for 

traditional time-series curve-fitting methods. Employment of sigmoid, logistic, and asymmetric 

Gaussian techniques developed primarily to fit temperate and tropical system seasonality time 

series (Hufkens et al., 2012; Klosterman et al., 2014) proved too rigid to properly describe 

seasonal variations in our Relative Greenness product, particularly the flowering phenology 

signal from the eriophorum fen. The Savitzky-Golay smoothing approach excelled in 

characterizing habitat phenology here by not assuming basic curvature shape beforehand, while 

still allowing for the extraction of seasonal transition dates using traditional methods (Zhang et 

al., 2003). 

The observed change in active season length can be attributed to an extension of the fall 

senescence stage, for the green-up season length did not change across years despite the 

advancement of the green-up season start date. This is an important distinction to make when 

modeling carbon cycling in subarctic Peatlands, for assuming that an advancing spring start date 

translates directly into an extension of the primary green-up period may lead to an 

overestimation of carbon assimilation in these regions. 

Relative Greenness offers a discrete metric for measuring and characterizing the 

phenology of eriophorum angustifolium flowering. The approach used in this study differs from 
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those of other studies (Adamson et al., 2008; Crimmins and Crimmins 2008) by applying the 

color thresholding approach to the true-color scheme of images instead of a hue, saturation and 

intensity approach. The homogeneous white flower heads of eriophorum angustifolium makes an 

ideal system for using the true-color approach. The identification protocol employed here was 

constrained against wrongly categorizing water or leafy green pixels coinciding with high 

backscatter, a routinely occurring effect due to a combination of variable cloud cover, the 

northward facing direction of the camera, and an alignment between the diurnal pattern of Solar 

Zenith Angle and camera angle. This dampened the overall intensity signal by occasionally 

missing some shaded flower heads, but ensured that the final product was a slight 

underestimation of the true flowering signal instead of an overestimation of a combined 

flowering and reflective backscattering signal. The process of adjusting the threshold brightness 

value involved manually inspecting the pixel regions identified as flowers throughout the season 

until the likelihood of misrepresentation was near zero.  

The phenology of flowering in fen communities is one of the most responsive 

phenological events to changes in winter snowfall and temperature (Wipf & Rixen, 2010), 

promoting the deployment of automated and robust methods to characterize such phenology. 

Additionally, these eriophorum-dominated thaw ponds show the highest contribution to overall 

methane release and carbon uptake across habitat types (Christensen et al., 2004; McCalley et 

al., 2014), making them a critical player in carbon cycling models for subarctic Peatlands. 

Measuring the extent of flowering for this habitat may provide a method for constraining 

biomass estimates for subsequent years, as plant flowering represents seasonal recruitment and 

reproduction. 
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The Relative Greenness time series product successfully characterized 

individual-community and overall trends in ecosystem phenology at Stordalen Mire. The high 

spatial and temporal resolution offered by phenocam systems make it a robust method for 

characterizing seasonality in highly heterogeneous habitats, promoting the use of these near-earth 

remote sensing techniques over satellite-based methods. Future and pre-existing scientific 

infrastructure targeted at understanding the fate of subarctic plant communities would benefit 

from camera-based phenology metrics, which offer a reliable method of characterizing distinct 

community-scale phenology. 
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Linking a camera-based phenology index to Net Ecosystem Exchange in a subarctic Peatland 
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Abstract 

Changes in subarctic ecosystem carbon cycling are difficult to predict given the high 

diversity of plant functional types with unique responses to the expected increases in warming 

and climate variability. Effective methods of monitoring subarctic habitat carbon cycling include 

plot-level sampling methods that maximize the characterization of discrete habitats, but these 

methods alone are ineffective at scaling to ecosystem-scale Net Ecosystem Exchange (NEE) 

approximations. This study explores using near-earth monitoring phenology cameras to 

incorporate a biological metric into statistical NEE models. Using two season of sub-daily 

plot-level NEE data with ensemble environmental variables and a daily camera-derived Relative 

Greenness product for three dominant habitats in a subarctic peatland, we utilize least square 

regressions to explain interannual variability in NEE at increasing time scales. We found that the 

environmental variables Photosynthetically Active Radiation (PAR), Ground and Air 

Temperature, and Precipitation increased in explanative power at longer time scales (from R2 = 

0.60 at sub-daily to R2 = 0.92 at monthly averages), while Relative Greenness alone also 

increased in explanatory power at longer time scales (from R2 = 0.05 at sub-daily to R2 = 0.77 at 

monthly averages) but was less explanative than environmental variables for two out of the three 

habitats. A forced interactions model between PAR and Relative Greenness consistently 

underperformed both the environmental and Greenness models, suggesting strong non-PAR 

environmental limitations on NEE for these habitats.  We conclude that an ensemble of 

environmental variables provide the strongest explanatory power in interannual NEE models, but 

that Relative Greenness provides the potential for biological inclusion in future models. 
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Introduction 

One of the largest uncertainties regarding the fate of arctic ecosystems in the face of 

unprecedented warming is changes to the carbon cycling of these ecosystems. Variability in 

winter snowfall, days above freezing point, and an overall warming of the spring season are all 

expected to increase over the next century, in response to which plant communities are expected 

to change in composition, change their overall productivity rates and change their rates of 

respiration, among other things (Chapin et al., 1996; Desai, 2010; Deng, et al., 2014). Eddy 

covariance systems have become the gold standard for measuring cumulative NEE over wide 

ranges of land, but require large-scale infrastructure and also lack the ability to confidently 

attribute measured fluxes to specific plant communities in heterogeneous landscapes (Baldocchi, 

2003; Doughty & Goulden, 2008). On the other hand, plot-level flux measurements through 

collars or automated chambers provide the specificity required to confidently characterize carbon 

cycling for distinct plant communities, but lack an effect scaling means without the employment 

of remote sensing tools (Johansson et al., 2006). These remote sensing tools typically include 

satellite sensors, which compromise spatial resolution and result in high-uncertainty when 

scaling plot-level fluxes across wide areas, or airborne flyovers which often lack the 

cost-effective means of high temporal resolution (Xie, Sha & Yu 2008). 

A growing field of remote sensing reaching into this middle ground is the deployment of 

consumer-grade cameras, known as phenocams, which automatically acquire images during 

daytime hours throughout the year. Phenocams offer a cost-effective means of capturing seasonal 

plant growth and phenology in vegetation indices that have been linked to temperate and tropical 

canopy-level carbon fluxes (Richardson, et al., 2007). The ability of these systems to isolate 
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distinct plant communities within the camera field of view produces the same level of specificity 

as plot-level flux measurements while also enabling wider-area imaging and analysis. The 

products of phenocam analysis are an indirect representation of the timing and magnitude of 

plant growth, either focused on green photosynthetic biomass or general standing biomass, which 

is conceptually linked to the magnitude and variability of the photosynthetic uptake by the plants 

that are imaged. 

Photosynthesis is a process intimately linked with abiotic variables, including available 

radiation, temperature, and available moisture. While measuring net CO2 fluxes over an area, 

much of the observed variance can be explained using these variables and others to represent 

heterotrophic respiration (Hutyra et al., 2007). What is beginning to be explored is how 

camera-based vegetation indices work with these environmental controls to model 

ecosystem-scale carbon fluxes (Wu et al., 2016). The next step in these vegetation-index carbon 

flux models is the automated detection and differentiation of plant communities that 

simultaneously leads to the partitioning of their magnitudes in carbon flux. This automatic 

differentiation between plant communities is important for highly heterogeneous regions which 

are comprised of discrete habitats that each express different magnitudes of Net Ecosystem 

Productivity. 

One such region of high heterogeneity in Net Ecosystem Productivity that is also 

experiencing significant impacts of climate warming are subarctic peatlands. Predominantly 

composed of three-five distinct habitats based on plant community and hydrological conditions, 

these peatlands have strong feedbacks to global carbon cycling processes due to the large amount 

of carbon stored in permafrost soils (Chapin, 2000 ; Christensen et al., 2004; Tarnocai et al., 
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2009). As permafrost soil thaw progresses, more of this trapped carbon is accessible to microbial 

metabolization into CO2 and CH4. Alongside this change in greenhouse gas emission is a drastic 

change in plant community structure, bringing alongside changes in dominant plant functional 

types and magnitudes of Net Ecosystem Productivity (Malmer et al., 2005). Establishing the 

ability to apply near-earth remote sensing instruments to model the diversity of NEP in these 

peatlands will provide ecosystem-scale carbon cycling estimates with the precision and 

resolution of plot-level measurements. 

This study explores the use of a camera-measured biological metric, known as Relative 

Greenness, to model plot-level Net Ecosystem Exchange across three dominant habitats in a 

subarctic peatland system. Relative Greenness is most responsive to changes in green plant 

biomass. We expect that the daily and subdaily variability in NEE will be best explained using 

environmental parameters, but that at longer time scales environmental variability is superseded 

by biological variation, and measured metrics centered on plant biology will be the more 

explanative modeling variable. 

 

Methods  

Study communities 

The camera system was installed at Stordalen Mire (68°21’ N, 18° 49’ E, altitude 363 m 

above sea level) located 10 km east of Abisko, Sweden. Stordalen is a subarctic mire system with 

discontinuous permafrost comprised of three dominant sub-habitats: Predominantly frozen 

permafrost-palsa mounds supporting smaller woody shrubs (Betula nana) and ericaceous plants, 

variable permafrost sites with a seasonally variable water table depth dominated by Sphagnum 
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spp., and sites experiencing full-permafrost thaw during summer seasons dominated by 

Eriophorum angustifolium sedges in deep thaw-ponds, further referenced as ‘palsa’, ‘sphagnum’, 

and ‘eriophorum’, respectfully. These habitats carry distinctly different hydrological and 

geochemical characteristics, making them interesting to study independently. 

CO2 Flux and Environmental Measurements 

Instantaneous CO2 fluxes were measured using an automated sampling system that has 

been described in previous literature (Goulden and Crill, 1997;  Bubier et al., 2003). Nine 

transparent square chambers with dimensions 38cm x  38cm with variable height between 25cm 

and 45cm were inserted into the ground at a depth of 5-10cm in March 2001. These chambers are 

routinely closed for 5 minute intervals, where air samples are taken and moved through a 

Greenhouse Gas Analyzer (Los Gatos Research, Inc., San Jose, CA) , and then directed back into 

the chambers. Net uptake of CO2 was calculated using the 2.5 minute period during chamber 

closure that produced the steepest slope between headspace mixing ratio and time. For an efflux 

of CO2 to the atmosphere, the most linear portion (highest R2) of the headspace mixing ratio 

over time curve was used to determine the flux. Eight curves in total were made during the 2.5 

minute interval corresponding to 15 second sampling times. The same processes were used for 

CO2 uptake, except the the steepest decreasing slope was selected. There existed a total of three 

chambers corresponding to each of the designated habitat types. For this study, the subdaily 

datatables used the cleaned fux products from each chamber separately, and all subsequent 

coarser datatables averaged the fluxes from each chamber together according to window size. 

A Weatherhawk Series 500 weather station (Model 510, Weatherhawk, 185 West 1800 

North. Logan, UT), collected cumulative 10 minute totals for precipitation, and 10 minute 
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averages for air temperature, humidity, and incoming solar radiation which were averaged into 

30 minute aggregates, which were further averaged into daily values (Weatherhawk data 

measured at the ICOS Sweden station Abisko-Stordalen (Crill & Friborg, 2016)). Precipitation 

was measured using a stainless steel piezometric surface which collected individual raindrops, 

with the acoustic signature of these raindrops processed in real-time to provide a volume. The air 

temperature sensor is a capacitive ceramic sensor, while solar radiation is measured via a silicon 

pyranometer which limits the spectral exposure to 300-1100nm wavelength range. Each 

automatic sampling chamber recorded an averaged soil temperature at 5cm depth using a type-T 

thermocouple, an averaged air temperature inside the chamber using a similar type-T 

thermocouple, and an instantaneous PAR using the same model as in the Weatherhawk averaged 

over the sampling interval, which were all correspondingly logged and recorded using a 

Datalogger (CR10X Campbell Scientific Inc., Utah, USA). For the subdaily datatables, 

environmental variables PAR, Air Temperature, and Ground Temperature measured from the 

chamber instruments were combined with daily-resolution precipitation values measured from 

the Weatherhawk. For all datatables longer than subdaily, Air Temperature, incoming radiation 

and precipitation from the Weatherhawk were combined with daily-averaged Ground 

Temperature measured from the chamber instruments. Weatherhawk data was used over 

individual chamber environmental data when possible in order to minimize the sensor noise 

introduced from aggregating data from multiple chambers. 

Camera-Derived Vegetation Index 

A Relative Greenness product, corresponding to the average Green digital number 

divided by average total digital number for a region corresponding to each habitat type, was 
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collected throughout the 2015 and 2016 growing seasons nearby, but not in direct view of, the 

automated chamber instruments (Garnello et al., 2017, in prep).  The habitats regions outlined in 

the imagery correspond to the micro-habitats measured by each automated chamber through 

similar plant community structures, hydrological characteristics such as water table depth and 

PH, and topography. The Relative Greenness product is constructed from sub-daily values using 

a daily 90th percentile approach and a final full-time series smoothing using Savitzky-Golay 

smoothing which produces a daily value time series. In order to fit sub-daily gas flux time series, 

the daily Greenness product was used for all sub-daily gas flux pairs. 

For 2015 the final datatable dates from June 13th to November 7th with intermittent data 

gaps due to issues with the camera data, while the 2016 datatable ranges from July 8th to 

November 15th, with minor intermittent data gaps (Figure 1) 

Regression Models 

The sub-daily datatable was averaged into daily, 3x-daily, 5x-daily, 7x-daily, 14x-daily, 

and 28x-daily datatables using both years of flux, environmental, and camera data. These data 

tables were used in linear regression models built using the Matlab function stepwiselm to find 

the best suite of variables to model NEE. Variables were entered into the model in stepwise 

fashion, and kept in the model only if the change in sum of squared error for the model yielded 

an F-score that was significant to a p value of 0.05. All interactions between variables were 

allowed. This process was repeated twice for each time series; once with all environmental 

variables including Relative Greenness, and again without the inclusion of Relative Greenness. 

Next, we built linear models that forced the interaction between Relative Greenness and PAR to 

fit NEE, but also parameterized the model to only include interaction terms if the change in sum 
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of squared error in the model yielded an F-score that was significant to a p value of 0.05. This 

means that a full model could have resulted in an equation such as NEE = a + b*PAR + 

c*Greenness + d*PAR*Greenness, with each term being tested for significant fit. Lastly, a linear 

regression was fit using only Relative Greenness. After each model run, the coefficient of 

determination (R2) of the final model was recorded and used to score each model. 

 

Figure 1. Daily-Averaged Net Ecosystem Productivity (stars) values from Automated Chamber 
System with Relative Greenness (solid line), 2015-2016. 
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Results 

Linear Modeling of NEE 

The environmental variables Photosynthetically Active Radiation, ground temperature, 

air temperature, and precipitation, were strongly correlated to the measured Net Ecosystem 

Exchange at multiple time scales (Figure 2). These variables were able to explain more of the 

variance in NEE as the size of the time window increased. The contribution to R2 added by 

Relative Greenness is consistently lower than the R2 established by the environmental variables, 

and this relationship was weakly correlated with an increasing window size. The forced 

interactions NEE model showed minor fluctuations in the amount of explained NEE variance at 

different time windows for the Sphagnum and Eriophorum habitats, but the Palsa habitat showed 

an increasing level of NEE variance explained as time window increased. The ability for 

Relative Greenness singularly to model NEE was positively correlated with window size, 

minimizing at R2 = 0.0473 for Palsa at a sub-daily scale, and maximizing at R2 = 0.7749 for the 

Sphagnum habitat at 14x-daily and 28x-daily window sizes. The Palsa habitat was the only 

habitat where the environmental model was outperformed by another model (Figure 3). 
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Figure 2. Visualization of the R2 from all statistical models. Top: model built with all available 
environmental variables, orange tops correspond to the R2 contributed with the addition of 
Relative Greenness. Middle: Forced Interactions Model. Bottom: Model constructed using only 
Relative Greenness 
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Figure 3. Summary of Model R2s for each habitat

 

Conclusions 

The Forced Interactions model consistently underperformed for all habitat types outside 

of the sub-daily window and did not demonstrate a clear trend with changing window size.

Relative Greenness did show an increased capacity for explaining interannual variability in NEE 

with increasing time windows, which does support our expectation. However, the environmental 

model also showed a correlation with window size, and was consistently the highest performing 

model at each time scale outside of the Palsa habitat. The environmental model yielded the 
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highest R2 for each habitat, with 0.77 for Palsa at a 14-day window, and 0.92 for both Sphagnum 

and Eriophorum at 28-day windows. The addition of Relative Greenness to the environmental 

model yielded only minor unique explainable variance. The Forced Interactions Model explained 

less variance in NEE than both the full and Relative Greenness models, suggesting that NEE is 

limited by multiple environmental factors outside of PAR.  

 

Discussion 

The results of the statistical modeling suggest that for plot-level Net Ecosystem Exchange 

modeling in subarctic peatland systems, significant environmental variables to measure include 

PAR, air and ground temperature, and precipitation. Relative Greenness showed the most 

significant contribution to NEE modeling for the Palsa habitat, which may be attributable to the 

Palsa habitat not having a dominant soil water component. With both the Sphagnum and 

Eriophorum habitats, soil moisture level and temperature both play significant roles in 

determining the soil respiration component of Net Ecosystem Exchange (Sulman, et al., 2010). 

Because camera-measured indices are not sensitive to changes in soil water temperature and are 

only mildly sensitive to changes in soil water magnitude, there exists a significant signal within 

NEE that the camera system is incapable of reacting to in the Sphagnum and Eriophorum 

habitats. 

The Forced Interactions model was an exploration of Relative Greenness being defined as 

a measure of Photosynthetic Capacity, with the theoretical units of umolCO2m-2s-1 under ideal 

PAR conditions (Wu et al., 2016). Under this definition, the interaction between Relative 

Greenness and PAR would provide Gross Photosynthetic Productivity (GPP) without 
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considering other environmental limitations (such as water or temperature). With this procedure, 

we see that the Palsa habitat NEE is the most responsive to changes in time scale, with a positive 

correlation corresponding to a more significant relationship between the model parameters as 

more environmental variability is averaged out. This suggests that the GPP component of NEE is 

the least reliant on non-PAR environmental limiters in this habitat. We see the opposite trend for 

the Sphagnum habitat (and a lack of a clear trend for the Eriophorum habitat), where both 

habitats are more intimately linked with the dynamics of the water table (Johansson et al., 2006). 

Overall, this model explained less of the variance in NEE than Relative Greenness alone for all 

non-subdaily time scales, suggesting that the interaction between PAR and Relative Greenness is 

confounded by other signals significantly in these habitats. 

Because Relative Greenness is a cumulative measure of green vegetation area, we 

expected a stronger capability to model NEE at longer timescales. This is because Relative 

Greenness changes on a scale of days (peak seasonal growth rate) to weeks (pre/post season 

growth rates), whereas chamber measured NEE can vary across seconds if lighting conditions 

suddenly change. The vegetation index included in this study is purposefully resilient to these 

types of instantaneous changes in abiotic environment. This approach has demonstrated the 

dependability on modeling time scale that biological vs environmental parameters have on 

significantly modeling NEE (Wu et al., 2016).  

While this study included only Relative Greenness as a measure of plant biology, there 

exists more information extractable from digital images that can provide different aspects of 

plant and canopy structure and function, including the Normalized Difference Vegetation Index 

(NDVI), and an image texture-component that could theoretically provide a link to Leaf Area 
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Index. While each of these components were out of the scope of this Thesis, their approaches are 

on the horizon and these initial results showing the capability for Relative Greenness to model 

NEE suggest that the employment of NDVI and texture analysis will also yield interesting 

results. 
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