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Abstract

Context Land use change requires measuring shift-

ing patterns in biodiversity at various spatial scales to

inform landscape management. Assessing vegetation

change at different scales is challenging in urban

ecosystems managed by many individuals. Thus, we

do not know much about the structure and function of

green spaces that support biodiversity.

Objective We aim to understand how vegetation

structure and function indicators in urban community

gardens vary with spatial scale, applying new and

traditional methods in landscape ecology to inform

future research and application.

Methods We performed two methods to assess

garden vegetation structure (height) and function

(species diversity, cover) at the garden- and garden

plot scale. First, we used traditional field sampling to

estimate garden vegetation at the garden scale (1 m2

quadrats along transects) and at the plot scale

(estimated within entire plot) to measure height,

diversity and cover. Second, we used UAV aerial

imagery to derive measures of garden and plot

vegetation using canopy height models (CHMs). We

evaluated differences in CHMs at each scale across the

gardens, and compared field and UAV-derived

measures.

Results Garden vegetation characteristics vary with

spatial scale. Plant species richness and vegetation

cover, but not height, related to UAV-derived

imagery.
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Conclusions New technologies paired with tradi-

tional field methods can together inform how vegeta-

tion structure and function vary with spatial scale in

urban landscapes. Spatial scale is key to accurate and

meaningful urban vegetation analyses. New and

traditional methods in urban ecology research should

develop together to improve and streamline their

future application.

Keywords Urban agriculture � Plant diversity �
Garden � Unmanned aerial vehicle � Remote sensing

Introduction

Rapid land use conversion has changed the distribu-

tion, composition and function of biodiversity within

ecosystems across landscapes (Foley et al. 2005).

Habitat fragmentation, urbanization, and biotic

homogenization are particularly responsible for bio-

diversity change and decline (Fahrig 2003; Gámez-

Virués et al. 2015; Knop 2016). One of the greatest

challenges is to measure shifting patterns in biodiver-

sity in the context of landscape change (Anderson

2018). Understanding how biodiversity responds to

land use heterogeneity versus homogeneity informs

landscape management (Lindenmayer et al. 2008), but

it is necessary to evaluate heterogeneity at different

spatial scales because ecological processes underlying

ecosystem functions may vary with spatial scale (Wu

2004). Heterogeneity is especially important to mea-

sure in urban ecosystems managed by many individ-

uals that contribute great amounts to the vegetation

diversity, structure and biodiversity conservation in

cities ([ 50% of urban green space in many cities;

(Goddard et al. 2010)). Yet we know little about their

ecological functions such as nutrient cycling or carbon

sequestration (Cook et al. 2012) that provide ecosys-

tem services due to site access. In this study, we

investigate how vegetation species diversity, cover

and height as indicators of ecosystem structure and

function in an urban green space type (urban commu-

nity gardens) vary at different spatial resolutions

across an urban landscape by applying new technolo-

gies in ecology in combination with field assessments

that are frequently used in urban ecology. We explore

some of the ecological implications of changes in

vegetation across different spatial scales, and look

forward to how to bridge and improve traditional field

methods with new technologies in urban landscape

ecology research.

Urban and agricultural land use transformation are

two dominant drivers of ecological change within

habitat patches. In particular, urban landscapes differ

greatly in the amount of impervious cover, building

density and urban habitat types, composition and

function (Lin and Fuller 2013). Cities can act as

reservoirs for biodiversity by hosting many native and

endangered species in addition to exotic and orna-

mental species often associated with urbanization

(Alvey 2006). This biodiversity within urban habitats

generally varies within (Hostetler and Holling 2000;

Penone et al. 2013) and across spatial scales (McDon-

nell and Hahs 2008). Some small habitat patches

within urban areas can harbor surprisingly high

species richness of plants and animals (Alvey 2006;

Egerer et al. 2016). Furthermore, a positive association

between biodiversity and human population density is

dependent on spatial grain and extent (Pautasso 2007).

Ecological community composition, structure and

function is related to biodiversity within a habitat

and the scale at which biodiversity is measured

(Andersson et al. 2015). Thus it is critical to measure

patterns of urban biodiversity within different habitats

at different spatial scales given contemporary urban

biodiversity loss (Ricketts and Imhoff 2003; McKin-

ney 2006; Flynn et al. 2009) and the role of urban

habitats for biodiversity conservation and ecosystem

service provision (Alvey 2006), including temperature

regulation and recreation.

Urban agroecosystems provide an interesting sys-

tem to investigate biodiversity patterns at various

spatial scales with implications for ecosystem service

management. Urban agroecosystems, including home

gardens, community gardens and farms, are habitats

within cities, designed for agricultural production,

often harboring hundreds of native and non-native

plant species of crops, ornamentals, herbs, fruit and

non-fruiting trees, ‘‘weeds’’ and grasses (Loram et al.

2008; Guitart et al. 2012). Vegetation within urban

agroecosystems including annual vegetable crops and

perennial trees and shrubs provide important ecosys-

tem services including food provision, carbon seques-

tration, storm water runoff control, and temperature

regulation (Lovell 2010; Lovell and Taylor 2013; Lin

et al. 2015). In addition, garden vegetation affects

animal pollinators and natureal enemies that support
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pollination and pest control linked to sustainable food

production (Lin et al. 2015). Community allotment

gardens (agroecosystems divided into plots managed

by individual or multiple households) are common

green spaces across urban regions globally that range

in size (from\ 1 ha to[ 10 ha), habitat structure, and

number of participants (\ 10 to [ 1000) (Drescher

et al. 2006; Speak et al. 2015; Bell et al. 2016; Lin and

Egerer 2017). Community allotment gardens are of

special ecological interest, because up to hundreds of

people with different preferences, values, and man-

agement practices may participate to elevate the

number and diversity of plant populations. Ecosystem

service degradation in urban landscapes also make

these designed habitats important for conserving

ecosystem service providers including pollinators

and natural enemies (Andersson et al. 2007) that rely

on diverse planned and ambient plant species for

nectar, pollen or prey (Lin et al. 2015). Because high

plant species diversity is associated with greater

ecosystem function (Hooper and Vitousek 1997;

Hooper et al. 2005), measuring garden vegetation is

relevant to urban conservationists and planners

because these systems are a common green space that

can benefit thousands of urban residents across various

geographic contexts (Drescher et al. 2006; Guitart

et al. 2012; Bell et al. 2016; Spilková and Vágner

2017). In addition, measuring vegetation is interesting

both at the scale of an individual’s management

(within a garden plot) and at the scale of the habitat

(the whole garden) because individual vegetation

management practices and preferences largely differ

(Egerer et al. 2019) and ecosystem service providers

may respond differently to changes in species diver-

sity or composition at these different scales (e.g., bee

communities respond to both floral clustering within

plots and floral density across the garden; (Plascencia

and Philpott 2017)). Furthermore, long standing

vegetation such as trees and shrubs that are important

for carbon sequestration and temperature regulation

services may be managed at the garden scale (e.g., in a

community-managed orchard), and less within indi-

vidual plots that are more dynamic in management due

to membership turnover. Thus, it is important to

understand vegetation management at different scales,

specifically how patterns and relationships differ,

because of the ecological applications regarding

ecosystem service management (Speak et al. 2015).

New technological advancements in remote sens-

ing have heightened researchers’ capacity to collect

fine-scale data on ecosystem features within various

landscape types at various scales to answer questions

around how, for example, vegetation varies with

spatial scale (Cunliffe et al. 2016; Duffy et al. 2018).

Unmanned aerial vehicles (UAVs), or ‘‘drones’’, can

collect high resolution vegetation data at low cost and

are increasingly employed in agroecosystems to

pinpoint pest outbreaks (Yue et al. 2012) (i.e.,

‘‘precision agriculture’’); grasslands to measure plant

chlorophyll content (Lu et al. 2017); and forests to

detect insect infestations (Näsi et al. 2015; Murfitt

et al. 2016). UAVs also have potential to assess fine

scale land use heterogeneity and patterns of biodiver-

sity or vegetation in urban environments (Feng et al.

2015; Gaitani et al. 2017), though they may be difficult

to utilize because of city laws regarding flight height or

airport regulations (e.g., CASA Regulations in Aus-

tralia; (Civil Aviation Safety Authority 2019)). UAVs

may be able to access otherwise difficult to survey city

spaces such as private green spaces (e.g. home

gardens), and may be a useful tool in documenting

vegetation characteristics in these otherwise poorly

documented urban habitats. Satellite imagery, LiDAR,

and hyperspectral imagery have relatively recently

been applied in urban areas by researchers to measure

vegetation across various spatial scales for the urban

forest (e.g., measuring tree species identity; (Zhang

and Qiu 2012)), front and backyards (e.g. measuring

vegetation structure; (Ossola et al. 2019)), and com-

munity gardens (e.g. measuring tree canopy versus

grass cover; (Anderson et al. 2019)). This technology

has certainly improved researchers’ ability to assess

changes in vegetation structure with implications for

urban ecosystem management and service provision.

Yet the application of drone technology in urban

environments could significantly heighten the capac-

ity to collect even more detailed information about

biodiversity and ecosystem function at multiple,

especially fine spatial scales and at a fraction of the

cost of other remote sensing in similar resolution (Koh

and Wich 2012; Marvin et al. 2016). This could

provide relevant information to habitat managers

interested in better managing urban environments

including urban agroecosystems for provisioning (e.g.

food production) and regulating (e.g. temperature

regulation, pest control) ecosystem services correlated

with characteristics of vegetation management
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(Elmqvist et al. 2016; Langemeyer et al. 2018).

However, the precision and accuracy of UAVs to

assess vegetation management related to ecosystem

function and services is still less understood in diverse

urban ecosystems with high plant species richness in

small areas such as garden plots, and needs to be

adjusted and parametrized (e.g., relating data collected

using UAVs to common vegetation measurements

taken by researchers) (Erena et al. 2016; Goodbody

et al. 2018). More studies are needed to better relate

environmental data on vegetation collected in the field

using common methods in urban ecology with data

collected using UAVs in urban environments. Studies

that bridge traditionally employed field methods in

urban ecologywith new evolving methods that harness

new technologies may best be able to assess and

describe the ecological reality in complex urban

systems. At the onset of the use of new technologies

such as UAVs in urban landscape ecology, case

studies are needed to assess what data needs to be

collected by which platform (aerial or ground/field

based) to derive meaningful and reproducible answers

to today’s research questions and to make best use of

both approaches.

In this study, we use urban community gardens as a

system to ask questions about ecosystem vegetation

structure and function in relation to spatial scale. We

use a new landscape ecology technology, low cost

remote sensing UAVs, in parallel with traditional field

measurements common in urban ecology to ask how

this new technology assesses indicators of garden

vegetation structure and function at two different

scales—the entire garden and individual gardener’s

plots. In addition, we consider how new technologies

and traditional field methods could be better co-

developed and employed in urban landscape ecology

research to further ecological understanding of urban

ecosystem structure and functions. Specifically, we

asked three questions: (1) How do urban garden

vegetation structure (plant height) and function (plant

species diversity/cover) measured at two different

spatial scales using UAVs and field methods vary with

scale? (2) How does land cover data derived from

UAV imagery relate to common basic field measure-

ments of urban garden vegetation structure and

function at two spatial scales? And (3) what are ways

forward to best bridge new technology methods with

traditional field methods in urban landscape ecology

and improve their application in future studies? Here,

we used plant species richness and amount of vege-

tation cover as indicators of ecosystem function

(Hooper and Vitousek 1997; Hooper et al. 2005),

and plant height as an indicator of ecosystem structure

(Parker 1995). We hypothesized that values com-

monly derived from UAV imagery (canopy height

models) are good indicators of both vegetation struc-

ture and function, and have implication for ecosystem

service provisioning of these systems. Collectively,

our aims were to: determine how garden vegetation

varies at different scales in and across urban gardens in

the context of service provision and management

implications; relate traditional field methods in urban

ecology with new technology-based methods in land-

scape ecology; assess the ability of a new technology

to collect the relevant data to answer these research

questions; and guide future application of UAV

technologies and combined field assessments in urban

landscapes by ecologists.

Methods

Study system

The study area was ten community allotment gardens

in the Greater Metropolitan Area of Melbourne,

Victoria, Australia (population 4.7 million, study area

center point: 37� 500 8.6000 S 145� 20 15.3100 E) (Fig. 1).
The gardens are overseen by the city government but

are managed by individual gardeners who lease single

allotment plots to cultivate plants as they choose,

under rules of the garden management. Some gardens

also have common areas including orchards and herb

gardens that all gardeners collectively manage. The

gardens were established between 6 to 38 years ago,

are from 584 to 6801 m2 in size, and have between 25

and 124 allotment plots. We studied the system at two

spatial scales: (1) the garden (henceforth ‘garden

scale’), and (2) the individual gardener allotment plot

(‘plot scale’). We worked with each of the nine

community garden managers to randomly select four

garden plots distributed throughout the garden of

gardeners willing to allow us access to their plot

(n = 36 in total). The number of plots surveyed in the

field was constrained due to site and time access, and

introduces a limitation to our plot to garden scale

comparison.
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Field assessment

We used common field methods, traditional in urban

ecology, to assess garden vegetation at the garden

scale and at the within garden plot scale (Online

Appendix 1). Specifically, we sampled plant species

diversity, vegetation ground cover composition, and

tallest vegetation height at the garden scale and at the

plot scale under the assumption that these are good

indicators of vegetation-related ecosystem function

and structure (Hooper and Vitousek 1997; Hooper

et al. 2005) with implication for ecosystem service

provisioning from gardens. Here we assumed that all

plant species play some functional role in gardens and

included all annual and perennial plant species, both

planned (vegetable, ornamental plants) and ambient

(e.g. ‘weeds’). At the garden scale, we placed transects

every 5 m across the width of the garden. Along the

transects, we randomly placed 1 9 1 m quadrats

within which we recorded the species identity of all

plants present, took the height of the tallest non-woody

vegetation (cm), and estimated the percent of herba-

ceous vegetation ground cover including crop plants,

weed plants and grass (i.e., versus bare soil, mulch,

rock). Because gardens were of different sizes, they

had varied numbers of transects and we proportionally

increased the number of 1 9 1 m quadrats relative to

garden size. All gardens had a minimum of eight

1 9 1 m quadrats, and we added one 1 9 1 m quadrat

for every additional 500 m2 (resulting a minimum of

Fig. 1 Distribution of community garden study sites across the

Greater Metropolitan Area of Melbourne, Victoria, Aus-

tralia (a). The gardens are located across an urbanization

gradient in two bioregions (Gippsland Plain and the Victorian

Volcanic Plain). Locations of study sites (latitude, longitude)

include: b - 37.46, 144.56; c - 37.79, 144.93; d - 37.83,

145.03; and e - 37.83, 145.13. The location of the center point

of the study region given in panel a
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eight quadrats, up to 19 quadrats in the largest garden).

We divided the number of quadrats by the number of

transects in order to determine how many quadrats to

sample along each transect (minimum of two, up to

five quadrats per transect). For each garden, we pooled

the species richness, average vegetation height, and

percent of herbaceous vegetation cover for all quadrats

along the transects (i.e. garden scale measurements).

At the plot scale, we similarly sampled the species

identity of plants present, took the height of the tallest

non-woody vegetation, and estimated the percent of

herbaceous vegetation cover in the entire plot. We

measured the size of each gardener’s plot (m2) because

plots were of different sizes across the ten gardens.

Total plant species richness and average vegetation

cover was calculated for each garden plot (i.e. plot

scale measurements). Collectively, these data pro-

vided us with field vegetation measurements com-

monly collected (e.g. species diversity) at the plot and

garden scale.

UAV system and aerial imagery collection

We used a compact commercial DJI Mavic multirotor

UAV (DJI Co. Shenzhen, China) to carry out autopi-

loted flights over the accessible urban gardens (for

specifications see Online Appendix 2). UAV flight

paths for each garden were planned using QGIS 2.18

(QGIS Development Team 2018) and DJI Ground

Station Pro (https://www.dji.com) and were directed

by the authors using the respective application on a

tablet computer. The maximum vertical distance

between the ground and the drone was 120 m and

30 m away from any individuals on the ground in

accordance to the Australian Civil Aviation Safety

Authority (CASA) and all flights were registered

under an aviation reference number. All flights were

carried out in overcast weather conditions within 8 h

on the same calendar day to maintain consistent

ambient light conditions. To ensure data comparability

across all gardens, we chose a 70 m flight altitude as

this was the minimum altitude possible to avoid all

restrictions in one of the gardens that had tall apart-

ment blocks in close proximity. Although higher res-

olution can be achieved at lower altitudes, the

complexity of the urban environment including over-

head power lines, tall buildings or areas of infras-

tructure such as highways and railways that cannot be

flown over according to CASA, restricted the planning

of flights. An average flight altitude of 70 m resulted in

an image resolution of 2.5 cm per pixel. Further

details regarding flight and imagery collection can be

found in Table 1 and Online Appendix 2.

Creation of canopy height models

Acquired aerial images were processed using Agisoft

Photoscan Pro 1.4.4 (https://www.agisoft.com/) based

on the geometric principle of calculating the distance

between two points in space to result in single geo-

referenced orthomosaics for each garden (Wolf and

Dewitt 2000; Mikhail et al. 2001). We applied pho-

tometric calibrations to overexposed or dark images

using Photoscan’s ‘calibrate colors’ function, and we

bulk processed images to achieve similar brightness,

contrast and exposure levels in all images for each

garden. We cross-referenced image ground accuracy

with ground measurements of the garden and plot

centers to confirm\ 1 cm accuracy.

We created 3D point clouds of each garden using

the UAV-acquired RGB imagery (Fig. 2). Point

clouds from photogrammetry are an alternative to

laser scanning approaches such airborne or UAV

LiDAR and are easier to derive and create from

commercial drone systems that provide similar accu-

racy at a fraction of the cost and processing effort.

Point clouds based on RGB imagery and photogram-

metry can be derived from UAV platforms that are

much smaller, lighter and cheaper than those carrying

expensive and sensitive LiDAR sensors. This gives the

photogrammetric approach an advantage in urban

landscapes as lighter and smaller drones can be used in

more space-restricted areas and require fewer permits

to fly (Ni et al. 2015; Herrero-Huerta et al. 2016; Stone

et al. 2016). Point clouds were in photogrammetric

processing to first derive a digital terrain model and

orthomosaics of each garden in true color (RGB). The

processing of the point clouds into rasters was carried

out using the R statistical environment version 3.2.4

(R Development Core Team 2016) and packages lidR

(Roussel and Auty 2018), raster (Hijmans 2015),

rgdal (Bivand et al. 2018), and EBImage (Pau et al.

2010). The package lidR is based on LAStools (https://

rapidlasso.com/).

Using the initial point cloud, we extracted ground

points to normalize and flatten the surface to set

ground elevation to 0 m. We then used the normalized

point cloud to derive a canopy height model (CHM)
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using lidR’s function grid_canopy, which builds a

Digital Surface Model (DSM) on the ground normal-

ized pointcloud by calculating the height above

ground of any point that is not a ground point.

Normalizing the point cloud before applying grid_-

canopy spares the need of calculating a Digital Terrain

Model (DTM, ground topography) first. The CHM

expresses point height above ground in meters and was

calculated at 2.5 cm resolution, which then allows the

analysis and digital measurements of plants and

objects within the study area. We hypothesized that

the CHM at each fine spatial scale could represent

structural and functional vegetation characteristics of

gardens assuming all vegetation contributes to vege-

tation structure and function. To avoid empty pixels

(or ‘pits’) giving false readings within the CHM, a

subcircle of 0.2 was applied to each point return

(Khosravipour et al. 2014). CHMs were converted into

rasters and clipped to: (1) the spatial polygons of the

garden to remove data from outside the garden

boundaries; (2) the spatial polygons of the individual

plots that we measured; (3) a minimum value of

0.10 m to limit the influence of low elevation ground

points (0 m) from pathways and non-vegetated areas

outside of plots; and (4) a maximum value of 3.5 m to

remove outlier data from built structures and larger

trees surrounding and within the garden along the

perimeter to focus only on the vegetation planted

within plots managed by gardeners. A detailed

description of flight and processing parameters, pho-

togrammetry workflow and software settings can be

found in the appendix (Table 1; Online Appendix 2).

Analysis

To determine how indicators of vegetation-related

ecosystem structure and function vary in gardens at the

two different spatial scales, we calculated summary

statistics for in-field measurements of garden vegeta-

tion (species richness, herbaceous vegetation cover,

vegetation height) and for the UAV-derived CHM for

each garden and for each garden plot (Table 1). To

evaluate the relationship between UAV canopy height

data and field measurements of plant species richness,

vegetation height, and herbaceous vegetation cover we

built generalized linear models (GLMs) to test how

Table 1 Summary statistics for the community gardens (a) and garden plots (b) studied for each method (UAV or field) used

Scale Method Variable Mean SD Median Min Max

(a) Garden UAV Mean (CHM) 1.04 0.51 1.11 0.26 1.69

SD (CHM) 0.64 0.12 0.64 0.45 0.84

Minimum (CHM) 0.00 0.22 0.04 0.00 0.63

Maximum (CHM) 3.44 0.05 3.44 3.26 3.49

Vegetation cover (CHM) 84.99 22.98 98.92 39.82 100

Garden size (m2) 2174.44 1990.58 1201.00 591.00 6801.00

Field Plant sp richness (#) 32.22 8.36 29.00 22.00 47.00

Vegetation cover (%) 67.65 25.87 63.95 37.12 127.69

Tallest vegetation (cm) 74.63 19.10 79.70 48.29 99.86

(b) Plot UAV Mean (CHM) 1.21 0.61 1.23 0.19 3.13

SD (CHM) 0.45 0.18 0.46 0.16 0.87

Minimum (CHM) 0.40 0.42 0.30 0.00 1.80

Maximum (CHM) 2.66 0.79 2.80 1.01 3.79

Vegetation cover (CHM) 86.15 26.72 100.00 11.56 100.00

Plot size (m2) 16.24 7.44 16.00 3.00 35.00

Field Plant sp richness (#) 18.83 7.38 18.00 7.00 39.00

Vegetation cover (%) 97.26 25.39 94.00 60.00 166.00

Tallest vegetation (cm) 168.10 34.80 180.0 58.00 220.00

Variables produced through canopy height models (CHM) created from UAV drone surface readings are in meters
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well CHMs predict field observation data at the garden

and plot scale, informed by hypothesized

relationships.

We tested three relationships between field mea-

surements and canopy height data at each scale: (1)

measured plant species richness explained by mean

CHM and variation in CHM values (standard devia-

tion; SD); (2) measured herbaceous vegetation cover

(%) explained by CHM vegetation cover (% total

[ 0.1 m); and (3) measured heights of tallest non-

woody vegetation explained by mean, variation and

maximum CHM values corrected for the additional

height above ground from raised garden beds. Here we

hypothesized that plant species richness would best

correlate with variation (SD) in CHM; vegetation

cover would correlate with cover estimated from

CHMs; and the height of the tallest vegetation would

correlate with the maximum CHM. For the tallest

vegetation height models, maximum values were only

modeled for plot scale measures because nearly all

maximum values at the garden scale were 3.5 m due to

the set threshold for the CHMs. The plant species

richness GLM was fit with a Poisson distribution;

herbaceous vegetation cover models and tallest veg-

etation models were fit with a Gaussian distribution.

To account for sampling areas for species richness,

plot size (m2) was included as an offset term in the

plot-scale models for species richness, and garden size

(m2) was included as an offset term in the garden-scale

models. An offset term is a known component of the

linear predictor variable that requires no coefficient

(McCullagh and Nelder 1989). Significance of the

explanatory variable (CHM values) was identified at

P B 0.05. Model fit for each model was estimated

using Akaike’s Information Criteria (AICc) relative to

a null model, where lower AICc values indicate a

better model fit (Burnham and Anderson 2002).

Analyses were performed in R (R Development Core

Team 2016).

Fig. 2 The normalized point cloud at the garden scale (a) and the plot scale (b) contains information of each pixel’s height above the

ground. We provide an example of a plot’s (here of Fig. 3c) center length height profile and width profile in meters (c)
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Results

Plant species richness,vegetationheight, andherbaceous

vegetation cover measured in the field varied among the

garden plots and the community gardens (Figs. 2 and 3;

Table 1). UAV imagery-derived CHM measurements

also varied among garden plots and community gardens

(Table 1). Ecosystemstructuremeasuresvariedbetween

gardens and plots: mean vegetation height was similar,

with a majority of the gardens and plots having

vegetation that averaged around 1 m in height. At the

garden scale all gardens had vegetation that was over

3 m, but the average maximum height within plots was

around 2 m. Gardens also had a lot of low to no

vegetation (0 m in height). At the individual plot scale,

most plots exhibited at least some low vegetation under

0.5 m. Indicators of ecosystem function differed

between garden and plot scale. Mean plant species

richness observed at the garden scale (across the

gardens) was 32 species. Mean plant species richness

observed within garden plots was approximately 19

species. There was similar high variability among

gardens and plots (± 8 species). The mean vegetation

cover observed tended to be higher for measures within

plots than measures taken at the garden scale.

UAV surface readings of garden and plot vegetation

related to somemeasures of garden vegetation observed

in the field (Fig. 4; Table 2). Mean and variation in

CHMvaluesofgardenvegetationcorrelated toobserved

plant species richness in gardens at both the garden and

plot scale, but the direction of the relationshipwas scale-

dependent and indicated a reverse scale relationship.

Here plant species richness significantly increased at the

plot scale and decreased at the garden scale with higher

mean CHM values (Fig. 4a,b). Plant species richness

significantly decreased with greater variation in CHM

Fig. 3 Orthomosaic aerial images (a) of each urban community

garden derived from a 3D point cloud model (Fig. 2a) was

processed into a canopy height model (CHM in meters; b). Data

were clipped to the border of the individual garden plots that

were surveyed within each garden (c–f) for further analysis of
the separate spatial scales considered in this study
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values (SD) at both the garden and plot scale (Table 2).

Height of the tallest vegetation was not predicted by

mean CHM values, variation in CHM or maximum

CHM values at the plot or garden scale (Fig. 4c, d).

Herbaceous vegetation cover was positively correlated

to the cover from CHMsmeasured at the plot, but not at

the garden scale (Fig. 4e, f).

Discussion

Vegetation in urban community gardens varies within

and across gardens at different spatial scales with

implications for agroecosystem function, biodiversity

conservation, and ecosystem service provisioning

across urban landscapes. Yet, like many urban

Fig. 4 Relationships tested between CHM values derived from

UAV imagery and observed in the field garden-scale and plot-

scale characteristics include plant species richness and mean

CHM (a, b), tallest vegetation andmaximumCHMvalues (c, d),
and percent vegetation cover and CHM-derived cover (e, f).

Each point represents a garden or a single garden plot., with data

presented in meters (m) for a-d. Line fit and gray shading

represent the GLM fitted with a Poisson or Gaussian error

distribution for each respective analysis (see methods)
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ecosystems, changes in vegetation species diversity,

cover, or height can be difficult to measure due to site

access, time limitations, and fast vegetation turnover.

In this study, we asked how garden vegetation form

(plant species diversity, cover) and structure (height)

as indicators of important ecosystem functions (e.g.

pollination, pest control, nutrient cycling) vary at two

relevant spatial scales in gardens, and we utilized new

technologies in combination with traditional field

methods common in urban ecology to help us answer

this question. We measured variation in garden

vegetation using remote sensing and human observa-

tion, and compared observations between methods to

inform relationships between new and traditional

methods in urban ecology, and to guide future

research.

We found that garden plots and garden habitats vary

in vegetation form and structure as indicated by the

number of plant species, vegetation height and percent

cover. This has important implications for vegetation-

related pest control, pollination, or climate regulation

services in gardens relevant to food provision (Lin

et al. 2015). In comparing remotely sensed imagery

and human observation, we found reverse-scale rela-

tionships between measures at the individual garden

plot scale versus the garden habitat scale: specifically,

the relationship for the richness of plant species at each

scale. Our findings show that fine-scale variation of

vegetation within garden plots contribute much to the

overall ecological heterogeneity within garden habi-

tats and suggest that interpretations of vegetation

patterns and related ecosystem function are scale- and

methodology dependent. Furthermore, both new tech-

nologies and traditional field methods in urban land-

scape ecology need to be applied together to answer

more complete ecological questions. Some ecological

Table 2 Results of the generalized linear models (GLMs) of the vegetation properties measured in the field by researchers at the

garden scale (a) and at the scale of the gardener’s plot (b) as the response variables

Scale Model Predictor Coef. SE t p dAICc

(a) Garden (1 m) Plant sp richness * mean CHM Intercept 3.73 0.00 1305.79 \ 0.001 - 100.50

mean CHM - 0.13 0.00 - 43.84 \ 0.001

Plant sp richness * SD CHM Intercept 3.91 0.01 598.02 \ 0.001 - 2154.30

SD CHM - 0.49 0.01 - 46.33 \ 0.001

% Herbaceous cover * % CHM cover (Intercept) 51.57 7.97 6.47 \ 0.001 - 2.75

% CHM cover 0.20 0.09 2.29 0.03

Tallest vegetation * mean CHM Intercept 73.29 13.74 5.34 \ 0.001 4.20

Mean CHM 3.67 14.10 0.26 0.80

Tallest vegetation * SD CHM Intercept 70.47 31.12 2.26 0.05 4.24

SD CHM 9.87 49.45 0.20 0.85

Tallest vegetation * max. CHM Intercept - 33.47 366.03 - 0.09 0.93 4.17

Max CHM 31.87 105.99 0.30 0.77

(b) Plot (0.2 m) Plant sp richness * mean CHM Intercept - 35.58 0.09 - 383.90 \ 0.001 - 3883.52

Mean CHM 7.83 0.07 118.50 \ 0.001

Plant sp richness * SD CHM Intercept - 15.09 0.17 - 87.89 \ 0.001 - 1945.52

SD CHM - 25.86 0.36 - 71.70 \ 0.001

% Herbaceous cover * % CHM cover Intercept - 1906.92 2569.95 - 0.74 0.48 - 4.28

% CHM cover - 1.17 29.29 - 0.04 0.97

Tallest vegetation * mean CHM Intercept 148.62 14.11 10.53 \ 0.001 2.34

Mean CHM 2.65 10.57 0.25 0.80

Tallest vegetation * SD CHM Intercept 154.26 17.75 8.69 \ 0.001 2.39

SD CHM - 5.42 36.36 - 0.15 0.88

Tallest vegetation * max. CHM Intercept 152.50 22.48 6.78 \ 0.001 2.41

Max CHM - 0.27 8.15 - 0.03 0.97

Explanatory variables (predictors) are measurements derived from canopy height models (CHMs) created from UAV drone imagery.

Spatial scale of the data for the gardens was one meter, and for garden plots was 0.2 m

dAICc delta AICc, SD standard deviation, SE standard error
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questions may be more readily answered by remote

sensing data, while some may require more thorough

and detailed in-field measurements or detailed ground

truthing before a model can be derived.We explore the

study’s main findings: (1) changes in garden vegeta-

tion in relation to spatial scale with implications for

ecosystem function and management; (2) lessons on

relationships between new and traditional methods for

vegetation assessments; and (3) the potential of UAVs

in urban landscape vegetation mapping particularly

for hard to survey sites.

The spatial scale of variation in vegetation and its

importance

Changes in land use within and across habitats shapes

local to landscape-scale patterns for biodiversity

conservation and ecological function (Turner et al.

2013). More spatially and ecologically heterogeneous

landscapes often support more diversity and greater

ecosystem functions than those that are more homoge-

nous (Dunning et al. 1992; Fahrig 2003), as has been

shown in natural (Gustafson 1998; Turner et al. 2013)

and agricultural landscapes (Tscharntke et al. 2012).

In urban community gardens, a species diverse land

use type, the spatial scale of changes in vegetation

structural and compositional features is of special

importance because ecosystem functions are scale

dependent (Andersson et al. 2015). For example, plot-

scale management of floral distributions may influ-

ence pollinator communities to affect pollination

services (Plascencia and Philpott 2017), whereas

habitat-scale variables, including tree abundance and

canopy cover, may affect temperature variability or

carbon sequestration services (Andersson et al. 2015).

Urban garden plots managed by individual garden-

ers contain high numbers of plant populations within

relatively small areas (Colding et al. 2006)—in this

study, 39 plant species were observed in one plot with

an average plot size of 14 m2. This value was nearly

close to the overall species diversity captured in the

random field sampling of the garden-scale plant

species. The results support the idea that fine-scale

processes occurring through individual gardener man-

agement can create interesting variation in vegetation

form and structure between plots, as shown by the

CHMs. Although this variation in vegetation presum-

ably scales up to the garden landscape, our findings

indicate that evaluating vegetation characteristics at

the basic unit of the individual plot is an insightful

measure of structural and functional differences

among garden plots. Changes in vegetation form and

structure can also have important implications for the

ability of gardens to support ecosystem services

related to food production because ecosystem service

providers (e.g. insect pollinators or natural enemies)

are strongly influenced by habitat vegetation charac-

teristics in gardens for food (nectar, prey) or shelter.

Thus, it is important to focus on the management of

individual garden plots to best understand ecological

applications regarding managing habitats for ecosys-

tem services.

Plant species richness and vegetation cover at the

plot scale related to CHM values, suggesting that at

this scale UAV technologies can adequately predict

species richness as we discuss below. An assessment

within garden plots should produce more detailed data

on vegetation, and we show that this can relate to UAV

imagery values at this scale. However, the reverse-

scale relation in species richness within garden plots

(positive relationship) versus within the garden (neg-

ative relationship) indicate a divergent scale-depen-

dent association between spatial imagery and some

garden features, and provides an example of why scale

matters in landscape ecology research. Simpson’s

Paradox describes such reverse-scale patterns (Blyth

1972): statistical relationships at the aggregated scale

yield different conclusions than the relationships

within the individual. The sum of parts tells a different

story than the individual parts do themselves. Biodi-

versity studies using remote sensing in natural land-

scapes similarly illustrate that fine-scale variability

and information rapidly decreases with increasing

sampling scale (Cavender-Bares et al. 2017; Wang

et al. 2018). A closer examination of an individual

plot, generally consisting of mostly herbaceous non-

woody plants, finds that mean CHM values can

provide a relatively good assessment of basic vegeta-

tion metrics, specifically for vegetation function

(species richness, cover). In sum, these findings

suggests that if the process of interest is at the garden

plot scale (e.g. ecosystem functioning), analyzing the

disaggregated data (i.e. of individuals) rather than the

aggregated data is better to reduce information loss

(i.e. individual variation) and other aggregation prob-

lems (Clark et al. 2011). Based on these findings, we

recommend that species richness is an insightful

measure of ecosystem function within gardens, but
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importantly should be considered at a meaningful

spatial scale. Here, a meaningful spatial scale is the

scale of individual’s management (a gardener’s).

Mapping variation in garden vegetation:

relationships between new and traditional methods

We used low-cost and accessible UAV technology

paired with human field surveys to together answer

questions about how vegetation form and structure

changes at various spatial scales within gardens, and

how new and traditional methods in urban ecology are

related. Home and community gardens in cities can be

difficult to access but are important for supporting

many plant and invertebrate species (Colding et al.

2006). Higher plant species richness and vegetation

cover within plots was positively predicted by some

UAV-derived imagery values. Yet surprisingly and

counter to our predictions, greater variation in CHM

values (here, the standard deviation (SD)) correlated

negatively with species richness and vegetation height

was not predicted by UAV imagery at either plot or

garden scale. The negative relationship between

variation in CHM and species richness suggests that

gardeners may have highly diverse plots of species of

similar heights. No relationship between vegetation

height and CHM values may be explained by our field

sampling method that was limited to measuring only

the height of the tallest vegetation within the plot, and

to a subset of garden plots. Furthermore, a sensor may

not be able to capture vegetation within a garden plot

depending on the size and structure of the plant (e.g.,

tall but thin vegetation). Such surprising relationships

provide valuable insight for future research. A more

complete field measurement of vegetation height

within a plot, measuring the volume (height 9 area)

of multiple layers of vegetation representing different

functional groups could provide ground data that

better relate to remote sensing images. In addition, the

dynamic nature of these systems through vegetation

management may influence our results and generally

has implications for the reproducibility of such studies

in urban environments. However, it is not possible to

return to gardens later on to collect additional data

because these gardens (and most community gardens)

are highly seasonal, and vary from season to season in

ownership. Consequently, preference in planted spe-

cies and vegetation features likely varies. This might

be a key constraint of data collection in urban gardens

and limits the time of collecting and confirming data to

a few weeks per year.

We highlight benefits and drawbacks on the use of

the UAV technology and combined field methods to

aid in answering our research question. Logistical

feats can hinder the ability to understand the role of

gardens for biodiversity conservation and urban

macro-ecosystem function (Guitart et al. 2012). Even

‘‘quick’’ in-field assessments of the system require

extensive time for high sample sizes and ecological

knowledge, and the social-ecological turnover within

these systems across the growing season (in plants, in

people) suggests that multiple and repeated assess-

ments over time are essential to make strong conclu-

sions. Such temporal processes as well as too few in-

field sampling points, could provide further explana-

tions for the lack of relationships between UAV

imagery and garden-scale height measurements. Fur-

thermore, the ‘randomness’ in plot composition due to

differences in gardener planting preferences (Egerer

et al. 2019) may make it difficult to derive relation-

ships. A plot can be so individually different from

another that simple measures of height or cover cannot

detect or relate to variables such as species richness.

For example, plots with high species richness could

have vegetation cover and structure exactly like one

that has only a couple of species. Thus, even if UAV

imagery produces accurate and precise readings that

can reduce field measurement effort, it might still not

be useful in predicting further relationships. Urban

community gardens present excellent systems to test

new technologies like UAVs because, in comparison

to residential systems, community gardens often only

require city and garden management cooperation to

access and quickly assess the relatively small land-

scape (though this has its own challenges, see (Guitart

et al. 2012; Pollard et al. 2017)). UAVs may be useful

for ecosystem assessments at various spatial scales

given time, labor and funding constraints. In our study,

even our field assessments by two to three researchers

took 3–4 h per garden to complete, and data entry and

plant identification in the lab took 3 weeks. In

contrast, UAV data collection took 5–10 min in the

field, 1 day to correct and compile, and takes approx-

imately a week to prepare data (here, of ten entire

gardens) for analysis depending on the workflow and

mapping software fluency.
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Applying and developing methods together

Thus, what do we have to change from the ground, but

also from the sky, to further methodological advance-

ments utilizing new technologies in urban landscape

ecology research? The lack of some relationships in

measurements from UAV and field methods suggest

that field methods must develop with new technolo-

gies to be able to provide accurate reference ground

data to confirm data taken from the sky. For example,

here, field assessments could collect multiple vegeta-

tion height measurements in a grid in each garden plot.

With this data, we could interpolate between height

points to quantify, for example plot vegetation volume

estimates that are relatable to CHMs produced from

UAV imagery. More height measurements in the field

will allow for better relationships to species richness

because the different morphological features

expressed by garden plants can be used for species

differentiation. Field methods that move beyond

common measurements are necessary to provide

quality reference ground data for UAV assessments.

Provided such field data, new technologies like UAVs

may provide a cost- and time-effective alternative for

traditional baseline estimates of vegetation character-

istics with implications for ecosystem function and

habitat management in urban landscapes.

Spatial scale is also key to the accuracy and

application of remote sensing technology (Lu and He

2018; Wang et al. 2018) and should be carefully

considered in research methodology. In our study this

is supported by the reverse-scale relationship between

methodologies (UAV, human observation) and the

lack of strong relationships observed between UAV

and most human observations of vegetation at the

garden scale. Previous studies have found that spatial

scale correction is necessary to fix the misclassifica-

tion of land use types by UAVs in images of urban tree

populations (Feng et al. 2015) and scale analysis

should be a component to the methodological work-

flow (Cavender-Bares et al. 2017; Wang et al. 2018).

Indeed, surface models produced from UAV surveys

are very sensitive to systematic error (James and

Robson 2014), and corroborating remote sensing with

on the ground assessments is still important for

assessing correlations and predictability (Peña et al.

2013; Wang et al. 2018). As is using other correction

techniques such as implementing ground control

points and bundle adjustments to mitigate systematic

errors (James et al. 2017). Urban gardens are also

dynamic systems in which plants can be short lived or

quickly modified, and we emphasize the advantage of

being able to carry out ground sampling and UAV data

collection in unison on the same day, saving time and

effort. Our analysis is limited to the garden plots in

which we measured all vegetation and plot character-

istics (thus assuming all plants play some functional

role), and limited to the ground resolution restricted by

the infrastructure features of urban environments and

UAV government regulations. Yet we suggest that

detailed interpretation of garden CHMs paired with in-

field researcher observation may best describe ecosys-

tem structure and functioning depending on the

research question. UAV technology may readily

answer questions around basic vegetation species

diversity and vegetation structural features of an

ecosystem, but questions around relationships with

other taxa or management of specific plant functional

groups related to a single ecosystem service may

require more detailed field measurements and adapted

methods to answer due to lost temporal or spatial

resolution.

This study is a glimpse into how high-spatial

resolution imagery may be utilized for mapping the

vegetation of private green spaces. Private green

spaces make up more than 50% of all urban green

space inmany cities (Goddard et al. 2010), yet we have

little to no access to these spaces. This is particularly

true for backyards, which often have more plant

richness and vegetation complexity (Daniels and

Kirkpatrick 2006) but are much less visible (Locke

et al. 2018) and accessible due to privacy concerns.

Consequently, we know little about their ecology

(Cook et al. 2012). A system that can assess and

account for plant species richness and vegetation

structural characteristics across a cityscape using high

resolution remote sensing (provided site permission)

could be a means to better understand the ecology of

residential gardens both within front and back yards,

and their role in supporting urban ecosystem functions

and ecosystem services.

Conclusion

Gardens are diverse in plant species and complex in

vegetation structure. Furthermore, gardens harbor

many important ecosystem service providers within
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them. Understanding the variation in vegetation within

gardens is relevant to biodiversity conservation and

sustainability initiatives, but in urban landscapes it can

be logistically difficult to comprehensively assess the

vegetation within these ecosystems. Methodological

advancements harnessing new technologies are

increasingly used in urban landscape ecology

research, but it is still unclear how these relate to

basic and traditional field methods used by most urban

ecologists. Our work furthers both interpretations of

variation in garden vegetation and methodological

developments of new and traditional methods in urban

ecology. We introduce two methods for vegetation

assessments—traditional in-field surveys and new

UAV technology—that can be utilized by urban

ecologists, urban planners, and urban farmers alike.

First, the findings prompt questions of spatial scale

selection when using these technologies for meaning-

ful analyses of heterogeneous systems. Remote sens-

ing may lose resolution of plant species richness if the

spatial scale is too large, which can shape conclusions

about ecosystem functioning or management out-

comes aimed at improving structural diversity. For

researchers, we recommend that scale analyses in the

context of the research question should be incorpo-

rated into the workflow of vegetation mapping, and

must consider small spatial scales as shapers of

variation and complexity in vegetation form and

function. Second, our results highlight the importance

of detailed ground surveys that move beyond tradi-

tional and common vegetation measurements to

produce relatable data to new technologies. Yet

UAV imagery may overlook important fine-scale

functional attributes of urban ecosystems that field

surveys may capture. For urban planners, depending

on the objective and accessibility, UAV technology

may provide new venues to better measure vegetation

across the landscape to enhance and improve

equitable ecosystem service provision. For urban

farmers, using cheap technologies in combination

with measurements within and knowledge of their

plots could provide new pathways to manage struc-

tural and functional vegetation features that underlie

agroecosystem functions and sustainable food pro-

duction. To best understand ecological outcomes,

local fine-scale information and data from researchers

and land managers can complement and improve

ecosystem observations taken from the sky.
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