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ABSTRACT:

Riparian zones maintain water quality, support mldtgeomorphic processes, contain significant bigrdity and also maintain the
aesthetics of the landscape. Australian state atidnmal government agencies responsible for magagiarian zones are planning
missions for acquiring remotely sensed data cogetie main streams in Victoria, New South Walesl parts of Queensland and
South Australia. The work presented in this paperides proof-of-concept and operational specificat for using commercially
available high spatial resolution satellite ancaine image datasets to map riparian conditioncatdis. The objectives of this
paper are to: (1) assess the ability of differeghtspatial resolution image datasets for mapphegeénvironmental condition of
riparian zones in four distinct environments in &aba; and (2) provide specifications for captgriand analyzing the data most
suited for riparian zone mapping at large spatidérts (> 1000 km of stream length). LiDAderiveddigital elevationmodels,
terrainslope,intensity,fractionalcovercountsandcanopyheightmodelswereused to map riparian condition indicators usingpdém
algorithms and more complex object-oriented imagalysis. The results showed that LIDAR data are ma#able for mapping
riparian condition indicators: water bodies; strbach width; bank-full width; riparian zone width; dth of vegetation; plant
projective cover; longitudinal continuity; vegetati height classes; large trees; vegetation overhemd) bank stabilityResults of
this work will contribute to future riparian zoneapping in Victoria, New South Walesndpartsof Queenslan@ndSouth Australia.

1. INTRODUCTION AND OBJECTIVES 2. STUDY AREAS AND DATA

Riparian zones along rivers and creeks have longn be€The two main riparian study areas were locatedgalimosa

identified as important elements of the landscape t the
flow of species, energy, and nutrients, and theavigion of
corridors creating an interface between terrestiad aquatic
ecosystems. Conventional field based approachessf®ssing
the environmental condition of riparian zones dte specific
and cannot provide detailed and continuous spitiaimation
for large areas, > 1000 km of streams (Johanseh,e2007).
High spatial resolution image data are requiredafssessment
of riparian zones because of the limited width &mel physical
form and vegetation structural heterogeneity withiparian
zones (Johansen et al., 2008a). This type of mggpas mostly
been applied to riparian study areas of limitediapaxtents (<
100 km of stream length) by using high spatial k&san image
data. The objectives of this paper are to: (1)ssstee ability of
different high spatial resolution image datasetsnfiapping the
environmental condition of riparian zones in fouistiact
environments in Australia; and (2) provide speatfiens for
capturing and analyzing the data most suited foarian zone
mapping at large spatial extents (> 1000 km ofastréength).
This paper brings together six years of riparianppirrg
research based on multiple datasets from severy sitds
across Australia, which has used multi-spectradliéat SPOT-
5, Ikonos, and QuickBird image data and multi-sgairborne
optical (Vexcel UltraCam-D) and Light Detection aRdnging
(LIDAR) data. Examples are provided from two maiudy
areas in Central Queensland (Mimosa Creek and DaRisen)
and Victoria (Werribee River, Lerderderg River, PanvGreek,

Creek and the Dawson River within a sub-tropical open
woodland area in the Fitzroy Catchment, Central €pskand,
and along the Werribee and Lerderderg Rivers andteRyr
Djerriwarrh, and Parwan Creeks in the urbanized atiivated
temperate Werribee Catchment in Victoria (TableFlgld data
(28 May - 5 June 2007) were obtained around the tifrimage
capture in the Fitzroy Catchment with a SPOT-5 imeaetured
on 14 June 2007, two QuickBird images captured oMag
and 11 August 2007, and LiDAR data captured on 162007.

A field campaign was carried out in the WerribeecBatent
between 31 March - 4 April 2008 with a SPOT-5 image
captured on 20 April 2008, an Ikonos image captuwead25
April 2008, and airborne multi-spectral UltraCam-@ata
captured with 0.25 m pixels from 19-23 April 20@Bxisting
LIiDAR data captured between 7 and 9 May 2005 wese al
used. Field data acquisition was designed to mtktehspatial
resolution of the image data. Field measurements witained
along transects located perpendicular to the sseamthe
following parameters: (1) water bodies; (2) streadbbank-
full, riparian zone, and vegetation widths; (3)milg@rojective
cover (PPC); (4) ground cover; (5) vegetation heighasses;
and (6) bank stability (Johansen et al., 2008ai).chbibration of
the LIDAR based object-oriented mapping of streamibeahk-
full and riparian zone widths, field data were eotkd for the
bank slope and the elevation difference betweerstieambed
and the external perimeter of the riparian zoneelpossible,
existing high spatial resolution optical image datre used to

Pyrites Creek and Dijerriwarrh Creek). Results from kwor locate in-situ ground control points based on iararfeatures
conducted in Southeast and Central Queensland hed tvisible in both the field and image data to compemGPS
Northern Territory will also be presented. points to precisely overlay field and image data.



Table 1.Riparian environments, study sites, their spatitére, and the image data used. Gray rows indivaie study areas.

Riparian environment Study site

Spatial extent (knof
stream length)

Image data used

Temperate climate, seasonal Victoria: Werribee River, Lerderderg 150 km 2 QuickBird images
rain, hilly and flat terrain, River, Parwan Creek, Pyrites Creek, 1 Ikonos image
river/creek, urbanized, Djerriwarrh Creek 2 SPOT-5 images
cultivated and state forest Airborne digital Ultracam-D data
Airborne LIDAR data
Tropical climate, wet/dry Northern Territory: Daly River 21 km 2 QuickBird ages
savanna environment, flat 2 Landsat-5 TM images
terrain, river/creek, moderately Scanned aerial photographs
developed for grassing and Northern Territory: South Alligator 30 km 1 QuickBird image
national park River, Barramundie Creek 2 Landsat-5 TM images
Scanned aerial photographs
Sub-tropical climate, wet/dry  Central Queensland: Keelbottom Creek 15 km 1 Ikomagye
savanna environment, flat 1 Landsat-7 ETM+ image
terrain, river/creek, moderately Central Queensland: Mimosa Creek, 35 km 2 QuickBird images
developed for grassing Dawson River 1 SPOT-5 image
Airborne LIDAR data
Scanned aerial photographs
Central Queensland: Isac River 10 km Airborne HyMata

Scanned aerial photographs

Sub-tropical climate, seasonal
rain, river/creek, coastal,
urbanized and cultivated

Bremer River, and adjacent creeks

Southeast Queensland: Brisbane River, 90 km

2 SPOT-5 images
Scanned aerial photographs

3. METHODS
3.1 Mapping Riparian Zones from Optical Image Data

All satellite image datasets were atmosphericatlyracted to
at-surface reflectance with atmospheric paramelfersed from
the MODIS sensor and the Australian Bureau of Metegy.
The capacity to map a number of indicators of fgrarzone
condition was tested for each of the datasets:niteies; bare
ground; streambed width; bank-full width; riparizaone width;
width of vegetation; PPC; longitudinal continuitgrge trees;
large in-stream wood; vegetation overhang; and t=iakility.
Riparian zone width, streambed width, canopy covere
ground and water bodies were mapped from objeented
image classification for all optical datasets usibgfiniens
Professional 5 and Developer 7 (Johansen et al08&0
Johansen et al., in review a). Regression analysion
randomForest classifications were used for preaicBRPC and
bank stability (Johansen et al., 2008a; Johansexh.,e2008b).

4 L A

Longitudinal continuity was derived from the PPC map
products by defining canopy gaps as areas > 20@ith < 20%
PPC. Mapping of large trees and in-stream woodiredwisual
interpretation of the optical image datasets. As dilse of the
LIDAR data produced the best results, the remaipeng of the
methods section describes the approaches used po timea
riparian condition indicators from the LIDAR data.

3.2 Mapping Riparian Zones from LiDAR Data

Parameters estimated from LIDAR data and used tiveder
information on riparian condition indicators weréigital
elevation model (DEM), terrain slope, varianceafain slope,
fractional cover counts, canopy height model, anténisity
(Figure 1). The output pixel size was set to miainthe pixel
size and at the same time reduce the number ofspiiéhout
data, i.e. pixels without any returns, producing) nalues. With
increased point density, a smaller pixel size cdaddachieved.

P

Figure 1: (a) Ultracam-D subset, and corresponding LiDARw&t raster products, including (b) DEM, (c) fractal cover counts,

(d) intensity, (e) terrain slope, and (f) canopigheémodel

. Dark areas = low values and bright @arehigh values.



The DEM was produced by
interpolation of returns classified as ground hi#som the
DEM, raster surfaces representing terrain slopte, sachange
in horizontal and vertical directions from the aampixel of a 3
x 3 moving window, and variance of the terrain slowithin a
moving window of 3 x 3 pixels, were calculated. Tinep of
fractional cover counts, defined as one minus e fgaction
probability, was calculated from the proportiorncofints of first
returns 2 m above ground level to correspond whi field
measurements of PPC, which were derived above athei®
m. The height of all first returns above the grounds
calculated by subtracting the ground elevation fribra first
return elevation. The maximum height of first resrwithin
each pixel was also calculated. The maximum hedghfirst
returns can be considered a representation of dpeot the
canopy in vegetated areas (Suae¢zl., 2005). The intensity
band was produced by inverse distance weightecdoiition.

From the LiDAR raster products riparian conditiomigators
were either derived directly by using simple altjoris or
object-oriented methods. Water bodies, streambethwbank-
full width, riparian zone width, and width of vegébn were
mapped using image segmentation and object-orieintade
classification. Water bodies were mapped from ti®2AR data
using the intensity, DEM, PPC, and terrain slopedisaé local
extrema algorithm was first used to find minimunues from
the DEM within a searching range of 15 pixels tlyloaut the
LiDAR data extent. Only extreme minimum DEM valueshw
an intensity < 50, a PPC value of 0, and a tersiipe < 2.5%
were considered. This result was then used to grater bodies
as long the neighbouring objects had intensity mesnes of
less than 100 and a terrain slope < 2.5%. The ratred,
defined as the area between the toes of the bamsmapped
from the DEM, terrain slope, and the variance ofaie slope
using object-oriented image analysis. The segmentarocess
was based on the DEM and variance of terrain slagech
produced objects lining up with the gradient of theain and
producing separate objects for the streambed,rstiEmk and
surrounding areas because of elevation differenides.object-
oriented classification of streambeds from the LiDdata first
identified the stream banks based on their stempesl Objects
located in between steep slopes and with bordesbjerts with
higher elevation were mapped as streambed. To raak-foll
width the streambed map was expanded using a regawing
algorithm to grow the streambed extent up to amatien of 2
m above the current streambed, but limited to tadee of the
original streambed by 10 m. This expanded the maigi
streambed to include areas belonging to the balhkafidth.

inverse distance weightediparian zones were also classified as part ofrifh@rian zone.

The merged riparian zone polygons were then re-eatgd into
objects of 4 x 4 pixels, and areas, classified igsrian

vegetation, with an absolute difference in elevatibmore than
5 m in relation to the streambed objects, were tedhjtas field
data indicated that the top of banks was less Shanabove the
streambed. To map width of vegetation, the ripaziame width
was merged with adjacent woody vegetation with PPZD%.

Width of vegetation was defined as the perpendicdistance
from the streambed to a non-riparian zone and nooey

vegetation pixel.

PPC was estimated from the LIDAR based fractionalecov
counts. Using the same procedures as Armston éngbress)
and Johansen et al. (2008b), fractional cover coahbve a
height of 2 m were converted to PPC using a powection.
For mapping longitudinal continuity, canopy gapsevdefined
as an area with less than 20% PPC and a size @sit10 m x
10 m. The mapping of vegetation height classesdeas in one
step by dividing individual pixels into height cgteies based
on the canopy height model. To avoid erroneousguiting
agricultural fields and buildings, height categerieere only
obtained from those areas classified as ripariaezoSimilarly,
large trees were mapped as the area of the ripesiaopy with
trees above a height of 15 m. Vegetation overhaag mwapped
using the LIiDAR derived streambed map and the piesed
PPC map as input bands. For areas to be classffiedgetation
overhang, a minimum of 20% PPC was set as a thigsbitilin
areas classified as streambed. Bank stability wgspethfrom
multiple regression analysis based on the relatipnbetween
field assessed bank stability and LIDAR derived P&l
terrain slope. PPC was used as tree roots from weegetation
stabilize banks. High bank terrain slopes may iatdicerosion
and slumping and hence bank stability levels (Land Water
Australia, 2002).

3.3 Accuracy Assessment

The mapping accuracies of the riparian conditiaticator maps
were assessed using independent data from the Eapnéation
wherever possible. In the cases, where only orld fiataset
was available, the data were randomly divided tatbration
and validation data. For the maps consisting ofinapus data
values (e.g. PPC),?Ralues, Root Mean Square Error (RMSE),
and the minimum detectable difference were caledlat
(Johansen et al.,, 2008a). The minimum detectalifereince
represents the smallest difference or change thatldvbe
statistically significant when comparing differesamples or

The next step assumed that the streambed had new bedr€as within the same or different maps. For teentitic maps,

expanded to include at least a small part of thveetostream
bank. To reach the top of the lowest bank, the eded
streambed extent was grown further as long as amé klope
was larger than 7%, but bounded by an elevatioghtaf 4 m
above the streambed to set an upper threshold abiwe
streambed for riparian areas surrounded by sterpirte For
mapping the extent of riparian zones, the followimgut bands
were used for the object-oriented image analydC,Rcanopy
height model, terrain slope, DEM,
classification. The classification of the streambvess used to
identify the streamside perimeter of the ripariasne The
classification of the riparian zone was then based the
distance from the streambed, the slope of themtienks, the
PPC, and the height of trees, as an abrupt changegigtation
height, density and bank slope generally occur caldne
external perimeter of riparian zones (Land and WAtestralia,
2002). Unclassified objects within the riparian epie. riparian
canopy gaps, enclosed by objects classified aamsbred and

and the streambe

field data were used to produce error matrices eaidulate
associated user’s, producer’s, overall, and kapparacies.

4. RESULTS AND DISCUSSION
4.1 Comparison of Sensors and Associated Methods

he results from all study sites showed that the afsLiDAR

ata enabled mapping of most of the riparian caomdit
indicators and with the highest mapping accuraaietslevels of
detail compared to the optical high spatial resotutimage
datasets. In addition to the LiDAR raster produ(BEM,
terrain slope, fractional cover counts, canopy lheigodel, and
intensity), the following riparian condition indicas were
mapped automatically: water bodies; streambed wizihk-full
width; riparian zone width; width of vegetation; ®©P
longitudinal continuity; vegetation height classége trees;
vegetation overhang; and bank condition (Figure 2).
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Figure 2. (a) Ultracam-D image and associated LiDAR derivegsnof (b) streambed and bank-full widths, (c)niggazone and
vegetation widths, (d) PPC, (e) longitudinal conitinu(f) vegetation height classes, (g) vegetatwarhang, and (h) bank stability.

Mapping accuracies of LIDAR based riparian condition(RMSE =6.1 m, n = 17) and riparian zone widths (FBS7.0
indicator maps were derived from field data for Yietoria and m, n = 17) were compared directly with the corresjog
Central Queensland study sites. Vegetation heigidses and locations within the maps. PPC was validated agaarst
location of large trees were not validated becafsthe high independent field dataset and had a RMSE of 12% @P€
vertical accuracy of the point clouds (< 0.20 m)eldd 110). The mapping accuracies of vegetation overhand
measurements of streambed (RMSE = 3.3 m, n = 17k-fosl longitudinal continuity were direct derivatives the streambed



and PPC maps. Compared against field data, LiDARveleri
bank stability based on the terrain slope and PP@smeas

in the riparian environment being imaged. For examghe
spatial resolution of the QuickBird image data wasrem

mapped with an &= 0.40 using multiple regression analysis. In suitable for mapping large river-riparian zone egss (e.g. the

all cases, the LIDAR derived riparian conditionigedor maps
were more accurate than those produced from the $patial
resolution optical datasets. The airborne Ultraéanmage
classification of water bodies produced similarhhigser's and

Daly River, river width > 40 m and riparian zone thicb0 —
100 m) than those in the Werribee Catchment (eegWhrribee
River, river width < 20 m and riparian zone width 280 m).
The distinct vegetation zonation and the largeisestof bank

producer’s accuracies to those from the LiIDAR dataslumping along the Daly River enabled more accurspping

classification, but was unable to detect water &sdibstructed
by canopy cover, which in particular was a probfemnarrow

streams. Overall, the LIDAR data required less igiten
processing than the optical datasets, becauseeointierent
high precision and provision of 3-dimensional imfation and
the smaller number of bands needed for the ripas@rdition

indicator mapping. The Ultracam-D image data witB50m

pixels required very extensive and time-consumirac@ssing,
e.g. 18 days of constant processing to produc®ie map for
195 knt using the randomForest algorithm.

The Ultracam-D, Ikonos, and QuickBird image datalddwe
used for mapping the following indicators for metidy sites:
water bodies; bare ground; PPC; longitudinal coitinuvidth
of vegetation; and riparian zone width. Howeveparian zone
width was overestimated in areas with topograplyicamplex
terrain (e.g. RMSE = 38 m, n = 12) and with adjacdense
sub-tropical and tropical woodland and temperattestorests
(e.g. RMSE =45 m, n = 15). In contrast, LIDAR datald be
used successfully in these areas using bank stdpariation
and thresholds of the difference in elevation betwehe
streambed and the external perimeter of ripariamego The
Ultracam-D image data were also found useful fosual
calibration and validation of the LIiDAR derived iedior maps
of water bodies, streambed width, bank-full widdhd riparian
zone width. Large trees defined by their tree craliameter (>
15 m in any one direction) and large in-stream woodld in
most cases be visually delineated from the UltraBaimage
data (0.25 m pixels) although tree crowns in dgnsebetated
areas could not be separated and large in-streaod would
only be identified in open areas. Automatic deltieeaof tree
crowns was not possible, as the complex and denseglgtated
riparian zone canopy structure did not fulfill treguirements of
existing algorithms relying on a bright apex ana@dgd areas
surrounding the crown perimeter (Johansen et@D6R

One major limitation of the optical image datadetsriparian

zone mapping was the requirement of a very accurasge
classification for mapping water bodies, bare gthuPPC and
longitudinal continuity. Water bodies were diffitulo map
accurately because of obstruction and shadows tireercrowns
along the stream edge. The algorithms used to rRgpdhd the
longitudinal continuity derivative cannot distingbi between
woody and non-woody vegetation such as agriculamdl grass
cover. Therefore, accurate image classificatiorvobdy and
non-woody vegetation is required to produce a méasigh

spatial resolution image data are generally diffitaccurately
classify into land-cover classes because of thgelagflectance
variation of individual features at these spatiakalutions.
Object-oriented image classification is the onljtahle means
to achieve accurate image classification resultschrrently no
suitable rule sets are available for multi-site, us& riparian
zones occurring in for example urban, cultivatedyodiand,
rangeland, and forest environments.

The spatial dimensions of the river-riparian zongstem
affected the accuracies of the mapping resultshef dptical
image datasets, as the mapping accuracies reliedthen
interaction of spatial resolution with the spatiahle of features

with the QuickBird image data of e.g. PPC and banbikty
than along the Werribee River. The SPOT-5 image detie
not suitable for mapping riparian condition indmat because
of the limited spatial resolution in relation toetlstreams and
associated riparian zones mapped.

In the temperate study site in Victoria, it wasrfdumportant to
map riparian zones in the leaf-on season, as theu@imof
canopy cover will significantly affect a large nuenlof riparian
condition indicators. In riparian environments doated by
evergreen and semi-deciduous tree species, it masdfless
important to capture LIDAR data in any particularasen.
However, optical image data should be capturedhi dry
season to reduce effects from understorey vegatatitd to
accurately map riparian zone width (Johansen g2@08a).

4.2 Specifications for LIDAR Data Acquisition and Aralysis

LIDAR sensors designed for corridor mapping, suchttes
Toposys Harrier 56/G3 Riegl LMS-Q560, were considemost
appropriate for cost-effectively and consistentlyapping
riparian condition indicators for areas > 1000 kimstream
length. These systems also enable capture of daintivery
high spatial resolution image data on an opportitnisasis
when weather conditions permits optical data captédr low-
cost coincident optical image dataset would be eeitable for
calibration and validation of LIDAR derived ripari@ondition
indicator maps and for visual interpretation ofgirin-stream
wood. The use of LiDAR data also proved more cofgetif/e
at these spatial scales compared to satellite @bdrae optical
image datasets (Johansen et al., in review b).LThAR data
were found more appropriate for acquisition andlyeisa than
the optical image datasets because of consistamt angles,
ability to capture data in cloudy conditions, arapacity for
mapping automation. The acquisition of airborne AlDdata is
possible over a shorter period of time than thabfutical image
datasets, as LIDAR data acquisition is less weatlependent
and can be captured day and night if required. LRDA
specifications deemed most suitable for riparianppivey
applications based on the experiences gained éostiidy sites
in Victoria and Central Queensland and the litee(@oodwin
et al., 2006; Armston et al., in press) are preskirt Table 2.

Table 2 Some suggested LiDAR data acquisition specificeti
for riparian mapping applications.

Parameters Value

Scan angle < 15 degrees

Maximum scan angle 45 degrees

LIiDAR overlap between runs 30%

Point spacing 0.50 m along/across track
Point density 4 points/m

Spot footprint 0.30 m

Sensor settings to be reported Maximum scan apglse rate;
scan frequency; X,Y, and Z
uncertainty

Las 1.1 to store geo-referenced
information without any
approximations

Radiometrically calibrated

Into ground and non-grdu

Format

Return intensity
Point cloud classification




As the intrinsic attributes of riparian featuresnigemapped will
vary depending on location and the feature beisgss®d, the
extrinsic specifications of the LIiDAR data acqugsit will need
to suit a wide range of requirements. The canopy side
distribution affects the dynamic range of estimaiésover as
the LIDAR beam is “blind” to gaps smaller than iteoss-
sectional area. Previous work over a range of atiget types
has indicated that an average point spacing of m &nd a
maximum beam cross-sectional diameter < 30 cmpwillvide
good mapping precision up to approximately 90%afpdi cover
(Armston et al., in press). The scan angle shoeldnmimized
(at least < 15°) to limit the effects of leaf andistribution and
ground slope on spatial variation in cover proékgimates in
order to avoid more advanced modeling (Goodwin.e2806).
To obtain information on riparian forest structea spatial
scale suitable for dense vegetation as well aslemstreams
with narrow riparian zones (< 20 m wide), the padensity
should be at least 4 points # t» 0.5 m point spacing). With a
set laser beam divergence at 0.5 mrad, a flyinghhef 600
m is required to achieve a footprint size 680 cm diameter. It
is recommended that an area of at least 100 m bieyoa
external perimeter of the riparian zone on eacle %ifl the
stream is covered. A total swath width of 500 m ldobe
sufficient for the majority of streams and assamatiparian
zones in Australia. To achieve a swath width of B0Qvith a
scan angle < 15° and a footprint size30 cm diameter, two
parallel strips with 30% overlap will need to bewh. Scan
frequency and platform speed are to be determioagptimize
point density, the altitude of the platform, thexinaum scan
angle, and the beam divergence, which, in comlanatiith
altitude, dictates the ground footprint size (Goodwt al.,
2006). Metadata are required to provide detailedl @mplete
documentation of the acquisition as well as indepen
accuracy assessment using field data obtainedeatiie of
LIDAR data acquisition. It is also important thatesfic
processing documentation is developed to the exidrgre the
processing routines can be precisely repeated.igsportant
for successful future monitoring of streams andrnign zones.

5. CONCLUSIONS AND FUTURE WORK

Our findings show that high spatial resolution passand
active image data can be used for mapping ripadane
properties over large spatial extents. LiDAR datagaiptured
with suitable specifications, are more appropriated cost-
effective than SPOT-5, QuickBird, and lkonos satellimage
data and airborne multi-spectral UltraCam-D imageadfor
mapping riparian condition indicators. Although thee of the
UltraCam-D dataset enabled mapping of more
condition indicators than the other assessed dptimage
datasets, the Ultracam-D image data were not suited
mapping riparian condition over large spatial etgefrom a
cost-benefit perspective due to the large file ,siaguiring

extensive and very time-consuming data processing f

automated procedures. LIDAR data could be useddorately

map the largest number of riparian condition inticst water
bodies; streambed width; bank-full width; ripariaone width;

width of vegetation; PPC; longitudinal continuityegetation
height classes; large trees; vegetation overhamg; laank
condition. Overall, the LIDAR data required lesdeimsive

processing than the optical datasets. The LiDAR de¢ae

found most appropriate for acquisition for larggioms because
of consistent scan angles, ability to capture dater shorter
time frames, and capacity for mapping automatiauie work

will focus on mapping applications at the stateslém Australia

for > 100,000 km of stream length.
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