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ABSTRACT

Riparian areas contain structurally diverse habitats

that are challenging to monitor routinely and

accurately over broad areas. As the structural var-

iability within riparian areas is often indiscernible

using moderate-scale satellite imagery, new map-

ping techniques are needed. We used high spatial

resolution satellite imagery from the QuickBird

satellite to map harvested and intact forests in

coastal British Columbia, Canada. We distinguished

forest structural classes used in riparian restoration

planning, each with different restoration costs. To

assess the accuracy of high spatial resolution

imagery relative to coarser imagery, we coarsened

the pixel resolution of the image, repeated the

classifications, and compared results. Accuracy

assessments produced individual class accuracies

ranging from 70 to 90% for most classes; whilst

accuracies obtained using coarser scale imagery

were lower. We also examined the implications of

map error on riparian restoration budgets derived

from our classified maps. To do so, we modified the

confusion matrix to create a cost error matrix

quantifying costs associated with misclassification.

High spatial resolution satellite imagery can be

useful for riparian mapping; however, errors in

restoration budgets attributable to misclassification

error can be significant, even when using highly

accurate maps. As the spatial resolution of imagery

increases, it will be used more routinely in ecosys-

tem ecology. Thus, our ability to evaluate map

accuracy in practical, meaningful ways must de-

velop further. The cost error matrix is one method

that can be adapted for conservation and planning

decisions in many ecosystems.

Key words: Riparian conservation and restora-

tion; object-based image classification; high spatial

resolution satellite imagery; accuracy assessment;

map accuracy; QuickBird; confusion matrix; cost

error matrix; coastal streams; restoration.

INTRODUCTION

Quantifying ecosystem structure is key to under-

standing ecosystem function (Swanson and

Franklin 1992; Franklin and others 2002; Ellison
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and others 2005). Maps of ecosystem structure are

routinely used as the basis for ecosystem manage-

ment, conservation and restoration activities.

However, the impact of mapping errors is often

overlooked (Dussault and others 2001; Langford

and others 2006). Errors in mapping are often not

quantified well (Trodd 1995; Foody 2002; Langford

and others 2006), or not quantified in ways that are

meaningful or directly useful for the management

decisions made from maps. These challenges appear

particularly acute in the case of riparian mapping at

the landscape scale.

Mapping ecosystem structure in riparian zones is

particularly important as riparian zones are key-

stone landscape elements undergoing rapid transi-

tion. At the interface between terrestrial and aquatic

ecosystems, riparian ecosystems are among the most

critically endangered ecosystems worldwide (Tock-

ner and Stanford 2002). Riparian forests possess

unique attributes important to biodiversity and

ecosystem integrity (Swanson and Franklin 1992;

Naiman and others 1993; Clayoquot Sound Scien-

tific Panel 1995; Muller 1997; Naiman and Decamps

1997; Naiman and others 2000) including distinct

micro-climatic conditions, specialized habitats, and

function as landscape corridors (Naiman and others

1993; Apan and others 2002). Riparian vegetation

provides shade to moderate stream temperature and

provides inputs of organic matter, and is an essential

source of large woody debris for many streams

(Bilby and Ward 1991; Fetherston and others 1995;

Hyatt and others 2004). As the capacity of riparian

forests to provide their valuable ecological functions

to streams has diminished, restoration has emerged

at the forefront of environmental management is-

sues (Bernhardt and others 2005).

Important functions of riparian zones are directly

linked to the structure of the vegetation in riparian

areas. For example, in coastal streams of western

North America, the relative abundance and size of

coniferous and deciduous vegetation along stream-

sides is of particular interest. After entering a stream,

deciduous riparian species (for example, Alnus spp.)

decay quickly compared to larger, coniferous woody

debris that provides longer term bank stability and

other functions (Bilby and Ward 1991; Fetherston

and others 1995;Poulin and others 2000). Further-

more, the size of woody debris is critically important

to the role it plays in creating in-stream habitat

(Hyatt and others 2004). Historically, many riparian

areas were logged to the stream bank, changing the

structure and function of riparian zones. Reductions

in coniferous woody debris of large size input to

streams often resulted from the change in species

composition and stem densities following harvest

(Poulin and others 2000; Hyatt and others 2004).

Although deciduous species constitute important

components of riparian areas disturbed by flooding,

scouring and deposition, their increasing dominance

following harvest can be problematic.

Riparian ecosystems are quite challenging to

accurately map over broad areas, particularly in a

way that quantifies the structural complexity

within riparian stands. Landsat Thematic Mapper

(TM) imagery, with a 30 m pixel resolution, used

extensively to cost-effectively inventory vast areas

(Congalton and others 2002), has been problematic

for mapping riparian structure. In some cases, lin-

ear, narrow riparian systems are too small to be

detected using satellite imagery of coarser resolu-

tion. As a result some riparian ‘‘buffer strips’’ or

post-harvest ‘‘leave strips’’ may be absent from

publicly available GIS data layers. In addition to

simply missing some areas, the coarse pixel resolu-

tion of Landsat imagery may hinder our ability to

capture the structural variability found within these

systems (Muller 1997). For example, when classi-

fying riparian vegetation along the Yaquina River in

Oregon, poor agreement was found between

riparian classes in Landsat imagery and aerial pho-

tographs (Congalton and others 2002). The coarse

resolution of some imagery can result in classifica-

tion difficulties arising from pixels with a mix of

different vegetated and non-vegetated attributes

reducing the accuracy of resulting map products

(Hlavka and Livingston 1997; Foody 2002).

Aerial photography has also been used to map

riparian areas (Muller 1997; Congalton and others

2002; Hyatt and others 2004) and the accuracy of

aerial photographs may surpass that of site-level

field inventories for characterizing entire stands in

some cases (Hyatt and others 2004). Although

aerial photographs can be easily flown if financial

resources permit, the various stages of map pro-

duction (for example, photo-interpretation, ortho-

rectification, digitizing) are time-consuming and

expensive. As a result, map products derived from

aerial photography are not updated frequently [for

example, Terrestrial Ecosystem Mapping in British

Columbia, Canada (Pojar and others 1987); Na-

tional Wetland Inventory in the United States

(Wilen and Bates 1995)]. Photo-interpretation can

also suffer from subjective interpretation, exacer-

bated by a paucity of well-trained photo-inter-

preters. Aerial photographs also suffer from limited

spectral information. As a result of these issues with

satellite imagery and aerial photography, routine

characterization of riparian forests over large re-

gions, in a way useful for monitoring detailed forest

structure, has been quite challenging.
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High spatial resolution satellite imagery has

been recommended for mapping and monitoring

changes at finer scales and in smaller systems,

particularly riparian vegetation surrounding rivers,

lakes and wetlands (Congalton and others 2002;

Gergel 2007). In recent years, the spatial resolu-

tion of satellite imagery has increased significantly

(Tanaka and Sugimura 2001; Wulder and others

2004). A number of satellites (QuickBird, IKONOS

and Orbview-3) can acquire multi-spectral imag-

ery at spatial resolutions below 4 m and pan-

chromatic data at less than 1 m pixel resolutions

(Wulder and others 2004) and may be able to

overcome some of the challenges associated with

aerial photography. High-resolution satellite tech-

nologies can improve the measurement of detailed

forest structural attributes (canopy and under-

story, species composition, stem densities) within

forests (Johansen and Phinn 2006). Clark and

others (2004) utilized IKONOS imagery at 1 and

4 m spatial resolutions to estimate key structural

attributes of vegetation including tree size, loca-

tion, mortality and growth. High spatial resolution

satellite imagery is now being explored in riparian

ecosystems (Neale 1997; Bryant and Gilvear 1999;

Ehlers and others 2003).

Given the potential of high spatial resolution

satellite imagery for riparian mapping, we explore

two questions within the context of improving map

accuracy for restoration: Can high spatial resolution

imagery be used to accurately distinguish different

riparian vegetation types, and at what scale? We dis-

tinguish intact old-growth (late seral) forest from

several classes of second-growth that vary in

structure and are relevant for riparian restoration.

We examine the impact of changing pixel resolu-

tion of the imagery to compare fine- and moderate-

scale imagery for delineating riparian vegetation

classes. We also examine the importance of the

scale parameter used by the classifier, fundamental

to governing the size of mapped vegetation patches.

Secondly, we ask: Does map accuracy impact riparian

restoration budgets at the landscape scale? Here, we

demonstrate a simple method adapted from stan-

dard accuracy assessment techniques (Foody 2002)

to examine the costs of various mapping errors, and

determine whether misclassification can influence

restoration budgets at the landscape scale. Our

primary goals are to provide an overview of this

emerging technology and its associated challenges

accessible to map users beyond the immediate re-

mote sensing community. We also present a way to

assess the monetary implications of map misclassi-

fication, adaptable to a multitude of other ecosys-

tems and contexts.

METHODS

We classify QuickBird II high spatial resolution

imagery along a pilot reach of a stream in coastal

British Columbia (Figure 1) and assess its accuracy

at different scales. We examine a simple scheme of

five classes (or Riparian Vegetation Types: RVTs)

relevant to riparian restoration. These classes in-

cluded shrub-dominated, over-stocked conifer,

deciduous-dominated, suppressed conifer (decidu-

ous but with a poor conifer understory), and late

seral old-growth vegetation (Figure 2), as well as

two additional classes: water and cleared areas

(which included roads, beach, parking lots, and

recent harvest). This classification represents very

broad forest structural attributes (Poulin and Sim-

mons 2001) designed to guide restoration in the

area (Table 1). In our study, we define scale and

examine its impact in two ways. First, we examine

the impact of changing pixel resolution (from 2.8 to

30-m pixels). Second, we examine the impact of

changing the scale parameter, which governs the

size of patches in a resulting image classification.

Lastly, because prescribed restoration treatments

(and their cost) vary among classes (Table 1), we

examine the implications of classification error on

resulting riparian restoration budgets for the entire

landscape, as inaccurately classified images could

result in budget deficits due to incorrect allocation

of funds for restoration. Next, we describe each of

these aspects in greater detail.

Study Site and Ecology

Our research focused on the riparian corridor of

Lost Shoe Creek in Clayoquot Sound, Vancouver

Island, British Columbia (Figure 1). The creek is a

small, coastal fish-bearing stream averaging 12–

15 m width and 1% stream gradient. In-stream

restoration is underway and riparian restoration

plans have been developed for this area (Poulin

and Simmons 2001). These coastal temperate

rainforests are primarily coniferous, dominated by

Western hemlock (Tsuga heterophylla), western

redcedar (Thuja plicata) and Sitka spruce (Picea

sitchensis). Deciduous species such as red alder

(Alnus rubra), are primarily confined to riparian

and disturbed sites (MacKinnon 2003); however,

prior logging, roads and other development have

fostered the expansion of deciduous species be-

yond the riparian zone. These forests are in the

Coastal Western Hemlock (CWH) biogeoclimatic

zone, Very Wet Hypermaritime subzone, according

to British Columbia’s biogeoclimatic classification

system (Pojar and others 1991), similar to the Picea
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sitchensis Zone of Washington and Oregon

(Franklin and Dyrness 1973).

Unharvested coastal forests are generally quite

old (MacKinnon 2003) and several dominant tree

species can attain 800–1,000 years of age. Large,

stand-replacing disturbances are quite rare

(Clayoquot Sound Scientific Panel 1995) with fire

return intervals ranging from hundreds to thou-

sands of years (Gavin and others 2003a, b). Al-

though mass movements and landslides can be

major agents of disturbance in coastal forests,

they are not a major factor at our study site lo-

cated in the Kennedy Flats, an area of subdued

terrain with gradual relief in the undulating Est-

evan Coastal Plain (Clayoquot Sound Scientific

Panel 1995). Natural disturbances are primarily

small gap disturbances (Lertzman and others

1996) from strong winds associated with winter

storms (Clayoquot Sound Scientific Panel 1995).

Windthrow affects small, localized areas; how-

ever, exceptional wind events may blow down

larger areas. Through gap-phase regeneration,

small disturbance gaps create a mosaic of uneven

aged and sized trees, with a turnover time of

300–1,000 years in similar forests. Gaps may

contain a more diverse understory than adjacent
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Figure 1. Study site is located on the

west coast of Vancouver Island in

British Columbia, Canada (Panel A).

The high spatial resolution image

acquired for this research includes a

total area of approximately 245 km2

(Panel B). The results presented here

are derived from a 32 km2 subset of the

image encompassing the Lost Shoe

Creek watershed.
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closed canopy forests, and contain dead trees in

various stages of decay (Clayoquot Sound Scien-

tific Panel 1995).

Approximately 90% of the riparian corridor of

Lost Shoe Creek is second-growth (Poulin and

Simmons 2001), logged 40–60 years ago prior to

its designation as part of the Pacific Rim National

Park (Figure 1A). Second-growth and old-growth

coastal forests differ in many important ways

(Trofymow and MacKinnon 1998) and several of

these differences are ecologically important in the

context of riparian and non-riparian areas. One

primary difference includes reductions of large

veteran trees in second-growth stands. Large (of-

ten old) trees, snags and downed wood exceeding

several meters in diameter (British Columbia

Ministry of Forests 2001) provide a wide range of

wildlife and other ecological values including:

shading, food production, rotted hollows for den

sites, epiphytic growth, nesting platforms and

breeding sites (Clayoquot Sound Scientific Panel

1995). This complexity is important in riparian

forests that support riparian obligate species, as

well as the greater than 70% of forest-dwelling

vertebrates that use riparian areas in Clayoquot

Sound (Clayoquot Sound Scientific Panel 1995).

Furthermore, in the riparian zone, the input of

large diameter woody debris to streams (particu-

larly decay-resistant conifers), serves an additional

role for in-stream creation of fish habitat, regula-

tion of stream velocity, gravel storage and influ-

ences stream morphology (Bilby and Ward 1991;

Hyatt and others 2004). Thus, the relative abun-

dance of coniferous and deciduous species is often

emphasized in the restoration of western coastal

streams.

The presence of less complex, more homoge-

nous, even-aged stands and increasing dominance

of deciduous species are among the basic differ-

ences discriminating late seral and second-growth

forests for conservation and restoration. It is these

simplified differences that are captured by the

classification scheme we use for this project (Poulin

and others 2000; Poulin and Simmons 2001). We

explore more detailed classification schemes with

additional classes in other research (Morgan and

others in Review; Johansen and others in Press).

Although the classification scheme we examine

here is used to guide riparian restoration (Table 1),

designed primarily with riparian ecosystem func-

tions in mind, several basic differences between

non-riparian late seral and second-growth forests

are depicted by this classification scheme. It is also

important to note that the riparian zone of influ-

ence can be difficult to define precisely (Naiman

and Decamps 1997). For example, large wood may

be recruited to streams from areas well beyond the

immediate active fluvial zone. For these reasons,

Figure 2. Classes of riparian vegetation types (RVTs) distinguished in this study, ranging from late seral old-growth

(RVT5) conditions to second-growth (RVTs 1–4). Because the structure of riparian vegetation provides different ecological

functions, the changes in riparian structure seen in coastal riparian second-growth areas may require restoration to restore

various functions (Table 1). The relative abundance of coniferous and deciduous species is often of particular interest in

riparian areas along coastal stream of western North America as inputs of large, coniferous woody debris provide longer

term bank stability to streams than deciduous inputs.
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we classified areas beyond the immediate riparian

zone using this same classification scheme.

Image Processing

QuickBird II imagery, consisting of four multi-

spectral bands at 2.8 m spatial resolution, was

captured on 21 June 2005 from Radarsat Interna-

tional (now MDA Geospatial Services). The imag-

ery was geometrically corrected prior to purchase

with a stated positional accuracy of less than 5 m.

The imagery was converted to top of atmosphere

radiance units using pre-launch calibration coeffi-

cients (Research Systems Inc., 2005). The scene

covered an extent of 279 km2 at a cost of $28 per

km2 CAD. Image processing followed three key

steps that are described next in more detail: image

segmentation, image classification, and accuracy

assessment.

Image Segmentation and Classification. Although

QuickBird imagery provides a more detailed picture

of riparian canopy structure, this poses problems

for image classification using current techniques

(for example, per-pixel based classifiers). Although

the increased information available in fine spatial

resolution image data allows for improved inter-

pretation based on the shape and texture of fea-

tures, current image processing techniques may not

be applicable to the additional information pro-

vided by high spatial resolution image data (Goetz

and others 2003). Spectral variability within an

individual tree (for example, pixels representing

sunlit crown, shaded crown, and so on) restricts the

development of unique spectral signatures for tree

classification (Wulder and others 2004). Object-

oriented analysis provides an alternative method-

ology to per-pixel based analysis (de Kok and oth-

ers 1999) using a combination of the shape and

size, in addition to spectral information, to classify

image data (McKeown 1988; Hay and others 2005;

Chubey and others 2006).

Because of these reasons, the imagery was clas-

sified using an object-based classification technique

(eCognition V4.0, Definiens-Imaging, Germany)

(Baatz and others 2004). The first step in this pro-

cess was the image segmentation, which developed

clusters (also termed segments, objects, or patches),

by grouping sets of adjacent pixels with similar

spectral and spatial properties. Resulting objects

have lower within-object, than between-object

variance, enabling classification of each object

using both its spatial and spectral characteristics.

This approach reduces the impact of lone misclas-

sified pixels within a patch. In addition, the scale

parameter was varied to evaluate the effect of

minimum object size on classification accuracy (the

smaller the scale parameter, the smaller the object

size classified in the image).

To compare fine and moderate spatial resolution

imagery, the image and an NDVI layer were coars-

ened by re-sampling at intervals from 2.8, 5, 7.5, 10,

12.5, 20 to 30 m pixel resolution, spanning the

range between fine-resolution QuickBird II and

moderate-resolution Landsat imagery. All five

spectral channels of varying spatial resolution (four

raw spectral bands and NDVI) were imported into

the object-based classification software and seg-

mented at five scale parameters: 25, 50, 100, 200 and

400. Scale parameters below 25 resulted in many

objects composed of a single pixel (defeating the

purpose of using an object-based classifier), and our

results became increasingly inaccurate approaching

a scale parameter of 400. Once the imagery was

segmented, a minimum distance classifier was used

to assign the clusters to class centroids based on the

supervised selection of training clusters identified on

the image using base maps and field observations.

Accuracy Assessment. Classifications were com-

pared to a ground-truth layer derived from 2001

1:5,000 scale digital aerial photographs (Fig-

ure 3A), which had been previously classified into

polygons of riparian classes by trained observers

(Poulin and Simmons 2001). The 4 year time lag

between the aerial photographs and the QuickBird

image is unlikely to be of significance to succession

and disturbance in these stands, and thus, unlikely

to impact the accuracy of the classes we used. Four

years is largely irrelevant to stand structure in late

seral old-growth, with stands and individual trees

hundreds of years in age (MacKinnon 2003). Even

in second-growth stands, the relative dominance of

deciduous and coniferous species would be un-

likely to change greatly in 4 years except with

harvest (now prohibited in the Park) or a major

stand-replacing disturbance (extremely rare) (Ga-

vin and others 2003b, a). The dominant natural

disturbances (flooding and windthrow gaps) are

quite localized (Lertzman and others 1996), and did

not impact widespread areas during this interval.

Thus, the 2001 aerial photographs provide a reli-

able ground-truth layer for 2005 satellite imagery.

The aerial photographs were geometrically reg-

istered to the high spatial resolution image in ENVI

(RSI 2005) using easily identified control points

(such as road intersections and bridge crossings). To

avoid undue influence of geo-registration errors on

the accuracy assessment, the boundaries of the

photo-interpreted polygons were buffered by 10 m,

leaving only the interior of patches to be used in

the accuracy assessment (Figure 3B). From these
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patch interiors, 200 random points from each class

on the ground-truth layer were compared to

identical locations on the classified image. Using

ENVI (RSI 2005), a confusion matrix was created

for each output classification that included overall

and individual class accuracies.

Riparian Restoration Budgets at the Landscape

Scale. We explored the implications of classifica-

tion error on budgets for restoration planning,

using hypothetical, but realistic, examples. We

compared the estimated ‘‘true’’ restoration cost for

the entire (360 ha) landscape with costs estimated

from a classified map with known rates of classifi-

cation error. We multiplied the aerial cost of res-

toration (for each class) by the area occupied by

each second-growth class, to yield the total land-

scape level cost of restoration. For the ‘‘true’’

budget, we used the riparian classes as mapped on

the ground-truth layer, and for the ‘‘incorrect’’

budgets we used our classified map with the best

overall accuracy. We assumed restoration was

undertaken for all second-growth (RVTs 1–4), and

we ignored travel costs to different sites as our

watershed is easily accessible by roads and trails.

Specifically, we quantified the impact of errors of

omission. Errors of omission refer to areas missed

by the classifier, resulting in underestimation of a

class. Errors of omission are quantified as: 1—pro-

ducer’s accuracy. Thus, we calculated ‘‘incorrect’’

budgets using producer’s accuracy and errors of

omission from our classified image with the highest

overall accuracy. Lastly, we summarized the costs

of various classification errors in a ‘‘cost error ma-

trix’’ and discuss its utility for other applications.

RESULTS

Accuracy Assessment

Overall accuracies exceeded 60–65% for images of

finer spatial resolutions (<12.5 m), but rapidly de-

clined for images of 20 and 30 m pixel resolution

(Figure 4A). Declines in accuracy were found with

coarser pixel resolutions, regardless of the scale

parameter used. The confusion matrix comparing

the ground-truth layer to the classified image with

the best overall accuracy is shown in Table 2a.

When considering individual classes, producer’s

accuracy was often higher than overall accuracies,

and generally decreased with coarser resolution.

However, the classification using images with the

absolute finest resolution did not always yield the

absolute highest accuracy.

Figure 3. Ground-truth layer used in

accuracy assessments was derived from

1:5,000 scale aerial photographs from

2001. A shows an example area that

was photo-interpreted for riparian

restoration classes (Poulin and

Simmons 2001) used to create a

ground-truth layer in B. A 10 m buffer

was demarcated around all polygons

(shown in white, B), and these areas

were not used in the accuracy

assessments. The spatial distribution of

points among the classes (�200 in each

class) is shown.
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Classification accuracies for the overstocked

conifer class (RVT2) were among the highest of all

the classes, achieving the highest producer’s accu-

racy (92.5%) at a pixel resolution of 30 m (scale

parameter = 100) (Figure 4b). Similar accuracies

(91.5%) were obtained at a pixel resolution of

20 m (scale parameter = 200). Accuracies for this

class varied greatly with different scale parameters.

For the deciduous-dominated class (RVT4), classi-

fication accuracies exceeded 75% and dropped

with coarser resolutions (Figure 4d). The highest

accuracy (83%) was achieved at a pixel resolution

of 5 m (scale parameter = 400). Classification

accuracies were consistently above 85% for the late

seral old-growth class (RVT5) (Figure 4e). This class

exhibited high accuracies regardless of pixel reso-

lution or scale parameter. Accuracy peaked at 10-m

pixel resolutions and dropped by 15% for coarser

(30-m) imagery. The highest accuracy (89.3%) was

seen using imagery with 10 m pixel resolution

(scale parameter = 400).

Suppressed conifer under a deciduous overstory

(RVT3) had much lower producer’s accuracies

than other vegetation types, rarely exceeding
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50% (Figure 4c). The highest accuracy (66.8%)

was achieved with images of 12.5 m pixel reso-

lution (scale factor = 400). As a mixed deciduous

and coniferous category, RVT3 was frequently

misclassified as overstocked conifer (RVT2) or

deciduous-dominated (RVT4). For the shrub-

dominated class (RVT1), the highest accuracies

(�70%) occurred between 7.5 and 12.5 m pixel

resolution and declined at coarser resolutions.

The highest accuracy (72.5%) was achieved using

images with a pixel resolution of 2.8 m (scale

parameter = 25). This class occupied an extremely

small area and only two polygons of this class

existed in the ground-truth image. Thus, we did

not present detailed figures for this class, as the

results were based on an extremely limited sam-

ple size.

Landscape Restoration Costs

Using our map with the highest overall accuracy,

we compared landscape restoration costs estimated

from this map with the costs assuming correct

information (that is, the ground-truth image)

(Table 3). The ‘‘total landscape restoration costs’’

for restoring the entire second-growth riparian

landscape, assuming perfect information, was al-

most $640,000, in contrast to $1,005,146 when

using an incorrectly classified map (Table 3). In the

correct case, the majority of costs were for the

restoration of two classes: Over-stocked conifer

(RVT2) approximately $380,000 and suppressed

conifer (RVT3) approximately $170,000. In the

case of the incorrect budget, the majority of resto-

ration funds were again allocated to RVT2

(>$400,000), but also a different class, RVT4

(>$430,000).

Large discrepancies in the costs for restoring

several classes were evident from the two different

maps. Although just over $170,000 would be

needed to restore all areas of RVT3 in the correct

case, only just over $70,000 was needed using the

incorrect map (Table 3). The largest discrepancy

was for RVT1. Although only approximately $3,000

would be needed in the correct case, almost

$100,000 would be needed to restore all RVT1

when using the ‘‘incorrect’’ map. These substantive

errors can be understood best by further exami-

nation of the confusion matrices (Table 2) and cost

error matrices (Table 4) associated with this map,

which we discuss next.

Confusion Matrix

The confusion matrix comparing the ground-truth

layer to the classified image with the best overall

accuracy is shown in Table 2a. Agreement is shown

along the diagonals (in bold), whereas disagree-

ment is presented along the off-diagonals. The

confusion matrix, when expressed as percentages

of the row totals, yielded a matrix of producer’s

accuracy (in bold) and associated errors of omission

(Table 2b). Producer’s accuracy for individual

classes ranged from 31 to 85%. Producer’s accuracy

for the late seral old-growth class (RVT5) was 84%

(Table 2b), resulting in errors of omission of 16%

for this class. Only 1% of old-growth missed by the

classifier was misclassified as suppressed conifer

(RVT3) and 12% as overstocked conifer (RVT2),

and almost 3% as shrub-dominated (RVT1).

Cost Error Matrix

Areal costs of restoration for second-growth ripar-

ian classes (ranging from $1,500 to $7,000 ha)1

Table 1) and were used to create a cost error matrix

indicating the costs of making different types of

errors of omission on an areal basis (Table 4a).

Negative amounts indicate that an area would be

more expensive to restore than originally supposed,

leading to budget deficit, were that classification

error to occur (Table 4a). Positive values are

indicative of a budget surplus for that classification

error. Values of $0 (along the diagonals) are

Table 2. Confusion Matrix based on the Classi-
fied Map with the Highest Overall Accuracy (2.8 m
pixel resolution, scale parameter = 200)

Classified

Quickbird

image

Ground-truth layer

RVT1 RVT2 RVT3 RVT4 RVT5

(a) Confusion matrix

RVT1 133 11 9 3 5

RVT2 0 151 40 20 24

RVT3 3 16 60 19 2

RVT4 0 11 80 149 0

RVT5 64 10 8 9 167

Total 200 199 197 200 198

(b) Producer’s accuracy/errors of omission

RVT1 66.5 5.53 4.57 1.5 2.53

RVT2 0 75.88 20.3 10 12.12

RVT3 1.5 8.04 30.46 9.5 1.01

RVT4 0 5.53 40.61 74.5 0

RVT5 32 5.03 4.06 4.5 84.43

Total 100 100 100 100 100

(a) Confusion matrix comparing �200 points from each class on the ground-truth
layer (derived from aerial photographs) with corresponding points on the classified
high spatial resolution image. Agreement between classes is shown along the
diagonal (in bold) and discrepancies are shown in off-diagonals.
(b) Matrix showing producer’s accuracies (in bold) and errors of omission for
classes, represented as percentages of the column totals from a.
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indicative of correct classifications, therefore

resulting in no budgeting error. As an example,

restoring RVT4 costs $7,000 ha)1. If an area of

RVT3 was missed, and misclassified as RVT4 (and

therefore less expensive to restore at $1,500 ha)1),

a surplus of $5,500 ha)1 in the planned budget

would be expected for this classification error

(Table 4a).

When the costs of various mistakes were scaled

up to the entire 360 ha landscape, a budget error (in

this case a surplus) as high as $253,698 was evident

(for example, suppressed conifer: RVT4 that was

actually deciduous-dominated: RVT3) (Table 4b).

In contrast, note that for old-growth (RVT5), none

was incorrectly identified as RVT4 (Table 4b).

Although one of the costlier mistakes

($7,000 ha)1), given the low probability of this

mistake occurring (nil), the landscape-level costs

were negligible ($0) (Table 4b). Budget errors

resulting from errors of omission ranged from being

negligible to exceeding 45% of total landscape res-

toration costs. For context and comparison with the

landscape level budgets for the correct and incorrect

maps, these numbers are also shown in Table 3.

DISCUSSION

New methods are needed not only to map riparian

vegetation and target restoration efforts, but also to

monitor change and assess the results of manage-

Table 4. Cost Error Matrices

Classified Quickbird image Ground-truth layer

RVT1 ($) RVT2 ($) RVT3 ($) RVT4 ($) RVT5 ($)

(a) Areal (ha)1) costs of classification mistakes

RVT1 0 3,300 4,800 )700 6,300

RVT2 )3,300 0 1,500 )4,000 3,000

RVT3 )4,800 )1,500 0 )5,500 1,500

RVT4 700 4,000 5,500 0 7,000

RVT5 )6,300 )3,000 )1,500 )7,000 0

(b) Landscape-level costs of classification mistakes

RVT1 0 23,237 24,916 )125 17,431

RVT2 0 0 34,587 )4,776 39,763

RVT3 )36 )15,356 0 )6,238 1,657

RVT4 0 28,166 253,698 0 0

RVT5 )1,001 )19,214 )6,917 )3,761 0

Errors of omission )1,037 16,832 306,283 )14,901 58,851

(a) Areal cost (or surplus) associated with errors of omission for each type of class confusion. Specific restoration activities and their costs are detailed in Table 1.
(b) Landscape-level budget cost (or surplus) when areal costs of mistakes are combined with the area occupied by each type of class confusion.

Table 3. Comparison of Landscape-Level Restoration Budgets based on a Correct Map versus Costs derived
from a Map with Known Classification Errors

Areal

restoration

costs (ha)1) ($)

Correct (ground-truth) map Incorrect (classified) map

Total area (ha)

on landscape

Total landscape

restoration cost ($)

Total area (ha)

on landscape

Total landscape

restoration cost ($)

Budget errors due

to errors of omission ($)

RVT1 6,300 0.5 3,129 15.5 97,704 -1,037

RVT2 3,000 127.3 381,995 134.1 402,376 16,832

RVT3 1,500 113.6 170,378 47.1 70,623 306,283

RVT4 7,000 11.9 83,577 62.1 434,443 -14,901

RVT5 0 109.4 0 104.0 0 58,851

Total 639,079 1,005,146 366,028

The budget deficit or surplus attributable to errors of omission for each class is also shown.
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ment actions (Goetz 2006). High spatial resolution

satellite data, as it becomes increasingly available,

will be increasingly used for riparian studies

(Muller 1997). With the increasing use of object-

oriented classifiers, these data products and tools

can help provide cost-effective ways to routinely

inventory larger landscapes, in ways not feasible

until recently. Although the classification scheme

we examined may be most directly relevant to

coastal temperate forests of western North Amer-

ica, the use and development of object-based

classifiers with high spatial resolution imagery is

relevant to many other regions. The success in

discriminating vegetation spanning a range of

crown dimensions (for example, second-growth

stands) also suggests utility beyond coastal tem-

perate forests with trees of enormous size, as

classification of forests consisting of smaller

dimension trees might also benefit from this ap-

proach. Also, in some regions, such as arid or

agricultural landscapes, the riparian zone may

constitute a more distinct, narrow, linear band of

vegetation along streamsides. Mapping narrower

riparian zones is also likely to benefit from finer

spatial resolution data, for example, to detect

‘‘gaps’’ in nutrient-intercepting riparian buffers

along streams in agricultural watersheds (Weller

and others 1998; Baker and others 2006). Al-

though our results indicate strong potential for

high spatial resolution imagery in riparian map-

ping, our work also highlights the consequences of

map error and presents a general framework that

can be used to evaluate mapping error in other

ecosystems.

Can high spatial resolution imagery
accurately distinguish among different
riparian vegetation types, and at what
scale?

High spatial resolution imagery processed using an

object-based classifier was successful in distin-

guishing various riparian restoration classes.

Classifications using coarsened imagery (Landsat-

scale, 30 m pixel resolution) produced lower

classification accuracies than finer resolution

images (5–12.5 m pixel resolution). It is important

to note, however, that the absolute finest pixel

resolution (2.8 m) did not always produce the

highest classification accuracies. Producer’s accu-

racies for individual classes were quite high,

ranging from 70 to 90%, except for the suppressed

conifer class, which achieved the lowest accuracies

(�67%). This class, consisting of a deciduous

overstory with a developing coniferous understory

(and likely indicative of a trajectory towards

recovery), was also the least expensive second-

growth category to restore.

The optimal scale for mapping was different

among classes. Here, scale referred to two ele-

ments: pixel resolution of the imagery, as well as

the scale parameter used in the classification

software (which influenced the size of patches).

We found the scale parameter largely irrelevant in

improving overall accuracy; however, it had a

significant impact on the accuracy of individual

classes. It was unclear whether the optimal scale

parameter for a given class corresponded to obvi-

ous structural differences, as higher scale param-

eters were not always associated with vegetation

of larger crown dimension. For example, the

highest accuracies for over-stocked conifer

(RVT2), with dense stands of small diameter trees,

occurred at higher scale parameters (200) and

coarser pixel resolutions (20 m), in contrast to the

accuracies achieved using images with finer pixel

resolutions (5 m) and scale parameters (25). Pre-

liminary field data from stands in over-stocked

conifer (RVT2) compared to late seral old-growth

(RVT5) indicated average stand densities of 2,367

stems ha)1 and 630 stems ha)1, respectively, and

average crown dimensions of 3.8 and 6.1 m

(Gergel and others, unpublished data). It is un-

known if coarser pixel resolutions and higher scale

parameters are useful for this fine-grained vege-

tation class (RVT2) because homogenous patches

can be more accurately distinguished when shad-

ows and other obscuring fine-scale features are

ignored by the classifier.

One challenge that deserves future work in-

cludes distinguishing Suppressed Conifer with a

deciduous overstory (RVT3) class from the decid-

uous-dominated with no coniferous understory

(RVT4) class, as these were easily confused classes

with substantively different restoration costs. Al-

though both consist of a deciduous canopy, the

class with a re-growing understory of conifers,

indicative of a trajectory towards recovery of the

original species composition (RVT3), requires less

restoration (in contrast to the pure deciduous-

dominated stands with little conifer understory

requiring more expensive restoration, RVT4). To

reduce this class confusion, acquiring additional

imagery during leaf-off conditions would improve

penetration through the deciduous canopy (Lille-

sand and others 2004), enabling discrimination and

characterization of the coniferous understory.

Additionally, individual stem detection routines

(Pouliot and others 2006) could be applied to

delineate deciduous overstory trees, allowing a
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more detailed analysis of the pattern of gaps, which

may provide insight to understory conditions.

Does map accuracy impact riparian
restoration budgets at the landscape
scale?

In many stream rehabilitation projects, there is an

emphasis on restoring conifers as a source of large

wood to streams to enhance bank stability and

other functions (Table 1). In our region, costs for

restoration of riparian classes varied from $0 to

$7,000 CAD ha)1. These costs, when combined

with the probability of making different classifica-

tion errors, had a noticeable impact on restoration

budgets. In our example approximately 360 ha

landscape, budget errors attributable to misclassi-

fication could change landscape restoration budgets

by approximately 25–50% (Table 3). Although any

budget surplus or deficit would vary for any par-

ticular application, our results demonstrate that

restoration budget errors can be substantive, even

for budgets based on maps of high accuracy.

A cost error matrix derived from the confusion

matrix, as presented here, can help focus effort and

limited funds towards the most effective mapping

and restoration strategies. Some types of error may

be significant ecologically, but ultimately of little

monetary significance (or vice versa). Identifying

these trade-offs can help identify areas that warrant

little, or conversely substantive, attention in fur-

ther research. It is evident from the cost error

matrix approach that even very small error rates

can have significant budget implications. This was

particularly problematic for class confusion be-

tween a highly abundant class and a rarer class of

limited extent. For example, errors in mapping the

rare RVT1 were expensive at the landscape scale.

Despite a low chance of incorrectly classifying other

abundant classes as RVT1, the larger areas occupied

by the other dominant classes resulted in a sizable

overestimation of this rare class, and as a result, a

sizable overestimation of the funds required to re-

store this class. To use these results to guide plan-

ning, some recommendations might include

focusing a field program and ground-truth efforts

towards the most often confused classes and/or

most expensive mistakes. Alternatively, restoration

budgets could be adjusted to account for uncer-

tainty in the budget by incorporating error bars

around budget estimates or through development

of budget correction factors for individual classes.

The late seral (old-growth) class was the most

accurately distinguished class and identifying this

class is important for several reasons. Such forests are

of extremely high conservation interest due to their

structural complexity and the diverse ecological

functions they perform. Under-estimation of the

remaining area of old-growth also leads to inflated

restoration budgets. For example, despite the high

accuracy (90%) for this class, 10% errors of omission

resulted in substantive errors in restoration budgets,

inflating budgets by $58,000 (Table 4a), a significant

amount relative to the $630,000 landscape restora-

tion budget. Furthermore, accurate estimates of the

remaining area of late seral forest could also impact

ecosystem representation targets for conservation

and influence critical habitat designations for several

species in coastal forests.

CONCLUSIONS

New methods are needed to quantify the changes

seen in both riparian and non-riparian landscapes

(Pontius 2002; Pontius and Lippitt 2006; Visser and

de Nijs 2006; Gergel 2007). However, simple tech-

niques in use for decades in photogrammetry and

remote sensing can provide a useful first step in

evaluating the quality of maps used in ecology

(Foody 2002). Although a recent review of image

classification papers found only 60% provided a

confusion matrix (Trodd 1995), the cornerstone of

an accuracy assessment (Foody 2002), even fewer

have explored the implications of errors for map-

users (Dussault and others 2001; Langford and

others 2006). Highly accurate maps still contain

non-trivial amounts of error, which can have

broad-reaching implications for decisions and plans

made from maps. It is important to describe not

only the magnitude of map errors, but also the

implications of map errors to decision-makers. A

cost error matrix, which translates accuracy levels

into costs associated with various misclassification

mistakes, can be adapted to a variety of situations

and is one useful approach for making informed

decisions for the allocation of limited resources.
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