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Abstract

Remote sensing offers an alternative method to managers in mapping and 

monitoring the habitat within large rivers. Large rivers are not accommodating for 

traditional (foot) fish habitat surveys due to their size and typically complex habitat. This 

study investigates the use of digital aerial photos and thermal infrared images acquired in 

spring 2003-2005 to map and quantify juvenile Chinook salmon (Oncorhynchus 

tshawytscha) habitat in a 12-river km section of the Unuk River floodplain in Southeast 

Alaska. Images were processed and analyzed to produce a fluvial landscape classification 

(7 landcover classes with an overall classification accuracy of ~ 84%) using a 

combination of aerial and thermal images. Change detection of large woody debris (LWD) 

was also examined and revealed both quantitative and distributional changes during the 3 

years. A GIS-based habitat suitability analysis was used to identify potential Chinook 

salmon rearing habitats including: river channel edges, sloughs, braids, pools associated 

with LWD and primary river channels. Overall 77.82 hectares of potentially 

medium/high Chinook rearing habitats were identified. Results from this study provide a 

promising foundation towards mapping and monitoring salmon habitat in large river 

systems for purposes of protection, conservation and monitoring to ensure sustainable 

stocks of salmon.
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Large rivers and their surrounding watersheds typically produce the largest runs 

of salmon (Healey 1991), thereby contributing to the integral food webs sustaining 

wildlife and fish populations as well as the economic and social linkages important to 

humans. Despite the well established fact that salmon abundance and distribution 

throughout a watershed are strongly influenced by suitable habitat quantity and quality, 

food, as well as intra- and inter-species interactions (Bjom and Reiser 1991; Knudsen

2002), habitat degradation continues to be one of the leading factors in the decline of 

salmon in the Pacific Northwest (Beechie et al. 1994; Rosenfeld 2003; Thompson and 

Lee 2000; Kaufmann and Hughes 2006). Therefore, it remains evident that a gap exists in 

the current paradigm of Pacific Salmon management defined by our difficulty to 

comprehend and quantify the synergistic relationships that exist between these freshwater 

habitats and salmon production (Knudsen 2002). Moreover, it becomes essential that we 

have the tools and ability to accurately map and monitor these important freshwater 

habitats to promote sustainability within these populations, particularly when managers 

are faced with conflicting land uses at the watershed scale (Toepfer et al. 2000; Rosenfeld

2003).

Fish habitat surveys have traditionally been accomplished by on the ground foot- 

efforts, and represent widely accepted methods used to map, classify, and quantify 

freshwater habitats (Bisson et al. 1982; Hankin and Reeves 1988; Paustian et al. 1992). 

However, the scale and geographic scope of traditional habitat survey methodologies are 

more appropriately defined and practical for the smaller stream systems and therefore 

ineffective in large river systems due to their size and typically complex habitats (Poole 

et al. 1997; Whited et al. 2002). Consequently, mapping, quantitative assessment, and 

monitoring of salmon habitat in large river systems still poses a significant challenge to 

fisheries managers, which may be better addressed by alternative methods.

An alternative approach involving remote sensing, image processing, and a 

geographic information system (GIS) provides the tools needed to address the geographic
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extent of these large river habitats, but at a scale that is still suitable and relevant to fish 

(Fausch et al. 2002). Remote sensing allows a spatially explicit continuous view, both 

longitudinally and laterally characterizing how habitats are arranged in space, and 

ultimately available to salmon (Schlosser and Angermeier 1995). This approach is further 

strengthened when combined with image processing techniques and a GIS, thereby 

defining an alternative method to begin mapping fish habitat in large river systems 

(Fausch et al. 2002). Further, remote sensing is particularly well suited for habitat 

mapping and monitoring within large river systems in remote locations where logistical 

constraints make traditional habitat surveys difficult at best in many situations.

Remote sensing, image processing, and GIS-based approaches to map, quantify, 

and monitor fish habitats are relatively new to the fisheries field (Fisher and Rahel 2004), 

despite the fact that fisheries managers have long used aerial photographs for visual 

interpretation of watershed features (Murphy et al. 1989; Beechie et al. 1994). Based on 

this, the overall goal of the research described in this thesis is to examine the use of 

remote sensing, image processing, and a GIS to spatially map and quantify potential 

juvenile Chinook salmon (Oncorhynchus tshawytscha) habitat in a remote, large glacial 

river floodplain in Southeast Alaska, with an emphasis on both capabilities and 

limitations. Therefore, the research described in this thesis primarily focuses on 

developing the methods and image processing techniques to assist in estimating and 

monitoring Chinook salmon rearing habitat in these large river systems.

Objectives

The objectives outlined in this study are incremental with regard to the complete 

series of steps necessary for achieving our overall goal. In Chapter One, we examine the 

potential of using high-resolution digital aerial photography to spatially and temporally 

map large woody debris (LWD). This chapter focuses on determining which image 

processing techniques most accurately enhance LWD in the images. If an accurate 

method is established, we will evaluate the quantity and patterns of LWD over a three- 

year time frame within the study area, allowing for estimates of change detection.
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Material contained within Chapter One has already been published, however additional 

metrics and discussion pertinent to the thesis project are included in addition to the 

original manuscript.

In Chapter Two, we test the ability of using simultaneously acquired airborne 

digital photographs and thermal images for an improved fluvial landscape classification. 

Fluvial landscape elements (landcover classes) are identified using different processing 

techniques on the digital photos and thermal images. The second part of the chapter 

focuses on the patterns and relationships of the landscape elements derived from the 

fluvial landscape classification. Analysis of these spatial patterns will help us better 

understand how these landscape elements are related quantitatively and longitudinally 

within the river corridor. Chapter two is currently in press within a peer-reviewed journal, 

but similar to chapter one also contains additional metrics and discussion in addition to 

the original manuscript.

In Chapter Three, we synthesize the incremental objectives and results of 

Chapters one and two in an effort toward assessing our overall goal. In this chapter we 

examine the use of remote sensing data (high-resolution digital aerial photography and 

thermal imagery) integrated into a GIS to map and quantify juvenile Chinook salmon 

habitat. We discuss the capabilities and limitations of this remote sensing, image 

processing, and GIS-based approach. We also address implications for future research 

focused on using remote sensing to map and monitor salmon rearing habitat.

Study Area

The study area is the Unuk River (Latitude 56 ° 14’ N, Longitude 130 0 52’ W) 

and is one of only a handful of large transboundary rivers in Southeast Alaska (SEAK) 

(Figure 1). The Unuk River emerges from a heavily glaciated area of northern British 

Columbia, Canada draining an area of 3,885 km“. The Unuk River flows for 129 river 

kilometers (km) to its saltwater confluence in Burroughs Bay, in upper Behm Canal, 85 

km northeast of Ketchikan, Alaska. The lower 39 km of the Unuk River navigates though 

Alaska, within Misty Fiords National Monument part of the Tongass National Forest.
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Misty Fiords is part of the Mountain ecological subsection within Southeast 

Alaska and is underlain by a granitic batholith. Volcanic activity has occurred at Blue 

Lake within the Unuk River watershed as a result of bedrock folding and faulting from 

the abutment of the Coast Range megalineament (Nowacki et al. 2001).

The United States Geological Survey (USGS) installed a seasonal stream gage in 

May of 2003 and records indicate a mean seasonal discharge of 219.90 m3/s, with a 

minimum of 14.38 m3/s (March 12, 2006) and a maximum of 984.18 m3/s (October 26,

2003). Peak flow events typically occur during summer snow melt and with the heavy 

rains normally occurring in late fall. Annual precipitation for the area averages 

approximately 4 meters, including snowfall. The Unuk River floodplain (Alaskan portion) 

is characterized by large braided, glacial outwash channels that function as sediment 

deposition areas. These channels transport extremely large sediment loads that create the 

braided channel network and extensive floodplain (Paustian et al. 1992). The Unuk 

River’s forest and riparian cover consists of Sitka spruce (Picea stichensis), western 

hemlock (Tsuga heterophylla), black cottonwood (Populus trichocarpa) and red alder 

(Alnus rubra) comprising the overstory, with Sitka alder (Alnus sinuate), willow (Salix 

spp.), blueberry and huckleberry ( Vaccinium spp.), salmonberry (Rubus spp.) and false 

azalea (Menzizia spp.) inhabiting the understory. The forest cover has been protected 

under its status as part of the Misty Fiords Monument with the exception of log salvage 

that occurred between 1971 to 1983 within the lower river, specifically the lower portion 

inundated with tidal influence.

The Unuk River is typically distinguished as the fourth largest Chinook salmon 

producer in SEAK behind the “major producers”; the Taku, Stikine, and Alsek Rivers 

(Mecum and Kissner 1989). The Unuk River Chinook salmon population is one of 11 key 

populations used by Alaska Department of Fish and Game (ADF&G) to evaluate and 

monitor Chinook salmon escapement throughout all of SEAK (Pahlke 1993). ADF&G has 

obtained a long-time series of adult Chinook counts (indices of escapement) on the 

spawning grounds, with the first surveys having occurred in 1961 (Anthony et al. 1965), 

and standardized in 1977 (Mecum and Kissner 1989). ADF&G currently conducts a full
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stock assessment program (since 1997) which includes in-river mark-recapture of returning 

adult Chinook and coded-wire tags (CWTs) studies of Chinook fingerlings and smolt 

(Hendrich et al. unpublished). Based on mark-recapture experiments and CWTs studies, 

ADF&G estimates spawning abundance of large Chinook salmon (> 660 mm mideye-to- 

fork) to have averaged 6,000 with a range between approximately 3,000 and 11,000 

(Weller and McPherson 2006) and mean fmgerling and smolt population estimate of ~ 515, 

000 (SE =131,586) and 316,678 (SE = 29,694) (Hendrich et al. unpublished).

In addition to Chinook salmon, the Unuk River provides habitat for at least 13 

fish species including: chum salmon (Oncorhynchus keta), coho salmon (O. kisutch), 

pink salmon (O. gorbuscha), sockeye salmon (O. nerka), rainbow trout (O. mykiss), 

cutthroat trout (O. clarki clarki), Dolly Varden (Salvelinus malma), Arctic grayling 

(Thymallus arcticus) introduced to a lake on the drainage, eulachon (Thaleichthys 

pacificus), Pacific lamprey (Lampetra tridentata),, mountain whitefish (Prosopium 

williamsoni), Cottidae species, Gasterosteidae species (Dave Magnus, ADF&G personal 

communication; Paul Kissner, retired ADF&G, personal communication).

Specifically, this study focuses on a 12-river km (Rkm) section of the lower Unuk 

River floodplain, beginning at Rkm-8 and extending to Rkm-19 (Figure 2). The entire 

study area therefore, is located 8-19 Rkm above the saltwater confluence (denoted as 

Rkm-0). The study area corresponds approximately in geographic extent to the section of 

the floodplain that is minnow trapped during CWTs studies (Mecum and Kissner 1989; 

Hendrich et al. unpublished). Rkm bins (Figure 2) were delineated based on a routed 

stream arc and floodplain extent bounded by the 200 foot contour with specific details 

outlined in Appendix A. The kilometer bins represent the sampling units for this study, 

Torgersen (1999) demonstrated the advantages in using 1-km bins for riverine studies in 

that the geographic positioning of the data is spatially preserved longitudinally allowing 

for data to be summarized geographically and at a consistent spatial scale. We chose the 

use of bins similar to stream reaches or grouping river sections by their geomorphic 

characteristics, but as an attempt to more objectively establish boundaries and also 

preserve longitudinal geographic position. The exact location of the defined boundary is
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then intrinsically dependent on the location of the origin or river km zero and the routed 

stream arc pattern.

A longitudinal shift in the floodplain’s geomorphic properties is evident within 

the study area. The lower portion is described primarily by anastomosing channels 

contained on both banks by steep side slopes and separated by large vegetated islands, 

whereas moving upriver the channels grade to a largely braided form that are more 

dynamic in comparison. The diverse array of habitats (i.e. main stem, sloughs, braids, and 

side channels) nested within the study area provide crucial overwintering habitats for 

juvenile salmon.
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FIGURE 1—Location of Unuk River study area. Unuk River originates in British Columbia with its saltwater confluence in 
Southeast Alaska, northeast of the city of Ketchikan. The location of the 12 river km study reach is shown by the rectangle in 
the inset map.
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FIGURE 2—Unuk River 12-river kilometer (Rkm) study area, represented by each river 
km bin. Image displayed is the IKONOS pan-sharpened satellite imagery obtained for the 
study area. Images were acquired for the lower river during spring (March & April) and 
the upper river in late-summer (August) 2005.
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Digital Aerial Photography

Airborne digital images were acquired for the Unuk River during presumed low- 

flow events, shortly following ice-out in 2003-2005. Dates of image acquisition during 

2003 and 2004 occurred on May 5th, imagery in 2005 was obtained on April 23rd.

ADF&G personnel captured imagery from the estuary to the US-Canada border using a 

Kodak DCS760 with a Nikkor 28 mm lens. The camera operates in the blue, green, and 

red spectral regions of the electromagnetic spectrum. In 2003 images were captured over 

the study area at a flight altitude of 1,981 m corresponding to ground pixel spatial 

resolutions of 0.65 m . In 2004 and 2005 the flying height was adjusted to 1,414 m to 

acquire images at a resolution of 0.45 m .

A DeHavilland Beaver aircraft with a fixed-belly camera mount housed the 

airborne digital camera system and was used for all flight missions. The camera system 

included: an on-board avionics quality GPS receiver, digital compass, Inertia 

Measurement Unit (IMU), and on-board data logging system (TerraMar ™ 2005). Images 

were acquired in pre-determined flight lines that varied by year. In 2003, the 0.65 m2 

images were all captured along 1 flight line. In 2004 four bi-directional flight lines and 

six uni-directional flight lines in 2005 were used for image acquisition. Image overlap 

consisted of 20 percent endlap in 2003, 20 percent end and sidelap in 2004, and 60 

percent end and sidelap in 2005. All flights occurred between 10:00 am and 3:00 pm on 

cloud-free days.

Flight missions were targeted to correspond with spring low-flow events (shortly 

after ice-out, but before deciduous leaf out) to facilitate a more comprehensive view of 

the river channels. Imagery acquired during the spring of 2003-2005 likely represents 

temporally similar habitat conditions that were sustained over the winter months and 

therefore available to salmon. Additionally, lower flows expose LWD accumulations 

allowing the ability to more accurately map these features. Mean daily flow conditions of 

84.95 m3/s, 195.24 m3/s, and 128.28 m3/s were recorded from the USGS stream gage for 

2003, 2004, and 2005 during image acquisition.

Image Data
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Thermal Imagery

In 2005 thermal imagery in a single 7.5- 13 pm broad band spectral range was 

acquired using a ThermaCam S40 (FLIR systems ™ 2007) forward-looking infrared 

(FLIR) sensor with 24 0 lens. Emitted infrared energy predominates at these wavelengths 

over reflected energy (e.g. Lillesand et al. 2004). The FLIR sensor was dually mounted 

with the digital airborne system to simultaneously capture images at a rate of 30 images 

per second. The FLIR sensor has a smaller footprint in comparison to that of digital aerial 

images requiring a larger number of flight lines over the study area for adequate image 

overlap. Flying at an altitude of 1,414 m provided 14 bit thermal images with a ground 

resolution of 1.88 m2. The FLIR sensor is capable of detecting temperature variances of 

0.8 ° Celsius on sharp, calibrated images (FLIR systems 2007). Atmospheric humidity 

and temperature at ground level, and flying height were input into the FLIR proprietary 

software package to carry out automated atmospheric correction of the recorded thermal 

data.

The FLIR software uses a simple inversion of Planck’s function to convert 

spectral radiance to radiant temperature values. In this study our primary interest was the 

river water temperature and its thermal contrast with other landcover classes. For 

simplicity and lack of accurate emissivity information on all landcover classes, we used a 

uniform emissivity value of 0.96, which is representative of the emissivity of river water 

in our study area (Torgersen et al. 2001). Considering the fact that most natural 

substances have emissivity values between 0.80 -  0.97 and the landcover classes in our 

study had high thermal contrast, taking a uniform emissivity of 0.96 did not influence our 

classification result (e.g. Lillesand et al. 2004).

Satellite Imagery

Archived pan-sharpened IKONOS satellite imagery (GeoEye) was also obtained 

for the study area. The IKONOS sensor acquires five bandwidths, one panchromatic band 

(0.45-0.90 pm) and four multispectral bands (blue, 0.45-0.52 pm; green 0.52-0.60 pm; 

red, 0.63-0.69 pm; near-infrared, 0.76-0.90 pm) at 1 m2 and 4 m2 spatial resolutions.
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Four 11 -bit standard ortho scenes with nearest neighbor resampling and UTM zone 9N, 

datum WGS84 were purchased for the study area. These scenes have a positional 

accuracy of 50 m (estimated 90% of the time), but may vary up to 75 m in high terrain 

areas. The four scenes available were captured on three different dates with varying flow 

levels and foliage parameters. The lower river images were acquired on March 24, 2005 

and the upper river images on April 26, 2005 and August 11, 2005. All images had 5 

percent or less cloud cover.

Image Pre-processing

A very intensive part of this study was devoted to transforming the raw images 

into images that were tied to map coordinates. The IKONOS imagery served primarily as 

base imagery for georectification of airborne data. Specific methods used for image 

preprocessing are outlined in Appendix B. To cover the study area 105 aerial photos and 

168 thermal images were georeferenced and mosaiced. The IKONOS images were not 

used for classification due to temporal differences with the simultaneously acquired 

thermal and aerial images.
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Chapter 1: Monitoring Large Woody Debris Dynamics in the Unuk River, Alaska 

Using Digital Aerial Photography1 

Abstract

Large Woody Debris (LWD) is a dominant fish habitat-forming factor in forested 

watersheds and changes in its accumulation pattern influence the morphology, flow 

characteristics, ecological attributes, and physical habitats along a river. Ground-based 

surveys of LWD are ineffective in large rivers due to their size and logistical constraints 

therefore requiring alternative methods of survey. To spatially map and quantify patterns 

of LWD, digital aerial photos were acquired for the Unuk River floodplain in Alaska (12 

river kilometer (Rkm) study area) during the spring of 2003, 2004, and 2005. Digital 

processing of aerial photos involved high-pass filtering on the second principal 

component image, followed by a low-pass filtering, thresholding, and color coding to 

map individual logs and large wood accumulations. This processing technique provided 

an effective classification of the LWD with an overall mean classification accuracy of 

90.00% for the three years. Based on the image processing results, we estimated that 29.4, 

31.3, and 37.6 hectares of ground area were covered by LWD. An evaluation of change 

detection of LWD revealed that the quantity of LWD was not static, but changed within 

the study area, varying by year and Rkm. Overall we estimated a 7% increase in LWD 

between 2003 and 2004 and a 20% increase between 2004 and 2005. The changes are 

attributed to large flood events occurring in late fall in both 2003 and 2004. Large shifts 

in LWD have caused main channel shifts, channel splits, merging of split channels, and 

changes in locations of sand bars and pools, dislocating and redistributing known fish 

habitat.

'Smikrud, K.M. and A. Prakash, 2006. Monitoring large woody debris dynamics in the 
Unuk River, Alaska using digital aerial photography. GIScience & Remote Sensing 
43(2):142-154.
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Introduction

Ground-based surveys of large woody debris (LWD) are ineffective in large rivers, 

due to time and logistical constraints (especially in remote locations) and the fact that 

ground-based surveys typically lack an easily repeatable temporal component (Poole et al. 

1997; Legleiter et al. 2002; Leckie et al. 2005). In large rivers, ground-based surveys of 

LWD are difficult given the river size and typically complex habitat and for these reasons 

may be better served by alternative methods to spatially document and quantify changes 

in LWD.

LWD is a dominant habitat-forming factor in forested watersheds (Keller and 

Swanson 1979; Bisson et al. 1987; Gumell et al. 2002). Widely reported on in the 

literature, LWD refers to wood pieces (i.e., entire fallen trees, branches, rootwads) 

typically larger than 10 cm in diameter and 2 m in length within stream and river 

ecosystems (Bilby and Ward 1989; Maser and Sedell 1994). Functional relationships 

between LWD and a river’s geomorphological, hydrological, and ecological processes 

are widely documented. Within rivers, LWD is important because of its influence in 

creating pools (Keller and Swanson 1979; Robison and Beschta 1990), modifying 

sediment storage and transport (Megahan and Nowlin 1976; Naiman and Sedell 1980), 

promoting channel complexity (Keller and Swanson 1979; Abbe and Montgomery 1996), 

providing fish and macroinvertebrate habitat (Anderson and Sedell 1979; Bisson et al. 

1987), and altering channel hydraulics/bar accretion (Zimmerman et al. 1967; Bilby 1984; 

Abbe and Montgomery 1996).

Ground-based measurements of LWD in stream networks are the customary 

methods used to quantify LWD and changes occurring, with the majority of LWD studies 

having occurred in smaller streams in comparison to only a few LWD studies in larger 

river systems (Abbe and Montgomery 1996; Piegay 2003). In large rivers, comprehensive 

ground-based measurements of LWD are extremely difficult to successfully accomplish 

and encompass LWD within an entire floodplain expanse. Quantitative ground-based 

measurements of LWD are often subjective in nature due to irregular structure of LWD
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accumulations and the techniques used to estimate LWD metrics (i.e. volume and 

biomass). Commonly, individual pieces of LWD are often counted and visually estimated 

for length and diameter to estimate volume (Reeves et al. 2003). In the case of LWD 

accumulations not all LWD pieces are enumerated or estimated for diameter and lengths, 

but estimated as a theoretical rectangle, in which the width and height are estimated that 

encloses the accumulation (Piegay 1993). These measurements of width and height are 

then used to compute LWD density and volume and finally LWD mass (Piegay 1993).

Change detection of LWD within river networks (i.e. quantity and distribution) 

suffers from the repeatability of LWD measures based on subjective ocular estimates 

rather than objective actual measurements (Poole et al. 1997). Repeatable objective 

methods of LWD change detection will allow changes in LWD to be attributed to actual 

LWD changes versus attributed to errors associated with observer bias and data collection 

(Poole et al. 1997). Repeatable objective methods for mapping and monitoring LWD 

within large floodplain systems will assist us in better understanding the variation in 

stream processes and associated aquatic habitat.

The ability to map, monitor, and interpret LWD distribution patterns promotes an 

understanding of the variations in stream processes and form in a watershed (Piegay and 

Marston 1998; Marcus et al. 2002). Further, mapping and monitoring the spatial 

distribution and quantity of LWD within a river network, highlights processes that are 

occurring within the watershed. By exploring these interrelated spatial patterns of LWD 

distribution and quantity occurring throughout the river network, we hope to gain a better 

understanding of the associated abundance and diversity of aquatic habitats (Martin and 

Benda 2001).

Remote sensing offers an alternative method to researchers and is increasingly 

being used for riverine mapping and monitoring applications (Mertes 2002). Airborne 

remote sensing is an appealing alternative method for researchers because it allows the 

acquisition of high-spatial resolution imagery covering an entire river’s linear length and 

lateral width. However, the application of airborne remote sensing and digital image
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processing techniques for LWD mapping and monitoring within a river system is a field 

that is still in its infancy (Colvard 1998; Marcus et al. 2002; Leckie et al. 2005).

LWD mapping methods using airborne remote sensing data and digital image 

processing techniques has occurred only within the past several years (Colvard 1998; 

Wright et al. 2000; Marcus et al. 2002; Marcus et al. 2003; Leckie et al. 2005). LWD 

mapping was examined using supervised classification techniques on 1-m2 spatial 

resolution, 4-band imagery, but results were poor due to the overlapping spectral 

signatures of the LWD and gravel (Marcus et al. 2002). They attributed these poor results 

to insufficient spatial resolution of the imagery, mixed pixel effects, and coregistration 

problems of the imagery and the field maps. The problem with coregistering the images 

and the field maps was also noted specifically in matching small features (e.g., individual 

logs) to the imagery (Wright et al. 2000). These coregistration problems with the imagery 

and field maps subsequently created a misclassification when using the field maps as 

training data in the supervised classification. Coregistration problems were mitigated by 

field mapping LWD directly to high spatial resolution ( I r a )  hyperspectral (HSRH) 

imagery (Marcus et al. 2003). LWD mapping using hyperspectral imagery was successful 

using a variance-based principal component transformation to the HSRH images, 

followed by a matched-filter approach (Marcus et al. 2003). They concluded that 

hyperspectral imagery provides great potential in spatially mapping LWD at the 

watershed scale. Leckie et al. (2005) also obtained good classification results of LWD 

mapping using 0.80-m , 8-band CASI imagery. They used a spectral-angle mapper 

approach to map LWD and achieving a classification accuracy of 79%. Both these studies 

encountered problems in mapping LWD when the LWD was in the shadow cast or 

obstructed by water and vegetation and concluded that these obstructions are a major 

limitation in stream mapping efforts using a remote sensed approach (Marcus et al. 2003; 

Leckie et al. 2005). Leckie et al. (2005) determined that it is desirable to use sensors that 

acquire at least four bands (blue, green, red, and near-infrared) for mapping stream 

features. Hyperspectral data, however, is relatively expensive to acquire on a routine 

basis for monitoring.
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The research reported in this paper is unique in that it examines the potential for 

using relatively low cost, high-resolution, 3-band aerial photography to spatially and 

temporally map LWD on the floodplain of a glacial, transboundary river. Digital 

detection of LWD is based on its spatial and textural characteristics rather than its 

spectral response alone. Additionally, this study evaluates patterns of LWD over a three- 

year time frame within the study area, allowing for estimates of change detection.

Unuk River Large Woody Debris

The Unuk River floodplain and extending stream network is contained within a 

pristine watershed, where the LWD patterns remain in a natural state, unaltered by 

anthropogenic effects. The riparian vegetation associated with the Unuk River is 

comprised of old-growth Sitka spruce, western hemlock, cottonwood, red alder, and Sitka 

alder comprise the riparian vegetation. Field data collected in conjunction with the flight 

mission show that individual logs from these tree species range approximately from 30 

cm to 150 cm in diameter. Accumulations of LWD of interest for fish habitat generally 

occupy much larger areas than these values, making the airborne datasets of less than 1- 

m~ spatial resolution suitable for LWD mapping purpose (Woodcock and Strahler 1987).

The LWD accumulations within the Unuk River floodplain play an important role 

in providing crucial overwintering habitats for juvenile Chinook salmon (Mecum and 

Kissner 1989). ADF&G have observed and documented higher densities of Chinook 

salmon in close proximity to the LWD accumulations and particularly at water depths 

less than 1 meter (Mecum and Kissner 1989). Field photos of LWD, taken at various 

locations throughout the Unuk River floodplain are illustrated in Figure 3.

The functions of LWD within river ecosystems provide important refuge areas for 

salmon and therefore, ultimately affect salmon production within the watershed. Because 

of its importance LWD is often considered a fish habitat indicator. Therefore the quantity 

and distribution of LWD within the floodplain directly affects the quantity and 

distribution of habitat available to salmon (Hyatt and Naiman 2001). Within the Unuk 

River, only anecdotal information is available on the quantity, movements and
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distribution of LWD. However, it has been observed that the large abundance of LWD 

within the floodplain contributes to the formation of structurally complex habitat 

important to juvenile salmon production.

Annual distribution and patterns of change in LWD are evaluated over a spatially 

continuous and lateral mosaic (Fausch et al. 2002), thereby providing the ‘foundation’ for 

this work. The research presented in this chapter provides a method not only for mapping 

the LWD within the floodplain, but provides base line data on LWD over a 3-year time 

period, offering the first analyses of change detection of LWD within an Alaskan 

transboundary river system, such as the Unuk River floodplain.
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FIGURE 3—Field photos of LWD on the Unuk River floodplain. LWD creates pools 
which provide crucial overwintering habitats for juvenile salmon (a, c, e, and f). Dynamic 
channel and LWD shifts dislocate aquatic habitats; image (d) shows dry channel and 
scoured pool location in spring 2005. This area (d) contained water and juvenile Chinook 
salmon in spring 2004. Textural characteristics of LWD are shown in (b).
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Methods

Image Processing

In this study, the input data was limited to the visible part of the spectrum, where 

the LWD does not show a unique spectral signature. Even when more spectral bands are 

available, such as with hyperspectral data, it would be difficult to uniquely map LWD 

due to overlap of the spectral signatures of LWD and that of the sand and gravel class, 

which surrounds and partly covers it (Marcus et al. 2003). For these reasons, an 

alternative approach was required for digital detection of LWD. As our interest was 

limited to the LWD within the stream, all non-stream areas were masked out a priori. 

Further processing steps adopted in this study are shown in Figure 4.

This alternative processing scheme was based on highlighting the spatial and 

textural characteristics of the LWD instead of classifying the LWD based on its spectral 

characteristic alone. Enhancements in the spatial domain required the use of only one 

spectral band. A principal component transform was performed on the three highly 

correlated bands (Figure 4A) to reduce the dimensionality of the data (Faust 1989; Jensen 

2005). Visual analysis of the three principal components showed that the LWD was most 

pronounced in the second principal component image (PC2) (Figure 4B), which was then 

used as the base image for further processing. On this image the LWD shows an abrupt 

change in digital values compared to the background sand and gravel (high frequency 

variations). To enhance these high-frequency variations the PC2 image was filtered using 

a 3 x 3 variance filter kernel. The use of a high pass filter as the variance filter and small 

kernel size (3 x 3) were chosen to further emphasize the contrast in digital values by 

enhancing the edges between the LWD and background (Lillesand et al. 2004). This 

filtering operation is best represented by the following formula (Leica Geosystems 2003):
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0 )  v a r i a n n f i = ^ ^  ^variance = ■
n - 1

where
Pij = pixel value at location (i,j) in the filter window 
M  = mean pixel value 
n = number of pixels in the filter window

The resultant image has a textural enhancement such that LWD stands out quite 

prominently (Figure 4C). However, other high-frequency variations (noise) not related to 

LWD also gets highlighted, imparting a “salt/pepper effect” in the non-LWD areas. To 

suppress this noise and to further isolate the large wood, a 7 x 7 low-pass filter was 

successfully applied (Figure 4D). The low pass with a larger kernel size (7 x 7) was 

chosen to “smooth” the edge-enhanced image further separating the LWD from areas of 

non-LWD.

The high contrast between the LWD and background areas allowed for an easy 

thresholding to discriminate wood and no-wood areas, which were assigned digital values 

1 and 0, respectively (Figure 4E). The threshold value was set where the slope of the 

image histogram abruptly changed (i.e., inflection point). To further highlight and map 

the LWD, areas with digital value of one were color coded and displayed on the original 

aerial photo (Figure 4F).

LWD Field Data Collection

Field reference data was collected between April 17-23, 2005, both in the 

preceding days and simultaneously with image acquisition. Field data was used to assist 

in interpretation of imagery and classification images. Detailed reference data of LWD 

included locations (GPS waypoints) and measurements (i.e. length and diameter). When 

conditions permitted, individual LWD pieces were identified by species and documented. 

In addition to GPS waypoints, digital photos were taken and annotated with the feature 

and river orientation (upstream/downstream). Examples of the field photos taken at LWD 

are provided in Figure 3.
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Accuracy Assessment

Accuracy assessment of the LWD classification was addressed by a comparison 

of the classified LWD to the original aerial photographs as the reference data. This 

involved an equalized random selection of reference locations for the LWD class and the 

No LWD class being generated. A sample size of 50 reference points per class was used 

in this analysis to obtain an unbiased, representative sample (Congalton and Green 1999). 

An accuracy assessment cell array (error matrix) was created to compare the classified 

images with reference data. This error matrix contained the class name (LWD and No 

LWD) for the pixels in the classified image file and the class name for the corresponding 

reference pixels. The class name for the reference pixels used to populate the error matrix 

was assigned by visual interpretation of the original aerial photograph. Overall 

classification accuracy along with the user’s and producer’s accuracies were computed 

for the LWD and No LWD classes.



FIGURE 4—Processing chain for digital detection of LWD. A through F depict the successive steps followed to detect and 
map LWD. (a) shows the original 3 band RGB image, (b) is the second PC band for the original RGB composite, (c) is the 
result of a 3 x 3 variance filter on the PC2 image (d) is the product after a subsequent 7 x 7  low pass filtering to remove noise, 
(e) is a 2 bit map generated by thresholding and assigning DN one to LWD and zero to background, and (f) final LWD map.
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Data Analysis

LWD Spatially Mapped and Quantity

LWD was spatially mapped using the image processing techniques described 

above. Classified LWD maps were created for the study area with the LWD color coded 

and overlaid on the corresponding original aerial photo mosaics for each of the three 

years. Based on the image processing results, we calculated the quantity of LWD within 

the study area, defined as the ground area covered by LWD. This required enumerating 

the number of pixels classified as LWD and multiplying the result by the individual pixel 

area (0.65 m2). To assess longitudinal patterns of LWD within the floodplain, we plotted 

LWD quantity (hectares) by river kilometer (Rkm) for all three years.

Individual areas of LWD accumulations were delineated by converting the 

contiguous groups of LWD pixels to polygons. This conversion to polygons allowed area 

to be calculated for each of the LWD events and summarized by Rkm. Basic metrics of 

the LWD polygons were summarized by Rkm for each of the three years and compared.

Spatial Analyses of LWD Distribution

To quantify patterns of LWD distribution, spatial point process analyses depicting 

LWD accumulations as points or centroids (points = centroid of LWD 

accumulation/polygon) were analyzed within a GIS environment (Wing et al. 1999; Keim 

et al. 2000; Kraft and Warren 2003). Density estimates of LWD were conducted using the 

kernel density function within ArcGIS (Silverman 1986). The function works by fitting a 

smoothed surface over each of the LWD centroids (Silverman 1986). Weights 

representing area of LWD accumulation were assigned to each LWD centroid and 

incorporated in the density estimate. Gradational density maps, representing LWD 

accumulations/m2 provide a spatial context for analyzing density patterns, especially 

along linear features. Visual analysis of the LWD density maps allowed year to year 

comparisons of the varying patterns and densities of LWD to be presented and explored 

within a spatial framework.
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To assess whether the LWD was distributed in patterns of complete spatial 

randomness, versus clumped or segregated, the mean nearest neighbor value was 

calculated based on the LWD centroids. The average nearest neighbor distance tool 

within ArcGIS (ESRI 2005) was used to calculate the distance between each LWD 

centroid and its nearest neighbor. These values were then averaged and the result 

compared with that of a hypothetical random distribution. The hypothetical or expected 

distance was calculated based on a simulated random distribution with the same number 

of features and area size. All distances calculated were defined as Euclidean distance 

versus a network distance. Based on the index, results less than 1 (complete spatial 

random) were interpreted as displaying patterns of clustering and conversely, greater than 

1 is toward segregation. Similar analyses have been used to evaluate and elucidate LWD 

distribution patterns in other research (Wing et al. 1999; Keim et al. 2000; Kraft and 

Warren 2003).

LWD Change Detection

Change detection as defined by Singh (1989) is the process associated with 

identifying differences in objects by observing them at different times. Changes in the 

quantity of LWD were examined using post classification comparison techniques for the 

three years (Lu et al. 2004). In this procedure, each of the mosaics for the three years 

were separately classified into thematic maps and compared. Based on the classified 

images, we assessed annual changes in LWD quantity by estimating percent change for 

each of the 12 river km bins. Specifically, percent change in LWD quantity was 

examined from 2003 to 2004 and from 2004 to 2005. In mapping the LWD on an annual 

basis, we are not able to detect individual movements of LWD within the study area, but 

simply only able to determine if areas on the ground were covered by LWD year to year

To examine changes in the distribution of LWD over the three years, a new false- 

color composite image was created. The new image stacked the three dates of mapped 

LWD images and assigned each a color code (Genederen et al. 1998). Specifically, 2003 

LWD was color coded ‘red’, 2004 LWD ‘green’, and 2005 LWD ‘blue’. In the new false
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color composite year to year comparisons were made spatially identifiable and 

quantifiable by uniquely color coding year to year relationships. For example, for a pixel 

location that was classified as LWD for all three years, it was color coded white. 

Similarly this method was used to visually and quantitatively assess comparisons 

between 2003 and 2004 (yellow), 2003 and 2005 (magenta), and 2004 and 2005 (cyan).

Flow Regime and LWD Changes

Many years of gage data are necessary to quantitatively describe the natural flow 

regime (Poff et al. 1997). However, in an attempt to qualitatively relate the surface water 

discharge data for the Unuk River to changes in LWD, we calculated basic discharge 

statistics with available gage data (05/01/03-09/30/06). Statistics include probability of 

exceedence flows, maximum, minimum, and mean monthly flows. Peak flow events 

identified by USGS were also noted.

Results 

LWD Detection and Mapping

The processing technique used in this study provided an effective means of 

identifying and mapping the LWD at a level of detail from single logs to large 

accumulations (Figure 5). Results of the accuracy assessments are shown in Table 1. 

Similar patterns of overall, producer’s and user’s accuracies were observed for all three 

years. In general, the 2005 imagery showed the most accurate representation of LWD 

with an estimated overall classification accuracy of 93%. Whereas for both 2003 and 

2004, the estimated accuracies were slightly lower at 88% and 89%.
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TABLE 1—Accuracy assessment of the LWD classification for 2003, 2004, and 2005. 
LWD classification is based on contextual classification of the aerial photos.

2003 2004 2005
Class PA % UA % PA % UA % PA % UA %
No-LWD 82.76 96.00 83.05 98.00 92.16 94.00
LWD 95.24 80.00 97.56 80.00 93.88 92.00

Overall Accuracy % 88.00 89.00 93.00
PA= Producer's Accuracy 
UA= User's Accuracy

The ground-collected data of LWD locations were excluded from an accuracy 

assessment because of the geographical uncertainty of GPS coordinates (accuracy > 6m) 

when overlaid on the high spatial resolution imagery (0.65 m2). This positional 

uncertainty applied primarily to field data that documented single logs within the study 

area versus the LWD accumulations, but even for some accumulations this was difficult 

to determine. For this reason, the accuracy assessment only contained reference data 

based on the aerial photos versus the field collected data.

Classified LWD maps are shown overlaid on the aerial photos for each of the 

three years (Figures 6, 7, and 8). These maps graphically display continuous spatial 

patterns of LWD comprised of both scattered pieces and small/large accumulations.



FIGURE 5—Field validation of remote sensing observations. Image (A) is a subset of the aerial photograph, while image
(B) is the two bit image, showing LWD in white and No-LWD in black. The Arrows in (A) and (B) point to the location
where field photo (C) was taken. LWD consisted of Sitka spruce, black cottonwood, and alder 'J
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FIGURE 6—Classified LWD is displayed in red and overlaid on the 2003 digital 
aerial photo mosaic. LWD was mapped for the Unuk River study area based on image 
processing strategy described in Figure 4. Based on the classified map, 29.4 hectares 
of LWD was estimated for the study area.
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FIGURE 7—Classified LWD is displayed in red and overlaid on the 2004 digital aerial 
photo mosaic. LWD was mapped for the Unuk River study area based on image 
processing strategy described in Figure 4. Based on the classified map, 31.3 hectares of 
LWD was estimated for the study area.
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FIGURE 8—Classified LWD is displayed in red and overlaid on the 2005 digital aerial 
photo mosaic. LWD was mapped for the Unuk River study area based on image 
processing strategy described in Figure 4. Based on the classified map, 37.6 hectares of 
LWD was estimated for the study area.



31

LWD Quantity

Identification and delineation of LWD within the 12-Rkm study area showed an 

increase in the amount of LWD over the three years examined with estimates of 29.4 

(2003), 31.3 (2004), and 37.6 (2005) hectares of ground area covered by LWD. 

Longitudinal profiles of LWD quantity (hectares) by Rkm provided a context to spatially 

and quantitatively compare LWD over the floodplain length of the study area (Figure 9). 

The profile displayed similar LWD patterns across all three years with both peaks and 

troughs in LWD quantity evident in the 12-Rkm section. The longitudinal analysis 

revealed that the quantity of LWD within the study area was not evenly distributed in 

each of the bins, but showed an overall decreasing trend of LWD abundance in the 

downstream direction. Within the study area, Rkm-19 contained the greatest abundance 

of LWD throughout all three years with a mean of 5.96 hectares. In contrast, the area 

with the least amount of LWD was not as clearly defined, but varied among the years 

with lower quantities of LWD found in Rkms-9 and -16, corresponding to means of 1.20 

and 1.48 hectares.

2003
■uo
o
£

River Km

FIGURE 9—Longitudinal profile of hectares of LWD by river km for 2003-2005 for the 
Unuk River study area. Quantity of LWD is based on image processing techniques and 
classified LWD maps. LWD area is defined as the ground area covered by LWD (number 
of pixels classified as LWD; pixel size=0.65 m2).
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Descriptive statistics of the LWD accumulations by year and Rkm are 

summarized in Tables 2, 3, and 4. Individual areas of LWD accumulations were 

determined by converting the contiguous groups of LWD pixels to polygons. Overall 

mean area of LWD accumulations was greatest in 2005 with a mean individual area of

66.4 m2, followed by 64.4 m2 in 2004, and 54.3 m2 in 2003. Within years, the mean area
2 2 *of LWD accumulations within each of the 12 Rkms ranged from 39.9 m to 70.0 m in 

2003; from 43.3 m2 to 86.3 m2 in 2004; and from 40.4 m2 to 84.9 m2 in 2005. River km 

nine (Rkm-9) contained the smallest mean LWD accumulation totaled over all three years, 

whereas, Rkm-14 (2003 and 2004) and Rkm-13 (2005) were very close in value for the 

largest mean LWD accumulation.

Overall, the minimum and maximum areas of the individual LWD accumulations 

examined observed minimum values of 0.0 for all three years and mean maximums of 

3028.0 m2 (2003), 3348.9 m2 (2004), and 4395.7 m2 (2005). Within years, minimum and 

maximum values ranged from 0.0 to 6784.9 m2 in 2003 (Table 2); from 0.0 to 8900 m2 in 

2004 (Table 3); and from 0.0 to 10,574 m2 in 2005 (Table 4). Values of 0.0 represent 

areas of less than 1 m .
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TABLE 2—Descriptive statistics for the 2003 LWD accumulations are summarized by 
river km. An LWD accumulation is defined as a group of contiguous LWD pixels 
(surrounding 3x3 kernel search area) for which an area is calculated.

_______________ LWD Polygon Metrics (Area = m )_______________
River Km Count Min. Area Max. Area Mean Area Sum Area SD Area

8 243.00 0.00 1530.51 48.64 11819.40 145.02
9 181.00 0.00 2817.66 39.91 7224.28 214.16
10 369.00 0.00 2879.98 45.28 16709.53 180.80
11 275.00 0.29 1891.38 51.21 14083.54 161.90
12 307.00 0.01 2855.68 54.96 16873.68 234.89
13 354.00 0.29 2452.47 60.89 21553.65 212.16
14 525.00 0.03 5299.03 70.28 36895.59 296.32
15 484.00 0.02 1973.56 50.71 24543.07 177.68
16 337.00 0.01 3438.93 60.75 20473.28 242.77
17 575.00 0.29 2240.43 43.52 25026.10 158.45
18 715.00 0.11 2170.78 52.93 37845.46 177.23
19 1001.00 0.10 6784.95 58.46 58518.99 254.41

TABLE 3—Descriptive statistics of the 2004 LWD accumulations are summarized by 
river km. An LWD accumulation is defined as a group of contiguous LWD pixels 
(surrounding 3x3 kernel search area) for which an area is calculated.

LWD Polygon Metrics (Area = mz)
River Km Count Min. Area Max. Area Mean Area Sum Area SD Area

8.00 313.00 0.29 2013.82 51.93 16253.97 162.19
9.00 245.00 0.26 2135.03 43.26 10598.81 171.43
10.00 338.00 0.26 1958.08 46.43 15694.89 138.50
11.00 245.00 0.29 2561.63 69.80 17101.49 241.03
12.00 255.00 0.29 3006.65 70.88 18073.15 270.32
13.00 376.00 0.03 5121.16 75.12 28243.67 322.76
14.00 570.00 0.29 6296.87 86.33 49207.39 380.69
15.00 605.00 0.27 3042.15 56.73 34319.88 193.09
16.00 173.00 0.29 1680.57 65.49 11329.91 176.66
17.00 429.00 0.22 874.56 46.91 20123.32 107.67
18.00 551.00 0.29 2594.58 69.11 38082.10 199.93
19.00 729.00 0.29 8900.84 70.98 51741.70 405.10



34

TABLE 4— Descriptive statistics for the 2005 LWD accumulations are summarized by 
river km. An LWD accumulation is defined as a group of contiguous LWD pixels for 
which an area is calculated.

LWD Polygon Metrics (Area = m ')
River Km Count Min. Area Max. Area Mean Area Sum SD Area

8 395.00 0.29 3408.51 62.46 24673.26 224.51
9 429.00 0.29 3359.99 40.39 17327.31 196.91
10 504.00 0.29 3019.94 52.74 26582.28 196.47
11 353.00 0.29 3176.22 58.27 20570.65 229.52
12 284.00 0.29 2307.18 61.20 17381.12 205.36
13 338.00 0.29 6098.92 84.92 28701.79 394.73
14 570.00 0.27 10574.30 84.52 48174.20 520.76
15 429.00 0.29 2938.94 60.85 26104.51 211.68
16 224.00 0.00 2184.97 54.04 12104.81 190.72
17 546.00 0.01 2169.26 52.32 28565.62 150.77
18 721.00 0.28 4410.16 77.33 55752.91 348.75
19 831.00 0.29 9099.70 81.32 67579.00 408.61

Spatial Analyses of LWD Distribution

LWD density distribution maps (# of LWD accumulations m‘2) provided a spatial 

context for visually assessing patterns of LWD density within and between years (Figure 

10). Comparison of LWD density maps (2003-2005) revealed locations of both 

increasing and decreasing LWD density within the study area. LWD density ranged in 

value from 0.00 to 0.31 accumulations/m2 between the three years, with the highest LWD 

density found in 2005. Ellipses within Figure 10 highlight two locations which depict 

patterns of increasing LWD density from 2003 to 2005. Longitudinally, the ellipses 

represent LWD within Rkms-14 and -18. At the farthest upper extent, Rkm-19 contained 

numerous areas of high LWD concentration and also including the increased LWD 

concentration observed immediately downstream within Rkm-18. In contrast, the high 

concentration of LWD illustrated in Rkm-14 is mainly described by a single 

accumulation, surrounded by concentrations of lower densities.

LWD accumulations were found to be highly aggregated based on the results 

from the Average Nearest Neighbor analyses, in comparison to the distribution of a 

completely random point process. Mean nearest neighbor distances for the study were:



35

0.23 in 2003, 0.23 in 2004, and 0.24 in 2005. These values are highly significant (a=0.01) 

and well below the threshold of 1, indicating that LWD accumulations are aggregated 

within the study area for all three years.



FIGURE 10—Longitudinal spatial variations of LWD density over three years (2003-2005). Density estimates are based 
the number of LWD centroids (representing LWD accumulations)/m2. Ellipses note areas of increasing LWD density.
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FIGURE 11—Percent change in the LWD quantity (hectares/river km). Based on the 
classified images, percent change in LWD quantity was examined from 2003 to 2004 and 
from 2004 to 2005.

Change Detection of LWD

An evaluation of change detection of LWD revealed that the quantity of LWD 

was not static, but changed within the study area, varying by year and Rkm (Figure 11). 

Examination of LWD quantity (hectares) from 2003 to 2004 showed percent changes 

ranged from 0.14% (Rkm-17) to 56.3% (Rkm-9). The longitudinal profile of percent 

change between 2003 and 2004 illustrates an overall decreasing amount of LWD from 

Rkm-19 downstream to Rkm-16, followed by an overall increasing trend in LWD 

quantity from Rkms-15 to -8 (with the exception of Rkm-10).

In contrast, examination of changes in LWD quantity occurring from 2004 to 

2005, showed an increasing quantity of LWD in Rkms-19 through -16, followed by
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decreasing amounts in Rkm-15 through -12, and again increasing quantities in LWD 

from Rkms-11 to -8 (Figure 11). For this same time period (i.e., 2004 to 2005), percent 

change values ranged from 0.26% (Rkm-14) to 68.39% (Rkm-10).

Our observations indicate not only did the quantity of LWD fluctuate annually, 

but distributional changes in physical location occurred (Table 5). The matrix of LWD 

distribution displays the quantity (hectares) of LWD by Rkm that was spatially unique to 

each of the years examined (i.e. no pixels were classified as LWD in those specific 

locations for the other two years). Overall, 2005 showed the largest quantity of LWD that 

was spatially unique with 20.7 hectares of area classified as LWD compared to 2003 

(18.0 hectares) and 2004 (16.1 hectares). In examining changes in LWD distribution 

between Rkms, overall Rkm-17 contained the highest amounts of spatially unique LWD 

locations, followed by Rkms-16 and 12, respectively. In comparison, Rkms-18 and 19 

contained the lowest amounts of LWD that was observed to be spatially unique.

Between year comparisons of overall LWD distribution, showed years 2004 and 

2005 to have the greatest commonality, with 7.1 hectares of LWD estimated in the same 

spatial location (Table 5). In contrast, only 2.7 hectares of LWD was considered to be 

spatially similar (i.e., occurring in the same pixel locations) between 2003 and 2004. A 

comparison of LWD location between all three years allowed us to determine the amount 

of LWD which was observed in the same locations throughout this time period. In this 

comparison, 4.41 hectares of LWD were observed to spatially cover the same area of 

ground each year (2003, 2004, and 2005).

The change detection matrix provides quantitative estimates of change in LWD 

distribution, but the real power of the techniques used are better illustrated visually, as 

demonstrated by select example locations in Figures 12, 13, and 14. Figure 12 shows an 

enlarged subset from Rkm-19 where changes in the LWD distribution are spatially 

explicit. For example in Figure 12, LWD in 2003 (red) is observed in the center of the 

image defining this location spatially unique for 2003. This is because no LWD was 

observed in 2004 and 2005 in this same location (e.g., center of the image) as noted by
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the lack of any other colors in this area. Similarly, very little LWD was spatially similar 

between 2003 and 2004 as noted by the lack of yellow color in the subset image. In 

contrast, the color of cyan LWD is quite prominently displayed indicating a good portion 

of the LWD covered the same surface areas in 2004 and 2005.

Changes in LWD distribution as illustrated in Figure 12 depict large shifts in 

LWD and also indicate that the river channel has changed in this location. In comparison, 

select areas from the middle (Figure 13) and lower sections (Figure 14) of the study area 

exhibit more subtle changes in LWD distribution. In both figures, change detection of the 

LWD distribution is characterized by colors of cyan and white, indicating similarity in 

the areas covered by LWD between both 2004 and 2005 (cyan) and for all years (white). 

These colors of cyan and white indicate only subtle changes in the area covered by LWD 

in comparison to the area described in Figure 10, which exhibits a large amount of red 

colored LWD. Additionally the active channels appear much more consistently defined 

(black sinuous areas).



TABLE 5—A false color composite image was created to assess annual changes in LWD distribution between 2003, 2004, and 
2005. Estimates of LWD (hectares) that are spatially unique for each of the three years are displayed by river km. Change 
detection of the LWD is assessed by comparisons between years both by estimates of quantity and visually by the examples 
shown in Figures 12-14.

LWD Location Spatially Unique LWD Location Between Year Comparisons
Rkm 2003 2004 2005 Same 03-04 Same 03-05 Same 04-05 Same 3 yrs
8 0.97 0.86 1.84 0.20 0.31 0.32 0.21
9 0.75 0.82 1.06 0.14 0.24 0.48 0.29
10 0.96 0.92 0.82 0.18 0.21 0.37 0.36
11 0.91 1.47 1.24 0.24 0.35 0.56 0.68
12 2.09 2.65 2.51 0.42 0.64 0.12 0.56
13 1.59 2.22 1.44 0.28 0.23 0.60 0.37
14 1.42 0.65 0.66 0.22 0.28 0.11 0.16
15 1.90 1.11 1.85 0.17 0.27 0.57 0.19
16 2.35 1.88 3.19 0.30 0.76 1.23 0.42
17 4.03 2.26 3.47 0.38 0.76 1.84 0.72
18 0.65 0.66 1.49 0.12 0.17 0.57 0.25
19 0.38 0.55 1.17 0.08 0.07 0.31 0.20
Totals 17.99 16.05 20.74 2.70 4.29 7.07 4.41
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FIGURE 12—Change detection of LWD distribution over the three years with emphasis 
in an upper river section of the study area. Enlarged image shows an example of 
identifiable changes in LWD. Spatially explicit LWD in 2003 (red) is shown in the center 
of image and was displaced by a large flood event in the fall of 2003.
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FIGURE 13—Change detection of LWD distribution over the three years in the middle 
study area. Enlarged image shows an example of identifiable changes and no changes in 
LWD position. The enlarged subset shows a predominance of cyan and white LWD 
mapped, depicting LWD occupied the same location during 2004-2005 (cyan) and during 
all three years of the study (2003-2005).
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FIGURE 14— Change detection of LWD distribution over three years in lower section of 
the study area. Enlarged image shows an example of identifiable changes in LWD. The 
enlarged subset shows a predominance of white, depicting that LWD occupied the same 
locations during all three years of the study (2003-2005)
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Flow Regime and LWD Changes

The associated flow regime of the Unuk River is highly dynamic in nature and 

unaltered by man, as observed in Table 6 and Figure 15. Probability of exceedence 

discharges are summarized in Table 7. USGS has documented two peak stream flow 

events to have occurred within the time of this study: October 26, 2003 (985 m /s) and 

Oct. 13,2004 (685 m3/s).

The relationship between changes in LWD and associated flow regime 

particularly during flood or peak flow events, are not quantifiable with only two years of 

related data pertaining to changes in LWD, but can be described qualitatively. During fall 

2003, the largest peak flow event occurred, causing notable shifts in location of both 

LWD and stream channels. In fall 2004, the second peak flow event occurred and upon 

visual characterization, appeared to exhibit less dramatic shifts, than that noted the 

previous year. However these statements are contradicted when quantitatively examined. 

Percent changes in hectares of LWD overall within the study area were estimated at 7% 

from 2003 to 2004 versus an estimated 20% change from 2004 to 2005. These two 

relations of flood events to overall changes in LWD quantity do not elucidate a clear 

pattern between flood magnitude and percent change in LWD. A closer examination of 

the hydrographs for 2003 and 2004, show one large flood event in fall 2003 followed by 

one smaller peak (< 400 m3/s) (Figure 15). In contrast, in fall 2004, there are several 

flood peaks which includes the second largest peak flow event.

Quantities of LWD were estimated based on imagery acquired during presumed 

low-flow events in all three years. However, due to natural fluxes in flows, each set of 

imagery corresponds to different discharges (mean daily) as follows: 2003-84.95 m3/s,

2004-195.24 m3/s, and 2005-128.28 m3/s (Figure 15). These flows are marked by the 

black arrows in the hydrographs displayed in Figure 15 and correspond to probability of 

exceedence values of approximately 75% (2003), 53% (2004) and 66% (2005) based on 

the available stream record (Table 7). The rationale for acquiring imagery during low- 

flow events is desirable in order to obtain a more comprehensive view of the channels 

and LWD. This presumption of acquiring all imagery at low-flow events also makes the
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assumption that mapped quantities of LWD are comparable among years despite the 

varying flows. While flows varied between each acquired image set, the lowest flow did 

not correspond to the highest quantity of LWD. As mapped from the imagery, 2005 was 

estimated to have the highest abundance of LWD, followed by 2004, and lastly 2003. 

These results do not reveal a correlation between the quantity of LWD mapped and the 

probability of exceedence flows observed.

TABLE 6— Unuk River maximum, minimum, and mean daily discharge statistics 
observed from May 1, 2003- Sept. 30, 2006. USGS stream gage was installed April 30, 
2003. Peak flow events have occurred on Oct. 26, 2003 and Oct. 13, 2004 as documented 
by USGS.

 Discharge (m /s)
Month Max. Min. Mean

Jan. 154 27 48
Feb. 162 17 29
Mar. 182 14 40
Apr. 294 19 74
May 374 53 180
June 518 153 288
July 507 194 311
Aug. 564 144 277
Sept 821 94 259
Oct. 985 73 179
Nov. 639 55 127
Dec. 377 39 98



FIGURE 15—Daily maximum discharge for the Unuk River for calendar years 2003-2006. Peak flow events recorded by 
USGS to date occurred in Oct. 26, 2003 (985 m3/s) and Oct. 13, 2004 (685 m3/s). USGS installed a stream gage on the Unuk 
River on 4/30/03. Discharge data for the time period Oct. 1, 2005-Sept. 30, 2006 is rated provisional by the USGS. Arrows 
indicate the discharge when digital aerial photographs were acquired.
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TABLE 7—Unuk River probability of exceedence flows (m3/s). Exceedence values are 
based upon USGS gage data from May 1, 2003-Sept. 30, 2006. Stream gage was installed 
on April 30, 2003. Discharge data for time period Oct. 1, 2005-Sept. 30, 2006 is 
provisional by the USGS.

Probability of Exceedence Discharge (m3/s)
0 850
5 377
10 334
15 314
20 297
25 281
30 270
35 254
40 236
45 221
50 202
55 177
60 148
65 125
70 104
75 83
80 69
85 53
90 40
95 29
100 17

Discussion

LWD Detection and Mapping

The processing technique used in this study to map LWD provided an effective 

enhancement in spatially mapping and delineating LWD at a level of detail from single 

logs to accumulations. The high classification accuracy in part could be attributed to the 

large size of the LWD logs and accumulations within the study area (i.e. large coniferous 

trees within Southeast Alaska) and the high spatial resolution of the imagery (0.45 m2 and
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0.65 m2). At this resolution and based on research by Woodcock and Strahler (1987), 

LWD logs or accumulations would need to be approximating 0.90 m2 -1.30 m2 to assure 

full contrast in the images. Commonly, the spatial resolution of the imagery typically 

must correspond to approximately half the object’s size of interest to fully detect 

(Woodcock and Strahler 1997). Measurements of LWD on the Unuk River floodplain 

show smaller individual pieces of LWD to have a width of approximately 0.30- 0.40 m, 

but much larger in length and LWD accumulations to cover tens to hundreds square 

meters. Based on this, individual logs on the gravel/sand bars may not be fully resolved 

in the aerial images unless they are of adequate size, but the aggregations of LWD should 

easily be fully resolved in the images ranging from 0.45 m2 and 0.65 m2. Another factor 

contributing to the success of the LWD classification is the accommodating morphology 

of the study area, particularly in the bar-braided sections of the floodplain expanse. The 

higher classification of LWD using the 2005 imagery may in part be related to the images
9 9being acquired at a higher resolution than in 2003 (0.45 m compared to 0.65 m ) and 

acquired in one direction compared to bi-directional flight lines in 2004.

The remote sensing method, however, does have its limitations in that it did not 

always detect LWD in areas where the LWD was obscured by overhanging bank 

vegetation or shadows. These limitations have been similarly noted in other studies of 

remote sensing and LWD (Wright et al. 2000; Marcus et al. 2002; Marcus et al. 2003; 

Leckie et al. 2005). Also, some features within the floodplain were observed to mimic the 

spatial signature of LWD. These areas were typically characterized by several conditions 

acting individually or in combination, including: an overlying sun glint combined with 

surface water roughness, areas of shadow cast adjacent to sunlit sand/gravel bars, and in 

certain locations of the riparian and sand/gravel bar boundary. These areas were 

occasionally falsely classified as LWD by the image processing technique, which 

enhances LWD based on isolating high and low frequency variations within the images. 

Leckie et al. (2005) also noted the errors of LWD classification occurring at the edge of 

the riparian vegetation. These problems are inherent in the dataset due to constraints of 

the weather and image acquisition, and are difficult to isolate using the available dataset
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alone. Classification errors were observed to be concentrated in floodplain areas with 

more shadow cast and vegetation compared to the bar-braided sections.

Field collection of spatially explicit reference data is also a major challenge when 

using very high-spatial resolution imagery. We collected LWD field data to serve as 

validation data, but found this information unusable due to the geographic uncertainty (>

6 m) of the GPS (Garmin 760). This geographic uncertainty leads to potential co

registration error between the two LWD data sets (e.g., field locations mapped from GPS 

and those extracted from image processing). The uncertainty remains un-quantifiable, due 

to the fact that our base layer imagery exhibits very fine resolution and small pixel size 

(i.e., sub-meter) as opposed to mapped locations observed with a GPS, which ultimately 

have an error nearly 10-fold (+ 6 meter) different. For these reasons, most LWD 

reference data was not used for the accuracy assessment and instead reference data was 

obtained from the original aerial photos. These challenges and difficulties with collecting 

precise field data to co-register with the imagery for reference and validation data have 

similarly been documented (Wright et al. 2000; Marcus et al. 2002; Aspinall et al. 2002; 

Marcus et al. 2003). In future work, we suggest the use of differentially enabled GPS, 

which substantially reduces coordinate error, thereby providing waypoint accuracy this is 

consistent with acquired high-resolution imagery.

Previous studies have demonstrated that hyperspectral imagery provides great 

potential for mapping LWD within watersheds (Marcus et al. 2003; Leckie et al. 2005). 

Hyperspectral data, however, is relatively expensive to acquire on a routine basis and can 

be logistically challenging due to weather, coordinating personnel, and sensor availability 

(Marcus et al. 2003). Hyperspectal data for LWD mapping was originally recommended 

based on previous studies that had achieved poor results with 4-band multispectral 

imagery (Colvard 1998; Wright et al. 2000; Marcus et al. 2002). Finer scale imagery (< 

lm  ) was also recommended by previous studies to further isolate the spectral signature 

of LWD and potentially increase LWD classification (Colvard 1998; Wright et al. 2000; 

Marcus et al. 2002). For these reasons, finer scale imagery was used in this study with 

acceptable results and at a reasonable expense. Our research is unique in that we use high
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spatial resolution and relatively low-cost, 3-band digital aerial photography to classify 

LWD.

The digital techniques used in this study provide encouraging results for LWD 

detection based on its spectral and textural characteristics rather than its spectral response 

alone. The processing scheme followed is successful in identifying LWD even in areas 

where unsupervised and supervised classification would not succeed due to mixed 

spectral response of LWD, sand, and gravel. The methodologies employed in this study 

provide for accurate LWD detection, mapping, and monitoring that were not possible to 

achieve for the Unuk River prior to this study

LWD Quantity

The second objective of this study was to investigate the temporal changes in 

LWD quantity and distribution. Image processing of the study area datasets revealed an 

increasing abundance in LWD from 2003 to 2005 within the study area. The 

dependability of these LWD estimates relies heavily on the quality of each of the 

classified maps (Lu et al. 2004). In our study all images were acquired with the same 

digital aerial camera and processed in the same manner. Although inherent differences 

during image acquisition (i.e. flight altitude, single/multiple flight lines, sun angle, and 

flow conditions) remain in the imagery, these differences are minimized by the use of 

post-classification comparisons in assessing change. This is further exemplified in the 

accuracy assessments of the classified LWD, in which all three years show similar results 

in regards to overall, producer’s, and user’s accuracy. Other differences in classification 

accuracy could be attributed to image thresholding of a mosaic versus individual images 

prior to mosaicing. Overall, however, the similar and relatively high classification results 

between years would indicate that the data quality is reliable and comparable.

Results of the longitudinal profiles of LWD quantity over the three years 

examined showed similar LWD patterns of both peaks and troughs, but within each year 

an overall decreasing abundance of LWD in the downstream direction was observed. The 

entire study section is characterized as a glacial floodplain, but on a finer scale, variations
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in geomorphic pattern are evident. At the upstream sections of the study area (Rkm-19), 

the area is largely bar-braided and gradually changes to more island-braided in the middle 

portions, and finally to anastomosing channels in lower section (Rkm-8). Variability in 

geomorphic pattern has been observed to correspond to differences in LWD retention and 

storage (Piegay and Gumell 1997). However, in contrast to LWD patterns observed by 

Gumell et al. (2000), more LWD was stored in the bar braided areas than in the island 

braided areas within the Unuk River study area.

Other than anecdotal information, these LWD estimates comprise the first 

measures of LWD for the Unuk River floodplain. LWD quantified based on ground area 

covered is atypical in comparison with quantitative estimates obtained from traditional 

methods. More commonly, LWD is enumerated and measured at the scale of individual 

pieces for comparing metrics such as length, diameter, number of pieces, volume, and 

orientation to thalweg (Bisson et al. 1987). These contrasting measures of spatial scale 

between traditional ground based measures and those obtained from remotely sensed data 

create challenges in effectively comparing the results observed in this study to those 

obtained in other research in terms of LWD quantity. Similarly, and to the best of our 

knowledge, previous studies using remotely sensed data to map LWD have not produced 

estimates of LWD quantity and patterns based solely on the imagery that would be 

comparable to this study, with one notable exception (Piegay and Gumell 1997). This 

work included quantifying LWD over a four year period at a meander bend based on GIS 

analysis of high resolution aerial photography.

Spatial Analyses of LWD Distribution

LWD density varied spatially within each Rkm and temporally by year, with the 

highest densities observed in 2005. LWD density distribution maps provided a spatial 

context for identifying areas associated with high and low LWD concentrations. 

Longitudinally, we observed an overall decreasing concentration of LWD within the 

study area. The high concentrations of LWD in the upper section of the study area may in 

part be associated with the wide braided bars (roughness structures) which act to trap
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LWD during flood events (Piegay et al. 1999). The time-series of LWD density maps 

(2003-2005) allowed comparisons to be made revealing both locations of increasing and 

decreasing LWD density within the study area. The ability to spatially identify areas of 

varying LWD concentrations provides a step forward in linking the mapped LWD with 

its associated aquatic habitat potential.

LWD accumulations were observed to be highly clustered versus randomly 

distributed within the floodplain. This information is consistent with previous studies in 

that LWD in large rivers is typically distributed in accumulations (Keller and Swanson 

1979; Bisson et al. 1987; Naiman et al. 2002). However in contrast, Gumell et al. (2002) 

concluded LWD accumulations to be randomly distributed in a portion of the large 

braided River Drome, but did not provide a quantitative measure of these results.

Previous studies analyzing LWD distribution based on point processes were conducted in 

smaller stream systems (mean width < 15m), in which random (complete spatial 

randomness), clustered, and segregated patterns of LWD were observed (Wing et al. 

1999; Keim et al. 2000; Kraft and Warren 2003). Inputs of LWD to smaller streams are 

initially recognized as being a random process (Keller and Swanson 1979; Robison and 

Beschta 1990). These quantitative analyses of LWD spatial patterns examined in our 

study correspond to only a handful of previous studies that used geostatistics and point 

processes to evaluate LWD distribution (Wing et al. 1999; Keim et al. 2000; Kraft and 

Warren 2003).

Change Detection of LWD

LWD was observed to change both in quantity and distribution during the course 

of this study. In the past, anecdotal changes in LWD (e.g. abundance and distribution) 

and river channels have been noted, but no quantitative analyses have previously been 

completed or available to effectively analyze these changes within the Unuk River 

floodplain. Therefore, the methods outlined in this study provide an effective means to 

analyze and calculate changes in LWD, providing a framework for conducting future 

LWD monitoring studies on the larger river systems.
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Longitudinal plots of LWD quantity by Rkm revealed changes in LWD 

abundance within the individual Rkms, but overall the longitudinal pattern remained the 

same during the course of the study (i.e. overall pattern of decreasing quantity in LWD 

abundance in the downstream direction). This information on LWD derived from a top- 

down perspective corresponds to information obtained from a ground or bottom-up 

perspective, where ADF&G crews typically describe the upper sections of the floodplain 

study area as more braided with large amounts of LWD and dynamic in nature in 

comparison to the lower study area section which is described as more island braided and 

both the river channels and LWD accumulations tend or appear to be more stable (Chris 

S’gro, Christie Hendrich, ADF&G personal communication).

Changes in LWD quantity and distribution as observed annually in this study 

portray annual changes in abundance and distribution, unable to describe or account for 

individual log movements within these areas that are both recruited and transported 

throughout the system. For example, Latterell and Naiman (2007) tagged 273 large logs 

(i.e. key pieces as > lm in diameter at breast height) in the Queets River (e.g. a relatively 

pristine alluvial river in the Pacific coastal rainforest) and observe 81 of large logs to 

have moved in the system thereby contributing empirical evidence to LWD transport and 

distribution throughout a floodplain. Hyatt and Naiman (2001) concluded that the 

majority of LWD deposited within the Queets River floodplain typically disappears from 

the system within 50 years after which some pieces may remain for decades to hundreds 

of years. Additionally, Naiman and Hyatt (2001) observed two pieces of LWD to be over 

1300 years old and hypothesized these pieces were recruited to the floodplain, buried by 

the migrating river channel and later exposed. These study results (Latterell and Naiman 

2007) were found to be similar to those observed by Marcus et al. (2002) and van der Nat 

et al. (2003) in which quantities of LWD appeared stable overall, despite the high rates of 

wood turnover occurring within these same sections. Moreover, these documented 

fluctuations in LWD abundance and distribution are thought to contribute to aquatic 

habitat resilience within these areas (Latterell and Naiman 2007). Therefore, in unaltered 

floodplain like the Unuk River, we recognize that individual logs are in a state of flux and
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subject to transport and movement, and by documenting annual changes in LWD quantity 

and distribution, we are unable to account for these fluctuations on the individual scale.

Changes in the LWD quantity and distribution were examined using post 

classification comparison techniques for the three years included in this study. The 

changes detected and observed particularly when the false color composite analysis is 

used assumes the multi-date images are perfectly aligned and that changes documented 

are real and not spurious due to misregistration errors (Townshend et al. 1992; Stow 1999; 

Lu et al. 2004). In carrying out the change detection study, co-registration errors were 

observed between the three data sets, despite dedicating a large amount of time to 

manually georeference and mosaic images. Residual errors remain inherent in the image 

datasets and these errors increase when multiple data sets that are manually corrected are 

used in conjunction, further propagating the co-registration errors to the change detection 

results. These registration errors were both observed and when the errors were described 

as systematic the location of the LWD was adjusted on a local basis to minimize these 

errors as much as possible. Overall change detection of LWD quantity would not largely 

be affected by these registration errors, but changes observed locally (i.e. fine scale) for 

distributional changes could be biased by these errors.

Flow Regime and LWD Changes

“The natural flow regime organizes and defines river ecosystems,” (Poff et al. 

1997). The flow regime associated with the Unuk River is unaltered and exhibits natural 

patterns of flux. High flow events, typically occurring with summer snow melt and in late 

fall, maintain a high level of connectivity between the active floodplain and surrounding 

riparian areas. These floods are critical to the transport and recruitment of LWD (Piegay

2003) and in sustaining dynamic floodplain habitats (Poff et al. 1997). During the time of 

this study, two peak flow events occurred as documented by the USGS stream gage, one 

that notably caused shifts in LWD and channels, while the other was more subtle in the 

resulting changes. Qualitatively trying to relate annual changes in LWD quantity with the 

magnitude of the peak flow events presents inherent difficulties. For example, changes in
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LWD quantity observed in this study illustrate varying patterns of change at varying 

spatial scales. For example, a decrease in LWD quantity was observed in upper Rkms 

from 2003 to 2004, whereas in contrast, annual changes observed from 2004 to 2005, 

revealed an increase in LWD quantity within these same sections. Simplifying these 

relations according to single peak flood events, relates the largest flood event in fall 2003 

to correspond with the decreased amount of LWD in spring 2004, but an overall smaller 

percent change in LWD abundance in the study area as a whole in comparison to the 

percent change observed from 2004 to 2005. During fall 2004 the second largest peak 

flood event occurred, corresponding to the noted increase in LWD quantity in spring 

2005 and in comparison a higher overall percent change in LWD abundance throughout 

the study area. Therefore, relationships between peak flood events do not alone explain 

these annual variations in LWD abundance and additionally may be further explained by 

flood duration. For instance in summer 2004, Southeast Alaska experienced record 

breaking high temperatures and as a result for the glacial fed Unuk River, high flows 

during most of the summer and therefore high connectivity between adjacent riparian 

forest and river channels was observed and responsible for trees recruiting to the river 

from bank undercutting (Chris S’gro, ADF&G, personal communication). High 

temperatures in summer 2004 were followed by rain events starting in September which 

contributed to the series of flood events occurring during the fall of 2004 including the 

second largest peak flood event. It was during this time, that ADF&G crews working on 

the Unuk River witnessed these floods and LWD continually being recruited and 

transported in the river channels (Chris S’gro, ADF&G, personal communication). This 

anecdotal information is further substantiated by research completed on the Queets River 

where 82% of the total new large logs recruited to the system were due to bank erosion 

associated with channel meandering (Latterell and Naiman 2007).

Perhaps the most significant difficulty is the fact that our mapping of LWD on an 

annual basis (2003-2005) actually represents a ‘static’ picture of LWD present on a single 

day associated with image acquisition; in contrast, stream flows rise and ebb daily 

throughout a year, presumably changing the distribution of wood from that observed
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from our results. These findings support the concept stated by Piegay (2003), “Because 

critical transport and delivery events such as floods are not distributed evenly in space 

and time, we can expect discontinuous rates of wood being generated in downstream 

reaches of the main river channel, but also variable in-channel volumes of wood through 

time.”

LWD and Fish Habitat

LWD is a dominating factor in creating and maintaining fish habitat at multiple 

spatial scales including in-channel, reach, and valley bottom within large rivers (Collins 

et al. 2002). This finding somewhat contradicts previous studies which characterize LWD 

to have less of an influence on channel morphology and fish habitat in the larger river 

systems (Swanson and Lienkaemper 1978; Keller and Swanson 1979; Bisson et al. 1987). 

Collins et al. (2002) documented decreased quantities of LWD (including size) based on 

comparisons of historical and present day LWD that have changed both the morphology 

and the aquatic habitat available, their results demonstrate the importance of LWD within 

large rivers.

In an undisturbed, gravel-bed river such as the Unuk River, LWD distributional 

patterns are unaltered by anthropomorphic effects and provide important habitat for 

juvenile salmonids. LWD within the active river flow creates channel obstructions 

thereby diverting, converging, and both accelerating and decelerating turbulent flows 

which cause channel bed scour, sediment deposition and lead to pool formation (Figure 

16) at the margins of the LWD jams (Abbe and Montgomery 2003). Abbe and 

Montgomery (1996) found that 70% of all observed pools within the Queets River 

floodplain were associated with large wood and were usually deeper with varying depths 

compared to free-formed pools. Similarly, Collins et al. (2002) found wood to be the 

dominant pool-forming feature accounting for 61% of pools. These pools are essential to 

juvenile salmon, providing refugia from high flow velocities; additionally LWD provide 

overhead and submerged cover and indirectly, a source of food items (Naiman and Bilby
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1998). Therefore, the quantity and spatial distribution of LWD largely influences the 

quantity and distribution of fish habitat.

FIGURE 16—LWD creates pools providing aquatic habitat. A (left) represents a field 
photo of a LWD accumulation in the Unuk River. B (right) is a schematic of the pool 
formed as a result of channel scour in this area.

The distribution of fish habitat and LWD within the Unuk River watershed exhibit 

parallel distribution patterns similar to other rivers, with LWD accumulations found 

along the channel margins, secondary channels, braced against vegetated islands and 

gravel bars, and confluence of sloughs; similarly it is at these locations, where fish habitat 

is found (Swanson et al. 1976; Bisson et al. 1987; Abbe and Montgomery 1996; Piegay 

and Gumell 1997; Piegay and Marston 1998). Pool habitats formed by LWD are the 

preferred habitats of several salmonids species (Bisson et al. 1987) and have been 

correlated with increased survival and higher abundances of juvenile salmon (Solazzi et 

al. 2000; Roni and Quinn 2001). Sharma and Hilbom (2001) documented smolt 

density/Rkm to be highly correlated with pool density, but pool density was highly 

correlated with LWD.

Our study did not document changes in LWD quantity and distribution directly 

with observed changes in smolt survival and/or production. While changes in LWD 

distribution and quantity were documented in our study, associating these changes with 

smolt production is not a trivial task, but complex in nature. Although trapping juvenile 

Chinook salmon currently takes place each spring and fall on the Unuk River, we do not
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have spatially explicit data regarding salmon abundance/production as they relate to 

specific locations of LWD distribution within the floodplain expanse (i.e. densities, 

seasonal movements (rearing versus outmigration). Similarly, data alone regarding 

changes in LWD distribution and quantity, do not fully address what the potential of 

aquatic habitat is at each location associated with LWD. Anecdotally, ADF&G crews 

trapping and tagging juvenile Chinook in spring/fall 2003 noted abundant locations to 

trap juvenile Chinook in the upper section of the study area, but after the large flood 

event in fall 2003 and subsequent significant channel change flow was diverted away 

from a good portion of these logjams trapped. Minnow trapping in these sections was 

adapted to these changes in river positions and habitat areas within these sections were 

observed to be less abundant compared to the previous years trapping (Chris S’gro, 

ADF&G personal communication). Therefore to begin to understand how aquatic 

habitats affect the distribution, survival and production of salmonids populations within 

the large transboundary river systems, such as the Unuk River, future research should 

incorporate spatially explicit fish data in conjunction with the mapped distributions of 

LWD within the mapped stream channels.

Remote sensing techniques, as employed here, provide a spatial framework for 

identifying habitat characteristics across a glacial transboundary river, through the most 

efficient means, as compared to measures recorded on the ground. In contrast, current 

salmon stock assessment activities take place without a strong spatial component. In 

order to meet the objectives of stock assessment projects, the collection of spatially 

explicit data as they relate to daily activities is not necessary. However, if we are to begin 

to elucidate the patterns and identify the links between habitat and salmonids production, 

objectives of remote sensing applications and stock assessment activities must be 

intertwined and given thought during the study design.
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Conclusions

The ability to spatially map LWD within a river system is a valuable resource 

management tool for biologists. A large, glacial river like the Unuk does not lend itself to 

traditional (ground) habitat surveys and requires alternative methods to monitor LWD 

distribution patterns. High-resolution airborne photography using digital cameras 

operating in the visible part of the spectrum provide a low-cost and feasible solution to 

monitor an entire river system. Digital techniques used in this study provide encouraging 

results for LWD detection, mapping, and monitoring that were not possible to achieve for 

the Unuk River prior to this study. In remote places such as Southeast Alaska, remote 

sensing provides a tool for monitoring LWD, channel morphology, and aquatic habitats 

with very promising potential for resource management.

This study represents one of the first studies to digitally detect and quantify LWD 

within a large river floodplain over a three-year time frame. Change detection results 

allowed now only changes in quantity to be detected, but also spatially explicit changes 

in LWD distribution patterns were analyzed quantified.

Finally, some limitations were observed and exist in the detection of LWD 

including areas of shadow, vegetation, and solar glint areas. The accuracy of mapping 

and monitoring LWD and associated channel shifts is dependent on and limited to the 

spatial resolution of the remote sensing data, as subpixel changes can not be reliably 

quantified. Similarly, the accuracy of the change detection results is dependent upon the 

precise geometric registration and co-registration of all images to avoid spurious results. 

These problems are the challenges associated with using high-spatial resolution imagery 

and working within dynamic riverine environments.
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Chapter 2: Decision-based fusion for improved fluvial landscape classification 

using digital aerial photographs and forward looking infrared images2 

Abstract

Riverine landscapes associated with large dynamic floodplains provide a complex 

array of habitats for fish. Mapping and quantitative assessment of these habitats poses a 

major challenge. This study uses high spatial resolution airborne digital photographs and 

forward looking infrared (FLIR) images, simultaneously acquired in spring 2005 over a 

12-river kilometer section of the Unuk River in Southeast Alaska, to map macro habitat 

indicators for fish such as large woody debris (LWD), water channels, sand/gravel bars, 

and riparian vegetation. Image processing results revealed that using a decision-based 

fusion approach allowed the best individual classification results from processing the 

digital photos and FLIR images to be combined, generating an improved fluvial 

landscape classification map (overall accuracy 84.29%). Individual classes were 

extracted as follows: LWD using the contextual information (aerial digital photos), river 

channel water using unsupervised classification (FLIR images) due to prominent shadow 

cast from neighboring trees in the aerial photos, and all other landcover classes through 

supervised classification (aerial digital photos). The decision-based fusion strategy 

improves the fluvial landscape classification (~5.00% increase in overall accuracy 

compared to using digital aerial photos alone) and provides a superior processing 

technique in comparison to a product generated from either of the aerial photos or 

thermal images alone. This is the first time that high resolution airborne thermal imagery 

have been used for improved fluvial landscape mapping and provides a an important 

component to fish habitat studies allowing for quantitative spatial analyses to be 

completed both laterally and longitudinally throughout the river corridor.

2 Smikrud, K.M., A. Prakash, and J.V. Nichols. 2007. Decision-based fusion for 
improved fluvial landscape classification using digital aerial photographs and forward 
looking infrared images. Photogrammetric Engineering & Remote Sensing In Press.
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Fluvial landscapes associated with undisturbed river floodplains are inherently 

dynamic in nature providing a complex array of habitats (Hynes 1975; Sedell et al. 1989). 

Natural flood pulses maintain the integral relationship between the river and the lateral 

floodplain constantly altering river channel position, nutrient cycling, and ultimately, the 

habitats available to fish (Junk et al. 1989; Stanford and Ward 1992). The complex 

structure of floodplains and their related landscape elements (e.g. gravel bars, multiple 

channels, large woody debris (LWD), and floodplain patches) describe macro habitat 

indicators for fish (Poole 2002). LWD refers to wood pieces (i.e., entire fallen trees, 

branches, rootwads) typically larger than 10 cm in diameter and 2 m in length within 

stream and river ecosystems (Bilby and Ward 1989; Maser and Sedell 1994).

Typically, stream habitat surveys for fish habitat and fish habitat indicators are 

accomplished by foot surveys conducted on the ground. Ground-based habitat surveys 

quantitatively and qualitatively characterize the physical habitat from a bottom up 

approach. This approach works well for smaller stream systems, where measurements 

can be obtained throughout an entire system. However conducting habitat surveys on the 

ground in larger rivers is extremely difficult given their size and typically complex 

habitat. Due to time and logistical constraints (especially in remote locations) and the fact 

that these areas lack an easily repeatable temporal component, comprehensive ground 

surveys are considered ineffective (Poole et al. 1997; Legleiter et al. 2002; Leckie et al. 

2005). Remote sensing offers an alternative method that provides a top down approach to 

quantitatively assess lateral, longitudinal and vertical landscape attributes of these larger 

river systems (Johnson and Gage 1997; Bryant and Gilvear 1999; Fausch et al. 2002).

Advancements in satellite remote sensing of riverine landscapes have been 

commensurate with that of technological developments of satellite sensors and image 

processing techniques (Muller et al. 1993; Smith 1997; Mertes 2002). In the 1980’s and 

1990’s several satellites such as Landsat, SPOT, and ERS provided medium spatial 

resolution data (10m-30m) which were useful for mapping the large high order channel

Introduction
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morphology and macro habitat (Salo et al. 1986; Ramasamy et al. 1991; Mertes 2002). 

However pixels of such size are still spatially limiting in many river studies. Where 

ultimately the spatial resolution of the remotely sensed data used in a project defines 

whether or not low order stream networks and tributaries will even appear as landscape 

elements (Wiens 2002).

In recent years, satellites such as IKONOS and Quickbird, as well as digital aerial 

photographs, have provided high spatial resolution (lm  or less pixel size) imagery. As a 

result, remote sensing river studies have transitioned from mapping macro habitat 

features to classifying in-stream micro habitats such as pools, riffles, substrate and water 

depth (Hardy et al. 1994; Wright et al. 2000; Marcus 2002; Whited et al. 2002; Marcus et 

al. 2003). LWD mapping has also been accomplished with these new satellites and 

sensors, albeit with varying degrees of success (Colvard 1998; Wright et al. 2000;

Marcus et al. 2002; Marcus et al. 2003; Leckie et al. 2005; Smikrud and Prakash 2006). 

Additionally, numerous studies of habitat within river systems have focused on water 

depth and velocity mapping (Lyon et al. 1992; Gilvear et al. 1995; Winterbottom and 

Gilvear 1997; Bryant and Gilvear 1999; Whited el al. 2002; Lorang et al. 2005).

Most of the high spatial resolution data from satellites and airborne systems are 

spectrally limiting (Cushnie 1987; Carleer et al. 2005). Using this data for classification 

results in high spectral mixing both within and between classes, decreasing overall 

classification accuracy (Woodcock and Strahler 1987; Aplin et al. 1997). Wright et al. 

(2000) and Marcus et al. (2002) recommended the use of high spectral resolution 

hyperspectral data for river studies to increase classification accuracies. However, use of 

hyperspectral imagery significantly increases the input data and other processing costs for 

a mapping operation.

Leckie et al. (2005) used high resolution CASI imagery and a spectral angle 

classification to map multiple stream variables, while at the same time attempting to 

minimize shadow effects. Despite achieving relatively good classification accuracies 

overall, they found that shadow cast detected in the imagery still posed significant 

problems, particularly long continuous zones o f ‘deep’ shadow. Their recommendation
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was to use high resolution thermal and lidar imagery in conjunction with multispectral 

imagery for fluvial studies for increased stream information.

This study builds on the recommendations of earlier researchers and attempts to 

provide an affordable solution for an improved classification of riverine habitats. It uses 

simultaneously acquired airborne digital photographs and forward looking infrared (FLIR) 

images as input for image classification. Fluvial landscape elements (landcover classes) 

are identified using different processing techniques on the digital photos and FLIR 

images. The best classification results for individual classes are then combined in a 

decision-based fusion to generate the final classified map that is superior to the classified 

map generated from either of the input data sets alone. A classification of the fluvial 

landscape elements will better assist fishery researchers and managers with increased 

knowledge of how complex and continuous habitats are arranged in space and time and 

ultimately available to salmon.

The second part of the study focuses on the patterns and relationships of the 

landscape elements derived from the fluvial landscape classification. Analysis of these 

patterns will help us better understand how these landscape elements are related 

quantitatively and longitudinally within the river corridor.

Methods

Airborne digital photography and thermal images (FLIR) acquired on April 23, 

2005 over the study area constitute the base layer imagery for the fluvial landscape 

classification (Figure 17). Field reference data was collected between April 17-23, 2005, 

both in the preceding days and simultaneously with image acquisition. Training area 

selection and subsequent post-classification accuracy assessment was based on image 

interpretation, facilitated by the use of field reference data. Field maps were constructed 

that included GPS (Garmin Map76® 2007) waypoints to spatially document landscape 

elements such as sand/gravel, LWD, vegetation and isolated pool locations. In addition to
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GPS waypoints, digital photos were taken and annotated with the feature and river 

orientation (upstream/downstream).

To characterize the class ‘water’ in the entire study area required mosaicing 

multiple FLIR scenes. Therefore, an absolute calibration of the FLIR images was 

required. Kinetic water temperature, measurements were collected at various river 

locations using a YSI Model 33 Salinity-Conductivity-Temperature meter (YSI 2007) 

which has an accuracy of ± 0.2 ° C. Measurements included both kinetic surface and sub

surface water temperatures (including temperature/depth profiles) for a variety of 

locations throughout the river floodplain to assess whether the water column was mixed 

or stratified and whether the radiant surface temperatures measured by the sensor were 

indicative of river conditions.

Processing Scheme

Before processing the image mosaic for the entire 12-Rkm stretch of study area, a 

small 4,748 pixel by 3,326 pixel digital aerial photo subset (~3.19 km ) was selected as a 

pilot/test area to determine an optimal image processing scheme for landcover 

classification. Different strategies to process and classify the digital photos and FLIR 

images were tested and compared. Each landcover class was finally extracted from the 

classified image where it showed the highest accuracy of classification, and then merged 

with other similarly extracted classes using a decision-based-fusion technique. The 

processing steps in the classification scheme are shown in Figure 18 and discussed in 

further detail below.



FIGURE 17 Digital aerial photo mosaic and corresponding FLIR mosaic for the 12 river kilometer (km) study section on 
Unuk River. Study area depicts the lower floodplain beginning at river km eight and extending to river km 19 above the 
saltwater confluence (river km zero). For the geographic coordinates of the area refer to the corresponding grid in Figure 2.
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FIGURE 18—Processing steps for fluvial landscape classification. Field photos of the 
land cover classes (water (a), deciduous (b), coniferous (c), LWD (d), sand/gravel (f), and 
wet sand/gravel (g)) are shown. Unsupervised classification was performed on FLIR 
image (e) to give 4 classes (i) from which the class water was extracted (1). PC2 band of 
aerial photo (h) is shown in (k) which was used to delineate LWD (n). Result of 
supervised classification on aerial photo (j) shown in (m) gave good results for all other 
landcover types. Final image classification result (o) was derived through a decision- 
based fusion using classification results 1, m and n as input.
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Contextual LWD Classification

LWD does not exhibit a unique spectral signature in the visible region, but 

overlaps with that of sand and gravel (Marcus et al. 2002). However spatially, LWD 

accumulations create a textural element that can be well identified using image filtering.

To map the LWD a 3 x 3 variance filter was applied on the second principal component 

image derived from the three visible bands of the digital aerial photographs, and the 

resultant image was then thresholded to create a wood and no-wood binary image 

(techniques outlined in Chapter 1).

FLIR Unsupervised Classification

An unsupervised classification (isodata clustering algorithm) was used to classify 

the FLIR images. This classification essentially resulted in a density slicing (thresholding) 

of the image into four classes based on variations in digital values that translated to 

relatively large temperature differences between characteristically separate landscape 

features. The four landscape classes correspond to water, sand/gravel, deciduous 

vegetation, and coniferous vegetation.

Airborne Digital Photo Supervised Classification

Prior to classification, a median filter (3x3 kernel) was applied to the aerial image 

to smooth the image and partially reduce within class variability. The digital photo was 

classified using supervised classification with a maximum likelihood estimator. Polygon 

delineated training areas were visually selected from homogenous areas within the digital 

aerial photo and used to classify all other landcover classes (e.g. visible water, 

sand/gravel, wet sand/gravel, coniferous vegetation, deciduous vegetation, shrub, and 

shadow). LWD was not classified spectrally, but contextually as described earlier.

Accuracy assessment of the different classification methods was evaluated using a 

contingency cell array comparing the classified map and reference data (the original 

digital aerial photo) (Congalton and Green 1999). An equalized random sampling of fifty



74

points per land cover class was used to ascertain unbiased results (Congalton and Green 

1999).

Decision-based Fusion-Pilot Study Area

Classification results for the pilot study area (digital photo and FLIR) revealed 

that LWD was best identified by spatially filtering the digital photo (Table 8). Water was 

most accurately classified based on the unsupervised classification of the FLIR image 

(Table 9, Figure 19). All other classes were reasonably classified using the spectral 

information in the digital photo and supervised classification (Table 10). To achieve the 

most accurate land cover characterization, and given the data in this study, we extracted 

individual classes from the classification with the highest accuracy using decision-based 

fusion.

Image fusion describes the process of combining multiple image sources to 

generate a new image using one of three image processing levels: pixel, feature, or 

decision level (Genderen and Pohl 1994). The incentive behind image fusion is to 

generate a new image that contains more information than any of the individual input 

images alone used for the fusion process supporting a better interpretation for the study 

area in question (Solberg et al. 1994; Pohl and Van Genderen 1998). The decision-based 

fusion strategy that is employed in this study describes a method in which the classified 

outputs from each processing technique are integrated into one classified image. The 

resulting classified image combines the best characteristics of all input images, and is 

superior to the classified map from either of the sensors alone (Solberg et al. 1994; 

Schowengerdt 2003).
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The results of the pilot study indicate the decision-based fusion processing 

strategy is superior, as discussed later in the 'Decision-Based fusion-Pilot Study Area’ 

section within the discussion. Based on the pilot study results, the processing strategy 

was applied to the entire study area. Finally, the results for the decision-based fusion 

fluvial landscape classification were compared with the supervised classification based 

on the digital aerial photos alone.

Warmer

Cooler

FIGURE 19— Shadows obscure water channels in the visible region as exemplified by 
the digital aerial photo (top). Whereas the thermal contrast between water and all other 
land cover surfaces is significant, making the FLIR image (bottom) excellent for 
classifying water.
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Data Analysis

Quantity of Landscape Elements

A new mosaic of the fluvial landscape classification was generated for the study 

area. Landscape elements were summarized by Rkm using Hawth’s tools (Beyer 2004). 

Based on the image processing results, we calculated the quantity of each landscape 

element (LWD, water, sand/gravel, and riparian vegetation) contained within each Rkm. 

Area was defined as the ground area covered by each landscape element (number of 

pixels classified). To assess longitudinal patterns of each landscape element within the 

floodplain we plotted the proportion of each landscape elements contained (Percent 

landcover) within each Rkm.

Water Channel Metrics

To assess and compare water channel complexity within the study area, we 

calculated a braiding parameter for each Rkm as outlined in Friend and Sinha (1993). 

They defined the braid-channel ratio as:

B=Lcot/L cm ax

Where Lcot is the sum of the mid-channel lengths of all the segments of primary channels 

in a reach, and Lcmax is the mid-channel length of the widest channel through the reach. In 

the lower Rkms-8 to -11, because of the anastomosing nature of the river channels, the 

braiding parameter was averaged between the two channels.

Within the floodplain, the wetted width of the main channel and scoured 

floodplain varies. To try and capture this variability, descriptive statistics were computed 

for the width of the widest wet channel and width of scoured floodplain. Estimates were 

based on the average of five evenly spaced measurements within each Rkm from the 

widest classified river channel at each location and from cross-sectional distance of the 

scoured floodplain.
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LWD Correlations

Pearson’s product-moment correlation analyses (Tabachnick and Fidell 1996) 

were used to examine relationships between LWD and the classified landscape elements 

and derived channel metrics. Correlative associations were examined between LWD and 

the other variables independently because some of the habitat variables may be highly 

correlated (Sharma and Hilbom 2001).

Proximal Relationships of LWD and Water

Proximity of LWD to classified water (river channels) was evaluated by buffering 

the classified river channels at multiple distances (i.e. < 1 m, 1-2 m, 3-5 m, 5-7 m, 7-10 m, 

10-15 m, and 15-20 m) within ArcGIS 9.1 (ESRI 2005). LWD within these areas was 

identified and LWD area was computed and summarized by Rkm.

Potential LWD formed pools were identified by adjacent areas of LWD and 

classified water. Potential LWD formed pools were defined as areas of water within < 3m 

of classified LWD (Area > lm 2). Potential LWD pool areas were defined based on 

metrics used by Murphy et al. (1989) for channel edge habitats used by juvenile Chinook. 

Potential LWD pools areas did not discriminate upstream versus downstream areas. 

Identified areas were isolated within ArcGIS 9.1 (ESRI 2005) and summarized by Rkm. 

Descriptive statistics were calculated and summarized.

Results 

Contextual LWD Classification

Overall accuracy of the two-element (LWD and no LWD) classification was 93 % 

for the pilot study area (Table 8). Use of the textural signature of LWD within the aerial 

digital photos provided an effective means of classifying LWD from non-LWD areas. 

LWD was excluded as a class in both the FLIR unsupervised classification and airborne 

digital photo supervised classification.
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FLIR Unsupervised Classification

The FLIR classification resulted in an overall classification accuracy of 77% 

(Table 9). In this classification, only four landcover classes were identified. The water 

class showed the highest classification of all four using the FLIR imagery, with an 

estimated producer’s accuracy of 94% and user’s accuracy of 98%. The three other 

classes (sand/gravel, deciduous, and coniferous) were not as accurately classified using 

the FLIR images with producer’s accuracies ranging from approximately 61% to 79% 

and user’s accuracies from 66% to 78%.

TABLE 8— LWD accuracy assessment for the results of contextual classification of the 
aerial photo for the pilot study area.

Class
Producers 

Accuracy %
User’s 

Accuracy %
No-LWD 95.74 96.00
LWD 90.00 90.57
Overall Accuracy % 93.00

Accuracy assessment for the results of unsupervised classification 
s of the pilot study area.

Producers User’s
Class Accuracy % Accuracy %
Water 94.23 98.00
Sand/Gravel 75.00 78.00
Coniferous 78.57 66.00
Deciduous 61.11 66.00
Overall Accuracy % 77.00
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Airborne Digital Photo Supervised Classification

The digital aerial photo was processed using supervised classification into seven 

landcover classes, excluding LWD. Overall the classification accuracy was 76% (Table 

10). The sand/gravel and shadow classes had the higher classification accuracies in 

comparison to the others mapped classes. The coniferous, deciduous, and wet sand/gravel 

classes had relatively low classification accuracies (producer’s and user’s) using the 

airborne digital photo.

Decision-Based Fusion-Pilot Study Area

The decision-based fusion strategy using the processing scheme outlined in Figure 

3.2 provided the highest overall accuracy for the pilot study area (Table 11) and desired 

land cover classes. The decision-based fusion strategy has an overall accuracy of 81%, 

which is 5 % higher when compared to the classification based on the digital aerial photo 

alone for the pilot study area.

Classification results show high classification accuracies for LWD, water, 

sand/gravel, shadow, and reasonable classification results for the other classes mapped 

(Table 11). The water class showed a 1% increase in producer’s accuracy in comparison 

to the digital aerial photo classification; however, there was a 12 % increase in user’s 

accuracy.

Decision-based Fusion-Entire Study Area

Given that decision-based fusion strategy provided the best classification for the 

pilot study area, it was carried out on the entire 12-Rkm study area (Table 12, Figure 20). 

Overall accuracy of the classification is 84%. The classification results for the entire 

study area show a similar trend to the results for the pilot study area (Table 11). A 

comparison of the two classification methods (decision-based fusion and supervised 

classification of digital aerial images alone) for the entire study area reveals an 

approximate 7% increase in overall classification accuracy using the decision-based 

fusion techniques (Table 12). Also the overall classification accuracy is approximately
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4% higher for the entire study area in comparison to the smaller pilot study area. 

Additionally, this accuracy metric does not factor in that the spectral based classification 

does not include the LWD class, which is mapped in the decision-based classification.

TABLE 10—Accuracy assessment for the results of supervised classification of digital 
aerial photo with 7 landscape classes (pilot study area).

Class
Producer's 

Accuracy %
User's 

Accuracy %
Water 90.24 74.00
Sand/Gravel 93.48 86.00
Wet Sand/Gravel 73.33 66.00
Coniferous 64.58 62.00
Deciduous 51.95 80.00
Shrub 91.67 66.00
Shadow 85.96 98.00
Overall Accuracy % 76.00
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TABLE 11—Accuracy assessment for results of the decision-based fusion classification 
for the pilot study area.

Producer's User's
Classes Accuracy % Accuracy %
LWD 91.49 86.00
Water 92.31 96.00
Sand/Gravel 90.38 94.00
Wet Sand/Gravel 69.57 64.00
Coniferous 81.82 72.00
Deciduous 53.75 86.00
Shrub 96.97 64.00
Shadows 93.48 86.00
Overall Accuracy % 81.00

TABLE 12—Comparison of the classification accuracies obtained for the results of 
‘Decision-based fusion classification’ and ‘spectral-only classification’ for the entire 12 
river km section.

Decision-Based Fusion Spectral
Producer's User's Producer's User's

Classes Accuracy % Accuracy % Accuracy % Accuracy %
LWD 95.45 84.00 NA NA
Water 85.71 84.00 82.35 84.00
Sand/Gravel 81.03 94.00 81.92 90.00
Wet Sand/Gravel 80.95 68.00 68.09 64.00
Coniferous 84.31 86.00 78.72 74.00
Deciduous 71.67 86.00 64.52 80.00
Shrub 95.65 88.00 92.11 70.00
Overall Accuracy % 84..29 77.00
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FIGURE 20—Decision-based fusion fluvial landscape classification for the study area for 
2005 The classification extends from river km eight to river km 19 for the lower Unuk 
River floodplain and was processed using a combination of the digital aerial and FLIR 
images, using the processing steps shown in Figure 17.
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Quantity of Landscape Elements

Fluvial landscape classification results of imagery acquired at a mean daily flow 

o f-128.28 m3/s provided the means for quantitative landcover estimates. The following 

estimates of each landscape element are specified in hectares: LWD (37.43), water 

(231.73), sand/gravel (157.68), wet sand/gravel (71.15), coniferous (583.19), deciduous 

(425.29), and shrub (18.60). The proportion each landscape element contributes to the 

area within each Rkm is illustrated in Figure 21.

LWD was most abundant (highest percent area per Rkm) in Rkms-18 and -19, 

with estimates of 5.61 and 6.79 hectares, whereas Rkms-9 and -16 showed the lowest 

percentages, with estimates of 1.75 and 1.07 hectares (Figure 21). Water covered the 

largest aerial extent within Rkms-10 and -17, with 23.84 and 22.03 hectares. Rkms-12 

and -19 had the lowest amounts of classified water with estimates of 14.32 and 14.57 

hectares of water. Rkm-9 showed one of the two lowest percentages covered by water, 

but did not have the smallest quantity mapped with an estimated 21.3 hectares. 

Sand/gravel was largely more abundant in Rkms-17 and -19, with estimates of 20.49 and 

34.06 hectares, whereas Rkms-11 and -12 contained the lowest quantities of sand/gravel 

(4.88 and 5.44 hectares). Similar to the sand/gravel class, wet sand/gravel comprised the 

largest area within Rkms-17 and -19 (9.54 and 9.56 hectares). The coniferous class 

covered the most ground within Rkms-9 and -10 (78.22 and 79.99 hectares), but 

proportionally the coniferous class was most prominent within Rkms-10 and -11. The 

coniferous was both least abundant and proportionally the smallest within Rkms-17 and - 

19 with estimates of 31.15 and 16.06 hectares. Deciduous vegetation covered the most 

ground within Rkms-9 and -12 (51.28 and 49.58 hectares), however proportionally 

besides Rkm-12, -16 showed the largest proportion with an estimate of 35.23 hectares. 

Rkms-11 and -18 showed the lowest estimates of deciduous with 24.02 and 17.77 

hectares of ground covered. Proportionally, Rkms-10 and -18 showed the smallest 

percentages of deciduous within each of the Rkms. Shrub was most abundant within 

Rkms-17 and -18 with estimates of 2.67 and 6.77 hectares, whereas Rkms-13 and -14 

showed the lowest estimates (0.14 and 0.21 hectares).
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Water Channel Metrics

Braiding parameter estimates ranged from 1.51 (Rkm-19) to 5.39 (Rkm-14)

(Table 13). The lower Rkms (8-11) braiding parameters were averaged between the two 

anastomosing channels and all had similar estimates and average value of 2.14. Classified 

primary river channels connected at the upstream divergence were used to calculate each 

Rkm braiding estimate (Figure 22.

The mean width of widest wetted-channel varied within the study reach ranging a 

low of 71 m (Rkm-12) to a high of 114 m (Rkm-18), with an overall mean of 85 m (Table 

13). The minimum and maximum values ranged from 45 m (Rkm-15) to a maximum of 

184 (Rkm-18).

Mean width of the scoured floodplain fluctuated throughout the study area with 

estimates ranging from 267 m to 746 m corresponding to Rkms-12 and -19 (Table 13). 

Rkms-12 and -16 contained the lowest mean widths of 172 m and 262 and Rkms-18 and - 

19 had the highest estimates of maximum mean width of 747 m and 970m.



FIGURE 21—Proportion of each landscape elements (i.e. LWD, water, sand/gravel, wet sand/gravel, coniferous, deciduous, 
and shrub) contained within each river km. Quantitative estimates are based on the decision-based fusion classification for the 
study area. Overall estimate accuracy of the image classification was ~84.00%.
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TABLE 13—Braiding parameter estimates and descriptive statistics for active floodplain 
width and mean widest wet-channel width are summarized by river km. Estimates were 
based on five evenly spaced measurements within each river km.

Active Floodplain Width_______ Widest Channel Width
River Km Braiding Minimum Maximum Mean Minimum Maximum Mean

8 4.60 1095 1406 1218 69 112 85
9 4.19 1485 1719 1582 65 83 72
10 4.01 920 1713 1298 66 88 76
11 4.46 659 898 749 59 138 83
12 2.50 792 955 910 49 86 71
13 2.49 690 1017 831 49 118 86
14 5.39 737 972 853 55 102 73
15 4.50 461 779 639 45 111 74
16 2.80 262 368 310 67 126 97
17 3.25 420 759 581 56 117 97
18 2.74 516 796 663 84 184 114
19 1.51 465 970 774 78 97 88

TABLE 14—Pearson’s product-moment correlation coefficients between percent LWD 
and the derived landscape elements (percent) and river channel metrics.

% LWD
rP P

% Water 0.05 ns
% Sand/gravel 0.77 0.01
% Wet sand/gravel 0.70 0.05
% Coniferous -0.67 0.05
% Deciduous -0.42 ns
% Shrub 0.28 ns
Mean width widest channel 0.33 ns
Braiding parameter -0.04 ns
Mean bankfull width 0.80 0.01
Total potential LWD pool area 0.18 ns
Count of potential LWD pools 0.25 ns
ns=not significant
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FIGURE 22—Unuk River primary river channels based on classification of the FLIR 
imagery. Classified channels were used to compute the braiding parameter. Only surface 
water channels connected at the upstream divergence were included in the calculations.
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LWD Correlations

Percentage of LWD area within the study area was positively correlated with 

percent sand/gravel area (rp=0.77, n=12, P= 0.01), percent wet sand/gravel (rp=0.70, n=12, 

P= 0.05), and average scoured floodplain width (rp=0.80, n=12, P= 0.01) (Table 14). 

Percent coniferous was negatively correlated with percent LWD (rp= -0.67, n=12, P=

0.05). No other significant correlations between the other landscape elements and the 

potential LWD formed pools were observed.

Proximal Relationships of LWD and Water

Approximately 50% and greater of the LWD was located < 20 m from the 

classified river channels in 8- of the 12-Rkms (Figure23). In contrast within Rkms-13, - 

18, and -19, percent total LWD ranged from 20.80% - 33.74% within the same buffered 

region. Rkm-11 contained the largest percentage of LWD within the 0-7 m range 

(~38.75%) and Rkm-16 had the largest percentages of LWD from 7-20 m (41.82%) in 

comparison to other Rkms. The lowest percentages of total LWD within the range of 0- 

20m were observed in Rkm-19, with a low of 20% LWD located within this range of 

classified river channels.

A total of 1,815 potential pools formed by LWD were identified, representing an 

estimated 10.78 hectares or ~ 5% of the total classified water classified as pool habitats 

(Table 3.8). Longitudinally, Rkms-14 and -18 contained the highest number of pools 

(260 and 204), while Rkms-12, -13, and -16 had the lowest potential LWD pools (97, 104, 

and 104). Total potential LWD pool areas were largest within Rkms-10 and -14 with 

estimates of 1.18 and 1.67 hectares. Rkms-12 and -16 were estimated to contain the 

smallest potential area of LWD pools with estimates of 0.5 and 0.48 hectares. Average 

estimated potential LWD pool area within the study area was 59.13 m2. Rkms-8 and -10 

had the highest average of potential LWD pools with average estimates of 72.46 m and 

70.18 m2. Smallest average potential LWD pools were contained within Rkms-16 and -18 

with estimates of 46.40 m2 and 49.27 m2. The largest potential LWD formed pools were 

identified within Rkms-10 and -11 (1,016.85 m2 and 625.76 m2). Rkms-12 and -16
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contained the smallest estimates of maximum potential LWD pools with estimates of 

290.81 m2 and 241.18 m2.

8 9 10 11 12 13 14 15 16 17 18 19

River Km

FIGURE 23—Proximity of Total Percent LWD to classified river channels at varying 
spatial scales by river km.
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TABLE 15—Descriptive statistics of potential LWD formed pools by river km. Potential 
LWD pool areas (m ) were derived from proximity of LWD to classified river channels. 
Adjacent water channels < 3m to LWD were identified as potential pool areas.

River Km Pool Count Avg. Pool Area Max. Pool Area Total Pool Area
8 109 72.46 446.03 7898.56
9 142 62.72 340.37 8906.64
10 169 70.18 1016.85 11860.13
11 167 62.70 625.76 10470.08
12 97 51.88 290.81 5032.74
13 104 61.03 612.93 6346.70
14 260 64.20 553.62 16691.13
15 164 51.52 571.66 8449.45
16 104 46.40 241.18 4826.00
17 189 58.33 472.25 11023.96
18 204 49.27 431.08 10051.83
19 106 58.83 551.94 6236.15

Discussion

Contextual LWD Classification

The LWD processing technique works very well overall and was discussed in 

detail in Chapter 1. The technique does have some limitations in areas where the LWD is 

obscured by vegetation and/or shadows. LWD data collected in the field, including the 

location, distribution, dimensions, nature of LWD, proved to be extremely helpful in 

image interpretation and validation of the classification results.

Classification of LWD using a two class system of LWD and No LWD was also 

presented by Marcus et al. (2003), in which a matched filter approach was used to identify 

LWD. Marcus et al. (2003) achieved overall accuracies of 83%, with hyperspectral 

imagery in which the LWD was classified based on its spectral characteristics versus its 

spatial signature.



91

FLIR Unsupervised Classification

The thermal signature of the water within the FLIR images is very distinct, 

providing an effective means of identifying river channels within the study area. In this 

classification the separability of the landscape classes in feature space is based on relative 

temperature differences (versus absolute temperature). The FLIR sensor used in this 

study detects thermal infrared energy at wavelengths in the range 7.5-13 pm. Emitted 

infrared energy predominates at these wavelengths over reflected energy (Lillesand et al.

2004). Though the amount of energy reflected from the surface of shadow free water and 

shadowed water is significantly different as observed in the photos taken in the visible 

region, the thermal contrast between the surface of shadow free and shadowed water is 

subtle to non-existent. However, the thermal contrast between all water surfaces and 

other landcover types is significant, making the FLIR images an excellent source for 

classifying water bodies.

The three other classes (sand/gravel, deciduous, and coniferous) were not as 

accurately characterized by the FLIR images. There was confusion between the 

deciduous and sand/gravel classes, particularly in cooler/wet areas of sand/gravel. 

Similarly, there was mixing between the coniferous and sand/gravel classes. While the 

FLIR classification shows great potential for mapping water surfaces, the emitted energy 

does not improve the classification of the other land cover classes in comparison to the 

reflective energy based classification (digital aerial photo).

Other studies where thermal infrared data have been used for river research have 

focused on manual digitization of river channels (Belknap and Naiman 1998), 

characterization of stream temperatures (Torgersen et al. 1999; Torgersen et al. 2001), 

and accuracy and uncertainty estimation of stream temperature measurements made on 

different stream sizes using thermal infrared data of different spatial resolution 

(Handcock et al. 2006). To the best of our knowledge, airborne thermal infrared data has 

not been used to improve automated classification techniques for fluvial landscapes using 

fusion techniques. The water class results show great potential for differentiating between 

water surfaces and other land cover classes based on relative differences in temperature.
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Airborne Digital Photo Supervised Classification

The supervised classification of the airborne digital photo extracted the identified 

landscape elements reasonably well (overall accuracy ~76%). In examining the 

contingency matrix, there was a high amount of confusion between water and coniferous 

vegetation. The water has a high sediment load (glacial river) and therefore has a higher 

reflectance in comparison to clear water. The higher reflectance of the water overlaps 

spectrally with the sunlit portion of the coniferous vegetation class. The confusion can 

also be attributed to the high spectral variance of the coniferous class. This high variance 

was similarly noted by Thomas et al. (2003) in that, “The sunlit and shady sides of the 

same tree have vastly different spectral responses, even though they belong to the same 

class.” The high spectral variation exhibited by the coniferous class in this study leads to 

decreases in classification accuracy (Lu and Weng 2005). The deciduous vegetation class 

had relatively low classification accuracies and was inter-mixed with the wet sand/gravel, 

shrub, and coniferous classes. We strived to coordinate image acquisition dates prior to 

vegetative leaf-out for a comprehensive view of the channels. Nevertheless, the 

conditions that produced favorable qualities for mapping water may have contributed to 

the low deciduous class accuracy and confusion between classes with no leaves present. 

Shadows had high overall classification accuracies, although there was confusion with 

the coniferous class, both in the forest and over the water where shadow was 

misclassified as coniferous.

Decision-based Fusion-Pilot Study Area

The decision-based fusion processing strategy provided the most accurate 

characterization of the pilot study area. Specifically, the advantages of this approach are 

it allows the integration of the LWD class (important fish habitat indicator) and combines 

the water class from the FLIR classification for improved stream mapping, particularly in 

areas obstructed by shadow.

A comparison of the classification results for the water class as produced from the 

digital aerial photo and decision-based fusion did not reveal drastic differences
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quantitatively in regards to producer’s accuracy. However the water class did largely vary 

in its user’s accuracy between the two methods. This comparison is somewhat misleading 

and does not entirely capture the significant improvement in the water classification 

accuracy using the alternate processing technique. In the decision-based fusion image, 

major river channels and side channels are clearly delineated in comparison to the 

classification result of using the digital photo alone where side channels and sloughs are 

often masked by shadows and misclassified. Additionally, the significant confusion 

between the water and coniferous class exhibited in the digital photo classification is 

minimized in the decision-based fusion image. While the other classes in the fusion 

product are derived from the digital aerial photo and are reasonably classified, the 

vegetative classes would be improved with the addition of a near infrared band, where 

vegetation has a high reflectance (e.g. Lillesand et al. 2004).

In this study, the classification result generated from the decision-based fusion 

strategy is superior in comparison to that of a classification result produced by pixel- 

based fusion given the data in this study. Pixel-based fusion merges the datasets at the 

pixel level combining sensor measurements (Solberg et al. 1994). The digital aerial 

photos in this study are afflicted by shadows along the river from adjacent tall trees 

obstructing views of water channels decreasing classification accuracy (Figure 18). By 

implementing pixel-level fusion of the digital aerial photo and FLIR images, the shadows 

would be transferred to the fused image, thereby not improving classification accuracy. 

Whereas, image fusion on the decision-level improves overall classification accuracy by 

minimizing shadow effects in the water class (FLIR images) and incorporating LWD 

contextual information.

Decision-based Fusion-Entire Study Area

Parallel with the pilot study results, the decision-based fusion technique processed 

on the entire study area clearly provided the most accurate representation of the area. In 

classifying the whole study area using spectral classification of the digital photos, the 

classified shadows were primarily overlapping with the water and coniferous vegetation
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classes. In the decision-based fusion, as the water class was extracted from the processed 

FLIR image, we were not concerned with shadows in the water region. Since the 

remaining shadows were mainly associated with the coniferous vegetation, we clubbed 

the class ‘shadow’ with the class ‘coniferous vegetation’.

Unexpectedly, the overall classification accuracy for the entire study area is 

approximately four percent higher in comparison to the smaller pilot study area. The 

increase in accuracy can be attributed to a couple of factors. One difference as previously 

mentioned is the combination of the shadow and coniferous classes in the entire study 

area. By combining these two classes, the coniferous class producer’s and user’s accuracy 

both increased in comparison to the pilot study area. Confusion between the deciduous 

and coniferous classes was also reduced by merging the shadow and coniferous classes, 

in effect increasing classification accuracies of the deciduous class.

A closer evaluation of the accuracy contingency tables helps decipher more 

specific relationships resulting from the different processing methods. For example, we 

expected the class ‘water’ to have a considerably higher accuracy compared to the water 

class derived from the spectral classification alone. This was not so in the results for the 

entire study area, possibly due to inherent errors in manually preprocessing (co

registering, mosaicing and calibrating) many small footprint aerial photos and FLIR 

images covering a large area (e.g. Lillesand et al. 2004). These errors increase when 

multiple data sets that are manually corrected are used in conjunction, further propagating 

the co-registration errors to the classification result. In this study, the co-registration 

errors are especially noticeable for the water class, with the majority of the classification 

errors located at the channel margin. Decreased classification accuracy due to co

registration problems has also been noted in other river studies (Wright et al. 2000; 

Marcus et al. 2002). In remote locations such as the Unuk River floodplain manual 

georeferencing techniques are limited in areas with no distinguishable features to use as 

tie points (e.g. forested areas) and depending on the footprint of the image it can be 

difficult to get enough well distributed tie points.
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FLIR sensor calibration errors also accounted for errors associated with the water 

class in the entire study area. Most images were successfully corrected during the 

preprocessing steps followed, but not all could be corrected, limiting the clarity and 

precision of the data based on relative emitted values. The majority of these errors were 

associated with the upper extent of the study area. In the upper extent, both errors of 

commission and omission were observed to occur more often than in other areas due to 

inherent calibration problems.

Many classification algorithms exist today, and we recognize the decision-based 

fusion processing scheme outlined in this chapter is one of many. Object-oriented 

classifiers have gained popularity in recent years in image classification particularly with 

the high spatial, low spectral resolution imagery which describes the data in this study.

We did not attempt to use an object-oriented classifier, but it may be useful as another 

alternative in future classification studies. Alternative strategies are needed, such as the 

processing scheme followed in the study for successful identification of classes such as 

LWD and water in areas where unsupervised and supervised classification would not 

succeed due to mixed spectral response of wood, sand, gravel, and shadows. The 

improved mapping of the water class with the FLIR imagery reflects the need for 

alternative strategies. Additionally obtaining imagery with an infrared band would also 

improve vegetative mapping and separating vegetated and non-vegetated areas (i.e. active 

floodplain versus riparian vegetation) (Whited et al. 2002).

Quantity of Landscape Elements

Accurate quantitative landcover estimates within the study area hinges on an 

accurate fluvial landscape classification. Water or wetted area estimates (231.73 hectares) 

within the floodplain include an array of diverse habitats main channel, side channels, 

and sloughs to the spatial scale detected by the FLIR sensor. Different habitats were not 

separately classified, but were simply grouped as one water class in this study. Previous 

remotely sensed riverine studies have classified river channels into various habitat types 

(e.g. main channels, off-channel habitats, pool, riffle, and glide) based on spectral
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reflectance relationships with empirical measurements of depth and flow characteristics 

(Lyon et al. 1992; Whited et al. 2000; Wright et al. 2000; Marcus et al. 2003; Whited et al. 

2002). Successful separations of channel types are related to physical characteristics of 

the water and on the sensor’s ability to detect water depth and substrate variations, but 

usually are limited in turbid conditions (Lyon et al. 1992; Whited et al. 2002). In a glacial 

river such as the Unuk River, turbidity levels are often high, limiting detection of 

reflectance variations associated with different substrates, depths, and velocities that are 

needed to effectively classify the different habitats (Lyon et al. 1992; Whited et al. 2002).

A synoptic fluvial landscape classification affords a spatial context for detecting 

variations in floodplain heterogeneity. Image processing results allowed not only a 

quantitative characterization of the study area as a whole, but also along a longitudinal 

profile. Aerial proportions of each landscape element contained within the area of each 

river km were not uniformly distributed, but varied longitudinally within the study area. 

For example LWD, an important fish habitat indicator was most abundant in the upper 

extents of the study area but in contrast water was found to be least abundant in the 

uppermost river km. Conversely, water was generally found in larger quantities in the 

lower reaches of the study area, but LWD was generally less abundant. Relationships of 

these landscape elements throughout the study area corridor provide a spatial context for 

detecting and describing patterns of habitat variability that maybe insightful for 

determining fish-habitat relationships along the same gradient (Torgersen et al. 1999; 

Fausch et al. 2002).

Water Channel Metrics

The braiding metric is quantitatively designed to describe channel complexity. 

Braided channels with low velocities are associated with juvenile salmon distribution 

(Mecum and Kissner 1989). The ability to compare and identify channel sections based 

on a comparable braiding index may help to identify and associate channels with juvenile 

salmon habitats. The braiding parameter values we observed were similar to those 

documented by Friend and Sinha (1993) and Arscott et al. (2002). Mid-channel lengths
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are the basis of the braiding metric with the rationale that changes in discharge will not 

greatly affect channel length and also the universality of the measurement from a variety 

of sources (e.g. satellite images, aerial photographs, topographic maps) (Friend and Sinha 

1993). Arscott et al. (2002) compared the braiding index of the Tagliammento River in 

Italy over three time periods, but observed very little change in their estimates. Mid

channel lengths may accommodate fluctuating flows, but we hypothesize that within the 

study area, braiding parameter estimates would vary particularly in the upper extent of 

the study area and would not be consistent across flows. This statement is based on scale. 

In this study we used high spatial resolution aerial photographs to delineate channel 

lengths and estimate the braiding parameter. The values we observed reflect the channels 

at a low flow event, but feel a larger flow would both create new channel divergences and 

convergences of existing channels within the different Rkms, thus changing our estimate. 

Rkm-19 was estimated to have the smallest braiding parameter, but the largest quantity of 

LWD within the study area. Zimmerman et al. (1967) documented that LWD increases 

channel complexity, if true we would expect this Rkm to have a higher associated index 

of braiding. Comparison of river networks by the braiding parameter in regards to 

describing complexity may be both scale and flow dependent when making valid 

comparisons.

The transitioning channel morphology may also complicate a comparison of the 

braiding parameter. In order to calculate a value for the braiding index within the study 

area described by anastomosing channels (i.e. lower extent of the study area), we first 

calculated an index value for each main channel separately and then averaged the results 

to generate a final braiding index estimate within these areas. Friend and Sinha (1993) 

also observed anastomosing channels within their study area, but pointed out that, 

“anastomosing is a different order of phenomenon than the channel bars and bends.” An 

alternate method to gain insight of floodplain complexity may be the complexity metric 

used by Whited et al. (2002) to estimate braiding in which a total count of all divergences 

and convergences from the main channel and off-channel connected habitats are 

documented and summed.
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Channel size influences the transport of LWD and patterns of LWD distribution 

(Keller and Swanson 1979; Bilby and Ward 1989; Abbe and Montgomery 2003). Wetted 

channel widths within the study area varied by Rkm, but exhibited a slow decrease in 

mean width downstream as channels transitioned into two anastomosing channels. 

Categorically, the Unuk River’s channels fall into the broad category of ‘large channels’ 

as defined by Gumell et al. (2002) where the channel width is greater than the length of 

wood pieces entering the river. This general threshold further indicates processes beyond 

channel size control LWD dynamics (i.e. flow regime, geomorphic properties, LWD 

buoyancy) (Gumell et al. 2002). The longitudinal gradient observed in wetted channel 

width parallels relationships between that of bankfull width and LWD. Bankfull widths 

(scoured channel) were found most expansive in the upper Rkms and to gradually 

decrease in the downstream direction. Previous studies have associated bankfull width 

with LWD abundance (Keller and Swanson 1979).

LWD Correlations

Correlative associations of LWD with landscape elements and derived channel 

metrics revealed LWD was positively associated with percent sand/gravel, percent wet 

sand/gravel, and mean bankfull width. LWD was negatively associated with the 

coniferous class. Differences in channel morphology may explain these relationships. The 

upper extent of the study area is characterized as a wide bar braided expanse with an 

abundance of LWD and sand/gravel. The high amount of sediment within this area may 

act to retain larger amounts of LWD or it may be the large quantities of LWD retain 

sediment (Becker and Schirmer 1977; Abbe and Montgomery 1996). The flow regime 

and associated geomorphic properties may also influence LWD transport distances, with 

a tendency to accumulate in the braided zone (Piegay and Gumell 1997). LWD transport 

distance relates to the magnitude of the flood pulse prior to the flood falling limb when 

most LWD is deposited, distance may be short in some areas and longer in other sections 

(Piegay and Gumell 1997). Bilby and Ward (1989) documented similar correlations of
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LWD volume and sediment area, whereas Beechie and Sibley (1997) did not observe an 

association of LWD and percent gravel.

The negative association between percent LWD and percent coniferous reflects 

the study area which is characterized primarily by two anastomosing channels separated 

by large vegetated (coniferous and deciduous) islands. Within these wandering channels, 

LWD is deposited at the channel edges and meander bends (Abbe and Montgomery 1996; 

Piegay and Gumell 1997). Piegay and Gumell (1997) concluded the wandering sections 

of a river to have a greater retention of LWD than the braided sections, but this was not 

observed in our study as indicated by the inverse relationship of coniferous and LWD.

Proximal Relationships of LWD and Water

LWD typically congregates at the channel margins as debris lines and distinctive 

structural jams in large rivers (Keller and Swanson 1979; Abbe and Montgomery 1996).

In assessing the distribution of LWD within a river network LWD location in relation to 

the active river channel is often documented. If the majority of the LWD is distributed on 

islands and banks away from the channel, its impact on influencing channel morphology 

is limited to high flow conditions (Swanson and Lienkaemper 1978). In salmon habitat 

studies, the location of LWD directly relates to whether it is habitat forming and thus 

contributing as habitat available for salmon use.

Our study indicates that approximately 50% (e.g. average between all Rkms) of 

the mapped LWD was located within 20-m proximity of the classified river channels. 

These proximal relationships of LWD and water fluctuate with discharge and 

corresponding surface area varying in response to channel morphology in each Rkm. 

These proximal relations are representative of low flow conditions and in part represent 

extents of diminishing rearing habitats that endured over winter. We also observed Rkms 

containing the largest LWD quantities (Rkm-18 and -19) to have only 20% of the LWD 

within the 20-m river distance. This indicates the LWD within these Rkms is not 

functioning to provide habitats to juvenile salmon or may not have endured flows through 

the winter.
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The juxtaposition of LWD and water within a river network signify potential pool 

habitats. In large alluvial rivers LWD accumulations dominate scour pool formation 

(Abbe and Montgomery 1996). Abbe and Montgomery (1996) found that 70% of all 

observed pools within the Queets River floodplain were associated with large wood and 

were usually deeper with varying depths compared to free-formed pools. These pools are 

essential to juvenile salmon, providing refugia from high flow velocities; additionally the 

LWD provides cover and indirectly a source of food items (Bisson et al. 1987).

Beamer and Henderson (1998) investigated LWD along the channel margins in the Skagit 

River and observed that 82% of juvenile Chinook salmon abundance was explained by 

LWD cover. Previous studies suggest the quantity and spatial distribution of LWD and 

adjacent river channels largely control the location and amount of fish habitat within the 

Unuk River.

Detection of pool habitats (e.g. potential LWD formed pools) based on proximal 

relationships of LWD and water within the study area provided an alternative method to 

coarsely identify and provide pool area estimates. These methods did not discriminate 

directional flow influences (e.g. upstream and downstream) or channel location of LWD 

on potential pool areas but included the entire perimeter of adjacent LWD and water 

areas. It is recognized that all LWD accumulations within the Unuk River vary in size, 

type, and stability thereby creating a wide range in actual functioning pool areas. Abbe 

and Montgomery (2003) identified ten types of LWD accumulations within the Queets 

River floodplain differentiated by recruitment mode and individual member (e.g. key, 

racked, and loose) orientation with the channel. They concluded some LWD jam types to 

strongly influence channel morphology (e.g. pool and bar formation) and others to have a 

negligible impact. Abbe and Montgomery (1996) documented meander jams to be 

associated with the largest and deepest pools along the Queets River and the pools 

occurring directly upstream of the jam and also along the channel side perimeter of the 

jam. We did not attempt to classify individual LWD jam types within the imagery and 

resultantly no weights were given to jams that might have a higher probability associated 

with them versus a single log in the proximal identification of pools.
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LWD pool areas were estimated to comprise approximately 5 % of the total water 

area classified within the study area. Total individual pool counts may be overestimated 

in the study area due to pixel discontinuity and the search radius (8 surrounding pixels) 

when individual pixels were grouped into individual pool units. Specifically, if a pixel 

was identified as potential pool pixel it was grouped with other selected pixels if it was 

within a 3x3 mask. The true accuracy of pool counts and associated area estimates are 

unknown due to lack of a comprehensive pool survey data to accompany the classified 

imagery. Our method is based on a top down approach using the classified imagery, but 

ground validation of these pool areas and jam types is recommended. Corresponding 

ground reference data would better elucidate the relationships of the LWD jam types, 

pool characteristics and frequency, and ultimately juvenile salmon association within the 

Unuk River.

Overall we believe our estimate of LWD formed pools underestimates available 

pool areas within the study area. One contributing factor is pool areas beneath the LWD 

accumulations were not identified as pools (Bisson et al. 1987) and included in the pool 

area estimate, only the adjacent perimeter areas. A second factor is the assumption that 

the classification accurately and precisely minimizes co-registration errors between the 

LWD (aerial photography) and water (FLIR). As mentioned earlier, co-registration errors 

were documented within our classification and were particularly prevalent along channel 

margins in some areas. These co-registration errors further propagate to the classification 

and ultimately to our analysis, thus failing to detect some adjacencies of LWD and water 

within the study area. While a threshold of three meters may not accurately reflect 

extending pool areas from the LWD perimeter on an average it may mitigate in some 

instances co-registration errors.

Classification and Salmon Habitat

The fluvial landscape classification methods outlined in this study provide a 

spatially explicit characterization of the study area allowing for quantitative spatial 

analyzes of the landscape elements (i.e. fish habitat indicators) that will assist fishery
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researchers and managers with increased knowledge of how these complex and 

continuous habitats are arranged in space and time and ultimately available to salmon. In 

an undisturbed river floodplain, like the Unuk River natural flood pulses constantly alter 

the active channels, sediment, LWD, and habitats available to salmon. Therefore, remote 

sensing and image processing techniques provide important tools for monitoring these 

features providing an alternative quantitative and repeatable approach to traditional 

habitat surveys in these large river systems. Chapter Three further examines the use of 

the fluvial landscape classifications to map and quantify juvenile Chinook salmon habitat.

Conclusions

The airborne digital photography and FLIR images used in this study provide a 

relatively low cost solution for data acquisition and landscape classification. Images 

acquired by the Alaska Department of Fish and Game allowed increased control in 

planning and timing of image acquisition, which can be crucial in coastal river studies 

(due to varying river flows and local weather conditions). The control over image 

acquisition is particularly significant in remote locations, such as in Southeast Alaska that 

experience frequent, adverse weather conditions. Acquisition windows in these areas can 

be narrow, limiting the chances of obtaining a cloud-free satellite image in parallel with 

optimal timing of research interests.

The decision-based fusion strategy improves the fluvial landscape classification 

and provides a superior processing technique in comparison to a product generated from 

either of the data sources alone. Specifically, the fusion classification allows the 

integration of the LWD class (important fish habitat indicator) and the water class from 

the FLIR classification for improved stream mapping, particularly in areas obstructed by 

shadow. The fusion method increased overall classification accuracies both in the pilot 

study area and the entire study area.

The true potential of the decision-based fusion strategy appeared to be somewhat 

limited when the entire study area was considered due to co-registration errors between
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the digital aerial and FLIR images and calibration issues with the FLIR images. These 

two sources of error associated with the preprocessing affected the overall classification 

accuracy and our ability to assess the full potential of the proposed method. However, 

even with the residual errors, the results of the decision-based fusion technique clearly 

provide a much more accurate interpretation of the landscape than a classification based 

solely on spectral information derived from a single image source. The addition of a near 

infrared band would also improve classification of the vegetation classes (i.e. separating 

deciduous and coniferous types), which had somewhat lower classification accuracies.

FLIR imagery shows great potential in river studies in fluvial landscape mapping. 

Shadows are a significant problem in high resolution imagery and can obstruct views of 

channels in the reflective portion of the spectrum. The integration of airborne thermal 

infrared minimizes these shadow effects allowing for a much more comprehensive view 

of river channels. Although hyperspectral data has been used by some researchers to 

improve river classification studies, the use of thermal infrared has been limited. The 

improved classification result provides a georeferenced fluvial landscape characterization 

of the study area, providing an important component to fish habitat studies allowing for 

quantitative spatial analyses to be completed both laterally and longitudinally throughout 

the river corridor.
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Chapter 3: A GIS-Based Approach to Map and Quantify Chinook Salmon Rearing 

Habitat in a Large Glacial Floodplain River in Southeast Alaska 

Abstract

Currently, we are limited in our ability to map, quantify, and monitor salmon 

habitats in large river floodplains. The challenge stems from the fact that large 

undisturbed river floodplains are inherently dynamic, expansive, and exhibit a complex 

array of habitats that are difficult to map based on traditional ground-based methods. This 

study examines the use of remote sensing data (digital aerial photos and thermal images) 

integrated into a GIS to map and quantify juvenile Chinook salmon habitat for a 12-river 

kilometer (Rkm) section of the Unuk River floodplain in Southeast Alaska. A habitat 

suitability analysis was used to identify potential Chinook rearing habitat based on 

remotely derived habitat indicators similar to those found in the literature including: river 

channel edges, sloughs, braids, LWD-formed pools, and main channels. The analysis 

revealed the distribution of Chinook rearing habitats are not uniform throughout the study 

area, but varies by and within each Rkm. Rkms-14, -15 and -17 were identified as being 

the Rkms providing the largest quantities of potentially suitable Chinook rearing habitat; 

whereas Rkms-13 and -16 had the smallest quantities. Overall 77.82 hectares of 

potentially medium/high Chinook rearing habitats were identified in the study area. The 

advantages, capabilities and limitations of this remote sensing, image processing, and 

GIS- based approach are discussed as well as recommendations for future empirical- 

based studies describing juvenile Chinook habitat are outlined. Results from this study 

provide a promising foundation towards an alternative methodology for mapping and 

monitoring salmon habitat in large river systems for purposes of protection, conservation 

and monitoring to ensure sustainable stocks of salmon.
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Mapping, quantitative assessment, and monitoring of salmon rearing habitats 

within large river floodplains poses a significant challenge to fisheries managers. The 

challenge stems from the fact that large undisturbed river floodplains are inherently 

dynamic in nature creating an expansive, complex array of habitats that are difficult to 

map based on traditional techniques (Hynes 1975; Sedell et al. 1989). Alternative 

approaches to traditional salmon habitat surveys are needed in order to efficiently map 

and monitor salmon habitats within large river floodplains. An integrated approach 

involving remote sensing, image processing, and a geographic information system (GIS) 

provides a spatially explicit platform that offers a continuous view of the heterogeneity 

throughout the river network of the floodplain and the habitats available to rearing 

salmon (Fausch et al. 2002).

The importance of an integrated approach in quantitatively describing and 

assessing salmon rearing habitat is that the resulting metrics will provide spatially explicit 

habitat data to managers. This information is essential for identification and monitoring 

potentially suitable habitat areas for inventory, planning, management, and mitigation 

activities addressing land use changes (Porter et al. 2000; Thompson and Lee 2000; Jones 

and Tonn 2004; Jones 2006). This habitat data may also assist salmon resource managers 

tasked with estimating salmon production, ensuring sustainability to further address 

whether a salmon population is limited by rearing or spawning habitat potential within 

these large river systems. Limiting habitat potential may be especially significant for 

Chinook salmon which generally display differential rearing (and spawning) habitat 

affiliations. Therefore, a need exists to better understand relationships between large river 

floodplain rearing habitats and salmon smolt abundance necessary for freshwater habitat 

capacity models (Murphy et al. 1989; Bradford et al. 1997; Thompson and Lee 2000).

The most productive Chinook salmon systems in Southeast Alaska are the 

transboundary river systems, such as the Unuk River, which is typically considered the 

fourth largest Chinook salmon producer in Southeast Alaska (McPherson et al. 2005;

Introduction
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Weller and McPherson 2006). Unuk River Chinook salmon have a stream-type life 

history (Healey 1991). Adult Chinook salmon return to the Unuk River during June and 

July and spawn in the major tributaries from early August to early September. After 

about seven to nine weeks, eggs develop into alevins which overwinter in the spawning 

redds (Healey 1991). The following spring, fry emerge from the gravel associated with 

spawning areas (Halupka et. al 2000). After this time period it is presumed that Chinook 

fry migrate out of the spawning tributaries to the mainstem floodplain to rear, the 

majority spending one year in freshwater before emigrating to the ocean the following 

spring as age-1.0 smolts (Jan Weller, ADF&G, personal communication). Because 

juvenile Chinook salmon rely on freshwater habitats for summer growth and overwinter 

survival it is important for managers to identify the extent of these rearing habitats and 

possess the ability to quantitatively monitor habitat changes occurring naturally or 

anthropogenically (Poole et al. 1997; Sharma and Hilbom 2001)

Currently, we are limited in our ability to map, quantify, and monitor salmon 

rearing habitats in large river floodplains. Commonly used ground-based (foot) surveys 

of salmon rearing habitat are ineffective in these large river floodplains due to time and 

logistical constraints (especially in remote locations) and the fact that ground-based 

surveys typically lack an easily repeatable temporal component (Poole et al. 1997; 

Legleiter et al. 2002; Leckie et al. 2005). In large river floodplains, ground-based surveys 

of salmon rearing habitat are further complicated given the river size and typically 

complex habitat. Remote sensing, image processing, and GIS technologies provide tools 

to assist with large river habitat assessments that mitigate logistical constraints and allow 

repeatable measures of habitat to be obtained temporally.

The large transboundary river watersheds of Southeast Alaska exhibit relatively 

pristine conditions in comparison to other large watersheds in the Pacific Northwest and 

neighboring British Columbia. The transboundary systems allow for an opportunity to 

monitor and quantify habitat, and assess conditions in their natural state to gain a better 

understanding of the synergistic links of habitat and salmon production. The benefit in 

taking a proactive approach in evaluating these synergistic links in healthy, relatively
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pristine watersheds is brought to light by a comparison with work in the Pacific 

Northwest, where numerous stream habitat restoration studies are underway due to 

dramatic declines in salmon stocks (Lunetta et al. 1997; Thompson and Lee 2000;

Sharma and Hilbom 2001; Jones 2006). Generally, land use activities and their 

underlying effects on the environment are not static, but are more accurately portrayed as 

an evolving/changing mosaic. Quantitative monitoring tools are now needed to help 

managers better address and mitigate impacts of future land uses on salmon production to 

help ensure sustainability (Poole et al. 1997; Thompson and Lee 2000; Sharma and 

Hilbom 2001)

Remote sensing, image processing, and GIS-based approaches to map, quantify, 

and monitor fish habitats are relatively new to the fisheries field (Fisher and Rahel 2004), 

despite the fact that fisheries managers have long used aerial photographs for visual 

interpretation of watershed features (Murphy et al. 1989; Beechie et al. 1994). Analysis 

of high resolution digital photographs and videography, airborne-thermal imagery,

Digital Elevation Models (DEMs), LIDAR, and satellite imagery data combined with 

image processing techniques and other landscape metrics (e.g. road density, precipitation, 

slope, etc.) in a GIS provide quantitative and objective information for salmon habitat 

mapping and monitoring (Torgersen et al. 1999; Puestow et al. 2001; Tiffan et al. 2002; 

Whited et al. 2002; Jones 2006). Typically, empirical fish data is linked with spatially 

explicit habitat data and modeled to elucidate fish distribution and habitat patterns across 

a river network or landscape (Tiffan et al. 2002; Porter et al. 2000; Gresswell et al. 2006; 

Hedger et al. 2006). However, large river floodplains in remote locations, where fish 

populations are difficult to sample (i.e. due to logistics, budget constraints, and 

remoteness) present unique obstacles towards these endeavors. Cartographic modeling to 

identify and monitor areas of habitat suitability is useful when fish-habitat relations are 

well known (Bovee 1982; Morgan and Hinojosa 1996; Fisher and Rahel 2004). Morgan 

and Hinojosa (1996) recommended surface area estimates of winter habitats (i.e. large 

woody debris (LWD), substrate, in- and off-river channels) to monitor habitat quantity, 

quality, and fish production trends over time.
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In this chapter we examine the use of remote sensing data (high-resolution digital 

aerial photography and thermal imagery) integrated into a GIS to map and quantify 

juvenile Chinook salmon habitat. We discuss the capabilities and limitations of this 

remote sensing, image processing, and GIS-based approach. We also address 

implications for future research focused on using remote sensing to map and monitor 

salmon rearing habitat. Lastly, we provide discussion and recommendations on how 

remotely derived habitat data may be integrated and used as additional data sources and 

indicators in habitat-based escapement modeling.

Methods 

Remote Sensing Data

High-resolution airborne digital photography and thermal images (FLIR) acquired 

on April 23, 2005 over the study area constitute the base layer imagery used to map and 

quantify juvenile Chinook salmon habitat indicators. Image collection was targeted to 

correspond with post-winter low-flows (shortly after ice-out and snowmelt that exposes 

habitat features, but before deciduous leaf -out) to facilitate a more comprehensive view 

of the river channels. Imagery acquired at this time is assumed to represent similar habitat 

conditions as sustained through the winter months and therefore indicative of potential 

rearing habitat available to salmon.

Field Reference Data & Juvenile Chinook Trap Locations

Field reference data was collected between April 17-23, 2005, both in the 

preceding days and simultaneously with image acquisition. Field data was used to assist 

in interpretation of imagery for training area selection and for post-classification accuracy 

assessment. Field maps were constructed that included GPS (Garmin Map76®) waypoints 

to spatially document landscape elements such as substrate, LWD, vegetation and 

isolated pool locations. In addition to GPS waypoints, digital photos were captured and
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annotated with the feature and river orientation (upstream/downstream) as well as the 

corresponding spatial location.

Juvenile Chinook salmon research within the Unuk River includes a coded-wire 

tagging (CWT) project initiated by the Alaska Department of Fish and Game (ADF&G) 

as one component to provide baseline data for determining stock status (Mecum and 

Kissner 1989). ADF&G field crews trap and CWT Chinook fingerlings (late Sept-early 

Oct.) and smolt (late March-early May) in the lower river floodplain [Rkm-3 to 

approximately Rkm-19]. On April 17-19, 2005, we documented the trapping locations 

used opportunistically (i.e., non-random) by ADF&G CWT tagging field crews trapping 

juvenile Chinook salmon smolts. Over the 3-day time period, we collected GPS (Garmin 

Map76®) waypoints and digital photos of the individual trap locations. We used a meter 

stick to record water depth and obtained ocular estimates of the substrate directly below 

each trap. We also recorded cover directly above or adjacent to the trap (e.g. large woody 

debris). The number of juvenile Chinook salmon captured at each trap was also recorded 

when possible. The vernacular trapping name (e.g., Johnson Slough) of trapping locations 

used by stock assessment field crews was also documented for reference.

The spatially explicit juvenile Chinook trap locations were imported into a GIS 

providing detailed locations of catch and effort collected in an opportunistic manner.

Data collected at each of the trapping locations was attributed and the digital field photos 

hyperlinked to each of the waypoints. The waypoints were then overlaid on the remotely 

sensed image products (i.e. digital aerial photograph and thermal mosaic). This spatial 

attribution and integration allowed us to calculate and summarize descriptive statistics of 

the micro-habitat attributes associated with documented trap locations. The results allow 

interpretation of the micro-habitat factors explaining juvenile Chinook rearing 

distribution and relative abundance throughout the study area.
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Image Processing

A nominal measurement scale was used to produce a fluvial landscape 

classification consisting of the following macro habitat indicators for fish: LWD, water, 

sand/gravel bars, wet sand/gravel, and riparian vegetation (coniferous, deciduous, and 

shrub) (Poole et al. 1997). The classification scheme used a decision-based fusion 

approach that integrated the following data layers: LWD based on the contextual 

information in the digital aerial photos (detailed techniques outlined in Chapter 1); water 

as delineated using unsupervised classification of the FLIR images and supervised 

classification of digital aerial photos providing identification of all other classes. The 

decision-based fusion approach represents the most accurate representation of landcover 

given the data in our study, with an overall classification accuracy of ~84% (detailed 

techniques outlined in Chapter 2).

The above fluvial landscape classification represents a spatially explicit map that 

provides surface area estimates of selected landscape elements within the study area. 

Based on the landscape classification, we can infer juvenile Chinook salmon rearing 

habitat quantity, if we can identify and associate the resources generally used by juvenile 

Chinook salmon to their mapped availability (Morgan and Hinojosa 1996; Boyce et al. 

2002; Manly et al. 2002). Due to the opportunistic structure of the Chinook salmon 

trapping locations collected, we did not use the points in a modeling capacity, but instead 

as a limited validation data set. Alternatively, we used a literature-based habitat 

suitability approach to coarsely quantify Chinook rearing habitat (ESRI 2005).

Potential Juvenile Chinook Habitat

In absence of an empirical model, a habitat suitability analysis was used to 

identify areas of potential Chinook rearing habitat as based on juvenile Chinook habitat 

indicators reported from the literature (Table 16). Juvenile Chinook salmon within the 

Unuk River floodplain are commonly observed to use the following habitats: river 

channel edges, sloughs, tributary mouths, mainstem backwaters and LWD-formed pools 

(Mecum and Kissner 1989; Hendrich et al. unpublished). To spatially map and quantify
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potential juvenile Chinook habitat, we generated mapped habitat indicator layers from the 

elements within the fluvial landscape classification. A proximal spatial analysis of the 

landscape elements was completed using a GIS. We were not able to generate spatial 

layers for all juvenile Chinook indicators shown in Table 16, particularly for the micro

scale indicators of velocity, depth, and substrate. We separately classified channel edges, 

mainstem sloughs, braids, and backwaters within the study area based on the physical 

habitat descriptions outlined in Murphy et al. (1989). These physical habitat 

classifications served as a proxy for Level-1 habitat classifications that separate fast and 

slow water (Bain and Stevenson 1999).

Literature and expert based data regarding juvenile Chinook habitat were derived 

from the landscape classification, spatially integrated and shown conceptually outlined in 

Figure 24. This involved producing a composite habitat suitability map using an additive 

weighted overlay (ESRI 2005). Each indicator layer was weighted higher/lower in 

relation to the other indicator layers, based on review of relevant literature and expert 

opinion. The Chinook rearing habitat suitability analysis basically weighted potential 

LWD formed pool areas approximately double that of slow water categories (e.g. 

mainstem sloughs, braids, and backwaters), where LWD was not present. In addition, 

slow water habitats were weighted double that of fast water areas recognizing the fact 

that salmonids rearing potential is generally assumed to be directly related to water 

velocity (Murphy et al. 1989). Ultimately, this weighting strategy integrated the habitat 

indicator layers allowing us to produce a spatially explicit categorical (i.e. low, medium, 

and high) Chinook rearing habitat suitability map.

In summary, values used in the additive weighted overlay were not empirically 

derived, but were based on a combination of literature and expert opinion. Corresponding 

figures of the habitat indicators and the resulting habitat suitability map were produced 

for the study area. The habitat suitability map is displayed with a gradational scale of 

three categories (natural breaks generated through ArcGIS): high, medium, and low 

potential Chinook rearing habitat.
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The following indicator layers were used in our Chinook rearing habitat 

suitability analysis. The example applied weights for each variable (X) and associated 

indicator definitions are also provided.

■ Potential LWD formed pools (5): (areas of water within < 3m of classified 

LWD (Area > lm 2). Potential LWD pool areas were defined based on metrics 

used by Murphy et al. (1989) for channel edge habitats used by juvenile Chinook.

■ Extended areas of potential LWD pools (2) (a surrounding buffer of 2 meters 

was applied to identified LWD pool areas)

■ Mainstem sloughs, backwaters, and braids (2) represents potential slow-water 

habitats; (water areas in close proximity to the mainstem river and observed 

channel widths ~ < 35m)

■ Water channel Edges (2) (areas < 3m from the classified water’s edge. Murphy 

et al. 1989)

■ Primary channels (1) represents potential fast-water habitats (all water areas > 

3m from classified water’s edge)

The habitat suitability analysis does not represent a predictive model based on 

empirical data, but rather provides a preliminary approach in identifying habitat areas 

potentially suitable and used by juvenile Chinook. Based on the habitat suitability 

analysis, we produced a spatially explicit image of potential juvenile Chinook habitat 

within the study area. We calculated the quantity of each macro fish habitat indicator 

used in the habitat suitability analysis and summarized by Rkm. The opportunistically 

documented juvenile Chinook trap locations were overlaid on the resulting habitat 

suitability map and the suitability value extracted, as a measure of validation.



TABLE 16—Juvenile Chinook abiotic macro and micro-habitat indicators compiled from the literature.

Abiotic Habitat Indicator Description References

Macro-Habitat Features 
Channel Edges Margin of main channels 

Water velocity < 30 cm/s
Murphy et al. 1989; Mecum and Kissner 1989 
Tiffan et al. 2002

Sloughs Sloughs-formed when sediment & organic debris 
Block the head of a braid or branch of a main-channel. 
Water velocity varies from slow (0-15cm/s) at low 
Stage to rapid at high stage

Murphy et al. 1989; Hendrich et al.unpublished

Braid Shallow water across a mudflat or channel bar 
Water velocity moderate (10-30 cm/s) or 
low current velocity

Murphy et al. 1989; Mecum and Kissner 1989

LWD formed pools Areas in or near large organic debris 
(e.g. root wads of spruce & logjams)

Mecum and Kissnerl989; Halupka et al. 2000

Off-channel tributaries/ 
Tributary mouths

Micro-Habitat Features

Streams flowing across the valley floor to the river 
May be glacial, humic or clear; Tributary mouth 
is the lower reach of a tributary affected by the river 
often has slack water

Murphy et al. 1989; Mecum and Kissner 1989

Substrate Gravel or cobble substrate 
Gravel, sand, and mud

Glova et al. 1985; Hendrich et al. unpublished 
Everest and Chapman 1972; Murphy et al. 1989

Water Depth 1 -2 m deep 
0.3-2.9 m deep

Kissner and Mecum 1989; 
Murphy et al. 1989

Water Velocity Mean water velocity 3-15 cm/s 
Water velocity 10-20 cm/s

Murphy et al. 1989;
Tiffan et al. 2000; Keeley and Slaney 1996
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"IGURE 24—Conceptual model of habitat suitability analysis used to identify, map, and 
quantify juvenile Chinook habitats in the Unuk River floodplain. Figure modified from 
ESRI (2005).
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Results 

Juvenile Chinook Trapping Locations

A total of 188 juvenile Chinook trapping locations used by the CWT-field crews 

were documented and spatially identified, of which 144 traps fell within the study area 

bounds (Rkm-8-19) (Figure 25, Appendix C). Juvenile Chinook were present in 

approximately 51% of the traps and absent in -17%; although Chinook catch was 

unavailable for ~32% of the traps documented (due to traps being set for the first time or 

catch was not recorded). When Chinook were present, total catch was variable with a 

high catch of 57 juvenile Chinook in one trap. However, the majority (-75%) of the traps 

where Chinook were captured contained ten or fewer Chinook salmon. LWD was the 

dominant form of associated cover, with 94% of the minnow traps located in close 

proximity to LWD. Only five traps were located in areas of no cover. Cover was not 

documented in five of the observations (3%). Substrate percentages were similar for 

trapping locations where Chinook were captured and those where no Chinook were 

captured. Sand and silt substrates constituted ~ 47% and ~46% respectively, for trap 

locations with and without Chinook present. Because field observers sometimes 

identified multiple substrates occurring at individual trap locations, values of occurrence 

may not add up to 100%. For example, gravel/cobble substrate was noted underneath 

-46% and 50% of the traps associated with Chinook presence and absence, respectively. 

Water depth was also similar between traps were Chinook were present and those where 

they were absent. Water depth recorded at trap locations had a mean of -0.75 m and 

-0.7 lm for areas with and without Chinook. Minimum depths recorded were 0.25 m and 

0.23 m. Maximum water depth at trap locations was 1.68 m and 1.98 m.

Potential Juvenile Chinook Habitat

Surface area estimates of the mapped Chinook rearing habitat indicators showed 

primary channels ( > 3m from the water’s edge) to comprise the majority of total wetted 

area (Table 17, Figure 26). Longitudinally, Rkms-8-11, had the largest surface area
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estimates of classified primary channels, while Rkms-12, -13, and -19 had the lowest area 

estimates. Water channel edges did not show a trend in abundance longitudinally, but 

varied, with the highest estimates of surface area found in Rkms-10 and 17 and lowest in 

Rkms-13 and 19. Mainstem sloughs, braids, and backwater areas also varied in pattern 

longitudinally. The middle of the study area contained the largest surface area covered by 

sloughs, braids, and backwater habitats (Rkms-14 and -15), whereas Rkms-13 and -19 

contained approximately half this amount. Potential pool areas formed by LWD were 

most abundant in Rkms-10 and -14 and lowest in Rkms-12 and -16.

Based on the habitat suitability analysis, the distribution of Chinook rearing 

habitats is not uniform throughout the study area, but varies within each Rkm. Rkms-14, - 

-15, and -17 provided the largest quantities of suitable Chinook rearing habitat (e.g. 

combined estimates of medium and high habitat categories) (Table 18, Figure 27). 

Conversely, Rkms-13 and -16 were identified to have the smallest amount of medium and 

highly suitable habitats.

In an attempt to verify the habitat suitability analysis results, we overlaid the 

opportunistically documented juvenile Chinook trapping locations over the habitat 

suitability map. Of the 144 juvenile Chinook trap locations, 37 were located in lower 

categorized habitats, 37 were documented in the medium and highly suitable habitats, and 

the rest were not spatially located over the mapped habitats.
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FIGURE 25—Juvenile Chinook minnow trap locations used by ADF&G coded-wire tag 
crews to capture Chinook smolt. Trap locations are displayed over classified river 
channels. Locations were opportunistically documented on April 17-19, 2005 using a 
Garmin GPS and are attributed by Chinook present, absent, or unknown.
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TABLE 17-—Hectares of Chinook rearing habitat indicators summarized by river 
kilometer. Habitat indicators were compiled from the literature and expert-baaed 
knowledge.

Faster Channels Slower Channels
Sloughs,Braids, Potential Extended

River Km Primary Channels Channel Edge Backwater LWD Pools LWD Pools
8 16.86 5.15 4.59 0.77 1.30
9 15.20 6.17 5.34 0.85 1.48
10 16.37 6.97 6.46 1.15 1.99
11 15.03 4.91 5.09 1.02 1.78
12 10.04 4.28 5.49 0.50 0.98
13 11.82 3.49 2.83 0.61 1.14
14 14.37 6.40 7.37 1.63 2.89
15 13.68 5.55 7.16 0.82 1.63
16 14.04 4.50 4.00 0.46 0.82
17 15.03 7.05 6.87 1.08 1.94
18 14.51 6.21 6.08 0.96 1.84
19 10.88 3.69 3.76 0.61 1.13

Total 167.83 64.36 65.05 10.46 18.93

TABLE 18—Hectares of potentially suitable Chinook rearing habitats are summarized by 
river kilometer. Habitat suitability was determined from integrating habitat indicators 
using an additive weighted overlay and categorized by natural breaks.

River Km Low Medium High
8 17.03 4.71 0.84
9 15.61 5.44 0.96
10 16.30 6.67 1.26
11 14.39 5.24 1.12
12 8.83 5.40 0.57
13 12.18 2.96 0.67
14 12.90 7.54 1.77
15 11.84 7.28 0.93
16 14.27 4.10 0.51
17 14.68 7.01 1.21
18 14.58 5.92 1.12
19 10.51 3.95 0.67

Total 163.12 66.20 11.62
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FIGURE 26— Spatially explicit juvenile Chinook rearing habitat indicators. Habitat 
indicator layers were generated from image processing of the digital aerial and thermal 
images followed by spatial analyses within a GIS
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FIGURE 27—Chinook salmon rearing habitat suitability map of the Unuk River 
floodplain. Habitat indicators based on the literature were derived from remote sensing 
data, image processing, and spatial analyses within a GIS. A weighted overlay of the 
indicator layers produced the suitability map.
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Juvenile Chinook Trapping Locations

Juvenile Chinook distribution patterns and habitat use are difficult to discern 

based on the opportunistically documented Chinook locations and associated data. The 

goals and objectives of the CWT efforts were not established to address distributional 

habitat relationships; rather, the primary goal was simply to catch as many juvenile 

Chinook in a short period of time as possible, which provides ratios of marked and 

unmarked individuals. Chinook catches were highly variable in space and number. In 

some instances, traps within close proximity recorded both Chinook present and absent. 

While this spatially explicit data is important for documenting Chinook habitats, it is 

limited in the inferences that can be made regarding whether the habitats are being used 

for rearing and/or migration. The following biases exist with the data: the data was not 

collected in accordance with a sampling design, but opportunistically (not all available 

areas were sampled), data is temporally limited as it represents three days of trapping 

(compared to over a month of trapping), Chinook detectability in the traps is unknown, 

seasonally Chinook smolts are in the process of emigrating downstream, and spatially 

individual traps are autocorrelated. Based on this information, inferences regarding 

distribution and habitat use are difficult to determine. For instance, we do not know if 

fine-scale factors are acting to distribute juvenile Chinook or if suitable habitats are just 

not occupied (Murphy et al. 1989). Integration of juvenile Chinook trap data with 

remotely mapped habitat variables is discussed below in “Future Sampling 

Recommendations”.

Similarly, habitat attributes associated with the trap locations do not necessarily 

represent Chinook habitat preferences, but may be sampling artifacts. For example, cover 

associated with LWD was documented at almost every trap deployed, but due to the 

sampling strategy, traps were rarely set in areas without LWD. Juvenile Chinook salmon 

are often observed to occupy pools and channel edges associated with LWD (Mecum and 

Kissner 1989; Swales et al. 1986; Beamer and Henderson 1998). Further, because most

Discussion
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sampling locations (i.e., traps) were associated with LWD, it is hard to distinguish their 

use of habitats not associated with LWD. Substrate associations provide another related 

example of problems associated with opportunistic catch/no catch locations; juvenile 

Chinook were captured in traps both with sand and cobble gravel underneath. Previous 

studies have suggested that juvenile Chinook prefer cobble substrates for overwinter 

habitat and reside in the interstices (Levings and Lauzier 1991; Morgan and Hinojosa 

1996; Red Weller, ADF&G personal communication). However during the spring, 

juvenile Chinook are in the process of emigrating and may have already transitioned from 

their overwintering sites. Therefore, it stands to reason that seasonally during the spring, 

juvenile Chinook may not be selecting habitats based on substrate, but simply as 

transitory locations during out-migration. Alternatively, juvenile Chinook may be using 

sand substrates as was observed in the lower Taku River where juvenile Chinook used 

areas of compact gravel, sand, and mud (Murphy et al. 1989).

Potential Juvenile Chinook Habitat

Although the habitat suitability analysis included in this chapter constitutes 

conceptually a valid framework for habitat assessment and monitoring, we recognize it is 

currently limited in that it is literature-based versus empirically derived. While we 

recognize this limitation, we also advocate the strengths of the habitat assessment. The 

identification and compilation of Chinook rearing habitat indicators from the literature 

and expert knowledge allowed us to spatially identify, delineate, and transform the fluvial 

landscape classification into habitats associated with rearing Chinook. Quantification of 

each of these habitat areas successfully provided surface area estimates of Chinook 

rearing habitats important for monitoring habitat quantity over time and spatially along a 

floodplain network (Morgan and Hinojosa 1996). These surface area estimates 

correspond seasonally to post-winter low flows or what we could perceive as the rearing 

habitats that sustained the winter assuming images were acquired early enough in the 

spring.
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The longitudinal comparison of the habitats contained within each of the Rkms 

visually appears to be a valid representation and congruent with the quantitative estimates 

computed. Primary channels (> 3m from the water’s edge) habitat areas constituted the 

largest surface area within the study area. This habitat indicator represents a proxy for 

fast water commonly used in level one habitat classifications (Bain and Stevenson 1999), 

with the threshold of three meters adopted from Murphy et al. (1989). If juvenile Chinook 

distribute themselves according to velocity and the majority of the mapped areas are 

potentially classified as fast waters (> 30 cm/s), then these habitats may exceed water 

velocities used by juvenile Chinook and therefore not be used (Murphy et al. 1989). In 

this study we did not collect water velocity data and therefore the water velocities 

associated with each of these habitat areas are unknown. Previous studies have 

successfully correlated ground-based water velocity and depth data with multispectral 

imagery based on reflectance patterns, providing spatially explicit data of water velocity 

and depth (Lorang et al. 2005). Incorporation of water velocity data would provide an 

additional habitat layer and further refine the habitat characteristics associated with each 

of these habitat types. Further the additional criteria would be useful in better assessing 

habitat quantity and suitability (Tsao et al. 1996).

Mainstem sloughs, braids, and backwater habitat areas were coarsely identified 

using definitions outlined in Murphy et al. (1989). Murphy et al. (1989) similarly used 

aerial photographs to map habitats in the floodplain portion of another large 

transboundary river in Southeast Alaska, but used manual digitizing techniques to 

delineate and quantify habitats. Habitat type definitions outlined separate habitat areas 

based on active river channel areas and off-channel habitats and subsequently by water 

velocity (Murphy et al. 1989). In absence of water velocity data, we would assert these 

definitions are still largely qualitative in nature and a need exists to define more objective 

and systematic definitions and approaches for mapping these different habitat types 

(Poole et al. 1997). Objective and quantitative definitions (queries) are better integrated 

and analyzed within a GIS environment for habitat mapping and monitoring, than 

manually delineating features. In a quantitative attempt to identify mainstem sloughs,
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braids, and backwater areas, we classified these habitat types by channels generally 

described to have wetted widths of < 35 m. This threshold was based on wetted-width 

measurements of known sloughs and areas anecdotally described as sloughs and also 

observed to contain juvenile Chinook.

Similarly, pools associated with LWD on the floodplain have been observed to 

provide important habitat areas for juvenile Chinook (Mecum and Kissner 1989;

Hendrich et al. unpublished). Potential LWD formed pools were identified based on 

juxtaposition of classified LWD and water within a GIS, but again determining a 

threshold of these pool areas based on remote sensing data with objective criteria is 

difficult. We are not aware of any other study that has used proximal analyses of 

classified LWD and water to identify and quantify potential pool areas from remote 

sensing data. Previous studies have classified in-stream habitats including pools using 

image classification techniques and ground habitat data to identify potential pool areas, 

but these techniques are often limited to clear water systems versus turbid systems where 

variations in water velocity, substrate, and depth are masked and cannot be differentiated 

based on multispectral imagery alone (Wright et al. 2000; Marcus 2002; Whited et al. 

2002; Marcus et al. 2003). We used a 3-meter threshold to define pool areas associated 

with LWD adopted from the channel edge metric in Murphy et al. (1989). Similar to the 

mainstem sloughs, braids, and backwaters, quantitative definitions of LWD pool habitats 

are needed to objectively identify and map these habitat types and such that are 

repeatable among multiple personnel (Poole et al. 1997).

The integration of the mapped habitat indicators into a habitat suitability analysis 

illustrates a framework for identifying and quantifying suitable habitats commonly used 

by rearing Chinook. The Rkms identified to contain the largest areas of medium and 

highly suitable were characterized by their abundance of potential LWD formed pools, 

sloughs, braids, and backwater areas, and channel edge areas. While areas identified with 

the smallest quantities of medium and highly suitable habitat were Rkms characterized 

predominantly by primary river channel habitats and few sloughs, braids, and backwaters. 

Classified LWD within these areas may not be located in close spatial proximity to
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classified water. Qualitatively, the habitat suitability analysis and Rkm bin comparison 

provide a coarse classification of the habitats available to rearing Chinook.

Quantitative validation of the habitat suitability results using opportunistically 

documented juvenile Chinook trapping locations did not confirm or contradict resulting 

habitat suitability scores. The incompatibility of spatial scales between the resulting 

habitat suitability map (i.e. pixel = 0.65 m2) and the geographic uncertainty of the GPS 

waypoints (> 6 m) largely negated the data as valid reference data when almost half the 

waypoints plotted outside the classified channels. The importance of scale carries over to 

riverscapes from landscape ecology and is equally noted here (Wiens 2002). The 

geographic uncertainty of both the high resolution imagery and waypoints results from 

accumulation of errors from manually georeferencing, mosaicing, and classifying the 

images to the inherent offset of the Garmin GPS waypoints. The challenge then exists to 

use the remotely mapped data layers within a GIS and successfully integrate with field 

collected fish and habitat data. Recommendations for future sampling designs for 

collection of empirical fish data are discussed later.

Remote Sensing, Image Processing, and GIS-based Approach

The remote sensing, image processing, and GIS-based approach we used to map 

and quantify Chinook rearing habitat constitutes the first spatially explicit, longitudinal 

analysis of Chinook rearing habitat for the Unuk River. This integrated approach 

provided a means of identifying potential juvenile Chinook salmon habitat indicators, 

presumed to be important physical ‘correlates’ of salmonids presence. The habitat 

indicators mapped and quantified from digital aerial photographs and thermal imagery 

provide a major contribution to the advancement of habitat studies in these large 

transboundary river floodplains. The habitat information derived from the images 

provides a synoptic view of the floodplain at a scale detailed enough to classify and 

quantify LWD patterns, while encompassing a 12-Rkm floodplain expanse or geographic 

extent. A habitat assessment of this magnitude using traditional ground-based techniques 

would be very difficult to accomplish, given the floodplain complexity and habitat
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heterogeneity. Further, remote sensing provides a means to successfully monitor changes 

in riverine habitats offering a repeatable temporal component (Poole et al. 1997; Whited 

et al. 2002). In comparison, traditional ground-based habitat survey methods have been 

criticized for their subjectivity and consequently limitations in objectively monitoring 

habitat changes within a system (Poole et al. 1997; Toepfer et al. 2000).

Advantages & Limitations

A continuous view of the riverscape encompassing both a lateral and longitudinal 

mosaic of the study area was successfully accomplished in this study offering a spatial 

context for detecting variations in floodplain heterogeneity at an intermediate scale 

(Fausch et al. 2002). The resulting habitat mosaic was constructed from relatively low- 

cost imagery, which in effect provided a feasible solution, capable of mapping and 

monitoring an entire river system. The base layer imagery collected by ADF&G is unique 

in its origin in that it was collected and processed in-house versus by a commercial entity 

which is typically the case. Collection of images in this manner (i.e. by ADF&G) is 

advantageous because of the increased control in planning and timing of image 

acquisition which can be crucial in coastal river studies (due to varying river flows and 

local weather conditions). The control over image acquisition is particularly significant in 

remote locations, such as in Southeast Alaska that experience frequent, adverse weather 

conditions. Acquisition windows in these areas can be narrow, limiting the chances of 

obtaining a cloud free satellite image in parallel with optimal timing of research interests.

The image processing strategy integrating both aerial photographs and thermal 

imagery provided an improved landscape classification and a more accurate means of 

quantitatively characterizing the landscape elements and juvenile Chinook habitat 

indicators. Moreover, the thermal imagery shows great potential in river studies in fluvial 

landscape mapping, particularly in delineating water in areas obstructed by shadow. 

Precise geometric correction of the imagery and an accurate fluvial landscape 

classification provide the backbone for precise habitat delineations and quantitative 

analyses. The success of accurately characterizing the fluvial landscape using image
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processing techniques is further strengthened in a GIS environment. Remote sensing and 

image processing provide a “top-down approach” and the GIS provides the capabilities of 

integrating “bottom-up information”, such as the field collected fish location and micro

habitat information (i.e. substrate, depth, cover) (Fausch et al. 2002).

The integrated approach using image processing techniques and a GIS from 

remotely sensed data as developed in this study have considerable overall merit as 

observed in the resulting habitat map and provide significant advancements to habitat 

mapping in the large transboundary rivers. However, common of most new techniques, 

limitations were encountered and will need to be acknowledged and addressed in future 

studies implementing a similar remote sensing, image processing, and GIS-based 

approach.

The importance of accurate geometric correction and precise co-registration of the 

aerial photographs and thermal imagery is paramount to successful efforts of this kind. 

Due to extenuating circumstances, all images in this study were manually georeferenced 

and co-registered. Not only is this a very intensive and laborious process, but in remote 

locations such as the Unuk River floodplain manual georeferencing techniques are 

limited in areas with no distinguishable features to use as ground control points (e.g. 

forested areas). Additionally, identifying a sufficient number of well distributed tie points 

may be difficult depending on the location of the image footprint. Despite dedicating 

considerable effort to geometric correction and mosaicing of the images, residual errors 

still remain in the processed imagery. Unfortunately, these errors increase when multiple 

data sets that are manually corrected are used in conjunction, further propagating the co

registration errors to the classification result and ultimately to the habitat map. In this 

study, the co-registration errors are especially noticeable for the water class, with the 

majority of the classification errors located at the channel margin. The lack of precision 

in accurately delineating the water channels continues to compile error when these data 

layers are analyzed spatially within a GIS, such as identifying potential pool areas based 

on the adjacency of LWD and water. If water and LWD are not accurately georeferenced
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initially then spatially analyses used later will be plagued by these inconsistencies 

originating from georeferencing and classification errors.

Remote sensing data has its advantages in providing a synoptic view of the 

landscape, but obstructions such as shadows are a significant problem in high resolution 

imagery and can obscure views of channels in the reflective portion of the spectrum. As 

mentioned earlier, the integration of airborne thermal infrared minimizes these shadow 

effects allowing for a much more comprehensive view of river channels and a more 

accurate delineation of the river channels. Another technique for mitigating the effects of 

shadows is to collect imagery when shadows are minimal on high overcast days or at a 

high sun angle. This further promotes the advantages associated with increased control in 

imagery acquisition such as the missions flown ‘in-house’ by ADF&G. However, even 

with increased control of flight timing, acquisition windows during preferred weather 

conditions are often narrow in Southeast Alaska, particularly when travel to remote areas 

also adds to flight time.

Based on the limitations in geographic uncertainty due to manual geometric 

correction and co-registration errors in the imagery, we suggest the use of differentially 

enabled GPS in future studies. The incorporation of differential GPS would substantially 

reduce coordinate error during image acquisition, thereby providing more precise 

estimates of x, y, and z coordinates necessary for successful results using automated 

ortho-photo production and mosaicing techniques. Pre-processing programs using 

bundle-block techniques and data collected from the IMU during image acquisition may 

help mitigate geometric correction and co-registration errors. Automating image pre

processing would also help to more efficiently pre-process imagery, allowing more time 

for classification and analysis.

Field collected reference data would also benefit from the use of differential GPS 

coordinates compared to the locations documented using the Garmin GPS in this study, 

with a geographic uncertainty > 6 m as opposed to sub-meter accuracy that is possible 

with differentially enabled GPS. In our study, both fish trap locations and classification 

reference data were found to be incompatible in scale between the high-resolution
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imagery (0.65 m2) and the GPS geographic locations (> 6 m) largely making the data 

inadequate for validation purposes. These challenges and difficulties in collecting 

spatially precise field data to co-register with the imagery for reference and validation 

data has been noted in other studies (Wright et al. 2000; Aspinall et al. 2002; Marcus et al. 

2002; Marcus et al. 2003).

Habitat mapping and image classification could be further refined and improved 

by extracting and mapping in-stream information such as velocity and depth. Further the 

additional criteria would be useful in better assessing and delineating habitat types based 

on water velocity (e.g. pools, riffles, and glides). Ultimately, the finer delineation and 

identification of watered micro-habitats (e.g. pools, riffles, and glides) could provide 

more robust measures and description of juvenile Chinook salmon habitat indicators. In- 

stream micro-habitat classifications have been most successful in clear water systems 

versus turbid glacial systems, but techniques for collecting water velocity and depth data 

using an acoustic Doppler may offer additional reference information to integrate with 

image reflectance values in classification of water depth and velocity (Lorang et al. 2005).

“Remote sensing does not seek to replace the traditional field-based 

investigations,..., but to complement them.. .and suggest new hypotheses which can then 

be tested in the field,” (Milton et al. 1995). In the Unuk River, we did not establish a 

sampling program to statistically distinguish which habitat types within the study area 

contain juvenile Chinook and those that do not. However, if we are to begin to elucidate 

the patterns and identify the linkages between habitat and salmonid production, 

objectives of remote sensing applications and stock assessment activities must be 

intertwined and given thought during the study design.

Future Sampling Recommendations

Many studies exist in the literature addressing juvenile Coho salmon movements 

and rearing habitats in small streams, but in general much less information is known of 

juvenile Chinook movements in the large river systems (Quinn 2005). For example, the
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following represents a list of some information gaps in our knowledge of Unuk River 

juvenile Chinook and their habitat requirements/selection:

■ It is assumed that Chinook fry migrate from the tributaries in the early 

summer, but this has never been explicitly observed or addressed (Red 

Weller, ADF&G, personal communication)

■ Are Chinook immigrating and emigrating from various habitats during the 

summer, fall, and overwinter? How much do they move? Both upstream 

and downstream?

■ Which habitats (e.g. channel edges, LWD pools, and sloughs) are

associated with higher densities of juvenile Chinook? Are these habitats

associated with higher levels of juvenile Chinook fitness and survival?

How are Chinook distributed within these habitats?

■ In the Unuk River, juvenile Coho overlap and are observed in Chinook 

habitats, is competition between species significant for food and territories?

■ Chinook spawning populations vary by tributary, what areas of the

floodplain are used by the fry migrating out of each spawning tributaries?

■ How do the flood events affect distribution and abundance of juvenile 

salmon, how does this relate to juvenile survival and production?

■ What is the detectability of the minnow traps used to catch juvenile 

Chinook, can juvenile Chinook be assumed absent if they are not caught?

■ Temporally, what season (i.e. early summer, fall, or winter) is most 

limiting to juvenile Chinook?
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There is a need to begin addressing these information gaps in our knowledge 

outlined above and put efforts towards developing empirically-based methods of 

assessing rearing habitat potential in these larger river systems. Specifically, we need to 

transition from using literature and expert based systems to identify habitat relationships 

and requirements (Manly et al. 2002) to objective empirically-based models in order to 

more accurately identify and better understand juvenile Chinook habitat selection and 

requirements within these large floodplain habitats (Rosenfeld 2003). If the overall future 

goal is to determine the carrying capacity and production linkages between the floodplain 

rearing habitats and smolt abundance, then we first must possess the ability to accurately 

assess and quantify total and useable habitats (Van Home 1983; Tautz et al. 1992). We 

recognize that in remote locations such as the Unuk River, intensive habitat studies to 

address the gaps outlined above may not be feasible. However, sampling designs that 

include a habitat component in the stratification may yield empirical data at an achievable 

level to add statistical rigor and a more accurate estimation and delineation of these 

habitat types specific to Unuk River Chinook and their habitat use and therefore should 

be considered in future habitat mapping studies.

Integration of statistically valid, empirical field data with the remote sensing, 

image processing, and GIS-based approach will allow us to address a significant 

remaining gap: “How are juvenile Chinook distributed in these habitats?” Logically, the 

most efficient means of obtaining empirical field data would be to coordinate efforts and 

modify the current stock assessment sampling protocol for juvenile Chinook in a manner 

to obtain statistically valid data, at a scale compatible with remote sensing data. However, 

upon closer examination, we don’t believe a simple modification of CWT sampling 

efforts could be achieved, without additional sampling effort, which may compromise 

and delay current stock assessment objectives (i.e., simply to catch as many juvenile 

Chinook in a short period of time as possible). Moreover, we recommend a separate study 

to determine juvenile Chinook distribution within the floodplain.

A study aimed at revealing juvenile Chinook distribution patterns would provide 

likelihood estimates of Chinook presence within the remotely mapped habitats, versus a
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reliance on the literature and expert opinion. In addition, useable area within the habitat 

types could be addressed simultaneously, in effect providing an area estimate of useable 

juvenile Chinook habitat (Tautz 1992; Bocking et al. 2005). Habitat types (i.e. channel 

edges, potential LWD pools, sloughs,) segmented by Rkm would define the sample units 

at a compatible scale between field sampling and remotely mapped habitat variables. 

Minnow trapping efforts within the habitat strata contained in each Rkm would provide a 

continuous representation of juvenile Chinook distribution both longitudinally and 

laterally.

After identifying how juvenile Chinook are distributed across the river floodplain, 

corresponding estimates of Chinook abundance within these habitat types are necessary 

to begin translating habitat requirements of individual Chinook with population-level 

effects (Rosenfeld 2003). Estimates of habitat productivity based on fish density 

estimates within each habitat strata are commonly reported; however, there are problems 

documented in relating habitat productivity based on density alone (Van Home 1983; 

Rosenfeld 2003). In lieu of density estimates, movement studies estimating immigration 

rates within habitat strata may provide a more insightful indicator of habitat quality by 

moving beyond simple correlative approaches to a more mechanistic approach (Belanger 

and Rodriguez 2002). However, movement studies involving mark-recapture may be 

impractical in remote areas due to logistical constraints. In such cases, density-based 

estimates encompassing temporal variability (e.g. spring or fall) may improve upon snap

shot density estimates by allowing for the inclusion of estimates of immigration and 

production (Van Home 1983). Additionally, density estimates reported for habitat strata 

(e.g. channel edges) may provide more accurate predictions of density versus those 

obtained from continuous variables (e.g. water velocity) (Rosenfeld 2003).

The emphasis of this study has focused on physical habitat indicators and habitat 

use of juvenile Chinook salmon within a large floodplain. In doing so, we recognize that 

physical habitat reflects only one requirement of juvenile salmon survival and that food 

resources, predator avoidance, natural flow regimes and intra- and interspecies 

competition all contribute to distribution and overall growth and fitness (Fausch 1984;
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Hughes 1992; Keeley and Slaney 1996; Poff et al. 1997). As stated earlier, this study 

begins to advance the techniques and methods needed for mapping, quantifying, and 

monitoring habitat within the larger river systems, However, “The challenge is for 

researchers and managers to apply this geographic tool, coupled with spatial statistics and 

models, to improve our ability to manage and conserve fisheries and aquatic resources at 

all spatial scales,” (Toepfer et al. 2000).

Remotely Derived Habitat Parameters and Stock Assessment

The physical habitat available to salmon within watersheds strongly influences 

their growth, survival, and abundance (Knudsen 2002). Despite the overwhelming 

literature base exploring salmon habitat requirements and elucidating relationships, a gap 

still exists in our understanding and ability to integrate these habitat relationships with 

salmon production estimates at the watershed scale (Sharma and Hilbom 2001; Knudsen 

2002). Moreover, the salmon stock-recruitment models used to predict salmon production 

typically reflect a density dependent mortality that has been suggested to occur in 

freshwater, thereby regulating early juvenile salmon populations (Elliot 1994). If Unuk 

River juvenile Chinook salmon populations are regulated by density-dependent factors, 

then an examination of juvenile Chinook populations in relation to physical habitat 

variables such as rearing habitat quantity may allow development of correlative 

relationships related to density-dependent mortality.

Currently, the Unuk River Chinook salmon stock is managed to meet maximum 

sustained yield (MSY) in accordance with the U.S./Canada Pacific Salmon Treaty (PST) 

(Pahlke 1993). Escapement and harvest information collected through the Unuk River 

Chinook salmon research program includes index counts of large adult Chinook salmon 

on the major tributary spawning grounds, an in-river two-event mark-recapture of 

returning adults, and CWT tagging of juvenile Chinook fingerling and smolt in the spring 

and fall (Weller and McPherson 2006; Hendrich et al. unpublished;). Data summarized 

from these projects allow for estimates of escapement, fingerling and smolt abundance, 

overwinter and marine survival, exploitation rates, harvest distribution, and total run size
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(Weller and McPherson 2006; Hendrich et al. unpublished;). These estimates are then 

integrated into a spawner-recruit model to produce an estimate of MSY. In effect, current 

productivity estimates of the Unuk River Chinook salmon are recommended and data 

collection protocol are all implemented in such a manner that is irrespective of the 

physical habitat apart from anecdotal knowledge.

Salmon production estimates obtained devoid of habitat measures and therefore 

habitat productive capacity estimates constitute the current paradigm of stock assessment 

management. On the other hand, more and more habitat-based studies are emerging and 

attempting to relate habitat variables and salmon abundance and production (Murphy et al. 

1989; Tautz et al. 1992; Bradford 1997; Sharma and Hilbom 2001; Parken et al. 2004; 

Bocking et al. 2005). Successful correlations between salmon abundance and habitat 

variables such as stream length (Bradford et al. 1997), watershed area (Parken et al.

2004), pool density (Sharma and Hilbom 2001) have been observed. It is important to 

note that these habitat-based studies represent regional assessments of watershed 

variables in relation to salmon productivity; whereas, habitat models derived from a time- 

series of habitat variables and salmon abundances within one system likely will require 

more data-intensive designs to surpass the inherent natural variability of salmon 

populations to expose habitat-salmon productivity correlations and estimates (Bradford et 

al. 1997). For example, Weller (ADF&G, personal communication) unexpectedly 

observed the highest overwinter survival rate (over an eight-year period) for Chinook 

fingerlings during a year when there was a noticeable loss of LWD (due a large flood 

event) and supposed prime rearing habitat. He attributed the high overwinter survival rate 

to measurement error, thus further obscuring a hypothesized relationship between 

juvenile Chinook abundance and habitat quantity. Additionally, the LWD loss was only 

anecdotally related versus quantitatively described.

The reliability of salmon stock and recruitment estimates hinges on precise 

sampling estimates of both parent stock and recruits (Hilbom and Walters 1992; Elliot 

1994). A long-term dataset has helped to characterize the Unuk River Chinook salmon 

spawner-recruit dataset as robust in modeling efforts and not subject to significant



142

measurement error (Hendrich et al. unpublished). In addition to the time series of 

spawner-recruit data, it is particularly relevant to note that the habitat within the Unuk 

River watershed has remained subject only to natural variations in both flow regime and 

physical habitat, thus eliminating salmon productivity variations due to anthropogenic 

changes in land-use and habitat. It is well known, documented, and forecasted that many 

populations of fish have declined, are endangered, and will be extinct due to habitat 

changes attributed to human development (Sharma and Hilbom 2001; Rosenfeld 2003). 

This further promotes the synergistic relationship between salmon productivity and 

freshwater habitat capability and gap in our understanding; highlighting the need for a 

paradigm shift in salmon management with the goal of salmon sustainability (Knudsen 

2002).

The GIS-based approach examined in this study which integrated remote sensing 

and image processing, provides a framework to effectively map, quantify, and monitor 

salmon habitat in the larger rivers, such as the Unuk where traditional foot surveys are 

not feasible. The logical progression and assessment of these methods would be as 

Bradford et al. (1997) recommended using remotely derived habitat variables from aerial 

photos as a potential way to improve predictions of smolt abundance. Currently, all Unuk 

River juvenile Chinook salmon estimates (i.e. survival and abundance estimates) are 

based on data collected from CWT tagging studies, of which the funding may not always 

be available to implement (Hendrich et al. unpublished). Therefore, it remains 

foreseeable that continuing stock assessment research in a manner that is irrespective of 

habitat at a time when both the tools (e.g. remote sensing, image processing, GIS) and 

fish data are available to construct base-line data and relationships is especially pertinent 

as many gaps still remain between our knowledge of juvenile Chinook salmon abundance, 

movements and use of the rearing habitats available as listed earlier. The opportunity for 

examining relationships between Chinook salmon and habitat data may not always exist 

and unfortunately the opportunity for establishing these base-line habitat relationships 

may be lost.
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Conclusions

The remote sensing, image processing, and GIS-based approach we used to map 

and quantify Chinook rearing habitat constitutes the first spatially explicit, longitudinal 

analysis of Chinook rearing habitat for the Unuk River or any other transboundary river 

in SEAK. The habitat indicators mapped and quantified from digital aerial photographs 

and thermal imagery provide a major contribution to the advancement of habitat studies 

in these large transboundary river floodplains. The identification and compilation of 

Chinook rearing habitat indicators from the literature and expert knowledge allowed us to 

spatially identify, delineate, and transform the fluvial landscape classification into 

habitats associated with rearing Chinook. Conceptually, the methods used comprise a 

valid framework for habitat assessment and monitoring and an alternative to using 

traditional ground-based habitat survey techniques. However, because many gaps exist in 

our knowledge of juvenile Chinook movements and specific habitat uses in these large 

river systems, integration of statistically valid, empirical field data with the remote 

sensing, image processing, and GIS-based approach should be implemented.

Limitations were evident in the approach outlined in part due to inherent errors 

associated with the manual geometric correction of large study area associated with both 

the co-registration of the digital aerial and thermal images, as well as the subsequent 

classification and spatial analyses performed. Incorporation of differential GPS is 

recommended both for data acquisition to aid in preprocessing images and also in the 

collection of field reference data. The importance of accurate geometric correction and 

precise co-registration of multiple image sources and reference data is paramount to 

successful efforts of this kind.

Habitat mapping and image classification could be further refined and improved 

by extracting and mapping in-stream information such as velocity and depth. 

Incorporation of water velocity data would provide an additional habitat layer and further 

refine the habitat characteristics associated with each of these habitat types. Further the 

additional criteria would be useful in better assessing habitat quantity and suitability.
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Finally, GIS-based studies integrated with remote sensing and image processing 

techniques are still emerging applications in the fisheries field and will be essential to 

mapping, quantifying, and monitoring fish habitats in the upcoming years, as techniques 

become more refined.
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It simply would be tragic to lose wild salmon in the Pacific Northwest because we 

failed to learn the lessons of Scotland, England, and the Northeast....Factors 

influencing salmon abundance are often generalized into the four H’s: harvest, 

hydropower (dams), habitat, and hatcheries. Often overlooked is a fifth H: history. 

[From Montgomery 2003]

Salmon populations throughout the Pacific Northwest and particularly in 

Southeast Alaska contribute significantly to economic and social resources (Bryant et al.

2005). Unfortunately in the Pacific Northwest, salmon populations have dramatically 

declined due to several factors, with habitat degradation continuing to be one of the 

leading factors (Beechie et al. 1994; Thompson and Lee 2000; Rosenfeld 2003;

Kaufrnann and Hughes 2006). Fortunately, in Southeast Alaska many freshwater habitats 

can be described as pristine, including the habitats within the large transboundary rivers. 

However, resource development within these large transboundary river corridors has 

been proposed and consequently lies ahead on the horizon (Retherford 2007). Therefore, 

it becomes essential that we have the tools and ability to accurately map, and monitor 

these important freshwater habitats to promote sustainability within these populations, 

particularly when managers are faced with conflicting land uses at the watershed scale 

(Toepfer et al. 2000; Rosenfeld 2003).

The remote sensing, image processing, and GIS-based approach we used to map 

and quantify Chinook rearing habitat provides a major contribution to the advancement of 

habitat studies in these large river floodplains. The integrated approach provides a means 

of mapping and monitoring important freshwater habitats within the larger river systems 

where traditional ground-based habitat surveys are ineffective, thus providing an 

alternative method. Because remote sensing, image processing, and GIS-based 

approaches are relatively new to the fisheries field (Fisher and Rahel 2004), we focused 

on developing the image processing techniques that will begin to assist managers in 

estimating and monitoring Chinook salmon rearing habitat within these large river

General Conclusions
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systems. The specific objectives outlined earlier in the thesis warrant a brief summary 

from each of the three chapters.

Results from Chapter 1 represent one of the first studies to digitally detect and 

quantify LWD within a large river floodplain over a three-year time frame. The digital 

techniques used in this study provide encouraging results for LWD detection, mapping, 

and monitoring that were not possible to achieve for the Unuk River prior to this study. 

Change detection results allowed not only changes in quantity to be detected, but also 

provided a means to analyze and quantify spatially explicit changes in LWD distribution 

patterns. Nevertheless some limitations were observed and exist in the detection of LWD 

including areas of shadow, vegetation, and solar glint areas.

In Chapter 2, we observed that the airborne digital photography and FLIR images 

integrated in the decision-based fusion strategy provided the most effective and accurate 

fluvial landscape classification for the study area given the data sources. This provided a 

superior processing technique in comparison to a product generated from either of the 

data sources alone. Moreover, the FLIR imagery shows great potential in river studies in 

fluvial landscape mapping. Shadows are a significant problem in high resolution imagery 

and can obstruct views of channels in the reflective portion of the spectrum. The 

integration of airborne thermal infrared minimizes these shadow effects allowing for a 

much more comprehensive view of river channels. The fluvial landscape classification 

effectively provided baseline habitat data allowing for quantitative spatial analyses to be 

completed both laterally and longitudinally throughout the river corridor.

Finally in Chapter 3, integration of the results from Chapters 1 and 2 allowed us 

to map and quantify Chinook rearing habitat constituting the first spatially explicit, 

longitudinal analysis of Chinook rearing habitat for the Unuk River. The identification 

and compilation of Chinook rearing habitat indicators from the literature and expert 

knowledge allowed us to spatially identify, delineate, and transform the fluvial landscape 

classification into habitats associated with rearing Chinook.

Overall, limitations were evident in the approach outlined in part due to inherent 

errors associated with the manual geometric correction of a large study area associated
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with both the co-registration of the digital aerial and thermal images, as well as the 

subsequent classification and spatial analyses performed. Incorporation of differential 

GPS is recommended both for data acquisition to aid in preprocessing images and also in 

the collection of field reference data. The importance of accurate geometric correction 

and precise co-registration of multiple image sources and reference data is paramount to 

successful efforts of this kind.

Lastly, in remote places such as Southeast Alaska, remote sensing provides a tool 

for monitoring LWD, channel morphology, and aquatic habitats with very promising 

potential for application in resource management issues. The high-resolution airborne 

photography and FLIR images provided a relatively low-cost and feasible solution for 

data acquisition and landscape classification to effectively monitor an entire river system. 

Images acquired by the ADF&G allowed increased control in planning and timing of 

image acquisition which can be crucial in coastal river studies (due to varying river flows 

and local weather conditions). The control over image acquisition is particularly 

significant in remote locations, such as in Southeast Alaska that experience frequent, 

adverse weather conditions. Acquisition windows in these areas can be narrow, limiting 

the chances of obtaining a cloud free satellite image which parallels optimal timing of 

specific research interests and objectives.

GIS-based studies integrated with remote sensing and image processing 

techniques are still emerging applications in the fisheries field. However, as techniques 

become more refined, managers may find the application essential to mapping, 

quantifying, and monitoring fish habitats in the upcoming years. The methods described 

provide a framework and specific tools necessary for habitat mapping within these large 

river systems. However, these tools need to be combined with the salmon population data 

to in effect shift the current paradigm of salmon management to one that incorporates the 

habitat to establish base-line data and begin to elucidate relationships between habitat and 

salmon productivity. If we do not make it a priority to examine similar relationships 

within these pristine watersheds, the opportunity may be lost as competing land uses 

potentially alter these watersheds. Will managers and policy makers have enough
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knowledge of the synergistic relationships between salmon productivity and freshwater

habitats to sustain salmon populations or will history once again repeat itself?
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Appendix A: River-Km Bin Delineation

The area of interest in this study is the floodplain extent from river km eight 

extending to river km 19. Because the river morphology within the floodplain does not 

follow one main channel, river kilometer routing was based on the delineation of the 

active scoured floodplain width. Based on the IKONOS imagery, the extent of the 

actively scoured channel was manually delineated within ArcGIS (ESRI 2005). The 

bounding extents of the floodplain width were bounded by the 200 foot contour lines and 

then visually bisected approximating a center line approach creating one continuous 

stream arc for the study area from the saltwater confluence upstream to the U.S./Canada 

boundary. The delineated river arc was then routed using ArcGIS 9.1 (ESRI 2005) and 

segmented into one kilometer sections using the dynamic segmentation tool within 

ArcGIS 9.1 (ESRI 2005).

One kilometer bins were constructed by delineating bounding lines at 120 and 300 

degrees from each kilometer vertice extending to the width of the area of interest. The 

kilometer bins represent the sampling units for this study. Torgersen (1999) demonstrated 

the advantages in using 1 -km bins for riverine studies in that the geographic positioning 

of the data is spatially preserved longitudinally allowing for data to be summarized 

geographically and at a consistent spatial scale.
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Appendix B: Radiometric and Geometric Correction of Images 

Radiometric Correction 

Digital Aerial Photography

Radiometric correction of the digital aerial photographs was performed only on 

the 2003 dataset. In 2003 the coarser resolution images (0.65 m2 versus 0.20 m2) were 

used as the base imagery for the study area. During 2003, an inconsistency in flight 

planning and flight line placement yielded an image mosaic, missing a small portion of 

the study area; imagery obtained on the same day, but acquired at a lower altitude was 

used to fill in this gap. Because flight altitudes differed by approximately 1,300 m 

apparent atmospheric differences existed between the two image sets. To minimize these 

effects, the higher resolution images in the gap were normalized to the coarser resolution 

images based on a technique used by Prakash and Gupta (1998).

(2) DNnor - n -  ( S d ^ S d ^ , ,  ){D N im_n -  M im_u ) +  M im_l

where, DN n0r-i i = New normalized DN of image-II 

DN im-H = Original DN of the image-II 

Sd im-i = Standard deviation (dispersion matrix) of image-I 

Sd im-n = Standard deviation (dispersion matrix) of image-II 

M im-ii = Mean vector of image-II 

M im-i = Mean vector of image-I

Thermal Imagery
The majority of the thermal images acquired required radiometric adjustments. 

The sensor housing during image acquisition may have increased the inherent lens 

vignetting effect due to heat inside the aircraft being detected by the sensor. Sensor 

calibration and focus issues also influenced the acquired thermal imagery, causing 

distortions in the images. To minimize these distortions image subtraction was applied 

with an offset of 6.3 (based on ground measurements) to all the acquired images. Image
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subtraction effectively minimized distortions in most images. After radiometric 

corrections were made images were then geometrically corrected.

Geometric Correction

Prior to classification, the digital and aerial images used in this study required 

corrections for geometric distortions that were introduced during acquisition. Typically, 

images acquired using a small aircraft are particularly prone to distortions caused by 

random movements of the aircraft, due to a variety of factors (e.g., cross-wind, tail-wind, 

uplift, etc). These random movements cause changes in aircraft altitude and attitude 

(pitch, roll, and yaw) which in turn affect the photo scale and compression and expansion 

of the imagery (Jensen 2003). These distortions therefore cause not only differences 

within individual images, but also between images along the same flight line. Internal 

distortions in the imagery are also introduced by the sensor itself due to calibration errors. 

Correcting for these distortions allows the images to lie in their proper map locations.

It was originally planned that the digital aerial images would be geometrically 

corrected using the TerraMar ™ (2005) proprietary software. However, during the 

preprocessing difficulties were encountered using these software modules. Preprocessing 

difficulties experienced can be attributed to several factors. Perhaps most significantly, 

GPS locations captured to mark the individual photo centers could not be differentially 

corrected causing large variances in the x, y, and z locations. Another contributing factor 

relates to the best available digital elevation model for the area, which is over 30 times 

coarser in resolution than that of the digital aerial images. Lastly, the system processes 

each individual image separately instead of a bundle block approach that does not 

produce a seamless mosaic of ortho-rectified images that is needed for this study.

To overcome this limitation, the digital aerial and thermal images were manually 

geometrically corrected. The digital aerial images were not vignette corrected for internal 

lens effects, prior to geometric correction.
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Digital Aerial Photography

Geometric correction of the aerial images was accomplished by manually 

constructing uncontrolled mosaicks by first selecting ground control points between 

adjacent aerial images using commercial image processing software. Uncontrolled 

mosaicks were resampled using a first order polynomial transformation and nearest 

neighbor interpolation. The resulting uncontrolled mosaicks were then georeferenced to 

the recently acquired IKONOS imagery. Geocoded mosaicks were transformed using a 

second order polynomial and a nearest neighbor interpolation. Lastly, one mosaic for the 

study area was created from the geocoded mosaicks. All three study area mosaicks were 

resampled to a constant pixel size of 0.65 m2 to correspond to the coarsest aerial image 

resolution and projected using the UTM 9N, datum WGS84 projection.

Manually georeferencing all the images resulted in a very time consuming and 

challenging process particularly for a remote area such as Unuk River floodplain which 

does not have many anthropomorphic features (e.g. roads and cultural features). A total 

of 30, 35 and 40 aerial images were georeferenced and mosaiced together for the three 

years of the study 2003, 2004, and 2005, respectively. Hundreds of ground control points 

were used in correcting the aerial images between creating the uncontrolled mosaicks and 

geocoding the mosaicks. The images were manually referenced as best as possible, given 

the underlying and afore-mentioned conditions; however, because the images were not 

corrected for acquisition attitude distortions or vignette corrected prior to georeferencing, 

we recognize that distortions remain. Additionally, although geometric corrections 

transform the images allowing for area and distance measurements to be made, it does 

not remove all the distortion in the images caused by topographic relief (Jensen 2005). 

However, topographic distortions should be minimal for this study because the area of 

interest is within the active floodplain extent where overall topographic differences are 

minimal.
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Thermal Imagery

Similarly, the thermal images were also manually geometrically corrected. As 

mentioned previously, the thermal images were acquired at a rate of 30 images per 

second, all of which were not necessary to create one study area mosaic. Using every 

175th image maintained enough image overlap for a mosaic. Images were exported from 

the proprietary software as bitmaps and further processed using commercially available 

software. In comparison to the aerial images, the thermal images have a smaller footprint 

and also less inherent distortion at the image edges. For these reasons, a pixel based 

mosaicing method using an affine transformation worked very well in creating 

uncontrolled mosaicks. The uncontrolled mosaicks were then geocoded to the 

georeferenced 2005 study area mosaic. Mosaicks were transformed using a second order 

polynomial and a nearest neighbor interpolation. Similar to the aerial images, using the 

geocoded mosaicks, one mosaic was compiled for the study area. The study area mosaic 

was resampled in accordance with the digital aerial imagery to a pixel size of 0.65 m2 and 

projected to the UTM zone 9N, WGS84 datum projection. Approximately 168 thermal 

images were georeferenced and mosaiced together for the study area. Thermal image 

footprints in which the surface area extents were comprised mostly of homogenous 

vegetation were not able to be georeferenced based on distinguishable features leaving 

some gaps within the floodplain and in part limiting the area of interest.
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Appendix C: 2005 Chinook Salmon Smolt Trap Locations

On April 17-19, 2005, we documented the trapping locations used opportunistically (i.e., non-random) by ADF&G 

coded-wire tagging field crews trapping juvenile Chinook salmon smolts. Over the 3-day time period, we collected GPS 

(Garmin Map76®) waypoints and digital photos of the individual trap locations. We used a meter stick to record water depth 

and obtained ocular estimates of the substrate directly below each trap. We also recorded cover directly above or adjacent to 

the trap (e.g. large woody debris). The number of juvenile Chinook salmon captured at each trap was also recorded when 

possible. The vernacular trapping name (e.g., Johnson Slough) of trapping locations used by stock assessment field crews was 

also documented for reference.

TABLE 19—Juvenile Chinook salmon trapping locations used by ADF&G CWT-tagging field crews. Individual trapping 
locations are listed by their GPS waypoint (lat and long) and associated physical attributes including GPS accuracy at waypoint, 
water depth, substrate, digital photo id, vernacular name of trapping location, and cover.

GPS WPT
Accuracy

(m) Latitude Longitude
Depth

(m) Substrate Photo ID Vernacular Trapping Name Cover

J 1 11.3 56.226950 -130.891170 sand IMGP2170 Waterfall Wood

J 2 6.8 56.226970 -130.891290 sand IMGP2171 Waterfall Wood

J 3 5.2 56.225100 -130.894680 sand Big Bear Wood

J 5 8.7 56.224130 -130.898050 sand IMGP2172 Big Bear Wood

J 6 6.0 56.221070 -130.896850 0.91 sand IMGP2173 Big Bear Wood

J 7 6.1 56.221100 -130.897080 1.37 sand IMGP2174 Big Bear Root Wad

J 9 7.9 56.213970 -130.903820 1.68 sand Moose Flats Jam-Wood

J 10 7.0 56.212590 -130.901840 0.76 sand IMGP2175 Moose Flats Jam-Wood

J 11 7.9 56.212470 -130.901840 0.61 cobble IMGP2176 Moose Flats Jam-Wood

J 12 5.6 56.209190 -130.899910 0.30 sand IMGP2177 Moose Flats Jam-Wood

J 13 5.4 56.209030 -130.899800 0.36 sand IMGP2178 Moose Flats Jam-Wood



(TABLE 19 continued)

GPS WPT
Accuracy

(m) Latitude Longitude
Depth
(m) Substrate Photo ID Vernacular Trapping Name Cover

J 14 5.3 56.210140 -130.902030 0.46 cobble IMGP2179-2180 Moose Flats Jam-Wood

J 15 5.3 56.209960 -130.901890 1.37 sand IMGP2181 Moose Flats Jam-Wood

J 16 5.3 56.208310 -130.900660 0.46 cobble IMGP2182 Moose Flats Jam-Wood

J 17 5.9 56.206800 -130.897600 1.37 sand Genes Run Jam-Wood

J 18 6.5 56.206540 -130.895470 0.46 gravel/cobble Genes Run Jam-Wood

J 19 7.6 56.206990 -130.895690 0.46 gravel/sand IMGP2183 Genes Run Jam-Wood

J 20 10.4 56.202430 -130.893790 0.91 cobble IMGP2184-2185 Genes/Other side of Spaghetti Jam-Wood

J 21 7.9 56.199310 -130.899270 1.07 sand IMGP2186 Satans Hell Hole Jam-Wood

J 23 6.2 56.197050 -130.899890 0.91 gravel/sand Satans Hell Hole Jam-Wood

J 24 6.4 56.193790 -130.905790 0.91 sand IMGP2187 Oasis Jam-Wood

J 25 6.7 56.193770 -130.905480 0.46 gravel IMGP2188 Oasis Jam-Wood

J 26 6.7 56.193810 -130.904730 0.61 sand IMGP2189 Oasis Jam-Wood

J 27 6.6 56.194490 -130.903480 0.46 gravel IMGP2190 Oasis Jam-Wood

J 28 6.9 56.194300 -130.903100 0.61 gravel/cobble IMGP2191 Oasis Jam-Wood

J 29 6.8 56.195520 -130.902930 0.61 debris/sand Oasis Jam-Wood

J 30 6.6 56.195040 -130.910980 0.46 sand IMGP2192 Oasis Jam-Wood

J 31 5.7 56.195120 -130.911490 0.46 cobble IMGP2193 Oasis Jam-Wood

J 32 5.2 56.194400 -130.911720 0.46 sand IMGP2194 Oasis (used to be New Oasis) Jam-Wood

J 33 8.3 56.199640 -130.906530 0.46 sand/gravel IMGP2195 Satans Hell Hole Jam-Wood

J 34 8.1 56.199430 -130.908570 0.76 sand IMGP2196 Satans Hell Hole Wood/Open

J 35 5.2 56.199200 -130.909210 0.76 gravel IMGP2197 Satans Hell Hole Wood/Open

J 36 5.9 56.198890 -130.910230 1.07 sand/gravel IMGP2198 Satans Hell Hole None

J 39 8.9 56.197730 -130.911620 1.68 ganic/sand/cobble Satans Hell Hole Wood

J 40 5.1 56.197580 -130.911710 1.68 debris/sand Satans Hell Hole Wood

J 41 5.2 56.192210 -130.911080 0.30 cobble IMGP2199 Clear Cut Wood

J 42 5.3 56.192070 -130.910930 0.23 gravel IMGP2200 Clear Cut Wood

J 43 9.1 56.193330 -130.908020 0.46 sand IMGP2201 Clear Cut Wood

J 45 5.8 56.189050 -130.919940 0.76 sand IMGP2202 Clear Cut Wood

J 46 6.1 56.189150 -130.919940 0.89 sand IMGP2203 Moose Shit Wood



(TABLE 19 continued)

GPS WPT
Accuracy

(m) Latitude Longitude
Depth

(m) Substrate Photo ID Vernacular Trapping Name Cover

J 47 5.8 56.189330 -130.918770 0.91 sand/gravel IMGP2204 Moose Shit Wood

J 48 5.8 56.190740 -130.918330 0.30 gravel IMGP2205 Moose Shit Wood/Open

J 49 6.6 56.191320 -130.918230 1.98 sand IMGP2206 Moose Shit Wood/Jam

J 50 6.1 56.191480 -130.918290 0.25 sand/gravel IMGP2207 Moose Shit None

J 51 6.1 56.190340 -130.917160 0.76 cobble Moose Shit Wood

J 52 6.4 56.180760 -130.920700 0.30 sand Golf Course open

J 53 6.9 56.181030 -130.920350 1.68 sand IMGP2208-2209 Golf Course wood/open

J 54 8.2 56.182770 -130.919790 1.07 sand Golf Course wood

J 55 9.0 56.182880 -130.919750 1.07 sand Golf Course wood

J 56 7.0 56.183980 -130.919110 0.46 sand IMGP2210 Golf Course-Hawaii wood

J 58 8.0 56.184200 -130.919380 1.68 sand IMGP2211 Golf Course-Hawaii open

J 59 7.9 56.184890 -130.919540 0.61 sand IMGP2212 Golf Course Wood/Open

J 60 6.8 56.184750 -130.918370 1.68 sand/gravel Golf Course wood

J 61 7.0 56.185330 -130.915750 0.46 sand/gravel Golf Course (Chocolate Moose) wood

J 62 6.9 56.185000 -130.915880 1.07 cobble IMGP2213 Golf Course (Chocolate Moose) wood

J 63 6.9 56.184940 -130.915850 1.07 debris/sand IMGP2214 Golf Course (Chocolate Moose) wood

J 64 9.7 56.183340 -130.915380 0.46 sand IMGP2215-2216 Golf Course (Chocolate Moose) wood

J 65 8.0 56.172090 -130.920450 1.37 sand Snow ball (lower part-big jam) wood

J 66 7.3 56.169480 -130.922970 1.68 sand IMGP2217 Snow ball wood

J 67 8.9 56.169530 -130.934510 NA Shotgun (backside) wood

J 68 6.5 56.170180 -130.934100 NA Shotgun Area
J 69 8.1 56.162890 -130.949980
J 72 12.4 56.091810 -131.046070 0.61 sand Set net wood

J 73 12.5 56.092380 -131.046190 1.32 sand Set net wood

J 74 9.2 56.101750 -131.028300 1.07 sand Dead Sea wood

J 75 9.5 56.106070 -131.020320 1.07 gravel/sand Fluff Slough wood

J 76 9.1 56.112190 -131.012350 0.65 sand Fluff Slough wood

J 77 11.1 56.111310 -131.012800 0.70 gravel IMGP2223 Fluff Slough wood



(TABLE 19 continued)

GPS WPT
Accuracy

(m) Latitude Longitude
Depth
(m) Substrate Photo ID Vernacular Trapping Name Cover

J 78 11.0 56.109980 -131.013670 0.60 cobble/sand Fluff Slough wood
J 79 9.5 56.113970 -131.007640 1.10 sand/gravel Big Jam wood
J 80 9.5 56.114590 -131.007400 1.30 sand Big Jam wood
J 81 8.1 56.114830 -131.006840 1.00 sand Big Jam wood
J 82 8.0 56.114720 -131.006510 1.30 sand Big Jam wood
J 83 6.5 56.113180 -131.007190 1.30 sand Big Jam wood
J 84 6.0 56.113510 -131.006650 1.30 gravel/cobble Big Jam wood
J 85 5.7 56.113440 -131.006710 1.00 sand Big Jam wood
J 86 6.0 56.114700 -131.006200 1.20 sand Big Jam wood
J 87 6.0 56.114640 -131.006410 0.70 gravel/sand Big Jam wood
J 88 5.9 56.115610 -131.005610 0.60 sand Big Jam wood
J 89 7.2 56.118190 -131.000510 0.80 sand News Channel wood
J 90 5.9 56.118460 -131.000200 0.60 sand News Channel wood
J 91 5.9 56.118700 -130.999760 0.50 sand News Channel wood
J 92 10.8 56.118980 -130.999120 0.50 sand News Channel wood
J 93 5.6 56.120830 -130.998170 0.80 sand/gravel News Channel wood
J 94 4.9 56.120770 -130.998650 0.80 sand/cobble News Channel wood
J 95 4.9 56.120420 -130.999020 0.80 cobble News Channel wood
J 96 5.9 56.121930 -130.996410 0.90 sand Louies Lunch wood
J 97 6.7 56.122360 -130.995580 0.90 sand Louies Lunch wood

J 98 6.0 56.122700 -130.996110 0.95 sand Louies Lunch wood
J 99 8.8 56.124780 -130.992120 0.70 gravel Cross Channel wood
J 100 8.4 56.124680 -130.991970 0.50 gravel Cross Channel wood

J 101 6.5 56.124560 -130.991650 0.60 cobble IMGP2238 Cross Channel wood
J 102 9.1 56.124620 -130.991580 0.80 cobble Cross Channel wood
J 103 8.2 56.131250 -130.975160 0.80 cobble IMGP2239 Cupwad wood
J 104 7.5 56.145310 -130.962970 1.30 sand/gravel IMGP2240 Dump Slough wood
J 105 6.8 56.145200 -130.963350 1.20 sand Dump Slough wood



(TABLE 19 continued)

GPS WPT
Accuracy

(m) Latitude Longitude
Depth
(m) Substrate Photo ID Vernacular Trapping Name Cover

J 106 6.7 56.145450 -130.963620 0.70 )bble/sand/grav IMGP2241 Dump Slough wood
J 107 7.0 56.152780 -130.953800 0.90 sand IMGP2242 Lower Moose Slough wood
J 108 12.2 56.151640 -130.953280 1.05 cobble Lower Moose Slough wood
J 109 8.2 56.149900 -130.953910 0.50 gravel IMGP2243 Lower Moose Slough wood
J 110 6.4 56.149740 -130.954360 0.70 sand Moose Slough wood
J 111 6.8 56.150570 -130.956950 0.90 sand IMGP2244 Lower Moose Slough wood
J 112 6.9 56.150810 -130.959180 0.90 sand Lower Moose Slough wood
J 113 10.7 56.155840 -130.948370 0.80 sand IMGP2245 Upper Moose Slough wood
J 114 11.7 56.156730 -130.950460 0.90 cobble IMGP2246 Upper Moose Slough wood
J 115 9.5 56.157330 -130.950650 0.90 cobble IMGP2247 Upper Moose Slough wood
J 116 10.1 56.157610 -130.950420 LOO cobble IMGP2248 Upper Moose Slough wood
J 117 10.9 56.158820 -130.949610 0.50 cobble Upper Moose Slough wood
J 118 10.0 56.160160 -130.948440 1.30 sand IMGP2249 Upper Moose Slough wood
J 119 7.1 56.160710 -130.942860 1.40 cobble IMGP2250 Upper Moose Slough wood
J 120 10.3 56.161010 -130.943730 1.10 sand Upper Moose Slough wood
J 121 7.4 56.161480 -130.943650 1.00 cobble Upper Moose Slough wood
J 122 8.4 56.162230 -130.944100 0.80 sand Upper Moose Slough wood
D 1 60.0 56.122380 -130.998010 0.40 News Channel wood
D 2 17.0 56.122810 -130.996150 0.70 JEFF001-002 Louie's Lunch
D 3 8.0 56.122900 -130.995730 0.75 JEFF003-004 Louie's Lunch wood
D 4 8.0 56.122000 -130.996440 0.55 sand/silt JEFF005-006 Louie's Lunch wood
D 5 9.0 56.122360 -130.995630 1.00 sand/silt Louie's Lunch wood
D 6 6.0 56.128880 -130.982080 Cupwad Jam

D 7 6.0 56.128140 -130.982740 0.30 gravel/cobble JEFF007-008 Cup wad Jam wood
D 8 6.0 56.129600 -130.981380 sand/gravel JEFF009-010 Cupwad Jam wood
D 9 6.0 56.130080 -130.981090 0.45 grave 1/sand JEFF011-012 Cupwad Jam wood
D 10 8.0 56.130610 -130.979740 0.60 gravel/sand Cupwad Jam wood
D 11 6.0 56.130090 -130.979320 0.60 gravel/silt JEFF013 Cupwad Jam wood



(TABLE 19 continued)

GPS WPT
Accuracy

(m) Latitude Longitude
Depth

(m) Substrate Photo ID Vernacular Trapping Name Cover

D 12 6.0 56.130010 -130.979060 0.50 sand/silt JEFF014-015 Cup wad Jam wood

D 13 6.0 56.131370 -130.975050 0.80 grave 1/cobble JEFF016-018 Cup wad Jam wood

D 14 8.0 56.137670 -130.966160 0.40 cobble/gravel JEFF019 6 pack Slough wood

D 15 8.0 56.137780 -130.966640 0.40 gravel/silt JEFF020 6 pack Slough wood

D 16 7.0 56.142070 -130.967140 1.00 sand/silt JEFF021 Marine Bar wood

D 17 6.0 56.142290 -130.967150 0.80 sand/silt JEFF022-024 Marine Bar wood

D 18 6.0 56.146380 -130.963650 0.40 ind/cobble/grav JEFF025-026 Dump Cove wood

D 19 9.0 56.146660 -130.963220 JEFF027 Dump Cove
D 20 6.0 56.145940 -130.963410 0.32 gravel JEFF028 Dump Cove wood

D 21 6.0 56.145380 -130.963560 0.50 gravel/sand JEFF029 Dump Cove wood

D 22 7.0 56.154280 -130.952620 0.50 gravel/sand JEFF030-031 Lower Moose Slough wood

D 23 8.0 56.153810 -130.953270 0.50 sand JEFF032 Lower Moose Slough wood

D 24 8.0 56.153560 -130.953590 NA sand/gravel JEFF033 Lower Moose Slough wood

D 25 8.0 56.152760 -130.954160 0.50 gravel/cobble Lower Moose Slough wood

D 26 8.0 56.151980 -130.953420 0.70 cobble/sand JEFF034-036 Lower Moose Slough wood

D 27 8.0 56.150640 -130.953190 0.30 silt/sand JEFF037 Lower Moose Slough wood

D 28 12.0 56.150490 -130.956980 1.00 sand/silt JEFF03 8-040 Lower Moose Slough wood

D 29 10.0 56.150500 -130.958910 Lower Moose Slough

D 30 8.0 56.152260 -130.960910 0.30 sand/silt JEFF041 Johnson Jam wood

D 31 7.0 56.154450 -130.949780 1.00 gravel/cobble JEFF042-043 Upper Moose Slough wood

D 32 11.0 56.154470 -130.949360 0.50 gravel/cobble Upper Moose Slough wood

D 33 11.0 56.154790 -130.948380 0.40 gravel/cobble JEFF044-045 Upper Moose Slough wood

D 34 8.0 56.155020 -130.948520 0.30 sand/silt JEFF046 Upper Moose Slough No Cover

D 35 9.0 56.156250 -130.949830 0.60 sand/gravel Upper Moose Slough wood

D 36 8.0 56.158060 -130.950470 0.85 cobble/gravel JEFF047 Upper Moose Slough wood

D 37 7.0 56.158260 -130.950380 0.30 cobble/gravel Upper Moose Slough wood

D 38 7.0 56.161600 -130.943910 0.70 gravel/sand JEFF048 Upper Moose Slough wood

D 39 8.0 56.161730 -130.944140 0.80 gravel/silt JEFF049 Upper Moose Slough wood



(TABLE 19 continued)

GPS WPT
Accuracy

(m) Latitude Longitude
Depth
(m) Substrate Photo ID Vernacular Trapping Name Cover

D 40 7.0 56.161740 -130.944500 0.30 gravel/silt Upper Moose Slough wood

D 41 7.0 56.162170 -130.944420 0.45 cobble/gravel JEFF050-051 Upper Moose Slough wood

D 42 8.0 56.163220 -130.942350 1.00 cobble/silt JEFF052 Upper Moose Slough wood

D 43 6.0 56.165610 -130.932050 1.00 sand/silt Shotgun wood

D 44 6.0 56.165520 -130.932040 0.40 sand/silt JEFF-053 Shotgun wood

D 45 15.0 56.235850 -130.886520 0.35 silt/cobble JEFF054-055 Trap location wood

D 46 15.0 56.236670 -130.884590 2.00 iilt/sand/organic Trap location wood

D 48 13.0 56.239140 -130.883580 0.40 organic/silt Trap location wood

D 49 13.0 56.234260 -130.884590 0.30 silt/sand JEFF056 Trap location wood/rootwad

D 50 7.0 56.232190 -130.884160 0.60 sand JEFF057 Trap location wood

D 51 7.0 56.227000 -130.889380 0.40 sand/gravel JEFF058 Trap location wood

D 52 8.0 56.194730 -130.901070 0.50 cobble/gravel JEFF062-064 Oasis-Trap Location wood

D 53 14.0 56.194500 -130.901300 0.30 cobble/gravel Oasis-Trap Location wood

D 54 7.0 56.194120 -130.901860 0.50 sand/gravel JEFF065-066 Oasis-Trap Location wood
D 55 14.0 56.193810 -130.902040 0.80 sand/gravel JEFF067 Oasis-Trap Location wood

D 56 15.0 56.193990 -130.901740 0.65 sand Oasis-Trap Location wood

D 57 8.0 56.193230 -130.912710 1.10 gravel JEFF068 Clear Cut-Trap Location wood

D 58 7.0 56.193160 -130.912510 0.65 sand JEFF069 Clear Cut-Trap Location wood

D 59 10.0 56.193070 -130.917710 0.60 silt/sand JEFF070 Moose Shit-Trap Location wood

D 60 7.0 56.193030 -130.917730 10.00 silt/sand JEFF071-072 Moose Shit-Trap Location wood

D 61 7.0 56.190380 -130.917150 1.00 JEFF073 Moose Shit-Trap Location wood

D 62 6.0 56.182120 -130.918960 1.00 Golf Course-Trap Location wood
D 63 5.0 56.181270 -130.920170 0.5 sand JEFF074-076 GolfCourse-Trap Location wood

D 64 6.0 56.187980 -130.919080 0.92 sand JEFF078-079 Golf Course-Trap Location wood

D 65 6.0 56.186190 -130.918510 1.0 sand JEFF080 Golf Course-Trap Location wood
D 66 5.0 56.183210 -130.918370 1.00 sand JEFF081 Golf Course-Trap Location wood
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D 67 6.0 56.184750 -130.918320 1.2 sand JEFF082 Golf Course-Trap Location wood

D 68 6.0 56.185030 -130.918350 0.5 gravel JEFF083 GolfCourse-Trap Location wood

D 69 7.0 56.186110 -130.918570 0.8 sand JEFF084 Golf Course-Trap Location wood

D 70 7.0 56.186010 -130.918760 0.3 cobble JEFF085 Golf Course-Trap Location wood

D 71 6.0 56.185020 -130.915830 1.00 sand/cobble JEFF086-087 Golf Course-Trap Location wood

D 71 6.0 56.185020 -130.915830 0.95 Golf Course-Trap Location wood

D 72 6.0 56.184960 -130.915670 0.95 sand JEFF088 Golf Course-Trap Location wood

D 73 6.0 56.183210 -130.915330 0.45 sand JEFF089 Golf Course-Trap Location wood

D 74 8.0 56.176440 -130.918550 0.9 sand JEFF092 Trap location wood

D 75 7.0 56.170080 -130.922640 0.8 sand JEFF093 Snowball-Trap Location wood

D 76 11.0 56.169550 -130.934700 0.6 sand Shotgun-Trap Location wood


