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ABSTRACT 

MAPPING SHRUB BIOMASS, LEAF AREA INDEX AND RAINFALL INTERCEPTION 

CAPACITIES IN THE ARCTIC TUNDRA USING L-BAND SAR 

Qianyu Chang                                                                         Advisor: 

University of Guelph, 2020                                                    Dr. Aaron Berg 

                                                                                        Committee member: 

                                                                                        Dr. Ben DeVries 

 

Regional-scale estimation of the shrub canopy cover in the Arctic tundra is essential to 

quantify their ecological and hydrological roles, especially with the recent shrub expansion driven 

by climate change. Synthetic-Aperture Radar (SAR) data have been shown sensitive to vegetation 

canopy characteristics, thereby providing an accurate and cost-effective tool to quantify shrub 

canopy cover and monitor its dynamics in the Arctic tundra. This study evaluated the sensitivity 

of L-band Advanced Land Observing Satellite 2 (ALOS-2) data to the in-situ aboveground 

biomass and Leaf Area Index (LAI) of dwarf birch and alder in the Trail Valley Creek watershed, 

Northwest Territories. Of the examined backscatter parameters, σ°HV /σ°VV showed strong 

sensitivity to both LAI (R2
 = 0.72) and biomass (R2

 = 0.63) of dwarf birch, while no strong link was 

observed between the alder canopy and ALOS-2 signatures. An ALOS-2 based map of birch canopy 

expressed by biomass and LAI was established at the watershed scale. The LAI map was fed into the 

Gash analytical model to estimate rainfall interception by birch canopy, an important but under-studied 

component of summer water balances in the Arctic tundra. Results suggest that on average across the 

watershed, 16.6 ± 3.2 % of incoming rainfall was intercepted by dwarf birch. 
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Chapter 1. Introduction 

1.1 Background 

The Arctic is undergoing rapid and complex landscape changes with the continuously 

warming climate and increasing disturbance. Surface air temperatures in the Arctic have warmed 

at a rate almost twice of the global rate in recent decades, a trend that is projected to further 

accelerate in the future (McBean et al. 2005, Alley et al. 2007). This observed warming trend 

substantially changes the Arctic by inducing permafrost degradation, shifting vegetation 

composition, changing snow cover patterns, and changing hydrological regimes (Myers-Smith et 

al., 2011a). In the Arctic tundra ecosystem, shrub expansion is one of the major consequences of 

climate change and has been widely documented by both in-situ observations and satellite-derived 

vegetation indices. This expansion impacts many aspects of the Arctic tundra, including soil 

carbon storage, nutrient cycling, vegetation composition, and hydrological balances (Forbes et al., 

2001; Fraser et al., 2014). In winter, the shrub canopy plays a key role in snow accumulation 

patterns (Sturm et al., 2005) and snow melting processes (Wilcox et al., 2019). In summer, the 

shrub canopy modifies water balances by rainfall interception (Zwieback et al., 2019). As the 

incident rainfall that is intercepted by canopy eventually evaporates back into the atmosphere, 

interception reduces the effective rainfall and runoff (Ward and Robinson, 2000). Studies in sub-

tropical and arid shrublands suggest that interception is a key component of water balances, as 

shrubs intercepts up to 30% of incident rainfall (Carlyle-Moses, 2004; Návar et al., 1999; Zhang 

et al., 2015). Plot scale study in Arctic tundra watershed also found that 15 – 30 % of incoming 

rainfall is intercepted by the dominating dwarf shrub canopy (Zwieback et al., 2019).  With the 
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expanding shrub cover and extended growth season across the Arctic, interception is expected to 

further increase (Bintanja & Andry, 2017; Myers-Smith et al., 2020a). 

To accurately depict the summer water balances and monitor its dynamics with the changing 

shrub cover, a watershed- or regional scale estimation of rainfall interception is necessary. Due to 

the inaccessibility of the Arctic tundra and the high spatial heterogeneity in shrub canopy, it is 

challenging to collect enough in-situ data on shrub canopy and interception for spatial upscaling. 

An accurate and cost-effective tool to estimate the shrub coverage and interception is therefore 

necessary. 

The potentials of Synthetic Aperture Radar (SAR) data in estimating vegetation canopies at 

broad spatial scale and fine resolution have been broadly demonstrated in forests, crop fields, and 

shrublands (Duguay et al., 2015; Lopez-Sanchez et al., 2012; Rauste, 2005; Yu & Saatchi, 2016). 

SAR is shown to be sensitive to the biomass and leaf area index (LAI) of vegetation canopy, which 

are two of the most important biophysical characteristics as they directly measure plant 

productivity and control their interactions with the environment. Leaf area index (LAI) is defined 

as the total one-sided leaf area per unit area of ground (Englhart et al., 2011), and directly controls 

the interception capacity of vegetation canopy (Vegas Galdos et al., 2012). In this research, we 

evaluated the potentials of SAR data in mapping shrub biomass and LAI in the Arctic tundra 

environment, and attempted to provide a watershed-scale estimation on rainfall interception by 

integrating SAR-data into interception modelling. 
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1.2 Research objectives 

This research aims to provide a quantified understanding on current shrub canopy coverage 

and their roles in summer water balances through rainfall interception, utilizing the remotely 

sensed SAR dataset. This research goal is addressed by the following specific objectives: 

1. Examine the sensitivities of L-band SAR backscatter signatures to biophysical 

characteristics of shrub species in the Arctic tundra, specifically LAI and fresh 

aboveground biomass; 

2. Establish a watershed-scale SAR-derived map of shrub canopy coverage, represented 

by LAI and biomass; 

3. Modelling the rainfall interception by dwarf birch canopy at watershed scale using 

Gash analytical model and SAR-derived parameters 

1.3 Thesis outline 

This thesis is structured into four chapters, with Chapter 2 addressing the Objectives 1 and 

2 and Chapter 3 addressing the Objective 3. In Chapter 2, the introduction, study area and methods, 

the research findings along with discussion, and the conclusion is presented in a manuscript style. 

Chapter 3 follows the similar structure of Chapter 2, including the introduction, study method, 

results and discussion related to the rainfall interception modelling study. Finally, Chapter 4 

provides an overall summary of the thesis, along with potential recommendations for future 

research addressing remote sensing-based shrub canopy mapping and interception modelling. 
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Chapter 2. Mapping shrub biomass and Leaf Area Index (LAI) using ALOS-2 

across an Arctic tundra watershed 

Abstract 

Regional-scale quantified estimation on shrub canopy cover in the Arctic tundra is important to 

monitor its dynamics and understand the implications of the ongoing shrub expansion. In this study, 

we explored the potential of full-polarized L-band SAR data in estimating and mapping tundra 

shrub cover represented by biomass and LAI. Various parameters derived from an ALOS-2 image 

was compared to in-situ biomass and LAI of dwarf birch and alder collected within the Trail Valley 

Creek watershed, Northwest Territories. Of the examined parameters, σ°HV /σ°VV showed the 

highest sensitivity to both biomass (R2
 = 0.62) and LAI (R2

 = 0.73) of dwarf birch, suggesting its 

potential for dwarf birch mapping at broad spatial scale. In comparison, limited strength of relationship 

between ALOS-2 signatures and alder canopy was observed (R2 < 0.1). Estimation maps of birch 

biomass and LAI across the watershed were produced based on their linear regression functions with 

σ°HV /σ°VV. These results demonstrate the potentials of L-band SAR as a cost-effective tool for 

mapping and monitoring shrub cover across the Arctic tundra at high spatial and temporal resolutions, 

although some limitations exist. 

2.1 Introduction 

With a rapidly changing climate and increasing disturbance, widespread expansion of 

shrub cover has been documented in circumpolar Arctic tundra (Lantz et al., 2013; Myers-Smith 

et al., 2011b). In the western Canadian Arctic, 85% of the land surface has experienced a greening 

trend as reflected by the Normalized Difference Vegetation Index (NDVI), while the tall shrub 

cover has increased by 15% since 1972 (Fraser et al., 2014; Lantz et al., 2013). This expansion of 



 

 

5 

 

shrub cover has important implications on a wide range of ecological and hydrological processes, 

including snow accumulation and melting, summer water balances, carbon cycling and storage, 

nutrient cycling, and wildlife species composition (Wallace & Baltzer, 2020; Wilcox et al., 2019; 

Wrona, 2016). In addition, increasing shrub cover induces positive feedbacks on the climate by 

reducing the surface albedo and increasing atmospheric moisture content through 

evapotranspiration (Bonfils et al., 2012; Sturm et al., 2005). Quantified fine-resolution estimations 

of tundra shrub canopy at the regional scale is therefore critical to understand and predict the 

consequences of shrub expansion under a rapidly changing climate. Two common parameters that 

can be used to directly quantify plant canopy include the aboveground biomass and Leaf Area 

Index (LAI), defined as the total one-sided leaf area per unit area of ground (Englhart et al., 2011). 

Aboveground biomass of shrubs is a direct measure of the net ecosystem productivity and controls 

the carbon exchange between shrubs and the environments, whereas LAI measures the capacity of 

leaf-related processes such as photosynthesis and rainfall interception. 

However, quantifying and monitoring the shrub cover over broad scale with traditional 

field sampling method can be challenging in the Arctic. Firstly, as much of the Arctic tundra area 

remains inaccessible, field data collection, especially repeated measurements for shrub change 

monitoring, is expensive and labour-intensive (Laidler & Treitz, 2003). In addition, the rate and 

pattern of shrub expansion display regional differences across the Arctic tundra, as they are 

controlled by the high spatial heterogeneity in shrub species composition, permafrost distribution, 

and climate conditions (Laidler & Treitz, 2003; Stow et al., 2004). Regional estimations based on 

the sparse field observation therefore yields low accuracy. With the increasing availability of high-
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resolution satellite imagery, many researchers have studied the Arctic tundra shrub cover using 

proxies for vegetation cover based on optical imagery, most commonly NDVI and EVI (Epstein 

et al., 2012; Laidler & Treitz, 2003; Räsänen et al., 2019; Raynolds et al., 2012). While these proxy 

estimates provide valuable information, NDVI does not always correlate well to shrub 

aboveground biomass or LAI, especially as NDVI reaches the saturation point at approximately 

0.8 (Myers-Smith et al., 2020a; Raynolds & Walker, 2016). NDVI is a direct measure of plant 

“greenness” instead of the canopy cover, and is also found sensitive to surface water and soil 

moisture, potentially confounding the shrub cover evaluation (Raynolds & Walker, 2016). In 

addition, many optical sensors have coarse spatial resolution (e.g. 8 km resolution of AVHRR 

GIMMS3g, 250 m resolution of MODIS) or temporal resolution (e.g. Landsat as limited by the 

frequent cloud cover and rainfall in Arctic summer), thus offering limited information on how the 

observed trends are being expressed on the ground  (Raynolds et al., 2012). 

Synthetic Aperture Radar (SAR) collects data regardless of weather or illumination 

conditions, and is not limited by cloud cover or rainfall during the Arctic summer (Canisius et al., 

2018a; Duguay et al., 2015; Liu et al., 2013). The high spatial and temporal resolutions of selected 

sensors (e.g. ALOS-2, RADARSAT-2, PolSAR) are also able to capture the spatial heterogeneity 

of shrub cover and its dynamics at fine scales. The abilities of C- and L-band SAR data to retrieve 

plant canopy information, especially biomass and LAI, have been widely demonstrated in 

croplands and forests (Canisius et al., 2018a; Englhart et al., 2011; Steele-Dunne et al., 2017). 

However, similar studies in the Arctic tundra areas are still lacking and existing studies mostly 

focus on shrub height retrieval (Bartsch et al., 2020; Duguay et al., 2015). While information on 
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shrub height is important for studies such as shrub snow protrusion (Bartsch et al., 2020; Wilcox 

et al., 2019), it does not directly reflect the density of shrub canopies. 

In this study, we evaluated the sensitivity of the L-band ALOS-2 PALSAR data to shrub 

biomass and LAI in the Arctic tundra environment. Various polarimetric parameters derived from 

the ALOS-2 image were examined, and the best predictor(s) for biomass and LAI were selected 

to establish a shrub cover map of the study area. 

2.2 Methodology 

2.2.1 Study Area  

This study was conducted at the Trail Valley Creek (TVC) research basin, approximately 

80 km south of the Beaufort Sea and immediately east of the Mackenzie delta in the Northwest 

Territories, Canada (68°45’N, 133°31W, Fig 2.1a). The basin drains an area of 63 km2 and is 

dominated by gently rolling hills and some deeply incised river valleys (CCRN 2019). Located at 

the northern edge of the boreal forest-tundra transition zone, the landscape is dominated by open 

tundra that is characterized by sparse lichen, bryophytes, graminoids, and occasional birch (Betula 

nana) (Zwieback & Berg, 2019). Shrub patches are predominately found on moister hillslopes and 

valley bottoms, with dominant species of birch (Betula nana) and alder (Alnus viridis) (Fig 2.1b, 

2.1c). Individual birches are 20 – 60 cm tall and usually form interlocked patches with a high shoot 

density and leaf area index (Zwieback et al. 2019). Although the density and height can vary both 

within and across patches as a result of the hummocky microtopography. In contrast to birch, alders 

reach 1 – 2 m in both height and diameter with its multiple stems. Individual alders within a patch 

are clearly separated from each other, with the gaps filled with birch, lichen, and graminoids (Lantz 



 

 

8 

 

et al., 2013). In addition to birch and alder, small patches of willow-dominated (Salix spp.) shrubs 

are also found along river channels and in disturbed areas. 

The climate of the study region is characterized by short summers and long cold winters, 

with mean annual temperature of about -10 C° (ECCC, 2020). Mean annual precipitation is  

266 mm, with about 35% (~100 mm) falling as rain during the short summer and 65% as snow 

mostly from October to May. 

 

  

Figure 2.1. a). Map of the TVC watershed and sampling plots; b). photo of a typical birch patch and c). 

photo of a typical alder patch in the watershed 

a). 

b). c). 
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2.2.2 Measurement of shrub characteristics 

In-situ measurements were focused on birch and alder patches during summer 2018 and 

2019 to compare with the acquired L-band ALOS-2 SAR image. We sampled 32 plots of birch 

(from both birch patches and open tundra) and 32 plots of alder over two summers, capturing a 

wide range of plant densities and growth conditions (Figure 2.1). Each sample plot was placed at 

least 150 m apart to minimize spatial autocorrelation and to ensure that they are separated by 

adequate number of pixels in the ALOS-2 image (pixel spacing = 5.1 m). Sample plot design for 

birch and alder varied slightly due to their different growth forms. For birch, each sample plot was 

60  20 m with five 2 × 2 m sub-samples, each spaced 5 m apart along the long axis of the sample 

plot. Within each sub-sample plot, we estimated the leaf area index (LAI) using a LiCor-2200 

Canopy Analyzer (Li-Cor, Inc., USA) and measured the average height with five replicates. All 

LAI measurements were corrected for radiation scattering using FV2200 software (Li-Cor, Inc., 

USA) and the average LAI of each sample plot was computed. 

Over the sample plots in 2019, we additionally measured the fresh aboveground biomass 

(herein referred to as biomass) of birch by placing a 0.5 × 0.5 m sampling quadrat in the centre of 

each sub-sample plot and harvesting all birch stems from the top of the moss layer. Their fresh 

weight, height, stem number and diameter were measured in-field using a digital scale and tape 

measure. Given that no biomass measurements were collected for the 16 plots in 2018, we 

performed a multiple imputation with LAI and height as predictors, using the Multivariate 

Imputation by Chained Equations (mice) Package in R (van Buuren & Groothuis-Oudshoorn, 

2011). Missing biomass values for each plot were imputed for 50 repetitions using a Bayesian 
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linear regression method (Rubin, 1987). Each set of imputed biomasses was then combined with 

measured biomass in 2019 to be correlated with selected polarimetric parameters of the ALOS-2 

image (described in Section 2.2.3). Estimated coefficients from each regression were then pooled 

into a single set of estimates and were used to compute other diagnostic statistics, such as the 

multiple R2, for this pooled regression model (Rubin, 1987; van Buuren, 2000). 

For alders, each sample plot contained a circle of 25 m radius. We randomly selected five 

individuals within each plot and recorded their LAI, height, and canopy size, following the same 

protocol for birch sampling. In addition, the average distance between neighbouring alder 

individual and the number of individuals within each sample plot were recorded as a measure of 

plant density. No alder biomass was estimated due to the difficulties in harvesting alder individuals. 

2.2.3 ALOS-2 image & processing 

One Single Look Complex (SLC) ALOS-2 image of the study area acquired on July 20th, 

2018 was used for this analysis (incidence angle = 36.5°,  = 0.24m). This image was fully 

polarized (HH, HV, VH, and VV) with a swath of 50 km and resolution of 5.1 m x 4.3 m (Range 

x Azimuth). The image was processed in SNAP 6.0 (Sentinel Application Platform) with 

radiometric calibration to derive the radar backscattering coefficients (σ°), followed by 

multilooking with a 3 × 5 window to convert the image from slant range to ground range. A 

Refined Lee filter with a 5 × 5 window was then applied to reduce the speckle noise (Lee & Pottier, 

2009). Finally, the image was geocoded with the aid of a 10-m resolution ArcticDEM Mosaic 

(Polar Geospatial Center, University of Minnesota) and re-projected to UTM Zone 8 N. Pixel 

spacing of the final geocoded image was 8.5 m.  
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To assess the sensitivity of ALOS-2 backscatter to shrub LAI and biomass, various 

parameters were extracted from the SAR image. Firstly, the backscatter coefficients of all four 

polarizations were extracted, namely σ°HH, σ°HV, σ°VH, and σ°VV. For ALOS-2, σ°HV and σ°VH are 

equivalent and used interchangeably. These coefficients were used to retrieve various commonly 

used ratio indices known to be sensitive to vegetation biophysical characteristics, including 

σ°HH/σ°VV, σ°HH/σ°HV, as well as the Radar Vegetation Index (RVI), calculated as (Duguay et al., 

2015): 

                                                     𝑅𝑉𝐼 =
8𝜎𝐻𝑉

∘

𝜎𝐻𝐻
∘ +𝜎𝑉𝑉

∘ +2𝜎𝐻𝑉
∘                                                                 (1) 

Additional parameters were also extracted and examined from two widely used 

polarimetric decomposition methods, the Freeman-Durden and the Cloude-Pottier decomposition. 

The Freeman-Durden method decomposes the covariance matrix and represents each pixel’s 

backscatter intensity as three components, namely the surface (Ps), double-bounce (Pd), and 

volumetric (Pv) backscatter (Freeman & Durden, 1998). A Freeman Ratio was extracted from the 

decomposed Freeman-Durden components, calculated by:  

                                                          𝐹𝑟𝑒𝑒𝑚𝑎𝑛𝑅𝑎𝑡𝑖𝑜 =
𝑃𝑣

𝑃𝑣+𝑃𝑠
,                                                     (2) 

The Cloude-Pottier decomposition is a Eigenvector-Eigenvalue based method that produces 

various indexes, among which the alpha angle and beta angle were examined for sensitivity 

analysis as they have been shown sensitive to crop canopies (Canisius et al., 2018a; Cloude & 

Pettier, 1996). 



 

 

12 

 

The mean value of each parameter was then calculated for each of the birch or alder plots 

using QGIS, followed by a simple linear regression between each parameter and in-situ plot-

average LAI or biomass. To evaluate the sensitivity of each parameter, the Coefficient of 

determination (R2) and Root-Mean-Square-Error (RMSE) were calculated for each regression. 

2.2.4 Sentinel-2 image & processing 

A cloud-free level-1C Sentinel-2 image collected on August 29th, 2018 was used for land 

classification of the study site, as the spectral differences of the dominant vegetation (birch, alder 

and willow) is maximized in late August, ensuring the best possible performance of the 

classification. After the image was atmospherically corrected using SNAP Sen2Cor (Louis et al., 

2016; Schläpfer et al., 1998), a Maximal Likelihood classifier was applied to classify the TVC 

basin into seven categories: birch, alder, open tundra/sparse birch, riparian area, lakes, ice-wedge 

polygons, and road. The training dataset came from the ground-recorded land covers near the TVC 

Research Station and along the Inuvik-Tuk Highway corridor.  

2.3 Results and discussion 

2.3.1 Shrub characteristics 

Average LAI of each birch plot varied between 0.32 – 2.19 (mean ± SD = 1.17 ± 0.57) in 

2018 and 0.15 – 1.75 (mean = 1.04 ± 0.42) in 2019, representing a wide range of densities from 

open tundra with very sparse birch cover to dense birch patches. Correspondingly, average height 

of birch plots ranged between 17 – 61 cm (mean = 41 ± 15.9 cm) in 2018 and 19 – 62 cm (mean = 

37 ± 10.2 cm) in 2019. No significant variation in average LAI or height of birch patches was 

detected between 2018 and 2019. As the major shrub species in open tundra, birch contributes 
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most of the leaf area index and biomass to open tundra patches. We therefore combined our LAI 

and biomass analyses for open tundra and denser birch patches in the following steps. 

Mean aboveground fresh biomass of all 2019 birch plots was 0.67 ± 0.07 kg/m2 (n = 16), 

ranging between 0.96 – 1.13 kg/m2. Biomass was strongly correlated with both LAI (R2 = 0.81) 

and height (R2= 0.80) across varying birch densities (Fig 2.2). With the strong correlation, the 

multiple Bayesian imputation using LAI and height as predictors yielded satisfactory estimations 

of 2018 birch biomass – where multiple linear regression coefficients between imputed biomass 

and LAI and height were comparable to that of in-situ biomass (Table 2.1). 

 

Figure 2.2. One-to-one linear regression and R2 between in-situ biomass and LAI & height of 2019 birch 

plots 

 

Table 2.1. Comparison of multiple linear model coefficients using in-situ vs. in-situ and imputed biomass 

data combined 

Biomass input Intercept  
(Standard Error) 

Coefficient for LAI 
(SE) 

Coefficient for Height 
(SE) 

In-situ -0.19 (0.09) 0.35 (0.10) 0.01 (0.004) 

In-situ & imputed -0.18 (0.10) 0.36 (0.11) 0.01 (0.005) 

R² = 0.81, p = 2.3e-06
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For alders, the average LAI varied between 1.32 – 2.40 (mean = 1.81 ± 0.31) in 2018 and 

0.79 – 1.49 (mean = 1.20 ± 0.17) in 2019. Average alder LAI in 2018 was significantly higher than 

that in 2019 (p < 0.001 in student t-test), most likely because sampling in 2018 took place during 

alder’s peak season in June to early August, while sampling in 2019 was conducted during mid- 

to late August. In contrast to LAI, neither average height nor the canopy area of alders showed 

significant inter-annual variation (p > 0.5). Overall, the average height of alder plots ranged 

between 0.67 – 1.28 m (mean = 0.92 ± 0.14 m), and the average canopy area ranged between 0.76 

– 1.99 m2 (mean = 1.31 ± 0.44 m2). 

2.3.2 Polarimetric parameter sensitivity to birch & open tundra 

Among all ALOS-2 parameters, the ratio index of σ°HV/σ°VV showed the strongest sensitivity 

to in-situ birch LAI (R2 = 0.72) (Table 2.2). RVI and Freeman ratio derived from the Freeman 

decomposition also showed an R2 of 0.66 and 0.61 with LAI, respectively. In comparison, only 

moderate relationships were revealed between other parameters and birch LAI (R2 <= 0.5). 

Therefore, the σ°HV/σ°VV index was selected as the predictor for birch LAI and a linear regression 

model was established for further LAI mapping (Fig 2.3). 

Table 2.2. R2 coefficients and RMSE between ALOS-2 parameters and in-situ birch LAI 

 2018 & 2019 2018 only 

Parameter R2 RMSE Slope Intercept R2 RMSE Slope Intercept 

σ°HV/σ°VV 0.72 0.25 12.66 -0.99 0.85 0.19 13.91 -1.18 

RVI 0.66 0.27 4.04 -1.24 0.82 0.21 4.70 -1.60 

Freeman Ratio 0.61 0.30 -19.59 11.05 0.78 0.25 -22.39 12.56 

σ°HV 0.52 0.34 319.40 -1.74 0.75 0.28 468.44 -3.19 

σ°HV/σ°HH 0.51 0.32 8.83 -0.46 0.63 0.31 10.18 -0.68 

σ°VV 0.39 0.35 -42.90 3.46 0.59 0.32 -56.21 4.37 

Alpha 0.39 0.37 0.08 -1.32 0.49 0.37 0.10 -1.64 

Beta 0.46 0.35 0.03 0.26 0.47 0.39 0.03 0.34 
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Figure 2.3. Linear regression of in-situ LAI and predicted LAI using ALOS-2 σ°HV/σ°VV as predictor. 

Linear regression is indicated by the solid line, with 95% confidence interval represented by the grey area. 

In general, there was an overestimation of LAI by σ°HV/σ°VV when the birch is relatively 

sparse (in-situ LAI < 1), and a slight underestimation when the birch is dense (in-situ LAI > 1) 

(Fig 2.3). Within patches of sparse birch stands, incoming microwave radiation can have a greater 

interaction with the underlying substrate consisting of varying moisture and roughness levels. This 

increased interaction may contribute to the backscatter intensity, therefore leading to a potential 

overestimation of LAI. The uncertainties associated with in-situ LAI measurements should also be 

considered, where canopy heterogeneity and illumination conditions can both affect the accuracy 

of the LAI instrument, especially for short canopies like birch (Garrigues et al., 2008). 

When the ALOS-2 signatures were compared to LAI of only 2018 samples, the R2 

coefficients increased notably for all the examined parameters (Table 2.2). R2 between in-situ LAI 

and the two best predictors, σ°HV/σ°VV and RVI, increased to 0.85 and 0.82, respectively. This 
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difference in the strength of regression may be mostly due to intra-season variations. LAI in 2018 

was sampled during the peak growth season and was closer to the ALOS-2 image acquisition date 

(20 July 2018), while the sampling in 2019 took place in late August when some birch leaves were 

starting to fall off. 

Regression between ALOS-2 signatures and birch biomass were also examined, by 

combining the in-situ biomass of 2019 and multiple-imputed biomass of 2018. A 95% confidence 

interval of R2 was estimated for each pair of regression due to the uncertainty resulted from 

imputation. Relative sensitivity of each ALOS-2 parameter to biomass displayed similar trends as 

they are to LAI, with σ°HV/σ°VV showing the strongest sensitivity to biomass (R2 = 0.61, 95% CI = 

0.33 – 0.80). R2 for RVI and Freeman ratio are 0.55 (0.28 – 0.77) and 0.48 (0.18 – 0.72), 

respectively (Table 2.3).  

Table 2.3. R2 coefficients with 95% Confidence Interval for the linear regression between ALOS-2 

parameters and birch biomass (in-situ and imputed) 

Parameter R2 95% CI Slope Intercept 

σ°HV/σ°VV 0.62 0.36 – 0.80 8.18 -0.66 

RVI 0.55  0.29 – 0.77 2.68 -0.86 

Freeman Ratio 0.49  0.18 – 0.72 -12.43 7.00 

σ°HV 0.43  0.14 – 0.68 202.52 -1.09 

σ°HV/σ°HH 0.45  0.16 – 0.69 5.82 -0.33 

σ°VV 0.38  0.10 – 0.64 -32.80 2.50 

Alpha 0.32  0.06 – 0.60 0.05 -0.90 

Beta 0.28 0.04 – 0.58 0.02 0.25 
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Figure 2.4. One-to-one linear relationship between imputed & in-situ birch biomass and a). σ°HV/σ°VV and 

b). RVI (blue dots = in-situ measured biomass, 2019, red dots = imputed biomass, 2018, black line = 

linear regression function) 

The high R2 obtained in this study between ALOS-2 and shrub biomass and LAI suggests 

that shrub canopy cover can be predicted reasonably well using L-band SAR. Previous studies 

have demonstrated that the cross-polarized backscatter signatures (σ°HV or σ°VH) are more sensitive 

to plant canopy structures than col-polarized signatures (σ°HH or σ°VV) at both C- and L-band 

frequencies (Duguay et al., 2015; Liu et al., 2013; Yu & Saatchi, 2016), which is in agreement 

with our findings (Table 2.2 and 2.3). On the basis of σ°HV, the radio index of σ°HV/σ°VV normalizes 

the confounding effects on backscatter signatures due to the variations in surface roughness and 

soil moisture (Canisius et al., 2018b; Liu et al., 2013). In addition, the interlocked and short birch 

canopy with highly branched individuals result in a highly random distribution of the plant tissue 

and its orientation. This randomness produces high volumetric scattering that can be captured by 

both the RVI and the Freeman decomposition (Canisius et al., 2018b; Freeman & Durden, 1998), 

hence the high sensitivity of RVI and Freeman ratio to both birch biomass and LAI (Table 2.2 and 

a). b). 
b). 



 

 

18 

 

2.3). The potentials of L-band SAR data for estimating plant cover remain unexplored in the Arctic 

tundra ecosystem, but have been widely examined in various forest systems. In forests, the 

relationship between L-band SAR and forest aboveground biomass is usually exponential, as the 

σ°HV  starts to reach saturation at approximately 100 Mg/ha (Englhart et al., 2011; Lucas et al., 

2007; Yu & Saatchi, 2016). Biomass in the Arctic tundra is well below this saturation level, 

therefore the linear relationship observed in this study may better capture the relationship between 

σ°HV/σ°VV and biomass at this sparse canopy level. 

2.3.3 Polarimetric parameter sensitivity to alder canopy 

In contrast to their strong sensitivities to birch canopies, relationships between ALOS-2 

indices and alders’ biophysical characteristics were mostly weak (Table 2.4). The highest 

sensitivity to alder LAI was found in the alpha angle from Cloude-Pottier decomposition, but with 

an R2 of only 0.1. When the ALOS-2 parameters were compared with only 2018 plots’ LAI, R2 

increased notably for all the parameters. The highest sensitivity was observed between σ°HV/σ°HH 

and LAI (R2 = 0.22), but still significantly weaker than the sensitivity for birch canopies. Linear 

regressions with other biophysical characteristics of alder were also examined, including their 

height, canopy area, canopy volume, and plant density, but the R2 coefficient for all of the ALOS-

2 indices were less than 0.1. 
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Table 2.4. R2 coefficients and RMSE between ALOS-2 parameters and in-situ alder LAI 

 2018 & 2019  2018 only  
Parameter R2 RMSE R2 RMSE 

σ°HV/σ°VV 0.03 0.35 0.12 0.24 

RVI 0.04 0.35 0.16 0.23 

Freeman Ratio 0.01 0.36 0.11 0.25 

σ°HV 0.03 0.36 0.07 0.26 

σ°HV/σ°HH 0.06 0.35 0.22 0.23 

σ°VV 0.05 0.35 0.13 0.24 

Alpha 0.08 0.34 0.13 0.24 

Beta 0.01 0.36 0.04 0.26 

 

This significant difference between the sensitivity of ALOS-2 to birch and alder may be 

attributed to their different spatial distribution patterns. The interlocked birch stands and limited 

presence of other species in birch patches result in relatively homogeneous canopy covers. In 

contrast, alders grow in individual stands with open gaps filled with other dwarf shrubs, lichens, 

mosses and grasses. High spatial heterogeneity and the wide range sizes of alder individuals make 

it difficult to accurately sample the canopy coverage conditions within an alder patch. Bias in 

selecting alder samples and difficulties in up-scaling the sampled data across the sample plot may 

contributed significantly to the spatial variation of LAI, leading to weak correlation between in-

situ sample points and the polarimetric parameters. In addition, sources of ground backscatter in 

alder patches are much more complex than that of birch patches, due to the various under-canopy 

species. Each species has different phenological signatures and their height and density vary 

significantly across different alder patches, largely affected by the micro-topography and soil 

conditions. Whereas in birch patches, majority of the backscatter comes from birch stems and 

leaves, especially in dense birch patches where little under-canopy growth occurs. 
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2.3.4 Mapping shrub biomass and LAI 

The land cover classification based on Sentinel-2 image showed the dominance of birch 

species across the TVC watershed (Fig 2.5). Open tundra is the dominant land cover and occupies 

approximately 40% of the watershed., in which birch is the only shrub species. In addition, 20% 

of the watershed is covered by birch patches, compared to approximately 5% of alder patches.  

 

Figure 2.5. Classification of TVC watershed based on Sentinel-2 image 

Due to the poor performance of ALOS-2 signatures in estimating alder canopy and the 

limited area that alder occupies, the alder patches were ruled out from the shrub mapping. The 

biomass and LAI of birch patches and open tundra were both mapped using c as the predictor. For 

each ALOS-2 pixel classified as birch or open tundra, the LAI was estimated using the linear 

transfer function of 
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                                         𝐿𝐴𝐼 = 12.668
𝜎𝐻𝑉
0

𝜎𝑉𝑉
0 − 0.993                                                       (3) 

derived in Section 2.3.2 (Figure 2.3), while the biomass was estimated using 

                                       𝑏𝑖𝑜𝑚𝑎𝑠𝑠(𝑘𝑔 𝑚2⁄ ) = 8.182
𝜎𝐻𝑉
0

𝜎𝑉𝑉
0 − 0.660                                                 (4) 

 

Figure 2.6. Map of a). estimated LAI of birch patches and open tundra of TVC watershed using ALOS-2 

σ°HV/σ°VV as predictor and b). coefficient of variation of the estimated LAI; c). estimated biomass (kg/m2) 

and d). coefficient of variation of the estimated biomass 
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Across the watershed, the biomass and LAI of birch canopy varied between 0 – 1.4 kg/m2 

and 0 – 2.4, respectively (Figure 2.6a, 2.6c). The coefficient of variation associated with biomass 

and LAI measurements indicates the confidence in the estimation accuracy per pixel (Figure 2.6b, 

2.6d). In general, the coefficient of variation was smaller in areas with higher canopy density, 

representing higher estimation confidence, whereas the highest estimation uncertainties were 

found in the areas with sparse birch canopy that dominates the southwest portion of the watershed. 

This distribution suggests that ALOS-2 based estimation performed better in denser birch patches 

than in open tundra. In addition to the more complex backscatters in open tundra, there were also 

fewer sample plots compared to birch patches, potentially resulting in higher estimation 

uncertainties. 

2.4 Conclusion 

With the rapid changing climate and expanding shrub cover across the Arctic tundra shrubs, 

a cost-effective tool that accurately quantifies shrub cover over large spatial scale is needed to 

establish current canopy cover maps and monitor their future changes. Several SAR datasets 

(TerraX, RADARSAR-2, ALOS-2) have been found to be sensitive to plant biophysical 

characteristics in ecosystems such as forests and croplands, offering potential applicability in the 

Arctic tundra environment too. In this study, ALOS-2 derived σ°HV/σ°VV, RVI, and Freeman ratio 

all showed strong sensitivity to the canopy density of dwarf birch (R2 = 0.49 – 0.72). In particular, 

σ°HV/σ°VV provided the most accurate estimations on birch LAI and biomass with R2 of 0.72 and 

0.62, respectively, offering a viable means for shrub cover mapping and monitoring over broad 

spatial scales. Using the linear regression functions between σ°HV/σ°VV and birch LAI and biomass, 
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we established watershed-scale maps of birch canopy. These quantified maps provide important 

baseline inventory for shrub cover across the TVC watershed, and can be used to better understand 

the current roles that shrubs are playing in carbon and water balances. With the help of available 

L-band SAR data, especially the upcoming NISAR mission with high resolution and revisit 

frequency, close monitoring of the shrub cover in a changing climate will be feasible. 
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Chapter 3. Estimating rainfall interception loss by dwarf birch using ALOS-2 

in the Arctic tundra 

Abstract 

Rainfall interception by shrub canopy is a key component of the summer water balances in 

the Arctic tundra ecosystem. Interception reduces the effective rainfall and alters the distribution 

of soil water and chemicals. With the expanding shrub cover and extended summer season driven 

by climate change across the Arctic tundra, rainfall interception by shrubs is also predicted to 

increase. Furthermore, interception exhibits spatial variations as it is controlled by the highly 

heterogenous shrub canopy cover in the tundra. However, a quantified understanding on the 

amount of interception and its spatial distribution across the Arctic tundra is missing. In this study, 

we examined the applicability of SAR data in interception modelling to yield spatially distributed 

interception estimation across the Trail Valley Creek watershed in Northwest Territories.  

ALOS-2 derived maps of canopy storage capacity and fractional cover of dwarf birch were fed 

into the Gash analytical model to capture the spatial heterogeneity of the shrub canopy. 

Comparison between the modelled estimations and in-situ measurements at two field sites resulted 

in a relative error of 4.1% at site A and 0.9% at site B. Across the TVC watershed, 16.6 ± 3.2 % 

of incoming rainfall was intercepted by dwarf birch during the study period of 23 June to 28 August 

2018. These results suggest the potential of utilizing SAR-based shrub canopy products to map the 

interception loss across broad spatial scale, ultimately providing a quantified understanding on 

their roles in the regional water balances. 

3.1 Introduction 

Widespread expansion in shrub cover across the Arctic tundra has been widely documented 
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in recent decades and is expected to accelerate with the rapidly changing climate, especially in 

dwarf shrubs (Lantz et al., 2013; Myers-Smith et al., 2011b, 2020b). This intensification of shrub 

cover and the associated vegetation shifts have the potential to affect a series of hydrological 

processes, including snow cover patterns, rainfall interception, and soil-water dynamics (Wrona, 

2016). While many studies have widely discussed the hydrological implications of expanding 

shrubs in winter through altered snow protrusion and melting schemes (Wallace & Baltzer, 2020; 

Wilcox et al., 2019), the effects on summertime water balance induced by shrub rainfall 

interception and evapotranspiration remain largely unknown (Zwieback et al., 2019). Of the 

summer coupling processes, rainfall interception is of particular importance as it can affect water 

dynamics to a larger degree and is more susceptible to environmental conditions compared to 

evapotranspiration (Karlsson et al., 2015). In addition, the increasing annual rainfall and extended 

shrub growth season that have been documented on certain areas of the Arctic further promote the 

increased rainfall interception lost to tundra shrub canopies (Fraser et al., 2014; Tape et al., 2006). 

Through rainfall interception process, the spatial distribution of water on soil surface, the energy 

balance, and chemical deposition are altered (Alves et al., 2018). As intercepted rainfall evaporates 

back to the atmosphere, the eventual runoff to downstream lakes and rivers are also reduced to 

varying extents depending on the canopy cover densities (Fraser et al., 2014; Tape et al., 2006). 

To fully understand the water balances and to predict the responses of water cycle to 

projected climate and land cover changes, regional interception estimation using meteorological 

and plant biophysical inputs over broad temporal and spatial scales is necessary. The Gash (1995) 

model is one of the most widely used and verified models to estimate rainfall interception. The 

model treats rainfall as a series of discrete events with sufficient canopy drying time in-between. 
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During each event, three stages are distinguished (wetting stage, saturation stage, and drying stage 

after the rain ceases), and the interception loss during each stage is calculated based on a series of 

canopy meteorological factors (Gash et al., 1995; Gash, 1979). However, the Gash model uses 

only one set of parameters derived from field observation, and therefore only yields plot-scale 

estimation and has limited spatial representability as natural vegetation canopy is usually spatially 

heterogeneous with its fraction cover and storage capacity (Cui & Jia, 2014). To account for this 

challenge, a few studies have tested the applicability of satellite-based plant canopy products for 

the Gash model and yielded high estimation accuracy (Cui & Jia, 2014; Hahirwabasenga, 2019; 

Miralles et al., 2010; Nieschulze et al., 2009). By replacing the constant parameters with satellite-

based canopy and rainfall maps, the interception estimation is extended from point-scale to 

regional scale. 

In Chapter 2, the L-band Synthetic Aperture Radar (SAR) ALOS-2 data has been shown 

sensitive to birch leaf area index (LAI) and biomass in the Arctic tundra. Similarly, the fraction of 

canopy cover may also be directly derived from an ALOS-2 image with ground reference 

measurements. While the canopy storage capacity cannot be directly derived from remote sensing 

observations, many studies have shown that it is directly linked to LAI (Sibanda et al., 2019; Vegas 

Galdos et al., 2012; Wang et al., 2012). The ability to estimate these spatially variable canopy 

parameters from SAR images allows the interception loss to be estimated at broad spatial-temporal 

scales with low field cost, which is especially beneficial in the Arctic region with heterogeneous 

canopy cover and limited field access. 
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3.2 Theory of the Gash model 

The Gash (1995) model that is adapted for sparse canopies, based on the original Gash (1979) 

model, treats rainfall as a series of discrete events and attempts to estimate interception loss by 

solving the water mass balance equation analytically (Gash et al., 1995). For each rainfall event, 

three sequential stages are identified: 1) the wetting stage, during which the incident rainfall is 

accumulating on the canopy, 2) the saturation stage, when the canopy reaches saturation and 

remains so until the end of the event, and finally 3) the drying stage, when rainfall ceases and the 

amount of water left on canopy is eventually lost to evaporation (Gash et al., 1995; Gash, 1979). 

The amount of rainfall intercepted by the canopy during each stage is calculated separately based 

on a number of canopy and metrological parameters, including the canopy storage capacity, 

canopy cover fraction, as well as the mean rainfall intensity and mean evaporation rate from wet 

canopy. Similarly, the interception loss from stems is calculated by the stem storage capacity and 

the proportion of rainfall diverted to stemflow.  

3.2.1 Interception loss by canopy 

Rainfall intercepted by canopy during a given event is calculated differently depending on 

whether the gross rainfall exceeds the amount of rainfall necessary to saturate the canopy (PG’), 

which can be calculated as: 

                                                        𝑃𝐺
′ =

−�̅�

�̅�
𝑆 ∙ 𝑙𝑛 (1 −

�̅�

𝑐�̅�
)                                                       (1) 

where �̅� is the mean rainfall intensity when a canopy is saturated, �̅� is the mean evaporation 

rate when canopy is saturated, c is the canopy cover fraction, and S is the canopy storage capacity. 
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For m events that are insufficient to saturate the canopy (𝑃𝐺 < 𝑃𝐺
′ ), the total interception loss 

is calculated as: 

                                                                𝐼𝑐 = 𝑐 ∑ 𝑃𝐺,𝑖
𝑚
𝑖=1                                                                (2) 

For n events that saturate the canopy, the model calculates the interception loss for each of 

the three stages described above using: 

                                                              𝐼𝑤 = 𝑛𝑐(𝑃𝐺
′ − 𝑆𝑐)                                                             (3) 

                                                          𝐼𝑠 =
E̅

�̅�
∑ (𝑃𝐺,𝑗 − 𝑃𝐺

′ )𝑛
𝑗=1                                                          (4) 

                                                                     𝐼𝑎 = 𝑛𝑐𝑆𝑐                                                                   (5) 

where 𝑆𝑐 is the canopy storage capacity per unit canopy area and is defined as S/c. 

The total interception lost to canopy is then calculated by summing up equations (2) – (5): 

                                           𝐼′ = 𝑛𝑐𝑃𝐺
′ + 𝑐∑ 𝑃𝐺,𝑖

𝑚
𝑖=1 +

�̅�

�̅�
∑ (𝑃𝐺,𝑗 − 𝑃𝐺

′ )𝑛
𝑗=1                                      (6) 

3.2.2 Interception loss by stem 

Rainfall intercepted by the stems is mostly diverted to stemflow, which later reaches the 

ground and enters the terrestrial water cycle. However, a small portion of the rainfall on stems also 

evaporates and constitutes the total interception loss. This evaporation from stems is described in 

terms of stem storage capacity (𝑆𝑡), and the proportion of rainfall diverted to stemflow (𝑝𝑡). For q 

events that exceeds 𝑆𝑡 𝑝𝑡⁄ , evaporation from stems is expressed as: 

                                                                    𝐼𝑡 = 𝑞𝑆𝑡                                                                           (7) 
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and for n - q events that does not saturate the stems,  

                                                            𝐼𝑡
, = 𝑝𝑡 ∑ 𝑃𝐺,𝑗

𝑛−𝑞
𝑗=1                                                                    (8) 

Total interception loss from the canopy is then calculated by summing up the interception by 

canopy and by stems. 

3.3 Method 

3.3.1 Study area 

This study was conducted in the Trail Valley Creek (TVC) watershed, located 80 km south 

of the Beaufort Sea and immediately east of the Mackenzie delta in the Northwest Territories, 

Canada (68°45’N, 133°31W). Underlaid by continuous permafrost, the study area has a typical 

Arctic shrub tundra landscape. Approximately 50% of the TVC watershed is covered by open 

shrub, characterized by mosses, lichens, and occasional dwarf birch stands (Zwieback and Berg 

2019). Dwarf birch is the dominant shrub species in the region and covers 20% of the watershed. 

Dominance of the dwarf birch species and their high stands density and leaf area index during 

summer makes them an important source of interception loss. Similar to other circumpolar shrub 

tundra areas, dwarf birch is largely responsible for the widely documented shrub expansion in 

western Canadian Arctic including TVC (Fraser et al., 2014). 

The region’s climate is characterized by short summers and long cold winters. Mean annual 

air temperature is -7.8 °C, with mean minimum and maximum temperatures of -23.7 °C in 

February and 12.7 °C in July, respectively (2001 – 2018) (ECCC, 2020). Mean annual precipitation 
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is 266 mm, with approximately 35% (~100 mm) falling as rain during the short summer and 65% 

as snow mostly from September to May (ECCC, 2020).  

3.3.2 Gross rainfall and rainfall partitioning 

In-situ shrub and rainfall data were collected from two birch sites (2 m  2 m) during 22 

June to 28 August 2018, covering a substantial period of the shrub growth season and when most 

rainfall events occur. Within each site, five automatic tipping-bucket rain gauges (Onset RG3-M, 

Onset Computer Corporation, USA) were instrumented randomly under the birch canopy to 

measure throughfall, while one additional control rain gauge was placed in the nearby shrub-free 

area (< 3 m) to measure gross rainfall (Fig 3.1a). All rain gauges (n = 12) recorded the rainfall at 

half-hour interval with a bucket size of 0.2 mm.  

As the birch stems were too thin for stemflow collectors, the stemflow was estimated 

separately through artificial rainfall experiments. We selected 12 birch individuals of varying sizes 

and inclination angles and applied multiple artificial rain events to each using a nozzle-type rainfall 

simulator in dry conditions (Fig 3.1b). A small plastic bag was attached to the bottom of each 

individual to collect stemflow. Each bag was weighted before and after each simulated event to 

determine the volumetric stem flow. 

The stem storage capacity (St) and rainwater stemflow coefficient (pt) were determined as 

the negative intercept and coefficient of the linear regression between the observed stemflow (mm) 

and the gross rainfall (mm) of each simulated event, respectively (Gash et al. 1995). 
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Figure 3.1. a). Measurement setup for gross rainfall and throughfall under birch canopy with automatic 

rain gauges; b). Measurement setup for birch stemflow with artificial rainfall experiment 

3.3.3 Birch canopy characteristics 

The canopy storage capacity and fractional cover were estimated based on ALOS-2 image. 

Using the LAI map of birch and open tundra established in Chapter 2, canopy storage capacity is 

mapped as in Vegas Galdos et al. (2012) by: 

                                                   𝑆 = 𝑙𝑜𝑔(1 + 𝐿𝐴𝐼)                                                         (9) 

Canopy cover fraction was measured in-situ along with the birch LAI measurements, from 

the same birch transects using LiCor-2200 Canopy Analyzer (Li-Cor, Inc., USA) (sampling map 

and methods outlined in Section 2.2.1). A linear regression between birch FVC and each of the 

processed ALOS-2 parameters was drawn, following methods outlined in Section 2.2. The 

parameter with the highest R2 coefficient was selected as the prediction, and a watershed-scale 

map of canopy cover was established using the linear regression function.  

a). b). 
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3.3.4 Meteorological parameters 

The amount of rain intercepted by a vegetation canopy is controlled by the rate of 

evaporation on the canopy surface during and after the rain event. The mean evaporation rate from 

saturated birch canopy, �̅�, was estimated at daily steps using the FAO Penman-Monteith equation 

by setting the bulk surface resistance and soil heat flux to zero (Cui & Jia, 2014; Monteith, 1965): 

                                                              𝜆𝐸𝑇 =
𝛥𝑅𝑛+𝜌𝑎𝑐𝑝𝐷 𝑟𝑎⁄

𝛥+𝛾
                                                           (10) 

                                                             𝑟𝑎 =
𝑙𝑛(

2−𝑑

𝑧𝑜𝑚
)𝑙𝑛(

2−𝑑

𝑧𝑜ℎ
)

𝑘2𝑢
                                                         (11) 

Where 𝛥 (Pa/K) is the slope of the saturation vapour pressure curve at air temperature, 

𝑅𝑛(𝑊 𝑚⁄ 2) is the net radiation, 𝜌𝑎 is the mean air density at constant pressure, 𝑐𝑝 is the specific 

heat of the air, 𝐷 (Pa) is the vapour pressure deficit of the air, 𝛾(𝑃𝑎 𝐾⁄ ) is the psychrometric 

constant, 𝑟𝑎 is the aerodynamic resistance, ℎ(𝑚) is the crop height, k is the von Karman’s constant 

that equals to 0.41, 𝑢(𝑚 𝑠⁄ ) is the wind speed at 2m above ground surface, d (m) is the zero plane 

displacement height that equals to 0.67ℎ, and 𝑧𝑜𝑚 and 𝑧𝑜ℎ are two roughness length parameters 

that are calculated as 0.12ℎ and 0.01ℎ. 

By setting bulk surface resistance and soil heat flux to zero and mean vegetation height to 

0.4 m (based on in-situ data), equations (1) and (2) were combined and simplified to (Allen et al., 

1998; Cui & Jia, 2014): 

                                                         𝐸𝑇0 =
0.408𝛥𝑅𝑛+𝛾

1500

𝑇+237
𝑢𝐷

𝛥+𝛾
                                                      (12) 
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                                          𝐷 = 0.61(𝑒
17.27𝑇

𝑇+237 − 𝑒
17.27𝑇𝑑𝑒𝑤
𝑇𝑑𝑒𝑤+237)                                                (13) 

where 𝑇and 𝑇𝑑𝑒𝑤  are daily mean temperature and daily dewpoint temperature (℃). 𝑇, 

𝑇𝑑𝑒𝑤 and u were retrieved from the nearby weather station operated by Environment and Climate 

Change Canada, situated 300 m north of the study site (ECCC 2019, Site ID: 220N005). The net 

solar radiation (Rn), unavailable from the weather station, was calculated using the Area Solar 

Radiation function in ArcMap 10.6 (Esri, Inc., USA). Based on a 10-m resolution Digital Elevation 

Model of the TVC basin (ArcticDEM), this function utilizes the hemispherical viewshed algorithm 

developed by Rich et al. (1994) and Fu and Rich (2002) to calculate the solar radiation received 

by each pixel depending on its slope and aspect. A map of evaporation rate was produced 

corresponding to the varying Rn and was resampled to the resolution of the map of the canopy 

storage capacity. 

3.3.5 Modelling the interception across the watershed 

In this study, the Gash model is modified to yield estimation at watershed-level. Instead of 

a single set of parameters, the SAR-derived maps of canopy storage capacity and cover fraction, 

as well the map of evaporation rate were used. Since the study area is relatively small, a constant 

rainfall rate and stem storage capacity were assumed across the watershed. An interception loss 

map was then produced by running the Gash model on each map cell with their corresponding 

values of S, c, �̅� and constant values for �̅� and 𝑆𝑡 𝑝𝑡⁄ . 
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3.4 Results and Discussion 

3.4.1 Rainfall & meteorological parameters 

During the study period of June 22 to August 28, 2018, 23 distinctive rain events were 

recorded with varying rainfall duration (1 – 34 hours) and intensities (0.1 – 1.5 mm/h) (at least  

4 h between events to ensure canopy drying). The gross rainfall at site A and B were 82.6 mm and 

90.4 mm, respectively, suggesting spatial variation even at small scales that are possibly caused 

by wind patterns. �̅� was calculated from events that were greater than 0.5 mm/h (Cui & Jia, 2014) 

and was 0.90 mm/h. �̅�, averaged from days of 𝑅> 0.5 mm/h, varied between 0.15 – 0.17 mm/h 

across the watershed. 

3.4.2 Canopy & stem parameters 

Similar to LAI, signatures of ALOS-2 image showed relatively strong sensitivity to birch 

canopy cover fraction, among which the ratio index of σ°HV/σ°VV was the most sensitive with R2 

of 0.71 (Table 3.1).  

Table 3.1. R2 coefficient and RMSE between ALOS-2 parameters and birch canopy cover fraction 

 2018 & 2019  2018 only  

Parameter R2 RMSE R2 RMSE 

σ°HV/σ°VV 0.63 0.10 0.72 0.10 

RVI 0.60 0.10 0.71 0.10 

Freeman Ratio 0.60 0.10 0.70 0.10 

σ°HV 0.42 0.13 0.63 0.10 

σ°HV/σ°HH 0.46 0.12 0.55 0.11 

σ°VV 0.42 0.12 0.54 0.12 

Alpha 0.35 0.13 0.38 0.14 

Beta 0.39 0.13 0.38 0.14 
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A canopy cover fraction map of the birch patches and open tundra was established following 

the linear regression relationship between c and σ°HV/σ°VV: 

                                              𝑐 = 0.16
𝜎𝐻𝑉
°

𝜎𝑉𝑉
° + 0.74                                                               (13) 

Compared to in-situ measurements, the ALOS-2 maps slightly underestimated the LAI and 

c of both sites, consequently underestimating the S as well. At site A where the S was 0.39 mm 

based on in-situ LAI and c was 0.43, the estimated S was 0.27 mm and c was 0.66. At site B with 

S of 0.31 mm and c of 0.64, the estimated S was 0.23 mm and c was 0.70. 

The stem storage capacity (St) and stemflow coefficient (pt), estimated from artificial rainfall 

events, were 0.01 mm and 0.08, respectively (R2 = 0.44, Fig 3.2). These parameters are comparable 

to similar studies conducted in shrub sites in Mediterranean regions (Llorens & Domingo, 2007) 

and desert (Zhang et al., 2015). No statistically significant difference was found in St and pt 

estimations among different birch stand sizes or rain intensities, therefore, these parameters were 

applied across the watershed. Although the relatively low R2 does suggest other potential sources 

of variation that affect St and pt, such as the inclination angle of the birch stand or the stem-to-leaf 

area ratio. While these variations and errors from measurements are unavoidable, the stem storage 

capacity is much lower compared to that of canopy’s and should not have significant impact on 

the overall performance of the Gash model.   
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Figure 3.2. Linear regression between birch stemflow (mm) and gross rainfall (mm) from artificial rainfall 

experiment 

3.4.3 Model validation 

Comparison of modelled interception loss with the in-situ measurements on event basis 

resulted in an R2 of 0.88 and RMSE of 0.42mm at site A, and an R2 of 0.95 and RMSE of 0.17 

mm at site B (Table 3.2, Fig 3.3).  

Table 3.2. Modelled vs. measured interception and relative error at two field sites 

Site 
Gross Rainfall 

(Pg, mm) 

Modelled Measured Estimation 
Error (%) mm % Pg mm %Pg 

A 82.6 18.9 22.9 22.2 26.9 4.1 

B 90.4 19.4 21.6 18.8 20.7 0.9 

 

At site A where the birch canopy is denser, the model underestimated the proportion of 

rainfall intercepted by 4.1%, whereas the model slightly overestimated the interception by 0.9% at 

R² = 0.44
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the sparser site B. This may suggest that differences in canopy density have a more significant 

control on their interception potentials than the model currently considers. However, considering 

the propagated uncertainties in estimating S, c and �̅�, the model performed relatively well. 

On event scale, the model was most accurate for lighter rainfall, but showed 

underestimation for a few storms, especially at site A (Fig 3.3). Except for the uncertainties in 

parameter estimation, such error may also be caused by increased evaporation rate due to stronger 

wind in storm conditions. 
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Figure 3.3. Modelled (red) and measured (black) interception for each event at a). site A and b). site B in 

2018. 
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3.4.4 Spatial distribution of interception loss by birch canopies 

The map of total interception loss by birch canopy during the study period showed clear 

spatial variation across the TVC watershed (Fig 3.4d). This variation was closely linked to the 

distribution of canopy density expressed by canopy storage capacity and fractional cover (Fig 3.4a, 

3.4b). Spatial variation in the evaporation rate attributed to slope aspect was also observed (Fig 

3.4c). Although the variation was small (0.15 – 0.17 mm/h) and therefore did not significantly 

impact the distribution of interception loss.  

The average interception loss by birch canopy during 23 June to 28 August 2018 was 15.24 

± 2.88 mm (± standard deviation), representing 16.63 ± 3.15 % of the gross rainfall. The highest 

interception loss was found in dense birch patches, which are mostly found along water channels 

and gentle southwest facing slopes. On sparse birch patches and open tundra, the total interception 

loss was also smaller. 

It should be noted though that due to the limited data availability, a constant rainfall rate was 

applied across the watershed. However, as the in-situ data indicated, rainfall amount and intensity 

can vary even on small spatial scales depending on the wind patterns. This potential source of 

variation could negatively impact the estimation accuracy and should be considered when data is 

available.  

  



 

 

40 

 

 

 

Figure 3.4. Spatial distributions of estimated a). birch canopy storage capacity (mm) and b). canopy cover 

fraction across the TVC watershed. c). estimated hourly evaporation rate (mm/h) during saturated canopy 

condition and d). estimated rainfall interception loss (mm) by birch canopy during 23 June to 28 August 

2018. 
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3.4.5 Sensitivity of model parameters 

Of the six parameters used in this model, the mean rainfall intensity was the only parameter 

that was directly observed. The other parameters were obtained indirectly using either empirical 

relationships and/or simulation experiments, therefore errors are unavoidable. To evaluate the 

model responses to these potential estimation errors, a sensitivity analysis was performed on each 

model parameter. The set of parameters used in Site A estimation was taken as the baseline (S = 

0.27 mm, c = 0.45, �̅� = 0.17 mm/h, �̅�  = 0.92 mm/h, St = 0.01 mm and pt = 0.08), and each one 

parameter was changed by ±50% at 10% intervals while keeping the other parameters constant. 

From the sensitivity analysis, �̅� and �̅� had the strongest effect on the modelled interception 

loss (Fig 3.5). In more intense rain events, canopy quickly reaches saturation stage and remains so, 

leaving little time for the canopy to evaporate and re-intercept incoming rainwater, thus limiting 

the total amount of rainfall intercepted (Ward and Robinson 2000). On the other hand, for less 

intense rainfalls, there is sufficient time for the intercepted water to evaporate back into atmosphere, 

allowing more incoming rainfall to be intercepted (Ward and Robinson 2000). The mean 

evaporation rate also has significant impact on the modelled interception loss, because once the 

canopy reaches saturation in an event, the amount of water intercepted thereafter is directly 

controlled by the rate of evaporation on the canopy surface. While changing canopy storage 

capacity and fractional cover also notably affected the simulated interception loss, the stem storage 

capacity and stemflow coefficient had little effect on the model. This is in agreement with other 

studies that evaporation from shrub stems and tree trunks usually constitutes an insignificant part 

of the total interception loss (Zhang et al. 2015; Naver and Bryan 1994). The smaller stem area of 
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dwarf birches compared to other commonly studied shrub species further limits the role of stem 

evaporation in interception losses. 

 

Figure 3.5. Sensitivity analysis of each of the model parameters 

Overall, the model was not overly sensitive to any parameter except for the mean rainfall 

intensity, which can usually be directly observed from meteorological data with low estimation 

error when applying the model. In general, the model showed good robustness and estimation 

accuracy. 

3.5 Conclusion 

Rainfall interception by shrub canopies plays a key role in the summer water balances of 

Arctic tundra ecosystems and is predicted to increase with the expanding shrub cover observed 

across the Arctic tundra. However, a quantified estimation on interception loss by shrubs over 

regional scale is still missing. Traditional modelling methods require intense ground data 
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collection and only yield estimations at plot-scales. Upscaling of plot-scale observations is 

particularly challenging in the Arctic due to the high spatial heterogeneity in shrub canopy density 

and fractional cover, as well as the environmental conditions. In this study we estimated the 

interception potentials of the dominating shrub of dwarf birch across an Arctic tundra watershed 

by combining the Gash interception model and SAR-derived parameters. The canopy storage 

capacity and fraction cover were found to vary between 0 – 0.6 mm and 0 – 0.7 across the 

watershed, although the hourly evaporation rate did not display significant spatial variation and 

had a small range of 0.16 – 0.17 mm/h. Across the watershed, an average of 15.24 ±  2.88 mm of 

incoming rainfall was intercepted by the birch canopy during June 22 to August 28, 2018, 

representing 16.6 ± 3.2 % of the gross rainfall, suggesting the importance of quantifying the rainfall 

interception at watershed scale. Compared to field observations at two birch sites, the modelled 

interception at event level resulted in an R2 of 0.88 and RMSE of 0.42mm at site A, and an R2 of 

0.95 and RMSE of 0.17 mm at site B. The estimation error of the model was 4.1% at site A and 

0.9% at site B. Sensitivity analysis of the model parameters showed that the model was not overly 

sensitive to any parameter except for the mean rainfall rate and evaporation rate. Our results 

suggest that the SAR-integrated Gash model can be used for accurate estimations on regional-scale 

interception without the need for intensive field data collection. 



 

 

44 

 

Chapter 4. Conclusions 

4.1 Summary 

Quantified estimation of the shrub canopy cover across the Arctic tundra provides important 

information to understand their roles in a wide range of ecological and hydrological processes. 

One of such important processes controlled by shrub canopies is the rainfall interception, as it 

reduces effective rainfall and redistributes soil water and chemicals. In-situ study in the Trail 

Valley Creek watershed has suggested that the dominating dwarf birch is capable of intercepting 

15 – 30% of incoming rainfall (Zwieback et al., 2019), consequently affecting the summer water 

balances. However, in-situ data collection is limited by the remoteness of the Arctic area and is 

unable to capture the high spatial heterogeneity of shrub canopy, which directly controls the 

amount of interception. Compared to in-situ or optical data, SAR offers the potential to upscale 

limited ground measurements to broad spatial and temporal scales, while not limited by the 

frequent cloud cover and precipitation in the Arctic environment. 

This thesis used an ALOS-2 image to evaluate the potentials of L-band SAR in studying 

shrub canopy in an Arctic tundra watershed, by exploring 1) its sensitivity to shrub biomass and 

LAI and 2) its applicability in interception modelling. In Chapter 2, various ALOS-2 signatures 

were found to be sensitive to the dominating birch canopy, suggesting its potential for dwarf birch 

mapping at broad spatial scale. In particular, σ°HV /σ°VV showed the highest sensitivity to both biomass 

(R2
 = 0.62) and LAI (R2

 = 0.73) of dwarf birch. In comparison, limited regression was observed 

between ALOS-2 signatures and the alder canopy (R2 < 0.1). Estimation maps of birch biomass and 
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LAI across the watershed were produced based on their linear regression functions with σ°HV /σ°VV. In 

Chapter 3, the birch LAI map, along with rainfall and meteorological parameters, were fed into the 

Gash analytical model to yield spatially distributed interception estimations. Comparison with field 

measured interception data at two birch sites resulted in a relative error of 4.1% at site A (R2 = 0.88) 

and 0.9% at site B (R2 = 0.95). Across the watershed, an average of 16.6 ± 3.2 % of incoming 

rainfall was intercepted by dwarf birch during the study period of 23 June to 28 August 2018, 

indicating the importance of rainfall interception in summer water balances. 

4.2 Future work recommendations 

A few recommendations are proposed for future research based on findings and limitations 

of this study. First of all, the in-situ data collection on shrub biomass, LAI, and rainfall interception 

were limited by the remoteness of the study area. As much of the TVC watershed remains 

inaccessible, the ground data collection was focused on areas accessible by road and the research 

station, and therefore had limited representability of the spatial variation in shrub canopy across 

the watershed. While the Gash analytical model performed well at the two rainfall interception 

sites, its accuracy on the rest of the watershed remained unvalidated. It is recommended for future 

work to cover broader area and more diverse landscapes when collecting ground data, thereby 

capturing more potential sources of spatially distributed variation that may affect the SAR-shrub 

relationships and shrub’s interception capacities. In addition, the shrub canopy mapping in this 

research was limited to a single ALOS-2 image. Future work may benefit from utilizing a time-

series of SAR images instead, as similar studies in agricultural lands have suggested that multi-
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temporal SAR parameters perform better than single image in estimating vegetation crops 

(Canisius et al., 2018a). Time series of SAR data will also be able to capture the temporal variations 

in shrub canopy and its interception capacity, which was not achieved in this research. Finally, 

future research should explore the relationships between SAR parameters and shrub canopy 

through models in addition to the simple linear regression used in this study. Models such as 

multiple linear regression or random forest that utilize multiple variables may be able to further 

improve the sensitivity of SAR parameters to shrub canopy, especially in the alder patches. 
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