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Abstract

This study focuses on the application of airborme remote seasing and 1mage
classification to the mapping of bottom substrate, channel pattern and land cover as important
freshwater habitat parameters tor Atlantic salmon. A Compact Airborme Spectrometric Imager
(CASI) was used to collect multispectral image data with approximately 20 nm wide bands
centred at wavelengths ot 510, 390. 660 and 730 nm. [mage preprocessing included a first order
atmospheric correction tor path radiance and geometric registration to the UTM reterence system.
Numerical transforms on the 'magery included principal component transtormations on original
and loganthmized spectral bands. as well as the derivation of a normalized difference vegetation
index (NDVD. Ancillary information consisted of valley gradient and stream width. Valley
gradient was denived from elevation data contatned 1 a 1:30.000 digital map sheet. Stream width
was extracted trom the image data. The river course was divided in sections ot approximately
equal length (30 m)., and the average width ot each segment was calculated trom 1ts length and
area. The importance of individual predictor variables for the extraction of the habitat parameters
was established using the mean response tor each predictor vanable. standardized distance
matrices and plots of group variability. Separate image classifications were carried out for
substrate type. channel pattern and land cover using a hierarchical decision tree algon:hm. The
end nodes of the final classification trees were implemented as classification rules in a
FORTRAN program. Classification accuracy was assessed using an tndependently collected test

sample. The observed overall classification accuracies were 66.87 %, 38.11 % and 84.91 % for



substrate type. channel pattern and iand cover. respectively. Overail accuracy was sigmticantly
improved for the habitat parameters substrate type and channel pattern by combining categories
of these vanables according to their sigmticance 1in designating suitable spawning habitat. The

revised overall accuracy values for these habitat parameters were 73.76 %% and 6447 %%,

respectively. Finally. substrate type and channel pattern were combined to create composite
maps of spawning habuat swirabihity - The resulting stranfication of salmon spawning habutats
corresponds well with the findings of earlier investigations. Therefore, the value ot the

methodology developed in this study for the management and protection of treshwater salmon

habitat was successtully demonstrated.
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Chapter 1.0: Introduction

1.1 Introduction

In recent years, worldwide concern has been voiced regarding the observed decline of” Atlantic
salmon (Safmo salar) throughout 1ts habitat range. Among the most important tactors responsible tor
this decline 15 the rapid decrease 1n suitable treshwater habitat (Gibson. 1993). Freshwater habitats

tultill important ecological functions pertinent to spawming and ovenwintenng, usually involving a

main river with mbutanes and ponds. While voung salmon are most sensitive to environmentat

disturbances dunng their tirst vear after emergence trom eggs, 1t 1s the availability and quality ot
spawning habitat that has the greatest impact on their production rate ( Shearer. 1992). Any physical
disturbance m the watershed such as increased erosion or artificial obstructions that limit access to
upstream areas, may have a severe impact on the quality and availability ot salmon habitat.

With increasing pressure from natural resource based industmal acuivities (e.g. torestry and
mining), and the expansion of urban development nto formerly pnistine areas, etfective management
strategies have to be developed to ensure the protection of the endangered habitat. These strategies
should be based on quantitative inventones and support repeated applications. This would permit the
integration of relevant information in digital data bases and tacilitate etficient resource management

through research into the relationships between Atlantic salmon and its habitat parameters (Edgington

et al., 1987: Scruton et al., 1992).



Traditonally, resource inventories of treshwater salmon habitat have been carmed out with a
substantial amount ot ground based data collection. While offering the highest degree of accuracy. the
cost and time etfort required to conduct field surveys increases with the area covered and may not be
viable tor large and remote areas. Alternatively. air-photo interpretation nas been successtully used tc
cost and ume efticient salmon habitat inventonies and mapping ( Dubois and Clavet. 1979: Amuiro.
1983: Edumngton er af. 1987 In this case. the quality of the results generally depends on the
expenience and knowledge ot the interpreter.  Theretore. potentially severe imutations of this method
exist tor the objective reproduction ot interpretation results.

Intformation about land cover and water bodies pertinent to habitat inventones can be denved
In 3 quantitative, objective manner from remotely sensed. muluspectral imagery ( Lyvzenga. 1978:
Richards. 1987: Rimmer et al.. 1987: Dekker er /.. 1992; Bierwirth ¢r af.. 1993). These images are
digital representations of retlected or emutted radiation of the earth’s surface. Tvpically, radiance 1s
recorded at the sensor for several regions ot the electromagnetic spectrum. or spectral bands. Presently,
remotely sensed data are available with spaual resolunon ranging trom a tew meters for airbomne
sensors to 20 or 30 m for satellite plattorms. The number of opucal spectral bands and specrral
resolution available vanes across ditferent sensors. Generally. spectrometric airborne imagery otters a
greater choice of spectral bands and high=r spectral and spatial resolution.

Recently. researchers have discovered the benetits of using arrbome remote sensing data in
research questions related to the management ot treshwater resources. such as the extraction of bottom
substrate as an indicator of spawning habitat sustability (e.g. MacLeod er al., 1992: Acomiey et al.,
1995). Given previous research, it i1s the purpose of this study to contnbute to a better understanding of

the potential of multispectral remote sensing tor the inventory and management ot freshwater salmon

habitats.

I~



1.2 Research Objectives

The pnncipal objective of this study 1s to explore the potental of muitispectral remote sensing
and digital ancillary data as a tool for the inventory and mapping of treshwater habitat parameters ot

Atlantic salmon (Sa/mo salar). Secondary objectives are as follows:

. [dentity important treshwater habitat parameters
{I.  Detine an appropnate set ot predictor vanables tor each parameter
[I1.  Select an appropnate classitication method and assess classiticaton accuracy

IV. Combine individual parameters to model spawning habitat suitabihity

In order to achieve the principal objective 1t 18 neces.ary to review past and current research
on refauonships between Atlantic salmon and treshwater habitat components.  The results ot this
review are used in the 1denufication ot habitat parameters to be predicted. While spectral intormation
and 1ts denvanves form the central data component. an etfort 1s made to idenutv and incorporate
relevant non-spectral information 1nto the analysis. A set ot potential predictor vanables is selected for
each habitat parameter, and an appropriate classificaton method identitied.  An assessment of
classification accuracy is carried out tor each habitat parameter. Individual habitat parameters are

combined to yield composite maps ot habitat suntability.



1.3 Thesis Organization

Basic concepts of the treshwater ecology of Atlantic salmon are introduced in Chapter 2.0.
Important treshwater habitat parameters are identitied, and the use of remote sensing data pertaiming to
the extraction of these parameters 1s examined. Special consideration 1s given to image classiticauon
techniques and the extraction ot features submerged 1n water. Chapter 3.0 introduces the study area
and contains an account ot data collecnion procedures. Methods and procedures toilowed in this study
are presented in Chapter 4.0. Chapter 5.0 descnibes processing results and staustical charactenstics of
all vanables used in this analysis.  The selection of predictor varables 1s explained and the
classification of each habitat parameter 1s presented. Furthermore, this chapter contains an evaluatuen
of the pertormance of the developed methodotogy. Finaliy. an example 1s given of how the results of
this investigation can be used to model salmon spawning habitat suitability. A cntical discussion of the
results of this investigation 1s presented in Chapter 6.0. Ervor sources are 1dentified tor each habitat
parameter and their impact on the classitication accuracy is assessed. Chapter 7.0 contamns a summary

of results and recommendations tor tuture research.



Chapter 2.0 Background

2.1 Introduction

As an anadromous spectes, Atlantic salmon spend part of their hite cyele in treshwater and part
in the ocean. In general, voung salmon migrate into the ocean after a treshwater stage ot one to tive
years. In most cases, they retum to the location of their emergence atter ong Winter at sea 1o spawT,
although some tish spend two or more winters at sea. The majonty of retumed salmon do not sunvive
spawning, but a certain proportion will migrate back nto the ocean Shearer. 1992).

Freshwater habitats ot Atlantic salmon are deterrmined by water velocity and depth. substrate
size and the amount of cover, either in-stream (e.g. boulders and logs) or along the banks (vegetation)
(Heller and Hohler. 1981: Hawkins er uf.. 1993). The dismbuuon of salmon ot vanous age groups
throughout these habitats varies considerably. Generally, try (age < | vear) occupy the spawning areas
whereas parr (age > | year) migrate toward deeper, wider stream sections (Gibson. 1993). In the case
of insular Newtfoundland. habitat utlizauon 1s especially tlexible due to the absence of many
competing species. As a result, inter-species competition 1s comparatively low. and Atlantic salmon
occupies ecological niches that are usually charactenzed by different species in mainland Atlantic
Canada. Rivers and streams form the reanng habitat for Atlantic salmon during the treshwater stage.
However, with respect to reproduction and. ultimately. survival of the population. their most important

function is in providing suitable spawning grounds (Shearer, 1992: Gibson. 1993).



2.2 Vanables Charactenzing Freshwater Habitat ot Atlantc Salmon

Banla er a/. (1981) examined the relationship berween biological parameters (1.e. number of
species. number of individuals. diversity index) and selected geomorphological varables such as
stream order. width. gradient and water depth. It was found that species diversity was hughly correlated
with stream order.  Lanka or af. (1987) invesngated the relanonship henween dranage hasin
geomorphology and trout standing stock (kg 100 m* m 91 Rocky Mountamn streams. The
corresponding watersheds were etther covered by high elevanon torest (65 streams) or by low
elevation rangelands (26 streams). Multuple regression analysis was used to predict trout standing
stock trom vanous geomorphological vanables. [n the case of torest streams, the predictive model
consisted of the vanables reach elevation, reliet ratio, dramage density and average stream width (2 =
0.51). Trout standing stock 1n rangeland streams was predicted using basin elevation. basin perimeter.
channel slope and basin relief (r2 = 0.64). Frissell e u/. (1986) present a hierarchical framework to
charactenze stream habitats according to ditferent spanal resolutions and temporal penods. Table 2-1
gives an overview of the proposed levels and associated geomorphological processes. The most
degrading impacts on nverine habitats occur trom the level “Reach™ on downwards to “Microhabitat™.
These impacts are either of natural cause or related to man-made activities. An etticient method of

habitat surveillance and monitoring will tocus on habitat parameters at these ievels.

Table 2-1; Charactenstics of Stream Habitats  (afier Frissell er uf.. 1986)

Level Spatial Resolution {m} | Time Period [vears] Boundaries Processes
Stream > 1000 100,000 to Drainage Basin Denudation
1.000,000
Segment 100 to 1000 1000 to 10.000 Junctions; Falls Migraton of Tnibutary
Junctions
Reach 10 to 100 100 100 Slope Breaks Bank Erosion
Pool-Riffle 110 10 1to 10 Bed Profile Bedform Changes
Microhabitat 0.ltol O0ltwl Substrate Type: Depth |  Microbial Activity




Benda er af. (1992) investigated the distnbution of salmonid habitats over a watershed at three
spatial resolutions, 1.e. 0.1 to 1 km®. 2 10 260 km* and 240 km*. These numbers correspond to nver
sections. sub-basins, and the whole watershed. respectively. The most extensive areas of rearing and
spawning habitats were found to be located along small reaches on a voung tluvial terrace. On the sub-
basin level. varying habitat quality was related to discharge and channel gradients. Overall. most
habutats were located along extensive stretches ot the mamn nver valley

Scruton and Gibson (1993) defined habitat suttabihty indices for juveniie Atlantic salmon at
18 selected nvers in Newtoundland. Canada. The number of fish/ 100 m* was related to the following
nver charactenistics: stream wadth, water depth. discharge. substrate type, in-stream cover and cover by
overhanging vegetation. [t was concluded that trv show preterence tor shallow (10 to 20 ¢cm) and
narrow (<3 m) stream sections with pebble and cobble substrate, whereas parr favoured wader (<7.5
m) and deeper (15 to 40 ¢m) sections with boulder-nch bottom matenal.

Accordingly, Gibson (1993) reports the vital importance ot substrate ygrain size and
heterogeneity tor spawning habitat quality. In particular. habitats with coarse sediments (cobble and
pebble substrate) are descnbed as being tavoured over locations with finer sediments. Sediment size
has a profound impact on egg survival: the presence ot large quantities ot suspended tine sediment can
hamper egg oxygen supply and fernhization and inhibit emergence. Preferred water depths for
spawmung lie within a range ot 10 to 75 cm with discharge velocities ranging from 15 to 90 crvs tor
normal flow conditions. Appropnate spawning areas are often located along upper reaches in the head
water region of a nver system, and full utilization is only achieved by free access to these areas without
anthropogenic or natural obstacles.

Other significant features charactenizing nverine salmon habitat are channel patterns such as

pools, riffles, cascades, fails and rapids. Channel patterns retlect charactenistic combinations ot the



tvpe of current flow and water depth. Moreover. they otten occur in relatively regular sequences, such
as altermate successions of poois and nttles. and may constitute very distinct habitats. Land cover and
land use pattern n the watershed are important sources of intformation about the tvpe of npanan
vegettion and the {ocation and nature of obstructions in the nver. Land cover intormation is necessary
tor the 1dentificanion and quantification ol potential sources of fine sediment and other pollutants, such
as excessive urban development. road construction and quarrving (Heller and Hohler, 1981 Bisson ot
al.. 1981; Frssell er «f.. 1986: Gibson, 1993: Hawkins er af., 1993).

The geomorphologic-hydrologcal and anthropogenic charactenstics of a niver system are the
predominant tactors controlling the quality ot treshwater salmon habitat. These charactenstics can be

described by the type of bottom substrate, channel pattern and land cover in the watershed.
2.3 Remote Sensing Approaches to Riverine Habitat Mapping

2.3.1 Air Photo Interpretation

Dubois and Clavet (1979) have recognized air photo interpretation as a valuable tool for the

development ot habitat inventories tor salmon nivers in Quebec.  Aenal photography at a scale of 1:

30.000 was used in the interpretation ot channel pattern. land use along the rivers, and terrestrial and
aquatic vegetation. This led to the successful identification of pools and spawning beds as important
habitat types. The overall classification accuracy ranged from 62% tor pools to 81° tor spawning
beds. Clavet (1980) proposed a salmon habitat inventory method to be carried out in six stages.
including the identification of relevant parameters. their coding into a map legend. a field survey.

preliminary and refined air photo interpretations, and a tinal cartographic representation of potential



salmon habitat. Approximately 80% ot the spawning beds and rearing habitats charactenized by

channel pattern and substrate type could be located correctly. provided that the photographs were
acquired at water levels similar to those expected during spawning season. Theretore, photographs
acquired at extremely high water levels are not appropnate since 1t 1s not possible to discern trom them
the actual state of submergence of gravel beds during spawning season. The presented method ot sub-
surface teature detection works best at water depths of less than 2 m. Difficulnes encountered i photo
interpretation include specular retlection of sun hight on the water surtace and the occurrence of
ditterent substrate types showing similar colour and bnghtness.

Interpretation ot aenal photography was used by Coté 7 al. (1987) 10 1denuty substrate types
at locations of shallow water. In the presence of deep water or specular retlection, the type ot bottom
substrate was interred trom nverbank topography. erosive processes and depositional microtorms in
the streambed. Rubin (1992) found color and color-infrared multitemporal aenal photography at a
scale of 1:24,000 particularly usetul tor the identitication of historic channels, the type of rnpanan
vegetation and land use activities 1n the watershed. This informanon was subsequently used for the
restoration ot productive habitat for anadromous fish species i California.

The collection of habitat information by means of air photo interpretation 1s more cost and
time etficient than conventional field based data acquisition due to the availability of aenal

photographic data. short processing times and minimal costs (Dubois and Gosselin, 1994).

2.3.2 Multispectral Remote Sensing

Salmon habuitat parameters such as substrate type and channel pattern are submerged or part of

the water body. Water applications of satellite or airbome remote sensing have pnmanly tocused on



the 1dentification of suspended sediment concentration. chlorophyll content and concenmation of
dissolved organic matter (Rimmer er «/.. 1987; Lathorp and Lillesand, 1989: Dekker er al.. 1992:
Goodin et al., 1993; Hamulton er ul., 1993; Nichol. 1993: Jupp et al.. 1994). The applicability of
muluspectral imagery tor the detection ot bottom features has been demonstrated in comjunction with
bathymetnic mapping (Lvzenga, 1978, 1983. Lathorp and Lillesand. 1989: Philpot, 1989; Roberts et
al..1992: Luczkovich et al.. 1993: Lvon and Hutchinson. 1993).

Aftenuation of electromagneuc radiation through scattenng and absorption in the water
column has to be considered where the target teatures are either covered by water or water depth itself
is the object of interest. Scattenng 1s strongest at short wavefengths. whereas absorption atfects
radianion ot longer wavelength. In addition. the absorption behaviour of water constituents such as
dissolved organic matter or suspended sediment can substanually influence the water leaving radiance
(Dekker er al.. 1992: Jupp et uf.. 1994). Attenuation 1n the water column increases exponentially with
water depth. Lyzenga (1978 1981) accounts tor this relationship by tormulating a bottom tyvpe index.
The tollowing transformation is applied to the image data to obtain a vanable that 1s linearly dependent
on water depth:

X;=In(L,-Lg) {

where

X, = ranstormed radiance tn band

L; = radiance in band i

Lg; = deep water radiance in band
Training samples were collected over areas of uniform bottom retlectance and subsequently used n the
calculation of a coordinate system rotation, vielding n-1 depth independent vanables and one depth

dependent variable from the transformed radiances. This method was applied by Lambert (1994) to

the mapping of submerged kelp beds in Eastern Canada.

10



A simular approach was used by Bierwirth ¢r uf. (1993) tor the mapping sea floor reflectance
n shallow coastal waters. LANDSAT-TM imagery was converted to retlectance values to represent
the spectral properties ot the substrate. Water depth was calculated trom dezp-water retlectance and
depth invanant bottom type retlectance. An estimate of the true depth could be obtained by assigming a
value of zero tor bottom type reflectance. thus assuming the mean substrate retlectance over all bands
to be one. The slope ot a regression line established from known bathvmetrv data and the narral
loganthm of pixel retlectance yielded water attenuation coetticients tor each spectral band.

Khan er af. (1992) applied pnncipal component analysis (PCA) directly to LANDSAT-TM
bands | and 2 without prior corrections. Single band thresholding ot the second principal component
was used to differentiate sand. rock. mud and seagrass cover in the Western Arabian Gulf,

Zacharias er ul. (1992) could distinguish several types of intertidal seaweeds. The Compact
Airbome Spectrographic Imager (CASI) was used to collect spectral data 1n 8 channels as lhisted in
Table 2-2. Bands 1. 2, 2, 6 and 8 were subjected to PCA. Image classification was subsequently
carmied out applying the ISODATA' algorithm to the second. third and tourth pnncipal components.

At three different locauons, at least two genera ot seaweed could successtully be discrnminated with

overau accuracies ranging from 63 to 86 %o,

Table 2-2: Spectral Band Contiguration Used by Zachanas er al. (1992)

Band | {[nm|

Band 2 [nm|

Band 3 [nmj

Band 4 [nm]

Band 5 [nm]|

Band 6 [nin|

Band 7 [nmj

Band 8 [nm]

431 10 459.

480 to 590

545 to 559

602 w0 614

646 1o 660

656 10 678

746 to 750

87110879

MacLeod et al. (1992) used CASI 1magery to map substrate types constituting aquatic habitat

in Lake On

tario.

' The ISODATA algorithm is descnbed in detail in Section 2.4.

A total of seven spectrai bands were used in the analysis (Table 2-3). Image

11




classiticanon using the ISODATA algonthm was carried out with bands 1. 4 and 7 as well as with the
band ratios 7.6. 4:1 and 6:3. The types of bortom substrate encountered in the study area consisted of
vegetation, mud. hmestone rubble with gravel and sand. and limestone rubble with boulders. Among
these. the bottom types vegetation, mud. and limestone rubble could be differentiated. Simular results
were obtmined with both raw data and data converted to radiance units. This indicates that conversion

to absolute radiance values is not ¢ssental when mapping bettom subsate.

Table 2-3: Spectral Band Contiguration Used by MaclLeod vr u/. (1992)

Band | {nm| | Band 2 {nm| | Band 3 [nm] | Band 4 [nm| | Band 5 [nm] | Band 6 [nm] | Band 7 {nm]

470 10 500 51510336 34010 361 75310 397 623 1o 047 07010 692 740 1o 760

Unsupervised cluster analysis was apphed by Lvon er al. (1992) o map bottom sediment
types with Daedalus 1260 data at St. Mary’s River. Michigan. The four spectral bands listed in Table

24 were used to discnimuinate 30 initial clusters. These were subsequently grouped and identitied as

sand. siltclay, silt'sand. sand/siit and sand-rocks silt.

Table 2-4: Spectral Band Configuration Used by Lyoner al. (1992)

Band 1 {[nm| Band 2 {nm]| Band 3 {nm| Band 4 [nmj}

400 10 450 500 10 550 330 10 600 600 to 630

Luczkovich et al. (1993} used Landsat TM spectral bands 1. 2 and 3 to map coral reets. sand
bottom and sea grass off the coast of the Dominican Republic. At water depths ranging from 0 to 5 m
the vanability in samples of the three bottom types was related to heterogeneity in the samples rather
than to water depth. Borstad et al. (1992) demonstrated the potential of multispectral airbome remote

sensing to detect fish schools. Using three spectral bands of a CASI sensor centered at 470 nm, 545



nm and 640 nm, several hernng schools could be discriminated successtully agamst the background
radiation of deep water and sea tloor,

Acornley er al. (1995) demonstrated the potential of CASI imagerv tor the mapping of
salmonid spawning habitat in the River Test. England. Reterence data consisted of spectrometric
and bathymetric measurements as well as positonal measurements ot redd locations. The
selected CASI spectral band configuration s presented in Table 2.5 [ vzenga’s ¢1978) merhad
was appiied to calculate a linear relationship between spectral response and water depth.
Bathymetric measurements were correlated to all transtormed spectral bands and showed the
highest correlation with the In- transtormed Band & with r = -0.82. This relationship was used to
derive a2 map ot predicted water depths. Potenual spawning habitats were mapped using the

spectral bands | to [0 1n a maximum likelthood classification. Quahitatively, the classitication

result was tfound to correspond well with the known location of spawning beds.

Table 2-3: Spectral Band Contiguration Used by Acornley er al. (1995)

Spectral Band

1 2 2 4 bl 6 N 3 9 10

Central Wavelength [nm]

2
—
[
L
e
i

>
O
<

620 645 660 670 ~01 740 300

Remote sensing has proven to be an efficient means to gather information about aquatic
habitats. If applied to the mapping of nivers, remotely sensed data should have a sutficiently high
spatial resolution for an appropriate coverage of narrow river sections. Moreover. requirements
for the application of multispectral imagery include the selection of at least three spectral bands:
two bands tn the visible spectral region for the extraction of submerged features as well as one

near-infrared band to separate water covered areas from dry land. The visible bands should be
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selected so as to mimimize loss of information due to scattering and absorption in the water

column.

aquatic habitat mapping 1s presented in Table 2-6.

Table 2-6: Selected Remote Sensing Applications of Substrate Mapping

An overview of the spectral characterisucs of sensors trom selected applications in

{ Author

I Sensar T Spectrat Bands [nm{ | \Method T TypesofSubstrate |
Lyzenga . 1981 M-8 480 to 520 canonical ransform; use of hard. unvegetated bottom,
300 ta 340 bathymery white curbonate sand,
320t 370 seagrisy heds
320w mX
280 0 640
620w "00
Borstad et al., 1992 CAsl 460) 1o 430 sl interpretation ot color tish ~chools; deep water:
340 338 SOMPOSHES. honom.
630 10 630
Khan eral, 14992 Landsat 430w 320 PCA apphed to spectal bands sand. beach rock. hard
™M 320 to tdx} with no prior anstormanon. hottom; mud; seagrass.
Zachanas et al., (992 CAS] See Table 2-2 PC A apphed o spectral bands several types ol nterudal
with no prof manstormanon, seaweeds
ISODATA classiticaton of
prncipai companents.
Muacteod eraf, 11192 CAN] See [able 2-3 ISODATA classitication of’ vegetation, mud:
maw hands and band mnos himestone rubble
Lyvon et al., 1992 Daedalus See Table 2= unsupervised classitication of sand. siltelay; siivsand.,
2260 raw spectral bands. sand siit. sand-rock silt.
Biermath erat 1993 Landsat ™ 43010 320 buttom retlectance 15 abtaned substrate retlectances
S20 10 60 by appivingadioative manster
0630 10 60 model, use od bathymeme
mlormaton
Lambert, 1994 Landsat T™M ™2 canonteal analysis, use ot qactophyies, sand noek
and SPOT ™3 nathymewy
XS1
XS2
Acomley of ad, 1995 CASI see Table 2.3 maximum ikelihood redd (nest) locauons.
classificanion of aw spectral
bands.

2.4 Automated Classification of Multispectral Imagery

Information 1s extracted from remote sensing data by means of image classificaton. This
assumes that picture elements (pixels) showing similar spectralbehaviour can be grouped nto distinct

spectral classes that correspond to teatures of interest, or informational classes. The relationships
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matrices as demonstrated by Kershaw and Fuller (1992). Pixels are assigned to classes according to
the highest probability. In general. whenever spectral classes are not disunctly clustered around a mean
or well separated by their vajue ranges, statistical image classitication 1s the supenor method (Gonzalez
and Woods, 1992).

The maximum likelthood approach to image classiticauon 1s an example of statisticai
discrirninant function analysis (Lachenbruch. 1975). Senous implicatons can anse 1f assumptions
regarding the distmbunon of the data and the equality of covanance mamces are violated ( Basu and
Odell. 1974: Mather. 1990). In addiuon. the presence of spatial autocorrelation. as 1s to be expected
with most remotely sensed data, can result in underestimated vanances (Campbell. 1981). Since ¢roup
membership probabilities are esumated trom these vanances, the classiticanon may be unrehable and
no interences may be made about the discnminaung power ot the underlying model (Clhitf and Ord.
1981. Labowitz and Masuoka. 1984: Gnttith, 1987: Odland. 1988: Chou e¢r al., 1990). Spaual
autocorrelation etfects in the analysis of remotely sensed data can be accounted tor by choosing a
random sampling scheme tor Taming and test data to ensure the independence of sample pixels
{Campbell. 1981).

Alternatively, decision tree analysis (DTA) has been applied to data that did not match the
requirements for conventional statistical classification techmiques ( Kass, 1980: Hawkins and Kass.
1982; Breiman er al., 1984; Quinlan et al.. 1987; Lees and Ritmann, 1991). Relationships between
spectral and informational classes are detected by dividing a data set recursively into smaller portions
according to a set ot predictor vanables and one response (dependent) vanable. The final result is a
division of the ongmal data set into mutually exclusive and exhaustive sub-sets. No limiting

assumptions about data distnbutions are necessary. and in the same data set categorical as well as

continuous data can be handled simultaneously (Fabricius and Coetzee, 1992; Dymond and Luckman.
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1994). With respect to the analysis of remotely sensed images. the incorporation of non-image data
such as polygons digitized from maps or digital elevaton models 1s facilitated (Walker and Moore.
1988: Lees and Ritmann. 1991). The property of generating rules from large, heterogeneous databases
has recently led to the incorporation ot decision tree algorithms in expert systems as toals for inductive
knowledge generation. This 1s an etficient alternative o the expensive and slow knowledge acquisition
by mnterviewing human experts (Hart. 1986: Wharton. 1987: Moller-Jensen. [990; Kellv. 1991;
Giinther er al. 1993).
In DTA complex data sets are handled in a tlexible manner through recursive parttioning.

That 1s. a data set 1s progressively divided into smaller. more homogeneous sub-sets. and relatonships
between predictor and response vanables are analyzed for each sub-set separately. Several approaches
exist to partiion the data set. Morgan and Sonquist (1963) developed an automatic interaction
detection algonthm (AID). A data set consisting of a continuous dependent vanable and categornical
predictors 1s partitioned by collapsing categories of predictor vanables. Categories are combined to
maximize the between-group-sum-of-squares. The resulting split 1s always binary. Predictor vanables
are either monotonic {ordinal) or tree (nominal). Categortes of free predictors can be combined in any
order. whereas categories ot monotonic predictors can only be combined 1n an ordinal tashion.
Significant improvements to the AlD algonthm led to the development ot the CHAID method (Kass.
1980). In this case the dependent vanable 1s categoncal. and the best predictor variable to define a split
at a given node is selected according to statistical signiticance. That 1s, predictor vanable categories
are collapsed so as to maximize the y2-statisic. and the stausncal significance of the resulting
groupings of categories is calculated. Other improvements include the inclusion ot a type of predictor
vanable that can handle missing data, and the possibility ot k partitions, where 2« k < ¢ (¢ = number

of categories in the predictor vanable). At every node, a multiple search is conducted to find the most
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sigmficant staustical relationship between predictor and response vanable. resulung in a higher
probability of detecung relationships by chance which. i reality. do not exist {increased Tvpe I error
rate of talse acception). In order to counter problems associated with the detection of spunous
relatnonships. statistical significance values for potenual sphts are divided by the Bonterroni tactor.
Thus factor is calculated based on the number of ways the original predictor vanable categones can be
combined to groups with the number of vroups fixed to the tinal number of merged categones.
Consequently, predictors with many categories are discnminated against 10 tavour ot vanables with
fewer categones. Biggs er al. (1991) developed exhaustive partitioning as a retinement ot the CHAID
method. As before, the selection ot the best split 1s based on staustical signiticance. The Bonterron
adjustment. however, 15 calculated allowing tor a vanable number of groups so as to remove bias
towards vanables with tew categories.

Estimating the accuracy of a decision wree classification requires elimination ot redundant
branches (pruning) to find the optimal sized tree tor a given applicauon. The pruming process 1s
necessary since redundancy ot rules will decrease the accuracy ot the decision wree through over-
fiting. Pruning 1s generally realized either by cross-validation procedures using the raining sample, or
by using a test sample that was collected independently from the training data set Quinlan ez af.. 1987:
Satavian and Landgrebe, 1991). According to Breiman et af. (1984), using an independent test sample
1s the preterred and statisncally more robust method. In this case, the decision tree 1s reproduced on
the test data set. The branches of the wee are successively removed while observing the overall
accuracy at every step. The process 1s stopped when the accuracy decreases with the removal of a
branch.

Reddy and Bonham-Carter (1991) have demonstrated the relevance of decision trees tor

spatial analysis. Exhaustive partitioning was used to analyze geological, geophysical and remotely

18



sensed data to predict mineral occurrence. The resulting hierarchical tree structure 1s shown in Figure

2-1.  Decision rules consisting ot "IF..THEN" statements were established by tollowing down the

branches of the tree to the end nodes. The rules were implemented using a geographic information

system (GIS). and mineral occurrences could successtully be predicted.

'}v'ni dq.ﬁ(-:ui R TN
Depasit 2T
Number ot cases 4018

GEQLOGY
Mafic intermediate volcanics: matic lakes: unciassified Felsic intrusives: greywacke and silistone;
SUTUSIVES telsic volcanies yuartz-reldspar gneiss and amphibolites;
81 44 ISR B 24y,
I8 o 40y, )Ny
300 1495 S
[N |
MAGNETIC VERTICAL GRADIENT
IF
o ¢ . rgeology = matic mtermediate voleanics
Q0 I .
RULE 1 OR
W 0% 00 3", deology = nuafic intrusives!
1347 307, L 2 AND
676 124 magnetic verucal gradient =1 w o

IHEN
probability ot no deposit = 6 0%,

probability of deposit = i3 47,

Figure 2-1: Decision Tree tor Mineral Mapping (atter Reddy and Bonham-Carter, 1991)

Lees and Ritmann (1991) used DTA to integrate remotely sensed and digital map data for
vegetation mapping. Landsat TM spectral bands 1. 2, 3. 4. 5. and 7 were used together with relief and
geological information in a binary decision tree algorithm to predict distnbutions of eight vegetation
classes in a hilly environment. Only the categories “dry sclerophyll vegetation™ and "cleared forest”
were classified with acceptable accuracy levels ot 70 and 88 %4, respectively. For the remaining

classes the proportion of correctly classified cases ranged trom 19 to 49 %. Nevertheless. this result
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was tound to be superior to using either imagery or thematic map data alone under similar conditons.
Belward and de Hoyos (1987) applied a supenvised binary decision tree to the classification of
agnicultural crops from LANDSAT-MSS imagery. Eight types of crop were distinguished
successtully at per class accuracies ranging from 48 to 99 *o. This result was found to be comparable
to the result ot a conventional maximum likelihood procedure. However, the decision tree was tfound
to be computationally more etficient and required less hme for mammmg area generanon.  Recently,
Hess et al. (1995) used decision tree classitication to estimate tnundated area and vegetation in the
Amazon floodplain trom multi-frequency. polanmetric synthetic aperture radar (SAR) imagery. The
land cover categones of water, cleanng, macrophytes. non-tlooded forest and tlooded forest were
identified with per class accuracies above 90%.

Bottom substrate. channel pattern. and type of land cover have proved to be key factors 1n the
charactenzanon ot treshwater habitat tor Atlantic salmon. While conventional air photo interpretation
1s 1n some instances applied routinely to the mapping ot treshwater salmon habitat, the tull potenual of
digital imagery has yet to be explored. Studies concerned with bottom tvpe mapping have mostly
concentrated on either coastal or lacusmne environments. The results trom these investigations.
particularly in conjunction with the recent findings ot Acomley ez al. (1995), strongly suggest that an
extension 1nto the mapping ot habitat in nvers and streams 1s feasible. Further advances could be made
by including non-spectral information about habitat parameters in the analysis. For example, bottom
substrate and channel pattern can also be described by geomorphologic-hydrological measures such as
stream width and gradient. Decision tree analysis has proven to be a reliable method for the efficient
and robust statistical analysis of large data sets with varying data types. This charactenstic makes

DTA ideally suited for the integration of both spectral and non-spectral data in an analysis of

tfreshwater salmon habitat.



Chapter 3.0 Study Area and Data

3.1 Study Area

The Come By Chance River study area 1s charactenized by abundant treshwater salmon
habitat, ample road access. A limited occurrence of shaded river sections provides the basis tor the use
of remotely sensed data. The river 1s located on the 1sthmus of the Avalon Peminsula in eastern
Newfoundland (Figure 3-1) and has an axial length of about 17 km. draming a watershed of
approximately 64 km®. Stream width vanes trom 33 m at the mouth to 4.5 m close to the headwaters

(Fisheries and Oceans Canada, 1994) (Figure 3-2). Ponds and mbutanies were excluded tfrom the

analysis. The overall tlow conditions have been described as relatively stable, with little change n
bedtorms and substrate duning high water conditions (Harmon. 1966). In the westen part of the
watershed. the topography 1s chacactensed by comparatively steep hills nsing tfrom 170 m to 300 m
above sea level. In the eastern part. the slopes are gentler with elevations varying from 100 m to 170
m. The bedrock matertal 1s composed of Palaeozoic voleanic rocks (Agnculture Canada, 1991).

Glacial and glacio-tfiuvial sediments dominate the surticial geology, with occasional bedrock outcrops
on steep slopes. Stony. humic-terric podzols are the principal soil types. The vegetaton cover in the
watershed includes dwart shrub heath dominated by Kulmia angustifolia, bogs with Sphagnum sp.
mosses, tens composed of grasses and sedges and forest with Abies balsamea and Piceua mmariana

{Damman 1983). Coniferous forest is predominantly tound in the sheltered valley and along the lower

slopes. Most of the higher elevations and hilitops are covered with dwart shrub heaths.
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Figure 3-1: Study Area Location

At locations exposed to strong winds, Empetrum eamesii replaces Kalmia angustifolia as the
dominant species. The riparian vegetation is composed of forest. shrubs. grass. sedges and occasionally
more extensive swamps with stands of alder. Urban development is concentrated in the communities of
Come By Chance and Goobies (Figure 3-2). Industrial activity is limited to an oil refinery located about
5 km south of Come By Chance. The main transportation routes are the Trans-Canada Highway, the
Bunin Peninsula highway and the former Canadian National railbed. now used as a gravel road. In

addition. numerous trails are present throughout the watershed.
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Figure 3-2: Come By Chance River Study Area



3.2 Damwa

[n Chapter 2.0. important tactors were identified that determine the quahty of freqiwater
habutat tor Atlantic salmon. Accordingly. this study 1s concemed with the extraction of substrate type.
channel pattern and land cover as major habitat parameters from remotely sensed data. [n this section
all the data sets used in the analvsis wiil be descnbed i detail including field data, aenal photography

3
e

multispectral imagery and arcillary map data.

3.2.1 Field Data

A stream habitat survey conducted 1n October 1993 served as the pnmary source of reterence
data for the classitication of channel pattern and substrate type. For this purpose the nver course was
divided into segments that served as basic sampling units and vaned in length from 30 m to 200 m.
Each segment 15 bordered by continuously numbered transects across the nver course. The segments
were idenufied by their upstream transect and marked in the tield (Figure 3-3). Vanables m=asured

over segments and along transects are presented 1n Table 3-1 (Fishenes and Oceans Canada, 1994).

Table 3-1: Field Data

Parameter Measurement Unit Mode of Measurement
Bank Height; Bank Gradient meter. degree at transect
Channel Pattem category per segment
Grain Size percent per segment
Habitat Unit square meter per segment
Segment Length meter per segment
Stream Width meter at ransect
Water Depth centimeter 3 to 6 measurements across transect




All nver transects were numbered according to their distance trom Transect 0 in the estuary.
Water depth was determined at each transect at three to six equally spaced locations across the width of
the nver. Each segment was assigned one type of channel pattemn. such as run. ntfle. steady. tlat and
rapid (Table 3-2). Substrate was recorded for each segment as proportions of seven basic gram size

classes, including fines. gravel. pebble, cobble, rubble. boulder and bedrock (Table 3-3). Habitat units

were calculated as the area of each segment

Table 3-2: Definition of Channel Pattern (atter Scruton et al.. 1992)

Channel Pattern Definition
Run Swift, urbulent flow with broken surface: mean depth > 235 ¢m: stream width 1s less than
average: boulder and rubble substrate:
Riffle Average to rapid flow with broken surtace: mean depth < 23 cm: gravel through boulder
substrate;
Steady slow flow with smooth surtace: soeam width and depth greater than average: extend over
several segments
Flat Slow tlow with smooth surtace: stream width and depth greater than average: occurs
within a segment;
Rapd Areas of steep gradient; rapid to turbufent flow: white water; rubble, boulder and bedrock
substrate:;

Table 3-3: Defimition of Grain Size Classes

Grain Size Class Diameter
Fines <0.2cm
Gravel 02t 3cm
Pebbie 31035cm
Cobble 6t I3cm
Rubble I4t025¢m
Boulder >25cm
Bedrock Bedrock




3.2.2 Aenal Photography

In order for the survey data to be used in the delineation of traming and test areas. 1t was
necessary to denufy the surveyed nver segments on the imagery. Since the ticld data were not geo-
reterenced in site. a second survey was undertaken in September 1994 with the objective to denuty

nver segments as marked in the tield on panchromance aenal photouraphs. The charactenstics of the

photographic data are given i Table 34,

Table 3-4: Charactenstics of Aenal Photography

Altitude Focal Length Approximate Scale Date
1341 m 152.7 mm 1-8800 May 1992
Roll: 92208 Frames: {42, {44, 146, 152, 154, [56, 138, 166. 168. 170

According to the scope of this study. aenal photography served a dual purpose: (1) the
principal source of reterence with regards to the location of nver segments. and (2) in the 1denuficatuen
of raiming and test sites tor the land cover classificauon. The scale ot the aenal photographs was large
enough to idennty teatures such as individual trees, shrubs and boulders. Digital imagery and aenal
photographic data were recorded within 16 months ot each other. No major changes in land cover have
occurred dunng this time period.

Land cover categories are detined in Table 3-5. An overview of all habitat parameter
categones 1is presented in Table 3-6. The last column in Table 3-6 indicates the tables in which the

respective vaniable categores are explained in detail.



Table 3-3: Land Cover Charactenistics (atter Scruton er af.. 1992)

Land Cover Category Description
Coniferous Mature comiferous trees
Alder Large. dectduous shrubs up to 2 m height
Shrub Sortwood shrubs
Wetland Bog. ten. and herbaceous vegetation
Noveg Bare so1l pavement and buildings
1 Water Water B

Table 3-6: Habitat Parameter Categones

Category Compare Table

Habitat Parameter
Substrate Tvpe Gravel Table 3-3
R llbh[d
Boulder
Bedrock

Channel pattern Run
Riffle

lable 3-2

Steady
Flat
Rupid
Coniferous
A [ der
Shrub
Wetland
Noveg
Wuter

th

Table 3-

Land cover

3.2.3 Multispectral Image Data

Image data were collected with a Compact Airborne Spectrometric Imager (CASI) on October
23rd. 1993. The sensor allows for a tlexible setting of spectral bands from 428 to 946 nm and operates
in either spectral or spatial mode. In spectral mode. the sensor records retlected radiation in up to 288

channels at a low spatial resolution, whereas spatial mode data are collected at spatial resolutions of



few centimeters or meters. The peak Spectral Radiance Unit (SRU) expressed in [uW-cm2-se!-nm-1]
1s selected during the tlight in order to determine the optimal saturation point tor scaling radiance
values into a 12 bit range (Borstad. 1992). [n this study. the CASI sensor was operated in spanal
mode. A nominal spatial resolution ot 1.5 x 1.5 m was chosen to allow for a proper coverage ot the
widest and narrowest nver sections. At the given spatal resolution. retlected radiauion could be
registered in a total of four spectral channels. Details of the spectral band configuranion are hi<red 1n
Table 3-7. The images were recorded as 12 bit data and subsequently re-scaled into an 3 bit range as

required for input in the image processing sottware.

Table 3-7: Spectral Charactenstics ot the CASI Sensor

‘ ' Bandl .  Band2 Band3  Bandd
Bandwidth {nm] 499303211 3790106007 i 6483w671Y . T8 1w T4LS
| |
Band Center [nm|] 510.30 i 389.83 : 660.10 2995

A peak SRU of 2.5 was chosen for all spectral bands to highlight features submerged in water
while preserving sutficient spectral vanability over land areas. Band | was positioned at 510 nm to
maximize water penetration. No channel was selected 1n the blue spectral region due to strong
scattening in atmosphere and water column. Bands 2 and 3 were selected to collect information at
locations of shallow water while minimizing scattering in the water column. Band 4 was used to
separate land and water. All tour channels were used in denving land cover teatures.

[nitially, ten tlight swaths were defined to account for the sinuosity ot the niver (Figure 3-2).
Swath 3 had to be eliminated due to extreme geometric distortions. As a consequence. a river section
of approximately 300 m length north ot Goobies Pond was excluded from the analysis. In the case of

overlapping swaths the image data with the least distortions were used. This reduced the initial image



data set to 6 individual scenes. Swath 8 was used only in the assessment of radiometric normalization
of the imagery since the area covered by this flight line is fully accounted for by Swaths 6 and 7
(Figure 3-2).

An example of multispectral imagery. aenal photography and recorded tield data 1s given in
Figure 3-3. In Figure 3-3(a). several types ot land cover are distinguished on the false colour
composite image. Examples of field survey data are overlaid onto the aeral photograph in Figure 3-
3tb). Of particular interest 1s the fact that the rniver segment 1denutied by Iransect 6173 (channei
pattern = steady: substrate = bedrock) shows homogeneous tone and texture. On the other hand. tone
and texture clearly vary in the segment corresponding to Transect 6300 {channel pattern = nftle:

substrate = bedrock). This apparent heterogeneity in field data sampling units has implications tor the

classification ot substrate type and channel pattern which are discussed in Chapter 6.0.

3.2.4 Ancillary Data

The Nauonal Topographic Service (NTS) digital map sheet IN/123 served as an ancillary data
source. Elevation data contained as contour lines 1n this map sheet were used in the calculaton of
valley gradient. The denvation of valley gradient as a potential predictor vanable for bottom substrate

and type of channel pattern 1s described mn detail in Chapter 4.0.






Chapter 4.0: Methodology

4.1 Introduction

[n this chapter. the procedures tor data pre-processing, wrainming data collection and selecuon of
predictor vanables are presented. Classitication ot habitat parameters based on decision tree analysis
and methods for the assessment ot classification accuracy are explamed. An example of habitat

suntability mapping using individual habitat parameters s given at the end of this chapter. The

methodology followed in this study 1s summarized in Figure 4-1.

4.2 Pre-Processing

The data sets used in this study were subjected to vanous torms ot pre-processing prior to their
use In subsequent analyses. Pre-processing of the field survey data involved the categorizanion of

continuous substrate data by means ot cluster analysis. An ancillary data set was created by calculating

stream width and valley gradient. All images were subjected to atmosphenc, radiometmic and

geometric corrections as well as to the derivation of image transtorms.
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Figure 4-1. Methodology



4.2.1 Field Survey Data

Data from the tield survey were used in the classification of the habitat parameters Channel

Pattern and Substrate Tvpe. The type ot channel pattem was recorded as categoncal data and

subsequent pre-processing was not required. Bottom substrate composition, however. was mually
descnbed as proportions of seven basic grain size classes.

In order to use hottom <ubstrate as

dependent vanable, the continuous grain size data was reduced to only one vanable consising of

discrete substrate categones using cluster analysis.

Cluster analysis 1s a method of grouping observauons together that are similar with respect to
a set of discnminating vanables (Mather 1976; Dawvis, 1986). Observations are grouped together based
on measures of sinulanty (correlation measures) or dissimilanty (distance measures). Clusters are
formed so as to mimimize difterences within groups while maximizing ditferences between groups
(Gnffith and Amrhein. 1997). Approaches to cluster analysis include hierarchical and non-hierarchical
techmques. Hierarchical clustening s further divided into agglomerative and divisive methods.
Agglomerative methods start with all imnal observations and form classes by grouping the most
similar cases together. In divisive clustenng, an imtial cluster encompassing all observatons is
recursively split into smaller, homogeneous sub-sets. Non-hierarchical techniques. such as the k-
means procedure, require the detinition of a set ot imtial clusters. Class membership tor these groups
1s computed for all cases. As new cases are added, the mmtial clusters change. The procedure 1s
repeated until the observed changes are below a pre-defined threshold.

Every clustening technique will result in the tormirg of clusters. [t 1s therefore necessary to

ensure that the clusters represent an actual grouping structure present in the data and are not artifacts ot

a particular algorithm. Bailey and Gatrell (1995) verified cluster analysis results by using two ditferent
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clustenng procedures. A general agreement of both cluster solutions 1s an indication that a natural
grouping was correctly captured. On the other hand. widely ditferent results suggest an artificial
grouping due to the chosen clustering method.

Cluster analysis of substrate data was realized in two stages. First. intal hierarchical.
agglomerative clustenng was applied using the median method to merge two groups based on the
distance hetween their centrords tor all discnminating vanables. At every step. equal weight s given to
both groups to be combined. Squared Euchdean distances were used as dissimilanity measure. It was
theretore possible to retain the ntluence of individual niver segments on the overall cluster
charactenzation. The number ot ¢clusters was plotted against the distance measure to reveal the number
of natural groups inherent in the data (Gnitfith and Amrhein. 1997). The second stage in reducing and

categorizing substrate inforrnation involved the use of non-hierarchical k-means clustenng.  Both

results were compared to venfy the general correspondence of the obtatned cluster solutions.

4.2.2 Ancillary Data

Knighton (1984) 1denttied steam width and valley gradient as pertinent to the
characterization of bottorn substrate and channel pattemn. Consequently. these vanabies are used as
potential predictors in the classification ot Substrate Tyvpe and Channel Pattern. In order to denve the
valley gradient, a digital elevation model (DEM) of the study area was created. A DEM is a digital.
discrete, three-dimensional (x. y, z) representation of a continuous surtace. The generation of a DEM
is divided in 2 steps: the definition ot a regularly spaced gnid (x. y) covering the area of interest. and the
choice of an appropnate interpolation algorithm to calculate elevation (z) for all gnd cells from a

number ot locations with known elevations. Elevation data for this study were digitized contour lines
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contained n the 1:530.000 digital map sheet NTS IN. 13, The corresponding spaual resolunon was
accepted to be 25 m. A gnd cell size of 30 m was chosen for the DEM. Since the locations ot known
elevation followed digitized contour lines rather than being randomly dismbuted over the study area.
the INTERCON algonthm was used tor mterpolation (Eastman. 1997). In this procedure. elevaton at
unknown locations is determined by linear interpolation between contour lines.

The next step m the extraction of vallev gradient was the overlay of the nver course from the
image data onto the DEM. At the intersection of nver course and DEM. elevaton tor each cell and
distance between cell centers were recorded. Valley gradient was calculated as the gradient benween
two cells provided that the down-stream cell showed a lower elevation than the corresponding up-
stream cell. [f this was not the case. the next down-stream cell with a lower elevation was used. This
procedure 15 based on the assumpution that elevatnon along the course of the nver 15 continuously
decreasing 1n the down-stream direction. As a result the nver was divided into discrete sections with
one gradient value each.

Stream width was calculated as the average width of discrete nver sections. These sections
were created using the center locations of ail DEM cells that intersected with the course of the nver.
Vorono! polygons were created around these center locations. The nver course was divided into
sections of an apprc ximately equal length of 30 m by overlaymng water mask and Vorono1 polygons.
Given length and area of each section, average stream width was calculated according to:

W=A/L (4-1)
where
W = average width

A =area

L = length
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4.2.3 Image Data

A first order correction tor atmosphenc path radiance was applied to the imagery using the
method proposed by Chavez (1998). This type of correction 1s mandatory 1n the case of conversion of
digital counts to radiance or retlectance units, for the comparison of data collected at different dates or
prior to combining spectral bands through mathematical operations Mather. 1937).  Following
Chavez's procedure. an imitial value for path radiance was determined for one spectral band using the
lowest value in the image histogram. This assumes that in any scene there are dark areas such as deep
water or shadows where the expected retlected radiation s next to zero. In the presence ot path
radiance, however, the minimum value 1n a histogram wall be greater than zero. The starting DN value
corresponding to ammospheric path radiance was selected using Band / since 1t 1s the spectral band
most atfected by atmosphenc scattenng.  Once this value was found. an appropnate relative
atmospheric scattering model was selected. The scattening models have the tollowing torm:

p=cit (4-2)
where
p = path radiance
» = wavelength
X = parameter with values ranging from -4 to 0
¢ = constant
The DN equivalent to path radiance was calculated using Equation 4-2 given the imual path radiance

value as extracted from the histogram. Table 4-1 lists ditferent atmosphenic conditions and the

corresponding values of x.
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Table 4-1: Atmosphenc Conditions (after Chavez. 1988)

Atmospheric Conditions Value of x
very clear -
clear -2
moderate -1
hazy -0.7
very hazy 0.5

Given the atmospheric conditions at the nme ot the image acquisition, the Rayleigh scattenng
model was chosen (X = -4) to correct tor amosphernic path radiance. Atmosphenc absorption was not
corrected for due to the lack of appropnate data. This 1s not viewed as a problem because the images
were recorded in the visible and near-intrared spectral regions where absorption etfects are negligible
(Van Stokkam er al.. 1993 Cracknell and Haves. 1991).

The time required to record all images was 37 minutes. Theretore. the etfect of changes in
solar elevanon was evaluated. While constant atmosphenc and radiometric conditions are assumed
within each scene, the same 1s not necessanly true between scenes. Spectral radiance. the physical
guanuty measured by the CASI sensor. vanes with solar elevation.  Slater (1980) proposed the
tollowing relationship between surface retlectance. radiance registered at a remote sensor. and solar
elevation:

R, = td2- x - (L;- Ly}« Ej - costo) (4-3)

where

R; = surface retlectance

d = earth-sun distance

L; = radiance at sensor in band 1

Lpj = atmospheric path radiance in band1

E{ = spectral irradiance at top ot atmosphere
¢ = solar zenith angle
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Equaton 4-3 contains two important points. First, similar surfaces in two scenes might show
different values of spectral radiance 1f there 15 a large discrepancy in solar elevation. Second. areas of
high surtace reflectance are more severely atfected than teatures showing low retlectance. In order to
venty it radiometnic normalization of the thght swaths 1s necessary, areas of relatively high and low

retlectance values were :dentified on images of the thght swaths | and 8. High retlectance targets were

represented by sections of the Trans-Canada Highway (TCHY  Segments of the Come Ry Chance

River were selected as low reflectance test areas. In both cases, constant surtace conditions throughout
the study area were assumed.

All 1mages were geometncally corrected and registered to UTM coordinates (Zone 22.
NADB83). Ground control pomnts (GCP’s} with known coordinates were identified on reference maps
(scale ranging trom [:5.000 to 1:12.500) and on the imagery. A highly accurate approach to the
geometric correction of airborne 1magery 1s the thin plate spiine method. However. this requires a
large number of GCP’s as well as the recording of reference coordinates using a global positioning
system {GPS)., which was not available at the ume of this invesugation. Theretore. tirst order
polynomial regression analysis and nearest-neighbour resampling were applied to transtorm image
coordinates. Registration accuracy was assessed using the root-mean-square (RMS) error, which 1s the
standard devianon of the residuals of both Easting and Northing coordinates. The resolution ot the
corrected images was set to be 2 m to allow tor appropriate coverage of the narrowest nver sections.

For the prediction of Substrate Tipe and Channel Pattern a binary mask was created to
separate water covered areas trom land. The nver course was digitized on-screen to exclude extensive
areas of shadow over land. Visual inspection of Band 4. colour composite images, air photos and the
histogram ot Band 4 were used to select a threshold value for the separation of water trom land. The

threshold value for pixels representing water was set at DN < 90 inBand 4.
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Extracting information on bottom substrate or channel pattern required that the impact of the

water column on the retlected radianon be minimized. Due to the absence ot reliable depth

measurements, the method proposed by Lvzenga (1978) was moditied. First. pixels of submerged
areas over bedrock substrate were transtormed using the natural log. The hinear vanability observed in
the log-transtformed DN values reflects vanations in water depth since the type of bottom substrate 1s
kept consrant.  Next. principal component analvsis (PCA) was applied to these mixels. The first
principal component 1s aligned along the direction of maximum sample vanance, thus representing
water depth vanability. Consequently, the remaining components contain information unrelated to
water depth but related to bottom type vanauon. In addition, the approach of Khaner ul. (1992) was
tollowed by applying PCA directly to pixels of varying bottom types and without prior log-
transtormation.

In the land cover classificanion, the normalized ditference vegetation index (NDVT) was used

besides the original spectral bands. This index 15 sensitive to spectral ditferences between vegetated

and non-vegetated areas and is calculated as:

NDV-I = (Llr - Lr) / (Lu’ + Lr) (4‘4‘)

where

Lir = radiance in the near-intrared spectral band
L} = radiance 1n the red spectral band

The NDVI has also been used to differentiate between types of vegetation (Curran. 1983). [n addition.
PCA was applied to the land cover training data to enhance discrimination between land cover classes.

The resulting principal components were included 1n the pool ot potennal predictor vanables for the

type of land cover.
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4.3 Tramming and Test Area Generation

For each of the habitat parameters Channel Paitern and Substrare Tvpe, 50 niver segments
were selected at random. Where applicable. both teatures were recorded tor the same segment. The
resulting database was randomly split in halt to vield one ramning data set and one venficaton, or test.
data set. A butfer of 20 m was created around each transect to account tor errors in transect
positioning. No pixel was collected within this buttfer. Approximately 30 pixels were collected at
random trom each segment to assure correct representation of actual class occurrences 1n traiming and
test data. Tramning and test areas for the classiticaton ot Land Cover were 1denufied with the aid of
aenial photographs. A total of 403 locauons were selected at random over ail images. Polygons
containing an average ot 60 pixels were delineated around these locations. Boundary pixels were not
included. One halt of the polygons were used to extract traiming data. while the other halt” was used to
collect test data. The large number of waming and test sites was required to account ftor any

radiometric differences between the scenes. [n both maning and vertication data sets the number of

pixels was turther reduced by randomly selecting one third of all cases for subsequent analysis.

4.4 Selection of Predictor Vanables

The pool of potential predictor vanables for each habitat parameter 1s presented n Table
4-2. For each variable, plots of mean response and standard deviations of all habitat parameter
categories were examined. The coefficient of vanation (CV) was used as a measure of group

vanability independent from the magnitude of the mean. Since the CV is only defined for

positive values, variables containing negative values (i.e. principal components, NDVI) were
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adjusted by adding the vanable minimum to the mean in each category betore calculating the
coetficient of vanation (Neter ef ¢/., 1993). Bivariate correlations between independent variables
and standardized distances, or difterences. between group means were analvzed to select the final

predictor vanables for each habitat parameter.

Table 4-2: Potenual Predictor Vanables

Potential Predictor Habitat Parameters
Variables Substrate Tyvpe Channel Puttern Land Cover
Onginal spectral bands Bund | Bund | Band |
Band 2 Bund ? Band 2
Band 3 Band 3 Band 3
Band 4 Band 4 Band 4
Principal component ranstorm PC! _In PC! In -
applied to In-transtormed PC2 _In PC2_In -
spectral bands PC3_In PC3 _In -
PC4 In PC4 In -
Principal component transtorm PC!? PC! PCI
applied to original spectral PC2 PC2 PC2
bands; PC3 PC3 PC3
PC4 PC4 PC4
Stream width Width Width -
Valley gradient Gradient Gradient -
Nomalized difference - - NOVI
vegetation index:

Several predictor vanables were generated as linear combinations ot the ongmnal spectral
bands. Therefore. it was necessary to assess the degree of multicollineanty present among the
independent vanables. Multicollineanty exists if two or more predictors are highly correlated.
Correlation coefficients exceeding a value 0.70 can lead to intlated signiticance levels and logical
problems due to duplication of information (Tabachmick. 1996). Extreme correiations of greater than
0.90, for example, are likely to prevent matrix inversion calculations in multiple regression and
discniminant tunction analysis (Mather, 1976). Correlation among independent vanables was analyzed

using the non-parametric Spearman rank correlation coetficient (Walford. 1995).
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Standardized distances between categorv means were calculated in two stages. First. all

predictor vanables were standardized according to:

Z=(X-m) s (+-3)
where

z = standardized score
X = raw vanable score
m = vanable mean
s = vanable standard deviation
Secondly. the distance between two categones was calculated in 2ach standardized predictor vanable
as tollowing:
dyy = mgz - my, (+-6)

where

dlj = distance between category means in standardized vanable z

Mz1 = mean ot category 1 1n standardized vanable z
Mz; = mean of category j in standardized vanable z

As a result. vanables measured in ditferent units were made directly comparable. Moreover. the
calculated differences between category means were expressed in umits ol standard deviaton and
therefore provided a better indication of group separabiltty than the onginal units (Davis, 1986). To
mirumize the nsk of falsely accepting spurious relationships. signiticance levels and confidence
intervals were calculated for each distance using the Schetfé procedure. This method 15 extremely
conservative and allows for the simultaneous companson of all group ditferences (Tabachnick. 1996).
Group differences were accepted to be statistically signiticant at minimum significance level ot 0.05.

A simple strategy was adopted n selecting the final predictor vanables for each habitat
parameter. First, independent vanable showing the largest standardized distance was identified. If this
value was significantly different from the corresponding ditference in any other vanable at a

signuficance level of 0.05, the vanable was selected. If two or more vanables showed group
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ditferences not significantly ditferent trom the largest distance observed. they were included as
predictors. provided that none ot these vanables were highly correlated with each other. However. 1t
high correlations were observed. these vanables were dropped from the analysis. High correlations
between predictors were accepted when the largest mean difference observed was significantly
different from any other vanable in more than one instance. [n this case. the presence of
multcollineanty was accounted for by adjusung signuficance levels dunng the classitication process.

This procedure 1s discussed n detail in the followng section.

4.5 Classitication ot Habitat Parameters

Classification of habitat parameters was camed out using decision tree analysis (DTA). The
exhaustive parntioning procedure developed by Biggs o al. (1991) establishes relationships between
predictor and response vanable based on statistical sigmiticance. It 1s a staustically robusmess
techrmique and permuts the integration ot continuous and categorical data. For these reasons. exhaustive
partitioning was selected as classificauon algonthm. A separate decision tree was grown tor each of
the habitat parameters Substrate Type, Channel Partern and Lund Cover. Only splits showing a
signiticance level of 0.05 or higher were accepted so as to ensure statistically strong relationships
between predictor and dependent vanables. [f several predictor vanables passed the significance
threshold at a given node, the vanable with the highest significance was selected to partiion the data.
All observed significance levels were corrected using the Bonferroni adjustment factor to mimimize the
risk of falsely accepting relationships that were not significant. The Bonterron: adjustment factor was

also used to account for the presence of highly correlated predictor vanables. The etfect of this

adjustment was a turther reduction of the iniually obtained significance levels so as to suppress
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relationships which are caused by the duplication of intormation in the predictor vanables.

Betore applying classitication rules denved trom DTA to the classitication of unknown cases.
redundant branches of a decision tree must be removed to avoid overfiting. This process s called
pruning and generally involves the use ot an independent test sample that was not used in the creation
of the decision tree (Breiman er of., 1984). It DTA 1s applied to remotely sensed data. three data sets
are required: one for training. one for pruning, and one to as<ess classiticanon accuracy (Fried! and
Brodley. 1997). However. for practical reasons it was not possible to allocate sampling areas tor three
separate data sets in the present study. Instead. the nsk ot overtiting was mimimized by specitying a
threshold sample size. or stop size, tor the creauon ot new nodes. That s, 1f a given node contamed
tewer observations than the specified stop size it was not further partitioned.

The selected threshold sample size tor each habitat parameter was related to the average
sample size in an individual sampling unit. In the case ot Substrate Tipe and Chunnel Puttern.
individual sampling units are defined by the average length and width of niver sections used in the
denvation of stream width and valley gradient. Given an average width of 20 m. an average length of
30 m and a pixel resolution of 2 m, the corresponding stop size was set to be 150. [ndividual sampling
units for the habitat parameter Land Cover are detined by the size of individual Tamming areas
Accordingly, a threshold sample size of 60 was selected corresponding to the average sample size per
training area. The decision trees were interpreted as statistically significant classiticatnon rules in
“[F.. THEN" format. These rules were subsequently implemented as a FORTRAN program to classity
all ot the imagery.

Integration of continuous predictors in decision tree analysis required the selection of discrete
categones for each vanable. Class intervals were denved with the aid of exploratory data analysis as

descnbed by Vellemann and Hoaghn (1981). With this approach, a data set is described and



partitioned around the median. Furthermore. the data can be divided into equal parts to contain an
eighth, a tourth, halt, etc. ot all observauons. All image vanables were divided into eight intervals of

equal size. Stream width was divided into four discrete categones. while three equal sized intervals

were selected for the variable valley gradient.

4.6 Accuracy Assessment

Classification was evaluated using a verificauon sample that was not previously used in
the derivation of decision trees tor the habitat parameters Substrate Tvpe. Channel Puattern and
Land Cover. The result of this analysis was summarized using contingency tables (Congalton
and Green. 1993: Green et ul.. 1993: Fitzgerald and Lees. 1994: Janssen and Van der Wel, 1994:
Lark. 1995: Stehman, 1997).

Table 4-3 contains a schematic contingency table to illustrate the various measures of
accuracy that were extracted. The columns of this table reter to the reterence data. whereas the
rows represent the classitication result. Accuracy measures used in the assessment of
classification performance are detined in Table 4-4. The misclassification rate of pixels in the test
data set belonging to a particular substrate type 1s given by the respective errors of omussion,
designated as “OE™ Table 4-4. Conversely. errors of commussion reter to pixels wrongly assigned to
groups to which they do not belong. Commussion errors for each category are obtained from Table 4-+4
as "CE". Accuracy measures include overall classification accuracy "OA™. user’s accuracy “UA"™ and
producer’s accuracy “PA". The overall classification accuracy represents the proportion of correctly
classified observations across all categories. The user’s accuracy value denotes the probability that a

classified pixel actually belongs in the category it was classified. This measure 1s related to the error of



Table 4-3: Schematic Contingency Table
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t = category n reference data
j = category (n classified data
q = number of categories
¢, = elements of the confusion matrix
Table 4-+4: Measures of Accuracy
Accuracy Measure Definiion Calculation
Overall Accuracy OA the proportion ot overall correctly classitied P
sampies OA=—) ¢
Overall Classification Error OE the proportion of overall incorrectly OE =1-0A
classified samples
User’s Accuracy UA the conditional probability p(j=tij=k) that a ] S
sample 1s correctly allocated given that it LA =
was classified as k y
=1
Commussion Error CE for two classes (k.1) the conditional CE=1-CA
probability pti=l}j=k) that a sample
classified as k actually belongs to category |
Producer’s Accuracy PA the conditional probability p(j=t1{1=k) that a pA = Sk
sample which actually belongs to class k 1s T
correctly allocated S:c,k
1=1
Omission Error OE for two classes (k.]) the conditonal OE =1-PA
probability p(j=k | i=1) that a sample which
actually belongs to category | is classified as
k
Kappa [ndex of Agreement k proportion of overall correctly classified _0A-CA
samples, adjusted for the possibility of 1-CA

random assignment
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commussion. Likewise, producer’s accuracy is related to errors of omission. It designates the
probability that a pixel belonging to a given categorv in the ventication data set is correctly classitied.
The kappa index of agreement is a measure of overall classification pertormance which takes into
account correct assignment ot pixels by chance. It 1s interpreted as the proportion by which a given
overall accuracy exceeds the accuracy expected tor a random classitication. Calculauon of the chance
agreement term (CA) requires the denvation of a new mamx consisting ot the products ot row and
column totals ot the onginal contingency table. CA s then calculated by summung the diagonal and
dividing by the grand total.

Jensen (1986) suggests the dernvauon of confidence intervals around estimated
classification accuracy values using the normal approximation to the binomal distnbution.
Accordingly. confidence intervals for the overall accuracy ot individual habitat parameters were

calculated as:

P(1-P)"
C =Ptz U=R) (4-6)
' LV n !
l P-(1-P
Cl =P+’ . .__(___l (4-7)
S
where
P = proportion ot correctly classitied pixels
C| = lower contidence limit
Cy = upper contidence limit
z = 1.96 (corresponding to a probability ot 95 °% in 2 normal distnbution)
4.7 Suitability Mapping

This study tocused primarily on the extraction of individual salmon habitat parameters. Two

of these parameters, i.e. Substrate Type and Channel Pattern, were used in the assessment of suitable
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spawning habutat for Atlantic salmon. According to Dubois and Gosselin (1989). spawning habitat
priority was calculated as:
P=B*C (4-8)

where

P = spawning habitat prionty

B = pnonty weight of substrate type

C = pnonity weight of channel patterm
The corresponding prnionty weights are presented 1 Table 4-5. A description of difterent spawning
habitat types resulting trom this analysis 1s given in Table 4-6. Spawning habitat prionty can range

from 0 to 4. A value of 4 indicates good spawning habitat simtability, while values ot 1 or 2 indicate

intermediate suitability. A value ot 0 designates areas unsuitable tor spawning.

Tabie 4-3: Prionity Weights tor Substrate Type and Channel Pattern

Substrate Tvpe (Priority Weight) Channel Pattern (Priority Weight)

Gravel (1) | Rubble (2) |Boulder {2){Bedrock (0)] Run(l) | Ritfle(2) | Steady (11| Flat(l) | Rapd(2)

Table 4-6: Salmon Spawning Habitats (atter Dubois and Gosselin, 1989}

Type of Spawning Habitat Spawning Habitat Priority (P) Suitability
Habntat [ 4 Good
Habutat il 1.2 Faur
Habitat [1I 0 Not Suntable

48



Chapter 5.0: Results

5.1 Introduction

In the tirst part of this chapter. the data pre-processing resuits are presented. Next, the process
of selecting predictor vanables for Substrate Tipe. Channel Pattern and Land Cover 1s descnbed,
tollowed by a presentation of decision tree classifications tor each habitat parameter. The accuracy of
the respective classifications 1s assessed. Finally, 1t 1s shown how the habitat parameters Substrate

Tivpe and Channel Pattern were used to model spawning habitat suitability tor Atlanue salmon.

3.2 Pre-Processing

The tollowing sections describe the results of substrate data categonzation as well as image

correction and ranstorm procedures required in order to subject the data to further analysis.

5.2.1 Substrate Data

The number of natural substrate groups inherent in the data was estimated by plotting the
cluster solutions obtained from hierarchical clustering against the distance associated with the merging

of groups at each level. Natural groups are indicated by a distinct visual separation from one cluster



solution to the next. In Figure 3-1. a sharp increase 1n distance 1s observed for the transition from
seven to six and trom four to three termunal clusters. The tirst of these Tansitions retlects the fact
that the type of bottom substrate is represented by seven individual grain size vanables, The second

transition suggests the presence of four natural substrate classes.
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Figure 5-1: Cluster Solutions of Median Method

In order to verify that the substrate classes obtained tfrom hterarchical clustering were not
spurious, clusterning was repeated using the non-hierarchical k-means procedure. The resulting
cluster centers of both approaches are presented in Table 53-1. They represent average
proportions of the original grain size variables for each cluster. Average proportions greater than
10 % are highlighted. Both cluster solutions are similar in the characterization of individual
clusters. Cluster | is dominated by the variables Gravel. Pebble and Cobble. Cluster 2 1s
characterized by the grain size classes Rubble, Cobble and Gravel. In Cluster 3, the average

proportions are largest tor Boulder and Rubble, while Cluster 4 represents the grain size variables



Bedrock and Rubble. Although the observed clusters are not mutually exclusive due to overlap

In average grain size proportions. the resulting categories retlect a clear trend from ftiner to

coarser substrate.

Table 3-1: Cluster Centers of Median and K-Means Methods

; Clusier Conters { Average Proporion { ")) i
Grain Size | Cluster | | Cluster | | Cluster 2 | Cluster 2 | Cluster 3 | Cluster 3 | Cluster 4 | Cluster 4

Vanable (Median) {(K-Means)] (Median) |(K-Means)| (Median) {(K-Means)| (Median) [(K-Means)
Bedrock 211 1.96 172 331 .90 442 66.92 69.58
Boulder 231 1.40 3.85 353 44.52 $2.92 9.28 8.22
Rubble 427 21 40.64° 30.7 35.24 32.75 13.64 12.97
Cobble 20.58" 1038° 40.00 41.72 9.62 9.73 7.69 7.17
Pebble 21.95 28.89 4.38 426 4.24 5.04 1.00 1.00
Gravel 45.86 49.89 11.13° 19.22° 0.29 .00 4.87 4.53
Fine 7.00 9.53 1.00 1.00 1.86 1.75 1.00 1.00

° = cluster centers are significantly different at a significance level of 0.03

Signiticant differences between both cluster solutions exist only for Clusters | and 2.

[n

Cluster 1. this ditterence 1s observed tor the grain size vanable Cobble. The average proportion tor the

median method is with 20.58 6 twice as large as for the k-means procedure. In Cluster 2. the average

proportions of both Rubble and Gravel differ for the median and k-means methods by approximately

10 %. These differences become more apparent from the cross-tabulation ot both procedures in Table

5-2. Most of the discrepancy is accounted for by 18 nver segments that are classified as Cluster 1 1n

the median method and as Cluster 2 in the k-means method.



Table 3-2: Cross-Tabulation of Median and K-Means Clustering Results
K-Means Method

Median Method Cluster | Cluster2 | Cluster3 | Clusterd
Cluster 1 15 | '8 1 | 0
Cluster 2 0 ‘T 39 1 0 0
Cluster 3 0 | 0 21 0
Cluster 4 0 | i : 2 f: 36

When examined for their grain size composition. the segments showed average proportions
for Cobble and Gravel of 45.56 %% and 37.78 "4, respectivelv. This indicates that nver segments with
relatively hugh proportions ot both Cobble and Gravel substrate cause the disagreement between both
clustenng algonthms. Theretore. ditterence between clustenng techniques retlects contusion between
grain size classes inherent in the data. The median cluster solution featunng tour terminal groups was
selected to represent substrate information 1n all subsequent analysis. According to the highest average

grain size proportions presented in Table 3-1. the tinal substrate categories were labelled Gravel.

Rubbhle. Boulder and Bedrock.

5.2.2 Image Corrections and Transtorms

Pre-processing of image data involved atmospheric and geometric correction, radiometric
calibration and the calculation of image transforms. Atmospherc correction involved the estimation of
a DN value equivalent to path radiance in each spectral band. The corresponding values are shown in
Table 5-3. The effect of path radiance was corrected by subtracting these values from the respective
spectral bands.

In order to investigate the need for radiometric calibration due to vanations in solar elevation,

the mean spectral response of high (paved lughway) and low (water) retlectance areas after correcting

n
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tor path radiance was compared. The result of this comparison 1s presented in Table 3-4. As expected.

the differences are larger between the paved highway test areas than between the water-covered

locations.

Table 5-3: DN Values Equivalent to Path Radiance and Time of Acquisition

‘ ' Bandt | Band2 | Band3 |  Band4 | Local Time
Swath 1 26 15 9 o 121
Swath 2 30 E ( - 1128
Swath 4 20 17 1 - 138
Swath 6 2 13 ¥ 3 145
Swath 7 32 18 l 3 1148
Swath 8 32 13 1} 3 1S3
Swath 9 33 18 12 R : 11:38

Table 5-4: Companson ot High and Low Retlectance Areas

Mean Spectral Response [DN] of High Reflectance Target (Paved Highway)
Band | Band 2 Band 3 Band 4
Swath 1 | Swath 8 | Swath1 | Swath 8 | Swath 1 | Swath 8 | Swath | | Swath 8
Mean 171.5 168.1 189.1 ' 1897 1725 ¢+ 1778 1483 + 1339
Standard Deviation 44, 103 91 ' 124 l6.6 , 192 s , 122
Minimum 160 l 143 169 139 142 122 123 123
Maximum 184+ 179 210 ¢ 208 20+ 216 174 180
Mean Spectral Response [DN] of Low Reflectance Target (Water)
Band 1 Band 2 Band 3 Band 4
Swath 1 | Swath8 | Swath 1 | Swath 8 | Swath1 | Swath8 | Swath 1 | Swath 8
Mean 9.1 ' 77 88 ' 94 8t ' 69 152 ' 144
Standard Deviation 39 : 27 43, 44 10 41 29, 43
Minimum 300 3 3 3 3 10 9
Maximum 17 1l 18 18 i$ 20 22




In all instances. no significant differences in mean spectral response were observed between
corresponding test pixels of Swaths 1 and 8 at a significance level of 0.05. These resuits indicate that
correction for ditferences in solar elevation was not required.

The imagery was geometrically corrected for two reasons. First, resampling to a common
coordinate system ensures a constant pixel resolution for all images. I[n uncorrected images the scale
would vary within as well as between scenes due to sensor movement. Second. geometmic re@sraton
was required for the integration of image and digital elevation data. Results of the geomemc
registration of image data to UTM coordinates are presented in Table 5-3. Given the lack of distinct
teatures suitable tor use as ground control ponts on the maps used in the correction process. a tirst-
order polynomial transtorm was applied to regster all images. Extreme geometric distortions n parts
of the image dara caused comparatively large registration errors of two to three times the resolution.
However, since the resolution of the elevation data i1s 30 m. observed the image registration errors are

well within the bounds requuired for data integration.

Table 3-3: Image Registration Charactenstics

Number of GCP's Resolution [mj| Lacational Accuracy [m]
Swath 1 10 2 3.3
Swath 2 [N 2 bl |
Swath 4 11 2 47
Swath 6 8 2 3.8
Swath 7 8 2 6.3
Swath 9 5 2 44




Image wanstorms applied to tramming data ot the habuat parameters Substrate Type and

Channel Pattern included principal component analysis (PCA) of onginal and log-transtformed spectral

bands. The characteristics of these transforms are presented in Tables 5-6 and 3-7.

Table 5-6: Characteristics of PCA Applied to Onginal Spectral Bands

! ! Figenvalue ! Variance Explained | %4) ] Cumulative Variance { 7%} !
Component 1 968.226 S6.4 $6.4
Component 2 105.169 94 958

_C omponent 3 42.484 38 99.6
Component + 4714 04 100

Component Loadings
Component 1 Component 2 Component 3 Companent 4
Band { 0.343 0.265 0.719 0.544
Band 2 0.507 0313 0.225 -0.770
Band 3 0.327 0.427 -0.657 0.329
Band 4 0.5390 -0.806 -1.024 0.052

Table 5-7: Characteristics of PCA Applied 1o log-Transformed Spectral Bands

Eigenvalue Variance Explained [ %] Cumulative Variance [ %|
Component | 1.527 38.8 88.8
Component 2 0.097 57 94.5
Component 3 0.085 4.9 99.4
Component 4 0.0097 0.6 100
Component Loadings
Component 1 Component 2 Component 3 Component

In(Band 1) 0.493 0.563 -0.368 0.344

In(Band 2) 0.515 -0.043 -0.111 -0.849

In(Band 3) 0.367 -0.730 -0.001 0.381

In(Band 4) 0.413 0.385 0.816 0.125




In both PCA transforms, the proportions of vanance explained by each ot the components are
very similar. When PCA s applied to the onginal spectral bands, 86 °4 ot the vanance in the data is
explained by the first component. The second component accounts tor approximately 10 Y% ot the total
vanation. The proportion of vanance explained by the third principal component 1s 3.8 *4.. The tourth
component accounts for less than 1 ®o of the vanability 1n the data. Likewise. the tirst principal
component resulting from PCA applied to log-transformed bands explains 38.8 "o of the vanability.
However. the second and third components account tor an almost equal amount of vanance with 5.7 %%
and 4.9 %%, respectively. while less than 1 %o 1s explained by the tourth component. Both approaches
do not ditter signiticantly in accounung tor the overall vanabsiity in the data.

The result of PCA applied to land cover training data 1s presented 1n Table 5-8. In this case.
the first component accounts tor only 73.1 Y4 of data vanabihty, while more than 20 "% ot the total

vanability 15 explained by the second principal component. The third and tourth components account

tor 2.1 and 0.3 *% of the total vanance, respectively.

Table 5-8: Charactenstics ot PCA Using Land Cover Training Data

Eigenvalue Variance Explained { %]| Cumulative Variance | %|
Component 1 784743 751 731
Component 2 235258 225 97.6
Component 3 22382 2.1 99.7
Component 4 29.25 0.3 100
Component Loadings
Component 1 Component 2 Component 3 Component 4

Band! 0.400 -0.326 0.714 0473

Band?2 0512 -0.226 0.149 -0.8135

Band3 0.599 -0.274 -0.677 0.328

Band4 0.468 0.876 0.093 0.068




5.3 Selection ot Predictor Variables

5.3.1 Substrate Type

Group means, standard dewviations and coetficients of variation of individual substrate
categornies are presented in Figure 5-2 and in Appendix A. [n the onginal spectral bands. the observed
difterences between substrate categones were fow with respect to the varability in each group. InBand
/. mean values ranged from 14.51 for the class Bowlder to 23.07 tor Rubble. Varability was generally
high in all categones. The class Rubble showed the lowest coetticient of vanauon with a value of
51.02 %, while the corresponding values in the remaining categones ranged trom 60.38 "% tor Gravel
to 64.02 %% for Boufder. The substrate category Boulder showed the lowest mean response in Band 2
with an average DN value of 20.6. [t 1s clearly separated trom the classes Gravel and Rubble, which
showed a nearly identical mean response ot 28.46 and 28.87. respectively. All substrate categories in
Bund 2 showed considerable spectral overlap wath standard deviations ranging trom 12.63 tor Boulder
to 16.56 1n the class Bedrock. Vanability remains high wath coetficients of vanation trom 4+4.52 to
61.98 “4. Mean response of substrate categonies in Band 3 were simular to the spectral behaviour
observed in Band 2. However, group vanability in this vanable 1s highest for the classes Bowlder
(77.10 %) and Bedrock (70.35 9%) and lowest for Gravel (44.98 %%). The vanable Band + showed the
highest spectral response for all substrate groups. Mean values ranged trom 30.25 in the class Boulder
to 37.32 for Rubble. Group variability in this vanable was lowest in the categories Graveland Rubble,
with coefficients of vanation of 53.87 and 55.17 %, respectively. The highest variability was observed

in the classes Boulder (58.81 %) and Bedrock (60.52 %4).

The principal components of log-transtormed spectral bands also showed considerable



Band |

4230 .
mx. -
T —_—
E . —
Z .
= L *
2 *
e .
23
i
v - = e Bt o ey
Substrate Type
Hand 3
R
wx
2 -
= 0 .
z ¢ .
3 :
2‘ M *
Ty —_—
Ia
) Aote Bowxier Segroce
Sabstrate [Lpe
PCL in
14
%0
<304 :
'i I —
= 1% .
= |
S | » ¢
Z 400 : : *
= i
% 154 ' . ¢
2 ) —_— .
s90 |
asal
42
e Subow Boumer Sedroca

Nubsmate Tvpe

Band 2
B
3 C . -
S
* *
]
Tx .
Tx. ——
X
rom T re & Ce -
Sabstrate 'vpe
Band 4
1%
4G Q.
o X
z —— —_—
3T wxm
z * N
3 B * *
%
=
= oo
B
T
stam “uote ovater Aecrovs
Subistrare Tupe
PC2 In
.c
P 0. —_—
. W _
2
ERER . *
=z *
ERE
=
- e ee—
= oq ¢ —_—
100
———
0
St avel Aunte Souder Sesocs

Substrate Tyvpe

Figure 5-2: Group Means and Standard Deviations of Substrate Categones



073 In
* _
ERET e
= 4 ¢
z ’ 2w T .
=2 . . 2
i“ L » é‘ *
= = . - [
FOR] )
aw X
Ttre Suicom EST g Sentrocy 1 oo A.0oe g el R
Substrate [vpe Subsrate Tpe
PCy Pe2
¥ Rl ]
» G —_—
1.
§ —_— —
—.‘_: 40X Y —_—
Z * ¢ . .
=
T wowd ¢ * ’
-~ e *
— X
mats —_— —_—
bR ] cx
v Abce Tuwacter JemFocn HE T Aucoe e Aecroce
Substrate Tvpe Substrate Tyvpe
PC3 PO
B i
T 0Xa - *
z S . ! .
] ! 1 A4 *
% , . * , —_
2 S0 : . | .
- : * —_ ! .
1 : \
| ! ! —
ex! ; 100}
e pvel Juboe Souier BSedroca ! Jtaven Rubtee Benscer Bearock

Substrate Type

Substrate Tvpe

Figure 5-2: Group Means and Standard Deviations ot Substrate Categones (continued)



Width

Gradient
42 ¢ K
W —_
10904
b oY
2 * =
2 o *
= . * EEE
= . = .
¢ C— ¢
20
) R N —
Kl *
2 X,
pig FLbowm 2oL B Y el <LoCe Soucer Becrcu
Jubstrite Lape Substrite tpe

Figure 3-2; Group Means and Standard Deviations of Substrate Categones (continued)

overlap between all substrate categonies. PC/_In largely resembled the response in the onginal
spectral bands. The category Boulder showed the lowest mean response with a value ot 3.34.
Conversely. the highest response occurred in the category Rubble with a mean DN of 6.34.
Group vanabulity in this variable was characterized by coetficients of vanation ranging trom
14.79 ©5 for Gravel 1o 21.48 "o 1n the category Bedrock. In PC2_In. the category Gravel showed
a low mean response ot 0.24. Mean values in the remaining classes ranged trom 0.323 to 0.60.
Varability was highest 1n the category Gravel with 31.63 %, while the groups Rubble, Bedrock
and Boulder showed coefficients ot vanation ot 17.91 %%, 22.05 "o and 29.10 %4, respecuvely.
Spectral overlap of substrate classes was also dominant i PC3_[n. Observed mean response
values ranged from 0.79 to 0.83. with standard deviations trom 0.26 to 0.30. Varabulity was
similar in all categories with coetficients of variation from 23.85 to 24.78 %o. In the variable
PC4_in, the substrate category Grave! was set apart from the classes Rubble, Boulder and
Bedrock through a low mean response of -0.18 and a standard dewviation of 0.09. The highest
response occurred in the substrate type Rubble with a mean value of -0.08. Group variabilities

were low and ranged from 9.57 % in the category Rubble to 12.50 % in the class Boulder.
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In PC!. the observed pattern ot mean response and group vanability was simuilar to the
spectral behaviour of substrate categories in the original spectral bands. Mean response was
lowest in the category Boulder (43.26) and highest tor Rubbie (38.97). Group vanability ranged
from 45.52 %o 1n the class Gravel to 59.71 %% for Bedrock. Mean response 1n the vanable PC2
was charactenzed by mean values trom 1.10 for Gravel! to -3.93 for Boulder. while the observed
standard deviations ranged from 8.08 to 9.95. Varnability was lowest n the categories Gravel!
(13.22 9%) and Rubble (14.88 “4). The highest coetticients of varniauon n this vanable were
obtained for Bedrock (17.20 %o) and Bowlder (18,41 "o). Pixels of the substrate tvpe Grave!
showed the lowest mean response in the vaniable PC3 with a value ot -1.358. The remaning
substrate categories were characterized by mean values from 1.90 to 4.23. Group standard
deviations were similar in all classes and ranged from 5.66 to 6.77. resulting 1n coetficients of
variation trom 13.52 %% 1n the category Boulder to 20.32 4 tor Gruvel. The spectrai behaviour ot
substrate categories 1n PCY indicated separability of the class Grave! from Rubble. Bowlder and
Bedrock through a comparatively low mean response of -1.34. The remamming mean values
Variability was highest in the class Grave! with 28.99 4. Coetlicients of vanation in the
remalning categornies were similar and ranged trom 23.39 to 24.03 %%.

Differences between individual substrate classes were more apparent in the vanable
Width. This applied especially to the differentiation between the categories Grave! and Rubble.
The respective mean values were 23.08 and 12.22, with corresponding standard deviations of
8.69 and 4.05. Similar mean response values of 17.95 and 19.62 were observed in the respective

categories of Boulder and Bedrock. Varability in the vanable Widt/t ranged trom 31.70 °6 1n the

class Bedrock to 38.83 % in the category Bou/der. Mean response and vanability in the vanable
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Grudient were similar for the categories Gravel and Bedrock. The observed mean values were
0.44 and 0.34, with standard deviations ot 0.17 and 0.15, respectively. These categories were
ditferentiated against the classes Rubble and Boulder. which show respective mean values ot 1.48
and t.11. and a standard deviauon of 1.22 1n both cases. Group variability was large tor Rubhble
and Boulder with respective coetficients ot variation ot 82.43 and 109.91 °%.

Standardized distances between the mean values of substrate categonies n all predictor
vanables are presented in Table 5-9. The largest distance between means tor each pair ot substrate
categones 1s underlined. Distances that are not sigruficantly ditferent from the largest distance for a
given parr ot categones are printed 1n bold letters. The significance level 1s set at 0.05. Standard error.
significance level and confidence himits corresponding to each distance are listed in Appendix A. Rank
correlation coetticients between independent vanables are presented in Table 5-10.

The vanable Width showed the largest ditference in mean spectral response between the
categories Gravel and Rubble. The observed value of 1.370 was not significantly ditferent trom the
corresponding distances observed tor the vanables Gradient, PC2_In and PCH. Class means of the
substrate types Gravel and Bowlder were turthest apart in the vanable PC2_In with a standardized
distance of 1.052. The 95 % confidence interval associated with this value overlapped with the
corresponding intervals ot PC2 and Grudient. Likewise. PC2_In showed the largest diftference
between the categories Gravel and Bedrock. In this case. the observed distance ot 0.839 was not
significantly ditferent from the corresponding values in PC4_{n PC3 and PC4. The largest ditterence
between group means tor the classes Rubble and Boulder appeared in Band [. with a standardized
distance of 0.756. This value was significantly different only from PC2_{n and PC2. The vanable
Gradient showed the largest difference between the substrate categones Rubble and Bedrock as

well as between Boulder and Bedrock. In both instances. the observed values ot 1.392 and 0.940



£9

Table 5-9: Standardized Distances between Substrate Category Means

Band | | Band 2 | Band 3 | Band 4 | PC'Y In|{PC2 In|PC3 In}PC4 In| PCI PC2 PC3 PC4 | Width Kiradien
Gravel vs. Rubble 0539 ] 0028 { 0139 [ 0.330 [ 0.108 [ 1.060 [ 0.135 [ 0.969 [ 0.166 | 0458 | 0.879 | 1.152 | 1.370 | 1.201
Gravel vs. Boulder | 0.217 | 0.532 [ 0.650 | 0.040 | 0.587 | 1.052 | 0338 | 0433 | 0375 [ 0.751 | 0.526 | 0.521 | 0.648 | 0.811
Gravel vs. Bedrock 0219 ] 0.118 | 0232 | 0.357 [ 0.162 | 0.839 | 0.007 | 0.776 | 0.001 | 0.414 | 0.576 | 0.707 | 0336 | 0.128
Rubblc vs. Boulder | 0.756 | 0.560 | 0.512 | 0.371 | 0.694 | 0008 | 0.4737| 0.536 | 0.542 | 0.293 | 0.353 | 0.631 | 0.723 | 0.452
Rubble vs. Bedrock | 0.321 | 0.145 | 0.093 | 0.176 | 0.270 [ 0221 [ 0.142 [70.193 | 0.176 | 0.043 | 0304 | 0.445 | 0934 7] 1.302
Boulder vs. Bedrock | 0.435 [ 0414 [ 0.418 [ 0.195 1 0425 ] 0213 [ 0331 | 0333 | 0365 | 0336 | 0050 | 0.186 | 0.212 | 0.940

Table 5-10; Bivanate Correlations between Predictor Variables

underlined: largest distance observed for each pair of categories; bold font: distances not significantly different form largest distance at a significance level of 0.05

Band! | Band2 | Band3 | Band4 | PCI In | PC2 In | PC3 In | #C4 In PCl PC2 PC3 pPC4 Width
Band? 0.887
Band 3 0.732 | 0932 e
Band 4 0.768 | 0.836 | 0.762 T o o T
PCl In 0909 | 0.988 | 0.929 | 0879
PC2In | 0353 | 0018 | -0.260 | 0244 | 0.062 [
PC3 In | -0290 | -0.060 | 0.047 | 0324 | -0.020 | -0.140
PC4 In 0.172 | -0.070 | 0.007 | 0101 | 0056 { 0249 | -0.040 | h T
PC1 0872 | 0972 | 0916 | 0928 | 0989 | 0.078 | 0.08 | 0037 D -
PC2 0239 | 0327 | 0379 | -0.140 | 0254 [ -0450 | -0.650 | 0240 | 0.172 T
PC3 0411 | 0055 { -0250 | 0.074 | 0065 | 0845 | -0.480 | 0.083 | 0033 | -0.120 i "
PC4 0.198 | -0.110 | -0.090 | 0026 | 0005 | 0350 | -0.180 | 0.886 | -0.020 | -0.160 | 0.235
Width 20400 | -0.160 | -0010 | -0240 [ -0.210 | -0540 | 0.186 | -0340 | -0.190 | 0.161 | -0.520 | -0.430
Gradient | -0.050 | -0.070 | -0.070 | -0.110 | -0.070 | -0.010 | -0.110 | 0.012 [ -0.090 | 0062 | 0023 | 0.023 | 0.070

bold font: correlation coefficients > (.70



were signiticantly different from the distances obtained for all other predictor variables.

Vanables discnminating between Gravel and Rubble include PC2_In, PC4. Width and
Gradient. Correlation among these varables ranges from -0.01 to -0.34. These vaiues do not indicate
redundancy 1n nformation. Therefore. the vanables PC2 In. PC4 and Width were selected as
predictor vanables. The substrate classes Gravel and Bowlder are ditterentiated by the vanables
PC2_In. PCYand Gradient In this case PC21s the anly vanahles nat vet selected as predictors. It was
not found highly correlated with any other vanable and theretore included in the analysis. The largest
mean ditference between the substrate categones Gravel and Bedrock was obtained in the vanables
PC2 _{n. PC4_In, PC3 and PC4. A companison of correlation coetticients showed that PC3 and
PC2_In were highly correlated with r = 0.845. Therefore. PC3 was not used n the classificanon of
bottom substrate. Likewise, a correlation coetficient of 0.886 between PC4_In and PC+ indicated the
capture ot duplicate information and resulted in the exclusion ot PC4_{n from all subsequent analysis.
The distinction between the substrate types Rubble and Boulder involves all independent vanables
except PC2 _In and PC2. The vanabies Bund 2. Bund 3. Bund 4. PCI _In. and PC! were hughly
correlated with Band /. with correlation coetticients ranging trom 0.732 to 0.909. These vanables
were theretore excluded from further analysis.

The final predictor variables tor the habitat parameter Substrare Tyvpe include Bund (. PC2 In.

PC3 _In, PC2. PC4, Width and Gradient.

5.3.2 Channel Pattern

Figure 5-3 contains the mean response and standard deviations of channel pattern categories.

A tabular presentation of group means and variability is given in Appendix A. Throughout the onginal
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spectral bands. ditferences berween category means were low with respect to the associated standard
deviatiens. Likewise. high group vanabilities were observed in all spectral bands. The mean response
in Bund | ranged from 15.20 10 39.52. with standard deviations from 6.86 1n the class Ffur 10 19.62 in
the category Rupid. The lowest vanability was observed in the category Flur with a coetficient of
vananon of 40.07 %6, while the class Steady showed the highest vanation (66.45 °%). Spectral response
increased progressively towards Band 4. where mean values vaned trom 2943 tor Steady 1o 43.96 1in
the class Rupid. Group vanability in Bund 4 1s simular to the coefticients of vanation observed in Bund
[. Band 2 and Bund 3 and ranged trom 4<.44 % tor Rupid to 63.07 "o 1n the category Sieady. The
category Rapid 1s disunctly set apart from any other class 1n all spectral bands. The largest vanablity
in all spectral bands was observed for the class Steady with coetficients of vanation trom 61.66 “o n
Bund 2 10 6645 % i Band [. Conversely. varabihty 1n the category Fluz showed the lowest values
throughout all spectral bands and vaned trom 34.64 °o mn Band 2 to 47.47 * o 1n Bund 4.

Mean response observed in PC/ In was simular to that in the onginal spectral bands. The
category Rupid showed a mean value of 7.18, while average DN values from 3.74 to 6.35 were
observed in the remaming categonies. The group standard deviations vaned trom 0.65 o 1.21.
Variability was lowest in the class Flar with 10.25 %% and highest tor Steady with 21.08 ®o. In PC2 In,
the categonies Run and Riffle can be ditferentiated versus the classes Steadyv and Flat. The category
Rapid showed the highest mean response with a value of 0.75. Group vanability mn PC_In 18
characterized by coetficients of vanation ranging tfrom 17.65 % in the class Rapid to 44.59 °5 n the
category Flar. In PC3_{n, the channel pattern Rupid shows the lowest mean response with a value of
0.64. Mean response in the categories Run. Riffle. Steadv and Flat ranged from 0.82 t0 0.86. Simular
group variabilities were observed in the classes Run and Steady with respective values ot 26.73 %% and

26.92 %%. The class Flat showed the lowest coefficient of vanation (19.809%). while vanability in
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Figure 5-3: Group Means and Standard Deviations of Channel Pattern Categories
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Figure 5-3: Group Means and Standard Deviations of Channel Pattern Categones (continued)

the categones of Riffle and Rapid was 30.00 "% and 36.59 %o, respectively. The channel patterns Run,
Riffle. Flar and Rupid showed similar coetticients of vanation tin PC4_{n with values trom 16.67 to
19.61 %%, Group vanability was highest in the class Sready with 23.53 %4, Standard deviations in this
variable varied from 0.09 to 0.10. Mean response values ranged from -0.13 in the class Flar to -0.11
in the category Riffle.

The observed mean values in PC/. PC3 and PCY resembled the mean spectral response ot
channel patterns in the onginal spectral bands. The class Rupid showed mean response values of
87.09. 11.23 and 1.64, respectively. Mean response in the remaining classes ranged trom 46.31 to
60.13 in PC!. trom —1.64 10 2.60 1n PC3 and trom ~1.13 10 0.02 1n PC4. In PCZ, the class Rapid was
less clearly separated from the remaining categones. Vanability was approximately equal in the groups
Run and Rapid with coefhicients of vanation of 24.52 and 22.84 %, respectively. The remaming
classes were charactenized by group vanabilities trom 13.09 % to 17.90 %. Mean response in PC2

ranges from —3.50 in the class Run to 2.75 for Rapid.

In the vanable Width, the categones Run and Riffle both showed a mean response of 16.34.
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The respective coetficients of vanation were 43.02 and 42.33 .. respectively. Mean response values

In the remaining classes vaned from 19.13 to 21.17. The highest vanability was observed in the

classes Sready and Flar, with respective coetticients of vanation ot 39.71 and 47.02 "». Group
vanability was lowest in the category Rapid with a value ot 18.35 a.

The vanable Gruadient indicated separability ot the categones Run and Riffle on one side. and
Steadv, Flar and Rapid on the other. Vanability was highest in the classes Riffle and Run with
coefticients of vamation of 120.34 and 82.33 4. respectively. The lowest vanability was obtained tor
the category Flar with 18.92 %,

Standard distances between channel pattern categones and corresponding rank correiation
coetticients between predictor vanables are presented mn Table 3-11 and Table 5-12. The largest
observed distance for a given pair of categonies 1s underlined. while all distances which are not
signiticantly ditferent trom this value are pnnted in bold letters. Overall. the largest distances occurred
between the categories Rupid and Run, Rapid and Riffle. Rupid and Steady. as well as between Rupid
and Flat i Band I.  The corresponding mean ditferences range trom 1.299 to [.809. The largest
difterence between the groups Run and Flat as well as between Riffle and Flat occurrred in the vanable
Width with a standardized distance of 1.183. Differences between the remaming combinations of
channe! patterns range trom 0 for Run versus Riffle to 0.671 for the mean distance between the classes
Steady and Flat.

The vanables Band !/ and PC3 show the most frequent occurrence ot an overlap with the
largest distance observed for each pair of categories. In both instances. the observed ditferences
between were not significantly different form the respective largest distance seven out of ten times.

This provides evidence that these variables contribute significantly to the differentiation between

channel pattern categories. Bund { and PC3 were consequently included as predictors in the analysis.



Table 5-11: Standardized Dhstances between Channet Pattern Category Means

Band 1 | Band 2 | Band 3 | Band 4 |PC1 In{PC2 In{PC3 In{PC4 In| PCI pC2 PC3 PC3 | Width [Gradieny
Runvs. Riffle | 0.180 | 0.163 | 0.199 | 0.120 | 0.227 [ 0.035 [ 0.021 [ 0.089 [ 0173 | 0.095 | 0.005 [0.205 | 0 | 0172
Run vs. Steady { 0.330 | 0.220 [ 0.170 | 0.264 | 0.295 | 0.620 | 0.128 | 0309 | 0.255 | 0073 | 0.257 | 0.344 | 0.512 | 0.391
Run vs. Flat 0.187 | 0.082 [ 0.238 { 0.114 | 0.217 | 0.870 | 0.023 | 0397 | 0.021 | 0.325 | 0.576 | 0.468 | 1.183 | 0.283 |
Runvs. Rapid | 1.479 | 1.137 [ 0.820 | 0.675 | 0.928 | 0.613 | 0.654 | 0.041 | 1.008 | 0.582 | 1.173 | 0.664 | 0.295 | 0438
Riffle vs. Steady | 0.510 | 0.383 | 0.369 | 0.384 | 0.522 | 0.584 | 0.148 | 0.398 | 0.428 | 0.021 | 0.252 | 0.549 | 0.512 | 0.563
Riffle vs. Flat | 0.367 | 0.082 | 0.039 | 0234 | 0.010 | 0.835 | 0044 | 0.487 | 0.152 0230 | 0571 { 0673 | 1.183 | 0455 |
Riffle vs. Rapid | 1.299 | 0.974 | 0.621 | 0.555 | 0.701 | 0.648 | 0.633 [ 0.131 | 0.835 | 0487 | 1.178 | 0.459 | 0.295 | 0.620
Steady vs. Flat | 0.143 | 0.302 | 0.408 | 0.151 | 0.512 | 0.250 | 0.105 | 0.089 | 0.277 | 0.251 | 0319 [ 0.124 | 0.671 | 0.108 |
Steady vs. Rapid | 1.809 | 1.357 | 0.990 | 0939 | 1.223 [ 1.330 [ 0.782 | 0.268 | 1.263 | 0.508 | 1.431 | 1.008 | 0.217 | 0.058
Flat vs. Rapid | 1.666 | 1.055 | 0.582 | 0.788 | 0.7t1 | 1.484 | 0.677 | 0356 | 0987 | 0.257 | 1.749 [ 1.132 | 0.888 | 0.166
underlined: largest distance observed for each pair of categories; bold font: distances not significantly different form largest distance at a sygnificance level uf0.05

Table 5-12: Bivanate Correlations between Predictor Vanables

Band1 | Band2 | Band 3 { Band4 { PCl In | PC2 In | PC3 In | PC4 In PCl PC2 PC3 PC4 Width

Band2 0.915
Band 3 0.777 0.932
Band 4 0.785 0.858 0.788
PCl In | 0.923 0.989 0.940 0.895
PC2 In ] 0.316 0.039 -0.251 0214 0.054

PC3 In | -0.263 | -0.047 | 0.043 | 0333 | -0.003 | -0.142
PC4 In | 0070 | -0.097 | 0052 | 0063 | 0027 | 0023 | 0048
PC1 | 0.890 | 0976 | 0.927 | 0.937 | 0991 | 0.069 | 0097 | 0.010
PC2 | 0312 | 0351 | 0409 | -0.089 | 0.289 | -0.386 | -0.686 | -0.182 | 0.210
PC3 | 0403 | 0.105 | -0.196 | 0.068 | 0.087 | 0.834 | -0.515 | -0.120 | 0.055 | -0.007
PCA | 0.176 | -0067 | 0015 | 0.033 | 0040 | 0186 | -0.153 | 0.875 | 0013 | -0.061 | 0083
Width | -0.197 | -0.031 | 0050 | 0.109 | 0.068 | -0376 | 0083 | -0.265 | -0.061 | 0.153 | -0.321 | -0.302
Gradient | 0.076 | 0.163 | 0.188 | 0052 | 0.133 | -0.182 | 0045 | 0.193 | 0.126 | 0207 | -0146 | -0.194 | 0133

bold font: comrelation coefficients > 0.70



Conversely. all distances in the vanables PC3_/n and PC. were significantly smaller than the
corresponding largest distance observed. This indicates that neither of these vanables contnbutes
significantly to the discnimination berween categones. Theretore, PC3 [n and PC2 were excluded
tfrom turther analysis. The vanables Band 2, Band 3. Band 4. PC1_In and PC! were highly correlated
with Bund /. Bivanate correlanon coetficients vaned from 0.777 to 0.989. These variables were
theretore considered redundant and removed from the amalysis.  Likewise. PC2 In was highly
correlated with PC3 (r = 0.834) and not selected as a predictor vanable. The vanables PCJ and
PC4_In were comelated with a bivanate correlation coetficient of 0.875. Standardized distances
between channel pattern categones not signiticantly different trom the largest distance were observed
in three instances n PCY, and in two instances in PC4_/n. The tformer was therefore selected as
predictor, while the latter was excluded trom turther analysis. Width and Gradient were uncorrelated
with any other varable and therefore included as predictor vanables in the analysis.

Predictor vanables used in the classitication ot the habitat parameter Channel Patrern include

Bund |. PC3. PC4. Width and Gradient.

5.3.3 Land Cover

Values of mean response, standard deviation and vanability of each land cover category are
presented in Figure 5-4 and in Appendix A. A progressively increasing mean response trom Bund { to
Band 4 was observed for all categories. Spectral response of land cover classes was similar 1n the
variables Band [. Band 2 and Band 2. The category Warer showed the lowest mean response and
highest vanability in all spectral bands. Mean values ranged from 9.80 inBund [ to 17.65 in Band 3.

while coefTicients of vanation varied trom 56.96 %% in Band 2 10 63.80 % in Band 3. The category
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Figure 5-4: Group Means and Standard Dewviations of Land Cover Categones
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Figure 5-4: Group Means and Standard Deviations of Land Cover Categones (continued)

Coniferous showed the second towest spectral response with average DN values from 26.58 in Bund |
to 33.48 in Band 3. Vanability of this class 1s similar nBand 7 (29.16 o). Band 2 (29.75 *%) and Band
4{31.47 %), and is highest in Band 3 with a coetficient of vanation ot 45.07 . The classes Shrub and
Alder showed mean response values of 35.16 and 50.88 in Band 1. In Band 2. these values increase to
90.70 and 72.40. respectively. The land cover category Shrub showed a slightly decreased mean of

80.71 in Band 3. while response in the class {/der remained nearly constant with a value of 72.31.

Vanability of the category Shrub in Band 1 (24.15 %), Bund 2 (23.93 %) and Band 3 (33.30 %%) was
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approximately twice as high as the corresponding coetticients of vanation of the class 4lder. The
respective standard deviations ranged trom 13.32 and 6.68 in Bund [ to 27.04 and 11.24 in Band 3.
Group vanability was lowest in all spectral Bands tor the category A/der.  Mean values and standard
deviations in the class Hetfand vaned trom 83.36 and 21.14 in Band { to 140.23 and 30.96 1n Bund 3.
Likewise. mean response in the category .Noveg ranged from 1:14.90 o 13324, with standard
deviations trom 28.90 to 30.30. Coetticients of vanaunon of the class Werlund vaned trom 13.34 %9 in
Band 410 24.77 %5 in Band . Vanability of the class Vovey ranged from 19.65 4 in Bund 3 to 25.13
Yo n Bund . Overall. the separability of individual land cover classes was less distinct in Bund 4.
Observed standard deviatons ranged from 11.26 tor Hurer to 533.82

in the class Coniferous. The
category Water showed the lowest mean response with a value of 17.65. Mean values 1n the remaming
categones ranged trom 174.42 1n the class Voveg to 218.26 for Shrub.

The normalized difference vegetation index (VD) differentiated between vegetated and not
vegetated categonies. The former were charactenized by mean values trom 0.22 in the class Herland to
0.68 n the category Coniferous, while the latter showed mean response values of 0.05 and 0.09 tor
Noveg and Wurer, respectively.  Vanability was highest tor Huarer and Voveg. with respective
coetticients of vanation of 66.67 4 and <1.38 4. The remaining categones showed group vanabilities
from 10.61 10 20.00 %%.

The first pnncipal component. PC/, resembled the pattern of spectral response observed n
Band !, Band 2 and Band 3. Mean response was lowest (32.64) and vanabulity highest (33.62 °%) for
the category Water. The remaining categones were characterized by mean values ranged trom 162.28
tor Coniferous, 10 308.93 for Wetland. Group vanability was similar in the classes Shrub (17.81 %0)

Wetland (16.29 %) and Noveg (15.71 %). The largest coetficient of vanation was observed tn the

category Coniferous, while Alder showed the smallest vanability with 12.40 °%. The variable PC2
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indicated separability between vegetated classes on one side. and the categones Noveyg and fFurer in
the other. Vanability was lowest in the class Harer (4.99 ?4) and highest for Coniferous (36.67 o).
The highest spectral response was observed in the category Noveg with a mean value of 24.42,
whereas the class Warer showed an average DN value of 1.33. [n the remainmg classes. mean values
vared trom -93.21 10 —47.13. In PC3. vanability was lowest in the groups Alder (7.80 "o} and Hurer
{8.73 "4) with mean values of 6.77 and -1.47, respectively. The highest vanability in PC3 occurred in
the categories Herland and Noveyg with respective coetticients of vanation of 23.536 and 24.93 . In
PC4. mean response vaned from -5.32 in the category Sirub to 2.39 for Werlund. Vanability was
lowest 1n the groups Futer and Alder with respective values of 7.21 and 8.12 “.

The largest

coetfictent of vananon was observed for Shrub with 30.64 ®o. Group vanmability ot the remaining
classes of Coniferous. Werland and Noveg ranged trom 13.03 to 18.56 °%.

Standardized distances between land cover category means are presented in Table 3-13. The
largest distance observed tor a given pair of categones 1s underfined. Distances that are not
significantly different trom this value are prninted in boid letters. Table 5-14 shows thebivanate rank
correlation coefticients between predictor vanables. Correlation coetficients exceeding a value of .70
are highlighted.

The vartables Band 3. Band 4. NDVI. PC2 and PC4 showed mean differences between land
cover categories that were significantly ditferent from all other distance observed. This applied to the
discrimination of Coniferous versus Wetlund in Band 3. Shrub and Alder versus Water in Band 4.
Coniferous versus Water in the ¥NDVI, Shrub versus Noveg in PC2 and Shrub versus dider and
Wetland in PC4. These variables were theretore considered important in the differentiation between

land cover categones and included as predictors in ail subsequent analysis. The standardized distance

between the categories Coniferous and Shrub is largest in the vanable Band 2. However. the observed
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Table 5-13: Standardized Distances between Land Cover Category Means

Band 1 Band 2 Band 3 Band 4 NDVI PC1 PC2 PC3 PC4
Coniferous vs. Shrub 0.739 0.884 0.861 0.488 0.801 0.764 0.256 0.259 0.678
Coniferous vs. Alder 0.628 0.511 0.708 0.003 0.972 0.376 0635 0.442 0.763
oniferous vs. Wetland] — 1.520 1.562 1.946 0.690 1557 1401 0902 1391 0916
Coniferous vs. Noveg 2.284 2.064 2.220 0.035 2318 | 1303 2.244 0.301 0.195
Coniferous vs. Water | 0.434 0.629 0.288 1.879 2152 1.239 1K1 1185 | 0137
Shrub vs. Alder 0.111 0.372 0.153 0491 | o171 | 0389 | 0379 0.183 1.442
Shrub vs. Wetland 0.781 0.678 1.085 0202 | 0756 0637 | 0.630 1132 1.595
Shrub vs. Noveg 1.545 1.180 1.358 0.523 1.517 0.339 1.988 | 0042 0.436
Shrub vs. Water 1.730 1.513 1.149 2.368 1.350 2.003 1.555 0.926 0.816
Alder vs. Wetland 0.892 1.051 1.238 0.693 0.585 | 1.026 0267 0.949 0.153
Alder vs. Noveg 1.655 1.553 1.511 ~0.032 1.346 0.927 1.609 0.141 0.958
Alder vs. Water 1.062 1.140 0.996 1.876 1.179 1.614 1.176 0.743 0.626
Wetland vs. Noveg 0.764 0.502 0273 0.725 0.761 0098 | 1342 1.090 1111
Wetland vs. Water 1.954 2.191 2.234 2.569 0.594 2.640 0.909 0.206 0.779
Noveg vs. Water 2.718 2.693 2,508 1.844 0.166 2542 0433 0.884 0332

Table 5-14: Bivariate Correlations between Predictor Vanables

underlined: largest distance observed for each pair of categories, bold font: distances not significantly different form largest distance at a significance level of 0.05

Band | Band 2 Band 3 Band 4 NDVI PC1 PC2 PC3
Band 2 0.987
Band 3 0.965 0.973
Band 4 0.604 0.656 0.602 1T o
NDVI -0.219 -0.205 0317 0.383 T
PCI 0.936 0.965 0.936 0.798 -0.087 -
PC2 0.087 0.045 0.123 -0.646 0.878 0.118
PC3 0.177 0.149 -0.033 0.264 0.551 0138 | -0401 T
PC4 -0.017 -0.087 0.045 0.0751 0.006 ©0.001 -0.087 -0.34

bold font: correlation coefficients > 0.70



value of 0.884 was not signmificantly different torm the corresponding distance in Bund 3. Moreover.
Band 2 and Band 3 were highly correlated withr =0.973. Bund 2 was therefore excluded from turther
analysis. Likewise, Band 3 was highly correlated with PC/ at a correlauon coetticient of 0.936. PC/
showed the targest distance between the land cover classes erland and Warer with a mean ditterence
of 2.569. This value was not sigmificantly different from the corresponding distance inBand 4. The
bivanate correlation ot 0.602 between Bund 3 and Bund 4 did not indicate the capture of redundant
informanon. Consequently. Bund 4 was selected as predictor vanable. while PC'/ was excluded trom
the analysis. In the vanable PC3. signiticant differences were observed between the categonies Alder
and Werland and for Werland versus Noveyg. Since PC3 was not highly correlated with any other
independent vanable 1t was selected as a predictor vanable. Bund | showed the largest distance
between the categories Voveg and Hurer. The observed value of 2.718 was sigmiticantly different
from the corresponding distances n all other vanables except Band 2. Theretore, Bund [ was included
as predictor vanable tor the type of land cover. The final predictor vanables for the habitat parameter
Land Cover include Band I, Bund 3, Band 4. NDVI, PC2, PC3 and PC4. Among these vanables. high
correlanon coetficients were observed between VDIT and PC3, as well as berween Bund [ and Band
3. The observed correlation coetficients were —4).878 and 0.965. respectuvely. It was required to adjust
tor the capture of duplicate information in these vanables betore the classitication. Details of this

adjustment are explained in Section 5.4.3.

5.4 Classification of Habitat Parameters

Classification of the habitat parameters Substrate Type, Channel Pattern and Lund Cover was

carried out using the exhaustive partitioning approach to decision tree analysis. At every node, the
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predictor vanable which showed the most significant relatonship with each habitat parameter was
selected to split the data. In order to mimmze the nsk of detecting spunious relationships. all
significance levels were adjusted for multiple compansons using the Bonferrorn procedure. The
minimum level of significance was set at 0.03. The partitioning process was stopped 1t the criterion of
minimum significance was not satistied. Likewise. no turther division occurred 1t the number of
observations in a node dropped below a pre-defined Threshold. This value was related to the smallest
sampling unit tor each habitat parameter and was set to 130 tor Substrare Tvpe and Channel Putiern.

The corresponding threshold value tor the habitat parameter Lund Cover was set to 60.

5.4.1 Substrate Type

The classitication tree tor the habiat parameter Substrare Ipe 1s shown in Figure 5-5. The
number of observations in each node i1s shown n brackets. Terminal nodes are indicated by the
substrate category which occurred most trequently i that node. A total of {1 terminal nodes were
obtained. These nodes were interpreted as classitication rules and used to classity the remainder of the
data. Classification rules for all habitat parameters are presented in Appendix B.

Gradient was the tirst variable selected to split the data set. The resulting sub-sets were
turther divided by Width and PC4. The last level of the ree 1s formed by the vanables Bund / and
PC2. The substrate category Gravel occurred exclusively at intermediate valley gradients ranging
from 0.29 10 0.42 %. Conversely, the class Bedrock was tound at valley gradients of less than 0.29 %%
and more than 0.43 %. In both cases. this substrate type occurred predominantly at wider stream
sections. while the categories Rubble and Boulder were found at stream widths of less than 20m. The

substrate classes Rubbie, Boulder and Bedrock were turther differentiated by the optical vanables
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Figure 5-5: Decision Tree for Substrate Classification
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Bund! and PC2_In at stream widths of less than 14m and from 14 to 19m. respectively.

Classification accuracy was assessed by using a test sample which was not used in the
denvation of the decision tree. A cross-tabulation ot predicted and actual class membership 1s
presented 1n Table 3-15. A total of 989 out of 991 test pixels were classified. leaving 0.2 %5 of the
veritication data unciassified. The estumated overall classitication accuracy was 66.80 “s. The
associated kappa index ot agreement suggests that this value was 35 4 better than would be expected

tor pure chance assignment.

Table 3-13: Error Matnx tor Substrate Classitication - Onginal Categones

REFERENCE DATA

CLASSIFIED Gravel Rubble Boulder Bedrock Total |CE [ %]}, UA | Y%l
DATA
Gravel 248 25 30 0 RRX 1nn 76.78
Rubble 37 117 10 45 245 5224 1 4776
Boulder B 23 51 21 102 30.00 30.00
Bedrock 10 32 11 246 319 2288, 772

Total 302 217 138 312 989 lunclassified: 0.20 "4

OE [ %} 17.88 46.08 67.72 2113 0A =066.80 %: x = 0.546
PA [ %] 82.12 3392 32.28 78.85 Cloe = [63.87 %0 : 69.73 %]

QE = Omission Error: CE = Commussion Emror: PA = Producer’s Accuracy: UA = User’s Accuracy:
OA = Overall Accuracy: Cl,s =95 %% Confidence Interval; k = Kappa [ndex of Agreement

The highest user’s accuracies were observed in the categones Grave! and Bedrock with 76.78
% and 77.12 %. respectively. Considerably lower values of 47.76 % and 30.00 °% were observed in
the respective categories Rubble and Boulder. Likewise, the substrate classes Gravel and Bedrock
showed the highest producer’s accuracy with respective values of 82.12 % and 78.85 %. The

corresponding value for Rubble was 53.92 %, while the lowest producer’s accuracy was observed for
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the substrate type Boulder with 32.28 4.

Contusion between the substrate classes Grave! and Bedrock was mimimal with only 10 cases
musclassitied as Bedrock. On the other hand. confusion was particularly strong between the categores
Rubble and Boulder. The poor definition of the category Bowlder and pronounced confusion with the
class Rubble suggested that the overall accuracy could be improved by combining the substrate
categories Rubble and Boulder. Collapsing of these classes 1s teasible since thev share the same
ecological significance as potential locations of spawning beds for Atlanuc salmon ( Dubois and
Gosselin. 1989). The result of this operation s given in Table 3-16. The overall accuracy increased by
6.96 "% to 73.76 %a. This increase 1n nverall classification accuracy 1s significant at the 95 %o level of
confidence. Accordingly, the agreement index k shows that this accuracy is 61 "4 higher than would

be expected under conditions ot random assignment. User's and producer’s accuracy of the combined

category increased to 68.30 % and 63.20 %%, respectively.

Table 5-16: Error Matnx for Substrate Classification - Collapsed Categonies

REFERENCE DATA
CLASSIFIED Gravel Rubble/Boulder Bedrock Total CE [ %] UA[ %]
DATA
Gravel 248 75 0 323 23.22 76.78
Rubble/Bouider H 157 66 47 31.70 68.30
Bedrock 10 63 246 319 22.88 7712
Total 302 375 312 989 unclassified: 0.20 %
OE [ %] 17.88 36.80 2115 0A =73.76 %: x = 0.608
PA [ %l 82.12 63.20 78.85 Clis = [71.02 % 76.50 %)

OE = Omission Error; CE = Comrmussion Error: PA = Producer’s Accuracy: UA = User’s Accuracy:
OA = Overall Accuracy: Cl,, = 95 °6 Confidence Interval; k = Kappa Index of Agreement
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5.4.2 Channel Pattern

Figure 3-6 shows the deciston tree tor the channel pattern classification. A total of 18 termunal
nodes was obtained and used to classity the remainder of the data. The corresponding classification
rules are presented in Appendix B. The predictor Fidrh showed the most signiticant relationship with
the habuat parameter Channel Putrern and was theretore selected as the first vanable to partition the
data set. The resulting nodes were further divided by the vanable Gradient. The last level of the wee
was formed by Band [ and PC3. The channel pattern Run occurred n all stream widths trom 3 to 60
m. The category Riffle. on the other hand. was found at soweam widths of less than 27 m. Both
categones were turther differentiated by the vanable Gradient. At a stream width of less than 16 m,
the class Run occurred at a valley gradient of less than 0.45 %o, while the category Riffle was observed
at gradients greater than 0.45 °%. The channel pattemns Steadyv and Flar were largely discnminated in
the image vanables Bund [ and PC3. At stteam widths from 12 to 16 m. these categones occurred in
Band Tat DN values from 0 to 26, while the classes Riffle and Rapid were observed at values of greater
than 26.

An assessment of the accuracy of this classitication 1s presented in Table 5-17. Of the 1047
observations in the test data set only one pixel remamned unclassitied. The overall classification
accuracy was extremely low with only 38.11 % of all cases correctly classified. The observed overall
accuracy is 18 % higher than would be obtained tor a random classification. User's accuracy values
for individual channel patterns ranged trom 0 %% in the class Rapid to 63.44 %o 1n the category Riffle.
Producer’s accuracies varied from 0 % tor Rapid to 66.54 % n the class Run. Confusion is high

between the categories Run, Riffle and Steady, where 312 out of 566 cases (55.12 %) classified as Run

actually belonged to the classes Riffle or Steady. All 53 observations of the channel pattern Rapid were
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Figure 5-6: Decision Tree for Channel Pattern Classification




talsely classitied as Run.
In order to improve the classification resuit. the ongmal channel pattems were combined
according to thewr respective importance as spawning habitat tor Atlanue salmon. An assessment of

classitication accuracy using the collapsed categonies 1s presented in Table 3-18.

Tabie 5-17- Error Matrix tor Channel Pattern Classification - Onginal Categones

REFERENCE DATA

CLASSIFIED Run Riffle Steady Flat Rapid Total | CE[ %] | UA[ %]
DATA
Run 173 163 147 28 32 366 6943 30.57
Riffle 62 144 ! 20 0 227 16.56 0244
Steady 16 12 33 4 0 63 4023 20.77
Flat 4 33 19 49 0 135 63.70 36.30
Rapid 3 48 0 0 0 hR 100.00 0.00
Total 260 422 210 101 33 1046 | unclassified: 0.10%0
OE | %] 1346 65.88 £4.29 3149 100.00 OA=38.11 Y%:x =0.176
PA [ %] 66.54 412 1571 48.51 0.00 CLe = [35.17 %0  41.05 0]

OE = Onusston Error: CE = Commussion Error: PA = Producer’s Accuracy: UA = User’s Accuracy:
0A = Overall Accuracy; ClL.c = 93 "o Confidence Interval: x = Kappa [ndex ot Agreement

The onginal five categones were collapsed into the new classes ot Riffle:Rapid and
Run/Steadv/Flat, and the overall classification accuracy increased from 38.11 to 6447 2. This
increase was statistically significant at a sigmticance level of 0.05. The corresponding value of kappa
increased to 26 %. The observed user's accuracy values were 68.57 °% 1n the class RifflesRapid and

63.05 % for Run/Steady/Flat. with producer’s accuracy levels of 40.42 %% and 84.59 %%, respectively.
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Table 3-18: Error Matnx for Channel Pattern Classiticanion - Collapsed Categones

REFERENCE DATA
CLASSIFIED Riffle/Rapid Run/Steady/Flat Total CE | %] | UA | %]
DATA
Riffle/Rapid 192 s8 280 343 | 6857
Run/Steady/Flat 283 483 766 3695 | 6305
Total 473 371 1046 unclassified:0.10 %
OF. | Ya 39.38 | (341 0A = 64.47 %: x =0.259
PA{ %] 1042 | 84.59 Clac = [ 61.57 % 67.37 °0]

OE = Omussion Error; CE = Commussion Error; PA = Producer’s Accuracy: UA = User’s Accuracy:
0OA =Overall Accuracy: CL,. = 93 %, Confidence Interval; k = Kappa Index of Agreement

5.4.3 Land Cover

The decision tree for the land cover classitication 1s presented in Figure 5-7. High correlation
coetticients between Band [ and Bund 3 (r = 0.963) as well as between VDET and PC2 (r = -0.878)
indicated the capture of duplicate mntormation. This increased the probability of detecting spunous
relationships. Consequently. the Bonferrori procedure was also used to adjust the signiticance levels
associated with the relationships between these variables and Land Cover. The Bonterron: adjustment
was set to a value of 2 to equal the number of highly correlated vanabies.

The tirst variable selected to partition the data set wasBand /. Subsequent nodes were further
split by PC2, PC4, NDVT, Band 3 and Bund 4. The remaining sub-sets were divided by the predictars
Band [, PC2, PC4, and NDVI. At DN values of less than 30 in Buand /, the land cover classes Water
and Coniferous were differentiated by PC2. In addition to the category Coniferous, the classes Shrub
and 4/der occurred at DN values from 31 to 47 in Band /. Shrub and Alder dominate the land cover

types observed at DN values in Band / from 48 to 71. They were further discriminated by PC2 and
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Figure 5-7: Decision Tree for Land Cover Classification
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PC4. The land cover classes Herlund and Noveg occurred predominantly in Band I at DN values of
greater than 71.

Classification rules derived from the decision tree were applied to a test data set 1n order to
evaluate the pertormance of the classification. Table 5-19 contains a cross-tabulation ot predicted and
actual land cover classes. Only one observauon out of 2611 remained unclassitied. The overall
classificanion accuracy was 84.91 4. The x value indicates an accuracy 81 "6 higher than expected for
class assignment by chance. The lowest user’s accuracies were observed in the categones Shrub and
Alder with 74.25 %% and 75.17 %%, respectively. User’s accuracies 1 the remamming classes ranged trom
86.67 tor Werlund to 94.50 tor Water. Producer’s accuracy levels were lowest in the categories Shrub
and Hetland with respective values ot 71.24 %5 and 69.35 "o, The corresponding value tor Alder was
7751 %, Producer’s accuracies in the remaimning categones vaned trom 89.02 "4 1n the class

Coniferous 10 100 %o tor Noveg. The categones Noveg and Huter were least arfected by contusion

Table 3-19: Error Matmx tor Land Cover Classification

REFERENCE DATA
CLASSIFIED Coniferou4 Shrub | Alder [Wetland| Noveg | Water | Total | CE [ %} | UA [ %]
DATA
Coniferous 608 47 Eh) 0 0 1 691 12.01 87.99
Shrub 47 369 59 22 0 0 497 2572 74.25
Alder 10 72 324 25 0 0 431 24.83 75.17
Wetland 0 26 0 169 0 0 195 13.33 86.67
Noveg 0 4 0 27 438 0 169 6.61 93.39
Water 18 0 0 0 0 309 327 5.50 94.30
Total 683 518 418 243 438 310 2610 j unclassified: 0.04 %
OE [ %] 10.98 28.76 | 2249 | 3045 | 0.00 032 OA =84.91 %:k = 0.815
PA [ %] 89.02 71.24 | 77.51 | 69.55 | 100.00 | 99.68 Cl,. = [83.54; 86.28]

OE =Omission Error; CE = Commussion Error; PA = Producer’s Accuracy: UA = User’s Accuracy;
OA = Overall Accuracy; Clss = 95 % Confidence Interval; k = Kappa Index of Agreement

87



between land cover types. On the other hand. contusion was most prominent between the categones
Shrub, Alder and Werland. The ditference between user’s and producer’s accuracies were small in
most land cover classes. with the exception of the category Werlund. In this case. the user’s accuracy
was by 17.12 *% hugher than the producer’s accuracy. This difference was caused by test pixels which

were talsely labelled as Shrub. Alder and Noveg.

5.3 Suitability Mapping

In order to demonstrate how the results ot this study may be applied to the inventory and
analvsis of treshwater resources. the habitat parameters Substate Type and Channel Pattern were
subsequently combined to designate spawning habitat prionity in the Come By Chance River according
to Equation 3-1. The result of this analysis 1s presented in Table 3-20.

P=B*C
where

P = spawning habitat prionty
B = prionty weight of substrate type
C = prionity weight of channel pattern

Table 5-20: Areal Extent ot Spawning Habitat Classes

Area [Im°] 5 Proportion [%6]
Habitat | 24944 7.79
Habitat [T 209964 63.56
Habitat [ 85368 26.65
Toual 320276 100
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Approximately two thirds ot the Come By Chance River 1scharacterized by spawning habitat
of Class II. Areas most suttable tor spawning occupy onlv about 8 %4 of the nver course. while one
fourth of the tatal area 1s not suitable for spawning due to predommant bedrock substrate. Combining
Habutat [ and Habitat I vields a total area of 234.908 m", or 73.33 “%. sutable for spawning. The
distnbution of salmon habitat over the whole length of the nver 1s easily observed in Figure 3-8. Figure
5-9 shows the distnbution of land cover categones. The majonity of spawning habitats of tvpe | are
located in the upper reaches ot the nver, while areas unsuitable for spawning are concentrated 1n the
muddle section. The lower part of the nver 1s dominated by Habutat II. For display purposes, a scaie ot

1:100.000 was selected. Given an onginal spaual resolution of 2 m. these results can be used at scales

of up to 1:5000.
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Chapter 6.0: Discussion

6.1 Substrate Classification

The onginal spectral bands used n the classification of bottom substrate indicated limited
discrimmnation between substrate categories. All bands showed considerable overlap 1n group
vanability and comparatively small differences in mean response. Standardized distances in these
vanables ranged trom 0.040 to 0.756. An unexpected spectral response was observed in Band 4. At
a central wavelength of 720 nm, the mean response was expected to be lower than 1n the visible
spectral bands. However, the observed mean response values were highest in Band 4 tor all substrate
classes. Most ot the Come By Chance River 1s charactenized by water depths in the decimeter range.,
resulting in comparatively little attenuation in the water column. Moreover, the response of
photosynthetically active vegetation 1s higher in the near-intrared than in the visible spectral region. [t
1s theretore likely that the high response in Band 4 1s caused by layers of microscopic algae covering
the bottom substrate (Zacharias er al., 1992). In areas of fast tlowing water, sun glint due to surface
roughness may also contribute to an uncharactenstically high response n Band 4 However, sun glint
would result in a high reflectance tor all spectral bands, whereas the spectral response in Band 4 was
observed to be consistently higher in all substrate and channel pattern categories. This response may
in part also be caused by an inappropriate sensor gain setting. The same gain was used for all spectral
bands although the expected amount of radiation reflected from water bodies is much smaller in the

near-infrared.

Among all image variables, PC2_/n showed the strongest relationship with the type of bottom



substrate with relanvely large standardized distances between the substrate category Gruve! and the
respective classes Rubble. Boulder and Bedrock. The observed standardized distances ranged from
0.839 to 1.060. This vanable was derived by transtorming the onginal spectral bands so as to separate
the signal into water depth dependent and bottorn dependent components. [t was theretore expected to
carry information about the type of bottom substrate. The magnitude of correlation coetficients (from
0.845 to 0.989) between both PCA solutions suggests that both approaches performed similarly i
describing the type of bottom substrate.

Separation of substrate classes was strongest in the non-spectral vamables Hidth and
Gradient.  The variable Gradient was selected as tirst vanable to split the data set, while the
predictor Width turther parutioned two of the three subsequent sub-sets. Conversely. the opucal
variables Bund /. and PC2 appear only at the third level ot the decision tree. The srong relationship
between Gradient and Substrate Tyvpe reflects the presence of spatial correlation between these
varables. Bottom substrates found in the study area are not uniformly dismbuted over the whole
length of the nver. Rather. they occur predominantly in certain nver sections. For instance, all
raining pixels belonging to the substrate category Grave!l were collected within 3 km from the
estuary. A digital elevation model created trom digitized contour lines was used to calculate valley
gradient. Incidentaily. very tew contour intervals characterize the lower 3 km of the river course.
resulting 1n a umitorm gradient of 0.42 % for these sections. This coincides with the predominance of
the substrate category Gravel in this part of the nver.

Overall, the differentiation of substrate classes was comparatively weak in all predictor
variables. This may be largely atmbuted to heterogeneity in the traiming and test data. Bottom
substrate was recorded as proportions in seven grain size variables for river sections extending over
100 or more meters. Homogeneous bottomn substrate, i.e. 100 % of the substrate in a given section

belonging to one grain size class, was observed only in ten cases. Nine of these sections were
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charactenized by bedrock substrate. while one showed a substrate composition of 100 °4 gravel.
Consequently. the remaining river sections are charactenzed by more than one grain size vanable. It
was therefore required to group river sections of simular substrate composition together. The resulting
substrate categones showed substantial overlap in grain size composition. For starice, the category
Gravel, contains grain sizes tfrom fines to rubble. The class Rubble contains equal proportions of 40 %
of rubble and cobble substrates. An even greater overlap occurs between the classes Rubble and
Boulder. A proportion of 30 "o belonging to the category Bowlder actually consist of the grain size
class rubble. Finally, the class Bedrock consists of grain sizes ranging from cobble to bedrock
substrate.

The heterogeneity inherent in substrate categonies 1s retlected in the classification result. Per-
class accuracy was highest in the categones Gravel and Bedrock. The corresponding values tor user’s
and producer’s accuracy ranged trom 76.78 to 82.12 ®». Omussion and commuission errors in these
categories were predommantly caused by confusion with the substrate classes Rubble and Boulder.
On the other hand, little confusion occurred between the categomes Gravel and Bedrock. The
definition ot the substrate classes Rubble and Boulder was particularly poor. Classification errors of
omussion and commussion ranged trom 46.08 10 67.72 %. Combining the classes Rubbleand Bowlder
resulted 1n a significant increase in overall classification accuracy trom 66.80 to 73.76 *%. Omission

and commussion errors In the combined categories were reduced to 31.70 and 36.80 %o. respectively.

6.2 Channel Pattern Classification

The discnimination of channel pattern categories was weak in all predictor variabks. [n the
onginal spectral bands. mean response was very similar for all categories with the exception of the

channel patten Rapid. This category showed consistently the highest mean response in ail spectral
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bands. Moreover. the largest standardized distances were observed for a discnmination between
Rupid and all other categones. ranging from 0.974 to 1.809. This type of channel pattemn 1s

characterized by turbulent tlow and a broken water surface. Consequently. comparatively high

spectral response characterized these areas. The same wend was observed in both principal

component tanstormations. All spectral vanables contnibuted little 1o a discnmination between
channel pattemn categones other than Rupud.

Dutferentiation between the channel pattern classes Run and Riffle versus Flut was indicated
in the non-spectral varable Widrh. In both instances the corresponding standardized distance was
[.183. [n addition, this vanable contributed to the discnmination betweenRur and Sready. Riffle and
Steadv, as well as between Steady and Flat. The vanable Grudient, on the other hand. showed
standardized distances which were not sigmificantly ditferent trom the largest distance observed only
(n two tnstances. The distance between the group means of the categones Run and Steady was 0.391,
while the corresponding value for the classes Riffle versus Steady was 0.312,

[n the classification of channel pattemn, Widrh was the first vanable selected to partition the
data set. At the following level. all sub-sets were turther divided by the vanable Gradient. The
importance of this vanable in discnminating between classes ot channel pattern was not indicated n
the analysis of group separability using the standardized distance measure. The third and tinal level of
the classitication tree was formed by the spectral vanables Band [ and PC3. indicating the relatively
subordinate signiticance of the spectral vanables in discriminating among channel pattern categories.

The overall classitication result tor the type of channel pattern was extremely poor. Only
38.11 % of all cases were correctly classified. This result was mainly caused by a large commission
error 1n the class Run. More than two thirds of all observations classitied as Run actually belonged to
other categones, mostly to Riffle and Sready with 29.15 °% and 25.97 %. respectively. [n view of the

large classification error, individual channel pattemn categories were combined according to their



ecological significance in providing suitable spawming habutat for Atlantic salmon. The resulting

categonies were Riffle/Rapid and Run:Steadv:Flar.  The overall classification accuracy was

significantly improved with 64.47 %% of all cases correctly classitied. Both classes showed similar
user’s accuracy values of 68.57 and 63.05 4. respecuvely. Howszver. the error of omission for the
class RifflesRupid was sull very large with a value of 59.38 *

o, while the combined category

Run. Steacdy-Flar showed an error of omission of only 1541 %,

These classitication results indicate poor correspondence between training and venticanon
data. Dunng field data acquisition. the type of channel partemn was recorded for nver sections
extending over 100 or more meters. over which 1t was assumed that the tvpe of channel pattem was
constant. Nonetheless, visual analysis of image data and aenal photographs indicated that type of
channel pattern may well vary within niver sections. An example of this situation 1s presented in
Figure 3-3. The entire section between Transec*: 6175 and 6300 was assigned the channel pattemn
Riffle, while the type of bottom substrate was Bedrock. Closer inspection of this section. however.
showed clear tonal vanations over the whole section. Three distinct tonal teatures can be obsenved at
dark. light and very light tones. Tonal vanation of this kind are used as kev indicators for the
idenutication ot channel pattern from aenal photography ( Dubois and Gosselin. 1989). This indicates
that the type ot channel pattern cannot be assumed constant over the surveyed river sections,

The cause tor the discrepancy between assumed and actual consistency of chiannel pattemn lies
n the initial objective of the tield based data collection effort. This survey was carmed out tollowing
the guidelines for small stream inventories (Scruton et a/., 1992). These guidelines were established
to ensure adequate data collection procedures for conventional. ticld based habitat mventones and to
tacilitate the ecological interpretation of the collected data. The procedures were not designed for the

acquisition of reference data in support of an analysis of remotely sensed data. This also applies to the

recording of substrate data which were collected at the same time.
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6.3 Land Cover Classification

In the visible spectral bands. the lowest spectral response and variability was observed in the
category Huter. Among the vegetated land cover types. the category Coniferous showed the lowest
mean response i Bund [, Band 2 and Bund 3. Both Water and Coniferous were well set apart from
the remaining categones through standard distances from 0.739 to 2.718. Conversely. the categories
Shrub and Alder were charactenzed by similar mean response values. The highest mean response and
vanability was observed in the classes Wetland and Noveg. In Band 4. the distinction between Frater
and all other categories 1s particularly strong with standardized distances ranging trom 1.876 to 2.369.
Mean response was similar in the categones Coniferous, Alder and Voveg with respecuve values ot
177.35. 177.11 and 174.42. The classes Shrub and Wetland showed the highest response with mean
values of 218.26 and 235.19. respectively. Overall. separabihity of land cover categories was himited
in Band 4. In particular, the unvegetated class was barely differennated trom the vegetated categones.
Generally the spectral response of photosynthetically active vegetation s much higher in the near-
infrared than the amount of radiation retlected from unvegetated surtaces. The similar response of
vegetated and not vegetated surfaces can be explained by the radiometric setting ot a!l spectrai bands.
That is. during the image acquisition the maximum amount of retlected radiation to be registered 1n
each spectral band was selected so as to maxirmize the information content over water covered areas.
As a result, a relatively low peak SRU of 2.5 uW-cm™sr'-nm" was selected for all bands. While
preserving variability of low retlectance features, a low peak SRU can result in saturation and .
consequently, loss of information over high reflectance targets. This 1s observed tor the spectral
response of vegetation in Band 4.

Likewise, water showed an uncharacteristically high response in the VDF7. Generally. water

covered areas are expected to have negative values. However, the mean response of the land cover
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category Warer was with 0.09 shghtly higher in Band 4 than in Band 3. Moreover, the category Harer
showed the highest vanability (66.67 %) ot all land cover classes. Most of the training pixels for
Water were collected in the Come By Chance River. Theretore. the combination of shallow water and
algal cover may produce a stronger signal in Band £ than in the visible spectral bands. However. both
unvegetated categories were clearly separated trom the vegetated classes in the VDFT.

The first principal component. PC/. largely retlected the spectral response of land cover
categones in the visible spectral bands, whereas £C2 showed the same general pattern as the NDFT
This corresponds well with the observed correlation coetticients, ranging trom -0.878 to 0.936. An
important feature of the principal components relates to the difterentiation between the categones
b and Alder. The largest standardized distance between these categonies was observed in the
vanable PC4 with a value ot |.442. Likewise, the distance between Shrub and Werlund was the
highest 1n this variable with 1.595. Both values were sigmificantly larger than the corresponding
distances observed in other vanables.

The smallest classitication errors were observed in the categones Huter and Noveg. In both
cases. user's and producer’s accuracy values ranged from 93.39 to 100 °%. Of the vegetated land
cover classes. the category Coniferous showed the smallest classification errors with a user’s and
producer’s accuracy of 87.99 % and 89.02 %, respectively. Errors of omission and commussion were
related to contusion with the classes Shrub. Alder and Warer. The land cover categones most
seriously affected by confusion were Shrub. Alder and Wetland, with per-class accuracies ranging
from 69.55 to 86.67 %.

The confusion between the categories Coniferous and Water 1s likely to have occurred in
areas of deep shadow. Figure 3-3 clearly shows the difference between sunlit and shaded areas.
Training areas for the class Alder were located at distinctly identifiable alder swamps along the river.

However, occurrence of this land cover category was not limited to these specific locations. Rather, a

98



certain amount of mix between the classes Coniferous, Alder and Shrub was observed throughout the
study area. While mixed stands were not prominent enough to have warranted inclusion as separate
land cover category. confusion between Coniferous. Shrub and Alder 1s likely to be related to these
stands. The comparatively large error of omission ot 69.55 %% in the land cover class Wetland was
related to the fact that this category represented any open vegetation n the study area. Training and
test areas of this type could be easily 1dentitied on photographs due to their location within closed

stands of trees or shrubs, the actual species composition on these sites 1s very heterogeneous. [t

includes various types ot vegetation such as moss. grass and shrub. all of which have ditferent spectral

characteristics.

6. 4 Suitability Mapping

This study was undertaken with the objective to examine the applicabiiity of airbome remote

sensing data and ancillary digital information to the mapping of the salmon habitat parameters

Substrate Type. Channel Puttern and Land Cover. Unul recently, salmon habitat mapping and

modeling was conducted almost exclusively by relying on tield surveys and air photo interpretation.
Theretore, this mvestigation fulfills an important step in explonng the potenuial of digital remote
sensing and data analysis for riverine fish habitat monitoring.

The full potential of digital databases lies in the ease ot data manipulation and modelling. An
example is provided of how to combine individual habitat parameters to mode! a particular aspect of
salmon freshwater ecology, such as the quality of spawning habitat. Figure 3-8 contains a composite
map of spawning habitat suitability. These results agree with previous studies undertaken at Come By
Chance River (Harmon, 1966). Most of Habitat L. i.e. habitat most suitable for spawning. is located in

the river sections north of Goobies Pond (Figure 3-2). Areas not suitable for spawning are
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predominantly tound n the central part of the rniver where the bottom substrate is dominated by
bedrock. The lower part ot the niver 1s almost exclusively charactenzed by habuats of intermediate
suitability for spawning. Gravel 1s the main type of bottom substrate tound n this area. The estuary 1s
designated as Habutat I in Figure 5-8. However. this area was excluded from the analysis as no field
data could be recovered tor these sections.

Including a classitication of land cover categones would make 1t possible to inciude potential
sources of disturbance. such as areas ot excessive erosion, proximity ot dumps. proximity ot roads and
the provision of cover by riparian vegetation in the habitat modelling process. While these teatures
cannot be discermned at the scale present in Figure 5-9. they can easily incorporated at larger scales

since the spatial resolution of the data1s 2 m.
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Chapter 7.0: Conclusion

[t was the objective of this study to evaluate the potenual of multispectral remote sensing tor
the mapping of substate type. channel pattem and land cover as important treshwater habitat
parameters of Atlantic salmon . To this effect, digial imagery was acquired 1n October 1993 using a
CASI sensor at the spectral wavelengths of 510, 390. 660 and 730 nm. The findings of a stream
survey conducted in the same month served as a database for reference purposes together with aenal
photography trom May 1992. In addition, elevation data extracted from the digital map sheet NTS
1'N13 were used to calculate valley gradient. Next was the stage of pre-processing involving the
atmospheric and geometric correction of the imagery, as well as the categonzation of substrate data
contained in the reterence database.

A set of potennal predictor varables was detined for each habitat parameter. Besides the
onginal, atmospherically and geometncally corrected images. these included principal component
transformations to separate depth dependent bottom type dependent signals. Moreover. the non-
spectral variables of valley gradient and stream width were used as potenual predictors. Valley
gradient was calculated trom a DEM built with the digital elevation data. while stream width was
obtained from the imagery. The potential predictors for land cover consisted of the original spectral
bands together with an NDVT and the components of a PCA applied to pixels over land areas.

A classification method was desired that permitted the integration of data from different
sources. such as remotely sensed imagery and digital map data. This method should be statistically

robust while maintaining the ability to obtain statistically significant relationships between vanabiles.



These requirements are Intmnsic properues ot staustical decision wee analysis. which was theretore
selected to classify image and anaillary dara. Training and venfication data were collected at random
for each habitat parameter. From the maiming data. staustical properties for each predictor vaniable
were derived in the form of standardized distances between group means, estimates of group
vanability, and bivanate correlation ot predictor vanables. These tigures were subsequently used to
determine the final predictor vanables for each habitat parameter. Classitication was carred out using
exhaustive partitoning DTA. Separate decision trees were grown for each habitat parameter. Tree
size was controlled by selecting appropnate stop sizes related to the smallest sampling unuts, and the
partitioning process was stopped 1f no more splits were found to be significant at the 0.03 level of
significance. The resulting decision trees were interpreted as classification rules and applied to the
entire data sets.

Classitication performance was evaluated using venfication data and confusion matrces.
[nitial classitication accuracy was increased for the habitat parameters substrate type and channel
pattern by combiming categones according to their ecological significance. The improved overall
accuractes were 73.76 and 64.47 2%, respectuively. The classification accuracy for the tvpe of land
cover was 84.91 %o. The individual habitat parameters as extracted 1n this research were combined to

model spawning habitat suitability throughout the nver course. Qualitatively. the result ot this

procedure was found to correspond well with the established knowledge about spawning habitat
locanions at Come By Chance River.

The current study illuminates the potental of digital remote sensing and image processing
strategies for the mapping, inventory and modelling of freshwater salmon habitat. The important
habitat parameters of bottom substrate and channel pattemn were extracted so as to demonstrate the

applicability of this method in terms of data integration and robust statistical classification. While the



classification results tor the habitat parameter substrate type do not indicate immediate operational use.
the value of the approach tollowed in this study was contirmed in principle. Ot particular interest was
the emergence ot the non-spectral vanables Widrh and Gradient as the most important predictors tor
the type of bottom substrate. The contribution of the spectral vanables to the discrimination between
substrate categones in the present investigation 1s comparatively minor. On the other hand. application
of the present method to the extraction of channel pattern categones did not vield entirely satistactorv
results.

Error rates in the classification of substrate type and channel pattem were linked to the
inadequate collection of supporting tield data. Signiticant improvements n classitication accuracy are
therefore likely to be observed 1f special attention 1s devoted to the creaton of reterence dawa sets
compatible with the objectives of remote sensing oriented investigations.  In particular, emphasis
should be placed upon the selection of homogeneous traning and venfication sites. as well as on
proper geo-reterencing of these areas. Moreover. shallow water bathymetry information should be
included 1n the extraction of both bottom substrate and channel pattern. Previous studies suggest this
may lead to sigmficant improvements in classification resuits (e.g. Acomley er al.. 1995). The
computation of stream width as inwoduced 1n the current investigation 1s deemed sutficient. However.
a more reliable and accurate method of calculating the valley gradient 1s highly desirable. This could
be achieved by using stereo-plotted vector data trom digital map sheets as pnmary source rather than
digitized contour lines, since stereo-plotted data contain an elevation value for every location. The type
of land cover was identified with high accuracy. Since principles of land cover mapping using digtal
imagery are well established it can be extended to include more categories or specific vegetation

communities, for example.

The results of this analysis suggest that the most beneticial future course in developingmore

103



etticient habitat inventory strategies for Atlantic salmon would include both remotely sensed and non-
spectral information. Further development pertaining to the inclusion ot geomorphic parameters in the
analysis should be directed at the denvauon of appropnate digital elevation models. With respect to
remotely sensed data, tmprovement of the current results could be achieved by the inclusion of
bathymetry information and by adopting appropniate sampling schemes 1n the collection of tield data.

Finally. research etfort should be directed at 1ssues of etficient integrauon of bath spectral and non-

spectral spatial data sources.
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Data Sources

CASI imagery: acquired by Provincial Aurlines Ltd.. St. John's. for Fisheries and Qceans. Canada.
Date: October, 1993, Location: Come By Chance River. Newtoundland. Data acquisinon mode:
spatial.  Nomunal spanal resolution: 1.5 m. Number of swaths: 10. Number ot spectral bands: 4.

Spectral band contiguration: 499.5 to 521.1 nm. 579.0 to 600.7 nm. 648.3 10 671.9 nm. 718.1 to 741.8
nm.

Aerial photographs: Newtoundland and Labrador Deparument of Natural Resources. Date: May
1992. Roll: 92208. Frames: 142, 444, 146, 152, 154, 156, 158, 166. 168, 170. Altiude: 1341 m.
Focal Length: 152.7 mm. Approximate scale: 1:8,800.

Map NTS IN/13: Nawral Resources, Canada. Date: 1971, Scale: 1:50,000. Projection: UTM
Zone 22. Type: topographic, digital.

Map 2C4-11: Newfoundland and Labrador Deparmment of Forestry and Agriculure. Date: 1975,
Scale: 1:12,500. Projection: UTM Zone 22. Type: ortho-photo. paper.

Map [N/13~41: Newfoundland and Labrador Department of Forestry and Agriculture, Date: 1975.
Scale: 1:12,500. Projection: UTM Zone 22. Type: ortho-photo, paper.

Map IN/13-31: Newfoundland and Labrador Deparmment of Forestry and Agriculture. Date: 1975.
Scale: 1:12,500. Projection: UTM Zone 22. Type: ortho-photo, paper.

Map IN/13-160: Newfoundland and Labrador Department of Forest Resources and Lands. Date:
1985. Scale: 1:5.000. Projection: madified 3° ansverse mercator. Type: topographic, paper.

Map 1N/13-170: Newfoundland and Labrador Department of Forest Resources and Lands. Date:
1985. Scale: 1:5,000. Projection: modified 3° transverse mercator. Type: topographic. paper.
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Appendix A

Group Variability and Standardized Distances
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Table A-1: Descriptive Statistics of Substrate Categories

Predictor Gravel (n = 745) Rubble (n = 366} Boulder (n - 306) Bedrock (n = 737)

Vanabl
MEEN Mean | oSD | ovisel | Mean | osD [ evig | Mean | osD L ovige | Mean | osb | oviw)

Bandl [DN} 16.97 10.28 00.58 23.07 11.77 31.02 14.51 9.29 64.02 19.44 11.99 61.68

Band2 [DN] | 28.46 12.67 44.52 28.87 1516 3251 20.61 12.65 61.38 20.72 16.56 61.98

Band3 [DN] | 29.59 13.31 44.98 27.32 17.33 64.17 18.95 14.61 77.10 2580 18.15 70.35

Band4 [DN] | 31.02 1671 53.87 37.32 20.39 55.17 30.25 17.79 58.81 33497 20.56 60.52

PCI Infarb]| 6.22 0.92 14.79 6.34 109 17.19 5.54 1.19 21 48 6.03 1.28 21.23

PC2 Infab]’| 0.98 0.31 31.63 1.34 0.24 17.91 134 0.39 29 10 127 028 22.05

PC3 Infab)’| 1.13 0.27 23.89 1.09 0.26 23.85 1.22 0.30 24.59 1.13 0.28 2478

PC4 In[arb]’[ 0.84 0.09 10.71 0.94 0.09 9.57 0.88 01t 12.50 0.92 0.09 9.78

PC| [arb) 5415 24.65 45.52 58.97 33s 3316 43.26 2534 58.5K 53.86 31216 59.71

PC2 (arb)’ 6l.10 8.08 13.22 56.80 K45 14.88 54.05 9.95 18.41 57.21 9.90 17.30

PC3 [arb] 33.00 6.77 20.52 38.81 641 16.52 36.48 5.606 15.52 36.50 S.BK 15.98

PC4 [arb]’ 6.90 2.00 28.99 9.49 222 23.39 8.07 1.92 2379 849 2.04 24.03
Width [m) 23.08 8.09 37.65 12.22 4.05 KRB E! 17.95 6.97 38.813 19.62 6.22 3L
Gradiem [%] | 0.44 017 3864 1.48 1.22 82.43 111 1.22 109.91 0.34 0.15 44.12

* mean values adjusted for negative values: data minimum added to onginal mean to enable calculation of coefTicient of variation




AR

Table A-2: Descnptive Statistics of Channel Pattern Categones

Predictor Run (n = 343) Raflle (n — 329) Steady (n - 253) Flat (n - 196) Rapid (n-159)

Variabl N .
AN Mean | sD Jevig)| Mean | sp{evis] Mean | SO |[CVital] Mean | SD O [ovis] Mean | sD oV

Bandl [DN} | 19.63 | 1198 | 61.03 | 22,05 | 1088 [ 4934 | 1520 [ 1010 [ 6645 | 17.12 | 0.86 | 40.07 | 3952 | 19.62 | 49.65

Band2 [DN] | 27.12 | 1640 | 60.47 | 2987 | 1497 | 5002 | 2342 [ 1444 | 6106 | 2849 | 987 | 3464 | 4627 | 2207 [ 49.04

Band3 [DN] } 25.54 | 17.39 | 68.09 | 29.10 | 18.00 | 61.86 § 22.51 | 14.61 | 6490 } 2980 | 11.57 | 38.83 | 40.20 | 2333 | 58.03

Band4 [DN] | 3493 | 2248 ) 6436 | 3743 [ 1931 | 51.59 1 2043 | 1915 | 65.07 | 32.57 { 1546 | 4747 | 4896 | 21.70 | 4494

PCI In{arb]| 6.09 1.20 | 19710 | 6.35 1.15 18.11 374 121 [ 21.08 | 6.34 0065 | 1025 | 7.18 1.11 1546

4

PC2 Infarb|} 1.00 0.30 | 30.60 | 099 025 [ 2525} 0.82 030 ] 36591 0.74 .33 | 4459 1.19 0.21 17.65

PC3 Infarb]’} 1.01 0.27 | 2673 1.00 030 | 30.00 1.04 028 | 2692 1.01 0.20 1980 | 082 0.30 | 36.59

PC4 Injarb)’| 055 | 010 [ 1818 | 055 | 010 1848 ) 051 [ 012 {2353 051 [ 010 | 19061 ] 054 | 009 | 1667

PCI [arb] 5455 { 3193 | 5853 1 60.13 | 30.03 | 4994 | 46.31 ] 2815 | 60.79 § 5524 ] 2043 | 3698 { 87.09 | 40.54 | 46.55

5775 | 1319 ] 22.84

PC2[arb]” | 51.50 | 12.63 | 2452 | 5251 | 940 [ 1790 | 5229 | 830 [ 1587 | 5499 | 7.20 | 13.09

PC3[arb]” | 4416 | 6.09 | 1379 | 4412} 6.63 | 1503 | 4226 | 5107 | 1223 } 3992 | 6.53 | 1636 | 52.79 | 10.16 | 19.25

332 [ 29.07

PC4farb]” | 9.80 204 | 2184 | 1030 238 | 2311 8.95 1.75 [ 1955 } 8.65 240 12795 | 11.42

Widh[m] | 1634 | 7.03 | 43.02 | 1634 | 095 [ 4253 | 2117 | 12,64 | 3971 | 2752 | 1294 1 47.02 | 19.13 | 351 18.35

0.59 0.71 [12034] 0.32 0,10 | 3125 | 0.37 007 | 18921 029 014 1 4828

i

Gradient [%)] 0.51 0.42 | 823

* mean values adjusted for negative values: data minimum added to original mean to enable calculation of coefficient of vanation




Table A-3: Descriptive Statistics of Land Cover Categones

Predictor Coniferous Shrub Alder Wetland Noveg (n-420) Water (n=<567)
Variable (n—533) (n--542) (n-314) ] n-28%) B _
Mean| SD CV [Mean| SD CV [ Mean| SD CV {Mean| SD CV [ Mcean| SD | ¢V [ Mcean| SD | CV
(o] [%o] [ [“o [} [“o)
Bandl [DN] 2658 7.75 [29.16 1 55.16{ 13.32 |24 15[ 50.88] 6.68 | 13.13 | 853.36{21.14124.77 11490} 2890 [ 25.15] 9.80 | 6.01 |01.33
Band2 [DN] |47.29 [ 14072975 [90.70{ 21.70 [ 23.93 | 72.40| 806 [ 1113 [124.02] 25.28 [ 20.38 [148.08] 2030 | 19.71 | 16.38 ] 9.33 | 56.90
Band3 (DN] | 33.48 [15.09 [45.07 | 80.71 [ 27.04]33.50 [ 72.31 [ 1024 | 15.54 |140.23] 30.96 | 22.08 [155.24] 3050 | 19.65 | 17.65 [ 11 26 | 63.80
Band4 [DN] |177.33] 55.82 | 31.47 J218.26] 40.50 [ 1856 [177.01] 28 12 [ 15 88 [235 19 30 85 [ 13 54 174.92] 3794 {2075 [ 1988 | 1195 {011
NDVI[arb]” | 092 | 0.11 [11.96] 0.70 | 0.13 [20.00] 0.66 | 0.07 [ 1061 ] 0.50 | 007 [1e00f 020 | 002 4138 033 ] 0.22 [66.07
PO bl |162.28] 47.31 [ 2015 242,27 3315 [ 1781 201 59] 25.00 | 12.30 308 93] 50.33 | 16.29 [298.03] 46.91 | 15.71 | 32.04 ] 17.50 | 53.02
PC2[ab]” | 63.6536.07]56.67]77.32]31.37]40.57]97.50]| 1939 [ 19.89 [111.73] 19.07 [ 17.07 |183.28] 40.31 [ 21.99 |160.19] 8.00 | 4.99
PC3(ab] | 6273 | 7.00 | 1116|5986 | 1027 1883 | 57.83 | 4.51 | 7.80 [4730] 12.00] 25,50 | 59.39 | 1482 ] 24,95 [49.59] 433 | 573
PCAjab] | 2526 375 | 1485 | 2190] 6.71 3064|2005 2360 | 812 {2081 | 389 [ 1305 [24.30] 451 |1856]2594] 187 | 721

mean values adjusted for negative values

- data mimimum added 10 onginal mean to enable calculaton of coefticient of variation




Table A-4: Standardized Distances - Substrate Tyvpe

Cependent Vanable

i Substrate Type

Mean Differenca |

95% Corfigence intersal

1J) Substrate Type 1-J} | Std Error i Sig Lower Bound | Upper Bound
ZSCAragy [€T5- T Hul BEERIRU P RN EX YA - 0008 BRGEERE N
Boulaer lailgTe L TR Tlod232E02 01414”

Bedrock - 2i%aide S I TTT SSo0I0ll b7 Tles I NE.02

Rubtle Gravel ERCIET dal T o0 ] VAT (KON

Boulder pEERCIY nE L 00! 2347900 | 666424

Badrock 1205500° 62 o0 | d0436 1940783

Boulder Gravel - ITa3IST son T Y T SRITATET . Y [64ANI3ED

Rubble L EETIuge TS e ) . h6od23 | - 344700

Bedrock - 435024 oo | D00 | < 0203412 2498488

Tedrack Gravel 2 14634n® 20 ey T Indl3E.02 Tlinl g

Rubble SA20ssage ! NN - 49467%3 Cjd0dlia

Reynnder (RSP ELY ‘e e Fpuness UL

score{BAND Y Gravel Rubble S TARNE 0l AR ToNY TR
Soulder Jpnajasd daT o g AERITLLL B RARZE()

Bedrock 117h7ay 2o b s st wetE2 ! MO ReRS

Ruoble Gravel TTNIET RN IR R T TRV 0372

Bcutder ss9sTigel g Lo ! 1462880 | “~23531

2edrock ;452570 | G603 L 1s0 ) taxiNIEa? | 3203300

Boulder Gravel BEEIRNIRM o P BRFEUXCT IR - 34358

Rubbie L33l NTh L 00 | LTha8s8y | - 3462330

Bedrack S4lanEe et oo ! -a01%604 | L 2270639

Badrock Sravel RGN LY [RA S22y NERREN N TN

Rubbie . 145280 i [ X I 150} 1 SAN1300 TORGAISE-02

Boulder PRIt J67 L 000 | 1270630 u01 5004

[ T5core(BANDT) Craval Rubbie T 390040 02 1 1% ] 36l0IS03E-98 | REFSH
Beulder ISTSECIT son |00 $h44304 3362302

Bedrock AIECEIL BEE 00 | 4 9653ITNE.GY | TS

Rubble Gravel 1 136040 ol T TN BRI M ValolINE-02

Bgulder SLInTi3e PRCIETN) J99598) ! TlITSSY

Bedrock A ATE OB 6l SN L U pNAnRME.? 208088

Heulder Gravel CEOECES a1 k) | -{lalial - dndding

Rubble - 5¢lnTs3e el 0o SRR R T L masas)

Bedrock RETETRRLY e | - nudoiTh | 132507

Tedrock Gravel 23 Ra% RS | : SRS TR aaiTTNIEY

Rubble M I2TIIE.02 Jed i S2y - Jed3088 4 184030802

Boutdar 41444420 g6t o | 13507 00637

" Z3corelBANDA) Travel Rubble BRATIRET JoT T WMy I AdY | TR LAY
Boulder 3029903E 12 7] e l C148204 2238378

Bedrock . 1540045 152 0 90 2980857 1L 3V M8E2
*ToGbie ravel STOTIR6| 63 T KK 1330939 1 TR |

Boulder 306161 G b n 1383473 $35727

Badrock 1750441 | 63 DL S19182632E-9) 1532065

Boulder Gravel A NOUOIIEN 6T RS S 288375 1482344

Rubble <3 edn b HX) - 548727 | - 1555473

Bedrocx L 1949915°] 06" 040 S3%38297 1 15TV CasE-)

“Hedrock Gravel 134674381 152 031G 1O 328E- 02T AT

Rutbla C17%odal | D01 u3a ! 3532065 | MS20IE-03

Bouldar 1946035e | 6" 1320 a 15737NE-03 3333207

IscorelPCT_LN) Gravel Rubble -1 rRaln U6l 390 - INI240T n b9nS0NE-DI
Boulder 86T oo X0 409874 TTS2L

Bedrock 1n]984]® 0S| mT { 947395E.02 1022
“Rubble Gravel 16420 363 1 396 | 0 69636 9E-03 BERRETEE

Bouider 094367 Ve i 900 1824728 Me230°

Hedrock 1696300° 063 000 9 4TI046E-02 3445490

“Houlder “Gravel TG T3 (2T 00 Pk T A RETTOE )

Rubble - 594361 7° 176 000 -9062507 § L4247

Bedrock - 32477 66 00 -al07573 - 2197061

“Bedrock Gravel T1619981% 51 oL ~ 3041027 | T 98TIOE0L

Rubble - 2696300 063 000 S 4445496 | 9 4TIN45TE0D

Boulder A7 166 000 2347061 6107573

Zscora(PCZ_LN] Gravel Rubbte -1.0598443* Q57 [} 12195068 « 9)08K830
Boulder -1 0520336 060 000 -L22102n - 3829440

Bedruck . 4395917 46 000 - 9679718 - *092119

118
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Table A-4: Standardized Distances - Substrate Type (cont.)

Mean Oiference i i 35% Canfidence Interval
Dependent Vanable ) Substrate Type  {J) Substrate Type i-d) Stg Emor | Sig. | _awerBaund 1 Jpper Bound
F5caralPC 3T Bowaar raver BRERIRI EE R “JoasG1 IFRIR0)]
Rubole - 35345531 Dk S T VO - 3384069 - 1385007
Bedrock 9916212602 | dos b Non | 120470 | 110274
Hedrock Gravel EAEEMNEN 04 ANy EXRRTOD] { BENTH
Rubbla IRIIREENY prv] | 00| SATITa01 BERFEE))
Boulder 4 MIY2XE-02 Ded 1 sue | S 1R0027 2208479
ZscoreiPL 4} Gravel Rubble 1 132763%% GBI XD M BERTRUTH
Scutder RENEIR: U] el b0 | TSI L8495
Bedroek S TOTIITNe BTSN L4305
“Rubble Gravel U R23033° IR T e RECEECR 1
Boulder aljoguye FR0] i M) $13R018
edrze 2450257 E3 L ak lallusd
Beulder Gravel SIT3IANST ol T434934 EXTRN
Rubtie - nijudagel 970 0 EEREROTN BEESEVIN]
Badrock - i¥n02410] el 0 SASOLISI T 9RNTTE 2
Fadrock Gravel IR T R) 1 T Toan T 30300
Runtla . 145!)15"'1 38 ni) B U R Y I - 2NI2e8d
Bouldar 1300241°! de2 | 029 | L INI288E-02 1 15911583
SCoreiWID THY Qravel ubbie [ER0ARRTAM DR YV JEEE T P 3242503
8oulder 4TS 103! deu X0 ! 1703541 | $155 190
Bedrack 43593430 ase | w0 | 1074002 | soaddon1
Rubble Sravel BIERDREELM o | om0 | BRI CE A T
Soulder RS RRICTRY! ey 1 ) 144170 331384
Sedrock ERAEET RG] T AN) 1 BUKIRALD AN - TTa 1M
Boulder Gravel BCERERTY B 00 ' T BEYENIED) RERCEEET
Rubble TrTONy e ued | (HA) | 1584 9144379
Badrocx - 210037l Go ;o ooe - ATO85) " -3 RIS} E02
“Bedrock Gravel T BT T TV “Inadno T a0,
Rubble 9143013 usT L CGIRERY 1926082
Joulder lnprted 60 | oun | s ssedEL2 ragsy”
| ZsCoreiGRADIENTT  Gravel Rubbie NPT 333 AT AR EREEECYR
Soulder A 0sT ‘ w0 971004 3
Bedarock LI83238e] D43 1 0%0 i S CASHIBE.Y 1 2511028
Rubtle Graval 163080197 REN] { U DAY ETRETE
Sautder 1517655¢] 06 A0 I 2h88543 H33676"
Sedrock 1 3915140%) 984T o | 240516 L3a25tL”
“Houlder Gravel T DL BRI T6%0d
Rubbie L $517p5¢e! dos || Colate™ | . 2088543
Bedrock TS| 95T L Wl “=9tade | U ION3Y
Bedrock Gravel BEBLFAEEL ML e ISP ATSLVIED
Rubble -1 315140 984 L o | 13425117 -1 240810}
Soulder L07gg8e | ST N0 | NRLIRARY] LTy 3
* The mean difarenca i1s significant 31 the 05 levet

0



Table A-35: Standardized Distances - Channel Pattern

Ceperaent vanable

(1) FLOW

(J) FLOW

Mean Difference
i1-4)

5% Canfigence Interval

Std Error Sig Lawer Bound Upper Bound
Tscore an e - 1803173 53 325 ST T T ITTIE3TELY
steady 3298S561° 067 000 1226953 5370169
fat 1870295 074 167 -3 9772773EQ2 4138318
rapid -1 4794044° 280 200 -1 7248464 -1 2339534
" nifte un 1803173° 054 325 1 311363E-02 3465210
sleady 5101735° 068 Qoo 31020218 7183281
flat 3673469° Q74 [alely] 1396391 3950546
rapd -1 2950870 C80 Q0Q -1 5453689 -13528062
steady run - 3258561° J67 G500 -3370169 - 1226953
nflle -3101735° 68 00 - 7183251 | -3c20218
Aae 14282¢€€ ces TT - 3315188 ©10232C
rapid -1 3092605° 339 200 -2 0848448 -1 5336762
Rat un - 1870295 J74 167 - 4138318 3977277ED2
nifle - 3673469° J74 Q00 - 5550546 - 1356391
steady 1428266 283 577 - 1162925 4019458
rapic -1 6664339° J94 200 -13570718 -1 3757960
rapia run 1 3794044° 280 200 12339594 17248494
nifle 12990870 280 1300 + 0528052 1 3453689
steady 1 3092605 089 [hale} * 5336762 2 0848448
fat 1 6664339° Q84 100 1 3757960 1 9570718
Zscore(BANDZ} run nille - 1632923 257 088 - 3400173 1 343283E-02
steady 2200350 T 050 -2 3991489E-04 1403100
flat 3 1564177E-02 178 396 - 3227240 1555957
rapid -1 1369220° 285 Qoca -1 39739047 - 3759393
nille un 1632923 aq57 088 -1 1332832E-02 3400173
steady 3833273 Q72 <00 1619987 6046558
fat 3 172808E-02 q79 897 - 1603945 3238506
rapid -9736298° 085 Q00 -1 2355023 -T17872
steady run - 2200350 an 250 . 3303100 2 39914GE Q4
nffle - 3833273° Q72 Q00 - 6046558 - 1619987
flat - 3015992 Q89 023 .8771217 -2 6076728E-G2
rapid -1.3569570° 095 [¢1e]] -1 63199869 -1 0639271
~lat un 3 156418E-02 Q78 396 - 1595957 3227240
nffle -8 1728076E-02 Q79 397 . 3238506 1603945
steady 3015992° 189 023 2607673E02 5771217
rapid -1 0553578° 100 000 -1 1643943 - 7463214
rapd run 1 1369220° Q88 Q00 8759393 13979047
ntfle 9736298 J85 000 T117572 1 2355023
steady 1 3569570° Q098 Q00 1363927 ' 6499869
fiat 1 0553578° 100 000 7463214 13643943
~score{BAND3]) un nifle - 1991761° 059 023 - 3812118 1 1 140589E02
steady 1697852 074 256 -5 7108796E-02 3966792
flat - 2382720 081 068 - 4866784 1 013450E-02
rapid -8200181* 087 000 -1 0888431 - 3511931
nfle un 1991761° 059 023 1 714059E-02 2812118
steady 3689613" Q74 aco 1409820 5969406
flat -3 9095861E-02 081 994 - 2884940 2103023
rapid - 6208420 087 000 . 8905836 - 3511004
steady un - 1697852 074 256 - 3966732 5 710880E-02
nffle - 3689613 074 000 - 5969406 - 1409820
flat - 4080572° 092 001 - 6918588 - 1242555
rapid - 9898033 098 000 -1 2916385 - 6879681
flat nn 2382720 0a1 068 -1 013449702 1866784
nffle 3 909586E-02 281 994 - 2103023 2884940
steady 4080572 092 001 1242555 6918588
rapid - 5817461° 103 Q00 - 9000689 - 2634234
rapid mun 8200181° 087 000 9511901 10888431
nffle 6208420° 087 000 3511004 8905836
steady 9898033 098 0ao 6879681 1 2916385
Aat 5817461° 103 000 2634234 9000689




Table A-3: Standardized Distances - Channel Pattern (cont.)

\ean Difference 95% Canfidence intervat
Dependent Vanable ) FLOW (J) FLOW i1-J) Sid Error Sig Lower Boung Upper Bound

[~ ZscorelBANDAT un il - 1200515 055 35 e lek (ol i) B JOUGBIED2
steady 2642196° Q74 313 I617157€02 4322677
flat 1136571 081 741 - 1360129 3633270
rapd -§746487° 0as 200 - 9448410 - 4044564
nftle run 1200515 Q59 394 -5 2909907502 3030129
steady 3842711 Q74 ooe 1551323 6134100
flat 2337086 ca1 083 -1 6958078EQ2 4843752
rapid - 5545972° 088 | 000 - 8257107 - 2834836
steady un - 2642196° 074 Q13 - 4922677 -38171571E-02
nffle - 2842711 74 Qoo -5134100 - 1851323
fae *EREEDE jaie ] 1 £ 4388CT” 11agsSlE
rapid -9388683° ! J98 | Q00 -12422387 - 5354879
Mat un - 1136571 81 T TH - 3633270 1360129
nffle - 2337086 281 783 . 4843752 1 695808E-02
steaay 1505625 093 618 - 1346828 4358077
rapid - 7883057 104 000 +11082476 - 4683639
rapid un 5746487 088 aca 4044564 9448410
nffle 5545972° 088 [8,600] 2834836 8257107
steady 5388683 098 Q00 6354979 1 2422387
flat 7883057 104 000 4683639 11082476
Zscorg{PC1_LN) run rffle - 2267288° 058 [fOK) - 3058282 -4 7629525E-02
steady 2553064 G72 002 7 207119EQ2 5185397
flat - 2166579 Q79 113 . 4610576 2 7TH4185E02
rapid - 9277552 [o2:133 000 -1 1922440 - 6632663
nifle run 22672887 J58 004 4 762952E-02 4058282
steady 5220343° Qq73 Qa0 2977323 7463363
flat $ J07098E 02 080 1000 - 2353044 2554464
rapd -70102623° 286 200 - 9664170 - 4356356
steady nun - 2953054 072 002 - 5185397 -7 2071188£-02
ntfle -5220343° 073 Q00 - 7463363 - 2977323
flat -5119633° 093 aco -7911873 - 2327393
rapid -1 2230606° 096 000 -1 5200272 - 9260940
“Tat run 2168579 Q7% 113 -3 TT41883E-02 4610576
ntfle -1 Q070979E-02 Jae 1000 - 2554464 2353044
steady 5119633° 091 Q00 2327393 7911873
rapid - 7110973 102 200 -1 0242856 - 3979090
rapd run Q9277552° 0886 00 6632663 11322440
ntfle 7010263 286 [0 0]4] 4356356 3664170
steady 1 2230606° 096 Qo0 9260840 15200272
flat 7110973 102 Qoco 3979050 1 0242856
Zscore(PCL_LN) un nftle 3 533271E-02 Q56 3983 - 1373456 2080111
steady 6196596° a70 00Q 4044287 8348906
flat B705459* 076 [a4[¢] 6349082 11061835

rapd - 6130621 083 [o]eDs] - 8680687 - 3580551
“riflle run -3 5332715E-02 Q56 983 - 2080111 1373456
steady 5843269° Q70 000 3680665 3005874
flat 8352132° Q77 coo 5986348 10717915
rapd - 6483949 083 000 - 9042709 . 3925188
steady run - 6196596 070 000 - 8348906 - 4043287
nffle - 5843269 g70 000 - 8005874 - 1680665
flat 2508862 oa7 083 -1 8327175EG2 5200997
rapid -1.2327218° 093 000 -1 5190417 - 9464018
flat run - 8705459 976 000 -1 1061835 - 65349082
affle - 8352132° a77 000 -10717915 - 5986348
steady - 2508862 [0]:x4 083 - 5200997 1 832717E-02
rapig -1 4836080 098 000 -1 7855680 -1 1818480
rapid un 6130621° 083 000 3580556 8680687
nffle 6483345° 083 000 3925188 3042709
steady 12327218 083 000 9464018 15190417
flat 1 4836080° 098 000 1 1818480 1 7855680
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Table A-3: Standardized Distances - Channel Pattern (cont.)

Mean Oifference 95% Caonfidence interval
Dependent Vanable () FLOW  (NFLOW {1-3) Std Error Sig Lawer Bound Upper Bound
Zscore(PUS_LN) run nile T UGBI3TEU2 o] -4 X4 2051883

steady - 1276344 075 570 - 3576464 1023776
flat -2.2829371E-02 082 999 - 2746495 2289908
rapid 6539171" 088 Q00 3813978 9264363
riffle un -2 0651366E-02 Q60 998 - 2051885 1638857
steady - 1482858 Qavs 118 - 3793980 8 282644E02
flat ~1 3480737E-02 82 a1 - 2963C62 2093447
rapid 6332657° 089 200 3598173 3067141
steady un 1276344 075 370 - 1022776 3576464
ntfle 1432858 07s 418 -3 282€6437E-02 37493980
Nat 1548050 o) 368 - 1828367 3925068
rapid 7815515° 99 000 14755684 1 0875345
fat run 7 282937E02 082 EER] - 2289908 2746495
ntite 4 348074E-02 082 391 - 2093447 2963062
steady - 1048050 093 368 - 3925068 1828967
-apid 6767464 105 000 3540492 5594436
rapid run -6539171° 088 QG0 - 9264363 - 3813978
nile - 6332657" 289 Q0a - 9067141 -3598173
sleady - 7815515 099 000 -1 0875345 - 4755684
flat - 6767464" 105 000 - 9994436 - 3540492
Zsccre(PC4_LN) run nitle -3 9397282E-02 Q60 698 - 274 21 JE1754E-02
steady 3087390 a7s 002 7 75083202 5399657
flat 3974894° oe2 Joa 1443350 6506437
rapid 4 116112602 089 995 - 2328020 3151242
nfre un 3939728E-02 360 698 -9 6117539E-02 2749121
steady 1981363° a7s 0ao 1657996 6304730
flat 4868866° a2 J0Q 2327217 7410518
rapid 1305584 C89 709 - 1443388 4054556
steady un - 08739Q* Q975 002 - 5395697 -7 750831902
ntfle - 3981363° 075 0Qc - 6304730 - 1657996
flat 3 975034€.02 194 925 - 2004757 3779764
rapid - 2675779 100 126 - 5751822 4 002636E-02
flat n - 3974894° 282 000 - 6506437 < 1443350
ntfle -4868866° 082 000 - 7410516 . 2327217
steady -8 3750338E£-02 094 925 - 3779764 2004757
rapid - 3563282° 105 Q22 - 6807352 -3 1921297E-02
rapid un -1 1161120EQ2 489 995 - 3151242 2328020
nffle - 1305584 089 709 - 4054556 1443388
steady 2675779 00 126 -4 0026360E-02 5751822
flat 3563282° 105 022 3 192130E€-02 6807352
Zscore(PC 1) run nfle - 1727593 058 063 . 3512802 576157Q0E03
steady 2553730" 072 14 3 285977E-02 4778863
flat -2 1207Q075E-02 079 999 - 2648174 2224033
rapid -1 0080789 Q85 Q00 -1 2717135 . 7444442
nifle run 1727593 258 064 -5 7615698E-03 3512802
steady 4281323 273 000 2045548 6517099
flat 15156822 Q79 458 -9 3030667E-02 3961351
rapsd - 8353196 088 0ca -1 0998531 - 5707360
steady un . 2553730° 072 014 - 4778863 -3 2859772E-02
nffle - 4281323 973 co0 - 6517099 - 2045548
flat - 2765801 090 052 - 5545023 1 742085E-03
rapid -12634519° 096 000 -1 5594564 - 3674444
fat nn 2.120707€-02 a79 999 - 2224033 2648174
nffle - 1515522 Q79 4156 - 3981351 9 303067E-02
steady 2765801 090 052 -1 7420851E-03 5548023
rapid -9868718° 101 000 -1 2950485 - 6746951 |
rapid un 1 0080789° 085 000 7444442 12717135
riffle 8353196° 086 000 5707860 10998531
steady 1 2634519° 096 000 9674444 1 5594594
flat 9868718 101 00 6746951 1 2990485




Table A-3: Standardized Distances - Channel Pattern {cont.)

Maan Difference 35% Cenfidence Interval
Dependent Variable (1) FLOW (J) FLOW (1-J) Std Errer Si9. Lower 8ound | Upper Bound
ZsccrelPLd) run i GISTTITBEDS L) oo 28015

steady -7 3584842€E-02 a75 915 - 3048981 1577284

flat -3247597° 082 004 . 5780044 | -7 1514952E-02

rapid - 5815885°* 289 600 - 8556493 - 3075276

“Hfile un G $37144E.02 260 650 -9 100S603E-02 2801525
steady 2 098659E-02 075 399 - 2114330 2534062

flat - 2301882 082 100 - 4844439 2 406747E-02

rapid - 4870170° 289 J00 - 7620124 - 2120217

Sleady un 7 358383E02 375 315 < 157783 3048981
nffle -2 098658402 Q75 299 - 2534062 2114320

REH BNARPAT! o34 Y] - 346504 3313449802

rapid - 5080036" 100 cog - 3157177 - 2002896

Tat un 3247547° 282 704 7 1514G5E-02 3780044
ntfle 2301882 082 100 | .24067473E-02 1844439

steady 2511748 094 128 1 -3 8154484E02 5405041

rapid - 2568288 105 203 - 5813515 5 769393E-02

rapid run 3815885° Q89 ales] 3075276 3556493
nifle 4870170° 089 000 2120217 762G124

steady 5080036° 100 300 2062896 3157177

flat 2568288 105 203 | -6 T693933E-02 5813515
TscorePCa) un “hHle 3 155252E-03 055 | 1000 ~1655971 1759076
steady 2574824° c69 008 3 465211E02 4703128

flat 5759981° 076 200 3129887 3090074

rapd -11732801° 082 200 14254423 .9211178

nitle run 51552517603 J55 | 1000 - 1759076 165597
steady 2523272 69 210 3 847886E-02 4661755

flal 5708428° 76 Q00 3369032 3047824

rapid -1 1784353 82 300 -1 4314574 -9254133

steady un - 2574824 069 Q08 - 4703128 < 46521 14E-02
nffle - 2523272° 269 010 . 4661755 | .33478862E-02

fiat 3185156 03é 0Q9 5 230498E-02 5847263

rapid -1 4307625" 092 000 .1 7133889 .1 1476361

“Tat un -5759981° 376 000 - 8090074 - 3329887
nifle - 5708428° a76 Qoo . 8047824 - 3369032

steady -3185156° 086 009 -5847263 | -5 2304982€.02

rapid -17492781° 097 400 -2 0478701 -1 4506861

rapd un 11732801° 82 000 9211178 14254423
nffle 1 1784253° 082 0c0 9254133 1 4314574

steady 14307625* 092 000 1 1376361 1 7138889

flat 1 7492781° 097 000 t 4506861 2 Q478701
Zscare(PCA) run rifie - 2049948° 058 IS ~3839755 [ -26014153E02
steady J440545° Q72 Q00 1209681 5671409

flat 4682928° 079 000 2240549 7125306

rapid - 6635434° 088 000 - 927857 - 3992297

nffle un 2049548 058 014 J2601415E-02 3839755
steady 5490493* 073 000 3248959 7732027

flat 6732876° 080 000 4280747 9185004

rap«d - 3585488° 086 Q00 - 7237635 - 1933337

steady run - 3430545° a72 000 ~5671409 - 1209681
nffle - 5490493 073 309 - 7732027 - 3248959

flat 1242383 090 757 - 1548008 3032773

rapd -1 0075879 096 000 -1 3043678 - 7108280

Tat un - 36829287 079 000 - 7125306 - 2240548
nifle -6732876° 280 000 - 9185004 - 4280747

steady - 1242383 090 757 -4032773 1548008

rapid -11318362° 101 000 -1 4438169 - 8188554

rapd un 6635434° 086 000 3992297 9278571
nffle 4585486° 086 000 1933337 7237635

steady 1 0075979" 096 000 7108280 1 3043678

flat 11318362° 101 000 8188554 1 3448169




Table A-5: Standardized Distances - Channel Pattern {cont.)

Mean Cifference r 35% Confidence Interval
Dependent V/anabile ) FLOW {JYFLOW i1-d) Std Error Siq. Lawer 8ouna Upper Bound
Zscore{Viu Tr) un e J 138406604 uso 1 CC0 - 1732149 173842
steady -5117881° 070 300 - 7280781 - 2954381
flat -1 1831034 077 300 -1 4199006 - 9463063
rapid - 29456384 083 214 - 5512297 -3 8707043E02
e run -3 1394664€-04 356 | 1000 - 1738420 17321
steady -5121021" a70 200 - 7294266 - 2947775
fat -1 1834174° 77 J00 -14211598 - 9456749
rapid - 2952823° 083 014 - 5524175 -3 §147210E.02
steady un 3117881° 370 200 2954981 7280781
nffle 5121021 Q70 J00 2947775 7254266
13t gTi2183 zes e 5412228 R Setolninied
rapid 2168197 93 249 -7 09C9121E-02 5045485
LET fun 11831034° a77 Q00 9463063 1 4199006
ntfle 1 1834174° 77 J00 9456749 14211538
steady 6713133° 088 300 4007772 3418535
rapd 3881351° 098 000 5846892 ! 1915809
rapid run 2949684° 083 014 3 870704E-02 5512297
nffle 2952823° 083 DR 3814721E02 5524175
steady - 2168197 053 249 - 5045485 7 090912E-02
flat - 8881351° J98 J00 -1 1915809 - 5846892
wscoretGRADIENT) un nffle - 1713568 059 a79 - 3552111 1129747802
steady 3907460 074 coo 1623329 6191591
flat 2828710 081 016 31 280143E402 5329406
rapid 4483976° 088 000 1777728 7190223
ntlle run 1719568 59 079 -1 1297470E02 3552111
steady 5627028° a74 000 3331972 7922084
flat 45432787 081 000 2037599 7058957
raod 5203544° 88 0eo 3488068 9919019
steady run - 3807460° 74 000 - 6191591 - 1623329
nifte -5627028° a74 000 - 7922084 -3331972
flat - 1078750 Qe3 852 - 38935768 1778267
rapd S T65156E-02 399 987 - 2462044 1615076
flat run - 28287107 081 016 - 5329406 .3 2801326E-02
nifle - 4548278 081 000 - 7058957 - 2037599
steady 1078750 093 8452 - 1778267 3935768
rapid 1655266 104 638 - 1549274 4859805
rapid run - 4483976° 08a 000 - 7190223 - 1777728
nffle - 6203544 088 000 - 3919019 - 3488068
steacy -5 7651557E-Q2 099 987 - 3615076 2462044
flat - 1655266 104 638 - 4859805 1549274

" The mean difference 's significant at the 05 level



Table A-6: Standardized Distances - Land Cover

\Mean Oifference | : 1 95% Ccenfidence Interval

Cependent Vanable 1} Land Caver (1) Land Cover -4 © Std Error ¢ Sig ¢ Lower Scung Jpper Bound
Z5CorE Conerous Shrub SRR (VA% B (11 I B: stk bl TE5 a7
Alger - 628422171 229 © 20e - 7233424 - 3334018
Wetland -1 5200664° | 230 oce -13183070 -14218257
Naoveg -22838214" | 226 000 | -23709702 -2 1966727
Water 4339247° 724 - 000 - 3533415 | 5145078

Shrub Caniferous 73908387 924 . 000 | 3575748 3208321
Alger 1106313" | 928 | 01C ¢ 1 590400E-02 | 2053587
‘Netlang . 7810126° | 129 000 - 8789703 | - 5830556
Noveg -1 5447680" ! 326 ' Q00 16315972 -1 4579387
‘Nater t1729781" | 024 ° 000 : 10927406 12532157
Alder Conifercus S284221° 325 000 1 5334018 7234424
Shrut - 1106313 928 © ¢i0 - 2053587 ° -1 S903999E-02
‘Wetland - 8916443° 933, cQo | 19011236 | - 7821649
Noveg -1 8553993 | 930 ;000 : -1 750457 | -1 5567529
Water 1.0623468" | 028 ' 100 | 3683886 ; 1 1563050
Wetland Zoniferous 1 5000664° | 030 000 - 14218257 | 15183070
Shrub 7810129" ! 229 . 00C | 6830556 | 3789703
aider 3916443" | 233 | 000 7821649 10011236
Noveg - 7637550* ! 231+ o00 | - 8664769 | - 5610332
Water 1 9539910" ! 028 | 00 : 18567773 | 20512048
Taveg Canifercus 238382147 | 026 000 21966727 23709702
Shrub 1 5447680° @26 000 | ' 4579387 | 16315972
Alder 1 8553993° ! 930 | 000 | 15557529 | 1 7550457
Wetland T637550° 331 . C00 - 6610332 | 8664765
Water 27T177461° | 026 ' 000 26317566 ‘ 28037356
Water Canitercus -4339247" 324 7 300 -5145078 - 3533415
Shrut -11729781" | 024 000 | -1 2832157 | -1 0927406
Alder -10623468" ! 028 : 900 . -1 1563050 | - 9683886
Wettand -19539910° 029 , o000 : -20512048 | -1 8567773
Noveg 271774617 | 026 © 2C0 -28037356 | -2 6317566
Zscore(dAND 2T Zaniferous Shrub - 88359257 324 0 000 - 9626410 - 8045441
Alger -5111583° | 928 ' o0oo | - 3033445 | - 4189722
Wettand -1 56176197, a29 | 000 ! -1 6570724 -1 4664515
Noveg -2 06369417 ! 025 | 900 -2 1482435 | -1 9791447
Water 5291824° | 923 i 300 | 5510028 | 7073620
Shaub Canifercus 8835925" | 0237 000 | 8045431 9626410
Alder 37243427 28 . 000 | 1805323 | 4643362
Wetlang -5781694° | 29 | 200 ¢ - 7732050 | - 5831138
Noveg -1 1801016° 1 225 ;000 ; -1 2643411 ¢ -1 0958621
Water 15127749° ) 023 | aco | 14349306 ° ' 5906192
Alder Caniferous 5111583 328 ;000 4189722 6033445
Shrubd - 3724342° 028 | 900 | - 4643362 | - 2805323
‘Netiand -1 0506036 | 032 | o000 ' -1 1568175 | - 9443897
Noveg -1 5525358 029 | o©co 16492101 .1 4558615
Water 1 1403407" | 027 coa | t G491850 - 12314964
Weiland Tanilergus 15617619 229 000 | 1V 4684515 | 156570724
Shrub 6781694° ! 029 | oo0 | 5831338 | 7732050
Alder 1 0506036" | 032 | 000 ° 9443897 | 1 1558175
Noveq -5019322° 030 | Q00 ; - 8015802 . - 4022742
Water 2 1909443° 028 000 | 2.0966301 | 2 2852585
Noveq Conilerous 20636941° 025 7 000 | 19791447 | 21482435
Shrub 11801016° 025 | 000 10958621 ! 12643411
Alder 15525358° 029 | 000 1 4558615 | 16492101
Wetland 5019322° 030 | 000 4022742 6015902
Water 26928765° 025 | 000 2.6094518 27763012
Water Coniferous ~6291824° 023 000 - 7073620 ~5510028
Stwub -15127749° 023 | 000 -15906192 . -1 4349306
Alder -1 1403407° 027 000 -1 2314964 -1 0491850
Wetland -21909443° 028 000 -2 2852585 -2 0966301
Noveg -2 6928765° 025 | o0C -2 7783012 -26094518
Z5core(BAND3J) Coniterous —Shrub ~8610877° 025 aco - 9426682 S7795072
Alder - 7080432° 029 | o000 - 8031822 - 6129042
Wetland -1 9460703" o | 000 20444337 -1 8477069
Naveg -2.2195273° D26 | 000 -2 3067849 -2 1322697
Water 2882596° 024 000 2075758 3689435




Table A-6: Standardized Distances - Land Cover (cont.)

i
Mean Difference |

35% Confidence Interval

Dependent Vanable ' Land Cover (J) Lang Cover 1hJ) ! Std. Error i Sig | LowerBound | UpperBound
- ZSCOTE(BAND ) ST Camteraus BS10B77 T 3%, ouu T TI5507Z ] Ry
Alder 1530445° . 028 Q00 | 58B19880E-02 : 2478902
Wetland -10849826" | 229 | coo \ -1 1830624 | - 9869029
Noveg -1 assaags-l 026 | ooo -1 4453773 -12715018
Water 1.1493473" 024 - 000 1 0690096 1 12296851
Alder Tonerous 7080432° T D29 | 000 5129042 | 8031822
Shrub - 1530445° 1 028 | 000 -2178002 | -581988C3E02
Wetland -1 2380271 ! 033 ' 000 -1 3476432 | -1 1284110
Noveg -1 5114841° Q30 : 000 -1 6112549 -14117132
Water 3963028" Q28 000 3022273 ! 1 0903784
Wetland Conlerous 1 9460703" 230 . 000 18477069 20444337
Shrub 10849826° 029 ! 000 | 38A9029 ° 11830624
Alder 1 23802717 033 * 000 | 11284110 13475432
Noveg - 27345659° 031 ;000 I -3753071 | - 1706068
‘Nater 2 2343300° 029 | oo0 | 21369943 | 23316652
Noveg TOMerous 2 2195273° 26 . 000 | 21322697 | 2 3067849
Shrub ' 3584396" 026 | 000 | 12715018 ' 14453773
Aler 1 5114841° 030 l 000 14117132 16112549
‘Netland 2734569 | 033 I Qoo 1706068 3763071
Water 2 5077869" | 02 200 21216900 | 25918838
Water Caniferous - 2882586° 924 000 - 3689435 | - 2075758
Shrub -1 1493473° 024 | 000 ‘ -12296851 | -1 0690096
Alder - 9963028° 028 } 100 | -10903784 ! -9022273
Wetlang -2.23433007 ¢ 029 | 000 | -2.3316652 | -2.1369948
Noveg -2 5077868° 026 000 | -2.5538838 -2 4216900
Zscore(BANDIY Tonilerous Shrub - 4882049° 927 ' 000 | 5794951 1 - 3969148
Alder 2317375603 032 ' 1000 | - 1035450 | 1093798
Wettand - 6903353° 233 l 00 t - 8004059 | - 5802647
Noveg 3 495632E02 229 922 | -5 2686682E-02 | 1325993
Nater 18793817° 027 | o000 | 1 7850949 | 1 9696685
Sheub Camlerous 1882049° 927 1000 | 3669148 . 5794951 |
Alder 4911223° 032 | cao | 3849881 l 5972565
‘Wetland - 2021304° 033 © 000 ; 3118835 | -9 237T197E-02
Noveg 5231613“ 229 | oco 4258762 | 6204463
Water 2 3675866° 027 | o000 22776871 2.4574862
“Slder Toniferous 29173747€03 | 032 | 1000 - 1093798 | 1035450
Shrub +4911223° | 032 | 000 - 5972565 | - 3849881
‘Metiand - 6932527 | 037 ! c0oO | -8159152 | - 5705901
Noveg 3 203895E-02 034 . 969 | -79606622E-02 1436845
water 1 B764643° 032 000 17711919 19817367
‘Netland Coniferous 5903353° 033 000 5802647 3004059
Shrub 2021304° 033 | ooa 9 23772002 3118835
Alder £932527° 037 00 5705901 8159152
Naveg 7252916° 035 | 000 6102003 8403830
Water 2.5697170" 033 ' oo0 2.4607970 2 6786370
Noveg Tonllerous -3 4956324E02 029 922 - 1325993 % 26866BE02
Shrub -5231613° 029 | 0oo - 5204463 - 4258762
Ader -3 2038949E-02 034 | 969 - 1436845 7 960662602
‘Wetiand - 7252916° 035 | 000 - 8403830 - 8102003
‘Water 18444253 029 | 000 17480812 1 0407695
“Water Coniferous 18793817° 027 000 -1 5696685 -1 7890949
Shrub -2.36875866° 027 000 -2 4574862 -2 2776871
Alder -1 8784643 032 | 000 -1 9817367 17711919
Wetland -2.5697170° 033 { 000 -2 6766370 -2.4607970
Noveg -1 8444254° 029 | 000 -1 9407685 -1 7480812
Zscore(NDVI) Toniferous Shrub 8013281° 032 000 6950764 9075798
Alder 9724737° 037 | 000 8485632 10963842
wetiand 15574408* 038 | oc00 14293309 1 6855510
Noveg 2.3180048° 034 | 000 2.2043592 2.4316508
Water 2 1517850° 032 | @00 20467011 2.2568688
Shrub Toniferaus ~80132871° 032 [ 000 T9075798 - 6950764
Alder 1711457° 037 | o001 4 761713E-02 2946742
wetland 7561129° 038 | oco0 6283723 3838535
Noveg 15166769° 034 0ao 14034478 15299060
Water 1 3504559* 031 oco 12458237 14550901

-



Table A-6: Standardized Distances - Land Cover (cont.}

Mean Difference | | i 95% Confidence Interval
Qependent Vanable ) Land Caver  (J)Land Caver Jd-41 i Std. Error | Sig. [ LowerBound | Upper Bcund
[Z5Care(Nov1] Alder Tonnerogs B Y o7 4 i VR YRS Vs o] -1 Ua63832 | ~ 8385632
Shrub - 1711457° 037 | 001 -2046742 | 4 TR1T132E-02
Wetland 5849672° 043 | 000 4422015 | 7277329
Noveg 1 3455312° 039 | 400 12155881 | 13754744
‘Nater 11763113° Q37 | 000 1 0567358 | 1 3018367
“Netland’ Tonlerous -1 5573409° 038 - J00 -1 3855510 - -1 4293309
Shrub - 7561129° Q38 : 000 -8838535 ; - 6283723
Alder - 5849672° 043 : 000 , - 7277329 | - 4422015
Noveg 7605640 00 | 000 ; 6266103 ! 8945177
‘Nater 5943440° Q38 ;200 1675731 | 7211149
Noveg Tanferous -2 3180049° 334 | 000 -24316506 | -2 2043592
Shrub -1 S1RATRG" R R -1 320cnen | 1 4nag7e
Ader -1 3455312" | g3s | 000 -1 4754744 -12155881
Watland - 7605640° 040 l 000 - 8945177 1 - 5266103
Water - 1682199° | 034 | 000 - 2783539 | -5 4085972E02
“Water Coniferous <2 1517850° Q032 Q00 | -2.2568688 ] -2.0467011
Shrub -1 3504569° 031 0co | 14550901 | -1 2458237
Alger -1 1793113° 037 000 | -13018367 | -1 0567858
‘Netand - 5043440° 038 ' 000 ~7210t49 | . 4675731
Noveg 1662199° 034 - Q00 5 40B597E-02 ; 2783539
Zscore(PCT} Zonilefous Shrub - 76434C0° 023 000 - 8415879 | - 3870920 |
Alger - 3755895° 027 000 - 4656759 | - 2855031
Wetland -1 3011516" a28 000 ] -14942911 | 13080120
Noveg -1 3029673° 025 I 000 -1 1855910 | -12203437
‘Water 1.2385017° 223 ' 000 11621928 1 3149908
Shrub Taonterous 75434007 323 ¢ 000 6870920 . 8415879
Alder 1887505° 027 000 2989418 : 4785592
Wetland -5368116° 028 000 - 7296826 | - 5439406
Noveg - 5386274 Q25 000 - 6209481 t - 4563066
‘Nater 26029317° 023 000 ! 9268604 20790029
Alder omferous 31755895° 027 | 000 2855031 | 4656759
Shrub - 3687505° 027 | 000 1 - 4785592 - 2989418
Wetlang -1 0255621 031 | 000 | -11293588 - 9217674
Noveg -9273779" 028 000 -10218502 | - 8329056
Water 15141812° 027 000 15251017 | 1 7032606
WNetfand coniferous 13011516 02 Gao 13086120 | 14942911
Shrub 5368116° 028 | 000 5439406 | 7296826
Alder 10285621° 231 aco 9217674 | 1 1293568
Noveg 9 818423E-02° 029 047 7 961607E04 - 1955723
Water 26397433° | 028 000 25475773 2 7319093
Noveg Coniterous 13029673° 025 000 12203437 | 13855910
Shrub 5386274° 025 { 000 4563066 | 5209481
Alder 3273779° 028 ‘ Qg0 8329056 1 0218502
‘Netiand -9 8184228E-02" 029 047 - 1955723 | -7 9616075E04
Water 2.5415590° 024 ' 000 l 2 46002345 2.6230836
“Nater canifercus -1 2385917* 023 | Q00 -1 3149906 ! -1 1621928
Shrub -20029317° 023 coo -207%0029 -1 9268604
Alder -18141812° 027 000 -1 7032606 -15251017
Wetland -2.5397433° 028 000 -2 7319093 25475773
Noveg -2 5415590° 024 000 -2 6230838 -2 4600345
score{ oniferous Shrud - 2564303° 033 000 - 3652029 - 1476576
Alder - 6350077 038 000 - 7618582 - 5081572
Wetland -8019321° 039 000 -1.0330817 - 7707824
Noveg -2.2443535° 035 0go -2.3606957 -2 1280114
Water -18111883° 032 000 -19187855 -1 7036112
“Shrub Tonilercus 2564303° 033 300 1476576 3652029
Alder -3785774° 038 000 - 5050368 - 2521180
Wetland - 6455018° 039 000 - 7762732 - 5147304
Noveg -19879233° 035 000 -2 1038389 -1 8720078
Water -1 5547580° 032 Q00 -1 6618738 -1 4476423
Alder Coniferous 6350077 038 0o 5081572 7618582
Shrub 3785774° 038 000 2521180 5050369
Wetlang - 2669244° 044 000 - 4130774 - 1207713
Noveg -1 6093458" 040 Qo0 -1.7423721 -14763198
Water -1 1761806° 038 000 -1.3016132 -1 0507480




Table A-6: Standardized Distances - Land Cover (cont.)

Mean Oifference | | 1 95% Canfidence interval
Dependent Vanable 1y Land Caver (J) Lana Cover tedy i Sta. Error | Sig Lower Bound | Upper Bound
Zscare(Pta) —Wenand Canerous oT032 I8 000 | TT0782F | TG330817 |

Shrub 5455018° 039 000 | 5147304 | 7762732

Alder 2669244° 043 000 1207713 ! 4130774

Noveg -13424215° 041 000 -14795534 | -1 2052895

Water - 9092563" 039 000 -1 0390350 | - 7794775

Noveg Canileraus 2 3343535° 035 000 1280114 | 23606957
Shrub 19879233 2215 000 1 8720076 ! 21038389

Alder 15093458° 040 [Aale] 14763196 | 17423721

Wetland 13424215° 041 aco 12052895 ! ! 4795534

‘Water 4331652° 34 200 3183707 | 5479597

Water Tannerous T8111883° 032 000 T 703612 | 19137655
Shrub 1 5547580° 932 000 114475423 | 1 5618738

Alder 1 1761806" a38 000 10507480 | 13016132

‘Waetland 9092563° 039 000 7794775 | * 0390350

Naveg -4331652° 034 2C0 . 5479597 | - 3163707

Tcniferaus Shrub 2590764° 053 600 8 306001€-02 | 1350928
Alder 4417397° 062 000 2364698 | 5470097

Wetland 13911738° 064 000 | 11789469 | 16024007

Noveg 3010636° 057 aea 1127983 | 4893289

Water 1 1851956° 052 300 10111138 13592774

“Shrub’ Tanferous - 2580764° Q53 060 -4350928 | -8 3060007€-02
Alder 1826634 061 | 116 | -2 1973825E-02 3873005

Wetland 11320974 364 © 000 9204825 13437123

Noveg 4 198719E-02 | 056 ; 9390 | - 1455880 2295624

Water §261192° ! 052 200 | 7527840 1 0994544

Alder Conilerous -4417397° 062 a0 - 3470097 - 2364698
Shrud - 1826634 061 16 - 3873005 2 197383E-02

Wettand 3494340° o7t 1 200 7129285 1 1859385

Noveg - 1406762 365 | 449 . 3552198 7 458748E-02

Water 7434559" a61 300 5404802 | 9464314

TNelang anierous «1 39117238° 064 aoa -1 8034007 -1 1789469
Shrub -1 1320974° 064 000 -1 3437123 - 9204825

Alder - 9494340° a7 000 -1 1859395 - 7129285

Noveg -10901102° Q67 000 13120177 - 3682027

Water . 2059782 063 , 059 - 3159867 4 030298E-03

“Noveg Comferous - 3010636° 057 Q00 | - 4893289 - 11273982
Shrub -4 1987195E-02 056 980 | - 2295624 1455880

Alder 1406762 065 449 1 .7 4587484E-02 3559398

Wetland 1.0901102° 067 000 8682027 13120177

‘Nater 8841320° 056 000 6983710 1 0698930

“Natar Conferqus -1 1851956 052 . QGO -1 3892774 -1 Q111138
Shrub -9261192° 052 Q00 -1 0994544 - 7527840

Aldar . 7434559° 061 000 - 9464314 - 5404803

Wetland 2059782 063 059 | -40302983E-03 | 4159867

Noveg - 8841320° 056 | 000 -10698930 - 6983710

Tonieraus Shrib 67841477 053 000 2034973 ) 8533319
Alder - 7634593° 061 000 -9674475 | - 5594711

‘Netland -9162776° 063 000 -11271793 - 7053760

Noveg 1948514° 056 03§ T 761676E-03 3819411

Water - 1372122 052 223 - 3102069 3578256E-02

Shiub Coniferous -G784147° 053 000 - 8533319 - 5034974
Alder -1 3418740° Q61 000 -1 6452333 -1 2385146

Wetland -1 5946923° 063 000 -1 8049858 -1 3843948

Noveg - 4835633° 056 000 - 6398672 - 2971564

Water - 8156269° Q52 000 - 9878797 - 6433741

Alder Coniferous 7634593 061 100 5594711 9673475
Shrub 14418740 061 000 12385146 16452333

‘Wetland - 1528183 o7 455 - 3878470 8 221033602

Noveg 9583107° 064 [ ]s] 7443912 11722301

Water 65262471° 081 000 4245380 8279552

Wetland Coniferous 9162776" 063 000 7053760 11271793
Shrub 1 5946823" 063 000 1 3843988 1 8049858

Alder 1528183 o071 455 -8 2210331E-02 3878470

Noveg 11111290 | 066 000 8906072 13318508

‘Water 7790654 063 Qg0 5703683 9877625
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Table A-6: Standardized Distances - Land Cover (cont.)

\ean Difference ‘ ; 95% Canfigence Interval

Dependent Vanabie () Land Cover  (J) Lana Ccver f1-J} Stg Emor | Sig. Lower Bound | Upper Boung
Zscore(PL ) Noveq Tonteraus TT538513" 056 | 035 TIBTRTT] -7 7516755803
Shrub 4835633" | 056 | 000 | 2971594 | 5696672
Alder -3583107° Q64 | o0e | 11722301 | . 7443912
Wetland -1 1111200" | 086 : 000 | -1 3316508 | - 8306672
‘water - 31320636" | 955 | o000 | - 5166646 | - 1474625
Nater “Caaiterous 1372122 0527 223 | -35782558€02 | 3702069 |
Shrub 3156269° 082 I 000 1 §432741 3878797
Alder -5262471° | 061 | 000 - 8279552 - 4245390
Netlang - 7790654" | 83 : 000 ‘ - 9877625 | - 5703683
Naveg 3320636" | 055 | 000 1474625 | 5166646

* The mean difference 3 significart at the 05 level.
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Appendix B

Decision Rules for the Classification of Habitat Parameters



Table B1: Deciston Rules tor Substrate Tvpe Classification

Rule i If
Gradient = [0.17,0.29[
Width = (0. 14
Band! =[119(

Then
Substrate Type = Rubble  8.0v,
Substrate Type = Boulder 59.39,
Substrate Type = Bedrock 32.7%,

Rule 2 It
Gradient =[0.17.0.29(
Width = [0,14(
Band! =[19.34[

Then
Substrate Type = Rubble 39.8%,
Substrate Type = Boulder 24.79;
Substrate Type = Bedrock 3359,

Rule 3 [f
Gradient = (0.17.,0.29(
Width = [0.14]
Bandl = {34.70]

Then
Substrate Type = Gravel 25.77,
Substrate Type = Rubble 25.7%,
Substrate Type = Boulder 12.97;
Substrate Type = Bedrock 33.6";

Rule 4 If
Gradient = [0.17.0.29(
Width ={14,60]

Then

Ruie 5 If
Gradient = [0.29,0.43[
Pcd4 =[-8.24.3.3[

Then
Substrate Type = Gravel 87.2%
Substrate Type = Rubble 4.4%
Substrate Type = Boulder 8.3%

Rule 6 If
Gradient = [0.29.0.43]
Pcd =[3.3,14.79]

Substrate Type = Bedrock 100.0°%%

Then
Substrate Type = Gravel 11.8%
Substrate Type = Rubble 32.4°%
Substrate Type = Boulder 5.9,

Rule 7 If
Gradient = [0.43.3.68)
Width = (0,14

Then
Substrate Type = (Geavel 12 42,
Substrate Type = Rubble 67 3%,
Substrate Type = Bedrock 19.99,

Rule 3 If
Gradient = [0.43.3.68)]
Width = [14,20(
Pe2 = [-90.35.0.44(

Then
Substrate Type = Rubble 34.[¢
Substrate Type = Boulder 6.8%,
Substrate Type = Bedrock 39.0%

Rule 9 If
Gradient = {0.43.3.68]
Width = [14,20(
Ped = (044,212

Then
Substrate Type = Rubble 29.0%,
Substrate Type = Boulder 38.1%,
Substrate Type = Bedrock 12.9%

Rule 10 If
Gradient = [0.43,3.68]
Width = [14.20]
Pc2 =[2.12.22.35]

Then
Substrate Type = Rubble 18.6%
Substrate Type = Boulder 16.9%
Substrate Type = Bedrock 64.4%

Rule [ 1 If
Gradient = [0.43,3.68]
Width = [20,60]
Then
Substrate Type = Boulder 26.1%
Substrate Type = Bedrock 73.9%




Table B2: Decision Rules for Channel Pattern Classitication

Channel Pattern = Riffle 11.3%
Channel Pattern = Steady 17.2%
Channel Pattern = Flat  7.7%

Rule 2 If
Width = [0.12]
Gradient = [0.43.3.68]
Then
Channel Pattern = Run  1.4%
Channel Pattern = Riffle 98.6%;

Rule 3 [f
Width = (12.17]
Gradient = {0,0.36[
Bandl =[1.9(

Then
Channel Pattern =Run  14.3,
Channel Pattern = Riffle 21.4%%
Channel Partern = Steady  64.3%,

Rule 4 If
Width = [12.17]
Gradient = [0.0.36]
Bandl ={9.13{

Then
Channel Pattern = Run  19.0%
Channel Pattern = Ruffle  9.3%,
Channel Pattern = Steady 23.8%
Channel Pattern = Flat  42.9%
Channel Pattern = Rapid  4.8%

Rule 5 If
Width = [12.17(
Gradient = (0,0.36f
Bandl = (13,27

Then
Channel Pattern = Run  8.2%
Channel Pattern = Riffle 34.0%
Channel Pattern = Steady 4.1%
Channel Pattern = Flat  30.9%

Channel Pattern = Rapid  22.7%

] Rule 1 If Rule 6 If
Width = [0.12] Width ={12.17[
Gradient = [0.0.43] Gradient = [0.0.36]
Then ; Band! =[2738]
Channel Pattern = Run  62.6% . Then

Channel Pattern = Run  2.29,
Channel Parern = Rittle 66.7%
Channel Pattern = Flat 2.2,
Channel Pattern = Rapid  28.9%;

Rule 7 If
Width = [12.17]
Gradient = [0.0.26[
Bandl =[38.111]
Then
Channel Pattern = Rapid 100.0"%

Rule 8 If
Width = [12,17]
Gradient = [0.26.0.43[

Then
Channel Pattern = Run  38.0°,
Channel Pattern = Riffle 27.3°,
Channel Pattern = Steady 14,59,

Rule 9 If
Width = [12,17[
Gradient = [0.43.3.68]
Then

Channel Pattern =Run 11].6%
Channel Pattern = Ritfle $8.49

Rule i0 [f
Width = [17,27]
Gradient = [0.0.3¢[
Then
Channel Partern = Ritfle 30.1%

Channel Pattern = Steady 27.1%

Channel Pattern = Rapid 42.9%,
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Table B2: Decision Rules tor Channel Pattern Classitication (cont.)

Rule 11 If
Width = [17,27(
Gradient = [0.36.0.45(

Then
Channel Pattern = Run 49 8%
Channel Pattern = Riftle 46.3"%
Channel Pattern = Steady  4.0%%

Rule 12 If
Width =(17.27]
Gradient = {0.45,3.68]
Pc3 = [41.56.0.73]

Then
Channel Pattern = Run  40.0%%
Channel Pattern = Riffle 35.6%
Channel Pattern = Rapid  4.4%,

Rule 13 If
Width = [17.27]
Gradient = [0.45.3.68]
Pc3 =(0.73.6.82(

Then
Channel Pattern = Run  36.9%
Channel Partern = Riffle (7.6
Channel Pattern = Rapid  253.3%%

Rule 14 If
Width = {17.27]
Gradient = [0.45.3.68]
Pc3 ={6.82,51.68]

Then
Channel Partern = Run  30.4%%
Channel Pattern = Riffle  3.6%
Channel Pattern = Rapid  66.1%

Rule 1[5 If
Width = [27.60]
Gradient = [0.0.36]
Then
Channel Pattern = Riffle 47.1%
Channel Pattern = Steady 52.9%

|
!
|
1
E
|
|

i

Rule 16 If
Width = [27.60]
Gradient = [0.26.0.43]
Bandl =[1.9(
Then
Channel Pattern = Ruftle  7.39,
Channel Pattern = Steady  62.3°,
Channel Pattern = Flat 30.0°a
Rule 17 If
Width = {27.60]
Gradient = {0.36.0.43[
Bandl = [9.538]
Then
Channel Pattern = Run  10.39%,
Channel Pattern = Riffle  7.6%
Channel Pattern = Steady 12.9%%
Channel Pattern = Flat 69.0%

Rule 18 if
Width = [27.60]
Gradient = [0.45.3.68]}
Then
Channel Pattern = Run  96.4"%»
Channe! Pattern = Rapid 3.6
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Table B3: Decision Rules for Land Cover Classttication

Rulel If
Bandl = [0.14]
Pcl ={-158.86.-40.08(
Then
Land Cover = Comiferous  90.3%%
Land Cover = Water 9.5%,

Rule2 If
Band! = [0.14]
Pc2 = [-40.08.126.48]
Then
Land Cover = Comiferous  1.3%,
Land Cover = Water 98.7",

Rule3 If
Bandi =[14.31]
Pc2 = (-1358.86.-8.38{
Then
Land Cover = Comiferous 95.2";
Land Cover = Shrub 4.7

Ruled If
Bandl = {14.31(
Pc2 =[-8.58.61.14(
Then
Land Cover = Water 100.0%,

Rule3 If
Bandl = [31.48(
Pc2 ={-158.86.-102.37(
Then
Land Cover = Coniferous 31.4%%
Land Cover = Shrub  48.6%

Rule6 If
Band! = [31,4§(
Pc2 ={-102.37,-79.04[

Then
Land Cover = Coniferous 34.5%
Land Cover = Shrub 32.8%
Land Cover = Alder 32.8%

Rule? [t
Bandl = [31 48]
Pc2 =[-79.04.-40.08]
Band} = [23.39{
Then
Land Cover = Comifercus  73.39,
Land Cover = Shrub  26.77,

RuleS8 It
Bandl =[31.48f
Pe2 = [-79.04.-40.08]
Band3 =[39.86(
Then
Land Cover = Coniferous  9.2°,
Land Cover = Shrub 17.3%
Land Cover = Alder 73.59;
Rule9 If
Band! =[31.48[
P2 = [-79.04.,-40.08]
Bandd = [86.149[
Then
Land Cover = Coniferous 22195
Land Cover = Shrub 61.35%,
Land Cover = Alder 1547,

Rulel0 If
Bandl = [31,48]
Pc2 = [-40.08.-8.3§[

Then
Land Cover = Coniferous  6.4°4
Land Cover = Shrub 44.7%,
Land Cover = Alder 17.0%%
Land Cover = Wetland 31.9%

Rulell It
Bandl = [48.3§f
Ped = [-27.42.-1.14f
Then

Land Cover = Coniferous  5.7%
Land Cover = Shrub  76.2%,
Land Cover = Alder 13.1%
Land Cover = Wetland 4.9%




Table B3: Decision Rules for Land Cover Classitication (cont.)

Rulel2 If
Band! = (48.38]
Pcd = [-1.14.13.11]
Then

Land Cover = Coniferous  (.6%

Land Cover = Shrub  13. l“o
Land Cover = Alder 81.2
Land Cover = Wetland 2,9"1:

Rulel3 [t
Bandl =(38.71(
Ndvi = {-0.051,0.063]
Then

Land Cover = Noveg 100.0%

Ruleld [f
Bandl ={38.72
Ndvi = [0.063.0.213]
Then
Land Cover = Shrub 75.0%
Land Cover = Noveg 25.0°,

Rulels If
Bandl = [58.72]
Ndvi =[0.213.0.312(
Pc2 = [-79.04,-38.21]

Then
Land Cover = Shrub 18.2%
Land Cover = Wetland 81.8%

Rulelé If
Bandl = (38.72
Ndvi=[0.213.0.312[
Pc2=1[-58.21,-8.58(
Then

Land Cover = Shrub 33.1%
Land Cover = Alder 9.4%
Land Cover = Wetland 12.5%
Land Cover = Noveg 25.0%

Rulel7 If
Bandl = (58.72[
Ndvi =[0.312.0.402[
Pcd = [-27.42.1.7]

Then
Land Cover = Shrub 72.7%
Land Cover = Alder 10.9%
Land Cover = Wetland 12.79%
Land Cover = Noveg 3.6%

Rulel3 If
Band1 = [58,72[
Ndvi =[0.312.0. 402[
Ped =[1.7.13.11]

Then
Land Cover = Shrub 7,59,
Land Cover = Alder 90.00,
Land Cover = Wedand 230

1

Rulel9 If
Bandl = (58,72(
Ndvi = [0.402.0.669]
Then

Land Cover = Shrub 87.7%,
Land Cover = Alder  8.3%
Land Cover = Wetland 0.8,
Land Cover = Noveg  3.1%

Rule20 If
Bandl = [72,103]
Bandl} = [39,68]
Then

Land Cover = Water 100.0%;

Rule2l If
Bandl = [72.103[
Band3 =[68.113[

Then
Land Cover = Shrub  38.1%,
Land Cover = Alder 4,79,
Land Cover = Wetland 11.6%,
Land Cover = Noveg 25.6",

Rule22 [
Band! =[72.103[
Band3 =[115.176[
Ndvi = [-0.244.0.213[

Then
Land Cover = Shrub  3.8%
Land Cover = Wetland  8.8%
Land Cover = Noveg 87.5%
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Table B3: Decision Rules for Land Cover Classitication (cont.)

l

Rule23 If
Bandl = [72.103(
Band3 ={115.176[
Ndvi1 = [0.213.0.402[

Then
Land Cover = Shrub  13.0°,
Land Cover = Wetland 70.6%
Land Cover = Noveg 14.4%

Rule24 1€
Bandl =[72.103(
Band3 =[176.244]
Then
Land Cover = Shrub 11.1%
Land Cover = Noveg 88.9%,

Rule2s It
Bandl = {103,153[
Bandd = [2,221]
Then

Land Cover = Noveg i00.0%

Rule26 If
Bandl = [103.133(
Bandd = [221,249]
Then
Land Cover = Wetland 80.29%
Land Cover = Noveg 19.8%

Rule27 (f
Bandl = [153.223]
Then
Land Cover = Noveg 100.0%
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