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Abstract

Hedgerows and riparian buffers have been promoted for their potential to increase carbon storage
capacity of agricultural landscapes. However, there has been little quantification of this potential.
Using the Lower Fraser Valley of British Columbia as a case study, I contextualized differences
in carbon observed in hedgerows and riparian buffers and compared soil organic carbon (SOC)
across five land use and land cover categories. Three SOC metrics were used to evaluate the
below-ground carbon storage potential of each land use and land cover category. At the
landscape-level I designed remote sensing methods to extract hedgerows and riparian buffers
from 5m resolution RapidEye imagery. I reapplied methods to imagery collected in previous
years to assess recent changes (2009 - 2017) in hedgerow and riparian buffer coverage.
Greater species richness in hedgerows was highly correlated with greater SOC across all metrics.
When measuring SOC using a mass-based approach approximating a 30 cm depth, or 0.4 t m-2 of
soil equivalent, high-diversity hedgerows and woody riparian buffers had greater SOC mass than
managed grasslands. However, no differences were observed between either high-diversity
hedgerows or woody riparian buffers and agricultural production land cover categories when
using a depth-based approach.
Carefully calibrated spectral, textural, and geometric rules developed from high spatial resolution
remotely sensed imagery delineated and classified hedgerows and riparian buffers with a
combined accuracy of 68% (kappa 0.63). In 2017, hedgerows and riparian buffers in the Lower
Fraser Valley totaled 78.0 and 40.6 km2, respectively. Change detection was less accurate (kappa
iii

0.35), estimating increases in combined hedgerow and riparian buffer coverage from 2009 to
2017 by 72.7 % relative to the 2009 coverage and 2.3 % relative to the study area. Adequate
broad scale hedgerow and riparian buffer maps, despite difficulties in temporal change detection,
are a critical first step towards modelling carbon storage potential at a regional level.
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Lay Summary

The value hedgerows and riparian buffers add to agricultural areas is becoming easier to measure
as carbon sequestration goals are further integrated into landscape planning. This research
focuses on carbon storage added to agricultural landscapes through hedgerows and riparian
buffers in the Lower Fraser Valley of British Columbia, Canada. This area is characterized by
diverse farming with interspersed areas of tree cover. The results of this research suggest carbon
storage on agricultural land can be increased by planting or protecting hedgerows and riparian
buffers in crop field margins. Mapping techniques detailed in this study also provide hedgerow
and riparian buffer carbon storage estimates for the whole Lower Fraser Valley. The findings
from this study will inform provincial programs protecting and monitoring hedgerows and
riparian buffers.
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submitted for publication upon the acceptance of the thesis. It will have Sidd Paul, Dieter
Geesing, and Dr. Sean Smukler as co-authors.

vii

Table of Contents
Abstract ......................................................................................................................................... iii
Lay Summary .................................................................................................................................v
Preface ........................................................................................................................................... vi
Table of Contents ....................................................................................................................... viii
List of Tables ................................................................................................................................ xi
List of Figures ............................................................................................................................. xiii
List of Abbreviations ................................................................................................................. xvi
Acknowledgements ................................................................................................................... xvii
Dedication ................................................................................................................................... xix
Chapter 1: Introduction ................................................................................................................1
1.1

General Background ....................................................................................................... 1

1.2

Carbon Storage in Hedgerows and Riparian Buffers ...................................................... 3

1.3

Supporting Landscape Planning ..................................................................................... 6

1.4

Study Site ........................................................................................................................ 8

1.4.1 Hypotheses for Carbon Storage Potential in Hedgerows and Riparian Buffers ......... 9
1.4.2 Hypotheses for Remote Detection of Hedgerows and Riparian Buffers .................. 11
1.5

Research Objectives and Questions .............................................................................. 12

Chapter 2: Field level assessment of characteristics linked to hedgerow and riparian buffer
carbon storage potential using mass- and depth-based approaches .......................................13
2.1

Introduction ................................................................................................................... 13

2.2

Materials and Methods .................................................................................................. 17

2.2.1 Study Sites ................................................................................................................ 17
viii

2.2.2 Plot Delineation ........................................................................................................ 18
2.2.3 Tree and Shrub Biomass Carbon .............................................................................. 19
2.2.4 Above-ground Biodiversity ...................................................................................... 20
2.2.5 Soil Properties ........................................................................................................... 21
2.2.6 Statistical Analysis .................................................................................................... 23
2.3

Results ........................................................................................................................... 24

2.3.1 Hedgerow and Riparian Buffer Carbon .................................................................... 24
2.3.2 Hedgerow and Riparian Buffer Characteristics Linked to Carbon Storage .............. 26
2.3.3 Soil Organic Carbon Compared to Agricultural Fields ............................................ 28
2.3.4 Changes in SOC from 2013 to 2018 ......................................................................... 31
2.4

Discussion ..................................................................................................................... 33

2.4.1 Considerations for Hedgerow and Riparian Buffer Carbon Storage ........................ 33
2.4.2 Carbon Metrics Differ on Non-Production vs. Production Area SOC ..................... 35
2.4.3 Variation in Carbon Storage Change Across Metrics and Plots ............................... 36
2.5

Conclusion .................................................................................................................... 38

Chapter 3: Landscape level hedgerow and riparian buffer carbon storage evaluation using
rule-based feature extraction ......................................................................................................40
3.1

Introduction ................................................................................................................... 40

3.2

Methods......................................................................................................................... 48

3.2.1 Study Area ................................................................................................................ 48
3.2.2 Image Preparation ..................................................................................................... 48
3.2.3 Image Clipping.......................................................................................................... 51
3.2.4 Feature Extraction and Classification ....................................................................... 51
3.2.5 Temporal Changes .................................................................................................... 52
ix

3.2.6 Accuracy Assessment ............................................................................................... 53
3.3

Results ........................................................................................................................... 57

3.3.1 Comparing Accuracy of Full and Clipped Extent Approaches ................................ 57
3.3.2 Coverage and Carbon Storage in 2017 ..................................................................... 60
3.3.3 Changes in Riparian Buffer and Hedgerow Coverage and Carbon Storage ............. 63
3.3.4 Change Detection Accuracy ..................................................................................... 64
3.4

Discussion ..................................................................................................................... 68

3.4.1 Comparing Coverage Achieved by the Clipped and the Full Extent Approaches .... 68
3.4.2 Challenges to Accurately Detecting Changes in Coverage ...................................... 71
3.5

Conclusion .................................................................................................................... 75

Chapter 4: Conclusion .................................................................................................................76
4.1

Summary of Results ...................................................................................................... 76

4.1.1 Hedgerow and Riparian Buffer Carbon Storage ....................................................... 76
4.1.2 Soil Organic Carbon Measurement Techniques ....................................................... 77
4.1.3 Remote Detection of Hedgerows and Riparian Buffers Using Geometric Rules ..... 78
4.2

Strengths and Contribution of Research ....................................................................... 79

4.3

Limitations and Future Work ........................................................................................ 80

4.4

Implications for Provincial Policies .............................................................................. 81

References .....................................................................................................................................83
Appendices ..................................................................................................................................100
Appendix A ............................................................................................................................. 100

x

List of Tables
Table 2.1 Rules used to identify hedgerow and riparian buffer sites............................................ 18
Table 2.2 Summary values for sampled hedgerows and woody riparian buffers. AGC refers to
above-ground carbon and BGC represents cumulative depth-based carbon stocks from 0 - 100
cm. ................................................................................................................................................. 24
Table 2.3 Matrix of Spearman’s rank correlation values indicating the strength of relationships
between above- and below-ground C and structural and compositional parameters for sampled
hedgerows and woody riparian buffers. Soil width measures the distance between edges defined
by land cover change (i.e. grass, crop field, exposed soil, asphalt). Canopy width measures the
distance between edges defined by the canopy dripline. Woody vegetation density represents the
quantity of trees and shrubs in a given plot. Significance indicated by . (<0.10), * (<0.05), **
(<0.01), and ***(<0.001). ............................................................................................................. 27
Table 2.4 Land use and land cover (LULC) categories used to categorize data for statistical
analysis. LULC categories were further identified as production (P) or non-production (NP). ... 28
Table 2.5 Analysis of variance (F and P) values of the effect of land use and land cover (LULC)
categories on SOC % (g C g-1 soil), bulk density (g cm-3), depth-based carbon stocks (t C ha-1)
and mass-based carbon stocks (kg C). Significant p-values (P < 0.05) are emboldened. ............ 29
Table 3.1 RapidEye image tiles ordered by date. ......................................................................... 51
Table 3.2 Confusion matrices for full and clipped extent feature classification of hedgerows,
riparian buffers, and other using land use and land cover. Classification utilized RapidEye
imagery collected in 2017. ............................................................................................................ 57
xi

Table 3.33 Shape and position accuracy metrics for the hedgerow and riparian buffer predictions
from the full extent (left) and the clipped extent (right) using equations adapted from Lizarazo
(2014). ........................................................................................................................................... 58
Table 3.4 Confusion matrices for land cover change of three classes: hedgerow, riparian buffer,
and other. Changes are calculated for 3 date comparisons: 2009 to 2014, 2014 to 2017 and 2009
to 2017. ......................................................................................................................................... 65

xii

List of Figures

Figure 1.1. Map of the study area comprised of the agricultural land reserve areas of the Greater
Vancouver and Fraser Valley regional districts located in the southwest corner of British
Columbia, CA (right). ..................................................................................................................... 9
Figure 2.1 Plots sampled throughout the agricultural land reserve in the Lower Fraser Valley
region of British Columbia. .......................................................................................................... 17
Figure 2.2 Sampling diagrams for agricultural fields (left), hedgerows and riparian buffers
neighboring agricultural fields (middle) and riparian buffers amidst larger forested areas (right).
Left and right sampling layouts modeled after the Land Degradation Surveillance Framework
(Vågen et al., 2010; Vågen and Winowiecki, 2013). .................................................................... 19
Figure 2.3 Boxplots showing the upper (75 percentile), lower (25 percentile) median (bars) and
mean (diamonds) of four soil measurements: (a) SOC % at four depths (0-15, 15-30, 30-60, and
60-100 cm), (b) bulk density at four depths (0-15, 15-30, 30-60, and 60-100 cm), (c) depth based
carbon stocks at four depths (0-15, 15-30, 30-60, and 60-100 cm), and (d) mass-based carbon
stocks for two equivalent soil masses (0.4 and 1.2 t m-2). Soil measurements were collected in
five land use and land cover (LULC) categories: woody riparian buffers (WRB, n = 10), highdiversity hedgerows (HDH, n = 9), low-diversity hedgerows (LDH, n = 6), managed grassland
(MGL, n = 11), and annual cropland (ACL, n = 25). Letters inside boxplots (a, b, and c) indicate
results comparing LULC categories at individual depths and equivalent soil masses using
Tukey’s HSD post hoc test on the model results described in Table 2.5. Categories with
significant differences (P < 0.05) do not share any letters (i.e. ab and c, or a and b). The absence
xiii

of letters indicates LULC category was not significant in the linear mixed effects model for a
specific depth or equivalent soil mass. ......................................................................................... 30
Figure 2.4 Boxplots showing the upper (75 percentile), lower (25 percentile), median (bars) and
mean (diamonds) of the percent delta (change in) soil organic carbon (dSOC) from 2013 to 2018
for three carbon metrics: concentration refers to SOC % averaged for 0-30 cm, depth-based
refers to carbon stocks (t C ha-1) totaled for 0-30 cm, and mass-based refers to carbon stocks (kg
C) in 0.4 t m-2 of soil equivalent. Different letters indicate significant differences (P < 0.05). ... 32
Figure 3.1 The feature extraction and feature classification processes. The feature extraction
process diverges based on the mapping extent used. The full extent mask represents the full study
area, while the clipped extent mask represents field boundaries and riparian zones within the
study area. The feature classification steps are the same for both full and clipped extent feature
extraction outputs. ......................................................................................................................... 50
Figure 3.2 The validation process utilized a set of points and polygons to compare full and
clipped extent approach results. Additional points were added to the validation set to assess the
accuracy of hedgerow and riparian buffer loss, persistence and gain detection. .......................... 55
Figure 3.3 Close ups of two examples of validation areas (a) at progressive stages of image
analysis: (b) image masking used for the full (upper) and clipped (lower) analysis approaches; (c)
image segmentation used in feature extraction; and (d) feature classification. Imagery shown in
(b) and (c) was collected by the RapidEye sensor in 2017. .......................................................... 56
Figure 3.5 Raster histograms of hedgerow and riparian buffer density in 1 km by 1 km grid cells.
....................................................................................................................................................... 59

xiv

Figure 3.6 Boxplots showing the upper (75 percentile), lower (25 percentile) median (bars) and
mean (diamonds) of (a) hedgerow density and (b) riparian buffer density using the clipped extent
approach (left) and the full extent approach (right). Densities expressed as percent coverage of
1km by 1km pixels and grouped by consolidated census subdivisions. ....................................... 62
Figure 3.7 Hedgerow (above) and riparian buffer (below) density in 2017 expressed as percent
coverage on a 1 km by 1 km grid using the full extent approach (left) and the clipped extent
approach (right) to extract features. Areas of relatively high distribution are similar between the
two approaches. Hedgerow density values are generally higher in the full extent approach. ...... 63
Figure 3.8 Percent change in hedgerow density from 2009 to 2017 per km2 (a) based on
RapidEye imagery and hedgerow classification using object-based image analysis for 2009 (left),
2014 (middle), and 2017 (right) in areas with high vegetation density (b) and in areas dominated
by agricultural production (c). ...................................................................................................... 66
Figure 3.9 Percent change in riparian buffer density from 2009 to 2017 per km2 (a) based on
RapidEye imagery and riparian buffer classification using object-based image analysis for 2009
(left), 2014 (middle), and 2017 (right) in areas with smaller stream networks (b) and in areas
connected to larger rivers (c). ....................................................................................................... 67

xv

List of Abbreviations

ALR – Agricultural land reserve
BMP – Beneficial management practice
BC – British Columbia
C – Carbon
DF&WT – Delta Farmland & Wildlife Trust
LiDAR – Light detection and ranging
LFV – Lower Fraser Valley
LULC – Land use and land cover
SOC – Soil organic carbon

xvi

Acknowledgements

I would like to thank my supervisor, Dr. Sean Smukler, for patiently broadening my scope of
knowledge and constantly helping me to shape this research into a meaningful narrative. I am
extremely grateful for the inquisitive environment you foster; the experience has shaped my
personal and professional aspirations immensely.
Thank you to Dr. Navin Ramankutty for providing the RapidEye imagery utilized in Chapter 3 of
this study, in addition to serving on my committee. I would also like to thank my other
committee member, Dr. Nicholas Coops, for providing detailed feedback throughout on methods
used, particularly remote sensing, and posters / manuscripts.
Thank you to the British Columbia Ministry of Agriculture, Mitacs, and Canada’s National
Science and Engineering Research Council for providing funding for this research project.
Thank you to Drew Bondar with the Delta Farmland and Wildlife Trust and Eric Gerbrandt for
coordinating with participating farmers, Erin Roberts with the Canadian Wildlife Service for
coordinating sampling in the Alaksen National Wildlife Area, and Metro Vancouver Park
Authority for allowing access to regional parks.
Sidd Paul, I would not have been able to endeavor the scale of this project without you, so thank
you. Thank you to all the other members of the Sustainable Agricultural Landscapes Lab and
fellow graduate students who passed along critical field, lab and technical knowledge. Thank you
to all the work learns who helped collect and analyze samples.
xvii

I would like to thank my friends and family for their constant encouragement. Lewis, my
gratitude for your support and friendship is endless. Mom, Dad, my pursuit of learning is a
product of both of you – thank you for instilling in me a passion for knowledge and encouraging
me to find my way. Andrew, your constant reassurance meant everything – thank you.

xviii

Dedication

In memory of Samuel Arny.

xix

Chapter 1: Introduction

1.1

General Background

As the demand for food increases, more pressure is put on agricultural lands to produce more
food without negatively impacting the environment. Achieving higher production through
agricultural intensification without compromising biodiversity and ecosystem services will likely
require a change in approach.
Beneficial management practices (BMPs) are being promoted to farmers for adoption as
alternatives to current approaches (Alberta Agriculture Food and Rural Development, 2004).
Incorporating narrow patches of woody vegetation in the form of hedgerows and riparian buffers
are one type of BMP that helps to provide multiple benefits. Hedgerows and riparian buffers can
add biodiversity to the landscape (O’Connell et al., 2015; Welsch et al., 2014), provide habitat to
pollinators (Pasher et al., 2016), anchor sediment through a more established root structure
(García-Feced et al., 2014), protect crops from harsh winds (Wiseman et al., 2009), prevent
nutrients and pollutants from entering waterways (García-Feced et al., 2014), and sequester
carbon (Czerepowicz et al., 2012), all of which are valuable ecosystem services.
Hedgerows, also referred to as shelterbelts and windbreaks, and riparian buffers or corridors are
often found in the boundary areas surrounding agricultural fields (Haddaway et al., 2018). Their
edges are defined by the interface between non-production woody vegetation cover and other
land cover types (i.e. grassland, cropland, road infrastructure, surface water). Landowners who
1

plant and maintain hedgerows and riparian buffers are key decision makers determining the fate
of these structures as their perceived value changes. In recent years, some of the benefits of
hedgerows such as wind erosion protection, have been replicated by other conservation
agriculture practices like cover cropping (Kaspar et al., 2001) and eliminating tillage (Triplett
and Dick, 2008). This redundancy from the perspective of the farmer could cause farmers to
remove hedgerows to make room for maneuvering larger equipment and meeting the growing
agricultural demand (Ha et al., 2019). Existing riparian buffers are also vulnerable to conversion
to production land use due in part to their high soil fertility (Bentrup and Kellerman, 2004;
Everest and Reeves, 2007). Decreases in hedgerow and riparian buffer structures have been
observed in several landscapes (Ha et al., 2019; Plieninger, 2012; Rempel et al., 2016),
potentially as result of these tradeoffs. Some areas with active public funded programs, however,
have been able to maintain coverage (Kristensen and Caspersen, 2002).
In British Columbia (BC), the Ministry of Agriculture as well as non-governmental organizations
such as the Delta Farmland and Wildlife Trust (DF&WT) are working to improve hedgerow and
riparian buffer integration in agricultural areas through financial incentives. Ad hoc plantings of
hedgerows and riparian buffers through these programs inherently add value to the landscape,
however a regional perspective could more effectively increase ecosystem service provisioning
by considering climatic factors (Nitschke and Innes, 2008), soil characteristics (Craigg et al.,
2015), and vegetation connectivity and density (Rey Benayas et al., 2020). To transition from an
ad hoc integration approach to a systematic one, however, policymakers need information on
factors affecting hedgerow and riparian buffer ecosystem service provisioning, improved
estimates of the ecological contributions related to these practices, and a baseline understanding
2

of current hedgerow and riparian buffer integration into the landscape. Given an efficient and
accurate means of assessing distribution and abundance of hedgerows and riparian buffers, such
information could support landscape level decision making and targeted hedgerow and riparian
buffer conservation and integration at a broader scale.
1.2

Carbon Storage in Hedgerows and Riparian Buffers

Though each ecosystem service provided by woody vegetation is important to assess and
quantify to comprehensively value landscapes, evaluating carbon sequestration is currently a
major focus of BMP development for agricultural landscapes (BC Food and Agriculture Climate
Action Initiative, 2013). Partly this is because carbon storage values are commonly used as a
proxy for ecosystem service provisioning (Andrew et al., 2015) as carbon storage is often easier
to quantify than other ecosystem services yet is strongly correlated with them (Raudsepp-hearne
et al., 2010). Like other ecosystem services, increased carbon storage has both localized and
global benefits. For example, by sequestering carbon in woody biomass, carbon dioxide is
removed from the atmosphere, helping to reduce global warming (Dale et al., 2013).
Simultaneously, at the local level, sequestering carbon in the soil improves soil quality (Ontl and
Schulte, 2012). Given its utility as a proxy indicator and systematic benefits from the field to
landscape level, the carbon mitigation value of hedgerows and riparian buffers is the focus of my
study.
The carbon storage potential of hedgerows and riparian buffers is impacted by a multitude of
biotic and abiotic factors. Woody vegetation in hedgerows and riparian buffers sequesters carbon
directly through biomass accumulation and contributes to the soil organic carbon (SOC) pool
3

through leaf litter and debris (Lorenz and Lal, 2010). Soil carbon sequestration is regulated by
the supply of organic C inputs and CO2 losses through decomposition (Paustian et al., 2019).
Differences in quality of organic inputs like leaf litter and debris, determined by species and
other anthropogenic and climatic influences, can mean differences in initial carbon quantity and
can affect the decomposition rate (Facelli and Pickett, 1991; Prescott, 2009). In addition to
species specific differences, different compositions of tree and shrub species have shown to
influence SOC storage. Schleuß et al. (2014) found higher SOC concentrations in mixed
compared to mono-species tree stands with similar long-term management. Higher diversity of
woody plant species has also been correlated with higher amounts of SOC in hedgerows in Delta,
BC (Thiel et al., 2015). Differences in SOC have also strongly correlated with vegetation
density, or more tree and shrub individuals per unit area, in agroforestry systems, likely due to
the soil dynamics incited by increased competition (Truax et al., 2018).
Decomposition rates are also impacted by below-ground characteristics like texture and
environmental conditions such as moisture and temperature. Due to the increased total surface
area of finer particles, soils with higher proportions of clay and silt typically slow decomposition
rates, encouraging higher concentrations of SOC (Schleuß et al., 2014; Sposito et al., 1999).
Thus, several agroforestry studies have found a strong positive relationship between clay and
SOC (Gupta et al., 2009; Vincent et al., 2017; Zinn et al., 2005). Though fewer agroforestry
studies have measured soil temperature alongside SOC, higher soil temperatures empirically
facilitate decomposition (Lloyd and Taylor, 1994). In one study, warmer soil temperatures
observed closer to the edge of forest fragments were accompanied by lower SOC stocks (Smith
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et al., 2019). Using this logic, hedgerows and riparian buffers with a higher area to perimeter
ratio might experience less proportional soil warming and accumulate more SOC.
The age of the hedgerow or riparian buffer is also likely to influence the status of SOC. Newly
planted or recently naturally established (remnant) second growth hedgerows and riparian
buffers (immature, 1-3 years) typically experience high increases in SOC despite sparse coverage
(Baah-Acheamfour et al., 2015; Lim et al., 2018). On the other hand, established hedgerows and
riparian buffers (mature, > 40 years), whether planted, remnant second growth, or old growth
forest, foster a different below-ground dynamic. The SOC accumulation rate under a specific
land cover and management type is thought to decrease gradually over time until it reaches an
equilibrium (Six et al., 2002). The threshold for the equilibrium is influenced by the physical and
biological soil characteristics and management. Planting or maintaining hedgerows and riparian
buffers can increase SOC compared to other agricultural land management, such as row
cropping, by increasing C inputs and reducing soil disturbance; however, there is still a C
saturation point for mineral soils (Paustian, 2014; Xu et al., 2020). Thus, the older the hedgerow
or riparian buffer, the closer the SOC level is to reaching an equilibrium or saturation point.
Although there is a growing body of literature exploring above- and below-ground carbon
storage in agroforestry systems, given the variability in vegetation, soil and environmental
conditions, site specific information is needed to develop robust estimates of the contribution of
hedgerows and riparian buffers to landscape carbon storage and dynamics . To generate carbon
storage estimates based on correlated above- and below-ground variables, it is necessary to
establish quantitative relationships specific to regions such as the LFV utilizing variables
5

sensitive to short- and long-term changes (Schägner et al., 2013). Field-scale analysis formulates
and calibrates generalized quantitative relationships. These then can be scaled using spatially
explicit data to develop quantitative contribution of hedgerows and riparian buffers to regional
carbon sequestration.
1.3

Supporting Landscape Planning

Detailed mapping of hedgerows and riparian buffers is critical for evaluating their ecosystem
services at a landscape level. Discrete mapping of the location and size of hedgerows and
riparian buffers currently incorporated into the landscape combined with field estimates is one
method which can be used to estimate regional carbon storage: a stratify and multiply
approach(Schägner et al., 2013). In addition to providing regional estimates for hedgerow and
riparian buffer carbon storage, this type of analysis can improve the knowledge of their extent
and magnitude. This can inform regional monitoring, and decision making by identifying areas
of high and low implementation Spatial knowledge can enable the provincial government to
efficiently target areas where a change in approach is needed (Hernández-Morcillo et al., 2018).
To monitor programing or decisions that impact hedgerows and riparian buffers, repeated
analysis is also necessary. In contrast to long-term studies monitoring changes in hedgerow and
riparian buffer coverage (e.g. Kristensen and Caspersen, 2002), documenting smaller,
incremental changes could improve engagement to prevent large scale removal over longer time
periods. With the right frequency of analysis, agencies could see how changes in policies
correlate with changes in hedgerow and riparian buffer coverage. Southwest Saskatchewan
experienced a high rate of hedgerow removal in agricultural areas over an eight-year period (Ha
6

et al., 2019), highlighting the sub-decadal potential for change. Increasing the temporal
resolution by assessing changes over four-year increments adding up to eight years could reveal
more about very preliminary trends in changes to land management, and thus improve decision
making and engagement.
Technological advances in the remote sensing have enabled large-scale monitoring of land use
and land cover change through semi-automated detection (Giri, 2012). Small landscape features
like hedgerows and riparian buffers, however, are inherently difficult to remotely detect at spatial
resolutions appropriate for large analysis areas (Lechner et al., 2009). Several studies have
successfully created maps of linear features using very-high spatial resolution imagery in small
areas (Czerepowicz et al., 2012; O’Connell et al., 2015; Wiseman et al., 2009); however, the
associated costs for initial acquisition, data storage, and labour for image processing and analysis
become prohibitive at increasing spatial scales. Therefore, broad scale analyses of small features
require careful selection of spatial resolution that is fine enough to detect features < 30 m wide
(Wiseman et al., 2009) but minimize imagery acquisition costs and processing times. Some
success has been achieved with imagery ranging from 5-10 m spatial resolution (Ducrot et al.,
2015; Ha et al., 2019); however, detection was most successful where linear features were wider
and contained denser vegetation (Ha et al., 2019). An added challenge to accurate detection of
hedgerows and riparian buffers is landscape heterogeneity. Similar reflectance of various types
of vegetation make it more challenging to isolate the shrub and tree vegetation constituting
hedgerows and riparian buffers from various crop types and forest patches. Some sensors, such
as the RapidEye sensor, have finely tuned spectral bands more sensitive to differences in
vegetation types, making them better suited to analysis in highly heterogeneous landscapes
7

(Conrad et al., 2011). Imagery from the RapidEye sensor has been used to successfully
differentiate different vegetative land use and land cover types in BC (Rallings, 2016), laying the
foundation to explore hedgerow and riparian buffer detection.
This research will start to fill existing knowledge gaps at a sub-provincial scale by harmonizing
field- and landscape-level methods of analysis. Field-scale data collection will inform carbon
storage potential of hedgerows and riparian buffers found in the study area and support
landscape-level generalized estimates. Landscape-level mapping will provide the blueprint for
carbon storage and other future ecosystem service mapping related to hedgerow and riparian
buffer presence. Both scales of information are needed to support effective hedgerow and
riparian buffer integration at a landscape level through more representative incentives and
informed regional prioritization.
1.4

Study Site

In BC, much of the agricultural land use is concentrated in the agricultural land reserve (ALR),
which protects patches of agriculturally suitable land from conversion to other land-use types
without provincial approval (Provincial Agricultural Land Commission, 2017). This research
was conducted in the ALR areas in Metro Vancouver and the Fraser Valley regional districts,
collectively referred to in my thesis as the Lower Fraser Valley (LFV) (122° 40' 32.23" W, 49°
11' 19.33" N) (Error! Reference source not found.). This area is located in the South Coast
Panel of the ALR, which contains 1,480 km2 of ALR land (Provincial Agricultural Land
Commission, 2017), and is the most agriculturally intensive area in BC (Crawford and MacNair
2012). Due to the protections provided by the ALR designation, the area is also characterized by
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patches of tree cover interlaced throughout various agricultural land uses, creating a highly
heterogeneous landscape. The region typically experiences cool wet winters and warm dry
summers with a mean annual temperature of 11.1ºC and a mean annual precipitation of 1189 mm
based on the 30-year climate record (Environment Canada, 2019). Soils in the region are of
glacial and alluvial origin.

Figure 1.1. Map of the study area comprised of the agricultural land reserve areas of the Greater Vancouver and
Fraser Valley regional districts located in the southwest corner of British Columbia, CA (right).

1.4.1

Hypotheses for Carbon Storage Potential in Hedgerows and Riparian Buffers

The established dependence of SOC on the amount of organic carbon inputs to the soil (Facelli
and Pickett, 1991; Prescott, 2009) and the soil’s capacity to store carbon/decompose organic
matter (Paustian, 2014; Schleuß et al., 2014; Sposito et al., 1999; Xu et al., 2020) suggests that
carbon storage should differ depending on the soil texture, the species composition, and the
9

shape of the hedgerows and riparian buffers. I hypothesized SOC would be higher on average in
areas with greater clay content, a higher diversity of woody species, a higher density of
vegetation and a smaller perimeter to area ratio.
Building on my previous hypothesis, the high diversity of hedgerow structure and composition
observed in my study area (Rallings, 2016) should result in a large range of above- and belowground carbon values given the wide range of soil conditions, planting strategies, management
and age. I expected riparian buffers to be less managed (i.e. planting, pruning, etc.) and more
homogenous in their successional stages than hedgerows. Through this reasoning, I hypothesized
there would be less variance among riparian buffers relative to hedgerows. Compared to land
actively used for production, hedgerow and riparian buffer soil is often less disturbed, suggesting
less erosion and potentially more below-ground carbon accumulation.
By comparing my SOC measurements to measurements collected in 2013 by Thiel et al. (2015)
for a subset of hedgerows, referred to throughout as benchmark hedgerows, I contributed to the
limited understand of short-term SOC changes related to hedgerow maturity. I hypothesized that
mature hedgerows had most likely met their threshold for SOC concentration (Six et al., 2002)
and were maintaining it, assuming all other factors (i.e. species composition, management, etc.)
stayed constant. Based on this reasoning, I anticipated a slight increase in below-ground carbon
within immature hedgerows, which were planted within the last 25 years, and no change within
matured hedgerows from 2013 to 2018 for this subset of resampled hedgerows.
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1.4.2

Hypotheses for Remote Detection of Hedgerows and Riparian Buffers

I expected to be able to detect hedgerows and riparian buffers with accuracy comparable to other
studies using high-resolution imagery. I anticipated difficulty detecting narrow (< 10 m or 2
pixels width) or sparse features due to diluted reflectance and in areas with higher woody
vegetation connectivity due as it impacts the shape of vegetation patches. However, I expected
higher accuracy for hedgerows and riparian buffers (> 85 %) with dense vegetation and defined
edges.
When reapplying feature detection methods to additional years, I expected similar but marginally
lower accuracy. I hypothesized areas of difficulty in feature extraction to be similar across all
years, and therefore, I expected the remote sensing methods to adequately detect changes
particularly in areas with higher expected detection accuracy. As new plantings of hedgerows
can be sparse and narrow, I also anticipated higher change accuracy with feature losses than
gains.
I hypothesized hedgerow coverage to be below 5% of the agricultural area in the Lower Fraser
Valley based on typical feature dimensions compared to production field sizes. I expected this
value to be lower in the denser agricultural areas as a result of efforts to maximize production
area and higher in areas with a higher density of waterways. Given the active incentive programs
involving hedgerow and riparian buffer integration in BC, I anticipated marginal increases in
hedgerow and riparian buffer coverage from 2009 to 2017 using remote detection methods.
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1.5

Research Objectives and Questions

The overarching objective of this research project was to improve methodologies for mapping
and quantifying changes to hedgerows and riparian buffers in agricultural landscapes in terms of
coverage and above- and below-ground carbon storage.
In Chapter 2, I identified differences in carbon storage capacity among hedgerows and riparian
buffers compared to production land cover alternatives in the LFV. I asked the following
questions: a) what hedgerow and riparian buffer characteristics result in increased carbon
storage; b) are there differences in above- and below-ground carbon storage among hedgerows
and riparian buffers in the LFV and how does this compare to other land use types; c) how much
does below-ground carbon storage in hedgerows change over a five-year period for mature and
immature hedgerows?
In Chapter 3, I applied remote hedgerow and riparian buffer detection methods using RapidEye
imagery to multiple images in order to assess the potential for accurate feature detection. I
developed the following research questions: a) can remote sensing methods using RapidEye
imagery accurately detect hedgerows and riparian buffers; b) can these methods be employed to
accurately detect changes; c) what was the abundance and distribution of hedgerows and riparian
buffers in 2018 and has this changed over the previous 8 years?
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Chapter 2: Field level assessment of characteristics linked to hedgerow and
riparian buffer carbon storage potential using mass- and depth-based
approaches

2.1

Introduction

Perennial woody vegetation on agricultural land in the form of hedgerows and riparian buffers
contributes to a number of ecological functions, including habitat provisioning (Benton et al.,
2003; Holland et al., 2017), erosion control (García-Feced et al., 2014; Lenka et al., 2012;
Schultz et al., 1995), nutrient cycling (Thomas and Abbott, 2018), and biodiversity (Smukler et
al., 2010). More recently, though, the concerns surrounding climate change have focused
attention on the role hedgerows and riparian buffers could play in sequestering atmospheric
carbon (Montagnini and Nair, 2004; Schoeneberger, 2009). Extensive research on woody
biomass carbon storage, particularly above-ground C, has allowed researchers to calculate
carbon storage potential of specific management practices at a landscape level using generalized
carbon estimates (Huffman et al., 2015; Kay et al., 2019; Rallings et al., 2019). However,
focusing on woody biomass ignores the contribution of this type of agroforestry to soil organic
carbon (SOC), a sizable carbon pool which could contribute substantially to climate change
mitigation goals as well as other ecosystem services (e.g. nutrient cycling) (De Stefano and
Jacobson, 2018; Nair et al., 2009; Pardon et al., 2017; Soto-Pinto et al., 2010). Unfortunately,
there has been less research exploring SOC storage capacity in agroforestry practices is small
relative to above-ground C (Lorenz and Lal, 2014), limiting the achievable accuracy when
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assessing the mitigation potential of trees introduced to agricultural systems. Much of the
current literature indicates that the analysis of agroforestry without SOC severely undervalues its
mitigation potential (Corbeels et al., 2019; Scharlemann et al., 2014). Thus, to achieve more
realistic mitigation figures associated with hedgerows and riparian buffers, better quantification
of their associated SOC is required. More specifically, a clearer understanding of how hedgerow
and riparian buffer SOC storage varies across the landscape is needed as well as an
understanding of the conditions which are likely to maximize this storage and the rate at which
they do so.
To explore drivers of SOC storage, we need accurate field scale SOC measurements, which are
uniquely challenging in highly heterogeneous landscapes due to the spatial variation in land-use
practices and soil types. SOC has shown to be higher in hedgerows and riparian buffers relative
to other agricultural land uses with greater disturbance, such as annual cropping or forage (BaahAcheamfour et al., 2015; Holden et al., 2019; Lim et al., 2018; Márquez et al., 2017; Thiel et al.,
2015). However, practices such as tilling and operating heavy machinery can result in
compaction, increasing bulk density and thus SOC mass estimates for a given depth (Shahid et
al., 2017) compared to neighboring unmanaged woody vegetation with similar soil properties.
Thus, diverse land management can impact bulk density measurements used to calculate SOC
stocks, and the relative climate change mitigation potential of hedgerows and riparian buffers
could be undervalued as a result. The differences in bulk density which impact the accuracy of
depth-based carbon stock calculations could be largely related to soil texture, as finer textured
soils are more susceptible to compaction at high water contents (Horn et al., 1995). Recent
studies have implemented an approach looking at carbon mass in an equivalent soil mass rather
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than an equivalent soil depth to address this (Carter et al., 1998; Toriyama et al., 2011). Despite
the success of mass-based approaches, depth-based estimates are still the primary method for
reporting carbon stocks.
Another important consideration for quantifying the climate change mitigation potential of
hedgerows and riparian buffers is their species composition and structure. A multitude of factors
can impact the capacity of the soil to store SOC, including the type of organic inputs, such as leaf
litter and root exudates, and decomposition rates in the soil (Facelli and Pickett, 1991; Singh et
al., 2018). The species and age of vegetation in the hedgerow or riparian buffer thus can
determine the quality of organic inputs (Lebret, 2001; Prescott, 2009) as well as impact
environmental conditions that mediate decomposition rates such as moisture and temperature
through shading, water demand and or air flow (Z. Ma et al., 2017). Ecological theory suggests
that greater diversity would enable niche differentiation and allow tree and shrub roots to occupy
more space in the soil profile (Thomas and Packham, 2007). While a few studies have indeed
demonstrated a strong relationship between species diversity and SOC storage capability of treed
areas, it is unclear how this driver compares to, or is modified by, other key mediators of soil
carbon such as soil texture (Dawud et al., 2016; Kirby and Potvin, 2007; Thiel et al., 2015).
Establishing relationships between other above-ground parameters, such as canopy width, and
SOC storage could inform modelling, enable tracking using remote sensing, and improve
landscape level carbon estimates. Vegetation and soil parameters can also impact the rate of
carbon accrual, emphasizing the need to monitor changes over time under various conditions.
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The Lower Fraser Valley (LFV) of BC, Canada is the most intensive agricultural production
regions in the province and serves as an important case study for a highly, heterogenous and
fragmented agricultural landscape. Despite being responsible for >50 % of the gross annual farm
receipts of the province (Crawford and MacNair, 2012b), this landscape maintains sizable forest
patches, hedgerows and riparian buffers and thus a large amount of stored carbon (Rallings et al.,
2019). Programs incentivizing new plantings exist, but they focus primarily on installation costs
and neglect compensation for ongoing benefits (BC Ministry of Agriculture, 2010; Merkens,
2004). In addition, a vast majority of the hedgerows and riparian buffers across the LFV are
comprised of remnant vegetation (Rallings, 2016) and are vulnerable to production area
expansion if not effectively valued (Rallings et al., n.d.). Connecting hedgerow and riparian
buffer characteristics to differences in C storage could help prioritize conservation and inform
installation to optimize climate change mitigation within agricultural land in the LFV,
transforming an ad hoc approach into a landscape one.
This study was designed to assess the differences in carbon storage potential among hedgerows
and riparian buffers compared to other agricultural land uses. My approach utilized multiple
SOC metrics to capture the range in potential options for carbon accounting. I also built upon
carbon data collected from benchmark hedgerows in 2013 (Thiel et al., 2015) which I resampled
in 2018 to understand changes in hedgerow SOC relative to above-ground characteristics. My
specific objectives were to (1) estimate above-ground C and associated SOC for hedgerows and
riparian buffers; (2) compare these values to agriculture fields; (3) determine what above-ground
characteristics are driving differences in SOC; (4) quantify the rate of accumulation of SOC after
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5 years; and (5) compare how the results differ depending on the metric used for determining
SOC.
2.2
2.2.1

Materials and Methods
Study Sites

The study was conducted from July of 2018 through October of 2019 using a total of 61 plots
(Figure 2.1) distributed throughout the LFV.

Figure 2.1 Plots sampled throughout the agricultural land reserve in the Lower Fraser Valley region of British
Columbia.

Plots were located in ArcGIS version 10.5 using a conditional Latin hypercube sampling
approach described in Paul et al. (in press) (ESRI 2017, Redmond California). A total of 14
hedgerows (Table 2.1) adjacent to agricultural fields were sampled, including six benchmark
hedgerows from the Thiel et al. (2015) study analyzing carbon storage. For these six hedgerows,
SOC measurements from 2018 were compared to the data collected in 2013 to quantify changes
in carbon storage. A total of 10 riparian buffers sites were sampled. Due to difficulty in finding
riparian buffer sites adjacent to agricultural fields, except in two cases, data for riparian buffers
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were collected from provincial and municipal parks. A total of 36 agricultural fields were
sampled within 0.1 km of hedgerow and riparian buffer sites where possible. Agricultural fields
had a variety of management practices and crop types, categorized here as either annual cropland
or managed grassland.

Table 2.1 Rules used to identify hedgerow and riparian buffer sites.
Feature

Rules
More than 1250 m2 of densely growing trees and / or shrubs with less than 5 m
breaks in coverage
b) Within 10 m of agricultural land use on at least one side of feature
c) Width of feature running perpendicular to agricultural field edge between 3 and 25 m
a) More than 1250 m2 of densely growing trees and / or shrubs with less than 5 m
breaks in coverage
b) Located within 20 m from surface water
a)

Hedgerows

Riparian Buffers

2.2.2

Plot Delineation

Where hedgerows or riparian buffers neighbored agricultural fields, a plot was delineated based
on the area available. Woody areas running along field edges created a fixed width measurement
per plot. Based on that width, I maximized plot length running parallel to the field edge.
Resulting plot sizes ranged from 833-1000 m2. Within the plot area, four equally spaced subsampling points were assigned staggering the plot midline running parallel to the field edge
(Figure 2.2).
In agricultural fields and riparian buffers, I implemented a sampling method modified from the
Land Degradation Surveillance Framework (Vågen et al., 2010; Vågen and Winowiecki, 2013).
Using a random point as the center sub-sampling point, the second sub-sampling point was
placed 16 m north. The remaining two sub-sampling points were 120° and 240° from north, 16 m
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from the centermost point. For the riparian buffer plots, a plot area with a 16 m radius from the
centermost point was drawn (Figure 2.2).

Figure 2.2 Sampling diagrams for agricultural fields (left), hedgerows and riparian buffers neighboring agricultural
fields (middle) and riparian buffers amidst larger forested areas (right). Left and right sampling layouts modeled
after the Land Degradation Surveillance Framework (Vågen et al., 2010; Vågen and Winowiecki, 2013).

2.2.3

Tree and Shrub Biomass Carbon

Measurements from all trees and shrubs within the designated plot area were collected to
estimate above-ground C stocks (Figure 2.2). For hedgerow and riparian buffer plots with an
agricultural edge, the width of the canopy dripline running perpendicular to the field edge was
measured and used to calculate canopy area. Tree height was measured using a clinometer, and
the diameter at breast-height (DBH; 1.3 m) of all major stems measured. For vegetation with
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more than five stems with diameters less than 5 cm and a height below 3 m, the individual was
categorized as a shrub. For shrubs, the longest width, the shortest width, and the height were
measured to calculate ellipsoidal volume. All tree and shrub species were identified. I used field
measurements to estimate above-ground biomass using allometric equations selected by species
relevance and measurement range (Appendix Table A.2). The above-ground C stocks were then
determined assuming a 50 % C content for the above-ground biomass before dividing by the plot
area.
2.2.4

Above-ground Biodiversity

Two indices based on species richness and abundance were used to analyze species diversity in
hedgerow and riparian buffer plots. The Simpson index (D) indicates the probability that a unit of
biomass in a plot would be any one species (1) (Simpson, 1949). It calculates the proportion of
one species’ relative to the total.
D = 1 – Ʃ (n/N)2

(1)

Where n is the number of individuals of a particular species and N is the number of species
present in the plot.
The Shannon-Wiener index (H) likewise looks at relative proportion but weights less abundant
species more heavily by log transforming each proportion (n/N) (2) (Shannon, 1948).
H = - Ʃ (n/N) log10 (n/N)

(2)
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2.2.5

Soil Properties

At the plot’s centermost sub-sampling point, soil bulk density samples were collected using a
core (7.5 cm tall with an inner diameter (i.d.) of 7 cm) at depths of 3.75 – 11.25 cm and 18.75 –
26.25 cm (Figure 2.2). Soil samples were collected from 0-15 cm, 15-30 cm, 30-60 cm, and 60100 cm using an auger (4.4 cm i.d.), and the mass of the soil at each depth range was recorded
using a field scale. A sub-sample from each depth range was weighed in the field, oven dried at
105 ºC, and weighed again to calculate the amount of mass attributed to soil moisture.
Additional soil was collected at the other three sub-sampling points, from 0-15 cm, 15-30 cm,
30-60 cm, and 60-100 cm. Soil at each depth range was homogenized across all four subsampling points and a composite 500 g sample was taken back to the lab to analyze for SOC and
soil texture. After air drying the samples for two weeks, a 200 g sub-sample was crushed with a
rolling pin and separated into coarse (> 2 mm) and fine (< 2 mm) fragments using a 2 mm mesh
sieve. Both sets of fragments were weighed to calculate the proportion of coarse fragment
present.
Using a stratified random approach based on land use and land cover (LULC) category and soil
depth, 25 % of samples were selected and sent to the Technical Service laboratory within the
B.C. Ministry of Environment to determine SOC % and soil texture. To determine SOC %,
samples were analyzed for inorganic C using acidification, which was then subtracted from total
C, analyzed using a dry combustion method (Kimble et al., 2000) with a thermal conductivity
detector (Flash 2000 Elemental Analyzer). Soil texture was measured using a hydrometer
sedimentation method (Lavkulich, 1981).
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For all samples, a 20 g subsample was ground using a mortar and pestle and analyzed using
Fourier-transformed mid-infrared spectroscopy (FT-MIR), run on a Tensor 37 HTS-T
spectrometer (Bruker Optics). Samples were scanned with infrared light (600 – 4000 nm) and
spectral reflectance curves across three replicates for each sample were averaged. A partial least
squares regression model was calibrated using the laboratory analyzed samples and then used to
predict SOC % and soil texture from the averaged spectra in RStudio (R Core Team, 2019).
Using the SOC % predictions, depth-based carbon stocks were calculated for 0-15 cm and 15-30
cm using bulk density (3Error! Reference source not found.) estimates for 3.75 – 11.25 cm
and 18.75 – 26.25 cm and mass-based carbon stocks were calculated for 0.4 t m-2 and 1.2 t m-2
using equivalent soil mass (4) (Gifford and Roderick, 2003).
SOC = % SOC ⨯ (ms/Vt) ⨯ z

(1)

Where (ms/Vt) is the bulk density, and z is the depth.
cs(t) = cs(za) + (cs(zb) – cs(za)) / (ms(zb) – ms(za)) ⨯ ms(t) – ms(za)

(2)

Where cs(t) is the SOC content of the soil for the equivalent mass of soil in tonnes, cs(za) is the
SOC content at the initial depth, cs(zb) is the cumulative SOC content at the final depth, ms(za) is
the mass of the soil at the initial depth, ms(zb) is the mass of the soil at the final depth, and ms(t)
is the equivalent soil mass in tonnes.
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2.2.6

Statistical Analysis

All statistical analyses were computed in R Version 3.5.2 (R Core Team, 2018). To estimate bulk
density for the 30-60 and 60-100 cm depths I developed a pedotransfer function using log
transformed SOC and bulk density measurements from 0-15 cm and 15-30 cm. The pedotransfer
function (5) for bulk density resulted in a R-squared value of 60% and a RMSE of 0.21 g cm-3.
BD = 1.28885 – 0.28127(ln(SOC))

(3)

Correlations between carbon measurements (SOC %, depth-based carbon stocks and mass-based
carbon stocks) and relevant structural and compositional parameters for hedgerows and riparian
buffers were computed used Spearman’s rank correlation coefficient (r) using the ‘Hmisc’
package (Harrell 2019). Hedgerow and riparian buffer plots were further divided into LULC
categories based on strong resulting correlations. Differences among LULC categories for SOC
%, depth-based carbon stocks, and mass-based carbon stocks were analyzed using a linear mixed
effects (LME) modelling function in the ‘nlme’ package (Pinheiro et al. 2019). SOC % and
depth-based carbon stocks were modelled for each depth separately using LULC as the only
fixed effect. Mass-based carbon stocks were modelled separately for SOC mass in 0.4 t m-2 soil
equivalent and 1.2 t m-2 soil equivalent also using LULC category as a fixed effect. To account
for the variation of soil texture among the plots, soil type was derived from soil texture values
using the ‘soiltexture’ package (Moeys 2018) and used as a random effect in all models. Model
parameters were tested for significance using a type III ANOVA and parameter levels were
compared for significant differences using Tukey’s HSD post hoc test from the ‘emmeans’
package (Lenth 2019).
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To compare results from this study to results from 2013, an equal area spline was applied to all
soil metrics using the ‘ithir’ package (Malone, 2016) to adjust depth ranges from Thiel et al.
(2015) (0-20, 20-40, 40-60, 60-80, and 80-100 cm). Percent change from 2013 to 2018 was
calculated for each metric to compare the top 30 cm of soil. The average of SOC %
measurements for 0-15 cm and 15-30 cm was used while values from 0-15 and 15-30 cm were
summed for depth-based carbon stocks. Change values were compared across metrics using the
same LME approach described above. Correlations among these approaches were explored using
Pearson’s correlation coefficient (r).
2.3
2.3.1

Results
Hedgerow and Riparian Buffer Carbon

Above-ground carbon storage was highly variable among the hedgerows sampled and less so
among riparian buffers (Table 2.2). A majority of the measured species recorded are native to
the Pacific Northwest (Pojar and MacKinnon 2016). However, some invasive species were
observed; primarily Rubus armeniacus. Of the 21 species recorded in hedgerow plots, Alnus
rubra, Thuja plicata, Populus trichocarpa, and Crataegus douglasii were most abundant.
Table 2.2 Summary values for sampled hedgerows and woody riparian buffers. AGC refers to above-ground carbon
and BGC represents cumulative depth-based carbon stocks from 0 - 100 cm.
Hedgerows
Min

Max

Mean

5.7

1079.9

184.0

Shrub

0.0

96.1

Hardwood

0.0

Softwood

0.0

-1

AGC (t C ha )
% of Total
AGC

Woody Riparian Buffers
SE

Min

Max

Mean

SE

±

73.4

40.2

421.0

153.9

±

37.1

11.9

±

6.1

0.0

52.6

9.6

±

4.9

100.0

68.2

±

8.6

4.2

100.0

84.8

±

9.1

100.0

18.7

±

7.3

0.0

95.6

10.4

±

9.5
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AGC:BGC

Soil
Texture
(%)

SOC
(%)

SOC
(t C ha-1)

SOC
(kg C)

0.06

12.68

2.04

±

0.86

0.51

3.00

1.34

±

0.24

Shannon Index

0.00

1.53

0.82

±

0.14

0.13

0.96

0.57

±

0.10

Simpson Index

0.00

0.81

0.48

±

0.07

0.18

0.71

0.45

±

0.06

7.2

46.4

21.5

±

2.9

2.3

23.0

14.2

±

2.8

Sand
Clay

2.7
19.0

56.3
71.0

23.5
55..0

±
±

4.7
4.0

7.1
6.7

91.0
72.4

48.7
37.1

±
±

5.0
7.8

0-15 cm

1.74

6.84

3.39

±

0.36

0.91

7.23

3.62

±

0.73

15-30 cm
30-60 cm
60-100 cm

0.97
0.37
0.28

3.52
1.64
2.17

1.91
1.01
0.71

±
±
±

0.22
0.09
0.11

0.26
0.20
0.19

3.84
3.33
3.24

2.08
1.50
0.97

±
±
±

0.43
0.38
0.31

0-15 cm

23.4

91.7

45.2

±

4.8

6.8

66.3

34.9

±

6.5

15-30 cm

14.4

53.6

28.8

±

3.0

4.9

40.0

24.2

±

4.4

30-60 cm

9.1

28.8

19.7

±

1.4

5.3

47.7

23.9

±

4.7

60-100 cm

7.1

35.0

14.6

±

1.7

4.8

46.8

17.2

±

4.2

0.4 t soil m-2

5.8

18.4

10.3

±

0.9

2.1
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10.5

±

1.9

1.2 t soil m-2

10.1

25.4

16.4

±

1.3

3.5

39.3

19.8

±

4.0

Silt

Hedgerows exhibited greater variation in species composition compared to riparian buffers.
Shannon-Wiener and Simpson indices ranged from 0.35 to 1.49 and 4 to 6.76, respectively,
within sampled hedgerows. The low end represents plots with a single tree species present, and
the high end represents a plot with six tree and three shrub species. More woody riparian buffers
plots were dominated by a single tree species, particularly Alnus rubra and Populus trichocarpa,
resulting in lower mean Shannon-Wiener and Simpson indices, 0.68 and 4.51, respectively.
More variation in SOC % was observed in woody riparian buffers, accompanied by higher
means at each depth when compared to hedgerow SOC % (Table 2.2). When translated into
depth-based carbon stocks, however, hedgerows had higher SOC on average in the top 30 cm
than woody riparian buffers. In contrast, mean mass-based carbon stock for 0.4 t m-2 soil
equivalent was similar between hedgerows and riparian buffers, though a larger range of values
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was observed in riparian buffers. Differences in total C stocks, the summation of above-ground C
and depth-based carbon stocks from 0-100 cm (below-ground C), were impacted by the ratio of
above-ground C to below-ground C. Above-ground C was twice as high on average as belowground C in hedgerows, and values for total C ranged from 100.8 to 1165 t C ha-1. The maximum
total C stocks observed in riparian buffers, on the other hand, was 515 t C ha-1 with a
comparatively lower above-ground C to below-ground C ratio.

2.3.2

Hedgerow and Riparian Buffer Characteristics Linked to Carbon Storage

Carbon measurements in hedgerow and riparian buffer plots demonstrated different correlation
patterns across all compositional variables, particularly in the top 30 cm of soil. Within soil
textural components, I observed a positive correlation between clay and SOC % in riparian
buffers from 0-30 cm and a negative correlation between the same parameters and range in
hedgerows (Table 2.3). Higher silt was significantly correlated with decreases in depth-based
carbon stocks at the 0-15 cm depth in hedgerows and increases in riparian buffers.
Within hedgerow plots, soil width ranged from 4.2 to 15.7 m and canopy width ranged from 5.3
to 23.0 m (Appendix Table A.1). Differences in widths were not significantly correlated to
differences in carbon storage, though canopy width was more strongly correlated with aboveground C stocks and soil width showed a stronger relationship to depth-based carbon stocks
(Table 2.3). Dimensional correlations for woody riparian buffer plots were not calculated due to
the uniformity of the sampling plots.
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Table 2.3 Matrix of Spearman’s rank correlation values indicating the strength of relationships between above- and below-ground C and structural and
compositional parameters for sampled hedgerows and woody riparian buffers. Soil width measures the distance between edges defined by land cover change (i.e.
grass, crop field, exposed soil, asphalt). Canopy width measures the distance between edges defined by the canopy dripline. Woody vegetation density represents
the quantity of trees and shrubs in a given plot. Significance indicated by . (<0.10), * (<0.05), ** (<0.01), and ***(<0.001).

AGC

%
Hardwood
AGC

Mean
Height

Woody
Vegetation
Density

Shannon
Diversity
Index

Simpson
Diversity
Index

% Silt

% Clay

% Sand

NA

0.17

0.63*

-0.21

-0.59*

-0.59*

-0.22

-0.50

0.35

0.00

-0.36

-0.60*

-0.49*

0.30

0.66**

0.68**

-0.30

-0.31

0.43

0.20

0.09

-0.28

-0.59*

-0.35

0.12

0.71**

0.73**

-0.32

-0.24

0.41

30-60 cm

0.52*

0.48.

-0.18

-0.30

-0.10

0.30

0.40

0.45.

0.22

-0.36

-0.15

60-100 cm

0.65**

0.33

-0.52*

0.18

-0.01

-0.14

0.37

0.42

0.41

-0.08

-0.25

0-15 cm

0.24

0.18

0.01

-0.57*

-0.24

0.24

0.43

0.45.

-0.28

0.50.

0.51.

Soil
Width

Canopy
Width

-0.17

0.32

0-15 cm

0.23

15-30 cm

Depth
Above-ground Carbon (AGC)

SOC (%)

Hedgerows
Depthbased SOC
(t C ha-1)
Mass based SOC
(kg C)

15-30 cm

0.24

0.11

-0.26

-0.47

-0.30

0.03

0.78

0.78

-0.47

-0.22

0.47

30-60 cm

0.52*

0.48.

-0.18

-0.30

-0.10

0.30

0.40

0.45.

0.22

-0.36

-0.15

60-100 cm

0.65*

0.33

-0.52*

0.18

-0.01

-0.14

0.37

0.42

0.41

-0.08

-0.25

0.4 t soil m-2

0.14

0.02

-0.27

-0.55*

-0.39

0.08

0.66**

0.68**

-0.37

-0.34

0.56

1.2 t soil m-2

0.27

0.20

-0.46.

-0.27

-0.19

-0.11

0.68**

0.72**

-0.37

0.05

0.24

NA

NA

NA

0.04

NA

-0.53

0.42

0.42

0.42

0.44

-0.53

0-15 cm

NA

NA

0.75*

0.03

NA

-0.59.

0.21

0.21

0.92***

0.32

0.92***

15-30 cm

NA

NA

0.65*

0.20

NA

-0.70*

0.18

0.18

0.66*

0.37

-0.66*

Above-ground Carbon (AGC)

SOC (%)
Woody
Riparian
Buffers

Depthbased SOC
(t C ha-1)
Mass based SOC
(kg C)

30-60 cm

NA

NA

0.15

0.73*

NA

-0.15

0.08

0.08

-0.13

0.13

0.14

60-100 cm

NA

NA

-0.24

0.55.

NA

0.09

0.37

-0.12

0.64*

0.52

-0.56.

0-15 cm

NA

NA

0.58.

0.30

NA

-0.81**

-0.07

-0.07

0.81**

0.16

-0.81**

15-30 cm

NA

NA

0.53

0.24

NA

-0.72*

0.16

0.16

0.59.

0.39

-0.59.

30-60 cm

NA

NA

0.67*

0.22

NA

-0.47

0.31

0.31

0.44

0.14

-0.43

60-100 cm

NA

NA

-0.25

0.50

NA

0.03

-0.03

-0.03

0.66

0.54

-0.25

0.4 t soil

m-2

NA

NA

0.62.

0.26

NA

-0.72

0.09

0.09

0.47*

0.72*

-0.72*

1.2 t soil

m-2

NA

NA

0.48

0.65.

NA

-0.55

0.18

0.18

0.25

0.23

-0.23

27

Shannon-Wiener and Simpson Diversity indices demonstrated the strongest correlation with
carbon metrics in hedgerows of the variables I analyzed. Both had significant positive
correlations with depth-based carbon stock and SOC % at most depths and mass-based carbon
stocks in 0.4 t m-2 of soil equivalent. This was contrasted by a weak and non-significant
correlation with riparian buffer soil carbon at all depths and equivalent soil masses. Due to the
strong correlation and large range in species diversity (Appendix Table A.1), hedgerows were
divided into two classes based on the Shannon Diversity index value: low-diversity hedgerows
and high-diversity hedgerows. These new categorizations (Table 2.4) were used in LME models
analyzing carbon metrics.
Table 2.4 Land use and land cover (LULC) categories used to categorize data for statistical analysis. LULC
categories were further identified as production (P) or non-production (NP).
LULC Category

2.3.3

n

Annual Cropland (ACL)

P

25

Managed Grassland (MGL)

P

11

Low-Diversity Hedgerow (LDH)

NP

6

High-Diversity Hedgerow (HDH)

NP

9

Woody Riparian Buffer (WRB)

NP

10

Soil Organic Carbon Compared to Agricultural Fields

When comparing observed soil carbon storage of non-production to production LULC
categories, differences were most pronounced in the top layer of the soil. SOC % was greater in
high-diversity hedgerows than annual cropland and managed grasslands in the 0-15 cm depth
(Table 2.5; Error! Reference source not found.). In addition, woody riparian buffers showed
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higher SOC % on average compared to managed grassland. No differences were observed
between low-diversity
hedgerows and any LULC categories, however, at the 15-30 cm depth, SOC % was significantly
lower in low-diversity hedgerows than high-diversity hedgerows, woody riparian buffers and
annual cropland. LULC category did not impact SOC % at subsequent depths.
Of the carbon metrics, LULC category was least influential on depth-based carbon stocks. No
differences between production and non-production LULC categories were observed. However,
this was accompanied by significant differences in bulk density between the two groups. From 015 cm and 15-30 cm, woody riparian buffers and high-diversity hedgerows had lower bulk
density on average than both production LULC categories, while low-diversity hedgerows only
showed differences from managed grassland from 0-15 cm (Error! Reference source not
found.Error! Reference source not found.). High-diversity hedgerows had the highest mean
depth-based carbon stocks from 0-15 cm and 15-30 cm, however, only maintained differences
between low-diversity hedgerows at the 15-30 cm depth. No differences in LULC categories
were observed below 30 cm.
Table 2.5 Analysis of variance (F and P) values of the effect of land use and land cover (LULC) categories on SOC
% (g C g-1 soil), bulk density (g cm-3), depth-based carbon stocks (t C ha-1) and mass-based carbon stocks (kg C).
Significant p-values (P < 0.05) are emboldened.
SOC%

Bulk Density

Depth

df

F

P

df

Depth-based Carbon Stocks

F

P

df

F

P

0-15 cm

4

4.3

<0.01

4

9.1

<0.001

4

1.8

0.15

15-30 cm

4

4.2

0.01

4

10.3

<0.001

4

4.1

<0.01

30-60 cm

4

0.8

0.56

4

0.7

0.58

4

0.7

0.62

60-100 cm

4

0.5

0.75

4

0.5

0.76

4

0.3

0.85

Mass-based Carbon Stocks
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Standardized Soil Equivalent
0.4 t m-2

df
4

F
3.3

0.02

P

1.2 t m-2

4

1.5

0.2

30

Figure 2.3 Boxplots showing the upper (75 percentile), lower (25 percentile) median (bars) and mean (diamonds) of four soil measurements: (a) SOC % at four
depths (0-15, 15-30, 30-60, and 60-100 cm), (b) bulk density at four depths (0-15, 15-30, 30-60, and 60-100 cm), (c) depth based carbon stocks at four depths (015, 15-30, 30-60, and 60-100 cm), and (d) mass-based carbon stocks for two equivalent soil masses (0.4 and 1.2 t m -2). Soil measurements were collected in five
land use and land cover (LULC) categories: woody riparian buffers (WRB, n = 10), high-diversity hedgerows (HDH, n = 9), low-diversity hedgerows (LDH, n =
6), managed grassland (MGL, n = 11), and annual cropland (ACL, n = 25). Letters inside boxplots (a, b, and c) indicate results comparing LULC categories at
individual depths and equivalent soil masses using Tukey’s HSD post hoc test on the model results described in Table 2.5. Categories with significant differences
(P < 0.05) do not share any letters (i.e. ab and c, or a and b). The absence of letters indicates LULC category was not significant in the linear mixed effects model
for a specific depth or equivalent soil mass.
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The observed differences in the mass-based carbon stock models were again more conservative
than differences in SOC %. LULC category was significant in estimating carbon stocks in 0.4 t
m-2 of soil equivalent, approximating a 0-30 cm depth (Gifford and Roderick, 2003), but
differences were only observed between managed grassland and two non-production LULC
categories (woody riparian buffers and high-diversity hedgerows). LULC category was no longer
significant in 1.2 t m-2 of soil equivalent, approximating a 0-100 cm depth.
Relationships between production and non-production LULC categories varied across carbon
metrics. Across all metrics, high-diversity hedgerows had higher carbon storage on average in
the top 30 cm of soil compared to annual cropland and managed grassland; however, differences
were only significant when measuring carbon using SOC % and mass-based carbon stocks.
Likewise, woody riparian buffers had higher carbon storage compared to managed grassland
when measuring with SOC % and mass-based carbon stocks at a 0-30 cm equivalent but again
demonstrated no differences when utilizing a depth-based approach. Though some relationships
were less definitive, carbon storage potential relative to other LULC categories appeared to be
determined by the carbon metric used.
2.3.4

Changes in SOC from 2013 to 2018

For the subset of benchmark hedgerows, tree height had the strongest correlation with percent
change in SOC % (-0.77, p < 0.10). Higher percent change was observed from 0-30 cm where
hedgerows had lower average tree heights. However, when looking at depth- and mass-based
carbon stocks, there were no clear correlations between observed changes and any structural or
compositional parameters.
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Figure 2.4 Boxplots showing the upper (75 percentile), lower (25 percentile), median (bars) and mean (diamonds)
of the percent delta (change in) soil organic carbon (dSOC) from 2013 to 2018 for three carbon metrics:
concentration refers to SOC % averaged for 0-30 cm, depth-based refers to carbon stocks (t C ha-1) totaled for 0-30
cm, and mass-based refers to carbon stocks (kg C) in 0.4 t m -2 of soil equivalent. Different letters indicate significant
differences (P < 0.05).

There was disagreement across the three measured carbon metrics as to how SOC changed over
a five-year period. SOC % at most plots appeared to increase from 2013 to 2018, averaging an
increase of 34.9 % relative to the 2013 baseline values or 2.04 ± 0.22 % in SOC concentration
from 0-30 cm. Alternatively, all hedgerows showed SOC losses from 2013 to 2018 when
changes were measured using depth-based carbon stock, with an average of 38.9 ± 5.5 %
decrease in the top 30 cm, or -20.8 ± 2.8 t C ha-1. When using mass-based carbon metrics to
calculate change for a 0-30 cm depth equivalent, however, SOC showed increases at most plots,
averaging 10.8 ± 5.6 % change, or 0.9 ± 0.5 kg C in 0.4 t m-2 of soil equivalent. When comparing
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changes observed in mature and immature hedgerows, no differences were observed for any of
the three carbon metrics.
2.4
2.4.1

Discussion
Considerations for Hedgerow and Riparian Buffer Carbon Storage

The range in total C stocks observed in hedgerows was quite large compared to other studies.
The higher density of vegetation observed in hedgerows compared to woody riparian buffers,
particularly when vegetation was more mature (height > 20 m and mean DBH > 100 cm), likely
more than doubled the range observed in hedgerow above-ground C values in comparison. A
recent study conducted in the UK observed average values of 42 ± 3.78 t C ha-1 in hedgerows
averaging 3.5 m in height (Axe et al., 2017). All hedgerows in the study had mean heights above
3.5 m and several had heights above 10 m. Though above-ground C in shorter hedgerows fell
within the range observed in other shrub dominated hedgerows, above-ground C was more
similar to multistory tropical agroforestry systems where average height exceeded 8 m. For
example, values reported by Lasco (2001) were on average 116.46 ± 31.16 t C ha-1 for
agroforests in the Philippines. In two cases, hedgerows with no understory vegetation were
dominated by mature hardwoods which had a large portion of tree measurements exceeding the
limits of the allometric equations used (Appendix Table A.2). I chose the most conservative
estimates from the equations available; however, biomass estimates still exceeded those found in
other studies. Uneven terrain surrounding the tree boles at these sites could have introduced error
into the field measurements and subsequent above-ground C estimates.
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The study results suggest that above and below-ground carbon storage are not impacted by
hedgerow dimensions. The range in widths of measured field margins could have been too small
to see significant differences alongside other more influential parameters. Further research
observing how SOC values change with proximity to the edge of the hedgerow could provide
more information on the relationship between carbon storage parameters and dimensions.
Riparian buffers had lower Simpson’s and Shannon’s Diversity indices on average with lower
standard deviation when compared to hedgerows, which could explain the lack of clear
correlation with SOC parameters. The high correlation observed between species diversity and
SOC in hedgerows could be due to the greater diversity of litter inputs (Dawud et al., 2016,
Vesterdal et al., 2013). The contrasting high negative correlation between above-ground C and
species diversity in hedgerows likely has more to do with the maturity of the trees in single
species hedgerows than the lack of diversity. Hedgerows high in above-ground C may be useful
in a landscape level carbon accounting context and could be prioritized for conservation.
However, the correlation between biodiversity and SOC suggests it is an important consideration
in new plantings. Additionally, a common concern with incorporating trees into field margins is
shading of production vegetation and competition for nutrients (Hussain et al., 2016). Therefore,
designs focused on maximizing below-ground C through above-ground biodiversity, rather than
focusing on above-ground C, might be more appealing to farmers. Further research into different
species combinations, prioritizing native vegetation, could reveal more about how to architect
hedgerows for optimal SOC storage.
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2.4.2

Carbon Metrics Differ on Non-Production vs. Production Area SOC

The greater SOC % in woody riparian buffer and high-diversity hedgerow plots when compared
to production plots was expected given the more abundant and diverse leaf litter inputs coming
from the non-production areas (Stockmann et al., 2013). In terms of depth-based carbon stocks, I
expected to find more pronounced differences between all agricultural plots and high-diversity
hedgerows down to 30 cm, as has been observed in previous studies. Lim et al. (2018) found
SOC stocks to be significantly greater in the top 30 cm on mineral soil in treed areas (hedgerows,
shelterbelts, and silvopasture) compared to neighboring herbland (p<0.007). This relationship
between production and non-production LULC categories was more evident in mass-based
approaches for a 0-30 cm equivalent. The disappearance of all LULC differences below 30 cm,
or a 30 cm equivalent in the case of mass-based measurements, is consistent throughout the
results and aligns with previous research.
The contradictory significance of differences between woody riparian buffers and high-diversity
hedgerows in modelling depth-based versus mass-based carbon stocks is likely due to large
differences in the bulk density measurements used to calculate depth-based SOC. The higher
bulk densities found in production LULC categories (annual cropland and managed grassland)
could be attributed to large machinery compacting soils in production fields (Huntington et al.
1989, Schjonning et al. 2012). Bulk density samples in treed areas were characterized by a larger
coarse fraction and greater root biomass, which decreased measured bulk density (Korolev et al.,
2012). The higher bulk density did contribute to higher depth-based stock calculations for annual
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cropland and managed grassland relative to woody riparian buffers and high-diversity
hedgerows.
Lower SOC % and depth-based carbon stocks found in low- compared to high-diversity
hedgerows from 15-30 cm are consistent with measurements from similarly classified hedgerows
(Thiel et al., 2015), but I expected this relationship to appear in mass-based carbon stocks as
well. The lack of differences across all carbon metrics and at all depth levels between lowdiversity hedgerows and managed grassland, in addition to lower SOC % and depth-based
carbon stocks compared to annual cropland, suggest low-diversity hedgerows would not increase
carbon storage potential compared to other alternatives. This, along with significant differences
between high-diversity hedgerows and production LULC categories in the top portion of soil for
multiple carbon metrics, supports conserving and planting high- over low-diversity hedgerows
with a goal of maximizing carbon storage. However, merely planting diverse species may not
increase SOC storage potential long term. A closer examination of high-diversity hedgerow soil
properties could reveal conditions which support higher woody diversity and potentially therein
SOC storage.
2.4.3

Variation in Carbon Storage Change Across Metrics and Plots

Previous research has shown lower accumulation of below-ground C in more mature tree stands
(Jonard et al., 2017). This is consistent with the strong negative correlation observed between
SOC % and tree height. Immature hedgerows, assumed to have smaller trees, appear to increase
the carbon to soil ratio at a faster rate than hedgerows with a greater portion of matured trees.
Thus, changes should be actively monitored and accounted for in areas of less mature hedgerows
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when regularly updating carbon storage, and any generalization of SOC numbers should account
for hedgerow age.
Though decreases in bulk density over a five year period are larger than what has been reported
in other studies (Toriyama et al., 2011), large differences could be attributed to techniques used
in planting hedgerows. A subgroup of the benchmark hedgerows was planted in the last 25 years,
and the hedgerow plantings are often accompanied by tilling, incorporating amendments and, in
some cases, adding bark or sawdust mulches, which could explain decreases in the short-term.
Alternatively, the differences could more so reflect challenges surrounding bulk density
measurements in forested areas than drastic changes in the soil over a 5-year period. In the case
of the latter, inaccuracies in bulk density measurements can impact depth-based change
estimates, and therefore, should be contextualized by additional carbon metrics.
In this case, changes in SOC reflected in mass-based carbon stock measurements suggest that in
most plots, carbon mass is not decreasing over time. Combined with the substantial increases in
SOC % observed from 2013 to 2018, the mass-based and depth-based approaches present
contrasting perspectives on external influences on the soil between 2013 and 2018. Due to the
range in biomass maturity and soil texture in the benchmark hedgerows (Appendix Table A.1), I
expected to see a larger range in carbon change responses, as is reflected in the mass-based
approach results. However, differences between depth-based and mass-based carbon stock
change measurements did not prove to be significant. Regardless, the difference in mean percent
change across the three methods would have massive implications when attributed at the
landscape level. While the strong correlation between SOC % and mass-based SOC changes
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better supports using the mass-based carbon stock change estimates for any carbon accounting,
these results would benefit from additional research comparing SOC change estimates across
approaches due to the small sample size and short time frame for change measurements.
Additionally, while no differences between mature and immature hedgerows were observed in
this study, increasing the length of the study and sample size could illuminate more subtle
differences in SOC change attributable to hedgerow age.
2.5

Conclusion

On average, hedgerows stored 288.6 t C ha-1 and riparian buffers stored 232.6 t C ha-1 in total C
stocks. In terms of composition, a strong correlation was observed between species diversity
indices and SOC concentrations and depth-based carbon stocks, suggesting species diversity is
an important consideration in hedgerow design for maximum carbon storage. Among hedgerows,
capacity for carbon accumulation was higher in less mature hedgerows. However, more research
into longer term carbon accrual is needed to accurately quantify carbon change dynamics in
hedgerows.
Higher SOC % was observed in non-production LULC categories, but not all differences were
reflected when calculating carbon stocks. Mass-based carbon stock versus depth-based carbon
stock calculations rendered contrasting results in landscapes with diverse land use and land
cover, which could have important implications for accurate carbon accounting. The
discrepancies demonstrate the need for mass-based carbon stock calculations in addition to more
widely used depth-based calculations, particularly when evaluating and monitoring carbon
storage within agricultural landscapes. Overall, the results demonstrate a large range of carbon
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storage potential within hedgerows and riparian buffers and outline considerations for
conservation, planting, and meaningful comparisons to alternative land uses
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Chapter 3: Landscape level hedgerow and riparian buffer carbon storage
evaluation using rule-based feature extraction

3.1

Introduction

Hedgerows and riparian buffers have been promoted as an effective means of improving
ecosystem services, particularly climate change mitigation, in agricultural landscapes. On an
individual farm level, capacity to capture and store carbon dioxide (CO2) is relatively small but
can be meaningful when scaled to regional or national levels (Montagnini and Nair, 2004;
Schoeneberger, 2009). Developing accurate estimates of regional hedgerow and riparian buffer
carbon stocks however continues to be challenging given the difficulty of mapping such fine
features. Maps detailing distribution and size are a critical first step toward quantifying the
climate mitigation potential of hedgerows and riparian buffers. Manual surveys and digitizing
have been used historically to create accurate maps; however, this approach is time consuming
(O’Connell et al., 2015) and inefficient in the context of multi-temporal analyses. Without
frequent updates to hedgerow and riparian buffer extent maps, management initiatives lack the
spatial information required to monitor changes that would inform evaluation and improve
conservation or enable monitoring, reporting, and verification of mitigation strategies. Remote
sensing methods offer an alternative that automates elements of detection, potentially allowing
for faster, easier, more accurate, and cheaper repeat analysis than current methods.
Several studies have utilized object-based methods to some degree to extract hedgerows and
riparian buffers (Ha et al., 2019). Object-based image analysis methods are a means of bolstering
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spectral information and have shown improvements when compared to pixel-based methods
specifically in the context of linear feature extraction (Yan et al., 2006). Differentiating woody
vegetation organized in hedgerows and riparian buffers from woody vegetation constituting
forest and tree patches requires contextual spatial information that is lost in pixel-based
classification methods (Guo et al., 2007). In contrast, object-based image analysis approaches
segment images into groups of pixels with similar spectral and textural signatures to extract
target features from imagery (Blaschke, 2010). The image-segmentation parameters determine
the range of values allowed within a segment. The objective in parameterization is to assign
segmentation and merge levels that group pixels of the target object as one segment (Hossain and
Chen, 2019). More complex approaches have then classified the segmentation layer using
machine learning methods (Ducrot et al., 2015; O’Connell et al., 2015; Pasher et al., 2016). A
major advantage to using machine learning algorithms is the ability to run numerous models
using a wide range of input variables and to identify the ones with the greatest predictive strength
forfor land cover classifications (Blaschke, 2010). Spectral values, vegetation indices,
topographic data, and existing land cover datasets among other data sources have been applied in
various geographies to enhance machine learning approaches for hedgerow and riparian buffer
classification (Ha et al., 2019).
Any input datasets should cover the entire study area and have similar spatial resolution, which
can be challenging to achieve for large geographies especially at high resolutions. Lowering the
spatial resolution, on the other hand, would likely negatively affect hedgerow and riparian buffer
detection because of their long and narrow dimensions. When running simulations on how grid
size can impact linear feature detection, Lechner et al. (2009) found reduced classification
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accuracy as the length to width ratio of target features increased. Greater pixel area of elongated
features was required to reach comparable accuracy when compared to square features.
Considering the elongated nature of hedgerows and riparian buffers, spatial resolution would
need to be higher to reach comparable accuracy levels of classification of other more-square land
cover features like cropland or forest patches.
To reduce the need for high-resolution ancillary data, a method of feature extraction utilizing
spectral, textural and geometric rules relevant to the object of interest can be used to select
segments meeting the necessary criteria. To successfully implement rule-based feature extraction
and other object-based approaches, however, the spatial resolution of the imagery still needs to
be fine enough that hedgerow and riparian buffer features are represented by multiple pixels
(Blaschke, 2010).
Several studies have demonstrated varying levels of success extracting hedgerows and riparian
buffers from very high resolution satellite imagery using object-based methods (e.g.
Czerepowicz et al., 2012; O’Connell et al., 2015; Wiseman et al., 2009). While higher spatial
resolution imagery enables finer feature detection, it becomes more impractical to acquire and
process at increasing spatial scales. In a review conducted by Ma et al. (2017), 95.6% of the
included 173 object-based land cover classification studies were conducted in small areas (<100
ha) possibly due in part to this challenge. On the other hand, decreasing the spatial resolution
limits the minimum size feature that can be detected. Ducrot et al. (2015) tested five spatial
resolutions ranging from 50 cm to 20 m to determine the tradeoffs involved in identifying
agroecological infrastructures, including hedgerows. The 10 m resolution imagery extracted most
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hedgerows but did not match the feature definition or accuracy of narrower features achieved in
the 2.5 m imagery. There is consensus in the remote sensing community that particularly narrow
features, like hedgerows and riparian buffers, require a minimum of 4-5 m spatial resolution for
adequate detection (Lechner et al., 2009). Using imagery from the RapidEye sensor (5 m spatial
resolution) could improve feature definition but with a lower processing time tradeoff compared
to 2.5 m resolution imagery.
Land parcel or cadastral information has been utilized in a variety of ways to facilitate linear
feature detection due to the placement of hedgerows along property edges. As ancillary data in
machine learning algorithms or feature extraction programs, cadastral data has been able to
isolate linear vegetation surrounding agricultural fields in a number of studies (Ducrot et al.,
2015; O’Connell et al., 2015; Skalos, 2010; Welsch et al., 2014). Other studies which did not use
cadastral data have recommended including it as a means to improve results (García-Feced et al.,
2014; Tansey et al., 2009). One study conducted in BC used cadastral data to reclassify
hedgerows from an identified non-production woody vegetation land cover category in a
hierarchical classification approach (Rallings, 2016). Building off of the Rallings (2016)
approach, a new approach could utilize cadastral information to isolate a network of field
margins within the study area and only detect woody vegetation in field margins. The same
approach could be applied to riparian buffer detection using riparian zones. By clipping the
imagery to only field margins and riparian zones, spectral and textural ranges typical of tree and
shrub cover could be used to differentiate hedgerows and riparian buffers from other land cover
types like grass margins or bare earth. As with any ancillary data layer, though, developing a
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method dependent on cadastral data can be problematic for the final classification if the data are
outdated or incomplete (Arias et al., 2013).
Considering geometric characteristics in addition to spectral and textural ones could result in
more successful feature extraction (Suetens et al., 1992) as an alternative to relying on cadastral
data. There are a variety of approaches that make use of the predictable spatial characteristics of
hedgerows and riparian buffers. In Saskatchewan where hedgerows are organized along similar
orientations, Ha et al. (2019) identified horizontal and vertical lines using a vegetation spectral
index. Other studies have focused on geometry in addition to orientation. Some successful
feature extraction approaches have started with edge detection as a way to pre-choose objects
with specific spatial characteristics (Fauvel et al., 2012; Rydberg and Borgefors, 2001), however
the steps can get quite technical and little information is typically shared about the image preprocessing (Quackenbush, 2004) making them difficult to repeat. With the intention of creating
methods to manage and monitor these structures, it is important to choose a method that can be
understood and repeated by regional governing agencies. A simpler approach could set
thresholds for typical geometric dimensions of hedgerows and riparian buffers to be utilized in
the feature extraction process to identify segments with the appropriate spatial characteristics,
similar to width thresholds utilized by Wiseman et al. (2009). In dynamic and heterogeneous
landscapes, this approach could be more appropriate than a method using cadastral and riparian
zone image clipping which removes the spatial context provided by surrounding pixels.
A simple, cost effective and accurate approach for classifying hedgerow and riparian buffers
across large areas would enable the repeated analysis required to inform planning and potentially
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evaluate incentive programs such as payments for carbon. While landowner survey data
provides a general picture of changes in hedgerow and riparian buffer coverage, it does not
provide details required for accurate determination of changes in ecosystem service provisioning.
There are a range of approaches to change detection from using simple algebra to detect changes
in spectral values between dates, to applying more advanced change models finely tuned to
specific spectral responses (Lu et al., 2004). The complexity of the approach can impact the
usefulness and repeat analysis, as more complex approaches can be difficult to understand and
repeat. In the context of hedgerow and riparian buffer change detection, most studies take a postclassification comparison approach where hedgerow and riparian buffer feature maps are
compared to baseline historic or previously digitized maps (e.g. Novotný et al., 2017; Plieninger,
2012; Van Den Berge et al., 2019). Of course, the appropriate change detection approach is also
influenced by the desired frequency of analysis and scale (Lu et al., 2004). More resource
intensive approaches, like digitizing, can make sense for smaller study areas or longer-term
change studies (e.g. Kristensen and Caspersen, 2002). For larger geographies, particularly where
historic maps do not exist, however, feature extraction rules provide a more resource efficient
approach to change analysis. They can be applied continuously to new and old imagery with the
proper image pre-processing and calibration. In addition, maximizing the efficiency of the
analysis method increases the viability of higher-frequency change detection. Monitoring more
incremental changes allows the government to proactively engage with landowners to understand
behaviors and make programmatic adjustments (Angelidis et al., 2017).
In addition to careful consideration of the methods based on the intended use case within
provincial government, the final maps should be thoughtfully designed to support decision
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making. Spatial patterns in fine feature information can be difficult to discern at larger scales. To
support regional prioritization, it can be helpful to resample information to 1 km grid cells (e.g.
García-Feced et al., 2014; Van Der Zanden et al., 2013). Aggregating fine feature data can make
better use of limited resources by indicating areas with the highest and lowest hedgerow and
riparian buffer densities.
Reliable discrete feature and density maps can also be used to model associated ecosystem
services, such as carbon storage (Ha et al., 2019; Pasher et al., 2016). Estimating carbon
sequestration attributed to specific management practices, like hedgerow and riparian buffer
integration, and modelling different future scenarios of distribution and coverage can inform
provincial strategies for carbon accounting and help calibrate incentives. Monitoring hedgerow
and riparian buffer changes in terms of carbon storage can also track regional progress towards
long-term carbon sequestration goals and carbon investments.
My aim in this study was to compare two approaches of extracting hedgerows and riparian
buffers using the same imagery of a single agricultural landscape from the RapidEye sensor to
develop simple, reliable and repeatable detection methods for highly heterogeneous landscapes.
In the first approach, I applied geometric rules in addition to spectral and textural rules to the
imagery in order to identify hedgerows and riparian buffers. For the second approach, I used
cadastral data and the freshwater atlas to clip the image to field margins and riparian zones—no
geometric rules were applied. In comparing the two approaches, I assessed whether limiting or
maintaining the spatial context facilitates more successful hedgerow and riparian buffer detection
in this landscape. In addition, I was interested in how well this approach would perform when
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repeated with imagery from different time-steps in an effort to calculate changes in coverage. My
specific objectives were to: (1) compare feature extraction methods using 2017 imagery; (2) test
the better performing method over multiple time periods; (3) identify areas with high densities of
hedgerow and riparian buffer coverage; and (4) estimate changes in hedgerow and riparian buffer
carbon across the landscape between 2009 and 2017.
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3.2

Methods

Error! Reference source not found. provides an overview of the feature extraction and
validation workflows utilized in this study. In general, for my analysis I utilized similar
feature extraction and classification methods into two approaches, one across the entire
continuous study area and the other to an area most likely to be either hedgerows or riparian
buffers. A set of validation polygons was used to assess the accuracy of the feature extraction
method, and a set of validation points was used to assess the final classification accuracy of
both approaches. The approach with the highest accuracy for 2017 was then used to estimate
changes in coverage and carbon storage from 2009 to 2017.
3.2.1

Study Area

The study area is described in detail in section 1.4. (Figure 1.1). The region consists of 16
census consolidated subdivisions (CCS) which are an aggregation of census subdivisions.
3.2.2

Image Preparation

Image tiles from the RapidEye sensor collected in 2017, 2014, and 2009 were used in this
study (Error! Reference source not found.). RapidEye imagery has a 5 m spatial resolution
collected across five spectral bands: blue (440 – 530 nm), green (520 – 590 nm), red (630 –
685 nm), ‘red edge’ (690 – 730 nm), and near infrared (760 – 850 nm). Imagery was
orthocorrected and contained < 5 % cloud cover. Tiles from mid-agricultural season (June –
July) were mosaiced using the ‘raster’ package in R (Hijmans 2018) and reflectance across
each band was normalized by the sum of all bands to correct for differences in illumination at
the date of image collection. Where image tiles were missing due to quality, image tiles with
the closest date to the season range were chosen to supplement the mosaic. Mosaics from
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individual years were then geometrically synced using ENVI Classic version 5.5 (Exelis
Visual Information Solutions, Boulder, Colorado).
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Figure 3.1 The feature extraction and feature classification processes. The feature extraction process diverges based on the mapping extent used. The full extent mask
represents the full study area, while the clipped extent mask represents field boundaries and riparian zones within the study area. The feature classification steps are the same
for both full and clipped extent feature extraction outputs.
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Table 3.1 RapidEye image tiles ordered by date.

Agricultural Season
Post Season 2017
Mid Season 2017
Mid Season 2014
Post Season 2009
Mid Season 2009

3.2.3

Date Range
10/03/2017
06/30/2017 - 07/15/2017
06/30/2014 - 07/16/2014
07/20/2009 - 10/05/2009
07/02/2009 - 07/10/2009

# of Tiles
1
17
15
22
15

Sensors
2
1,2,3
1,2,5
1,4,5
2,5

Image Clipping

I analyzed the study area in 2017 using two different extents to compare the success of
contrasting methodologies for linear feature extraction. In the first method, I used the entire
study area indicated in Error! Reference source not found. and extracted linear features as
part of the rule setting step in the feature extraction workflow. I refer to this method
throughout as the full extent approach. The second method buffered property boundaries
contained in the 2013 Cadastre map of the LFV by 15 m on either side and buffered surface
water contained in BC’s Freshwater Atlas (Integrated Land Management Bureau, 2009) by
25 m on either side to attain a network of field edges. The imagery was clipped to the field
edge areas for analysis. This method, I refer to as the clipped extent approach.
3.2.4

Feature Extraction and Classification

ENVI version 5.5’s Ruled Based Feature Extraction workflow was used to identify the linear
woody features on the landscape (Exelis Visual Information Solutions, Boulder, Colorado).
Segmentation and merge parameters were calibrated using five sub-sections (5 km2)
distributed throughout the study area that were dense with hedgerows and riparian buffers.
The same calibration areas were consulted to set spectral and textural rules. Geometric rules
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were not applied in the clipped extent approach, however, segments in the full extent
approach were required to have an elongation greater than 1.5 to differentiate linear from
non-linear.
Once exported from ENVI’s workflow, linear features were classified using ancillary data
layers. Polygons overlapping with larger forested areas in a 30 m LULC classification map
(Paul, 2020) were designated as forest patch and reclassified as “other”. The remaining linear
features were then differentiated using the BC’s Freshwater Atlas. Polygons with center
points within 25 m of surface water were classified as riparian buffers and the remaining
polygons were classified as hedgerows. Hedgerow and riparian buffer coverage were
summarized by density (1 km by 1 km) and consolidated census subdivision.
3.2.5

Temporal Changes

Methods outlined in section 3.2.4 were applied to the prepared imagery from 2009 and 2014
(Table 3.1) to estimate coverage of hedgerows and riparian buffers in those respective years.
Coverage maps for individual years were compared to calculate changes in hedgerow and
riparian buffer density in 1 km by 1 km grid cells. Mean carbon estimates for hedgerows and
riparian buffers developed for chapter 2 (Appendix Table A.1) were applied to 2009, 2014,
and 2017 1 km by 1 km density maps using equations 6 and 7 for hedgerows and riparian
buffers respectively to estimate potential changes in associated carbon storage.
𝐶𝐻 = 120.0 ∗ ∑𝑛𝑖=0 𝐻𝑑𝑖 ∗ 108 ± 38.5 ∑𝑛𝑖=0 𝐻𝑑𝑖 ∗ 108

(6)

Where 120.0 t C ha-1 represents the mean above-ground carbon stock observed in hedgerows,
38.5 t C ha-1 represents the standard error, Hd represents the density of hedgerows in a given
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1km by 1 km pixel (i), and CH is the carbon storage estimate for hedgerows across the
landscape in Mt C.
𝐶𝑅 = 153.9 ∗ ∑𝑛𝑖=0 𝑅𝑑𝑖 ∗ 108 ± 37.1 ∑𝑛𝑖=0 𝐻𝑑𝑖 ∗ 108

(7)

Where 153.9 t C ha-1 represents the mean above-ground carbon stock observed in riparian
buffers, 37.1 t C ha-1 represents the standard error, Rd represents the density of riparian
buffers in a given 1 km by 1 km pixel (i), and CR is the carbon storage estimate for riparian
buffers across the landscape in Mt C.
Changes in hedgerow and riparian buffer coverage were again summarized by density (1 km
by 1 km) and consolidated census subdivision.
3.2.6

Accuracy Assessment

Classification accuracy was assessed using 482 randomly selected points throughout the
study area. Hedgerows were identified as continuous strips of woody vegetation acting as a
boundary between properties or fields. Riparian buffers were identified as semi-linear areas
of woody vegetation contouring surface water features. Lines of woody vegetation exceeding
40 m at the narrowest point or discontinuous vegetation with gaps larger than 20 m were not
considered hedgerows or riparian buffers. Points were manually classified using a 5 x 5 m
grid and RapidEye image tiles alongside Google Earth Imagery (Google Inc., 2019). The
producer’s and user’s accuracies and the kappa value were calculated for each method’s final
classification.
Shape and position metrics were calculated using methods adapted from Lizarazo, (2014) to
assess the accuracy of extracted features compared to the true features. Five 2 km2 areas
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distributed throughout the study area were identified at random using ArcGIS version 10.5
(ESRI 2017, Redmond California). All hedgerows and riparian buffers within the validation
areas were identified using the same rules as above and digitized. The digitized features were
compared to the extracted features using equations 8 and 9.
𝑆 = 𝑟𝑛𝑝𝑖 𝑘

(8)

Where rnpi is the ratio of normalized perimeter index of the classified object to that of the
reference object, and k is given as the value 1 unless rnpi is greater than 1. The resulting S
value, or shape index, ranges from 0 to 1, where a classified object with a shape more similar
to the reference object will have a value closer to 1.
𝑃 = 1 − 𝑑𝑐𝑒𝑛𝑡 /𝑑𝑐𝑎𝑐

(9)

Where dcent is the Euclidean distance between the reference object’s centroid and the
classified object’s centroid and dcent is the diameter of the combined area circle. The resulting
P value, or position index, ranges from 0 to 1, where a classified object with an accurate
position would have a value of 1.0.
Pixel and object-based accuracy metrics of the two feature extraction approaches were
compared for 2017, and the extent method achieving the highest accuracy was used to extract
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Figure 3.2 The validation process utilized a set of points and polygons to compare full and clipped extent approach results. Additional points were added to the validation set
to assess the accuracy of hedgerow and riparian buffer loss, persistence and gain detection.
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features from the 2014 and 2009 imagery. Validation points were reclassified for 2009 and
2014, determining loss, persistence and gain for each class between time steps. Additional
predicted change points were extracted from the predicted maps. Thirty points predicting
hedgerow loss, hedgerow gain, riparian buffer loss and riparian buffer gain (120 points per
year to year comparison) were manually classified. Change prediction points were combined
with the existing validation points to calculate producer’s and user’s accuracies and the kappa
of change maps for each year to year comparison.

Figure 3.3 Close ups of two examples of validation areas (a) at progressive stages of image analysis: (b) image
masking used for the full (upper) and clipped (lower) analysis approaches; (c) image segmentation used in
feature extraction; and (d) feature classification. Imagery shown in (b) and (c) was collected by the RapidEye
sensor in 2017.
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3.3

Results

3.3.1

Comparing Accuracy of Full and Clipped Extent Approaches

Although the full extent approach had greater coverage and a larger range of hedgerow density
than the clipped extent approach (Error! Reference source not found.), the distribution of
relative high and low density areas was similar between the two approaches (Figure 3.6; Figure
3.6). Langley had the highest mean hedgerow density in both approaches relative to other
consolidated census subdivisions, but mean hedgerow coverage in the clipped extent approach
(2.8 ± 0.1 %) was 65% lower than in the full extent approach (7.9 ± 0.3 %).
Riparian buffer densities had a similar range, but the distribution patterns were more dissimilar
between the approaches (Figure 3.6; Figure 3.6). The total area of overlap between the two
classifications was only 8.1 km2, a fifth of the total riparian buffer coverage in the full extent
approach. The clipped extent approach extracted greater riparian buffer coverage on average in
Surrey, surrounding the Serpentine and Nicomeki River networks, while the area surrounding the
Pitt River network (Fraser Valley G and Pitt Meadows) contained the highest densities in the full
extent approach.
Table 3.2 Confusion matrices for full and clipped extent feature classification of hedgerows, riparian buffers, and
other using land use and land cover. Classification utilized RapidEye imagery collected in 2017.

2017 Full
Extent

Predictions
Hedgerow

Riparian
Buffer

Other

Total

Producer's
Accuracy

Hedgerow

43

0

19

62

69%

Riparian Buffer

2

48

22

72

67%

Other

15

18

315

348

91%
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Total

60

66

356

482

72%

73%

88%

Overall
Accuracy

84%

Hedgerow

15

0

47

62

24%

Riparian Buffer

2

32

38

72

44%

Other

12

20

316

348

91%

Total

29

52

401

482

52%

62%

79%

Overall
Accuracy

2017 Clipped Extent

User's Accuracy

User's Accuracy

75%

Kappa

0.63

Kappa

0.34

In terms of accuracy, the clipped extent approach had lower commission than omission error for
both hedgerow and riparian buffer classification. Producer’s accuracy was 24% for hedgerows,
compared to a user’s accuracy of 52% (Table 3.2). The margin between producer’s and user’s
accuracy for riparian buffers was smaller and user’s accuracy was only slightly higher. As for
object-based metrics, shape similarity was higher for hedgerows, whereas position similarity,
though still low, was higher for riparian buffers (Error! Reference source not found.).
Table 3.3 Shape and position accuracy metrics for the hedgerow and riparian buffer predictions from the full extent
(left) and the clipped extent (right) using equations adapted from Lizarazo (2014).

Metrics
Full Extent

Shape
Similarity
Hedgerow
79%
Riparian Buffer
70%
Overall
76%

Position
Similarity
5%
16%
10%

Metrics
Clipped Extent

Shape
Similarity
Hedgerow
79%
Riparian Buffer
62%
Overall
73%

Position
Similarity
0%
26%
21%

The full extent approach sufficiently outperformed the clipped extent approach on all pixel-based
metrics. With substantially lower commission errors relative to the clipped extent approach for
both hedgerows and riparian buffers, the full extent approach achieved an overall accuracy of
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84% and a kappa value of 0.63 (Table 3.2). The shape similarity was again higher for hedgerows,
while position similarity was higher for riparian buffers, and values were similar across the
approaches (Table 3.3).

Figure 3.4 Raster histograms of hedgerow and riparian buffer density in 1 km by 1 km grid cells.
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To summarize, the two approaches were similarly successful with riparian buffer feature
extraction, but the magnitude of hedgerow features differed greatly, and the full extent approach
achieved higher accuracy. Based on a comparison of all performance metrics, the full extent
approach was chosen to calculate coverage for 2017 and conduct feature extraction for 2009 and
2014.
3.3.2

Coverage and Carbon Storage in 2017

Hedgerows comprised 5.3% (78.0 km2) of the total study area according to the full extent
approach and 11.6% (29.6 km2) of field margins. Across the study area, pixel hedgerow density
ranged from 0 to 25 % (Error! Reference source not found.) with 69.6 % of the area
containing densities <5 % and only 9.0 % with densities >10 %. Of the high-density pixels (>10
%), 84.5 % were consolidated in the center portion of the study area (Langley, parts of
Abbotsford and Maple Ridge), In contrast, ALR areas in Delta and Richmond had the lowest
hedgerow densities on average (1.4 ± 0.2 % and 1.5 ± 0.2 %, respectively) (Figure 3.5). Using
generalized estimates from chapter 2 (Appendix Table A.1), hedgerows carbon storage in aboveground biomass amounted to 1.0 ± 0.3 Mt C in 2017.
Riparian buffers made up 40.6 km2 of the landscape in 2017 according to the full extent
approach, which accounts for 2.7 % of the total study area and 28.0 % of the area surrounding
waterways. Pixel riparian buffer density ranged from 0 to 27 % (Error! Reference source not
found.) with 88.4 % of the study area containing densities < 5 % and only 3.2 % containing
densities > 10 %. Higher densities of riparian buffers (> 10 %) were concentrated around the
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river networks in Pitt Meadows and Surrey (Figure 3.6). Consolidated census subdivisions
surrounding the Pitt River and Upper Fraser River (Pitt Meadows, Maple Ridge, and Greater
Vancouver A) had the highest mean concentration of riparian buffer coverage with densities >
3.5 % (Figure 3.5). With lower total coverage compared to hedgerows, riparian buffers stored 0.4
± 0.1 Mt C in above-ground biomass in 2017.
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Figure 3.5 Boxplots showing the upper (75 percentile), lower (25 percentile) median (bars) and mean (diamonds) of
(a) hedgerow density and (b) riparian buffer density using the clipped extent approach (left) and the full extent
approach (right). Densities expressed as percent coverage of 1km by 1km pixels and grouped by consolidated census
subdivisions.
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Figure 3.6 Hedgerow (above) and riparian buffer (below) density in 2017 expressed as percent coverage on a 1 km
by 1 km grid using the full extent approach (left) and the clipped extent approach (right) to extract features. Areas of
relatively high distribution are similar between the two approaches. Hedgerow density values are generally higher in
the full extent approach.

3.3.3

Changes in Riparian Buffer and Hedgerow Coverage and Carbon Storage

When aggregated to a square kilometer, 59.1 % of the landscape experienced increases in
hedgerow density. Large increases in hedgerow coverage from 2009 to 2017 (> 0.05 km2)
occurred on 8.1% of the study area, representing a substantial portion of hedgerow coverage
change. The greatest average density change occurred in Maple Ridge, BC from 2009 to 2014
(2.5 ± 0.3 %) and 2009 to 2017 (3.5 ± 0.4 %). Langley, BC, the subdivision with the second
largest ALR area included in the study area, experienced the largest net increase in hedgerow
coverage (2.2 km2 or 13.9 % from 2009 to 2014; 5.1 km2 or 28.3 % from 2014 to 2017). The
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highest cumulative hedgerow removal occurred in Abbottsford, BC (-2.2 km2 or -11.1 % from
2009 to 2014 and -4.1 km2 or -23.3 % from 2014 to 2017).
Square kilometers with high riparian buffer change (> 0.05 km2) from 2009 to 2017 totaled 7.8%
of the study area, again mostly constituted by increases in coverage (7.0 %). Riparian buffer
density increased on 55.4% of the landscape from 2009 to 2017. Surrey, BC had high mean
riparian buffer density increases from 2009 to 2017 (2.3 ± 0.3 %) and from 2014 to 2017 (1.9 ±
0.3 %). Langley experienced the largest net increase in riparian buffer coverage as well (1.3 km2
or 48.1 % from 2009 to 2014; 3.6 km2 or 89.3 % from 2014 to 2017), making it the subdivision
with the greatest total linear feature change. None of the subdivisions experienced net losses
from 2009 to 2017, but losses were observed in Abbottsford, BC from 2009 to 2014 (-1.9 km2 or
-28.4 %) and in Fraser Valley C from 2014 to 2017 (-0.5 km2 or -10.4 %).
Overall, hedgerow and riparian buffer coverage appeared to experience a net increase from 2009
to 2017 by 14.9 km2 and 19.6 km2, respectively. Utilizing generalized carbon values for
hedgerows and riparian buffers (Appendix A Table 1A), this suggests increases in carbon storage
by 0.18 ± 0.06 Mt C and 0.30 ± 0.07 Mt C associated with hedgerow and riparian buffer
coverage dynamics, respectively, over 8 years.
3.3.4

Change Detection Accuracy

Riparian buffer and hedgerow coverage changed more than 70 % between each time step,
accompanied by high commission errors for new and removed hedgerows and riparian buffers
(Table 3.4; Figure 3.7; Figure 3.8). All change maps achieved high producer’s accuracy (> 85 %)
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for new and removed hedgerows and riparian buffers, and producer’s accuracy < 40 % for
hedgerow and riparian buffer no change categories. High no change omission errors and change
commission errors brought overall accuracy down to 61-62%. All change maps achieved a kappa
value of 0.35, much lower than the kappa for the 2017 feature map.
Table 3.4 Confusion matrices for land cover change of three classes: hedgerow, riparian buffer, and other. Changes
are calculated for 3 date comparisons: 2009 to 2014, 2014 to 2017 and 2009 to 2017.
Predictions
Hedgerow
No
Change
15

Removed
Hedgerow
16

New
Hedgerow
19

Riparian
Buffer No
Change
0

Removed
Riparian
Buffer
0

New
Riparian
Buffer
0

Other No
Change
25

Total
75

Producer's
Accuracy
20%

Removed Hedgerow

0

3

0

0

0

0

0

3

100%

New Hedgerow
Riparian Buffer No
Change
Removed Riparian Buffer

0

0

3

0

0

0

0

3

100%

0

0

0

25

18

34

11

88

28%

0

0

0

0

7

1

0

8

88%

New Riparian Buffer

0

0

0

0

0

4

0

4

100%

Other No Change

2

31

33

1

14

19

308

408

75%

Total

17

50

55

26

39

58

344

589

88%

6%

5%

96%

18%

7%

90%

Overall
Accuracy

Hedgerow No Change

23

13

24

0

0

0

15

75

31%

Removed Hedgerow

0

1

0

0

0

0

0

1

100%

New Hedgerow

0

0

2

0

0

0

0

2

100%

0

0

0

35

24

18

12

89

39%

2009 to 2017 Detected Changes

2014 to 2017 Detected Changes

2009 to 2014 Detected Changes

Hedgerow No Change

User's Accuracy

Riparian Buffer No
Change
Removed Riparian Buffer

62%

0

0

0

0

2

0

0

2

100%

New Riparian Buffer

0

0

0

0

0

1

0

1

100%

Other No Change

3

31

34

7

17

28

299

419

71%

Total

26

45

60

42

43

47

326

589

88%

2%

3%

83%

5%

2%

92%

Overall
Accuracy

Hedgerow No Change

18

10

26

0

0

0

16

70

26%

Removed Hedgerow

0

3

0

0

0

0

0

3

100%

New Hedgerow
Riparian Buffer No
Change
Removed Riparian Buffer

0

0

5

0

0

0

0

5

100%

0

0

0

24

23

32

12

91

26%

0

0

0

0

4

0

0

4

100%

New Riparian Buffer

0

0

0

0

0

4

0

4

100%

Other No Change

4

32

34

1

13

26

302

412

73%

Total

22

45

65

25

40

62

330

589

82%

7%

8%

96%

10%

6%

92%

Overall
Accuracy

User's Accuracy

User's Accuracy

62%

61%
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Figure 3.7 Percent change in hedgerow density from 2009 to 2017 per km2 (a) based on RapidEye imagery and
hedgerow classification using object-based image analysis for 2009 (left), 2014 (middle), and 2017 (right) in areas
with high vegetation density (b) and in areas dominated by agricultural production (c).
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Figure 3.8 Percent change in riparian buffer density from 2009 to 2017 per km2 (a) based on RapidEye imagery and
riparian buffer classification using object-based image analysis for 2009 (left), 2014 (middle), and 2017 (right) in
areas with smaller stream networks (b) and in areas connected to larger rivers (c).
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3.4
3.4.1

Discussion
Comparing Coverage Achieved by the Clipped and the Full Extent Approaches

The full extent feature extraction approach more accurately captured the true shape of the
vegetation. In areas where vegetation width was less uniform, the full extent analysis had more
flexibility to group similar pixels in the segmentation step (Figure 3.3c). Due to the width
limitations in the clipped extent, however, dissimilar land cover surrounding hedgerows and
riparian buffers was often grouped into hedgerow and riparian buffer segments. Despite these
visual differences, both approaches achieved similar values for shape similarity for both classes.
In this case, the shape similarity metric may be more of an indication of the level of similarity
that can be achieved when comparing features extracted from 5 m resolution imagery to features
digitized using very high-resolution imagery (< 50 cm). In future analysis, snapping validation
polygons to a pixel grid might improve the usefulness of this metric in drawing comparisons
between approaches.
The full extent approach also captured hedgerows falling outside of the cadaster layer (Figure
3.3d), which accounts for some of the disparity in pixel-based accuracy metrics for hedgerow
classification between the two approaches. Due to the full extent approach’s limited geometric
rules, some forest patches meeting the minimum elongation requirements were classified as
hedgerows, resulting in a larger number of commissioned hedgerows (Table 3.4). However,
Lechner et al. (2009) found high omission error rates with higher elongation (4.0) and lower area
objects. Additional geometric rules such as shortest width and longest width similarly reduced
commissioned hedgerows at the expense of overall accuracy. Tansey et al. (2009) demonstrated
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better success in differentiating hedgerows from other non-production vegetation landcover
classifications using airborne sensor imagery to generate high resolution digital surface models,
enhancing object-based methods. Area estimates for hedgerows in 2017 (83.4 km2) using the full
extent approach were nearly double the hedgerow estimates in 2013 (Rallings et al., n.d.) using
methods similar to the clipped extent approach, whereas the 2017 clipped extent hedgerow
coverage was 53.4 % below the Rallings et al. (n.d.) estimate. Despite large differences in total
coverage between the two maps, subdivisions with the highest density of hedgerows in 2017 also
had the highest density of tree and shrub cover in 2013 Rallings (2016).
The spectral and textural ranges used in the feature extraction step also overlapped with some
mid-season agricultural production fields, accounting for some of the commission error. I tested
post-agricultural-season imagery’s utility in differentiating the two land uses; however, the
shadowing in post-season imagery negatively impacted the segmentation step, resulting in lower
accuracy levels relative to the mid-season imagery. In testing multiple image dates, Ducrot et al.
(2015) also found mid-season date combinations to have the highest overall accuracy in France
and used multiple image dates to help independently classify shadows. In the Ducrot et al. (2015)
study, post-season dates achieved higher hedgerow classification accuracy, but shadows created
by hedgerows still impacted the results of higher resolution analysis and the authors encouraged
additional processing to manage shadows for specific dates. The larger textural and spectral
ranges in this study were also a product of the date range of image tiles. Normalizing reflectance
lessened the difference in spectral signature of land use and land cover types across tiles, but
more sophisticated means of calibrating image tiles from different dates and sensors could
improve the performance of the classification (De Carvalho et al., 2007).
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The riparian buffer classification accuracy was more similar between the two approaches, likely
due to the post feature extraction classification steps. Because proximity to the BC Freshwater
Atlas was utilized to differentiate riparian buffers from hedgerows, the spatial extent for riparian
buffer predictions between the two approaches was very similar. Within riparian buffer
predictions, the same strengths of the full extent approach carried over. Access to pixels
surrounding the buffered surface water network allowed the full extent to extract features that
more accurately matched the shape of the vegetation (Lechner et al., 2009). This also resulted in
higher total number of commissioned riparian buffers in the full extent, however commission and
omission error rates were still lower comparatively.
Possible improvements aside, the performance of the full extent analysis matched that of other
hedgerow and linear feature classification approaches. For a similar sized study area, Ducrot et
al. (2015) achieved 68.4% accuracy for hedgerow classification and a kappa value of 0.79
applying a multitemporal pixel-based approach to SPOT 5 10 m imagery. The authors
highlighted utilizing multiple dates as key to the success with 10 m spatial resolution. Single
dates were tested and accuracy never exceeded 44.0 %. Incorporating multiple image dates for
individual tiles could help improve this study’s results, however, it would invariably increase
processing time. Other studies attained higher accuracy levels when using higher resolution
imagery to analyze smaller areas (Sheeren et al., 2009; Tansey et al., 2009). For example,
O’Connell et al. (2015) was able to achieve 77 % accuracy in hedge detection using 25 cm pan
sharpened airborne imagery covering a 10,000 ha area.
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The clipped extent approach did not perform well for landscape level classification accuracy
compared to the full extent approach performance and results from other studies. Despite this,
the clipped extent provides a better blueprint of potential integration areas. Field margin maps
could help identify and prioritize areas for targeted hedgerow and riparian buffer integration. On
the other hand, the full extent final map more accurately captures area of tree coverage, including
hedgerows and riparian buffers, within agricultural landscapes. Though some smaller patches of
trees were included, the approach removed larger forest patches and achieved a comparable
kappa value to other linear feature extraction approaches. Due to its more accurate feature
outlining, the full extent approach could provide a better foundation for attributing carbon
storage estimates to hedgerows and riparian buffers within agricultural production areas.
3.4.2

Challenges to Accurately Detecting Changes in Coverage

The proposed methods did not produce reliable hedgerow and riparian buffer change maps. High
producer’s accuracy values for new and removed hedgerows would suggest this approach was
successful in detecting changes. Unfortunately, these values are misleading due to smaller
sample sizes for class validation of new and removed features. High commission errors for
change related to hedgerow classification (Table 3.4) suggest that there is substantial
disagreement in hedgerow prediction between the time steps.
Observed increases in riparian buffer coverage were due in large part, again, to the disagreement
between classification maps. Figure 3.8b demonstrates examples of riparian buffers going
undetected in 2009 and 2014 imagery, resulting in high degrees of change in those areas. Across
the full study area, 2014 riparian buffer coverage (1.2%) is much lower compared to a 2013 land
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cover classification using similar methods where riparian buffers represented 14.6 % of the total
study area (Rallings et al., n.d.), further substantiating the misclassification of undetected
riparian buffers in 2009 and 2014 as new riparian buffers in 2017. However, study area coverage
of riparian buffers in 2017 (3.0%) is still much lower than the 2013 analysis, indicating that the
geometric rules introduced in this study’s approach resulted in more conservative riparian buffer
coverage estimates overall.
The inaccuracies in change detection despite the success of this approach in identifying features
in the 2017 imagery could be mitigated through adjustments to various steps in the workflow.
Other studies have highlighted the importance of the image segmentation parameters as they
define the input for all further analyses (Ha et al., 2019; Wiseman et al., 2009). Despite identical
input parameters applied to the three analysis years, the respective segments did not always
match up (Figure 3.7; Figure 3.8). Because the rules used in the feature extraction process apply
to the mean spectral and textural values for the pixels in each segment, differences in pixel
groupings for 2014 and 2009 imagery could cause the mean values to fall outside of the range
allotted for feature extraction. Instead of producing individual segmentation layers for each year,
the segment vector dataset produced for the calibration year (2017) could be applied to any
subsequent years to ensure consistency in pixel groupings. There are some limitations to this
approach because the calibration image defines the segmentation of the landscape. When
comparing to past imagery as I did in this study, losses would likely be more difficult to detect.
For example, if a hedgerow was removed in 2010 to expand the adjacent crop field, the 2017
imagery would likely group the pixels contained in the expanded crop field as one segment. The
hedgerow pixels in the 2009 imagery would then merely change the mean spectral and textural
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values for the segment, but the linear feature would not be extracted. When comparing to future
imagery, the reverse would be the case.
Even if the image segments are identical, however, there still might be discrepancies in spectral
and textural values due to the sensor and image collection date which would impact the success
of the 2017 calibrated rules. Developing more robust training datasets with more detailed land
cover classifications (ie tree and shrub, dense tree cover, sparse tree cover, grassland, shrubland)
and generating histograms for each of those levels to try to adjust the ideal textural and spectral
ranges manually could help to improve classification. More specific land cover classifications
could also give more insight into which compositional characteristics of hedgerows and riparian
buffers are most challenging to capture. However, manual adjustments for individual time-steps
would not be an ideal solution, particularly in the context of continued change analysis.
A more efficient option would be to address the inconsistencies in spectral and textural
characteristics from different sensors and collection dates in the image pre-processing step.
Normalizing spectral values by the sum of all bands in addition to industry pre-processing did
not seem to account for enough of the variance in sensor and date of image collection. The
RapidEye sensor was launched in 2008 and collected fewer images in 2009 compared to
subsequent years. This resulted in fewer available image tiles and a larger range of image
collection dates, which could explain some of the disagreement between 2009 and 2017 imagery.
Though there is less classification disagreement when comparing 2014 and 2017, it appears that
the 2014 imagery would also benefit from improved pre-processing. Normalizing the imagery
using a sensor with higher collection frequency and a larger swath like Landsat could capture
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more of the spectral and textural variance attributed to sensor and collection date. Several
multitemporal studies have instead applied relative radiometric normalization by identifying the
best image tiles and creating a linear regression model using target pixels to apply to image tiles
from other dates (Vicente-Serrano et al., 2008). Anchoring all radiometric adjustments to the
same reference image could improve upon the normalization used in this study but would
inevitably increase the complexity of the image pre-processing.
Alternatively, other approaches may be better options to explore for hedgerow and riparian
buffer change detection. A recent study has achieved accuracy > 80 % for individual change
classes using high resolution light detection and ranging (LiDAR) data in conjunction with aerial
images and field parcel maps to map new and removed hedgerows in Denmark (Angelidis et al.
2019). Though high-resolution LiDAR datasets can produce significant amounts of data to
process, and can be expensive over large study areas, they can be resampled to the image spatial
resolution for processing. LiDAR also has the potential to improve generalized carbon storage
estimates with individual canopy height data.
To summarize, this approach captured a small degree of actual change from 2009 to 2017 along
with large amounts of misclassifications between analysis dates. High occurrence of
misclassification and lower change detection accuracy appeared in areas with high densities of
tree cover, highlighting an anticipated challenge related to detection in heterogenous landscapes.
The full study area change maps produced in this research are unreliable, however, elements of
the outlined approach can be changed to improve the 2009 and 2014 classifications as well as the
derivative change maps in future analysis.
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3.5

Conclusion

Remote sensing methods utilizing geometric rules to extract hedgerows and riparian buffers in a
highly heterogeneous agricultural landscape achieved good agreement with manually classified
data for single years. Detecting changes in hedgerow and riparian buffer coverage using this
method was less successful and demonstrated the need for a consistent baseline. More advanced
image processing and additional ancillary data such as LiDAR are likely to improve upon the
methods presented in this study and enable accurate change detection.
The results of this study can fulfill multiple functions from a landscape-level planning
perspective: (1) maps of hedgerow and riparian buffer coverage detected in field edges can be
used to more effectively target conservation and integration projects; and (2) maps resulting from
the full extent analysis can be used to coarsely estimate total area coverage and model ecosystem
services such as carbon storage attributable to hedgerows and riparian buffers.
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Chapter 4: Conclusion

4.1
4.1.1

Summary of Results
Hedgerow and Riparian Buffer Carbon Storage

The results demonstrated a range in carbon storage potential of hedgerows and riparian buffers.
High variability in below-ground carbon storage of hedgerows was strongly linked to species
diversity, however soil texture and linear feature dimensions did not play as influential a role as
expected. Thus, measures of biodiversity could provide an adequate proxy to improve landscapelevel below-ground carbon estimations.
Though clay content and soil organic carbon are typically correlated due to the slowed
decomposition rates in finer textured soils (Schleuß et al., 2014), no relationship was observed in
chapter 2. This could have something to do with the relative range of soil textures or the sample
size not being large enough to substantiate these relationships. Due to the established relationship
between species diversity and below-ground carbon, further analysis could explore the soil
characteristics that support higher species diversity as a way of encouraging soil organic carbon
accumulation rather than looking at soil texture in isolation.
Between hedgerows and riparian buffers there were differences in the range and average values
of carbon storage. I expected reduced management (i.e. planting, pruning, etc.) of riparian
buffers to result in more homogenous woody vegetation in their successional stages than
hedgerows. This hypothesis was corroborated by higher species diversity and a larger range of
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above-ground carbon storage observed in hedgerows. The greater above-ground homogeneity in
riparian buffers was accompanied by greater below-ground carbon variance. Perhaps as a result
of the lower species diversity range observed in riparian buffers, measures of biodiversity did not
correlate with below-ground carbon differences, which highlights the importance of continuing
the search for an appropriate proxy.
Mature and immature hedgerow groupings did not correspond with differences in below-ground
carbon changes over five years. The correlation between tree height and soil organic carbon
suggests there could be some relationship when looking across a continuous variable rather than
a categorical one. In order to fully answer the initial research question, it may require a larger
sample size to capture categorical differences or using a continuous age variable rather than
categorical groupings. Alternatively, repeated data collection at five-year intervals could help
tease out significant differences observed over longer time periods and introduce a new maturity
variable to help understand differences in rates of change as hedgerows age.
4.1.2

Soil Organic Carbon Measurement Techniques

My results highlighted differences in significance attributed to measurement methods.
Hedgerows and riparian buffers showed higher carbon storage potential relative to managed
grasslands and annual croplands in concentration and mass-based measurements, but differences
were lost in depth-based measurements. Anticipating lesser degrees of soil disturbance in noncultivated areas, I expected to see differences between production and non-production land cover
categories. However, certain land management practices (i.e. no-till, cover cropping) can
mitigate soil organic carbon losses in cultivated areas (Singh et al., 2018). Contradictory results
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between measurement approaches provided the necessary contrast to isolate issues in data
collection in the case of the depth-based carbon measurement approach and reveal differences
between land use and land cover categories in the case of the mass-based measurement approach.
Depth and mass-based measurement approaches used in tandem provide more context to discuss
and interpret the differences in carbon storage potential across land use and land cover categories
and can create more robust error estimates for carbon stocks.
4.1.3

Remote Detection of Hedgerows and Riparian Buffers Using Geometric Rules

At the landscape scale, hedgerow and riparian buffer remote detection using rule-based feature
extraction was reasonably successful (overall accuracy 84 %, kappa 0.63) when calibrated to
single time steps. Greater commission error was consolidated in the areas where there was
greater overall tree cover, which makes sense given the anticipated challenge in more
heterogeneous areas. The accuracy of the 2017 hedgerow and riparian buffer map also gave
confidence to the coarse estimations of carbon storage based on coverage. Greater division of
hedgerow and riparian buffer categories in training data would provide better insight into the
strengths and weaknesses of this approach related to specific geometries in place of the
observational evidence provided in chapter 3.
When reapplying the methods to additional time steps, however, the accuracy of change
detection was poor (overall accuracy 61 %, kappa 0.35). Despite active incentive programs in
BC integrating more hedgerows and riparian buffers into the landscape, the increased difficulty
in capturing immature and narrow vegetation led me to expect higher accuracy with loss than
gain detection. Instead, this approach showed hedgerow and riparian buffer coverage almost
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doubling over the course of 8 years. The potential for this approach to conduct temporal analysis
successfully is therefore low; however, there are several adjustments to the proposed methods
that could potentially improve the accuracy and thereby utility of repeat analysis.
4.2

Strengths and Contribution of Research

Many studies have investigated carbon storage under various agroforestry practices (Singh et al.,
2018), and most studies use depth-based measurement approaches (Toriyama et al., 2011). My
results highlighted the impact land management can have on depth-based carbon measurements
and how it can undervalue the contribution of non-production vegetation to below-ground carbon
storage compared to production alternatives. A mass-based carbon measurement approach, as
demonstrated in this study, can provide a more accurate comparison between agricultural land
cover types and help to appropriately value the contribution of hedgerows and riparian buffers.
This study also developed a useful baseline for provincial decision making. The 2017 hedgerow
and riparian buffer high-resolution maps are the first remote detection maps for the entire study
area. They give an unprecedented window into distribution and coverage relative to densities of
agriculture and waterways in the LFV. The individual maps can be used to evaluate watershed
impacts (Botero-Acosta et al. 2017; Herbst et al. 2006) or quantify on farm habitat provisioning
(Pasher et al., 2016), in addition to carbon storage mapping which was explored in this study.
Hedgerow and riparian buffer maps can also greatly inform scenario modelling involving
agricultural intensification, targeted hedgerow and riparian buffer integration, and potential
climatic changes among others.
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4.3

Limitations and Future Work

Although the relationship between below-ground carbon storage and hedgerow and riparian
buffer diversity was interesting and has important implications for management, these data have
limitations. To fully test whether species diversity can be used as a proxy for below-ground
carbon storage, broader field-level sampling is required. The sample size for this study (Table
2.4) and distribution of sample sites (Figure 2.1) do not support extrapolation to the full study
area. However, it is worthy of further research.
In terms of hedgerow and riparian buffer mapping, strict classification rules were compromised
to improve detection rates. Though additional rules can add unnecessary complexity to the
feature extraction process (Blaschke, 2010), the resulting classes contained features which do not
meet the shape criteria used to define them. Therefore, the resulting hedgerow map is not
confined to property boundary vegetation, limiting its applications.
While this approach to hedgerow and riparian buffer detection produced useful results for 2017,
ineffectively normalizing spectral and textural values across image dates resulted in unreliable
change estimates. Implementing more advanced image processing in future analysis could
improve change mapping by encouraging more generalized spectral and textural ranges for
hedgerows and riparian buffers. Recent success using LiDAR to map changes to hedgerow
coverage (Angelidis et al., 2017) also demonstrates the utility of digital elevation and terrain
models for hedgerow and riparian buffer monitoring. Provincial LiDAR data acquisition could
support accurate change mapping while also replacing generalized carbon estimates with more
robust canopy height models.
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4.4

Implications for Provincial Policies

Innovative solutions are needed to meet carbon sequestration goals across various sectors,
including agriculture (Schoeneberger, 2009). This thesis presented field- and landscape-level
methods to evaluate the impact of hedgerows and riparian buffers from a carbon storage
perspective. Based on generalized above-ground estimates, Lower Fraser Valley hedgerow and
riparian buffer carbon stocks totaled 1.4 ± 0.3 Mt C in 2017. It remains unclear how long it took
to achieve this cumulative above-ground stock, thus the annual sequestration rate is unknown.
However, given the cumulative stock in this small but intensive agricultural landscapes
represents 59% of the 2017 agricultural emissions reported for agriculture across the province
(2.4 Mt of CO2 equivalent) (Environment and Climate Change Canada, 2019), the potential
carbon storage through hedgerow and riparian buffer protection and expansion could provide
substantial near-term carbon (<50 years) offset opportunities. With the methods developed here,
these offsets may be more easily monitored, verified and reported than other agricultural
opportunities that require more intensive analysis (e.g. reduced nitrous oxide emissions).
Results from this study can also help improve existing incentive structures. At the field scale,
requiring a certain number of native woody species in new hedgerows and riparian buffers as a
stipulation of receiving funds through the Environmental Farm Plan could foster greater belowground carbon storage where hedgerows and riparian buffers are integrated into the landscape.
At the landscape scale, identifying consolidated census subdivisions with lower hedgerow
diversity can inform where to do more programmatic outreach. High-resolution hedgerow and
riparian buffer feature maps can then reveal potential community stewards for hedgerow and
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riparian buffer adoption in low density areas. In addition, connecting with low density areas to
better understand the biggest hurdles to adoption can help to calibrate incentives to better reflect
the perceived opportunity costs. The maps generated through this study indicate areas of
potential for increasing carbon storage through thoughtful engagement.
Of course, land management can change with new approaches to farming, changes in climatic
patterns, and shifts in the economic tradeoffs between particular land use and land cover types
(Ha et al., 2019). An understanding of land use and land cover changes can further inform
provincial government of where behaviors are changing. Learning the motivations behind
changes still require direct engagement with agricultural communities, but in a world with
limited resources, the intelligence provided by temporal insights can allow provincial programs
to more quickly adapt policies to be more effective. Continuing the search for methods that will
detect changes in hedgerows and riparian buffers is thus a high priority in order to sustain the
efficacy of provincial policies.
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Appendices
Appendix A
Table A.1 Hedgerow and riparian buffer plot metrics. Soil width measures the distance between edges defined by land cover change
(i.e. grass, crop field, exposed soil, asphalt). Canopy width measures the distance between edges defined by the canopy dripline.
ID
Hedgerows

Riparian
Buffers

LULC
Category

Dimensions
Soil Width (m)

Canopy Width (m)

AGC
(tCha-1)

% of Total AGC
Shrub

Hardwood

Softwood

Shannon
Index

Simpson
Index

HR1*

PC

7.7

9

35.21

9.8

90.2

0.0

0.44

0.76

HR2*

PC

15.7

21.1

59.47

0.0

100.0

0.0

0.78

0.78

HR3*

AC

7.64

12.42

188.69

0.0

100.0

0.0

0.35

0.75

HR4*

AC

6.9

7.8

215.89

96.1

3.9

0.0

0.70

0.78

HR5*

AC

5.1

7.8

33.21

0.0

80.9

19.1

0.80

0.78

HR6*

PC

5.7

7.2

5.66

0.0

86.4

13.6

1.45

0.86

HR7

AC

4.2

5.3

20.20

0.0

46.8

53.2

1.30

0.83

HR8

AC

12.9

12.9

19.64

34.5

51.2

14.2

1.26

0.84

HR9

PC

4.8

20.3

1079.86

0.0

100.0

0.0

0.35

0.75

HR10

PC

4.3

6.7

59.43

6.6

93.4

0.0

0.52

0.76

HR11

PC

11.01

16.96

92.28

6.5

61.6

31.9

1.49

0.85

HR12

PC

10.35

23

512.71

19.9

80.1

0.0

1.10

0.82

HR13

AC

10.75

13.6

64.86

5.6

52.1

42.3

1.02

0.80

HR14

PC

3.78

6.71

94.92

0.0

0.0

100.0

0.84

0.79

HR15

PC

7.9

10.9

25.98

0.0

94.4

5.6

1.25

0.83

RB1

FR

NA

NA

421.24

0.3

4.2

95.5

0.96

0.80

RB2

FR

NA

NA

162.45

1.4

98.6

0.0

0.46

0.76
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RB3

FR

NA

NA

102.79

2.2

89.6

8.2

1.01

0.80

RB4

FR

NA

NA

47.42

8.4

91.6

0.0

0.64

0.77

RB5

FR

NA

NA

57.85

0.0

100.0

0.0

0.35

0.75

RB6

FR

NA

NA

254.04

2.1

94.3

3.6

1.02

0.81

RB7

FR

NA

NA

14.55

52.6

47.4

0.0

0.52

0.76

RB8

FR

NA

NA

140.71

4.9

95.1

0.0

0.72

0.78

RB9

AC

9.5

11.5

40.22

15.1

84.9

0.0

0.69

0.78

RB10

PC

15.4

20.3

152.27

1.6

98.4

0.0

0.53

0.76

RB11
FR
NA
* indicates a site also used in Thiel et al. (2015).

NA

68.00

16.9

83.1

0.0

0.58

0.77
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Table A.2 Allometric equations used to calculate biomass for all identified species in sample plots, where dbhi is the diameter at breast
height (1.3 m) of tree i.
Genus and species

DBH Range (cm)

Equation

Source

Abies lasiocarpa

3 ≤ dbhi < 283

exp(-3.03 + 2.5567*log(dbhi))

Chojnacky et al. (2014)

Acer macrophyllum

20 ≤ dbhi < 225

exp(-2.047 + 2.3852*log(dbhi))

Chojnacky et al. (2014)

Acer platanoides

20 ≤ dbhi < 225

exp(-2.047 + 2.3852*log(dbhi))

Chojnacky et al. (2014)

Acer rubrum

2.6 ≤ dbhi < 40

0.1317 dbhi 2.3199

Lambert et al. (2005)

40 ≤ dbhi < 66

exp(-2.0470 + 2.3852*log(dbhi))

Chojnacky et al. (2014)

9.3 ≤ dbhi < 13

exp(5.13118 + 2.15046*log(dbhi) )/1000

Ung et al. (2008)

13 ≤ dbhi < 120

exp(-2.5932 + 2.5349*log(dbhi))

Chojnacky et al. (2014)

3 ≤ dbhi < 51

exp(-2.2271 + 2.4513*log(dbhi))

Chojnacky et al. (2014)

51 ≤ dbhi < 80

exp(-1.8096 + 2.3480*log(dbhi))

Chojnacky et al. (2014)

Castanea denata

3 ≤ dbhi < 89

exp(-2.0705 + 2.441*log(dbhi))

Chojnacky et al. (2014)

Crataegus douglasii

3 ≤ dbhi < 120

exp(-2.9255 + 2.4109*log(dbhi))

Chojnacky et al. (2014)

Cupressus nootkatan

3 ≤ dbhi < 283

exp(-3.03 + 2.5567*log(dbhi))

Chojnacky et al. (2014)

Fraxinus latifolia

3 ≤ dbhi < 120

exp(-2.9255 + 2.4109*log(dbhi))

Chojnacky et al. (2014)

Mahonia aquifolium

3 ≤ dbhi < 120

exp(-2.9255 + 2.4109*log(dbhi))

Chojnacky et al. (2014)

Malus Fusca

3 ≤ dbhi < 120

exp(-2.9255 + 2.4109*log(dbhi))

Chojnacky et al. (2014)

Picea sitchensis

3 ≤ dbhi < 283

exp(-3.03 + 2.5567*log(dbhi))

Chojnacky et al. (2014)

Alnus rubra

Betula papyrifera
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Populus trichocarpa

3 ≤ dbhi < 125

exp(-2.6863 + 2.4561*log(dbhi))

Chojnacky et al. (2014)

Pseudotsuga menziesii

3 ≤ dbhi < 215

exp(-2.4623 + 2.4852*log(dbhi))

Chojnacky et al. (2014)

Quercus garryana

3 ≤ dbhi < 89

exp(-2.0705 + 2.441*log(dbhi))

Chojnacky et al. (2014)

Rhamnus purshiana

3 ≤ dbhi < 120

exp(-2.9255 + 2.4109*log(dbhi))

Chojnacky et al. (2014)

Thuja plicata

5.6 ≤ dbhi < 54

0.3721 dbhi 1.2928 + 0.2805 dbhi 1.3313 + 0.1379 dbhi 1.5986

Ung et al. (2008)

54 ≤ dbhi < 614

exp(-2.7765 + 2.4195*log(dbhi))

Chojnacky et al. (2014)
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