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This work is part of the Tehery-Wager geoscience mapping activity of Natural Resources Canada’s (NRCan) Geo-mapping for Energy and
Minerals (GEM) program Rae project, a multidisciplinary and collaborative effort being led by the Geological Survey of Canada and the
Canada-Nunavut Geoscience Office (CNGO), with participants from Nunavut Arctic College and Canadian universities (Dalhousie Uni-
versity, Université du Québec à Montréal, Université Laval, University of New Brunswick and University of Victoria). The focus is on tar-
geted bedrock geology mapping, surficial geology studies, surface and stream sediment sampling, and other thematic studies, which
collectively will increase the level of geological knowledge in this frontier area and allow evaluation of the potential for a variety of com-
modities, including diamonds and other gemstones, base and precious metals, industrial minerals, carving stone and aggregates. This ac-
tivity also aims to assist northerners by providing geoscience training to college students, and by ensuring that the new geoscience
information is accessible for making land-use decisions in the future.
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Abstract

The Canadian Arctic is currently the focus of increased mapping activities, which aim to provide better knowledge to assist

in making informed decisions for sustainable minerals and energy development and land-use management. One of the maps

that is needed is a surficial materials map.

This paper presents preliminary results of a surficial materials mapping research activity within the Tehery-Wager

geoscience mapping activity for the Rae project area of Natural Resources Canada’s Geo-mapping for Energy and Minerals

program, a collaborative project co-led by the Geological Survey of Canada and the Canada-Nunavut Geoscience Office.

The study area is located south of Wager Bay in Nunavut (NTS map areas 46D, E, 56A, H) and covers targeted areas that

have not been mapped or mapped only at a reconnaissance scale. A preliminary surficial materials map with 15 classes was

produced from a combination of images from RADARSAT-2 in the C-band (with horizontal-horizontal polarization and

horizontal-vertical polarization) and from Landsat 8 Operational Land Imager with a digital elevation model and slope data.

This paper also presents field observations that were made in the summer of 2015 and will be used as ground control points

to validate the map.

Résumé

L’Arctique canadien fait actuellement l’objet d’un niveau accru d’activité dans le domaine de la réalisation de documents

cartographiques, qui ont pour but de fournir de meilleures connaissances susceptibles de contribuer à la prise de décisions

éclairée en matière de développement énergétique et d’aménagement des terres. Parmi tous les types de cartes requises, la

réalisation d’une carte des matériaux de surface s’impose.

Cet article présente les résultats préliminaires du projet de recherche en cartographie des matériaux de surface Tehery-

Wager entrepris dans le secteur couvert par le projet Rae qui lui-même s’inscrit dans le cadre du programme de géocar-

tographie de l’énergie et des minéraux de Ressources naturelles Canada; il s’agit d’un programme de nature collaborative
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mené de front par la Commission géologique du Canada et le Bureau géoscientifique Canada-Nunavut. La zone cartograph-

iée est située au sud de Wager Bay, au Nunavut (cartes 46D, E, 56A, H du SNRC). Elle correspond à une région ciblée qui

n’est toujours pas cartographiée ou qui a été cartographiée uniquement à une échelle de reconnaissance. Une carte prélim-

inaire regroupant 15 classes de dépôts de surface a été produite à partir d’images recueillies par RADARSAT-2 dans la

bande C (en fonction d’une polarisation horizontale-horizontale et d’une polarisation horizontale-verticale) et par le cap-

teur Operational Land Imager installé sur le satellite Landsat 8, lesquelles sont combinées avec un modèle altimétrique

numérique de terrain et des données de pente. Les auteurs présentent également les observations de terrain qui ont été faites

au cours de l’été 2015 et qui serviront à valider la carte.

Introduction

The Canadian Arctic is currently the focus of increased

mapping activities, which aim to provide better knowledge

to assist in making informed decisions for sustainable re-

source and infrastructure development, and land-use man-

agement. This study is part of the surficial geology compo-

nent of the Tehery-Wager geoscience mapping activity for

the Rae project of Natural Resources Canada’s (NRCan)

Geo-mapping for Energy and Minerals (GEM) program, a

collaborative project led by the Geological Survey of Can-

ada (GSC) and the Canada-Nunavut Geoscience Office

(CNGO). The overall objective of this activity is to provide

new geological knowledge on the nature and composition

of surficial materials for sustainable management and de-

velopment (McMartin et al., 2015). Remote interpretation

of surficial materials provides first-order assessment of the

unconsolidated sediment covering the study area, guides

geological mapping field activities (both surficial and bed-

rock), assists in interpretation of the surficial geology

between field sites, and provides a regional context for the

surficial materials.

Northern Canada presents challenges for geological map-

ping because the land area is vast and difficult to access.

Mapping has traditionally been done at a regional scale and

accomplished by expensive and logistically challenging

field programs. Remote predictive mapping (RPM) is a

technique that can be used to map vast areas in a time-effi-

cient manner and at a relatively low cost (Harris, 2008).

Satellite images, such as those provided by RADARSAT-2

and Landsat, offer the advantages of extensive regional

coverage, no disturbances to the area being mapped and a

method of acquiring data in less accessible areas on a regu-

lar and cost-effective basis. Remote predictive mapping

can be performed using optical imagery (Harris et al.,

2011), such as those acquired by Landsat or SPOT satel-

lites; however, optical images cannot be acquired at night

or during cloudy conditions. Such limitations do not exist

with synthetic aperture radar (SAR) images, such as those

acquired by RADARSAT-2 (e.g., Schetselaar et al., 2007;

LaRocque et al., 2012). Combining RADARSAT and

Landsat imagery offers several advantages because both

image types are complementary (Mei and Paulen, 2009;

LaRocque et al., 2012). RADARSAT-2 images are sensi-

tive to surface texture by providing information on scatter-

ing mechanisms that are related to surface roughness and

moisture content (Harris et al., 2008; LaRocque et al.,

2012). Landsat images are sensitive to surficial reflective

properties that are generally governed by surface chemis-

try, vegetation and surface moisture content (Brown et al.,

2008).

As part of a GEM-1 (2008–2013) project north of Wager

Bay, Campbell et al. (2013) produced a surficial materials

map with 12 classes using a maximum likelihood classifier

applied to Landsat 7 images. The resulting RPM map had

an accuracy of 25.6%, when classes were compared to the

available GPS field data acquired at GEM-1 field stations.

For the same area and using the same GPS field data,

J. Byatt, A. LaRocque, B. Leblon, I. McMartin and J. Harris

(unpublished data, 2015) achieved a mapping accuracy of

81.4% by classifying a combination of Landsat 8 optical

images and RADARSAT-2 SAR images in the C-band with

horizontal transmit and horizontal receive polarization (C-

HH) and with C-band horizontal transmit and vertical re-

ceive polarization (C-HV) with a digital elevation model

(DEM) and slope data using the Random Forest™ (RF)

classifier (Breiman, 2001, 2003). For this project, the latter

method will be used to map 15 surficial materials classes in

an area located south of Wager Bay in the frame of the

GEM-2 Tehery-Wager mapping activity. Besides the pre-

liminary surficial materials map, this paper also presents

the field data that were acquired during the summer of

2015, which will be used to validate the map.

Study area

The study area is located south of Wager Bay, Nunavut, on

the western side of Hudson Bay (east of 90°W longitude),

and includes parts of Ukkusiksalik National Park (Fig-

ure 1). It covers the NTS map areas 46D, E, 56Aand H. Ele-

vations range from sea level along Wager Bay and Hudson

Bay to 550 m asl in the northwestern part of the study area.

The area is characterized by streamlined, thin and thick till

extending southeast from a major ice divide zone

(Keewatin Ice Divide), from which ice flowed radially dur-

ing the last glaciation (McMartin and Dredge, 2005). The

former Keewatin Ice Divide zone, centred in the uplands

southwest of Wager Bay, is now dominated by a mixture of

till blankets and veneers, felsenmeer and weathered bed-
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rock (McMartin et al., 2013, 2015). This glacial landscape

is interspersed by a complex system of subglacial meltwa-

ter corridors and proglacial channels. Between these corri-

dors, till surfaces show no sign of glaciofluvial erosion or

reworking. The limit of postglacial marine submergence in-

creases from 119 m asl south of Wager Bay to about 145–

160 m asl west of Roes Welcome Sound. Lowlands that

skirt the coasts of Roes Welcome Sound and Chesterfield

Inlet, to the south, show evidence for postglacial marine

erosion and reworking of thin glacial and glaciofluvial sed-

iments. Marine veneers are sandy and occur as scattered

deposits between rock ridges or glacial landforms.

Materials

Four RADARSAT-2 Scan SAR Wide-A C-band dual-po-

larized (HH and HV) imagery taken in August of 2014 were

used for this study. They were acquired with an incidence

angle that varied between 20 and 49.3°. Two SAR images

were acquired with the ascending orbit and two with the de-

scending orbit (Table 1). Two images were acquired during

dry conditions and two during wet conditions, as Byatt

(2014) showed that the best mapping accuracy is achieved

when combining images acquired over dry and wet condi-

tions. Each imagery file had two images: the HH polarized

image and the HV polarized intensity image. All the images

were checked visually to ensure the ground was free of

snow and ice cover.

The Landsat 8 data acquired by the Operational Land

Imager (OLI) sensor comprises three images taken in 2013

(Table 2), which were mosaicked together to cover the en-

tire study area. Like the RADARSAT-2 images, they were

visually checked to ensure that the ground was free of ice

and snow. As well, these images do not include any clouds.

The Landsat 8 images were georeferenced in a NAD83 for-

mat (UTM Zone 16, Row W) and have eight bands: B1

(0.43–0.45 μm), B2 (0.45–0.51 μm), B3 (0.53–0.59 μm),

B4 (0.64–0.67 μm), B5 (0.85–0.88 μm), B6 (1.57–

1.65 μm), B7 (2.11–2.29 μm) and B8 (0.50–0.68 μm).

Ancillary data used included a DEM mosaic (Natural Re-

sources Canada, 2015), which is composed of several

1:50 000 DEM tiles that were used for terrain correction

when georeferencing the SAR images and to take into ac-

count the topographic effects in the classification. The

DEM has a resolution of 16.1 m in the x direction, 23.3 m in

the y direction and 1 m in the z direction. Ground elevations

are recorded in metres relative to mean sea level (MSL),

based on the NAD83 horizontal reference datum.
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Figure 1: Location and digital elevation model (Natural Resources Canada, 2015) for the study area located south
of Wager Bay, Nunavut. Abbreviations: amsl, above mean sea level; Nat., national.



Field observations were also collected at selected GPS sites

to assess the mapping errors and validate or eventually cor-

rect the preliminary RPM map, which has the 15 classes de-

scribed in Table 3. Two types of field data were collected

during a five-day period in the summer of 2015: field obser-

vations at 45 visited sites and aerial photographs of the ter-

rain between visited sites (Figure 2). The visited sites were

located in 10 areas of interest that represent the surficial

material diversity of the study area (Figure 2).

The surficial material and landform features at each visited

site were described, with an attempt to assign the site to one

of the 15 surficial material classes of the map (Table 4). For

each visited site, additional recorded observations included

the geographic co-ordinates, photos of the site (surface and

material) and photos of the area surrounding the site (Ta-

ble 4).

The data collected during fieldwork is still being processed.

The photographs taken from the helicopter have all been

geolocated and sorted by time and date of capture. Both the

GPS field observations and aerial photographs will be used

to further refine the preliminary RPM map and to assess its

mapping accuracy by determining the percentage of GPS

sites correctly mapped over the RPM map per surficial

material class.

Methods

Image processing

The majority of the image processing was performed in PCI

Geomatica 2015 software. The DEM tiles were first im-

ported and then mosaicked together using PCI Ortho-

Engine. The digital numbers of the Landsat 8 OLI images

were first converted into top of atmosphere (TOA) reflec-

tance values, following the method described in the Land-

sat 8 users handbook (United States Geological Survey,

2015). Such a conversion also removes some of the

atmospheric interferences.

The RADARSAT-2 C-HH and C-HV images were filtered

for removing speckle, using a Gaussian filter (with a stan-

dard deviation of 1.6) developed by Grunsky et al. (2009),

and applied by LaRocque et al. (2012). Speckle can be con-

sidered as a noise and its intensity must be attenuated in or-

der to enhance fine details on SAR images (Goodman,

1976). Each individual image was then orthorectified with

the RADARSAT-2 Rational Function math model of the

PCI OrthoEngine module, using the DEM and ground con-

trol points (GCPs). About 20 GCPs were extracted from the

orthorectified Landsat 8 data for geocorrection, which was

achieved with an mean accuracy of less than one pixel in

both x and y axes. The georeferenced images were then

mosaicked together to cover the entire study area. A mask

created using a combination of Landsat 8 B8 and

RADARSAT-2 C-HV images was applied to both SAR and

optical images to remove lakes, rivers and other water

bodies.

Image classification

Representative training areas of each the 15 material

classes were delineated from photo interpretation of the

orthorectified Landsat 8 and RADARSAT-2 imagery. The

surficial material classes were defined based on the 12
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Table 1: Characteristics of the RADARSAT-2 C-band horizontal transmit and horizontal
receive (C-HH) and C-band horizontal transmit and vertical receive (C-HV) synthetic ap-
erture radar (SAR) images used for the study in the southern Wager Bay area, Nunavut.

Table 2: Characteristics of the Landsat 8 optical images acquired with the Operational Land Imager (OLI)
sensor and used for the study in the southern Wager Bay area, Nunavut.



classes of Campbell et al.’s (2013) report from the GEM-1

Wager Bay study region. Because the GEM-2 study area’s

southern region is composed of different materials, some

changes were made and new classes were defined in order

to take into account the influence of vegetation cover

(Table 3).

The classifier used in this study is a nonparametric deci-

sion-tree–type classifier (RF), which does not assume nor-

mal distribution of the input data (Breiman, 2001, 2003).

The algorithm used for this study was the one developed in

R programming language (R Development Core Team,

2012), which had recently been successfully employed in a

study on surficial material mapping in the Hudson Bay

Lowland (Ou et al., in press). The RF classifier has two ver-

sions, known as all-polygon and subpolygon. The all-poly-

gon version uses all of the pixels within all of the training-

area polygons to define class training areas, whereas the

subpolygon version randomly selects a user-determined

number of training area pixels from each class. For this

study, the all-polygon version was only used as it has the

advantage of taking into account the actual class size. The

mtry variable in the RF classifier refers to the number of

variables randomly sampled as candidates at each split of

every node. The default values of mtry for a classification

are calculated as the square root of p, where p is the number

of variables in x, which is the matrix of predictors for the

classification. Such default values lead to a setting that in-

cludes all input features, that is, all pixels are randomly

sampled as candidates at each split of every node.

The RF classifier uses two-thirds of the input training-area

data, referred to as in-bag data, for calibration. The remain-

ing third of the data is then referred to as out-of-bag data
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Table 3: Description of the 15 surficial material classes used in the remote predictive mapping (RPM) map of the
southern Wager Bay area, Nunavut.



and is used to test or validate the resulting classification. In-

bag data are used to create the 500 individual decision trees,

which are applied to produce independent classifications.

These independent classifications are then combined into

the final classification map (Waske and Braun, 2009).

When there are relatively limited training data in some

classes, the RF classifier allows bootstrap aggregating of

the in-bag data to increase the number of training pixels. In

this study, each class within the study area had enough

training sites, so bootstrapping was not required. The RF

classifier is not sensitive to noise or overclassifying and can

estimate the importance of the individual input variables

(Gislason et al., 2006; Waske and Braun, 2009). Indeed, the

RF classifier produces a mean decrease accuracy plot that

ranks the variable importance of the input data as a function

of the degree of usefulness of the input images in the classi-

fication. The higher the input data is on the mean decrease

accuracy y axis, the more useful the data was in performing

the classification (Strobl et al., 2008; Louppe et al., 2013).

The RF classifier outperforms a widely used classification

method, known as the maximum likelihood classifier

(MLC; Mather and Tso, 2003). For the same combination

of input data, the RF classifier consistently gives a better

overall accuracy than MLC, as shown in several land-cover

mapping studies (Waske and Braun, 2009; Ozdarici-Ok et

al., 2012; LaRocque et al., 2013; A. LaRocque, B. Leblon,

L.L. Bourgeau-Chavez, N. French and R. Woodward, un-

published paper, 2015). The reason for the better accuracy

is that the RF classifier is a nonparametric classifier, which

is able to handle various types of input data (optical, SAR,

DEM), whatever the data distribution, whereas MLC can

only handle Gaussian-distributed data. Another advantage

of the RF classifier over the MLC classifier is that the RF

classifier can handle as many input data as is desired, so all

optical, SAR and DEM data used in this study can be input-

ted into the classifier. Additionally, in contrast to MLC, the

RF classifier allows the assessment of the variable impor-

tance of each input data used in the classification.

Accuracy assessment

Classification accuracy can be assessed by comparing the

training areas with the equivalent classified land use in the

satellite imagery. However, this method only gives an as-

sessment of the classified image accuracy, which is differ-

ent than the true mapping accuracy (Alexanderson, 2000).

A more robust and independent accuracy assessment is to

compare the resulting classified image with an independent

set of field observation data acquired over validation sites
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Figure 2: Location of the GPS sites and the aerial surveys, southern Wager Bay area, Nunavut. Background image
was generated using a Canadian digital elevation model mosaic (Natural Resources Canada, 2015). Abbreviations:
amsl, above mean sea level; Nat., national.
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Table 4: Global Positioning System (GPS) co-ordinates and classes associated with the 45 visited field sites in
the southern Wager Bay area, Nunavut.



that have a GPS location. If the image returns the same class

as observed at the validation sites, then the map is consid-

ered correct and the pixels related to this validation site are

associated to a value of one. If it is not the case, then the

value is zero. A percentage of correct identifications can

then be computed as a function of the total number of vali-

dation sites.

Results

A preliminary RPM map with the 15 classes was estab-

lished for the southern part of Wager Bay based on training

areas that were delineated from photo interpretation

(Figure 3).

The variable importance produced by the RF classifier

(Figure 4) shows that the most influential variables are the

Landsat 8 near-infrared (B5) and shortwave infrared (B6,

B7) bands, the DEM, slope data and the HV image acquired

in the descending mode in dry conditions. The other

RADARSAT-2 images are more important in the classifica-

tion than the Landsat 8 visible bands (B1, B2, B3, B4, B8).

For the RADARSAT-2 images, the dry images are always

more important than the wet images, whatever the polariza-

tion and the orbit.

Economic considerations

This report describes an innovative approach to classifying

surficial materials using a combination of various Earth ob-

servation data from satellites, DEM and slope data. The re-

sulting map will be compared to targeted field data acquired

south of Wager Bay in 2015. The resultant predictive map

will provide information on the nature, distribution and tex-

ture of the surficial materials and, therefore, help to mini-

mize any risk associated with surface mineral exploration

and infrastructure development. Furthermore, the remote

predictive mapping of materials with increasingly higher

accuracy will enhance traditional surficial geology map-

ping compilation methods, which use fieldwork, sampling

and photo interpretation. As shown here, RPM is a tech-

nique that can be used to map vast areas in a time-efficient

manner and at a relatively low cost. Thereby, it will allow

researchers to maximize future fieldwork efforts, both for

bedrock and surficial geology research purposes, which are

very costly (e.g., Wodicka et al., 2015; McMartin et al.,

2015).
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Figure 3: Remote predictive surficial materials map for the southern Wager Bay area produced by the Random For-
est™ classifier applied to a combination of Landsat 8 images and RADARSAT-2 C-band images (with horizontal
transmit and horizontal receive [HH] and horizontal transmit and vertical receive [HV] polarization) with a digital ele-
vation model (Natural Resources Canada, 2015) and slope data. Abbreviation: Nat., national.



Conclusions

This paper presents preliminary results of a surficial mate-

rials mapping project within the southern Wager Bay area.

A preliminary map with 15 surficial materials classes was

produced from a combination of RADARSAT-2 C-band

images with horizontal transmit and horizontal receive po-

larization and with horizontal transmit and vertical receive

polarization and Landsat 8 Operational Land Imager im-

ages with a digital elevation model and slope data. The

study area was in a region that has not been mapped and/or

mapped only at a reconnaissance scale. Field observations

and aerial photographs were acquired during a five-day pe-

riod in the summer of 2015 and will be used to further refine

the preliminary remote predictive mapping map and to as-

sess its mapping accuracy. This accuracy will be expressed

as a percentage of GPS sites correctly mapped on the

remote predictive mapping map for each surficial material

class.
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